JMIR Public Health and Surveillance
A multidisciplinary journal that focuses on public health and technology, public health informatics, mass
media campaigns, surveillance, participatory epidemiology, and innovation in public health practice and
research
Volume 7 (2021), Issue 1 ISSN: 2369-2960 Editor in Chief: Travis Sanchez, PhD, MPH

Contents
Original Papers
Young Adults’ Perspectives on the Use of Symptom Checkers for Self-Triage and Self-Diagnosis: Qualitative
Study (e22637)
Stephanie Aboueid, Samantha Meyer, James Wallace, Shreya Mahajan, Ashok Chaurasia. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

4

Prevalence and Predictors of Health-Related Internet and Digital Device Use in a Sample of South Asian
Adults in Edmonton, Alberta, Canada: Results From a 2014 Community-Based Survey (e20671)
Mark Makowsky, Charlotte Jones, Shahnaz Davachi. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

18

Improving Detection of Disease Re-emergence Using a Web-Based Tool (RED Alert): Design and Case
Analysis Study (e24132)
Nidhi Parikh, Ashlynn Daughton, William Rosenberger, Derek Aberle, Maneesha Chitanvis, Forest Altherr, Nileena Velappan, Geoffrey Fairchild,
Alina Deshpande. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

35

How Health Care Workers Wield Influence Through Twitter Hashtags: Retrospective Cross-sectional Study
of the Gun Violence and COVID-19 Public Health Crises (e24562)
Ayotomiwa Ojo, Sharath Guntuku, Margaret Zheng, Rinad Beidas, Megan Ranney. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

50

Using a Twitter Chat to Rapidly Identify Barriers and Policy Solutions for Metastatic Breast Cancer Care:
Qualitative Study (e23178)
Riti Shimkhada, Deanna Attai, AJ Scheitler, Susan Babey, Beth Glenn, Ninez Ponce. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

60

Use of Geosocial Networking Apps and HIV Risk Behavior Among Men Who Have Sex With Men:
Case-Crossover Study (e17173)
Justin Knox, Yi-No Chen, Qinying He, Guowu Liu, Jeb Jones, Xiaodong Wang, Patrick Sullivan, Aaron Siegler. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

68

A Moderated Mediation Analysis of Condom Negotiation and Sexual Orientation on the Relationship
Between Sexual Coercion and Condom Use in Chinese Young Women: Cross-Sectional Study (e24269)
Wen Zhang, Edmond Choi, Daniel Fong, Janet Wong. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

78

Toward a Working Definition of eCohort Studies in Health Research: Narrative Literature Review (e24588)
Vasileios Nittas, Milo Puhan, Viktor von Wyl. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

88

Mapping Research Trends of Universal Health Coverage From 1990 to 2019: Bibliometric Analysis (e24569)
Mahboubeh Ghanbari, Masoud Behzadifar, Leila Doshmangir, Mariano Martini, Ahad Bakhtiari, Mahtab Alikhani, Nicola Bragazzi. . . . . . . . . . . . . . .

99

JMIR Public Health and Surveillance 2021 | vol. 7 | iss. 1 | p.1

XSL• FO
RenderX

Assessment of Strategies and Epidemiological Characteristics of Tuberculosis in Henan Province, China:
Observational Study (e24830)
Hui Jiang, Guolong Zhang, Jinfeng Yin, Dongyang Zhao, Fangchao Liu, Yuxia Yao, Chao Cai, Jiying Xu, Xinwei Li, Wangli Xu, Weimin Li. . . .
1
1
1

Electronic Cigarette Users' Perspective on the COVID-19 Pandemic: Observational Study Using Twitter
Data (e24859)
Yankun Gao, Zidian Xie, Dongmei Li. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

124

Social Media Use, Unhealthy Lifestyles, and the Risk of Miscarriage Among Pregnant Women During the
COVID-19 Pandemic: Prospective Observational Study (e25241)
Xiaotong Zhang, Jue Liu, Na Han, Jing Yin. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

131

Implementation of Telemedicine in a Tertiary Hospital–Based Ambulatory Practice in Detroit During the
COVID-19 Pandemic: Observational Study (e21327)
Alpana Garg, Sachin Goyal, Rohit Thati, Neelima Thati. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

142

Jobs, Housing, and Mask Wearing: Cross-Sectional Study of Risk Factors for COVID-19 (e24320)
Eline van den Broek-Altenburg, Adam Atherly, Sean Diehl, Kelsey Gleason, Victoria Hart, Charles MacLean, Daniel Barkhuff, Mark Levine, Jan
Carney. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

151

The Association Between Chronic Disease and Serious COVID-19 Outcomes and Its Influence on Risk
Perception: Survey Study and Database Analysis (e22794)
Pedro Laires, Sónia Dias, Ana Gama, Marta Moniz, Ana Pedro, Patricia Soares, Pedro Aguiar, Carla Nunes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

161

YouTube Videos Demonstrating the Nasopharyngeal Swab Technique for SARS-CoV-2 Specimen Collection:
Content Analysis (e24220)
Kyohei Itamura, Arthur Wu, Elisa Illing, Jonathan Ting, Thomas Higgins. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

173

Nowcasting for Real-Time COVID-19 Tracking in New York City: An Evaluation Using Reportable Disease
Data From Early in the Pandemic (e25538)
Sharon Greene, Sarah McGough, Gretchen Culp, Laura Graf, Marc Lipsitch, Nicolas Menzies, Rebecca Kahn. . . . . . . . . . . . . . . . . . . . . . . . . . . . .

180

Telemedicine and the Use of Korean Medicine for Patients With COVID-19 in South Korea: Observational
Study (e20236)
Soobin Jang, Dongsu Kim, Eunhee Yi, Gunhee Choi, Mideok Song, Eun-Kyoung Lee. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

189

Knowledge About COVID-19 in Brazil: Cross-Sectional Web-Based Study (e24756)
Vinícius Guimarães, Maísa de Oliveira-Leandro, Carolina Cassiano, Anna Marques, Clara Motta, Ana Freitas-Silva, Marlos de Sousa, Luciano
Silveira, Thiago Pardi, Fernanda Gazotto, Marcos Silva, Virmondes Rodrigues Jr, Wellington Rodrigues, Carlo Oliveira. . . . . . . . . . . . . . . . . . . . . . .

201

COVID-19–Related Hospitalization Rates and Severe Outcomes Among Veterans From 5 Veterans Affairs
Medical Centers: Hospital-Based Surveillance Study (e24502)
Cristina Cardemil, Rebecca Dahl, Mila Prill, Jordan Cates, Sheldon Brown, Adrienne Perea, Vincent Marconi, LaSara Bell, Maria Rodriguez-Barradas,
Gilberto Rivera-Dominguez, David Beenhouwer, Aleksandra Poteshkina, Mark Holodniy, Cynthia Lucero-Obusan, Neha Balachandran, Aron Hall,
Lindsay Kim, Gayle Langley. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

222

The Influence of Average Temperature and Relative Humidity on New Cases of COVID-19: Time-Series
Analysis (e20495)
Zonglin He, Yiqiao Chin, Shinning Yu, Jian Huang, Casper Zhang, Ke Zhu, Nima Azarakhsh, Jie Sheng, Yi He, Pallavi Jayavanth, Qian Liu,
Babatunde Akinwunmi, Wai-Kit Ming. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

231

Predictors of COVID-19 Information Sources and Their Perceived Accuracy in Nigeria: Online Cross-sectional
Study (e22273)
Olufemi Erinoso, Kikelomo Wright, Samuel Anya, Yetunde Kuyinu, Hussein Abdur-Razzaq, Abiodun Adewuya. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

XSL FO
•

RenderX

245

JMIR Public Health and Surveillance 2021 | vol. 7 | iss. 1 | p.2

Diet, Nutrition, Obesity, and Their Implications for COVID-19 Mortality: Development of a Marginalized
Two-Part Model for Semicontinuous Data (e22717)
Naser Kamyari, Ali Soltanian, Hossein Mahjub, Abbas Moghimbeigi. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

254

Using the Novel Mortality-Prevalence Ratio to Evaluate Potentially Undocumented SARS-CoV-2 Infection:
Correlational Study (e23034)
Sheng-Hsuan Lin, Shih-Chen Fu, Chu-Lan Kao. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

270

Demographic Factors Influencing the Impact of Coronavirus-Related Misinformation on WhatsApp:
Cross-sectional Questionnaire Study (e19858)
Jay Bapaye, Harsh Bapaye. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

280

Use of Technology to Access Health Information/Services and Subsequent Association With WASH (Water
Access, Sanitation, and Hygiene) Knowledge and Behaviors Among Women With Children Under 2 Years
of Age in Indonesia: Cross-sectional Study (e19349)
Heidi Niedfeldt, Emmalene Beckstead, Emily Chahalis, Mindy Jensen, Britton Reher, Scott Torres, Cut Rachmi, Hafizah Jusril, Cougar Hall, Joshua
West, Benjamin Crookston. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

295

Drivers of Acceptance of COVID-19 Proximity Tracing Apps in Switzerland: Panel Survey Analysis (e25701)
Viktor von Wyl, Marc Höglinger, Chloé Sieber, Marco Kaufmann, André Moser, Miquel Serra-Burriel, Tala Ballouz, Dominik Menges, Anja Frei,
Milo Puhan. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

305

JMIR Public Health and Surveillance 2021 | vol. 7 | iss. 1 | p.3

XSL• FO
RenderX

JMIR PUBLIC HEALTH AND SURVEILLANCE

Aboueid et al

Original Paper

Young Adults’ Perspectives on the Use of Symptom Checkers for
Self-Triage and Self-Diagnosis: Qualitative Study
Stephanie Aboueid1, MSc, RD; Samantha Meyer1, PhD; James R Wallace1, PhD; Shreya Mahajan1, MSc; Ashok
Chaurasia1, PhD
School of Public Health and Health Systems, University of Waterloo, Waterloo, ON, Canada

Corresponding Author:
Stephanie Aboueid, MSc, RD
School of Public Health and Health Systems
University of Waterloo
200 University Avenue West
Waterloo, ON, N2L 3G1
Canada
Phone: 966 0530468122
Email: seaboueid@uwaterloo.ca

Abstract
Background: Young adults often browse the internet for self-triage and diagnosis. More sophisticated digital platforms such
as symptom checkers have recently become pervasive; however, little is known about their use.
Objective: The aim of this study was to understand young adults’ (18-34 years old) perspectives on the use of the Google search
engine versus a symptom checker, as well as to identify the barriers and enablers for using a symptom checker for self-triage and
self-diagnosis.
Methods: A qualitative descriptive case study research design was used. Semistructured interviews were conducted with 24
young adults enrolled in a university in Ontario, Canada. All participants were given a clinical vignette and were asked to use a
symptom checker (WebMD Symptom Checker or Babylon Health) while thinking out loud, and were asked questions regarding
their experience. Interviews were audio-recorded, transcribed, and imported into the NVivo software program. Inductive thematic
analysis was conducted independently by two researchers.
Results: Using the Google search engine was perceived to be faster and more customizable (ie, ability to enter symptoms freely
in the search engine) than a symptom checker; however, a symptom checker was perceived to be useful for a more personalized
assessment. After having used a symptom checker, most of the participants believed that the platform needed improvement in
the areas of accuracy, security and privacy, and medical jargon used. Given these limitations, most participants believed that
symptom checkers could be more useful for self-triage than for self-diagnosis. Interestingly, more than half of the participants
were not aware of symptom checkers prior to this study and most believed that this lack of awareness about the existence of
symptom checkers hindered their use.
Conclusions: Awareness related to the existence of symptom checkers and their integration into the health care system are
required to maximize benefits related to these platforms. Addressing the barriers identified in this study is likely to increase the
acceptance and use of symptom checkers by young adults.
(JMIR Public Health Surveill 2021;7(1):e22637) doi:10.2196/22637
KEYWORDS
self-assessment; symptom checkers; self-triage; self-diagnosis; young adults; digital platforms; internet; user experience; Google
search

Introduction
Seeking online health information through search engines is
common [1,2]; however, it can have negative effects on
individuals due to the lack of reliable information and lack of
https://publichealth.jmir.org/2021/1/e22637
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health literacy or expertise of those seeking health information
[3,4]. In addition to information overload, navigating the internet
can be problematic due to the use of overly technical language
as well as the high volume of irrelevant content returned from
search engine results, the confusing layout of many web pages,
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(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
and the lack of quality requirements for publishing online
content [5,6]. These limitations coupled with a shortage in the
health workforce globally [7] have led to the development of
novel digital platforms that allow users to self-assess their
symptoms. Using a question-and-answer chat format, symptom
checkers prompt users to enter their symptoms and health
information based on the level of care required, and a potential
list of diagnoses is provided [8]. These functions allow users
to self-triage (ie, assess whether they should seek medical
services based on the severity of symptoms) or self-diagnose
(ie, identify a health condition in oneself). Despite the mounting
number of symptom checkers available and the adoption of this
technology by various credible health institutions and entities
such as the UK National Health Service (NHS) and the
government of Australia [9,10], knowledge surrounding this
technology is limited [11]. The scarce literature on symptom
checker accuracy suggests that the quality of diagnostic and
triage advice differs based on the digital platform used [12] with
those enabled by artificial intelligence having a higher
percentage of listing the correct diagnosis first [13].
In assessing symptom checker benefits, it is important to
understand user perspectives on the platform after actual use
rather than simply assessing their accuracy in fictitious situations
[14,15]. A study that examined patients’ experiences using the
symptom checker “Isabel” found that the platform was most
commonly used to better understand the causes of symptoms,
followed by deciding whether or not to seek care [14]. Most of
the patients in that study (274/304, 90.1%) reported receiving
useful information for their health problems and reported that
they would use the symptom checker again (278/304, 91.4%)
[14]. These findings are in line with another study that examined
perspectives on use of the “Ada” symptom checker, which
showed that most of the participants (443/503, 88.1%) would
recommend the platform to a relative [16]. An important factor
that seems to influence symptom checker acceptance is age,
with younger populations exhibiting higher acceptance [14,15].
A UK-based study that engaged 1071 patients found that more
than 70% of individuals between the ages of 18 and 39 years
would use a symptom checker as compared to only 51% aged
between 55 and 69 years [15].
A common theme that emerged from most studies examining
symptom checkers is the importance of gathering user
perspectives on the use of the platform to enable high acceptance
(and use) as well as to prevent lost investments [17]. Given that
young adults (between 18 and 34 years of age) may be the user
group most accepting of such technology—and thus the ideal
target group—we sought to maximize acceptance and use in
this population by understanding the factors that would enable
or hinder its use for self-triage and self-diagnosis. Given the
relatively new emergence of symptom checkers and the
prevalent use of the Google search engine (Dr. Google) for
assessing symptom severity, the aim of this study was to gather
university students’ perspectives after having used a symptom
checker on (i) using the internet’s search engine versus a
symptom checker for self-triage and diagnosis, and (ii) the
enablers and barriers associated with using a symptom checker
for self-triage and diagnosis.
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Methods
Study Design and Aims
This qualitative analysis represents a subset of findings that
emerged from a larger mixed-methods study that seeks to
understand the factors associated with the behavioral intention
of using symptom checkers for self-triage and self-diagnosis.
A qualitative descriptive case study research design was used
and is differentiated by other research study designs by its focus
on a bounded system or case [18]. In this work, the behavioral
intention of using symptom checkers is the phenomenon of
interest; this phenomenon is bounded by the university campus
and the selection of university students as participants. Although
three notable researchers have previously described case study
research, this work was conducted in line with Yin’s
interpretation, which focuses on methodology and adopts a
postpositivist worldview [19-21]. This work is positioned in
the postpositivist paradigm due to the use of theory, the
collection of data to either support or refute this theory, and the
changes and revisions made to the theory as findings emerged.

Recruitment
To allow for a broad range of perspectives to be gathered,
university students between the ages of 18 and 34 years across
faculties in all levels of education and year of study were eligible
to participate. Following ethics approval from the Research
Ethics Board at the University of Waterloo (41366), university
students were notified of the study through emails from the
administrative assistant of their faculty; as such, the number of
students who received and opened the email is unknown.
Interested individuals were asked to contact the principal
investigator (SA) to schedule an interview. Participants were
recruited between November 2019 and May 2020. A total of
24 participants were included in the study based on a first-come,
first-served basis and time of data saturation. There were no
dropouts in this study. All participants were provided with an
information letter prior to the interview outlining the study
objectives. Informed consent was obtained from all participants.
One-on-one interviews took place on the university campus or
virtually through a digital university-approved platform,
Whereby. All participants were provided with a Can $10 (US
$7.80) coffee shop gift card as a token of appreciation for taking
the time to participate in the study.

Data Collection
The main sources of data were a preinterview questionnaire
(Multimedia Appendix 1), semistructured interview protocol
(Multimedia Appendix 2), protocol for the think-aloud exercise,
and clinical vignette (Multimedia Appendix 3). The
semistructured interview method was used because it offers
flexibility to the interviewer in determining when it is
appropriate to explore certain subjects in greater depth or to
pose new questions that were not originally anticipated when
the interview protocol was developed [22]. To provide
contextual information on each participant, the preinterview
questionnaire was comprised of questions related to
demographics such as age and gender as well as self-perceived
health [23] and four dimensions of health literacy [24], which
are two validated tools that may influence participants’
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e22637 | p.5
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perspectives on the use of symptom checkers. Self-perceived
health was measured using one question that has been previously
validated [23]. Four dimensions (ie, feeling understood by health
care providers, actively managing my health, ability to actively
engage with health care providers, and ability to find good health
information) from a total of nine of the Health Literacy
Questionnaire (HLQ) questions developed by Osborne et al [24]
were used; this approach has been permitted by the original
authors and used in practice to reduce respondent burden. Two
HLQ domains assessed in this study were measured using a
4-point Likert scale, whereas the other two were measured using
a 5-point scale that ranges from “cannot or always difficult” to
“always easy”; a higher number indicates a higher level of
agreeableness and higher level of health literacy.
To ensure that all participants were familiar with symptom
checkers, they were provided with a clinical vignette and, based
on a draw, were asked to use one of two web-based symptom
checkers: WebMD [25] or Babylon Health [26]. These two
symptom checkers were chosen based on popularity and
adoption by credible institutions such as the UK NHS,
respectively. Both platforms are similar in terms of their
objectives and process (eg, they both allow users to enter
symptoms as free text and suggest symptoms from a drop-down
list); however, there are key differences, including that Babylon
Health requires the user’s full name, email address, country of
residence, and date of birth. Moreover, since Babylon Health
probes for more information, it may take longer to complete.
After having read the clinical vignette and accessed the symptom
checker, participants were guided by the first author (SA) to
conduct the think-aloud exercise, which involved the participants
thinking out loud while they performed a task without
synthesizing or interpreting their thoughts [27]. Similar to
another study [28], the clinical vignette used depicted symptoms
of a disease (ie, scarlet fever) that is less common in young
adults to avoid having participants rely on recent experiences
during the exercise. The questions in the interview protocol
were designed to answer the main objectives of this study, which
included understanding how the use of symptom checkers is
perceived as compared to using the Google search engine and
the factors that facilitate or hinder the use of symptom checkers.
The first author (SA) conducted all interviews. SA holds a
Master of Science in health systems; is trained in qualitative
research methods, including data collection and analysis; and
was a PhD candidate in Public Health and Health Systems at
the time of the study. Given that data collection and analysis
were occurring concomitantly, it was possible to cease
recruitment once data saturation was reached (ie, collecting
more data would not reveal new information) [29], which
occurred after the interview with the 20th participant.
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Data Analysis
Data analysis was conducted independently by two authors (SA
and SM) using the thematic analysis steps outlined by
Castleberry and Nolen [30], which consist of compiling,
disassembling, reassembling, and interpreting the data. The first
step of compiling consisted of importing all transcribed
interviews into the NVivo software program (version 12.6.0).
To get a sense of the data as a whole, all transcripts were read
in their entirety. To disassemble the data, a line-by-line coding
approach was used to reduce the superimposition of
preconceived notions on the data. This step generated descriptive
codes [29], which were then used as a tag to retrieve and
categorize similar data. Given the limited literature on this topic,
the coding process was highly inductive, and a codebook was
developed throughout the coding process. The codebook
contains all generated codes with an indication of when they
should be used.
The third step of reassembling consisted of grouping the codes
into main themes; in NVivo, this consists of creating nodes
(themes) and child nodes (codes under those themes)—the
hierarchy can contain many levels depending on the level of
detail required. In this work, a hierarchy was used to represent
how themes are subordinate or superordinate to each other [30].
The final step of the analysis consisted of interpreting the
analyzed data as they related to the study’s overarching aim and
objectives. By interpreting the data at a higher level than themes,
it was possible to answer the research question and objectives.
Throughout the coding process, SA and SM discussed the
identified themes and resolved any discrepancies.

Results
Participant Information
Most of the participants had a high score on the four health
domains measured (see Table 1) with the exception of two, one,
and two participants who had a low score on the following
health domains: feeling understood by health care providers,
actively managing my health, and ability to find good health
information, respectively. The think-aloud exercise took
approximately 10 to 15 minutes to complete, with those who
had used the Babylon Health platform taking a longer time to
complete the task due to the higher number of questions asked.
A total of 11 participants were familiar with symptom checkers
prior to the interview, 2 of whom had used a symptom checker
for the first time to assess COVID-19–related symptoms.
Participants who had previously used a symptom checker
learned about the platform through word of mouth or a Google
search.

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e22637 | p.6
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Table 1. Participant information (N=24).
Characteristics

Value

Gender, n (%)
Female

14 (58)

Male

9 (38)

Nonbinary

1 (4)

Racial group, n (%)
White

9 (38)

Asian

6 (25)

Chinese

3 (13)

Arab

2 (8)

Indian

2 (8)

Black

2 (8)

Highest level of education, n (%)
High school

2 (8)

Undergraduate degree

14 (58)

Master’s degree

8 (33)

Faculty, n (%)
Engineering

8 (33)

Sciences

6 (25)

Applied health sciences

3 (13)

Environment

3 (13)

Arts

3 (13)

Mathematics

1 (4)

Self-perceived health, n (%)
Excellent

2 (8)

Very good

13 (54)

Good

5 (21)

Fair

4 (17)

Poor

0 (0)

Health literacy, mean (range)
Feeling understood by health care providersa

2.92 (1.5-4.0)

Actively managing my healtha

3.05 (1.8-4.0)

Ability to actively engage with health care providersb

3.64 (2.6-4.6)

Ability to find good health informationb

3.81 (1.8-5.0)

Symptom checker used, n (%)

a

WebMD

11 (46)

Babylon Health

13 (54)

Maximum possible average is 4.

b

Maximum possible average is 5.
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Themes Related to Using a Google Search Engine
Versus a Symptom Checker
Theme Classification
Data related to the use of a search engine or symptom checker
were grouped into positive or negative themes. Positive themes
suggest a desirable attribute, function, or experience related to
a platform, whereas negative themes encompass themes that

Aboueid et al
suggest the opposite. An overview of these themes is provided
in Textbox 1. These themes were further grouped into four main
themes, which are supported by participant quotes. For example,
the description under the subsection “Symptom Severity and
Input” includes the main findings related to themes—both
positive and negative—that pertain to how symptoms may
influence participant perspectives related to the Google search
engine and symptom checkers.

Textbox 1. Overview of themes related to using a Google search engine vs a symptom checker.
Positive themes
Google search engine
•

Provides information without claiming a diagnosis

•

More customizable

•

Allows entry of all symptoms in the search engine

Symptom checkers
•

More personalized

•

More interactive due to chatbot feature

•

Good for those who do not know how to use Google

•

Straightforward design

•

Easy to use

•

Real-time output

•

Makes the correlation between symptoms and potential conditions

•

More intuitive

•

More reliable

•

More specific

•

More structured

Negative themes
Google search engine
•

Absence of chatbot feature

Symptom checkers
•

Accuracy is questionable

•

Limits the number of symptoms that can be inputted

•

Not widely known

•

Thought process of the platform is unclear

•

User more vulnerable when using this platform

Both Google search engine and symptom checkers
•

Text input is insufficient

•

Suboptimal reliability

Symptom Severity and Input

straightforward, you don’t have to take 10 minutes to answer
all these questions…” [P2].

Participants perceived the Google search engine and symptom
checkers to be useful for mild symptoms; however, some
perceived that using the Google search engine was faster than
having to answer questions in a symptom checker: “If you’re
Googling something quick then it’s easy, quick, and

Positive themes related to the use of the internet mainly
pertained to the perspective that a Google search engine allows
users to input as many symptoms as needed, enabling a more
comprehensive search of potential conditions that may be

https://publichealth.jmir.org/2021/1/e22637

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e22637 | p.8
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
relevant to their health context. Some users also mentioned that
they prefer that the platform does not claim that this is the
condition they may have.
On the other hand, I think it may be easier to get
accurate results on symptoms through a Google
search because I can type multiple symptoms and see
how they fit, I may get more garbage results but I can
use my judgment to decide what is true and not true.
Whereas the symptom checker has only one piece of
information which is fever. The symptom checker did
not give me the opportunity to put in more from what
I can recall. [P11]
Nonetheless, some participants mentioned that the absence of
a chatbot feature in the Google search engine limits the
platform’s ability to ask follow-up questions based on symptoms
inputted. As such, some users who many not be able to identify
all symptoms experienced may omit certain symptoms or may
not elaborate on symptoms, which hinders the quality and
comprehensiveness of results.
…if I were to Google my symptom, I would just put
in a fever and rashes that could be a million things.
But with a symptom checker, I would put in fever and
it asked me for a specific temperature and other
specific questions which I would not know to search
on my own. [P21]

Perceived Characteristics of Symptom Checkers
Symptom checkers were perceived by some participants to be
a good option for individuals who are less proficient in using
the internet for information retrieval. Some had a positive
attitude toward the symptom checkers because the platform
asked questions regarding age and gender, giving the impression
that it is more personalized and in turn, in their perception, more
accurate.
…surfing through the internet and coming through a
particular diagnosis takes a lot of time although it
might give you more information about other diseases
that have similar symptoms, but this is not what I am
looking for, I am looking for what I am suffering from.
So, for which, I think a personalized software is
helpful. [P2]
Some participants believed that the symptom checker “had more
structure,” “provided a greater level of detail,” “was more
interactive,” and “was more reliable” than using the Google
search engine.
So I think having that more structured approach to
inputting symptoms and figuring out what is likely
wrong with you would be a lot nicer for the user and
the user would have more faith in the result rather
than just going on Google that brings up a whole
bunch of results and the user thinking that they could
have anything. [P4]

Aboueid et al
accuracy and reliability of the platform; this also hindered trust
toward the platform.
I feel like I don’t like the symptom checker as much
because it limits the number of symptoms. I did not
have the chance to mention the thing with the red
bumps; it just asked me a lot of questions about the
one “symptom that was bothering me the most.” [P20]
There was also a sense that participants would feel more
vulnerable using a symptom checker due to the more
personalized nature of the questions asked. Interestingly, some
participants believed that their judgment and thought process
to identify potential diagnoses was superior than using a
symptom checker due to lack of knowledge about how symptom
checkers work.
It feels more vulnerable and personal to put my
symptoms into a list or generator of some kind. It feels
like I am just looking at a series of articles I feel
there's more of a distance…. If I am typing in a
symptom checker and it comes back at me with
answers, I don’t know how it came to that conclusion
and I don’t know what the process was to decide that
“yes, this is what you have,” whereas if I am the one
doing the analysis through a bunch of articles that I
deem legitimate—whether or not they truly are
legitimate—at least I know what the thought process
was and I feel like I can trust that. [P6]
Despite various shortcomings that were mentioned related to
the use of symptom checkers, some participants believed that
an important issue is the lack of awareness about the existence
of the platform: “But the issue is that we don’t know about
symptom checkers so making them widely available would be
super helpful.” [P13]

Accessing Health Services as a Preferred Option
In addition, there was a consensus that consulting a primary
care provider or nurse was superior than searching the internet
or using a symptom checker to assess the severity of symptoms;
this was especially the case when certain symptoms required a
physical examination and text input was insufficient. Reliability
of the Google search engine and symptom checker was also
questionable and was perceived negatively by some participants.
I think seeing a provider face to face is better than
both options. I feel that you can’t accurately portray
all your symptoms and general health by text input.
You need someone looking at you and take
measurements and touch injured areas, I think that’s
far superior. [P1]
I think Google is a very wide platform so it’s very
hard to analyze the reliability or the source. In this
case, it depends on the reliability of the symptom
checker as well. [P19]

Symptom Checker Limitations
Although having a more structured approach to symptom input
was favored, some participants were unable to enter all
symptoms in the platform, which led them to question the
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Themes Related to Barriers and Enablers of Using
Symptom Checkers
Classification of Themes
Factors that would hinder the use of a symptom checker were
identified as barriers, whereas factors that would enable an
individual to use a symptom checker were identified as enablers.
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Participants enumerated many enablers and barriers for using
symptom checkers, which were mainly related to the (1)
individual, (2) disease, (3) health care system, or (4) symptom
checker. An overview of all identified barriers and enablers is
provided in Textbox 2. Example quotes for barriers and enablers
are provided in Multimedia Appendix 4.
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Textbox 2. Overview of enablers and barriers for using symptom checkers.
Individual-level factors
Enablers:
•

Internet access

•

Low health literacy

•

Trust in the platform

•

Younger age

•

Lack of time

•

Convenience

•

Lack of trust in doctors

•

Curiosity

•

Embarrassing topic

•

Increase empowerment

•

Aversion to medical professionals

•

Having pre-existing conditions

•

Unable to discuss the topic with a health provider

•

Uncertain about care required

•

Worried about health of oneself

Barriers:
•

Lack of internet access

•

Low health literacy

•

Lack of trust in the platform

•

Low technology literacy

•

Older age

•

Social influence

•

Not wanting to know

•

Previous bad experience

Disease-level factors
Enablers:
•

Mild symptoms

•

A “broad category of illness”

•

Symptoms can be easily described

Barriers:
•

Severe condition

•

Need for a physical examination

Health system–level factors
Enablers:
•

Approved by doctors

•

Lack of access to health services

•

Cost of health services

•

Public education

•

Increased awareness

https://publichealth.jmir.org/2021/1/e22637

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e22637 | p.11
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
•

Long wait times for health services

•

Reputable organizations recommend it

Aboueid et al

Barriers:
•

Authoritarianism in health care

Characteristics of symptom checkers
Enablers:
•

Increased advertisement

•

Easy interface

•

Data privacy

•

Free of charge

•

Short to complete

•

Precision

•

Use of artificial intelligence

•

Gamification

•

Good source of information

•

Integrated with an electronic health record

•

Useful in identifying potential conditions

•

Information about the creators of the platform

•

Interactive platform

•

Reliability

Barriers:
•

Lack of awareness

•

Poor design

•

Asking identifiable questions

•

Cost of the platform

•

Time to complete

•

Lack of inclusivity measures

•

Lack of language options

•

Lack of credibility

•

Lack of human interaction

•

Disclaimer

•

Inability to obtain elaboration on a question

•

Liability

•

Concerns about using data for profits

Individual-Level Factors
Internet access, health literacy, trust toward the platform,
technology literacy, and age were factors mentioned to be either
enablers or barriers for using a symptom checker for self-triage
and self-diagnosis. Younger age, internet access, high
technology literacy, and trust toward the platform were
perceived to enable the use of symptom checkers. Low health
literacy was perceived to be both an enabler and barrier for
using a symptom checker. Although some participants believed
https://publichealth.jmir.org/2021/1/e22637
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that individuals with low health literacy are more likely to use
a symptom checker because they may be less critical, others
perceived low health literacy to be a barrier due to inability to
understand and input symptoms into the platform.
…maybe if they just did not know a ton about health
in general maybe they would be less critical than me.
[P11]
Also, sometimes it’s hard to articulate to have the
proper term of how you feel. For example, in the fever
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or the lymph node, you don’t know of things like that
unless you have specific knowledge about it. So, it is
hard for someone who does not have medical
terminology to input what they have in there. [P13]

Disease-Level Factors
Given that a disease does not define the individual,
disease-related factors were considered separately. Having a
“broad category of illness,” an embarrassing issue, or an issue
perceived to be mild were perceived to be enablers, whereas
experiencing severe symptoms and needing a physical
examination were mentioned to be barriers. Participants seemed
to be more willing to use a symptom checker if they were
experiencing nonspecific symptoms (eg, fatigue) due to the
perceived notion that a symptom checker would allow the user
to narrow down on a health condition. They are also more
willing to use symptom checkers for issues perceived to be
“embarrassing” such as conditions related to mental health.
If something was serious, people would not want to
use it, they would want to go to a doctor. Not just
physically but also emotionally, I could see them go
to the doctor right away. [P13]

Health System–Level Factors
Lack of access to and cost of health services were perceived to
enable the use of a symptom checker. Having the platform
approved by reputable organizations and approved by doctors
were also mentioned to be important factors for enabling
individuals to use the platform. In contrast, some believed that
some primary care providers may not be accepting of the
technology, thus limiting its use.
First of all, they have to somehow not only advertise
but maybe if the website is promoted by the health
care organization that is reliable for people then I
can make sure that the platform is trusted by an
authentic organization so for sure I would use it.
[P24]
An important factor related to the symptom checker was
advertisement. More than half of participants were not aware
of symptom checkers, thus limiting their use: “But the issue is
that we don’t know about symptom checkers so making them
widely available would be super helpful.” [P13]

Aboueid et al
The data suggest that the main barriers for using symptom
checkers are the lack of transparency on how the data collected
are used; some participants mentioned that they would not have
an issue with the data being used by governmental institutions
to improve health services but did not want their data to be used
to generate profits. Although most of the participants understood
the medical terms that were used by the digital platform, some
believed that the average person may not understand some of
the questions asked. Providing a brief description of medical
terms would allow users to interact with the platform in a more
informed manner.
I would not want my data to be used to anything that
would harm me. I don’t know what it could be used
for but if it is being used to find out the prevalence of
a certain disease or whatever that is helpful for the
health care system, I am fine with that but anything
that would encourage the business part of it or
pharmaceutical side of it or anything that is business
related or goes back to making money, I would not
like it. [P3]
Participants also stressed the importance for the digital platform
to elaborate on why certain questions were being asked. In
contrast to seeing a health professional, users are unable to
interject and ask the platform questions for further elaboration.
Moreover, most platforms use a disclaimer that they do not
provide medical advice, which undermines the platform’s
credibility.
If they know not to take it seriously, they won’t feel
encouraged to do the test at all. If the disclaimer says
this is not really a diagnosis, then what am I doing?
I should just go to the doctor. [P10]
The platforms that were used during this study were in English;
however, some mentioned the importance of having these
platforms available in various languages to ensure that they are
accessible to those who are less proficient in English. Lack of
inclusivity measures does not allow persons with disabilities to
use the platform and was also mentioned as a barrier to use:
“…or various disabilities being able to use the screen or use
computers or any type of access issues would be a problem.”
[P6]

Discussion

Characteristics of Symptom Checkers
Developing an easy interface, guaranteeing data privacy,
offering the platform free of charge, and ensuring that the
platform’s questionnaire is short to complete were all mentioned
as potential enablers for using a symptom checker.
It sounds very interesting and it is very easy to use.
Definitely I will use it again, I had a good user
experience. [P24]
And if it was short—I think if there were options “hey,
do you want to take the shorter version and it might
not be as accurate or do you want to take the longer
one that will take more time but will be more
accurate.” I think people want something quick but
quick won’t be as accurate. [P9]
https://publichealth.jmir.org/2021/1/e22637
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Principal Results
Approximately half of the participants were not aware about
the existence of symptom checkers until their participation in
this study. Most of the participants preferred consulting a health
professional to address their health needs rather than researching
using the internet’s search engine or using a symptom checker.
Nonetheless, symptom checkers were generally preferred over
the internet’s search engine due to their personalized approach;
however, some perceived that the latter is faster to use than
having to answer questions. There was also an acknowledgment
that the results provided by symptom checkers can only be as
good as the data that informed them.
In sum, it was perceived that individuals who are younger, have
low health literacy, and high technology literacy were more
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e22637 | p.13
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likely to use a symptom checker. Lack of time, convenience,
having symptoms that were perceived to be minor or
“embarrassing” were other factors that would result in the use
of a symptom checker. Enablers that were related to the health
system were lack of access to care, having the technology
approved by credible associations, and having symptom
checkers integrated as part of the public health system.
Nonetheless, participants mentioned many improvements that
would have to be made to the symptom checker to enable its
use, including improving accuracy, ensuring that the platform
is freely accessible, and ensuring privacy and anonymity.
Although the participants appreciated the personalized approach
of the platform, they would not want to use a symptom checker
that asks too many questions or that takes too long to complete.
Barriers for using symptom checkers included lack of access to
the internet, medical jargon, and lack of trust. Despite the
barriers and shortcomings of the platform, participants believed
that symptom checkers would be useful if they were tested and
validated. Some believed that these platforms must have a
positive influence on their health due to the perception that these
platforms are designed by medical doctors.

Limitations
Although this study has some strengths, various limitations
warrant mention. First, given that all participants had previously
used the Google search engine for seeking health information,
we did not ask participants to use the Google search engine
during the interview, meaning that they had to rely on their
previous Google search experiences to answer questions.
Second, we asked the participants if they had previously used
a symptom checker, but we did not ask about the frequency of
use, which limited our ability to assess whether responses
differed based on this potentially important factor. Third, we
did not distinguish responses based on the digital platform used,
as the main focus of this work was to understand perspectives
on the use of symptom checkers in general; however, these
perspectives may have differed if participants used another
symptom checker than those used in this study (ie, WebMD or
Babylon Health). In line with this, we did not examine whether
participants chose the correct diagnosis based on the clinical
vignette as the focus of the study was on the process of obtaining
the list of diagnoses and getting participants familiar with the
platform. Last but not least, the sample was comprised of highly
educated individuals who were perceived to have a good health
status; as such, this may limit the transferability of findings to
other populations. Future studies should explore perspectives
of other user groups.

Comparison With Prior Work
Findings from this study are in line with the literature, which
suggests that using the Google search engine for health
information has many limitations, including the vast amount of
information available and lack of quality requirements for
publishing content [5,6]. Many of these limitations could be
addressed by symptom checkers as these platforms are typically
developed through a collaboration between developers and
medical experts. As found in other studies, symptom checkers
were perceived to be a useful tool for self-assessing the severity
of symptoms [14,15]; however, this was mostly the case for
https://publichealth.jmir.org/2021/1/e22637
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symptoms that are perceived to be mild and for which text input
is perceived to be sufficient. Most of the participants in this
study were more accepting of using symptom checkers for
self-triage than for self-diagnosis. Moreover, consulting a
primary care provider was the favored option over using the
Google search engine or a symptom checker. This finding is in
line with results from a Canadian national study, which showed
that while the public supports investments in artificial
intelligence and technology, they do not want to see these
investments occur at the expense of the health workforce [31].
This study highlights various factors associated with the use of
symptom checkers that could be used as a starting point for
future investigations studying the acceptance of such technology
in other population groups. Lack of time and convenience were
important enabling factors for using symptom checkers; these
factors also explain the use of the internet’s search engine for
health information [32]. An important factor that seemed to
hinder the perceived credibility of symptom checkers is that
most of these platforms include a disclaimer that they are not
providing medical advice. Although there are legitimate and
legal reasons related to this practice, it may make people wonder
why they would spend time using the platform in the first place.
Ensuring that health professionals are working in conjunction
with the platform has been proposed previously and may be an
approach to address this issue [15].
Importantly, despite the participants reporting positive aspects
of the question-answer format used by the symptom checker,
most would have favored a more interactive platform that
provides more information to the user regarding why certain
questions are being asked. Participants also mentioned the
importance of being able to ask questions to the platform—this
is something that could be easily done during a conversation
with a medical provider or a Google search; however, given the
more rigid nature of most symptom checkers, this feature is not
yet readily available. This is important for symptom checker
developers to consider as patient-centered communication has
been shown to be important for patient outcomes [33].
Moreover, participants mentioned that they would be more
trusting of this platform if it provided them with a diagnosis
that they thought they had, which is in line with another study
[34], indicating the presence of confirmation bias.
Lack of internet access is also a critical element that hinders
access to any web-based information platform. Although lack
of internet access is more prevalent in developing countries
[35], it remains an issue for certain remote and rural regions in
Canada. However, efforts to address this issue have been
outlined in the 2019 Canadian budget in which the government
announced its commitment of reaching a target of 95% of
Canadian homes and businesses having access to internet speeds
of at least 50/10 Mbps (50 Mbps downloading speed and 10
Mbps uploading speed) by 2026 and 100% access by 2030 [36].
Interestingly, the lack of connectivity is related to poor literacy
and digital skills rather than to lack of affordability [35]. This
highlights the importance of ensuring that populations have the
means of accessing these platforms. Failing to do so will
undermine the purpose and mission of many of these technology
companies that aim to reach those that are disadvantaged and
living in developing countries [37]. Participants also mentioned
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e22637 | p.14
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that lack of human interaction may be a potential barrier for
older adults, but they did not believe it to be a barrier for them.
The importance of integrating human support in technology has
been recommended for improving adherence, communication
with care teams, and improving the quality of tool use [38].

process. Similarly, seeking health care provider perspectives
should be prioritized to inform how symptom checkers should
be utilized by the health care system to maximize its benefits
while ensuring that they meet user needs.

In line with perspectives from experts in the field [39], symptom
checkers have the potential to improve quality in health care;
however, various barriers should be addressed to improve
acceptance and use of the platform by end users. Given the wide
array of factors elucidated in this study, future studies should
focus on understanding the relative importance of these factors
as they relate to the acceptance and use of symptom checkers.
For example, participants can be asked to rank the barriers and
enablers for using symptom checkers in order of their perceived
importance. Importantly, to ensure client-centric product
development, companies or governmental institutions
developing these platforms should include end users in the

Symptom checkers are promising tools and seem to be more
accepted for self-triage rather than for self-diagnosis. To
maximize acceptance and use among young adults, it is
important to address the various barriers identified in this study,
including those that seek to improve the user experience.
Importantly, awareness related to the existence of symptom
checkers and their integration into the health care system are
required to maximize the benefits related to these platforms.
Future studies targeting other group segments are needed to
understand perspectives of symptom checker use among the
wider population.

Conclusions
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Abstract
Background: South Asian Canadians are at high risk of developing cardiovascular disease and diabetes. Consumer-oriented
health information technology may help mitigate lifestyle risk factors and improve chronic disease self-management.
Objective: This study aims to explore the prevalence, patterns, and predictors of the use of the internet, digital devices, and
apps for health purposes as well as preferences for future use of eHealth support in South Asian Canadians.
Methods: We conducted a cross-sectional, mixed-mode survey in a convenience sample of 831 South Asian adults recruited
at faith-based gathering places, health care settings, and community events in Edmonton, Alberta, in 2014. The 706 responders
(mean age 47.1, SD 17.6 years; n=356, 50.4% female; n=509, 72.1% Sikh) who provided complete sociodemographic information
were included in the analysis, and the denominators varied based on the completeness of responses to each question. Multivariate
logistic regression was used to determine sociodemographic and health status predictors of internet use, being a web-based health
information seeker, smartphone or tablet ownership, health app use, and willingness to use various modes of eHealth support.
Results: Of all respondents, 74.6% (527/706) were internet users and 47.8% (336/703) were web-based health information
seekers. In addition, 74.9% (527/704) of respondents owned a smartphone or tablet and 30.7% (159/518) of these had a health
and fitness app. Most internet users (441/527, 83.7%) expressed interest in using ≥1 mode of eHealth support. Older age, being
female, having less than high school education, preferring written health information in languages other than English, and lacking
confidence in completing medical forms predicted lack of internet use. Among internet users, factors that predicted web-based
health information seeking were being female, use of the internet several times per day, being confident in completing medical
forms, and preferring health information in English. Predictors of not owning a smartphone or tablet were being older, preferring
health information in languages other than English, having less than high school education, living in Canada for <5 years, having
a chronic health condition, and having diabetes. Increasing age was associated with lower odds of having a health app. Preferring
health information in languages other than English consistently predicted lower interest in all modes of eHealth support.
Conclusions: eHealth-based chronic disease prevention and management interventions are feasible for South Asian adults, but
digital divides exist according to language preference, education, age, sex, confidence in completing medical forms, and number
of years lived in Canada. Community-based, culturally tailored strategies targeting these factors are required to address existing
divides and increase the uptake of credible web-based and app-based resources for health purposes.
(JMIR Public Health Surveill 2021;7(1):e20671) doi:10.2196/20671
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Introduction

compliance with pharmacotherapy may contribute to the
increased risk [2,16-18].

South Asians originating from India, Pakistan, Bangladesh, and
Sri Lanka are among the fastest growing and largest visible
minority groups in Canada [1]. Cardiovascular disease (CVD)
and diabetes are among the most prevalent health problems
facing South Asians regardless of whether they live in their
country of origin or abroad [2]. Recent reviews have highlighted
that South Asian migrants in Canada have 1.5 to 2 times the
prevalence of coronary artery disease compared with age- and
sex-adjusted Whites of European ancestry [2-4]. New cases of
CVD disproportionally affect younger South Asian individuals.
This was demonstrated in a large, international case-control
study where the median age of first myocardial infarction in
South Asians (53 years) was 6 to 10 years younger than those
in North America or Western Europe [5].

There has been large growth in consumer-oriented health
information technology, such as Web 2.0, and app-based
interventions supporting healthy lifestyles and the management
of chronic health conditions [19]. Emerging evidence suggests
that mobile health (mHealth), internet, and social media–based
interventions may improve the prevention and management of
chronic health conditions [20], cardiovascular risk factors
including unhealthy diet and physical inactivity [21,22], and
diabetes [23-25]. Several successful culturally tailored programs
targeting diabetes and cardiovascular risk have been developed
in Canada, but accessing these programs can be challenging
[26-30]. The use of credible consumer-oriented eHealth
resources by the South Asian community in Canada could
increase access to and efficiency in the delivery of culturally
tailored chronic disease self-management programs, which may
further assist in the prevention and management of CVD and
type 2 diabetes and their common risk factors and complications
in this high-risk population.

The increased risk of coronary artery disease is primarily driven
by a higher incidence of known atherosclerotic CVD risk factors,
particularly type 2 diabetes and impaired glucose tolerance [6].
Both biological and nonbiological mechanisms are implicated
in the increased risk of coronary artery disease and diabetes.
For example, a recent meta-analysis found that South Asian
Canadians had a higher prevalence of type 2 diabetes,
hypertension, abdominal obesity, percentage body fat, increased
carbohydrate intake, and sedentary lifestyle [3]. Individual
studies have shown that South Asians are 2 to 3 times more
likely to develop type 2 diabetes compared with other
populations and develop diabetes at a younger age;
approximately 4.6 years younger than Chinese or White
Canadians [7-10]. Differences in genetic factors may explain
some of the increased rates of CVD risk factors, but existing
evidence suggests that the biology of CVD is no different in
South Asians compared with other ethnic groups [6].
Nonbiologic mechanisms, including acculturation, a shift from
traditional dietary habits, physical inactivity, other
environmental factors (eg, psychosocial stress, social support),
and access to health services, have all been implicated in the
increased risk of CVD, diabetes, and other CVD-related risk
factors [6,11,12].
Clinical practice guidelines recommend lifestyle management
focusing on diet and physical activity, pharmacologic therapy,
and self-management education in the primary prevention and
management of CVD and diabetes and their associated risk
factors [6,13,14]. Despite these recommendations, evidence
suggests that risk factors and diabetes control are suboptimal
in South Asian individuals [15]. Canadian data suggest that
55% of South Asian patients are above-recommended blood
glucose A1c targets, 36% exceed blood pressure targets, and
58% exceed lipid level targets [15]. Language barriers,
sociocultural factors, limited diabetes and CVD awareness, lack
of access to culturally tailored diet counseling, misconceptions
around diet, perceptions around physical activity, and lower
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Large, nationally representative surveys suggest high levels of
digital device ownership [31], uptake of the internet [32], and
web-based health information seeking in North America [33,34].
However, digital divides in internet use for health information
related to sociodemographic factors and ethnicity [35] exist in
the United States. There is limited information on use patterns
and predictors of web-based health information–seeking
behaviors and use of digital devices for health purposes among
English- and Punjabi-speaking South Asian Canadians. This
information is important and could be used to justify and inform
the development of tailored consumer-oriented eHealth
interventions. Such interventions may help to overcome
identified gaps in the knowledge and skills needed to effectively
apply high-quality web-based and mobile phone–based resources
for the prevention and management of chronic conditions. This
information could also be used to inform and assist clinicians
on how to optimally engage individuals with existing web-based
health information resources.
The objective of this study is to describe prevalence, patterns,
and predictors of internet use for health purposes, ownership of
digital devices, use of health and fitness apps, and preferences
for different eHealth-based support tools in a sample of Englishor Punjabi-speaking South Asian adults recruited from
Edmonton, Alberta. Specifically, we explore the extent to which
these variables are influenced by sociodemographic, health
status, and technology use factors, including age, gender,
education, health literacy, language preferences, and the
presence of chronic health conditions.
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Methods
Study Design
We used a community-based approach and worked in
partnership with 13 faith-based, cultural, community, and health
care organizations in a major metropolitan Canadian city,
Edmonton, Alberta. We conducted a descriptive cross-sectional,
mixed-mode anonymous survey. The survey was primarily
delivered via a computer-assisted personal interview using the
Qualtrics (Qualtrics Corporation) web-based survey platform.
One-on-one interviews using paper-based surveys and an
optional web-based version were also used.

Participants, Recruitment, and Survey Administration
Participant recruitment occurred at 4 gurdwaras, 2 temples, 1
community pharmacy, 1 medical clinic, 2 community centers,
and 2 large South Asian community events between May 18
and August 31, 2014. English- or Punjabi-speaking community
members were eligible to participate if they were aged older
than 18 years, self-identified their ethnic origins in India,
Pakistan, Bangladesh, Nepal, or Sri Lanka, and were currently
living in Alberta.
At community events, potential respondents were notified of
the presence of the research team via announcements and
posters. Potential respondents were then approached by
community volunteers and presented with the survey information
letter and asked if they would like to participate. If the potential
participant agreed to participate, consent was implied and the
survey was administered. Bilingual, trained community
volunteers administered the survey in English or Punjabi
according to respondents’ preference. Participants who felt
comfortable using tablet computers self-administered the survey.
Potential participants who were unwilling to complete the
in-person survey were invited to complete the survey on the
web, which was also advertised using posters in the community,
via social media and word of mouth. At selected survey
locations, including the participating community pharmacy and
family physician clinic, we attempted to recruit consecutive
attendees. At these locations, the survey was conducted while
waiting to have prescriptions filled or awaiting assessment.
Respondents who completed the survey in person were offered
a reusable shopping bag as an incentive and the opportunity to
enter a draw for a tablet computer or various gift cards, whereas
those who completed the survey on the web were only eligible
to enter the draw.

Survey Instrument
The e-Patient Project Survey evaluated the levels of digital
device ownership, internet use, health information–seeking
behaviors, health and fitness app use, levels of eHealth literacy,
and preferences for participation in different modes of eHealth
support (Multimedia Appendix 1). The research team developed
the survey in 3 stages: literature review, key informant
interviews with 16 individuals from the target communities,
and a pilot test with 19 other individuals from the target
communities. Most of the items were adopted from existing
instruments, including the Pew Research Centre’s Internet &
American Life Project 2012 Health survey [34,36,37], the 2012
https://publichealth.jmir.org/2021/1/e20671
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Statistics Canada Canadian Internet Use Survey [33], the eHealth
Literacy Scale [38], and a health literacy screening questionnaire
[39].
The survey was translated into Punjabi according to the World
Health Organization guidance for translation and adaptation of
instruments [40]. One translator with a medical background
who was fluent in both Punjabi and English conducted forward
translation from English to Punjabi. Emphasis was placed on
conceptual rather than literal translations. A panel of 2 bilingual
community member reviewers further identified and reviewed
inadequate expressions and concepts in the translated version.
The back translation was conducted by a separate translator
who was fluent in both English and Punjabi. Translation
discrepancies were discussed and addressed by the project team.

Measurement of Outcome Variables
We reported technology use outcomes as dichotomous variables.
Individuals who answered affirmatively to either “Do you go
online at least occasionally?” or “Do you send or receive email
at least occasionally?” were characterized as internet users.
Web-based health information seekers were those who indicated
getting information about health on the internet or on the web.
Individuals who answered affirmatively to “Is your cellphone
a smartphone such as an iPhone, Android, Blackberry or
Windows phone?” or “Do you own an iPad or other tablet
computer such as an Android tablet, Microsoft surface or Kindle
Fire?” were considered owners of a smartphone or tablet device.
Owners of digital devices were asked about the use of health
and fitness apps using one question, “On your smartphone or
tablet, do you happen to have any health or fitness software
apps (eg, track your food intake, weight, physical activity, or
keep track of your medications).” We explored internet users’
preferences for the use of 6 different modes of eHealth support
in the future, including (1) accessing a webpage includes a forum
where you could connect with others like you, (2) accessing a
YouTube channel for people with your condition(s) that has
experts talking about best management, (3) using a smartphone
app or wearable device that can monitor your condition, track
your progress on your health goals, and/or provide reminders
about when to take your medications, (4) following a specific
Twitter account for your condition(s), (5) signing up for
personalized text messages providing health updates or
reminders for your condition(s), or (6) using a web-based
education program. We adjusted the response options to those
who indicated having at least one chronic condition, those who
indicated they had diabetes, or those without a chronic condition.

Measurement of Sociodemographic and Health Status
Predictor Variables
Demographic factors included age, sex, education, marital status,
duration of time lived in Canada, and the South Asian
community with which respondents identified. Self-rated health
status was assessed using a single question from the 36-item
Short Form survey. The presence of 6 chronic health conditions
was assessed by asking, “Have you ever been told by a doctor,
nurse or other health care professional that you have, followed
by the response options (eg, ‘diabetes or sugar disease’).”
Language preference was assessed by asking, “In what language
would you prefer to receive written health information?” and
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e20671 | p.20
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categories were collapsed into includes English or does not
include English. One question “How confident are you filling
out medical forms by yourself” estimated health literacy [39].

Analysis
We limited the analysis to individuals who provided complete
information on sociodemographic variables, language
preference, health literacy, health status, and diabetes status
variables. Surveys with missing data for other items were
included in the analysis. Descriptive statistics were tabulated
and depicted as the proportion of valid cases where incomplete
responses for each outcome variable and choose to not answer
or don’t know responses were considered missing. Descriptive
data were analyzed using SPSS version 23 for Mac (IBM
Corporation). Logistic regression was performed using R 3.1.3
(The R Foundation) to assess the effect of demographic and
health factors on the dichotomous outcome variables. Variables
shown to be statistically (P<.05) and clinically significant in
the descriptive and univariate level analyses were selected to
be included in the models. Self-rated health status was dropped
for models that could not include all the factors. This was based
on the widely used rule of thumb that there should be at least
10 events per parameter. This factor was dropped, as it was
thought to be the least important. Other models included all
variables. Multicollinearity was assessed by variance inflation

Makowsky et al
factor (VIF), and VIF coefficients >10 were considered as high
multicollinearity.
Goodness-of-fit, measuring the discrepancy between observed
values and the expected value under the model, was assessed
by using Craig and Uhler Pseudo R-square, Hosmer and
Lemeshow goodness-of-fit test, and area under the curve (AUC).
A P value <.05 indicated statistical significance. All the models
fit reasonably well, as multicollinearity was not present in any
model, all P values for the Hosmer-Lemeshow goodness-of-fit
were >.05 (indicating no evidence of poor fit), and all AUC
scores were greater than 0.7. However, most Craig and Uhler
Pseudo R-square values were low (<0.5).

Ethics Approval
The Health Research Ethics Board at the University of Alberta
(Pro00038210) approved this study.

Results
Participant Flow
We approached 1126 potential participants for face-to-face
surveys at community events and 831 agreed to complete the
survey. A total of 706 individuals (706/831, 85.0%) provided
complete sociodemographic and health status information
(Figure 1).

Figure 1. Flow diagram of the e-Patient Project Survey, Edmonton, Alberta, in 2014.
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Participant Characteristics
The characteristics of the 706 study participants are shown in
Table 1. Overall, the mean age was 47.1 (SD 17.6) years, and
50.4% (356/706) were female, 64.6% (456/706) had college or
university education, and 72.1% (509/706) self-identified as
Sikh. A total of 25.4% (179/706) of the participants lived in
Canada for <5 years, and 31.0% (219/706) preferred written
health information in a language other than English. Overall,
53.4% (377/706) of the participants self-reported at least one

https://publichealth.jmir.org/2021/1/e20671

XSL• FO
RenderX

Makowsky et al
chronic health condition and 19.8% (140/706) reported diabetes.
Most respondents rated their own health in the past 4 weeks as
good (283/706, 40.1%) or very good (169/706, 23.9%), whereas
15.6% (110/706) and 3.7% (26/706) rated their health status as
fair and poor, respectively. In addition, 11% (78/706) of the
participants indicated being not at all confident in filling out
medical forms on their own. Most respondents (397/706, 56.2%)
were recruited at places of faith-based gathering and community
events, whereas a minority (41/706, 5.8%) completed the survey
on their own on the web.
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Table 1. Demographic characteristics of the study sample.
Characteristics

Respondents

Missing data, n (%)
N/Aa

Age (years;n=706)
Mean (SD)

47.1 (17.6)

Median (IQR)

45 (32-63)

Age group (years; n=706), n (%)

N/A

18-34

213 (30.2)

35-49

181 (25.6)

50-64

156 (22.1)

≥65

156 (22.1)

Sex (n=706), n (%)

N/A

Male

350 (49.6)

Female

356 (50.4)

Marital status (n=706), n (%)

N/A

Not married

140 (19.8)

Married

566 (80.2)

Education (n=706), n (%)

N/A

Less than high school

63 (8.9)

High school

187 (26.3)

College, university, or higher

456 (64.6)

Lived in Canada (years; n=706), n (%)

N/A

>5

527 (72.1)

0-5

179 (25.4)

Community (n=706), n (%)

N/A

Sikh

509 (72.1)

Hindu

134 (19.0)

Other

63 (8.9)

Language preference (n=706), n (%)

N/A

English

487 (69.0)

Not English

219 (31.0)

Confidence in filling out medical forms (n=706), n (%)

N/A

Greater than not at all

628 (89.0)

Not at all

78 (11.0)

Health status (n=706), n (%)

N/A

Excellent

118 (16.7)

Very good

169 (23.9)

Good

283 (40.1)

Fair

110 (15.6)

Poor

26 (3.7)

Medical conditions, n (%)b
Diabetes or sugar disease (n=706)

140 (19.8)

N/A

High blood pressure (n=706)

178 (25.2)

N/A

Heart disease (eg, angina, heart attack, or stroke; n=689)

48 (7.1)

17 (2.4)
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Respondents

Missing data, n (%)

Lung conditions (eg, asthma or bronchitis; n=687)

41 (5.8)

19 (2.7)

Arthritis (n=688)

124 (17.6)

18 (2.5)

Cancer (n=684)

23 (3.4)

22 (3.1)

Other chronic condition treated with daily medication (n=688)

110 (16.2)

18 (2.5)

High cholesterol (n=608)c

144 (23.7)

98 (13.9)

≥1 condition (n=706), n (%)

N/A

No

329 (46.6)

Yes

377 (53.4)

Location of recruitment (n=706), n (%)

a

N/A

Community setting

397 (56.2)

Health setting

268 (38.0)

On the web

41 (5.8)

N/A: not applicable.

b

Data are n (%) out of 706 respondents unless there were missing data, in which case the n (%) of valid cases is reported.

c

High cholesterol was unintentionally omitted from the paper version of the survey administered at the first community event.

Internet Use, Sources of Health Information, and
Web-Based Health Information–Seeking Behavior in
Internet Users
Overall, 74.6% (527/706) of respondents were classified as
internet users, whereas 25.4% (179/706) were nonusers (Table
2). Respondents used a median of 3 (IQR 2-5) different sources
of health information, most commonly their doctor or health
care provider (656/704, 93.2%) and family (398/702, 56.7%).
Overall, 47.8% (336/703) of all respondents, or 63.4% (332/524)
of internet users, used the internet for health information (Table
2). When asked how important it is to find health information
tailored to their specific needs as a person of a South Asian
background, 73.8% (513/695) indicated it was very or extremely
important.
Patterns of use among the 527 internet users are shown in
Multimedia Appendix 2. Most internet users (373/517, 72%)
were on the web several times per day and most watched videos
on YouTube, used social media sites, or made video calls. The
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most commonly reported web-based health information–seeking
tasks were looking for information on healthy lifestyles
(354/524, 67.6%) and on a specific disease or medical condition
(248/460, 53.9%) and symptoms they were experiencing
(222/523, 42.4%).
Regarding the use of Web 2.0 for health, just less than half of
internet users (240/523, 45.9%) watched a web-based video
about health or medical issues, 42.4% (222/523) read about
someone else’s experience about health or medical issues in a
blog, newsgroup, or website, and 29.5% (153/518) reported
going on the web to find others who might have similar health
concerns. Although there were significant missing data because
of a problem with the printed version of the survey, just more
than one-fourth of respondents indicated that web-based health
information they found or someone else found for them affected
a treatment decision (94/343, 27.4%), whereas more participants
responded that it had led them to ask their doctor new questions,
go to see their doctor, or change the way they maintain their
health (Multimedia Appendix 2).
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Table 2. Internet user status, sources of health information, digital device ownership, and health and fitness apps.
Characteristics

Overall, n (%)

Missing data, n (%)

Internet user

527 (74.6)

N/Aa

Noninternet user

179 (25.4)

N/A

Doctor or health care provider (n=704)b

656 (93.2)

2 (0.3)

Family (n=702)

398 (56.7)

4 (0.6)

Internet (n=703)

336 (47.8)

3 (0.4)

Print (n=704)

309 (43.9)

2 (0.3)

Friends (n=703)

285 (40.5)

3 (0.4)

TV or radio (n=705)

283 (40.1)

2 (0.3)

Others with the same condition (n=639)

66 (10.3)

67 (9.5)

Never looked (n=618)

14 (2.3)

88 (12.5)

Internet use (n=706)

Where do you get information about health questions that you have?

How important is it for you to find health information tailored to your needs as someone of South Asian background? (n=695)
Extremely or very important

513 (73.8)

11 (1.6)

A desktop or laptop computer at home connected to the internet? (n=701)

615 (87.7)

5 (0.7)

A cellphone, iPhone, Blackberry, or other device that is a cellphone? (n=706)

571 (80.9)

N/A

Is your cellphone a smartphone? (n=571)

443 (77.6)

N/A

An iPad or other tablet computer (n=704)

376 (53.4)

2 (0.3)

Smartphone or tablet (n=704)

527 (74.9)

2 (0.3)

Send or receive text messages (n=527)

432 (82.0)

N/A

On your smartphone or tablet, do you happen to have any health or fitness apps? (n=518)

159 (30.7)

9 (1.7)

Tracking food, diet, or calorie intake

88 (63.8)

21 (13.2)

Monitoring weight

49 (35.5)

21 (13.2)

Physical activity tracking

65 (47.1)

21 (13.2)

Track runs that you take

20 (14.5)

21 (13.2)

Mobile pedometer

32 (23.2)

21 (13.2)

Research or diagnose medical conditions

9 (6.5)

21 (13.2)

Keep track of medications

9 (6.5)

21 (13.2)

Stress management

17 (12.3)

21 (13.2)

Communicate with your doctor or health care provider

10 (7.2)

21 (13.2)

Monitor sleep cycle

12 (8.7)

21 (13.2)

Record your blood pressure

13 (9.4)

21 (13.2)

Record your blood sugar or diabetes

8 (5.8)

21 (13.2)

Other

6 (4.3)

21 (13.2)

Device ownership (Do you own…)

Device use (Do you use your smartphone or tablet to…)

What type of health and fitness apps are you currently using? (n=138)

a

N/A: not applicable.

b

Data are n (%) out of 706 respondents unless otherwise specified. When there were missing data, the n (%) of valid cases was reported.
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Digital Device Ownership and Health and Fitness Apps
in Smartphone or Tablet Owners
Overall, 62.8% (443/705) of respondents owned a smartphone,
53.4% (376/704) owned a tablet computer, and 74.9% (527/704)
owned either a smartphone or tablet (Table 2). Most smartphone
or tablet owners (432/527, 82%) reported sending or receiving
text messages. Just less than one-third of the smartphone or
tablet owners surveyed (159/518, 30.7%) indicated that they
had a health and fitness app on their mobile device (Table 2).
The most commonly used apps included those designed to track
food, diet, or calorie intake (88/138, 63.8%), track physical
activity (65/138, 47.1%), and monitor weight (49/138, 35.5%).

Preferences for Future eHealth Interventions in
Internet Users
Most internet users (441/527, 83.7%) responded that they were
likely or very likely to use at least one of the 6 presented eHealth
tools to address a health issue in the next 12 months (Multimedia

Makowsky et al
Appendix 2). Although there were some systematic issues with
missing information regarding YouTube, Twitter, and a
web-based education program, most respondents favored
accessing a YouTube channel (330/425, 77.6%) followed by
using a webpage with peer-to-peer support (353/500, 70.6%),
using an app or a wearable device (316/493, 64.1%), or receiving
personalized text messages (282/483, 58.4%).

Barriers in Nonusers of the Internet
The 179 respondents who were not internet users reported
several barriers, the most common being lack of skills (114/177,
64.4) and no interest (72/177, 40.7%; Table 3). One-third of
nonusers (57/178, 32%) said they were planning to get on the
web in the future. Of these, 67.3% (35/52) indicated being likely
or very likely to attend a hands-on workshop, whereas 72.2%
(38/52) were likely or very likely to learn from a friend or family
member. Most internet nonusers (136/175, 77.7%) reported
knowing someone who could help them get on the web.

Table 3. Barriers to nonusers of the internet.
Characteristics

Noninternet users, n (%) Missing data, n (%)

What are the reasons you do not go on web?a
Lack of skills (n=177)

114 (64.4)

2 (1.1)

No interest (n=177)

72 (40.7)

2 (1.1)

Too late to learn (n=176)

38 (21.1)

3 (1.7)

Limited access to a computer (n=176)

9 (5.1)

3 (1.7)

Uncomfortable using a computer (n=175)

7 (4.0)

4 (2.2)

Privacy reasons (n=176)

7 (4.0)

3 (1.7)

Fear of technology (n=175)

5 (2.9)

4 (2.2)

Because of disability (n=176)

4 (2.3)

3 (1.7)

Cost (n=178)

3 (1.7)

1 (0.6)

Yes, within 6 months (n=178)

23 (12.9)

1 (0.6)

Yes, within 6 to 12 months (n=179)

16 (9.0)

N/Ab

Yes, in more than a year (n=179)

18 (10.1)

N/A

Not likely (n=179)

61 (34.3)

N/A

Never (n=179)

60 (33.7)

N/A

Are you likely to start going on web in the future?

Likeliness to use the following strategies to improve their ability to go on the web (n=57; who answered yes)
Likely or very likely to attend a hands-on workshop (n=52)

35 (67.3)

5 (8.8)

Likely or very likely to talk with a friend or family member (n=52)

38 (72.2)

5 (8.8)

136 (77.7)

4 (2.2)

Know someone who could help them, if they needed to go on web to do something (n=175)
a

Data are n (%) out of 179 noninternet users unless otherwise specified. When there were missing data, the n (%) of valid cases was reported.

b

N/A: not applicable.

Predictors of Internet Use and Web-Based Health
Information Seeking
As shown in Multimedia Appendix 3, 5 of the predictor variables
were associated with internet use in the multiple logistic
regression analysis, including all 706 respondents. Preferring
written information in a language other than English (odds ratio
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[OR] 0.21, 95% CI 0.12-0.36), lacking confidence in filling out
medical forms (OR 0.27, 95% CI 0.11-0.65), being female (OR
0.47, 95% CI 0.26-0.85), and increasing age (OR 0.92, 95% CI
0.90-0.94) were predictive of lower internet use, whereas
educational achievement (OR 4.00, 95% CI 1.52-11.07 for
college university or higher) predicted greater odds of internet
use.
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(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
There were 4 independent predictor variables of the use of the
internet for health information in the 514 internet users. Females
(OR 2.34, 95% CI 1.49-3.71) and people who used the internet
several times per day (OR 3.83, 95% CI 2.36-6.30) were more
likely to be web-based health information seekers, whereas
those lacking confidence in filling out medical forms (OR 0.24,
95% CI 0.07-0.72) and those expressing a preference for written
health information in languages other than English (OR 0.53,
95% CI 0.30-0.94) were less likely to be web-based health
information seekers (Multimedia Appendix 3).

Predictors of Digital Device Ownership and Having a
Health and Fitness App
A total of 6 predictor variables were associated with ownership
of a smartphone or tablet when the whole group was assessed
(n=704): educational achievement (college or university or
higher: OR 5.44, 95% CI 2.36-12.96) was associated with higher
odds of device ownership, while living in Canada for <5 years
(OR 0.47, 95% CI 0.27-0.81), preferring written information
in languages other than English (OR 0.51, 95% CI 0.31-0.86),
having a chronic health condition (OR 0.53, 95% CI 0.31-0.90),
having diabetes (OR 0.50, 95% CI 0.28-0.87), and increasing
age (OR 0.94, 95% CI 0.92-0.95) were associated with lower
odds of device ownership (Multimedia Appendix 3). In the
subgroup of smartphone or tablet owners (n=521), only
increasing age was associated with lower odds of having
downloaded a health and fitness app (OR 0.97, 95% CI
0.95-0.99; Multimedia Appendix 3).

Predictors of Preferences for Future eHealth
Interventions in Internet Users
The multivariable analysis shown in Multimedia Appendix 4
indicated that individuals who preferred written health
information in a language other than English were less interested
in all modes of eHealth-based support. Those who reported
watching YouTube videos were more likely to be interested in
a YouTube channel for health issues. Those who are married
were more interested in a website with peer support. Interest in
app-based interventions was higher in those who own a
smartphone or tablet but lower in participants with diabetes.
Interest in text message–based interventions was higher in older
individuals, those who already send text messages, use the
internet several times per day, or are married (Multimedia
Appendix 4).

Discussion
Principal Findings
Among our sample of primarily Sikh South Asian adults
recruited from community and health care settings, we found a
high prevalence of internet users and ownership of smart digital
devices that allow the use of apps. Health care providers were
the most common source of health information, and only less
than half of all respondents reported using the internet as a
source of health information. Although most smartphone or
tablet owners indicated that they used texting, only one-third
reported having a health and fitness app on their device. The
most commonly used apps were food, diet, or calorie intake
trackers. Most internet users indicated that they were likely or
https://publichealth.jmir.org/2021/1/e20671

XSL• FO
RenderX

Makowsky et al
very likely to use at least one of the eHealth tools to address a
health issue in the next 12 months, and many preferred YouTube
videos, a peer-to-peer support website, or smartphone app.
Among internet nonusers, lack of technological skills and
interest were cited as the most common barriers, and only
one-third of these respondents indicated they were likely to get
on the web in the future. However, just more than three-fourth
of nonusers indicated that they had access to someone who
could help them use the internet.
Language preferences, higher educational attainment, and age
were common factors driving a digital divide in internet use
and digital device ownership in our sample of South Asian
adults. Being female, frequent internet use, being confident in
filling out medical forms, and preferring written information in
English were all positive independent predictors of using the
internet for health information purposes in internet users. Age
independently influenced whether participants reported having
downloaded a health and fitness app. Those who preferred
written information in languages other than English showed
less interest in all modes of future eHealth support.

Comparison With Previous Research in the South
Asian Community
At the time the survey was conducted in 2014, our study was
unique in that it was the first to use a community-based
approach, where we mobilized community resources in health,
faith gathering, and other settings to explore ownership of digital
devices, internet use, and willingness to use eHealth tools
specifically among members of the South Asian community in
Canada. Furthermore, to our knowledge, it remains to be the
only study to explore the predictors of these outcomes in this
growing ethnocultural minority group. Data on the use and
uptake of technology to address health needs in South Asians
in India [41], Sri Lanka [42], and Pakistan [43] have suggested
highly variable rates of web-based health information seeking
among internet users (ie, 1%-75%). Our findings are comparable
with data reported from a 2009-2010 survey of 709 South Asian
adults living in the metropolitan Washington DC region, which
found that the internet was the leading source of health
information (76.9%) [44]. They also found that older participants
and those who were US born were more likely to obtain health
information from physicians rather than the internet, whereas
those who rarely or never speak English at home are more likely
to cite friends as a source of health information rather than the
internet. We also found that language preference and age were
predictors of web-based health information seeking, whereas
the duration of time lived in Canada was not a predictor.

Comparison With Previous Research in the General
Population
Previous research exploring variables influencing internet use
has identified age [32,45], education [46-49], English language
proficiency [47,50], and health literacy [51] as predictors of
internet use. Similarly, we found education to be a strong
predictor of internet use, whereas preference for South Asian
languages (rather than English) predicted lower odds of internet
use. We did not find a relationship between internet use and
recent immigration [52] or the presence of chronic conditions
[53]. An analysis of the 2010 Canadian internet use survey
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e20671 | p.27
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documented that recent immigrants to Canada have lower rates
of internet access but that recent immigrants who are on the
web have significantly higher levels of web-based activity than
Canadian-born residents and earlier immigrants [52]. Although
recent studies do not suggest differential internet uptake between
males and females [46], in our sample, we found that being
female was independently associated with a lower likelihood
of internet use. Although gender inequality has existed in South
Asian culture [54,55] and may contribute to this difference,
males and females in our study gave similar reasons for not
being internet users.

of 83% of women willing to participate in an internet-based
postpartum weight loss intervention [68] to lows where only
18% preferred to learn health, wellness, and lifestyle information
from a mobile app [70]. Recently, a qualitative study of British
South Asians suggested that short text messages to support
medication adherence for type 2 diabetes would be acceptable
and relevant [74]. Although limited research exists, language
preferences and age have been found to predict willingness to
use internet or smartphone app–based interventions for health
[71,73], consistent with our finding that increasing age is a
negative predictor of app use.

Although several theories have been used to explain health
information seeking on the internet, the most recent reviews of
methods and measures for health information do not provide
insight into the factors predicting the uptake of these behaviors
[56,57]. Most studies investigating predictors of using the
internet for health information purposes identify age, female
sex, and educational attainment as independent
sociodemographic predictors, whereas other studies have also
identified other demographic factors (race, income, and
employment), health status, health care access, and digital
literacy factors (eg, internet usage intensity) as mediators of
web-based health information seeking [57-64]. Although
inconsistent, most studies have found that age is a significant
predictor of web-based health information–seeking behaviors
[58,59,61]. Generally, as age increases, web-based health
information seeking decreases; however, the relationship is
complex. For example, Veenhof et al [48] documented that
Canadians aged 16 to 25 years were significantly less likely to
go on the web to search for health-related information than
Canadians aged 26 to 65 years. Interestingly, among all
respondents in our study, increasing age was a negative predictor
of web-based information seeking; however, it was not a
significant predictor among internet users. Our finding that
female internet users are more likely to be web-based health
information seekers is consistent with that reported by others
[58-60,62].

Clinical Implications

Similar to others, we found that smartphone or tablet owners
were more likely to be younger, affluent, and highly educated
than nonowners [31]. Our finding that 30% of smartphone or
tablet owners used health apps is consistent with the range of
19% to 58% reported in studies of racially diverse Americans
[36,65,66]. Our finding that younger individuals were more
likely to use health apps is consistent with a national survey of
1604 American mobile phone users that found individuals who
were younger, had higher income, were more educated, were
Latino or Hispanic, and had a BMI in the obese range were
more likely to use health apps [66].
Finally, several studies have explored willingness to get on the
web and future use of eHealth tools [67-73]. Our finding that
32% of noninternet users thought they would go on the web is
higher than the 8% who said they would like to start using the
internet or email in a recent Pew Research Centre survey [67].
Encouragingly, 67% of noninternet users reported that they
would likely go on the web in the future, indicating that they
would be willing to take a workshop or learn from a friend or
family member (72%). Other surveys have reported varying
levels of interest in specific eHealth interventions, from highs
https://publichealth.jmir.org/2021/1/e20671
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First, our results suggest that community-based, culturally
tailored strategies would be welcomed and are required to reduce
identified digital divides and increase the uptake and use of
credible web-based and app-based resources for health purposes
among South Asian adults who are current internet users and
nonusers. This is particularly timely, given the need to consider
and increase remote delivery of health care based on social
distancing as a result of the COVID-19 pandemic. Although
eHealth and mHealth interventions appear to be more likely to
reach certain subgroups of individuals, such as those that are
younger, English speaking, and with high educational
achievement, particular attention must be paid not to exacerbate
health inequities based on these digital divides. Although most
internet users were interested in YouTube or web-based peer
support interventions, a range of eHealth interventions will be
needed to meet the needs of various subgroups within the
community. Device and internet training offered in a culturally
relevant way for noninternet users who are interested in getting
on the web may reduce identified divides, whereas different
means, such as using friends or family as intermediaries, will
be required to reach noninternet users, particularly those who
have no intention to get on the web. Second, as web-based
resources are not designed to replace health professional
interactions [75], health care professionals and health
organizations must play an important role in referring and
supporting patients to access credible eHealth resources,
including those that are tailored specifically to South Asian
health needs.

Limitations
Our study has several limitations. First, as nonprobability (ie,
convenience) sampling was used, selection bias and sampling
error make generalizability to the larger South Asian population
a concern. We did not translate our survey into other commonly
spoken languages (eg, Hindi, Urdu), and our results primarily
pertain to the English- and Punjabi-speaking Sikh community.
Second, our data were collected in 2014 and are likely not
reflective of evolution in the use or ownership patterns. Third,
the survey tool itself is not validated; however, most questions
were sourced from existing large national surveys or other
validated surveys. We recognize that the question relating to
language preference for written health information could have
been improved by instead asking about the primary language
spoken in the home and that the use of a single health literacy
screening question, rather than a full health literacy
questionnaire, is not optimal. Although smoking is a
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e20671 | p.28
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well-established risk factor for CVD [76], we did not ask about
smoking status or use of web-based health information or apps
for smoking cessation as part of our survey. This was based on
evidence that South Asian Canadians are less likely to be current
or former smokers than Canadians of European descent [77]
and that smoking is very rare among South Asian Canadian
women [78]. Interestingly, a survey conducted around the same
time as ours in British Columbia, Canada, also suggested that
smoking rates are considerably lower in South Asians than in
the general population (never smokers: 87% vs 59%) [79], as
does other Canadian research [3]. However, our exclusion of
smoking status may be an oversight, as surveys may fail to
accurately capture the use of culturally specific smokeless
tobacco products [80]. Furthermore, although the survey was
translated into Punjabi and formally pretested, community
volunteers were trained to administer the survey in Punjabi and
2 volunteers administered just more than 50% of the surveys,
there may have been issues with conceptual translation and
variability in survey administration. We had some issues with
the early version of the survey administered on paper, which
resulted in missing data for certain items. Fourth, volunteer and
social desirability bias may overinflate our estimates of device
ownership, internet use, and willingness to use future eHealth

Makowsky et al
tools. In addition, self-report may have introduced recall bias
in outcome and demographic variables. Fifth, the questions
relating to likeliness to use eHealth interventions in the future
were hypothetical and therefore may overestimate actual
willingness had we asked participants to participate in a pilot
test of eHealth interventions. Finally, we did not explore
differences in survey responses by survey mode or by
recruitment location.

Conclusions
Our survey provides insights into digital divides according to
language preferences, education, age, and sex in an ethnocultural
minority community in Canada. The high overall rates of
internet use for health information, digital device ownership,
and interest in eHealth-based interventions in internet users
along with high access to individuals who could help them use
the internet among nonusers suggest that eHealth supports are
feasible among segments of English- or Punjabi-speaking South
Asian adults. There is an opportunity for health care providers
and health organizations to enhance the use of reliable and
culturally relevant eHealth resources to promote health, prevent
chronic disease, and support self-management of chronic health
conditions for South Asian adults.
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Abstract
Background: Currently, the identification of infectious disease re-emergence is performed without describing specific quantitative
criteria that can be used to identify re-emergence events consistently. This practice may lead to ineffective mitigation. In addition,
identification of factors contributing to local disease re-emergence and assessment of global disease re-emergence require access
to data about disease incidence and a large number of factors at the local level for the entire world. This paper presents Re-emerging
Disease Alert (RED Alert), a web-based tool designed to help public health officials detect and understand infectious disease
re-emergence.
Objective: Our objective is to bring together a variety of disease-related data and analytics needed to help public health analysts
answer the following 3 primary questions for detecting and understanding disease re-emergence: Is there a potential disease
re-emergence at the local (country) level? What are the potential contributing factors for this re-emergence? Is there a potential
for global re-emergence?
Methods: We collected and cleaned disease-related data (eg, case counts, vaccination rates, and indicators related to disease
transmission) from several data sources including the World Health Organization (WHO), Pan American Health Organization
(PAHO), World Bank, and Gideon. We combined these data with machine learning and visual analytics into a tool called RED
Alert to detect re-emergence for the following 4 diseases: measles, cholera, dengue, and yellow fever. We evaluated the performance
of the machine learning models for re-emergence detection and reviewed the output of the tool through a number of case studies.
Results: Our supervised learning models were able to identify 82%-90% of the local re-emergence events, although with
18%-31% (except 46% for dengue) false positives. This is consistent with our goal of identifying all possible re-emergences
while allowing some false positives. The review of the web-based tool through case studies showed that local re-emergence
detection was possible and that the tool provided actionable information about potential factors contributing to the local disease
re-emergence and trends in global disease re-emergence.
Conclusions: To the best of our knowledge, this is the first tool that focuses specifically on disease re-emergence and addresses
the important challenges mentioned above.
(JMIR Public Health Surveill 2021;7(1):e24132) doi:10.2196/24132
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Introduction
Infectious diseases remain a leading cause of death, contributing
to millions of deaths each year [1]. The current COVID-19
pandemic demonstrates the speed with which an infectious
disease can travel from one location to another including new
locations, and in turn become a global health threat in today’s
world of increased travel and globalization. COVID-19 is an
infectious disease caused by a newly discovered coronavirus
called SARS-CoV-2. In addition to such newly emerging
diseases, some diseases that were considered controlled or
eliminated are also re-emerging. The past few decades have
seen the re-emergence of dengue in Brazil [2], measles in France
[3], and yellow fever in Angola [4]. A re-emerging infectious
disease is a disease that was a major health problem historically
in a location, saw a persistent decline in its incidence, and then
saw its incidence increase again. Many factors such as ecological
disruptions, changing environment, urbanization and human
behaviors, international travel and commerce, and war and civil
unrest contribute to the re-emergence of infectious diseases
[2,5-8].
Early detection and understanding of disease re-emergence is
important for better response and mitigation of these events.
However, there are several challenges: The definition of disease
re-emergence merely suggests an up–down–up incidence pattern
and does not offer any guidance on quantitative measures by
which such patterns can consistently identify re-emergence.
The current practice of identifying disease re-emergence relies
on the knowledge and experience of public health analysts rather
than specific criteria, which can lead to inconsistent
identification of re-emergence [9]. While high-level factors
(such as those mentioned above) contribute to the re-emergence
of infectious diseases, it is difficult to identify specific factors
contributing to a local disease re-emergence and requires a
systematic analysis of a number of factors. Local public health
analysts may not have this kind of information readily available.
Currently, the recognition and understanding of global disease
re-emergence relies on analysis of data about historical
outbreaks at the country level around the world [10-13]. Again,
such data may not be easily available for the entire world and
even if available, retrospective analysis is a time-consuming
process. Better methods and data are thus essential to address
this challenge.
In the last few years, a number of web-based analytics, tools,
and databases have been developed to collect data from multiple
sources to monitor disease-related activities [14-16], provide
situational awareness [17], or now-cast infectious diseases [18].
While there are currently no tools focused on detecting
re-emergence, this presents an opportunity for developing new
analytics.

algorithms extract trends and patterns from the data without
relating them to any outcomes. Both supervised and
unsupervised methods are used extensively in public health.
Unsupervised machine learning is used to understand spatial
dynamics of an epidemic [19], extract meaningful structure in
electronic health records [20], and identify subgroups among
home health patients with heart failure [21]. Supervised machine
learning is used for disease forecasting [22,23], mortality risk
score prediction in an elderly population [24], predicting blood
pressure based on health behaviors [25], and assessing
vaccination sentiments [25,26]. Recently, our team developed
supervised machine learning models to detect potential
infectious disease re-emergence for 4 infectious diseases:
measles, cholera, yellow fever, and dengue [9]. Combining such
an algorithm with visual analytics could provide a rapid, easy
to use, and easy to interpret tool for detecting potential
re-emergence.
Visual analysis is a technique that utilizes interactive
visualizations to support analytical reasoning [27]. It can help
with investigative analysis and hypothesis generation [28] and
is especially useful for analyzing large data sets by reducing
the load on working memory, offering cognitive support, and
utilizing the power of human perception [29]. Recently, visual
analytics are increasingly used to analyze data in public health
and health care, including human emergency room and
veterinary hospital data [30]; relationships between chronic
conditions, demographics, behavioral and metal health,
preventative health, overarching conditions [31]; and tracking
symptom evolution during disease progression [32]. We have
also developed a web-based visual analytic for the investigation
of infectious disease outbreaks [17].
This paper details Re-emerging Infectious Disease Alert (RED
Alert), a web-based tool [33] that integrates our supervised
machine learning models [9] with visual analytics to help
detect/warn and understand potential re-emergence at both local
and global levels for 4 diseases: measles, cholera, dengue, and
yellow fever. The diseases were selected in consultation with
subject matter experts (SMEs) at the World Health Organization
(WHO) as diseases of concern for re-emergence. These diseases
also show diversity in transmission and disease burden, allowing
us to show transferability of our approach. RED Alert combines
disease-related data and analytics needed to help the public
health community answer the following questions for detecting
and understanding disease re-emergence: Is there a potential
disease re-emergence at the local (country) level? What are the
potential contributing factors for this re-emergence? Is there a
potential for global re-emergence?
This publication describes the methods used to answer these
questions and evaluation of machine learning classifiers to detect
disease re-emergence and the tool through case studies.

Machine learning algorithms use observation data to identify
trends and patterns that can help make better decisions.
Supervised algorithms identify patterns from the data that are
useful in predicting specific outcomes while unsupervised
http://publichealth.jmir.org/2021/1/e24132/

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24132 | p.36
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

Methods
Data
Historical case count data, together with disease subcategories
such as severe dengue and deaths, were obtained from the WHO
[34-36], Gideon [37], and the Pan American Health Organization
(PAHO) [38]. Population data were obtained from 2 data sets:
LandScan [39] and the World Bank population data [40]. Rates
for measles-containing vaccine first dose and second dose were
obtained from the WHO [41] together with the WHO region
membership information for each country [42]. The host,
pathogen, and environment represent the traditional
epidemiological triad [43] and can provide information about
the potential causes of re-emergence. For indicators that can be
a proxy for re-emergence causes, public health indicator data
were obtained from the World Bank [44] using their application
programming interface (API) [45]. Detailed information about
these data sources can be found in Multimedia Appendix 2.

Development of RED Alert
RED Alert was developed for application to 4 primary diseases
of concern: cholera, measles, dengue, and yellow fever. The
visual analytic was developed to have a web application as a
front end to the data and analysis. A web API was developed
to be used by any program to access the analysis results and
underlying data. The back end was developed as a Django-based
application. The front end uses JavaScript to read from these
API endpoints and dynamically build the corresponding
visualizations.

Detection of Potential Disease Re-emergence
We integrated previously developed supervised machine
learning classifiers to detect potential disease re-emergence for
a given location and year [9] into RED Alert. Classifiers are
supervised learning algorithms that use a set of labeled data
(known observation–class pairs, eg, samples of re-emergence
and non-re-emergence events [or outbreaks]) and extract patterns
that help predict class (eg, re-emergence or not). These patterns
can then be used to map a new observation (eg, outbreak) to a
class (eg, re-emergence or not re-emergence).
We used yearly disease data at the country level to train
disease-specific classifiers for the 4 diseases: measles, cholera,
dengue, and yellow fever. For creating the labeled data set for
each disease, the SMEs in our team were given data for 100
countries selected at random (and anonymized), and they labeled
each location–year pair as a re-emergence or not. A systematic
approach was followed to label the training data. For each
disease, SMEs developed a re-emergence schema described in
detail by Chitanvis et al [9] that takes into account general
disease incidence and trend information (eg, raw incidence, case
counts, change in incidence from last few years, or percentile
rank) and relevant disease-specific information (eg, vaccination
coverage for measles and information on severe dengue cases
and death due to dengue) that can help detect potential
re-emergence. These factors were organized in a decision tree
format to guide the labeling process.

http://publichealth.jmir.org/2021/1/e24132/

XSL• FO
RenderX

Parikh et al
Selection of the Classifier
We compared 2 classifiers, decision tree and random forest,
using scikit-learn, a free machine learning Python library [46].
See tables 1a-b in [9] for features used for training the classifiers
and imputation methods for missing data. For both decision tree
and random forest, we explored the following parameter values:
(1) Split criteria: gini and entropy; (2) The number of minimum
samples required at leaf nodes: 1 to 10; and (3) The number of
trees for random forest: 20 to 100.
Precision, recall, and F1 are widely used metrics to evaluate the
performance of classification and can be calculated as follows:
Precision = True positives/(True positives + False
positives)
Recall = True positives/(True positives + False
negatives)
F1 = 2 × (Precision × Recall)/(Precision + Recall)
As our goal was to identify all potential cases of disease
re-emergence while allowing some false positives, we used F2
to evaluate the performance of the classifiers. F2 takes into
account both precision and recall but recall is given more
weightage. It can be calculated as follows:
F2 = 5 × (Precision × Recall)/([4 × Precision] +
Recall)
We evaluated classifiers on held-out test data using nested
cross-validation [47], where the inner cross-validation is used
to choose the optimal parameters, and the outer cross-validation
is used to evaluate the performance of the model with the
optimal parameters on a held-out data set to test for overfitting
or generalization error. Overfitting occurs when the model learns
the structure of the given data set instead of the underlying
data-generating phenomenon, so it performs well on the given
training data set but fails to perform well on additional data or
new observations. We used leave-one-out or 1000-fold
cross-validation (whichever is lower) for the inner
cross-validation and 10-fold cross-validation for the outer
cross-validation.

Identifying Potential Contributing Factors for
Re-emergence
We developed a re-emergence causal wheel for each disease in
RED Alert; an example can be seen in Figure 1B. The causal
wheel was modeled on the epidemiological triad [43]: host,
pathogen, and environment. In the causal wheel, these categories
were further divided into subcategories based on disease-specific
factors that contribute to re-emergence identified from the
literature. We thus created multiple rings around the primary
inner ring of the epidemiological triad in our visual display for
this information in RED Alert. For example, for cholera, the
broad category of environment was divided into socioeconomic
and natural factors affecting the environment which included
natural environment, population density, public health
infrastructure, and human behavior. The natural environment
was further divided into weather patterns, climate change, and
natural disasters. Natural disasters were further divided into
floods, typhoon/hurricane, earthquakes, and drought. This causal
wheel is displayed on the web application when a user selects
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24132 | p.37
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component causes of re-emergence for the disease. We also
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added links to detailed information about a component cause
to facilitate access.

Figure 1. RED Alert’s input form and causal wheel. Panel A shows RED Alert’s first tab, which provides descriptions about the application’s core
functionalities and allows user to select the disease of interest. Panel B shows the causal wheel for measles. It includes factors known to have contribute
to resurgence of measles in previous scenarios. Factors at the center of circle represent components of epidemiological triad and expanding distance
from the center of the circle correspond to increased specificity of factors contributing to component causes. When the user clicks on a component
cause, detailed information about the component cause is provided at the bottom of the chart along with the associated references.

These component causes were mapped to 1 or more indicator
variables (obtained from the World Bank), which served as the
proxy measurement for the corresponding component cause.
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Assessment of these component causes and their interactions
can help guide effective intervention strategies. We developed
a table for visualization of disease-specific indicators that allows
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comparison of the values for the user’s location and year of
interest to the historical range, so that the user can determine
which re-emergence cause and indicator might be contributing
to country’s potential re-emergence.
Component causes and corresponding related indicators for a
given disease and location from 2000 to the year of interest are
shown in the table. If data were not available for the year of
interest, the indicator value for the most recent year when the
data are available was displayed. We also identify indicators
where the values for the year of interest are outside the 25th
and 75th percentile or 10th and 90th percentile, as these
indicators show relatively extreme values for the re-emergence
year as compared to the historical values for the location of
interest and hence may be potential contributing factors for the
disease re-emergence. These indicators and components are
displayed to the user in a form of table along with the associated
value for the year of interest and statistics for historically
observed values (eg, median and 25th and 75th percentiles).
Indicators with values outside the 10th and 90th percentiles are
highlighted in dark red or dark blue colors if they are potential
risk or protective factors, respectively. Similarly, indicators
with less extreme values (ie, values outside the 25th and 75th
percentiles) are highlighted in light red or light blue colors if
they are potential risk or protective factors, respectively.

Understanding Potential for Global Disease
Re-emergence
To help identify the potential for global re-emergence, we
developed a visual summary in the form of a map showing the
spatial distribution of national re-emergence events (identified
through the machine learning classifier described above)
worldwide within recent history (last 10 years). The map is time
enabled, allowing the user to scroll dynamically through the
last 10 years of historic data. Re-emergence events in the year
selected by the slider are colored in red, whereas re-emergence
events identified in previous years are identified by black points.
The size of the points represents the number of historic
re-emergence events in the last 10 years. Multiple re-emergence
events across different countries or continents may suggest
potential for global re-emergence and require further
investigation by the user.

Additional Visual Analytics
In addition to features developed to answer the 3 primary
objectives described above, we developed visual analytics that
could help deepen the understanding of potential contributing
factors for the re-emergence and global re-emergence
assessment. RED Alert visual analytics were developed to
illustrate the relationship between potential contributing factors
(eg, sanitation facilities, urbanization, or vaccinated percentage
of the population) and disease re-emergence. We also developed
visual analytics to compare locations with similar disease
incidence (ie, locations with incidence within 50%-150% of
user-specified data). These additional analytics were provided
in a second tab of the RED Alert output.
To help assess the global disease re-emergence situation, we
organized different types of global data in a third tab of RED
Alert. This includes information about disease incidence globally
http://publichealth.jmir.org/2021/1/e24132/
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for the last 10 years from the year of interest input by a user
and recent reports of disease occurrence on FluTrackers [48],
an online disease community bulletin board. We also provided
the following questions on this tab that guide users through the
data and facilitate hypothesis generation:
•
•
•

Are the highest 2 quantiles of disease incidence dispersed
over multiple continents?
Has disease incidence intensified, across geographic areas,
over time?
Are the most recent FluTrackers community posts dispersed
over multiple continents?

Evaluating RED Alert Through Case Studies
To evaluate the performance of the fully developed RED Alert
analytic, we used case studies for each of the 4 diseases
(measles, dengue, cholera, and yellow fever). Specific inputs
were identified based on the outbreak selected, and we evaluated
the output with respect to its utility in addressing the 3 main
objectives that the visual analytic was developed for: (1) Can
we identify potential disease re-emergence in a country? (2)
What might be the contributing factors to re-emergence in that
location? and (3) Are there indications of a global re-emergence
based on the input situation? Using the same case studies, we
also evaluated the utility of the additional visual analytics that
guide hypothesis generation and provide actionable information
to the user. We identified the scope of use and the type of
actionable information that can be obtained from RED Alert by
defining specific work roles to also understand the broad utility
and diversity of information that can be used.
Case studies were selected from the 2015 to 2019 timeframe to
best illustrate every feature of the analytic. One of the primary
challenges is the availability of updated global data. As RED
Alert is dependent upon the updating cycle of data sources used
(World Bank and WHO), it is often difficult to examine all the
features using the current year. Complete, global data sets for
public health indicators and infectious disease case counts are
currently available up to 2017 or 2018. However, we believe
this is still a reasonable representation of situations that occurred
in 2019/2020 and the near future of about 5 years, as the natural
and built environments are not expected to significantly change
in such a short timeframe.

Results
Detecting Potential Disease Re-emergence
We selected random forest as the classifier to integrate into
RED Alert because it outperformed the decision tree classifier
in terms of the F2 score for the re-emergence class for all
diseases. Table 1 shows the performance of random forest
classifiers in terms of average and SD of precision, recall, F1,
and F2 measures over 10 nested cross-validations. For the
specific diseases in RED Alert, the models were able to identify
82%-90% of all potential re-emergence events as potential
re-emergence cases. Of all instances classified as potential
re-emergence, about 19% to 31% (except 46% for dengue) were
false positives. Our models identified most of the country-level
re-emergence events identified in the literature while missing
a few events that were restricted to smaller geographic areas
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24132 | p.39
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and did not contribute enough disease cases to affect disease
incidence at the country level. In some cases, our models also
identified earlier disease re-emergence events as compared to

the literature, underscoring the utility of our models for early
detection and warning.

Table 1. Random forest performance over 10 nested cross-validation.a
Measure and class

Measles

Cholera

Dengue

Yellow fever

Mean (SD)

Mean (SD)

Mean (SD)

Mean (SD)

RED

0.7100 (0.1015)

0.8100 (0.1197)

0.5411 (0.0436)

0.6914 (0.1270)

Not RED

0.9925 (0.0057)

0.9913 (0.0063)

0.9883 (0.0040)

0.9964 (0.0036)

RED

0.9064 (0.0736)

0.8236 (0.1267)

0.8421 (0.0554)

0.8856 (0.1130)

Not RED

0.9689 (0.0147)

0.9889 (0.0098)

0.9480 (0.0117)

0.9857 (0.0087)

RED

0.7909 (0.0688)

0.8051 (0.0814)

0.6567 (0.0439)

0.7631 (0.0752)

Not RED

0.9805 (0.0075)

0.9901 (0.0046)

0.9677 (0.0060)

0.9910 (0.0037)

RED

0.8546 (0.0601)

0.8129 (0.0971)

0.7557 (0.0425)

0.8278 (0.0781)

Not RED

0.9735 (0.0118)

0.9893 (0.0074)

0.9558 (0.0094)

0.9878 (0.0066)

Precision

Recall

F1

F2

a

RED and not RED represent re-emergence and non-re-emergence classes, respectively.

Evaluation of RED Alert Through Case Studies
RED Alert features 2 primary modes for users to engage with
the application: cumulative and historical analysis. The modes
depend on the user’s access to data and the user’s willingness
to upload data into the application. It is important to note that
any data the user inputs in the form is not stored by the
application at any point. The lowest burden mode to the user is
the historical mode. This mode displays all historic data as
calculated incidence for the user’s defined location. The
cumulative mode is of moderate complexity and is the most
frequently utilized option in RED Alert. This mode requires
that the users know the year they are interested in analyzing as
well as the corresponding case counts. For each disease, the
analytic provides the most appropriate data source depending
on the location. A user selects the cumulative mode if he/she
intends to utilize the tool to explore how the data relate to the
historic collection of case counts. We describe the results of
using RED Alert for a case study for measles. We describe
additional case studies for yellow fever, cholera, and dengue in
Multimedia Appendix 1. The tool is very rich in information
and data, and wherever possible, we have tried to evaluate how
the different facets of the analytic could support different types
of analysis.
For the measles case study, we specified a public health analyst
as the work role and identified the following task for the analyst:
Determine the historical profile of measles in China over the
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past several decades to review the natural temporal fluctuations
in measles, and determine if the reported case count for China
in 2017 is indicative of a re-emergence. Following the selection
of measles from the drop-down menu on the first tab (Figure
1A), the first image seen was a sunburst chart (Figure 1B) that
provided the user information on the various causes of
re-emergence of measles. The causes were broadly categorized
into host, pathogen, and environmental causes, and the user
could obtain further detailed information for each of these
causes. For example, one of the pathogen-specific factors
leading to re-emergence is a new measles type introduced into
an endemic country. The following case study inputs were used
to generate answers to the 3 main questions used for evaluating
the tool: Location—“China,” population data source—Default
World Bank), mode—cumulative, year of interest—2017,
number of cases—3940.
The output was seen in a tabbed format, with the first tab “RED
summary” showing the answers to the 3 primary questions:
Q1, “Does this event represent a possible re-emergence of this
disease?”: The time series (Figure 2A) showed a dip in incidence
in 2011 and 2012 followed by a slight rise in cases in 2013 and
2014 and a steady decrease since then. The legend on the chart
also indicated that the input data did not reflect a potential
re-emergence. When the case count was changed to 150,000,
the chart did change (Figure 2B) and the legend on the chart
indicated a potential re-emergence together with a red dot on
the chart.
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Figure 2. Measles incidence trend analysis and re-emergence detection for China. Panel A shows the case corresponding to 3940 measles cases in
China in 2017 (as in the case study). The model does not predict re-emergence for this case. Panel B shows the case when the number of measles cases
in China are increased to 150,000 in 2017. As this represents a large change in incidence, the model predicts potential re-emergence.

Q2, “What are potential contributing factors?”: A summary
table (Figure 3) showed the range of factors that potentially
contribute to re-emergence, including the values of public health
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indicators that map to causes of RED for measles, for both the
user input year and the median for the recent history (2000 to
present). Harmful or protective values were colored red or blue.
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Figure 3. Potential contributing factors for measles in China.

Q3, “Is there a potential for global re-emergence?”: A dynamic
review of the past 10 years from input year (Figure 4) showed
that global re-emergence likely began around the 2008-2009
timeframe. Interestingly, most experts identified global
re-emergence around the 2011-2012 timeframe, indicating that
RED Alert could have provided earlier warning. Within the past
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5 years from 2017, several countries showed re-emergence of
measles, but the geographic distribution was concentrated in
Eastern Europe and Africa. Myanmar and Bangladesh, which
border China, experienced potential re-emergence of measles
in 2017, but the disease did not travel across the border to elicit
a similar disease event in China.
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Figure 4. Distribution of national measles re-emergence events worldwide.

Thus, RED Alert was able to successfully address the primary
objectives for which it was developed, and provide actionable
information.
The output of the additional analytics was examined on the
“related indicators” tab. Selection of “Immunization, measles
(% of children ages 12-23 months)” for the first plot (Figure
5A) on this tab showed that the measles immunization rate
exceeded 90% and was maintained above the 90% threshold
since 2006, offering a potential reason as to why re-emergence
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was not identified in China. The comparative boxplot (Figure
5B) showed the countries that had an incidence between 50%
and 150% of China’s incidence in 2017, offering a global
context. For example, the chart showed that New Zealand and
China had very similar incidence perhaps due to similar
vaccination rates. This hypothesis could be validated by the
selection of “Immunization, measles (% of children ages 12-23
months)” above the third plot (Figure 5C), which showed
incidence rates and vaccination coverage to be similar within
the past 5 years for New Zealand and China.
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Figure 5. RED Alert’s related indicators tab. Panel A shows relationship between measles incidence and measles vaccination for China. Panel B shows
global comparison of measles incidence. Panel C shows indicator and measles incidence trend for related countries.

Finally, the utility of visual analytics to understand the global
scenario of re-emergence was examined on the “Global
Re-emergence” tab. The first global map (Figure 6A) showed
the incidence in 2017 and the highest incidence values in Africa.
A dynamic review of the past 10 years showed that the incidence
was globally higher 5 years before 2017. The second global
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map showed that measles had been discussed on the international
disease bulletin website FluTrackers across all continents within
the past 2 years (Figure 6B). These maps provided a context to
the 2017 China situation and indicated that global re-emergence
of measles has occurred much earlier.
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Figure 6. RED Alert’s global re-emergence tab. Panel A shows measles incidence worldwide. Panel B shows recent reports of disease occurrence for
measles based on a disease bulletin.

Discussion
Principal Findings
In this paper, we presented RED Alert, a web-based tool that
can provide early warning and detection of infectious disease
re-emergence (not disease emergence). It is designed to help
public health analysts detect and understand disease
re-emergence at both the local (ie, country level) and the global
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scale through contextual data analysis. It uses supervised
machine learning models to detect local disease re-emergence
and visual data analytics to help identify and explore potential
factors contributing to this re-emergence and assess global
situation for potential disease re-emergence. Consistent with
our goal of identifying all potential cases of disease
re-emergence events while allowing some false positives, our
supervised learning models were able to classify 82%-90% of
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the re-emergence cases, however, with 19% to 31% (except
46% for dengue) false positives. A detailed evaluation of the
models used for re-emergence detection is described in [9]. We
have also evaluated the utility of the tool through a number of
case studies. RED Alert contains all the relevant information
to not only provide early warning for potential re-emergence
of disease locally and globally, but also offers causes for it.
Through the diverse visual presentations and data at their
fingertips, RED Alert allows users to verify their hypotheses
about local and global re-emergence, and thus facilitates decision
making in real-time. A user can access this tool as a one-stop
shop for both data and relevant analyses and write a complete
report.
While there are a number of online tools for disease surveillance
[15,16,18], to the best of our knowledge, this is the first tool
that is designed specifically for re-emerging diseases and focuses
on detection of potential re-emergence at both local and global
level as well as identification of potential contributing factors
for the local re-emergence event.
Prior work in disease re-emergence has focused on the
contributing factors of re-emergence. In particular, recent work
has focused on the tremendous impact of climate change [49,50].
Changes to the climate impact almost every facet of disease
transmission from increasing the habitat of disease vectors [51]
to increasing the threat of civil unrest and violence [52], which
in turn destabilizes infrastructure necessary for resiliency to
re-emergence. To complicate this, it is clear that human factors
such as urbanization and international travel also impact disease
re-emergence [5-8]. However, despite the fact that the literature
is clear that there is a complex system at work, the authors have
not been able to find any other work in the data fusion or
visualization space to allow public health experts to actually
interact with the components necessary. Indeed, it is because
of this complex milieu that RED Alert is necessary.
Our hope is that RED Alert can provide actionable information
to public health analysts and decision makers that can be used
for planning purposes. Our tool can provide indications that
disease re-emergence may be occurring in a given region (or
globally) and also help inform the user of possible contributing
factors. This information may be useful in helping better
understand the situation, as well as helping determine possible
mitigations.
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to other diseases, as well as other spatial and temporal scales.
In addition, although the current application is designed for use
on a laptop or desktop computer, we are currently also
developing a mobile app for this tool.

Limitations
RED Alert is the first tool designed for detecting and
understanding disease re-emergence and provides novel analysis.
However, it relies on the availability and quality of data, which
depends upon the public health infrastructure of the country.
Under-reporting is common in biosurveillance systems [53].
While there are some missing data, historical data collected by
the tool are relatively complete. By contrast, there is often some
delay in reporting case counts data to agencies such as the WHO
or PAHO or data collection companies such as Gideon.
Similarly, there is also some delay in the estimation and
availability of population and related indicators on the World
Bank website. This often leads to missing data for many
countries for a couple of recent years. To deal with this, we
allow users to input recent case counts data and use values from
the latest available years for population and related indicators
for analysis purpose. We believe this is reasonable, as this
information is less likely to change significantly in a short
period. However, discrepancies in the data may affect our
analysis.
While it is common in machine learning applications for humans
to label data, due to the lack of the concrete definition of
re-emergence, labeling is a subjective assessment. It may be
possible that the SMEs in our team mislabeled data in some
cases. Further, due to the lack of a concrete quantitative
definition of re-emergence, it is difficult to fully validate our
analysis.

Future Directions
There are many opportunities for future work including adding
more diseases to the tool based on their likelihood of
re-emerging. Currently, the ability to perform the same analysis
at a subnational level is mainly restricted by data availability.
We are working on obtaining data at subnational levels for a
few diseases and countries and plan to make this functionality
available through a mobile app. Re-emergence detection models
can also be improved by using other disease-related factors such
as weather or climate data for mosquito-borne diseases, as
mosquito density depends upon temperature and humidity.

Currently, the tool has data for 4 diseases at the country level
and yearly time scale. However, our methodology is applicable
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Abstract
Background: Twitter has emerged as a novel way for physicians to share ideas and advocate for policy change. #ThisIsOurLane
(firearm injury) and #GetUsPPE (COVID-19) are examples of nationwide health care–led Twitter campaigns that went viral.
Health care–initiated Twitter hashtags regarding major public health topics have gained national attention, but their content has
not been systematically examined.
Objective: We hypothesized that Twitter discourse on two epidemics (firearm injury and COVID-19) would differ between
tweets with health care–initiated hashtags (#ThisIsOurLane and #GetUsPPE) versus those with non–health care–initiated hashtags
(#GunViolence and #COVID19).
Methods: Using natural language processing, we compared content, affect, and authorship of a random 1% of tweets using
#ThisIsOurLane (Nov 2018-Oct 2019) and #GetUsPPE (March-May 2020), compared to #GunViolence and #COVID19 tweets,
respectively. We extracted the relative frequency of single words and phrases and created two sets of features: (1) an
open-vocabulary feature set to create 50 data-driven–determined word clusters to evaluate the content of tweets; and (2) a
closed-vocabulary feature for psycholinguistic categorization among case and comparator tweets. In accordance with conventional
linguistic analysis, we used a P<.001, after adjusting for multiple comparisons using the Bonferroni correction, to identify
potentially meaningful correlations between language features and outcomes.
Results: In total, 67% (n=4828) of #ThisIsOurLane tweets and 36.6% (n=7907) of #GetUsPPE tweets were authored by health
care professionals, compared to 16% (n=1152) of #GunViolence and 9.8% (n=2117) of #COVID19 tweets. Tweets using
#ThisIsOurLane and #GetUsPPE were more likely to contain health care–specific language; more language denoting positive
emotions, affiliation, and group identity; and more action-oriented content compared to tweets with #GunViolence or #COVID19,
respectively.
Conclusions: Tweets with health care–led hashtags expressed more positivity and more action-oriented language than the
comparison hashtags. As social media is increasingly used for news discourse, public education, and grassroots organizing, the
public health community can take advantage of social media’s broad reach to amplify truthful, actionable messages around public
health issues.
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Introduction
Twitter has emerged as a novel way for physicians to organize
and advocate for policy change, and combat misinformation
amid national health crises. One in 5 adults in the United States
uses Twitter, and 75% report using this platform as a news outlet
[1]. When Twitter advocacy campaigns brand their movement
with a hashtag, tagged tweets are easily archived and found,
opening up discussions to users who do not have any personal
connection to the authors.
#ThisIsOurLane and #GetUsPPE are examples of health
care–initiated Twitter movements that went viral. In November
2018, in response to the National Rifle Association’s tweet
asserting that “Someone should tell self-important anti-gun
doctors to stay in their lane…,” Dr Michael Gonzalez coined
#ThisIsOurLane to describe why health care professionals are
involved in firearm injury prevention and treatment [2]. During
the COVID-19 pandemic, Dr Esther Choo initiated #GetMePPE,
later expanded to #GetUsPPE, to raise awareness about critical
personal protective equipment (PPE) shortages [3]. Anecdotes
suggest #ThisIsOurLane influenced societal perceptions of
health care professionals’ role in firearm injury [4], and
#GetUsPPE galvanized attention to hospitals’ unmet PPE needs
[5,6].
Whether online discussions with health care–initiated hashtags
actually differ from contemporaneous discussions of the firearm
injury and COVID-19 epidemics has not been quantified. Nor,
to our knowledge, has the involvement of Twitter users outside
of health care been examined. Understanding the content and
voice of health professionals on social media during public
health crises is essential. Rampant misinformation about health
care online has led to international debates about how best to
change public knowledge and conversations. At the same time,
some experts are bemoaning “infodemics,” in which people are
so overwhelmed by contradictory facts that they become unable
to act to protect themselves and their families [7]. Examining
the content, tone, and types of tweeters involved in health
care–led social media campaigns could inform future efforts
related to data dissemination by the medical and nonmedical
community [8].
To examine the characteristics of these online discussions, we
compared psycholinguistic characteristics (ie, content and affect)
of tweets among two cohorts: contemporaneous tweets regarding
gun violence (comparing tweets with #ThisIsOurLane vs
#GunViolence) and contemporaneous tweets regarding the
COVID-19
pandemic
(#GetUsPPE/#GetMePPE
vs
#COVID19). We hypothesized that messages using health
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care–led hashtags would be more negative in tone (reflecting
frustration and negative directives) but also more actionable in
content (providing solutions) compared with non–health
care–related hashtags, given health care professionals’ personal
stake and proximity to these issues.

Methods
This retrospective cross-sectional study selected a random 1%
sample of publicly available Twitter data containing specific
hashtags from across the United States.

Data
For cohort 1, we identified tweets containing #ThisIsOurLane
(n=38,774) or #GunViolence (n=52,183) between November
7, 2018, and October 13, 2019, given multiple episodes of gun
violence with national attention during this time period. For
cohort 2, we identified tweets with #GetUsPPE or #GetMePPE
(n=39,658) or #COVID19 (n=200,000) between March 17,
2020, and May 20, 2020, which reflects the duration of the
campaign at the time of the analysis. Both study periods began
when the hashtag was introduced. After discarding retweets and
tweets containing only hashtags and user mentions (without any
other words), 7201 #ThisIsOurLane tweets and 21,605
#GetUsPPE/#GetMePPE tweets remained as "cases". Tweets
containing both case and control hashtags were preserved as
cases in the analysis. A random sample of 7201 of the remaining
#GunViolence-only tweets and 21,605 of the #COVID19-only
tweets were selected as comparators for two separate analyses
(Figure 1). Although tweets about gun violence and COVID-19
used other hashtags, these were identified as trending and
potentially the most common around the study period and were
used as comparators.
We used the Python package TwitterMySQL [9], which utilizes
the official Twitter application programming interface (API),
to collect tweets matching at least one of the keywords described
above in real time. We note that the Twitter API limits such
streams to 1% of the total Twitter volume at any given moment.
Similar methods have been used in prior work studying
health-related tweets [10-14].
We obtained Twitter profile descriptions of the users in our data
set using the Twitter API and searched for words indicating
health care professional status using regular expressions (eg,
“doc*,” “medic*,” “surg*”). When processing tweets for this
analysis, we only utilized information publicly available on
users’ Twitter profiles. The University of Pennsylvania
Institutional Review Board deemed the study exempt.
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Figure 1. Study flowchart. API: application programming interface.

Extracting Language Features
After tokenizing the tweets [15], we extracted the relative
frequency of single words and phrases and created two sets of
features: (1) an open vocabulary feature set [16] defined using
the MALLET (Machine Learning for Language Toolkit)
implementation of latent Dirichlet allocation [17], an
unsupervised clustering algorithm, to create 50
data-driven–determined word clusters; and (2) a closed
vocabulary feature set defined as the normalized frequency of
71 psycholinguistic categories among case and comparator
tweets, created with Linguistic Inquiry Word Count dictionary
[18].

Statistical Analysis
Each feature set was input in a logistic regression model, with
“case” (ie, #ThisIsOurLane or #GetUsPPE) as the dependent
variable. In accordance with conventional linguistic analysis,
we used a P value of <.001, after adjusting for multiple
comparisons using the Bonferroni correction, to identify
potentially meaningful correlations between language features
and outcomes. We calculated regression coefficients with the
#GunViolence and #COVID19 (comparator) groups as
references.

Results

professionals, compared to 16% (n=1152) of #GunViolence
and 9.8% (n=2117) of #COVID19 tweets.
The open-vocabulary feature set (ie, content) of #ThisIsOurLane
and #GetUsPPE were more likely to contain language specific
to health care than general tweets using hashtags #GunViolence
and #COVID19 (Figures 2-5). Specifically, #ThisIsOurLane
tweets discussed health care professionals’ advocacy, research,
or appreciation of colleagues, and were more likely to mention
public health and community compared with #GunViolence
tweets. #ThisIsOurLane tweets were less likely to mention
political entities like #NRA and specific events such as #ElPaso.
#GetUsPPE tweets described severe PPE shortages for health
care workers, the need to support patient and staff safety, and
referenced health care workers as heroes. Additionally,
#GetUsPPE tweets included more action-oriented language (ie,
deliver, sign, support) compared with #COVID19 tweets.
Analysis of closed-vocabulary associations (ie, psycholinguistic
categories) demonstrated that tweets with #ThisIsOurLane or
#GetUsPPE contained more language associated with health,
positive emotions, affiliation, and group identity compared to
tweets with #GunViolence or #COVID19, respectively (Figure
6). General tweets about gun violence and the COVID-19
pandemic contained more words associated with negative
emotions or anger than tweets with health care–initiated
hashtags.

In total, 67% (n=4828) of #ThisIsMyLane tweets and 36.6%
(n=7907) of #GetUsPPE tweets were authored by health care
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Figure 2. Words associated with #ThisIsOurLane tweets compared to #GunViolence. Beta indicates the strength of association of each word with
respective groups and color indicates frequency. All words are statistically significant at p<.05, Benjamin Hochberg correction.
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Figure 3. Words associated with #GetUsPPE tweets compared to #COVID19. Beta indicates the strength of association of each word with respective
groups and color indicates frequency. All words are statistically significant at p<.05, Benjamin Hochberg correction.
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Figure 4. Highly correlated topics with mention of #ThisIsOurLane vs. #GunViolence. Beta indicates the strength of association of each topic. Top
words and example paraphrased tweets for each topic are shown. Topics are statistically significant at p<.05, Benjamin Hochberg correction.

Figure 5. Highly correlated topics with mention of #GetUsPPE vs. #COVID19. Beta indicates the strength of association of each topic. Top words and
example paraphrased tweets for each topic are shown. Topics are statistically significant at p<.05, Benjamin Hochberg correction.
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Figure 6. Linguistic correlates of health care–led Twitter hashtag campaigns (#ThisIsOurLane and #GetUsPPE/#GetMePPE) compared with general
ones (#GunViolence and #COVID19). Positive beta indicates a strong correlation of the linguistic category with the case compared to the control tweets.
*“Power” was not significant at P<.001 for cohort 1.

Discussion
Principal Findings
This study demonstrates not just the reach but also the
inclusiveness and uniqueness of tweets containing health
care–led hashtags about commonly discussed health care
epidemics. Consistent with our hypotheses, tweets containing
health care–led hashtags differed qualitatively and quantitatively
from other tweets on the same topic during the same time period,
albeit not in the way that we predicted. Tweets with
#ThisIsOurLane and #GetUsPPE expressed more positivity and
a greater sense of group affiliation than comparison hashtags
led by the general public. Both #ThisIsOurLane and #GetUsPPE
tweets contained more actionable language such as “research,”
“prevention,” and “support.“
Social media’s potential as a platform for enhancing health
discussions is frequently discussed [19,20]. Some authors have
even urged the use of social media to develop grassroots “new
power” movements that can combat mistruths in science and
public health [21]. Others have described the potential utility
of specific health care–led tweets for disseminating factual
information [22]. Our analysis supports that health care–led
hashtags contribute unique, actionable content and tone to
national discussions about health, and can create new, inclusive
movements that provide opportunities for health care
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professionals and non–health care–based individuals. Although
we did not examine the relative prevalence of facts versus
misinformation between the two sets of hashtags, the results of
our study offer further evidence of the value of using Twitter
to shape and build support for public health movements.
Prior literature demonstrates social media’s potential for
reaching new groups regarding issues in medicine and public
health. However, few previous studies have characterized
whether the content of social media campaigns initiated by the
health care community are truly unique. For example, TikTok
videos about COVID-19 accumulated over 1 billion views;
however, an analysis of these videos reports that only a small
portion were led by health care professionals, and that
few—even those developed by the World Health
Organization—included actionable tools to prevent or handle
the pandemic [23,24]. Another study reported that a Twitter
campaign to raise skin cancer prevention awareness led to nearly
12 million impressions on social media [25] but did not examine
content or tone of shared posts. Still, others have demonstrated
that health-related content on social media reflects local public
health concerns and sentiments but have not examined the
relative contribution of health care– versus non–health care–led
hashtags [26-28]. Our work is therefore unique in examining
not only the number of posts but also what differentiated them
from non–health care–led posts on the same topics at the same
time.
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A particularly noteworthy finding from our study is the positive
tone and action-oriented content of tweets with health
care–initiated hashtags. This finding differs from our
expectations: we hypothesized that health care professionals
would be sharing the truth about firearm injury and COVID-19,
and that these realities would be negatively valenced. The
finding of positive tone, even on difficult issues, may reflect
societal expectations of professionalism from medical experts
[29,30]. It may also reflect health care professionals’ desire to
motivate action in others: positive affect and positive tone both
increase the acceptability and efficacy of behavioral
interventions [31,32]. Indeed, some work has specifically
provided guidance to health care and public health professionals
on how to avoid or manage “trolls” [33]. Future work should
examine whether successful hashtag campaigns are more
positive than unsuccessful campaigns.
Establishing hashtags makes health care professionals’
conversations more accessible to the nonmedical community
and can be used to cultivate momentum around public health
campaigns that carry educational and actionable content. Despite
#ThisIsOurLane and #GetUsPPE being initiated and more
commonly used by health care professionals, people outside of
health care also commonly tweeted with these terms. Based on
hashtag categories developed by Saxton et al [34],
#ThisIsOurLane and #GetUsPPE are public education and
call-to-action hashtags, which are most likely to be retweeted,
and therefore most effective for online advocacy.
Future work should examine the characteristics of successful
hashtag development and dissemination, as how to best create
and shepherd these discussions is undetermined. Based on the
origin story of #GetUsPPE and #ThisIsOurLane, a successful
movement likely does not depend on derivation from a large
company or influential organization. Instead, as Twitter

Ojo et al
increasingly serves as a news source for the general public [35],
it offers a platform for average health care professionals to both
spread facts and increase action on critical public health issues.
Some works in the literature have developed best practices for
successfully using health care hashtags to increase audience
engagement [34]. Although the United States’ Centers for
Disease Control and Prevention has guidelines on Twitter use
for health communication, initial analyses suggest mixed
efficacy of their Twitter campaigns [36]. To inform others’
work, future research should examine in more detail which
characteristics of #ThisIsOurLane and #GetUsPPE enabled
coalescence of a larger community.

Limitations
Limitations to this analysis include the correlational and
noncausal nature of the results. This study cannot comment on
whether health care–led hashtag campaigns introduced new
thoughts on national health issues, as we did not review tweets
from health care professionals about gun violence or the
COVID-19 pandemic before the hashtags were introduced.
Additionally, the magnitude of the influence of tweets with
health care–led hashtags is not characterized. Finally, our
analysis did not account for the voice of patients and survivors,
who have previously been shown to have a powerful role on
Twitter.

Conclusion
Historically, health care professionals play defining roles in
social justice and public health movements. Health care–led
hashtag campaigns are positive, actionable, and portray a united
front in developing solutions to pressing public health issues.
The #ThisIsOurLane and #GetUsPPE movements exemplify
how online media can influence 21st-century social dialogues
about disease, injury, and prevention.
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Abstract
Background: Real-time, rapid assessment of barriers to care experienced by patients can be used to inform relevant health care
legislation. In recent years, online communities have become a source of support for patients as well as a vehicle for discussion
and collaboration among patients, clinicians, advocates, and researchers. The Breast Cancer Social Media (#BCSM) community
has hosted weekly Twitter chats since 2011. Topics vary each week, and chats draw a diverse group of participants. Partnering
with the #BCSM community, we used Twitter to gather data on barriers to care for patients with metastatic breast cancer and
potential policy solutions. Metastatic breast cancer survival rates are low and in large part conditioned by time-sensitive access
to care factors that might be improved through policy changes.
Objective: This study was part of an assessment of the barriers to care for metastatic breast cancer with the goal of offering
policy solutions for the legislative session in California.
Methods: We provided 5 questions for a chat specific to metastatic breast cancer care barriers and potential policy solutions.
These were discussed during the course of a #BCSM chat on November 18, 2019. We used Symplur (Symplur LLC) analytics
to generate a transcript of tweets and a profile of participants. Responses to the questions are presented in this paper.
Results: There were 288 tweets from 42 users, generating 2.1 million impressions during the 1-hour chat. Participants included
23 patient advocates (most of whom were patients themselves), 7 doctors, 6 researchers or academics, 3 health care providers (2
nurses, 1 clinical psychologist), and 2 advocacy organizations. Participants noted communication gaps between patient and
provider especially as related to the need for individualized medication dosing to minimize side effects and maximize quality of
life. Timeliness of insurance company response, for example, to authorize treatments, was also a concern. Chat participants noted
that palliative care is not well integrated into metastatic breast cancer care and that insurance company denials of coverage for
these services were common. Regarding financial challenges, chat participants mentioned unexpected copays, changes in insurance
drug formularies that made it difficult to anticipate drug costs, and limits on the number of physical therapy visits covered by
insurance. Last, on the topic of disability benefits, participants expressed frustration about how to access disability benefits. When
prompted for input regarding what health system and policy changes are necessary, participants suggested a number of ideas,
including expanding the availability of nurse navigation for metastatic breast cancer, developing and offering a guide for the
range of treatment and support resources patients with metastatic breast cancer, and improving access to clinical trials.
Conclusions: Rapid assessments drawing from online community insights may be a critical source of data that can be used to
ensure more responsive policy action to improve patient care.
(JMIR Public Health Surveill 2021;7(1):e23178) doi:10.2196/23178
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Introduction
Web-based social media platforms have changed the face of
support networks, breaking down the barriers of distance, time,
and physical limitations to bring together diverse voices in a
common cause. For social scientists interested in hearing current
conversations from social networks, these platforms offer access
to a sample of engaged key informants and a way to generate
rapid insights. Twitter has been increasingly used to carry out
public health research such monitoring diseases and outbreaks,
gauging public opinion to emerging health threats, and
implementing health education campaigns [1-6]. Prior work
suggests that Twitter may aid policy-makers engage their
constituents beyond what is possible through in-person meetings
or passive communication (eg, listservs, newsletters) [4,5,7-9].
A growing number of patients use Twitter to connect with their
peers as well as clinicians and researchers for information,
psychosocial support, and research and advocacy opportunities;
patients treated for breast cancer are one of the most engaged
groups on social media platforms for this purpose [1,10-15].
Breast cancer is the most commonly diagnosed cancer among
women in the United States, with approximately 276,000 women
diagnosed each year [16]. Metastatic breast cancer, or stage 4
breast cancer, occurs when breast cancer spreads to other sites,
most commonly the lungs, liver, bones, and brain. Patients with
metastatic breast cancer are usually on some form of treatment
for their remaining lifespan, which may include hormone
blockade, targeted therapy, chemotherapy, immunotherapy,
surgery, or radiation therapy. While there have been
improvements in treatment options available to individuals with
metastatic breast cancer, there is no cure and every year, in the
United States, approximately 42,000 women will die from breast
cancer [16]. Because of the intensity of the disease and its
treatment, patients with metastatic breast cancer must stay
engaged in the health care system and in close contact with their
treatment team to receive timely care tailored to their specific
needs and preferences.
The Twitter Breast Cancer Social Media (#BCSM) community
was cofounded by two breast cancer patient advocates in 2011
and is the first and longest-running cancer support community
on Twitter. The #BCSM community hosts weekly tweet chats
(live Twitter events) using the #BCSM hashtag to provide
information and virtual support to all impacted by breast cancer.
Topics vary each week, and a diverse community of patients
(eg, men and women, early and late stage disease), doctors and
other health care providers, researchers, and representatives
from advocacy organizations participate [1]. Recognizing that
online patient communities can be a valuable source of timely,
real-world data [17,18], which can guide policy change, the
study team partnered with the #BCSM community to host a
Twitter chat to gather data on barriers to care and potential
policy solutions for patients living with metastatic breast cancer.
Barriers to care are factors that impede or limit a patient’s access
to health care services [19,20]. The study aimed to collect
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information on the experiences of patients living with metastatic
breast cancer, health care providers, advocates, and support
service providers who work with patients with metastatic breast
cancer. This study was part of a larger initiative to gather
stakeholder input in informing policy proposals to improve care
for women with metastatic breast cancer for the next California
legislative session, thus the timeliness of data gathering was
critical. Our objective was to assemble a list of priority areas
and policy recommendations to improve metastatic breast cancer
care from chat participants on Twitter who have been highly
engaged in breast cancer care advocacy, research, and care
delivery. These recommendations will be included in a report
intended for policy makers who are looking for ways to improve
metastatic breast cancer care.

Methods
The University of California, Los Angeles institutional review
board determined that the study was exempt from review due
to the public nature of conversations held on Twitter. The study
team designed 5 questions to solicit input about metastatic breast
cancer care barriers and potential policy solutions. These
questions were informed by prior research on barriers to care
for women with earlier stage breast cancer [21], a literature
review conducted for this study, and feedback from key
stakeholders on metastatic breast cancer. We worked with
#BCSM comoderator (since 2011) and study partner (DJA), to
identify the ideal number of questions and wording for the chat
questions so that questions could be asked within a 1-hour
timeframe.
The questions were posted on November 13, 2019 on a breast
cancer information blog maintained by author DJA that was
shared on Twitter with the #BCSM tag to prepare and inform
likely participants of the scheduled 1-hour Twitter chat on
November 18, 2019. The questions were (1) What are some of
the most significant health care communication barriers faced
by patients with metastatic breast cancer? (2) What are the
palliative care barriers faced by those with metastatic breast
cancer? (3) What are the financial challenges faced by patients
w with metastatic breast cancer? (4) What are barriers to
obtaining disability? (5) What health system or policy changes
would you suggest to improve the care experience for patients
with metastatic breast cancer?
During the introduction portion of the chat, participants were
informed by the moderator (DJA) that their tweets would be
used for a research study, and those who did not want to
participate in the study should not tweet using the #BCSM
hashtag for the 1-hour duration of the scheduled chat. This
study’s principal investigator (NP) was introduced at the start
of the chat and was an active participant in the discussion.
During the chat, the moderator posted the 5 questions
sequentially and allowed for conversation and questions, per
usual tweet chat routine.
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Publicly available information from Symplur (Symplur LLC),
a health care focused Twitter database and analytics company,
was used to generate a transcript of tweets from the 1-hour chat.
Only tweets that were in direct responses to each of the posed
questions (ie, no retweets or off-topic entries) were evaluated.
All direct and unique responses to each question were compiled
for presentation in the paper by one author (RS) and checked
by another author (AS). Symplur Signals (Symplur LLC) was
used to categorize participants into the following groups: doctor,
health care provider (not doctor), patient advocate, advocacy
organization, health care organization, or research/academic.
For health care stakeholders classified in more than one
category, a manual review of Twitter profiles was performed
to determine the category in which the participant best fit. We
include the category of each participant for each Twitter chat
response to help readers understand the perspective or
experience of each participant.

Results
During the course of the 1-hour chat, there were 288 tweets
from 42 unique participants. This generated 2.1 million
impressions (a measure of tweet reach, indicating potential
views). Participants included 23 patient advocates (most of
whom were further identified as patients with breast cancer
based on their Twitter profiles), 7 doctors, 7
researchers/academics, 3 health care providers (2 nurses, 1
clinical psychologist), and 2 representatives of advocacy
organizations (Table 1). Based on their Twitter biographies,
participants resided in the United States (n=40), Canadian (n=1),
and unknown (n=1). More granular geolocation data were not
available for all of the participants to further identify each
participant’s city or state of residence.

Shimkhada et al
Representative tweets generated by the participants in response
to each of the questions are shown in Table 2, and full results
of the Twitter chat are shown in Multimedia Appendix 1. The
first question inquiring about communication barriers to care
generated numerous responses such as communication gaps
between patient and provider, especially regarding
communicating disease progression and quality of life.
Timeliness of insurance company response, for example, to
authorize treatments, was also a concern.
The second question focused on palliative care, which includes
the management of the side effects of treatments and treatment
of the symptoms of disease to optimize quality of life. Palliative
care includes a number of domains of care: physical, social,
cultural, emotional, spiritual, structural, psychological, and end
of life [22]. In their responses, chat participants noted that
palliative care is not well integrated into metastatic breast cancer
care and that insurance company denials of coverage for these
services were common. Regarding financial challenges, chat
participants mentioned unexpected copays, changes in insurance
drug formularies that made it difficult to anticipate drug costs
year to year, and limits on the number of physical therapy visits
covered by insurance. On the topic of disability benefits,
participants expressed frustration that there is a lack of clear
guidance available on how to access disability benefits. When
prompted for input regarding needed health system and policy
changes, participants suggested expanding the availability of
nurse navigation for metastatic breast cancer, developing a guide
for the range of treatment and support resources for patients at
the time of metastatic breast cancer diagnosis, and improving
access to clinical trials, specifically, reimbursing the cost of
travel and accommodations to and from the trial site.

Table 1. Description of #BCSM community Twitter chat participants.

a

Participant type

Participants (N=42), n (%)

Tweets, n (%)

Patient or advocate

23 (55)

129 (45)

Doctora,b

7 (17)

125 (43)

Researcher/academic

7 (17)

18 (6)

Health care provider

3 (7)

6 (2)

Advocacy organization

2 (5)

10 (4)

Total

42 (100)

288 (100)

Includes #BCSM chat moderator (n=99 tweets).

b

1 participant classified as a doctor is a practicing doctor and a patient with breast cancer in remission.
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Table 2. Questions and representative responses from participants regarding barriers to care for metastatic breast cancer and potential policy solutions.
Question

Participant tweet

What are some of the most significant health care communication
barriers faced by patients with
metastatic breast cancer?

MBC pts often try to look as good as possible at their onc appts and may not report QOL issues unless oncologist
asks. Some don’t ask. [Patient advocate]
Big communication issue is communication style – pt usually has a preference for how detailed they want their
[oncologist]. to be. Need to discuss this up front. Otherwise pt often seeks new onc. [Patient advocate]
I have family members who have been diagnosed with early stage breast cancer and they were unaware that
~20-30% of early stage breast cancers will become MBC. I think this may be a communication gap to patients
[Patient advocate]

What are the palliative care barriers Palliative care is not always discussed with patients and not explained well. For a long time I thought palliative
faced by those with metastatic breast care and hospice were synonymous. [Patient advocate]
cancer?
My plan’s Palliative Care Team is still figuring out what they do for a living. Right now focus is mainly advanced
directives and pain meds [medications]. Should get better but not yet. [Patient advocate]
A hospital or cancer center having onsite palliative care or ability to have access to Palliative Care is a huge
issue for countless patients. Many are referred to pain clinics which are NOT the same at all. There is an
alarming shortage of/access to Palliative Care. [Patient advocate]
What are the financial challenges
faced by patients with metastatic
breast cancer?

Surprise co-pays for new therapies once the line of therapy is established. Then scrambling for payment assistance
when already stressed by progression. [Patient advocate]
Was recently told that I could not continue PT [physical therapy] because I had already had 35 and anything
beyond would be out of pocket. So now I either pay for PT or just wait until January. [Patient advocate]
To make matters worse/more frustrating - for treatment meds taken at home... Many private insurers change
their formulary lists twice/year…MD [doctor] offices often can't keep up with those changes & pts find out after
the fact. [Health care provider]

What are barriers to obtaining disability?

Big barrier to getting disability is the pt doesn’t know the process of applying if employed, small companies
don’t know what to do. [Patient advocate]
There are lots of people who are contract workers (especially in high tech). They don’t have disability insurance
as aren’t aware of state disability. [Patient advocate]
A lot of times pts have to be off of work consecutively for 12 weeks before their application is looked at. And
you have to exhaust all of your benefit time as well. [Advocacy organization]

What health system or policy
changes would you suggest to improve the care experience for patients with metastatic breast cancer?

Besides patient centered dosing, we need to make it easier to be in clinical trials without requiring expensive
travel costs to pts. We limit who can be in a trial by pts who are unable to pay for travel. [Patient advocate]
Would love for [insurance] companies to have a separate group just for metastatic (maybe unrealistic) but
would have training and understand the unique needs of that group. [Patient advocate]
Maybe it would be a good idea to have a national nurse navigator organization that would work like a hotline.
So even remote access. [Patient advocate]

Discussion
In partnership with an online breast cancer community, we
identified several areas where legislation, policy change, or
greater investment of resources can be made to improve
metastatic breast cancer care. Many of the barriers to care relate
to communication, care coordination, and insurance
authorization. This study was part of an assessment of the
barriers to care for metastatic breast cancer with the goal of
offering policy solutions for the legislative session in California.
Chat participants engaged in conversations around
communication barriers, echoing the need to lift communication
and care coordination barriers from the patient-provider
relationship [23]. Chat participants noted that patients with
metastatic breast cancer, compared to patients with
nonmetastatic disease have treatment decision preferences that
focus far more on quality of life [24,25], and may benefit from
protocols that require routine reporting of quality of life to
providers. Furthermore, improved access to nurse navigation
for patients with metastatic cancer could reduce the burden of
care coordination on the patient and their caregiver.
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Chat participants noted a number of difficulties with insurance
approval of treatments. Step therapy or a fail-first protocol is
an insurer's policy that requires a patient to try therapies in a
specific order (ie, try a less expensive generic or biosimilar
version of a therapy before moving up a step to the more
expensive therapy). These processes could impose barriers to
access and delays in receiving the most effective treatment [26].
For patients with metastatic breast cancer who face a 5-year
survival rate of only 27% [16], fail-first protocols are especially
penalizing, protracting access to a drug that may be preferred
by the patient and covered by the patient’s insurer, thus dually
harming the health and financial well-being of women with
metastatic breast cancer. There are currently 8 states (Arizona,
Colorado, Illinois, Louisiana, Maryland, Minnesota, North
Dakota, and Texas) that have laws restricting the use of step
therapy or prior authorization protocols for patients with stage
4 or metastatic cancer; other states are considering similar
legislation [27].
Even when coverage for a particular treatment is approved by
insurance, cost of the medication or service remains a concern
as the patient is responsible for copayment for the treatment set
forth by the plan design. Financial concerns and barriers were
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(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
expressed by patients in our chat. Given that many metastatic
breast cancer medications are specialty or in the tie of high-cost
drugs, patients are responsible for a greater share of the cost
compared to that for nonspecialty drugs. This is particularly a
burden for patients who are covered by high-deductible health
plans [28].
Disease progression is one of several patient factors associated
with financial distress [29], and patients with metastatic breast
cancer may wish to address costs at the time of treatment
decisions [30]. The American Society of Clinical Oncology
encourages cost discussions between patients and providers
[31]. The increased focus on value-based care as well as
attention to financial toxicity experienced by patients undergoing
treatment for cancer has made it even more important that
clinicians take on a role of financial advocate for their patients,
although this is an area where physicians do not always feel
comfortable [32-35]. There are calls for more incentives for
cost discussions and subsequent reduction in financial burden
among patients using the personal spending burden (measured
as personal expenditures for health care relative to income) as
a quality-of-care metric [36] and calls to enact reform that makes
cost transparent to patients in the prior authorization process
[37]. Other efforts to lower costs to patients include the
enactment of oral chemotherapy parity laws to limit patient
out-of-pocket costs in line with intravenous administered drugs.
For example, in 2018 California Assembly Bill 1860 [38] capped
patients’ out-of-pocket costs for oral chemotherapy to US
$250/month per drug. A federal bill, the Cancer Drug Parity
Act [39], seeks to bring parity in oral and intravenous
chemotherapy to all states in the US.
Tweet chat participants noted that palliative care was often not
discussed or there were restrictions regarding participation.
California improved access to palliative care with the
introduction of Senate Bill 1004 [40] in 2014, which required
the California Department of Health Care Services to expand
community-based palliative care services to its Medicaid
beneficiaries. However, while the bill was a major step forward
for patients with advanced diseases such as metastatic breast
cancer in terms of access to palliative care, patients may be
underusing these services due to lack of referral or appropriate
care coordination by their oncologist and misconceptions
regarding palliative care versus hospice or end-of-life care. In
addition, there may be potential language and cultural barriers
[41,42].
Barriers to accessing disability benefits also emerged during
the chat. The federal 2019 Metastatic Breast Cancer Access to
Care Act [43] would waive the current waiting periods for
federal disability benefits of 5 months for Social Security
disability benefits and 2 years for Medicare for those younger
than 65 years. While the bill, if enacted, would lift the wait to
access benefits, tweet chat participants mentioned a need for
improved awareness in applying for disability programs and
knowing what is available to them. Patient navigation and
support communities may offer opportunities for improving
literacy in accessing benefits and financial support [44].
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Metastatic breast cancer advocates have continued to press for
meaningful changes in policy to improve care through virtual
lobbying and awareness efforts. Decisions regarding the
Metastatic Breast Cancer Access to Care Act [43] and the
Cancer Drug Parity Act [39] had still not been made (as of the
time this paper went to press). While these two federal bills are
important steps forward, state mandates and local health system
policy shifts may be able to bring consequential changes to
access and costs through changes in prior authorization practices
and support programs.
Our analysis has several limitations. The participants in the chat
were not randomly selected; those who took part in the
discussions were likely those most familiar with Twitter and
the weekly #BCSM chats and adept at the chat format. We do
not know the geographic location, age, or disease severity of
the participants. Participants in online breast cancer communities
may not be representative of the average patient population
[45]. We only used one particular hashtag, #BCSM, to link our
tweets during the chat; there are other hashtags related to
metastatic breast cancer that we did not include but might have
improved engagement. Stakeholder characterization was based
on self-reported information (in a Twitter user’s biography) and
a proprietary (Symplur LLC) algorithm. Further work is needed
to determine how to best utilize the information discussed by
patients on various social media platforms to thoughtfully inform
public policy decisions. Despite these limitations, our findings
suggest that Twitter can be an important source of timely data
on the struggles and barriers being faced by patients with cancer
and other health conditions.
This Twitter chat elicited a number of policy or program ideas
that may improve barriers to care for patients with metastatic
breast cancer. Multiple participants reported the lack of patient
navigation for metastatic breast cancer and felt a policy priority
could be to initiate a navigation program, hotline, or guide for
all services available to a patient undergoing treatment. One
participant felt metastatic cancers are so different from
nonmetastatic cancers that there might be a need for physician
groups who treat just metastatic cancers. Another participant
mentioned clinical trial access might be improved if travel costs
to and from trial sites were covered. Participants noted the need
for policies related to improving palliative care and better
quality-of-life reporting. Participants also noted financial and
insurance barriers that might be addressable through health
mandates, such as restricting formulary switching so that
medications remain covered by insurance once a patient starts
the treatment, limiting restrictions on number of physical therapy
visits, and limiting surprise copayments. All recommendations
brought up by #BCSM Twitter chat participants are included
in a report that will be disseminated to policy makers working
to improve timely access to care for women living with
metastatic breast cancer in California.
Rapid assessments drawing from various online patient
communities, not just those focused on cancer, may provide
critical, timely information that can be used to ensure more
responsive policy action. This has become even more important
as the health care system adjusts in response to the COVID-19
pandemic.
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Abstract
Background: HIV disproportionately affects men who have sex with men (MSM) in China. The HIV epidemic is largely driven
by unprotected anal sex (ie, sex not protected by condoms or HIV pre-exposure prophylaxis [PrEP]). The possible association
between unprotected anal sex and the use of geospatial networking apps has been the subject of scientific debate.
Objective: This study assessed whether users of a gay geospatial networking app in China were more likely to use condoms
when they met their partners online versus offline. A case-crossover analysis, with each person serving as his own control, was
employed to address the potential bias that men looking for sex partners through an online dating medium might have inherently
different (and riskier) patterns of sexual behavior than men who do not use online dating media.
Methods: A cross-sectional survey was administered in 2018 to adult male users of Blued—a gay geospatial networking app—in
Beijing, Tianjin, Sichuan, and Yunnan, China. A case-crossover analysis was conducted among 1311 MSM not taking PrEP who
reported engaging in both unprotected and protected anal sex in the previous 6 months. Multivariable conditional logistic regression
was used to quantify the association between where the partnership was initiated (offline or online) and the act of unprotected
anal sex, controlling for other interval-level covariates. Four sensitivity analyses were conducted to assess other potential sources
of bias.
Results: We identified 1311 matched instances where a person reported having both an unprotected anal sex act and a protected
anal sex act in the previous 6 months. Of the most recent unprotected anal sex acts, 22.3% (292/1311), were initiated offline. Of
the most recent protected anal sex acts, 16.3% (214/1311), were initiated offline. In multivariable analyses, initiating a partnership
offline was positively associated with unprotected anal sex (odds ratio 2.66, 95% CI 1.84 to 3.85, P<.001) compared with initiating
a partnership online. These results were robust to each of the different sensitivity analyses we conducted.
Conclusions: Among Blued users in 4 Chinese cities, men were less likely to have unprotected anal sex in partnerships that
they initiated online compared with those that they initiated offline. The relationship was strong, with over 2.5 times the likelihood
of engaging in unprotected anal sex in partnerships initiated offline compared with those initiated online. These findings suggest
that geospatial networking apps are a proxy for, and not a cause of, high-risk behaviors for HIV infection; these platforms should
be viewed as a useful venue to identify individuals at risk for HIV transmission to allow for targeted service provision.
(JMIR Public Health Surveill 2021;7(1):e17173) doi:10.2196/17173
KEYWORDS
HIV; case-crossover study; dating apps; geosocial networking apps; men who have sex with men; sexual risk behavior
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Introduction

anal sex partners who were male between MSM who used
partner-seeking mobile apps and those who did not [19].

HIV disproportionately affects men who have sex with men
(MSM) in China [1]. In 2014, a national meta-analysis reported
a pooled 7% prevalence of HIV among MSM in China [2]. In
Beijing, a cohort study [3] of MSM found an annualized HIV
incidence of 5.9 per 100 person-years—an alarming level,
similar to intense HIV epidemics among MSM in Thailand [4],
South Africa [5], and the southern United States [6]. According
to data from China’s national sentinel surveillance system, the
HIV prevalence among MSM increased from 6% to 8% from
2010 to 2014 [7]. MSM in China represented 12% of new case
diagnoses in the country in 2010 and 26% of new case diagnoses
in 2014 [8]. MSM is the only risk group with increasing HIV
diagnoses, and the estimated HIV incidence was higher for
MSM in China than for any other key population [7]. The
heightened risk of HIV infection among MSM is largely driven
by unprotected anal sex (ie, intercourse not protected by
condoms or HIV pre-exposure prophylaxis [PrEP]). Unprotected
anal sex is one of the most efficient modes of HIV transmission,
yielding a 17-times higher per-act transmission probability than
vaginal sex [9,10].

More recently, a study in China investigated the impact of the
use of a geospatial networking app on incident HIV infection
using longitudinal data from a cohort of MSM, finding that
incident infection in the follow-up period was associated with
ever using a dating app (but, interestingly, not with recent app
use) [22]. A shortcoming of the study, and the others mentioned
previously that examined the association between app use and
HIV infection, is that a substantial source of confounding—the
intention to have unprotected sex—was not adequately
accounted for. As we elaborate using a directed acyclic graph
in Figure 1, if one hypothesizes that exposure to a geospatial
networking app causes an increase in HIV risk behaviors, which
in turn causes increased HIV incidence, then intention to have
unprotected sex (in dashed boxes with bold text) is a confounder
because it is associated with both the exposure of interest (one
reason that a person might download and use a geospatial
networking app is their intention to have unprotected sex) and
the outcome of interest (intention to have unprotected sex
increases HIV risk, which in turn causes increased HIV
incidence). Therefore, not accounting for this variable
adequately would result in the observation of a spurious
association, even in the event that the underlying variables of
interest (ie, use of geospatial networking apps and HIV
incidence) were not associated. Without taking intention to have
unprotected sex into account, there is no way to determine
whether using a dating app increases risk or (alternative
hypothesis) people are using the dating app because they
intended to have unprotected sex before they even downloaded
it. To evaluate a potential causal association, a study design was
needed to address the inherent selection bias that imbalances a
comparison between men who choose to use dating apps and
those who do not. The case-crossover design is one mechanism
to address this potential bias in that each person serves as his
own control, and the comparison is between the types of sexual
activity during periods of exposure (with a partner met online,
through a dating app or website) and the types of sexual activity
in nonexposure periods (with a partner met offline).

An association between meeting partners through geospatial
networking apps (eg, dating apps or “hook-up” apps) and having
unprotected anal sex has been hypothesized [11-19]. As
smartphone ownership grows increasingly ubiquitous worldwide
[20], including in China where there are currently over 800
million smartphone users (more than one-half of the population)
[21], there is concern that, if true and causal, such an association
might contribute to increased levels of HIV transmission. Studies
that have sought to explore this have produced mixed results:
some studies conducted among MSM linked the use of
geospatial networking apps to high-risk sexual behavior and
adverse sexual health outcomes [11-17], but others found no
association [18,19]. Mixed results have also been reported in
China specifically, where one study reported a higher prevalence
of HIV in MSM who met sex partners through the internet [17],
while another found no difference in the number of condomless

Figure 1. Directed acyclic graph showing the hypothesized pathway from geosocial networking (GSN) app use to sexual risk behavior and incident
HIV infection, highlighting the unmeasured confounding effect of intention to have unprotected sex.
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Therefore, we used a case-crossover approach in order to assess
whether users of a geospatial networking app in China were
more likely to have sex not protected by condoms when they
initiated partnerships online versus when they initiated
partnerships offline. We used data from a cross-sectional study
[23] conducted among users of Blued, the largest gay geospatial
networking app in the world, with over 40 million registered
users in China [24].

Methods
Recruitment
A cross-sectional survey was administered from May 6 to 17,
2018, to adult (≥18 years of age) Blued app users who were
male at birth and located in Beijing, Tianjin, Sichuan, or
Yunnan, China. Recruitment was conducted through the built-in
advertising functions within the Blued app, which included
pop-up messages, clickable links, banner advertising, and text
message notifications. Text message notifications were sent to
631,963 randomly selected Blued users. Advertisements were
designed by the study team and implemented by collaborators
at Blued. A total of 34,701 Blued users clicked the link to the
survey webpage. Advertisements asked potential participants
if they would like to participate in a short research survey.
Participants who clicked on the advertisements were taken to
a survey platform designed by Sojump within the Blued app,
which provided information about the study and a way to
navigate to the eligibility screener. All eligible participants were
consented electronically before completing the online survey,
which was administered using the Sojump survey platform.
Although 6040 Blued users initiated the survey process, 1368
of them did not complete the informed consent or did not meet
the screening criteria, leaving 4672 participants eligible for
these analyses. For analysis, data were exported from Sojump
and stored on an encrypted computer at Blued in Beijing.
Ethical approval was provided by China’s National Center for
AIDS/STD Control and Prevention (NCAIDS) (KX180117492),
which is registered with the US Office for Human Research
Protections (IRB0000227) and has a Federal Wide Assurance
(FWA00002958).

Measures
In the survey, participants were asked to describe their last sex
acts involving anal sex with condom use and without condom
use, respectively. This allowed us to create a “case interval”
(ie, last act of unprotected anal sex) and a “control interval” (ie,
last act of protected anal sex) for each individual participant.
The survey also collected other characteristics of the sex act
(ie, interval-level characteristics), including where participants
initiated the partnership (online [eg, through Blued or another
app or website] or offline [eg, through friends, at a bar, in a
park]), the partnership type (ie, main or committed partner,
casual partner with multiple sex acts, or casual partner with a
single sex act [one-time]), the participant’s knowledge of the
partner’s HIV status (ie, negative, positive, or unknown status),
the participant’s role in anal sex (ie, receptive, insertive, or
both), and the participant’s engagement in substance use (eg,
alcohol or illicit drugs) before sexual intercourse.
http://publichealth.jmir.org/2021/1/e17173/
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The survey also collected data regarding the participant’s
demographic characteristics, sexual identity, substance use in
the past 6 months (rush poppers, methamphetamine,
methylenedioxymethamphetamine, gamma-hydroxybutyrate,
ketamine, and ecstasy), sexually transmitted infections (STIs)
in the past 6 months, and HIV status.

Statistical Analysis
Primary Analyses
The objective of the study was to test the association between
the use of an online dating medium for finding sex partners and
engagement in unprotected anal sex (without the use of condoms
or PrEP). We used a case-crossover analysis to isolate the effect
of initiating partnerships online (versus offline) on engagement
in unprotected anal sex by comparing instances where men
initiated partnerships through an online dating medium with
instances where they initiated partnerships through an offline
medium. Survey respondents who reported always or never
using condoms during anal sex in the past 6 months were
excluded because they were not informative with respect to the
effect of meeting partners online or offline. In addition,
respondents who were currently taking PrEP were excluded
from the case-crossover analysis.
We used chi-square tests (or Fisher exact test if categorical data
were sparse) and two-sample equal variance t tests (or
Mann-Whitney U test if continuous data were not normally
distributed) to compare the distribution of individual-level
characteristics by participants’ eligibility status for the
case-crossover analysis. We also compared the distribution of
interval-level characteristics between participants who initiated
partnerships online and those who initiated partnerships offline
in both case and control intervals. We developed bivariable and
multivariable models fitting conditional logistic regression to
quantify the association between where the partnership was
initiated (offline or online) and unprotected anal sex. In the
multivariable model, partnership type, partner’s HIV status,
participant’s role in anal sex, and participant’s substance use
before sex were included as covariates. For all hypothesis tests
conducted in this analysis, 95% CIs and a two-tailed P value
of <.05 were used to assess statistical significance. All data
were analyzed using SAS software (version 9.4; SAS Institute
Inc).

Sensitivity Analyses
Sensitivity analyses were used to assess possible sources of bias
in the analysis. First, the use of online dating media for finding
sexual partners could in turn be a determinant of partnership
type (ie, sex with one-time, casual, or main partner), which
could be associated with unprotected anal sex. Thus, partnership
type might be along the causal pathway between initiating a
partnership offline and unprotected anal sex, making it a
mediator of this relationship and therefore inappropriate to
control for it as a potential confounder. To assess this possibility,
we conducted multivariable analyses that did not include
partnership type as a covariate (as it was in the main analyses).
Second, to assess whether the association between initiating a
partnership online and having unprotected anal sex varied by
partnership type, we stratified the sample by partnership type
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e17173 | p.70
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and conducted analyses within strata. Third, to account for
potential differences in sexual behavior among those who met
partners exclusively offline or exclusively online, we restricted
the analyses to participants who initiated partnerships both
online and offline. Fourth, to account for potential differences
in sexual behavior among HIV-positive men, we restricted the
analyses to participants whose self-reported HIV status was
either negative or unknown.

Results
Sample Characteristics
A total of 4672 participants completed the survey. Of those,
3361 participants (71.9%) were excluded from this analysis
because they reported not having anal sex in the last 6 months
(n=1215), never having condomless anal sex (n=267), always
having condomless anal sex (n=1873), or currently using PrEP

Knox et al
(n=6). This left a remaining sample of 1311 participants (28.1%)
who reported data required for the case-crossover analysis:
engaging in both protected and unprotected anal sex. Table 1
presents data on demographic characteristics, sexual orientation,
drug use, HIV status, and STI status by inclusion in the analysis.
The median age of the participants was 27 years (IQR 23-33
years). More than one-half (2751/4672, 58.9%) of the
participants had completed college or more, 20.4% (952/4672)
were students, and 71.9% (3360/4672) were employed. Most
(3330/4672, 71.3%) of the participants identified as being
homosexual. Compared with participants excluded from the
analysis, participants included in the analysis were less likely
to have attended college, were less likely to be students, were
more likely to identify as homosexual, were more likely to report
engaging in substance use in the past 6 months, were more likely
to have had syphilis in the past 6 months, were more likely to
have had gonorrhea in the past 6 months, and were more likely
to be HIV positive.

Table 1. Characteristics of 4672 surveyed adult Blued app users in 4 provinces in China.
Characteristic

Total (N=4672), n (%)

Included in analysis (n=1311), n (%) Excluded from analysisa (n=3361), n (%) P value

Age (years), median (IQR)b

27 (10)

27 (10)

27 (10)

.39

Ethnicity: Han Chinese

4332 (92.7)

1226 (93.5)

3106 (92.4)

.19

Education: college or above

2751 (58.9)

666 (50.8)

2085 (62.0)

<.001

In the workforce

3360 (71.9)

935 (71.3)

2425 (72.2)

.57

Student

952 (20.3)

234 (17.8)

718 (21.4)

.007

Homosexual

3330 (71.2)

993 (75.7)

2337 (69.5)

<.001

Bisexual

1277 (27.3)

307 (23.4)

970 (28.9)

<.001

Substance use in past 6 monthsc 1611 (34.5)

661 (50.4)

950 (28.3)

<.001

Current employment

Sexual orientation

Self-reported STIsd in past 6 months
Not tested

3192 (68.3)

819 (62.5)

2375 (70.7)

N/Ae

Any STI

232 (5.0)

110 (8.4)

122 (3.6)

<.001

Syphilis

126 (2.7)

65 (5.0)

61 (1.8)

<.001

Gonorrhea

16 (0.3)

11 (0.8)

5 (0.1)

.003

HPVf/genital warts

99 (2.1)

36 (2.7)

63 (1.9)

.50

Never tested

1416 (30.3)

295 (22.5)

1121 (33.4)

N/A

HIV positive

406 (8.7)

160 (12.2)

246 (7.3)

<.001

Self-reported HIV status

a

Participants who reported to never or always have had condom-protected anal sex 6 months prior to the survey collection were excluded from the study
analysis because of the case-crossover study design.
b

Age distribution was skewed. Wilcoxon Mann-Whitney U test was used to assess the distribution difference by eligibility. Median and IQR were used
to characterize the distribution.
c

Drugs included rush poppers, methamphetamine, methylenedioxymethamphetamine, gamma-hydroxybutyrate, ketamine, and ecstasy.

d

STIs: sexually transmitted infections.

e

N/A: Not applicable.

f

HPV: human papillomavirus.
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Interval-Level Partnership Characteristics by Offline
or Online Initiation, Stratified By Unprotected Anal
Sex
Table 2 compares the distribution of interval-level characteristics
in partnerships initiated offline and those initiated online within
unprotected anal sex acts and within protected anal sex acts. Of
the 1311 most recent unprotected anal sex acts, 1019 (77.7%)
were initiated online. Of the 1311 most recent protected anal
sex acts, 1097 (83.7%) were initiated online.
We found similar bivariate associations across case (unprotected
sex) and control (protected sex) intervals. In both intervals,

Knox et al
partnerships initiated offline were less likely to be with one-time
partners (unprotected anal sex acts: 24.7% vs 52.6%, P<0.001;
protected anal sex acts: 30.8% vs 54.9%, P<.001) and more
likely to be with a partner who the participant believed to be
HIV negative (unprotected anal sex acts: 42.1% vs 26.7%,
P<.001; protected anal sex acts: 41.6% vs 23.2%, P<.001) than
partnerships initiated online. In partnerships initiated offline,
the participant was less likely to only engage in receptive anal
sex (40.7% vs 49.3%, P=.02) and more likely to engage in
substance use prior to having sex (10.7% vs 6.7%, P=.04) than
in partnerships initiated online in the protected anal sex interval.

Table 2. Interval-level characteristics of sexual acts among 1311 adult Blued app users in 4 provinces in China who reported engaging in both unprotected
and protected anal sex in the past 6 months.
Characteristic

All participants (N=1311)
UAIa, n (%)

UAIa

No UAIb

No UAIb, n (%) Offlinec
(n=292), n (%)

P value
Onlined
(n=1019), n (%)

Offlinec
(n=214), n (%)

P value
Onlined
(n=1097), n (%)

One-time part- 608 (46.4)
ner

668 (51.0)

72 (24.7)

536 (52.6)

<.001

66 (30.8)

602 (54.9)

<.001

Casual partner 433 (33.0)

410 (31.3)

136 (46.6)

297 (29.1)

<.001

90 (42.1)

320 (29.2)

<.001

Main partner

233 (17.8)

84 (28.8)

186 (18.3)

<.001

58 (27.1)

175 (16.0)

<.001

Partnership type

270 (20.6)

Partner’s HIV status
Negative

395 (30.1)

344 (26.2)

123 (42.1)

272 (26.7)

<.001

89 (41.6)

255 (23.2)

<.001

Positive

45 (3.4)

55 (4.2)

12 (4.1)

33 (3.2)

.47

14 (6.5)

41 (3.7)

.06

Not sure

871 (66.4)

912 (69.6)

157 (53.8)

714 (70.1)

<.001

111 (51.9)

801 (73.0)

<.001

Participant’s sexual role
Receptive

622 (47.4)

628 (47.9)

124 (42.5)

498 (48.9)

.05

87 (40.7)

541 (49.3)

.02

Insertive

524 (40.0)

501 (38.2)

130 (44.5)

394 (38.7)

.07

92 (43.0)

409 (37.3)

.12

Both

165 (12.6)

182 (13.9)

38 (13.0)

127 (12.5)

.80

35 (16.4)

147 (13.4)

.25

89 (6.8)

96 (7.3)

25 (8.6)

64 (6.3)

.17

23 (10.7)

73 (6.7)

.04

Participant’s substance use before
sex (vs no use)
a

UAI: unprotected anal sex interval.

b

No UAI: protected anal sex interval.

c

Offline: initiated partnership offline.

d

Online: initiated partnership online.

Associations Between Interval-Level Partnership
Characteristics and Unprotected Anal Sex
Table 3 presents data on associations between interval-level
covariates and unprotected anal sex. In multivariable analyses,
the belief that partners were HIV negative (adjusted odds ratio
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[aOR] 1.57, 95% CI 1.09 to 2.27, P=.02) was associated with
unprotected anal sex, compared with not being sure about the
partner’s HIV status. Our primary outcome, initiating a
partnership offline, was positively associated with unprotected
anal sex (aOR 2.66, 95% CI 1.84 to 3.85, P<.001), compared
with initiating a partnership online.
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Table 3. Interval-level characteristics and unprotected anal sex among 1311 adult Blued app users in 4 provinces in China.
Characteristic

Partnership initiated offline
(vs online)

Multivariable modela

Bivariable model
ORb

95% CI

Wald χ2

P value

aORc

95% CI

Wald χ2

P value

2.95

2.06-4.22

34.96

<.001

2.66

1.84-3.85

26.84

<.001

d

Partnership typee
One-time partner

Reference

Casual partner

1.41

1.08-1.83

6.51

.01

1.16

0.87-1.54

1.06

.30

1.68

1.24-2.27

11.13

.001

1.39

1.00-1.93

3.75

.05

Negative

1.92

1.38-2.68

14.80

<.001

1.57

1.09-2.27

5.81

.02

Positive

0.67

0.35-1.31

1.35

.25

0.58

0.29-1.15

2.45

.12

Main partner

Reference

f

Partner’s HIV status

Not sure

Reference

Reference

Receptive

Reference

Reference

Insertive

1.42

0.93-2.16

2.68

.10

1.47

0.95-2.28

3.01

.08

Both

0.77

0.48-1.24

1.15

.28

0.74

0.45-1.19

1.55

.21

0.72

0.39-1.32

1.13

.29

0.58

0.31-1.10

2.81

.09

g

Participant’s sexual role

Participant’s substance use
before sex (vs no use)
a

h

Model log-likelihood: –876.1.

b

OR: odds ratio.

c

aOR: adjusted odds ratio.

d

Model log-likelihood: –888.6.

e

Model log-likelihood: –902.0.

f

Model log-likelihood: –899.6.

g

Model log-likelihood: –905.6.

h

Model log-likelihood: –908.1.

Sensitivity Analyses
We conducted four sensitivity analyses in order to assess other
potential biases. First, not including partnership type as a
covariate in multivariable analyses had virtually no effect on
the results (Multimedia Appendix 1). Second, the associations
between initiating a partnership offline and unprotected anal
sex stratified by partnership type were all positive and were not
significantly different from each other (Multimedia Appendix
2). Third, restricting the sample to participants who met sexual
partners both online and offline had virtually no effect on the
results (Multimedia Appendix 3). Fourth, restricting the sample
to participants whose self-reported HIV status was either
negative or unknown had virtually no effect on the results
(Multimedia Appendix 4).

Discussion
Principal Findings
In numerous previous assessments observing app users and
comparing them with nonapp users, including several studies
conducted in China, the causal model proposed was that
exposure to a dating app caused an increase in HIV risk
http://publichealth.jmir.org/2021/1/e17173/
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behaviors, which in turn caused increased HIV incidence
[11-15,17,22]. We hypothesize that an underlying factor might
make individuals who download, install, create an account, and
use a dating app inherently different from those who do not:
intention to have unprotected sex. In this concept, the app is a
venue (akin to a bar or other meeting place), with intention to
have unprotected sex causing both app use and subsequent
unprotected sex with a higher HIV transmission risk. This
analysis provides the first data to take into account the intention
to have unprotected sex by those using dating apps by using a
case-crossover design. Our primary finding—consistent across
bivariable, multivariable, and sensitivity analyses—is that
individuals were more likely to have unprotected anal sex in
partnerships that they initiated offline compared with
partnerships that they initiated online. The relationship was
substantial, with over 2.5 times increased likelihood of engaging
in unprotected anal sex in partnerships initiated offline compared
with those initiated online.
Although our findings are in contrast to previous assessments
that were mentioned, there are also studies that have reported
similar results. For example, a study among young MSM using
Grindr (a geosocial online dating app) found significantly higher
rates of condom use with partners met on Grindr relative to
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e17173 | p.73
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partners that they met elsewhere [18]. However, these same
authors reported in a subsequent study that familiarity with
Grindr (using it for at least 1 year and meeting more partners
through Grindr in the past month) was associated with increased
sexual risk behavior (ie, condomless anal intercourse with their
most recent Grindr-met partner) [16]. Specific to China, a study
found that MSM who used partner-seeking mobile apps (eg,
Jack’d, Grindr, Blued) did not report more condomless sex than
men who did not use apps [19]. The current study improves
upon these previous studies by looking within app users and
employing a case-crossover design to avoid making potentially
biased comparisons.
We also found that participants in a large majority of
partnerships (68.0%) were not sure about their partner’s HIV
status. There are two potential explanations for this. One
explanation is that there is a high proportion of Chinese MSM
who do not know their HIV status, which was reported in two
previous studies, with 39.1% [25] and 33.2% [26] of MSM
having never been tested for HIV. In this study, nearly one-third
(30.3%) of the 4672 MSM from the entire sample had never
been tested for HIV, and more than one-half (57.1%) had not
been tested for HIV in the previous 6 months. Another potential
explanation for the high frequency of sexual events among
partners with unknown HIV status is that there is limited
communication about and disclosure of HIV status among MSM
prior to having sex, which has been reported previously [27].
Furthermore, partnerships were more likely to feature
unprotected anal sex when a participant believed that his partner
was HIV negative (compared with participants reporting that
they were unsure of their partner’s HIV status). This type of
safer sex negotiation in light of perceived risk has been reported
previously in numerous studies [28,29].

Knox et al

Limitations
We acknowledge several limitations in our study. First, data
were cross-sectional and required recall from the previous 6
months (although we targeted a specific event in that time span,
potentially reducing recall bias). Recall bias, if any, would be
expected to bias toward the null. Second, data were based on
self-report, and unprotected anal sex may have been
under-reported. Again, this would be expected to bias toward
the null. Third, although the comparisons made were within
Blued app users and interval-level covariates were controlled
for in multivariable analyses, there is the possibility that even
though app use appears to be associated with condom use, this
may not generalize to all sexual risk behaviors. For example,
app users could have an elevated risk of HIV transmission
through other means, such as by having more sexual partners.

Conclusions
These limitations notwithstanding, ours is the first study to take
into account the inherent intentions of individuals using
geosocial networking apps, compared with those not using such
apps, when looking at their effect on sexual risk behavior. Our
assertion is that the factor motivating individuals to download,
install, create an account, and use a dating app (ie, intent to have
unprotected sex) contributes to the associations between app
use and sexual risk behavior reported in previous studies. These
findings have important policy implications. If dating apps are
believed to contribute to increased risk of HIV transmission,
then these apps might be perceived as a problem to be addressed
by health agencies. However, if instead apps are a proxy for,
and not a cause of, increased HIV risk, which our results
suggest, then dating app platforms should be viewed as a useful
venue to identify individuals at increased risk for HIV
transmission to allow for targeted service provision such as HIV
testing, condoms, and PrEP.
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Abstract
Background: The high prevalence of sexual coercion against young women has become a significant public health issue in
China and other regions around the world. Young women are also especially vulnerable to engage in inconsistent condom use
because of low sexual control. Although the relationship between sexual coercion and condom use has been widely demonstrated,
the mechanism of this relationship is still unclear.
Objective: The objective of this study was to test condom negotiation as a mediator of the relationship between sexual coercion
and condom use in young Chinese women and to investigate whether sexual orientation is a moderator.
Methods: Data were collected using web-based questionnaires and a total of 402 young Chinese women were included in the
analysis. Sexual coercion was measured using a subscale of the Revised Conflict Tactics Scales and condom negotiation was
measured using a subscale of the UCLA Multidimensional Condom Attitudes Scale. Sexual orientation was assessed using an
item adopted from a previous study and condom use was calculated by the total number of times condoms were used divided by
the total number of times sexual intercourse was engaged in during the past 3 months. Moderated mediation analyses were
conducted with sexual coercion as the independent variable, condom use consistency as the dependent variable, condom negotiation
as the mediator variable, and sexual orientation as a moderator.
Results: The moderated mediation analysis indicated that the relationship between sexual coercion and condom use was
significantly mediated by condom negotiation and moderated by sexual orientation. The indirect effect of condom negotiation
was significant in heterosexual women (indirect effect: –0.80, 95% boot CI –1.67 to –0.36) but not in sexual minority women
(indirect effect: –0.33, 95% boot CI –0.86 to 0.31).
Conclusions: The results showed that sexual orientation meaningfully affects the relationship between sexual coercion and
condom negotiation. The difference in the mechanism of the relation between sexual coercion and sexual behaviors in heterosexual
and sexual minority women should be considered for future research and interventions aimed at mitigating the adverse effects of
sexual coercion.
(JMIR Public Health Surveill 2021;7(1):e24269) doi:10.2196/24269
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Introduction
Sexual coercion against women remains a significant global
health problem [1]. Previous studies have defined sexual
coercion as behaviors, ranging from verbal manipulation to
physical force, employed to complete or attempt sexual activities
without the partner’s free consent [2,3]. A national survey in
the United States found that approximately one-fifth of women
reported experiencing sexual violence in their lifetime; one-half
of these women reported that intimate partners were the
offenders [4]. This national survey further indicated that more
than 1 in every 3 female survivors of rape was first raped in her
college-aged years (18-24 years) [4]. According to research by
Planty et al [5], the risk of sexual coercion was higher in the
age group of 18 to 34 years than in other age groups.
Sexual coercion against young women in China has also become
an emerging public health issue that deserves attention [6]. The
prevalence of sexual coercion against Chinese college women
was approximately 13% in 2008 [7], and a similar prevalence
was found in 2015, despite the improved status of women in
Hong Kong, China [8]. Young women are also especially
vulnerable to inconsistent condom use, since low sexual control
has consistently been reported in young Chinese women [9]. A
national survey in China reported that 1.6% of Chinese female
college students had multiple sexual partners [10] and another
study reported that only 17.2% of sexually active college women
in China consistently used condoms [11]. An association
between sexual coercion and inconsistent condom use has been
observed [12,13]. Most of the data indicated that individuals
with a history of sexual coercion (versus those without) reported
a higher level of inconsistent condom use, which resulted in a
higher risk of contracting sexually transmitted infections (STIs)
[14]. Although previous studies have explored the mechanism
of the relation between a history of sexual violence and condom
use in female sex workers [15] and HIV-positive women [16],
the specific mechanism of the relation between a history of
sexual coercion and condom use in college women remains
unclear. To improve interventions aimed at reducing sexual risk
among college women, it is necessary to understand the
mechanism underlying the relation between sexual coercion
and condom use in this group.
Condom negotiation is one of the strongest predictors of condom
use [17]. A previous study indicated that condom negotiation
might play a crucial role in the relation between sexual violence
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and condom use [15]. Condom negotiation is closely related to
condom use by college women [18], and women with a history
of sexual coercion are less likely to negotiate or use condoms
than women without experiences of sexual coercion. According
to the traumagenic dynamics model [19,20], sexual coercion is
viewed as a traumatic event with psychological sequelae, such
as a negative attitude arising from the powerlessness experienced
during sexual coercion. This negative attitude then contributes
to maladaptive behavioral patterns. Women with an abusive
experience could be at a disadvantage in their condom
negotiations with their sexual partners because they seek to
avoid nonphysical coercion [21]. Thus, they may be more likely
to have limited or no control over condom decision making,
which contributes to inconsistent condom use. Taken together,
these patterns suggest that condom negotiation is a potential
mediator between sexual coercion and condom use.
Previous studies found that sexual minority women (women
who identify as having a sexual orientation other than
heterosexual or who engage in same-sex sexual behavior,
experience same-sex attraction, or self-identify as lesbian or
bisexual [22]) experience a significantly higher incidence of
sexual coercion than heterosexual women [23]. This suggests
that although the experience of sexual coercion has a
disincentivizing effect on the consistency of condom use, it
does not affect all women equally. Sexual orientation also plays
a role in individuals’ condom use and the negotiation process.
Young bisexual women exhibited a greater likelihood of
inconsistent condom use in vaginal intercourse than heterosexual
women [24]. Skakoon-Sparling and Cramer [25] found that the
process of condom negotiation can be impacted by sexual
orientation. This finding might suggest that personal
characteristics such as sexual orientation moderate the
association between the experience of sexual coercion and
consistency of condom use.
In this study, we explored the relationship between sexual
coercion and condom use in a sample of Chinese college women.
Based on previous literature, we investigated the mediating
effect of condom negotiation on the relation between sexual
coercion and condom use in this population. Unique to this
study, we tested whether sexual orientation moderated the
hypothesized mediation of the relation between the experience
of sexual coercion and condom use by condom negotiation. The
proposed moderated mediation model is shown in Figure 1.
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Figure 1. Proposed moderated mediation model.

Methods
Data Collection
The baseline data of an interactive computer-based intervention
(ICBI) project [26] were used to perform the mediated
moderation analysis. This project was a randomized controlled
trial that estimated the relative effectiveness of an ICBI and the
provision of basic information in terms of promoting consistent
condom use. The baseline data were collected from September
2018 to December 2018. The protocol for the parent study was
approved by Institutional Review Boards (IRB NO.UW-17029)
and is registered at ClinicalTrials.gov (NCT03695679). Signed
informed consent was obtained from each participant via the
study’s website. Data were collected via an anonymous
web-based survey conducted at 5 universities in Hong Kong
SAR, China. Vouchers of HK $300 (US$38.69) were delivered
to participants who completed the project; participants who only
completed the baseline questionnaire did not receive vouchers.

Participants and Procedures
We recruited female students from 5 universities in Hong Kong
by bulk email using the corresponding institution’s bulk email
delivery service. In addition, we displayed posters on the
campuses and set up campus booths to distribute leaflets.
Students who were interested in the study were asked to
complete a registration form with their contact information via
a Google Form. The invitation email with the website
registration information was sent to all interested students, and
they were then screened after they logged into the website.
Participants who met the inclusion criteria were asked to provide
informed consent; they then completed a baseline assessment.
Participants could not submit the questionnaire if any
information was missing. The inclusion criteria in this study
were female college students who were aged 18 years or older,
were unmarried, reported having intimate partners in the past
12 months, and had engaged in sexual activity in the past 3
months. Women were excluded if they were unwilling to
complete the questionnaire, were pregnant or had recently given
birth, or had psychiatric illness. We screened 1503 students, of
whom 805 did not meet the eligibility criteria and 292 refused
to participate. Of the 406 eligible participants, 4 participants
were excluded after data checking (3 participants reported
having no sexual experience but also reported engaging in sexual
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activity in the past 3 months and 1 participant had a missing
sexual coercion scale because of a technical problem), giving
a validity rate of 99.0%. Ultimately, 402 female university
students were included in the study. The average age of the
participants was 21.90 (SD 2.74) years and the average age at
first sexual intercourse was 19.48 (SD=2.40) years. Among the
402 participants, 87.6% (n=352) had never smoked, 10.7%
(n=43) were quitting smoking, and 1.7% (n=7) were smokers;
33.3% (n=134) never drank, 16.4% (n=66) were quitting
drinking, and 50.2% (n=202) drank. Approximately 70.6%
(284/402) of the participants were born in Hong Kong and
29.4% (118/402) were born elsewhere.

Measures
Sexual coercion was measured using a 7-item subscale of the
Revised Conflict Tactics Scales [27]. Participants rated items
to indicate how often the behavior occurred during the past year
on a 7-point Likert scale, where higher scores indicated higher
frequency. This scale has been widely used in the Chinese
population and has shown a satisfactory reliability [28]. In this
study, Cronbach was 0.63 for this subscale.
Sexual orientation was assessed using an item that was adopted
from the longitudinal Growing Up Today Study [29], which
had been ongoing since 1996. There were 6 options: completely
heterosexual (attracted only to the opposite sex), mostly
heterosexual, bisexual (attracted to both the opposite and the
same sex), mostly homosexual, completely homosexual
(attracted only to the same sex), and unsure. Referring to the
definition of sexual minority women [22] and a previous study
in the Chinese population [30], completely heterosexual was
coded as “heterosexual,” and mostly heterosexual, bisexual,
mostly homosexual, completely homosexual, and unsure were
combined into a “sexual minority” group.
Condom use was measured by the consistency of condom use,
which was defined as the total number of times condoms were
used during vaginal intercourse divided by the total number of
times vaginal intercourse occurred in the past 3 months. This
assessment was recommended by a systematic review of condom
use measurement that examined 56 studies of sexual risk
behavior [31].
Condom negotiation was measured using a subscale of the
UCLA Multidimensional Condom Attitudes Scale [32]. This
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subscale is used to evaluate attitudes toward condom negotiation
and use (eg, “When I suggest using a condom, I am almost
always embarrassed,” “I am comfortable talking about condoms
with my partner,” “I never know what to say when my partner
and I need to talk about condoms or other protection,” and “It
is easy to suggest to my partner that we use a condom”). These
items were answered using a 7-point Likert scale from “strongly
agree” to “strongly disagree.” Higher scores indicate a more
positive attitude regarding communication and negotiation of
condom use. A previous study has shown acceptable validity
and reliability in the Chinese population [33]. In this study,
Cronbach was 0.87.
Demographic variables examined in the study included
participant characteristics such as age, age at first sexual
intercourse, smoking status, drinking status, and place of birth.

Statistical Analyses
Descriptive statistics and bivariate correlation analyses were
conducted of the studied variables as preliminary analyses. The
Shapiro-Wilk test was used as a test of normality and P<.05
was considered evidence for nonnormality. For skewed data,
the median and IQR were used to describe the nonnormal
variables, the Mann-Whitney U test was used to test the
difference between the heterosexual group and the sexual
minority group, and Spearman rank correlation analyses were
conducted to identify the correlations between the nonnormal
variables. The mediation effect of condom negotiation was
tested using model 4 of Hayes’ PROCESS macro for SPSS
(version 25.0; IBM Corp) [34]. Moderated mediation analysis
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was conducted using model 59 of PROCESS to examine whether
the indirect path was moderated by sexual orientation [34].
Since the data on the consistency of condom use may be
nonnormally distributed, a bootstrapping procedure with 5000
samples was used to test the proposed conditional direct and
indirect effects using the PROCESS macro for SPSS. Age and
age at first sexual intercourse were added as covariates.

Results
Normality and Description of the Study Variables
The results of the Shapiro-Wilk test showed that condom use
(P<.001), sexual coercion (P<.001), and condom negotiation
(P<.001) were not normally distributed. The descriptive statistics
and differences in the study variables between the heterosexual
group and the sexual minority group are presented in Table 1.
The results of the Mann-Whitney U test indicated that there was
a significant difference in condom use (U=7841, Z=–6.23,
P<.001) and condom negotiation (U=10740.5, Z=–2.43, P=.02),
between the heterosexual group and the sexual minority group.
Further, Spearman rank correlation analyses showed that in the
heterosexual group, those who had more frequent sexual
coercion experiences reported significantly less condom use
(rs=–0.36, P<.001) and were less positive about condom
negotiation (rs=–0.28, P<.001); there was a significant positive
correlation between condom use and condom negotiation
(rs=0.30, P<.001). In the sexual minority group, only condom
use was positively related to condom negotiation (rs=0.24,
P=.03).

Table 1. Description of the study variables and results of the Mann-Whitney U test.
Variables

Sexual orientation

Mann-Whitney U test

Heterosexual (n=321), median (IQR) Sexual minority (n=81), median (IQR) U

Z

P value

Sexual coercion

0 (2)

0 (0)

12428.5

–0.76

.45

Condom use

100 (33.33)

0 (100)

7841

–6.23

<.001

Condom negotiation

30 (9)

28 (9.5)

10740.5

–2.43

.02

Tests of Mediation
The results of the mediation analysis regarding sexual coercion
and condom use, after adjustments for age and age at first sexual
intercourse, showed that an experience of sexual coercion was
a negative predictor of condom negotiation (coefficient a=–0.16,
95% boot CI –0.31 to –0.10) (Table 2), indicating that
participants who experienced sexual coercion were less likely
to engage in condom negotiation. Condom negotiation was a
positive predictor of condom use (coefficient b=2.02, 95% boot
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CI 1.32 to 2.70), which indicated that participants who were
more positive about condom negotiation were more likely to
be consistent in terms of condom use. A significant indirect and
negative effect of sexual coercion on the consistency of condom
use through condom negotiation was found (indirect effect:
coefficient a=–0.32, 95% boot CI –0.67 to –0.18). The direct
effect of sexual coercion on condom use became nonsignificant
(coefficient c=–0.33, 95% boot CI –0.86 to 0.31). The indirect
effect accounted for 49.2% of the total effect of sexual coercion
on condom use.

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24269 | p.81
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

Zhang et al

Table 2. Mediation results for condom negotiation.
Coefficient

Boot SE

Boot LLCIa

Boot ULCIb

–0.16

0.06

–0.31

–0.10

Sexual coercion

–0.33

0.29

–0.86

0.31

Condom negotiation

2.02

0.35

1.32

2.70

Direct effect

–0.33

0.29

–0.86

0.31

Indirect effect

–0.32

0.13

–0.67

–0.18

Total effect

–0.65

0.28

–1.25

–0.12

Outcome, Predictor
Condom negotiation
Sexual coercion
Condom use

a

LLCI: lower limit confidence interval.

b

ULCI: upper limit confidence interval.

Tests of Moderated Mediation
After adjusting for age and age at first sexual intercourse, the
results of the moderated mediation analyses for sexual coercion
and condom use showed that the interaction term between sexual
coercion and sexual orientation was significant (coefficient c=
0.36, 95% boot CI 0.16 to 0.74) (Table 3 and Figure 2), which
suggested that sexual orientation moderated the association
between sexual coercion and condom negotiation. To further

explore the moderation effect, the conditional indirect effect of
sexual coercion on condom use via condom negotiation was
estimated by using the pick-a-point approach in both sexual
orientation groups. A significant indirect effect was seen in the
heterosexual group (effect = –0.80, 95% boot CI –1.67 to –0.36),
while the indirect effect became insignificant in the sexual
minority group (effect = –0.14, 95% boot CI –0.31 to 0.004)
(Figure 3 and Table 4).

Table 3. The moderating effects of sexual orientation.
Coefficient

Boot SE

Boot LLCIa

Boot ULCIb

Sexual coercion

–0.43

0.14

–0.80

–0.24

Sexual orientation

–1.96

0.77

–3.53

–0.50

Inter 1c

0.36

0.15

0.16

0.74

Sexual coercion

–0.29

0.68

–1.80

0.91

Condom negotiation

1.87

0.39

–1.10

2.62

Sexual orientation

–30.65

25.56

–78.20

23.27

Inter 1

0.13

0.78

–1.26

1.77

Inter 2d

0.04

0.90

–1.76

1.74

Outcome, Predictor
Condom negotiation

Condom use

a

LLCI: lower limit confidence interval.

b

ULCI: upper limit confidence interval.

c

Inter 1 = (sexual coercion) × (sexual orientation).

d

Inter 2 = (condom negotiation) × (sexual orientation).
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Figure 2. Tested moderated mediation model.

Figure 3. The moderation of the relationship between sexual coercion and condom negotiation by sexual orientation.

Table 4. Conditional indirect effects of the experience of sexual coercion on condom use.

a

Sexual orientation

Effect

Boot SE

Boot LLCIa

Boot ULCIb

Heterosexual

–0.80

0.33

–1.67

–0.36

Sexual minority

–0.14

0.10

–0.31

0.004

LLCI: lower limit confidence interval.

b

ULCI: upper limit confidence interval.

Discussion
Principal Findings
This study found a moderated mediation model of the pathway
from sexual coercion to condom use via condom negotiation in
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a sample of Chinese female college students. Based on the
Traumagenic Dynamics Model [20], the mediation effect of
condom negotiation was tested and the results indicate that the
relationship between sexual coercion and condom use is
mediated by the level of condom negotiation. We found that a
higher level of sexual coercion decreased condom negotiation,
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which in turn decreased condom use. The results were consistent
with a previous study that was conducted on female sex workers
from two West African countries [15].
In this study, sexual orientation moderated the indirect effect
of sexual coercion on condom use. To our knowledge, this is
the first known study to present such an intersectional analysis
of the role of sexual orientation in the indirect effect of sexual
coercion on condom use in young women. Altogether, these
findings support the difference between heterosexual women
and sexual minority women regarding the pattern of sexual
behaviors in those who have experienced sexual coercion,
emphasizing that sexual orientation meaningfully affects the
relationship between sexual coercion and attitude toward
condom negotiation. A significant indirect effect was found in
the heterosexual women. This result is in line with a previous
study in which the frequency of condom negotiation mediated
the association between psychological intimate partner violence
and condom use [35]. However, a nonsignificant indirect effect
was found in sexual minority women, mainly because of the
absence of condom negotiation. We also found no significant
association between sexual coercion and condom negotiation
or between condom negotiation and condom use in sexual
minority women in this study. The belief that same-sex activities
present a low risk for STIs is common in women who have sex
with women (WSW) [36], and Formby [37] found that
approximately 2 in 5 sexual minority women believe that they
cannot get STIs from having sex with women. However, more
recent research reported an infectious rate in WSW that was
higher or similar to that in women who have sex exclusively
with men [38,39]. The above mistaken belief mainly results in
the absence of condom negotiation in WSW and their partners
[40], which might contribute to the nonsignificant indirect effect
in sexual minority women. Research by Walls [41] indicated
that most sexual minority women seldom negotiate safe sex
practices with their partners because they do not think they will
contract STIs. This contributed to the nonsignificant indirect
effect of condom negotiation on the relation between sexual
coercion and condom use because condom negotiation might
not be a critical factor affecting condom use in sexual minority
women who have experienced sexual coercion. Instead of
increasing condom negotiation skills, more information about
the risks of STIs in sexual minority women and about
appropriate protection methods should be provided.

Zhang et al

Study Limitations
Our findings should be interpreted with caution. One limitation
is that our measurements relied on self-reports of sensitive
information and often stigmatized experiences and behaviors,
even though an anonymous process was used to minimize social
desirability bias. Self-reports of sensitive information, such as
sexual coercion experiences, are vulnerable to cognitive and
motivational processes that can bias recall-based responses [42].
The other limitation is that a small sample of sexual minority
women was included in the data analysis. Small sample sizes
are a common problem in the same-sex sexual violence research
field [43]. Larger sample sizes of sexual minority women with
regional and religious diversity are needed to increase the
statistical power.

Future Work
Despite the above limitations, our study provided some new
insights and implications for future studies examining condom
use in women. One potential avenue for future research is to
improve condom negotiation among sexual coercion survivors,
given that the indirect effect of sexual negotiation accounted
for nearly one-half (49.2%) of the total effect of sexual coercion
on the consistency of condom use. The other implication is
related to the different needs of women with different sexual
orientations. In previous research, the difference in the
mechanism of the relation between sexual coercion and sexual
behaviors in heterosexual women and sexual minority women
was ignored, and these two groups were included in the same
intervention when addressing sexual coercion [44]. Our findings
suggest that future interventions should not simply combine
heterosexual women and sexual minority women. More
qualitative and quantitative research to determine how sexual
coercion experiences affect behavior changes in sexual minority
women should be conducted.

Conclusions
Condom negotiation was found to mediate the association
between sexual coercion and condom use in young women. A
further moderated mediation emerged, with the indirect effects
of sexual coercion on the consistency of condom use via condom
negotiation differing between sexual minority women and
heterosexual women. The results emphasized that sexual
orientation meaningfully affects the relationship between sexual
coercion and condom negotiation, and the different patterns for
individuals of different sexual orientations should be considered
for future research and for interventions designed to mitigate
the adverse effects of sexual coercion.

Acknowledgments
We would like to thank the Food and Health Bureau, Hong Kong Special Administrative Region Government, for its support of
the primary project through the Health and Medical Research Fund (Ref no: 14150971).

Conflicts of Interest
None declared.

References
http://publichealth.jmir.org/2021/1/e24269/

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24269 | p.84
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
1.

2.
3.

4.

5.
6.
7.
8.

9.
10.
11.

12.

13.
14.

15.

16.

17.

18.
19.

20.
21.

22.

Young B, Desmarais SL, Baldwin JA, Chandler R. Sexual Coercion Practices Among Undergraduate Male Recreational
Athletes, Intercollegiate Athletes, and Non-Athletes. Violence Against Women 2017 Jun;23(7):795-812. [doi:
10.1177/1077801216651339] [Medline: 27247201]
Benbouriche M, Parent G. Sexual coercion: Thinking and understanding sexual violence beyond sexual offenders. Sexologies
2018 Apr;27(2):e15-e19. [doi: 10.1016/j.sexol.2018.02.001]
Abbey A, Wegner R, Woerner J, Pegram SE, Pierce J. Review of Survey and Experimental Research That Examines the
Relationship Between Alcohol Consumption and Men’s Sexual Aggression Perpetration. Trauma, Violence, & Abuse 2014
Apr 27;15(4):265-282. [doi: 10.1177/1524838014521031]
Smith SG, Zhang X, Basile KC, Merrick MT, Wang J, Kresnow MJ. The national intimate partner and sexual violence
survey: 2015 data brief–updated release. National Center for Injury Prevention and Control. URL: https://www.cdc.gov/
violenceprevention/pdf/2015data-brief508.pdf [accessed 2020-10-21]
Planty M, Langton L, Krebs C, Berzofsky MH, Smiley-McDonald H. Female victims of sexual violence, 1994-2010. Bureau
of Justice Statistics. 2013. URL: https://www.bjs.gov/index.cfm?iid=4594&ty=pbdetail [accessed 2020-10-21]
Wang X, Ho SY. “Female Virginity Complex” Untied: Young Chinese Women's Experience of Virginity Loss and Sexual
Coercion. Smith College Studies in Social Work 2011 Apr;81(2-3):184-200. [doi: 10.1080/00377317.2011.589336]
Chan KL, Straus MA. Prevalence and Correlates of Physical Assault on Dating Partners. TOSSJ 2008 Oct 30;1(1):5-14.
[doi: 10.2174/1874945300801010005]
Wong JYH, Choi EPH, Lo HHM, Wong W, Chio JHM, Choi AWM, et al. Intimate Partner Sexual Violence and Mental
Health Indicators Among Chinese Emerging Adults. J Interpers Violence 2019 Sep 03. [doi: 10.1177/0886260519872985]
[Medline: 31478438]
Wang B, Davidson P. Sex, lies, and videos in rural China: a qualitative study of women's sexual debut and risky sexual
behavior. J Sex Res 2006 Aug;43(3):227-235. [doi: 10.1080/00224490609552321] [Medline: 17599245]
Sun X, Liu X, Shi Y, Wang Y, Wang P, Chang C. Determinants of risky sexual behavior and condom use among college
students in China. AIDS Care 2013;25(6):775-783. [doi: 10.1080/09540121.2012.748875] [Medline: 23252705]
Ma Q, Ono-Kihara M, Cong L, Pan X, Xu G, Zamani S, et al. Behavioral and psychosocial predictors of condom use among
university students in Eastern China. AIDS Care 2009 Feb;21(2):249-259. [doi: 10.1080/09540120801982921] [Medline:
19229696]
Purdie MP, Abbey A, Jacques-Tiura AJ. Perpetrators of intimate partner sexual violence: are there unique characteristics
associated with making partners have sex without a condom? Violence Against Women 2010 Oct;16(10):1086-1097 [FREE
Full text] [doi: 10.1177/1077801210382859] [Medline: 20980229]
Coker AL, Hopenhayn C, DeSimone CP, Bush HM, Crofford L. Violence against Women Raises Risk of Cervical Cancer.
J Womens Health (Larchmt) 2009 Aug;18(8):1179-1185. [doi: 10.1089/jwh.2008.1048] [Medline: 19630537]
Stockman JK, Campbell JC, Celentano DD. Sexual violence and HIV risk behaviors among a nationally representative
sample of heterosexual American women: the importance of sexual coercion. J Acquir Immune Defic Syndr
2010;53(1):136-143 [FREE Full text] [doi: 10.1097/QAI.0b013e3181b3a8cc] [Medline: 19734802]
Wirtz AL, Schwartz S, Ketende S, Anato S, Nadedjo FD, Ouedraogo HG, et al. Sexual violence, condom negotiation, and
condom use in the context of sex work: results from two West African countries. J Acquir Immune Defic Syndr 2015 Mar
01;68 Suppl 2:S171-S179. [doi: 10.1097/QAI.0000000000000451] [Medline: 25723982]
Clum GA, Chung S, Ellen JM, Perez LV, Murphy DA, Harper GW, et al. Victimization and sexual risk behavior in young,
HIV positive women: exploration of mediators. AIDS Behav 2012 May;16(4):999-1010 [FREE Full text] [doi:
10.1007/s10461-011-9931-0] [Medline: 21452050]
Noar SM, Carlyle K, Cole C. Why communication is crucial: meta-analysis of the relationship between safer sexual
communication and condom use. J Health Commun 2006 Jun;11(4):365-390. [doi: 10.1080/10810730600671862] [Medline:
16720536]
Holland KJ, French SE. Condom negotiation strategy use and effectiveness among college students. J Sex Res
2012;49(5):443-453. [doi: 10.1080/00224499.2011.568128] [Medline: 21732866]
Stockman JK, Lucea MB, Campbell JC. Forced sexual initiation, sexual intimate partner violence and HIV risk in women:
a global review of the literature. AIDS Behav 2013 Mar;17(3):832-847 [FREE Full text] [doi: 10.1007/s10461-012-0361-4]
[Medline: 23143750]
Finkelhor D. The Trauma of Child Sexual Abuse. J Interpers Violence 1987;2(4):348-366. [doi:
10.1177/088626058700200402]
Neilson EC, Gilmore AK, Stappenbeck CA, Gulati NK, Neilon E, George WH, et al. Psychological Effects of Abuse,
Partner Pressure, and Alcohol: The Roles of in-the-Moment Condom Negotiation Efficacy and Condom-Decision Abdication
on Women's Intentions to Engage in Condomless Sex. J Interpers Violence 2019 Jun 27. [doi: 10.1177/0886260519857160]
[Medline: 31246143]
Farmer GW, Jabson JM, Bucholz KK, Bowen DJ. A population-based study of cardiovascular disease risk in sexual-minority
women. Am J Public Health 2013;103(10):1845-1850 [FREE Full text] [doi: 10.2105/AJPH.2013.301258] [Medline:
23948018]

http://publichealth.jmir.org/2021/1/e24269/

XSL• FO
RenderX

Zhang et al

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24269 | p.85
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
23.

24.

25.
26.

27.
28.
29.

30.

31.
32.
33.

34.
35.

36.
37.
38.

39.

40.
41.
42.

43.
44.

Zhang et al

Edwards KM, Sylaska KM, Barry JE, Moynihan MM, Banyard VL, Cohn ES, et al. Physical dating violence, sexual
violence, and unwanted pursuit victimization: a comparison of incidence rates among sexual-minority and heterosexual
college students. J Interpers Violence 2015 Feb;30(4):580-600. [doi: 10.1177/0886260514535260] [Medline: 24923891]
Kerr DL, Ding K, Thompson AJ. A comparison of lesbian, bisexual, and heterosexual female college undergraduate students
on selected reproductive health screenings and sexual behaviors. Womens Health Issues 2013;23(6):e347-e355. [doi:
10.1016/j.whi.2013.09.003] [Medline: 24183409]
Skakoon-Sparling S, Cramer KM. Are We Blinded by Desire? Relationship Motivation and Sexual Risk-Taking Intentions
during Condom Negotiation. J Sex Res 2020;57(5):545-558. [doi: 10.1080/00224499.2019.1579888] [Medline: 30884967]
Wong J, Zhang W, Wu Y, Choi E, Lo H, Wong W. An Interactive Sexual Health Literacy Programme for Safe Sex Practice
in Female Chinese University Students: A Multicentre, Randomised Controlled Trial. Journal of medical Internet Research
Preprints. URL: https://preprints.jmir.org/preprint/22564/accepted [accessed 2021-01-04]
STRAUS MA, HAMBY SL, BONEY-McCOY S, SUGARMAN DB. The Revised Conflict Tactics Scales (CTS2). Journal
of Family Issues 2016 Jun 30;17(3):283-316. [doi: 10.1177/019251396017003001]
Chan KL. Correlates of wife assault in Hong Kong Chinese families. Violence Vict 2004 Apr;19(2):189-201. [doi:
10.1891/vivi.19.2.189.64104] [Medline: 15384454]
Fredriksen-Goldsen KI, Kim H, Barkan SE, Balsam KF, Mincer SL. Disparities in health-related quality of life: a comparison
of lesbians and bisexual women. Am J Public Health 2010 Nov;100(11):2255-2261. [doi: 10.2105/AJPH.2009.177329]
[Medline: 20864722]
Wong JY, Choi EP, Lo HH, Wong W, Chio JH, Choi AW, et al. Dating violence, quality of life and mental health in sexual
minority populations: a path analysis. Qual Life Res 2017 Apr;26(4):959-968. [doi: 10.1007/s11136-016-1415-2] [Medline:
27679496]
Noar SM, Cole C, Carlyle K. Condom use measurement in 56 studies of sexual risk behavior: review and recommendations.
Arch Sex Behav 2006 Jun;35(3):327-345. [doi: 10.1007/s10508-006-9028-4] [Medline: 16799837]
Helweg-Larsen M, Collins BE. The UCLA Multidimensional Condom Attitudes Scale: documenting the complex determinants
of condom use in college students. Health Psychol 1994 May;13(3):224-237. [Medline: 8055858]
Choi EPH, Fong DYT, Wong JYH. The use of the Multidimensional Condom Attitude Scale in Chinese young adults.
Health Qual Life Outcomes 2020 Oct 08;18(1):331 [FREE Full text] [doi: 10.1186/s12955-020-01577-9] [Medline:
33032622]
Hayes AF. Introduction to mediation, moderation, and conditional process analysis: A regression-based approach. New
York City: Guilford publications; 2017. ISBN-10: 1462534651.
Peasant C, Sullivan TP, Ritchwood TD, Parra GR, Weiss NH, Meyer JP, et al. Words can hurt: The effects of physical and
psychological partner violence on condom negotiation and condom use among young women. Women Health
2018;58(5):483-497 [FREE Full text] [doi: 10.1080/03630242.2017.1316345] [Medline: 28402194]
McNair R. Risks and prevention of sexually transmissible infections among women who have sex with women. Sex Health
2005;2(4):209-217. [doi: 10.1071/sh04046] [Medline: 16402667]
Formby E. Lesbian and bisexual women's human rights, sexual rights and sexual citizenship: negotiating sexual health in
England. Cult Health Sex 2011 Nov;13(10):1165-1179. [doi: 10.1080/13691058.2011.610902] [Medline: 21972785]
Singh D, Fine DN, Marrazzo JM. Chlamydia trachomatis infection among women reporting sexual activity with women
screened in Family Planning Clinics in the Pacific Northwest, 1997 to 2005. Am J Public Health 2011 Jul;101(7):1284-1290.
[doi: 10.2105/AJPH.2009.169631] [Medline: 20724697]
Austin SB, Roberts AL, Corliss HL, Molnar BE. Sexual violence victimization history and sexual risk indicators in a
community-based urban cohort of "mostly heterosexual" and heterosexual young women. Am J Public Health 2008
Jun;98(6):1015-1020. [doi: 10.2105/AJPH.2006.099473] [Medline: 17901440]
Richters J, Clayton S. The practical and symbolic purpose of dental dams in lesbian safer sex promotion. Sex Health 2010
Jun;7(2):103-106. [doi: 10.1071/sh09073] [Medline: 20648734]
Kodee L. Barriers To Safer Sex Practices For Lesbian And Bisexual Women. In: Barriers To Safer Sex Practices For Lesbian
And Bisexual Women. Muncie, Indiana, USA: Ball State University; 2016.
Reis H, Gable S. Event-sampling and other methods for studying everyday experience. In: Handbook of research methods
in social and personality psychology. . Cambridge University Press. Cambridge, UK: Cambridge University Press;
2000:190-222.
Stephenson R, Freeland R, Finneran C. Intimate partner violence and condom negotiation efficacy among gay and bisexual
men in Atlanta. Sex Health 2016 Apr 28;13(4):366-372. [doi: 10.1071/SH15212] [Medline: 27120351]
DeGue S, Valle LA, Holt MK, Massetti GM, Matjasko JL, Tharp AT. A systematic review of primary prevention strategies
for sexual violence perpetration. Aggress Violent Behav 2014;19(4):346-362 [FREE Full text] [doi:
10.1016/j.avb.2014.05.004] [Medline: 29606897]

Abbreviations
ICBI: interactive computer-based intervention
http://publichealth.jmir.org/2021/1/e24269/

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24269 | p.86
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

Zhang et al

STI: sexually transmitted infection
WSW: women who have sex with women

Edited by G Eysenbach; submitted 11.09.20; peer-reviewed by X Yang, B Gupta; comments to author 01.10.20; revised version
received 03.11.20; accepted 16.11.20; published 19.01.21.
Please cite as:
Zhang W, Choi EPH, Fong DYT, Wong JYH
A Moderated Mediation Analysis of Condom Negotiation and Sexual Orientation on the Relationship Between Sexual Coercion and
Condom Use in Chinese Young Women: Cross-Sectional Study
JMIR Public Health Surveill 2021;7(1):e24269
URL: http://publichealth.jmir.org/2021/1/e24269/
doi:10.2196/24269
PMID:33464220

©Wen Zhang, Edmond Pui Hang Choi, Daniel Yee-Tak Fong, Janet Yuen-Ha Wong. Originally published in JMIR Public Health
and Surveillance (http://publichealth.jmir.org), 19.01.2021. This is an open-access article distributed under the terms of the
Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work, first published in JMIR Public Health and Surveillance, is properly
cited. The complete bibliographic information, a link to the original publication on http://publichealth.jmir.org, as well as this
copyright and license information must be included.

http://publichealth.jmir.org/2021/1/e24269/

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24269 | p.87
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

Nittas et al

Original Paper

Toward a Working Definition of eCohort Studies in Health
Research: Narrative Literature Review
Vasileios Nittas1, MSc; Milo Alan Puhan1, MD, Prof Dr; Viktor von Wyl1, Prof Dr
Epidemiology, Biostatistics and Prevention Institute, University of Zurich, Zurich, Switzerland

Corresponding Author:
Vasileios Nittas, MSc
Epidemiology, Biostatistics and Prevention Institute
University of Zurich
Hirschengraben 84
Zurich, 8001
Switzerland
Phone: 41 44 63 44946
Email: vasileios.nittas@uzh.ch

Abstract
Background: The wide availability of internet-connected devices and new sensor technologies increasingly infuse longitudinal
observational study designs and cohort studies. Simultaneously, the costly and time-consuming nature of traditional cohorts has
given rise to alternative, technology-driven designs such as eCohorts, which remain inadequately described in the scientific
literature.
Objective: The aim of this study was to outline and discuss what may constitute an eCohort, as well as to formulate a first
working definition for health researchers based on a review of the relevant literature.
Methods: A two-staged review and synthesis process was performed comparing 10 traditional cohorts and 10 eCohorts across
the six core steps in the life cycle of cohort designs.
Results: eCohorts are a novel type of technology-driven cohort study that are not physically linked to a clinical setting, follow
more relaxed and not necessarily random sampling procedures, are primarily based on self-reported and digitally collected data,
and systematically aim to leverage the internet and digitalization to achieve flexibility, interactivity, patient-centeredness, and
scalability. This approach comes with some hurdles such as data quality, generalizability, and privacy concerns.
Conclusions: eCohorts have similarities to their traditional counterparts; however, they are sufficiently distinct to be treated as
a separate type of cohort design. The novelty of eCohorts is associated with a range of strengths and weaknesses that require
further exploration.
(JMIR Public Health Surveill 2021;7(1):e24588) doi:10.2196/24588
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Introduction
Background
The term “cohort” is derived from Latin and was initially used
to describe Roman military units; its epidemiological meaning
describes a defined group of people, observed over a period of
time to determine certain health outcomes [1,2]. Cohort studies
provide invaluable information on the determinants of health,
disease, and death [1]. Much of modern medicine’s knowledge,
including the consequences of smoking and alcohol, the impact
of socioeconomic factors on health outcomes, and the role of
physical activity on chronic disease, is the result of large cohort
http://publichealth.jmir.org/2021/1/e24588/
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studies [3-5]. Nonetheless, performing these studies remains a
largely complex, expensive, and time-consuming endeavor,
often embedded within resource-limited environments [6]. These
limitations have led to the development of novel
technology-driven approaches that aim to mitigate some of these
challenges [7,8].
eCohorts, also often referred to as online or web-based cohorts,
are the inevitable result of recent technological advances as well
as societal developments. eCohorts harness the reach and
flexibility of the internet to deal with some of the inherent
complexities of traditional approaches, including the need for
time-consuming and costly recruitment of large sample sizes,
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24588 | p.88
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slow communication methods, and participant retention [8,9].
The growing acceptance of mobile health and wearables has
enabled the continuous and relatively simple self-monitoring
of health and risk, where patients can generate and access their
personal health data supported by health apps that provide
personalized content, ranging from primary prevention to
therapy support and rehabilitative coaching [10-12]. In parallel,
as landline telephone and postal communication use declines,
social media and online communities are increasingly being
used as platforms for health information sharing, in which users
actively engage and contribute [8,9]. eCohorts are shaped by
these developments, which promise reach, flexibility, retention,
and efficiency [8,9].

Defining “eCohort”
A clear definition of what constitutes an eCohort study has not
yet been established. Existing research uses a variety of terms,
including “web-based,” “online,” “digital,” and “internet”
cohorts, while emphasizing different methodological aspects
from web-based recruitment to online data collection and digital
follow up [7,8,13,14]. We believe that the first step toward
establishing a comprehensive eCohort definition is to perform
a methodological comparison of traditional cohorts to eCohorts,
considering all steps in the design and life cycle of these studies.
The main research questions addressed were as follows: (1) Can
we define eCohorts based on what we know about traditional
cohorts? (2) How similar or how different are eCohorts from
traditional cohorts? Thus, the primary aim of this study was to
provide the first directions toward answering these questions.

Nittas et al

Aims
Based on a literature search and our own experiences, we aimed
to outline and discuss what may constitute an eCohort and how
these elements can be brought together to formulate a first
working definition for health researchers. This definition should
go beyond basic technical characteristics to provide a holistic
description of all steps along the life cycle of an eCohort study,
as well as its distinct strengths, weaknesses, risks, and
challenges. As a first step to achieve this goal, we conducted a
literature search to contrast the characteristics of eCohorts with
those of well-defined traditional cohorts, which can facilitate a
better understanding of their differences and potential
similarities. We also aim to use the findings of this narrative
review to inform the design of an upcoming comprehensive
scoping review on eCohorts.

Methods
Our approach was based on a two-staged iterative review and
synthesis process. The paper is organized as follows. Initially,
we compare traditional and eCohort studies across the 6 core
steps in their life cycle as outlined in Figure 1. We then continue
discussing eCohorts in the context of additional characteristics
such as flexibility, interactivity, usability, security, scalability,
and costs. Our synthesis relied on a (1) narrative literature
synthesis and (2) our own experiences with traditional cohorts
and eCohorts, such as with the Women’s Interagency HIV Study
[15], Swiss HIV Cohort Study [16], and Swiss Multiple Sclerosis
Registry [17].

Figure 1. Core stages in the life cycle of a cohort study.

We searched PubMed and Google Scholar (first 5 pages) using
the terms “cohort profile,” “cohort description,” “cohort
methods,” as well as “e-cohort,” “web-based cohort,” “online
cohort,” and “digital cohort.” For traditional cohorts, to avoid
an unmanageable number of hits, we set the filter to
observational studies in PubMed, which automatically captures
only publications from 2012 onward. To include older cohorts,
we used Google Scholar. This was followed by the selection of
10 traditional cohort and 10 eCohort studies. As we did not aim
http://publichealth.jmir.org/2021/1/e24588/
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to provide a detailed synthesis of all existing literature, we
arbitrarily set the cutoff at 10, based on narrowing down
iteratively and pragmatically. Our selection was guided by the
criteria outlined in Textbox 1. First, we selected studies with
titles and abstracts that clearly indicated a detailed
methodological account. We then proceeded iteratively to select
10 traditional and 10 eCohort studies that together provided the
most rich and broad methodological information, with as few
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as possible overlaps, while also fulfilling the third criterion of

Textbox 1.

Textbox 1. Literature review inclusion criteria.
•

Criterion 1: each publication should provide sufficient descriptive information on at least three of the stages in the life cycle of a cohort study
(see Figure 1).

•

Criterion 2: in total, the set of included publications should provide sufficient content on all stages in the life cycle of a cohort study.

•

Criterion 3: in total, the set of included publications should provide a good balance between older and newer cohorts as well as between general
population and disease-specific cohorts.

The seven life-cycle stages of a cohort study guided our data
extraction procedure (Figure 1). Each stage received a code and
for each code we iteratively developed several subcodes. The
subcodes emerged during the full-text appraisal. Coded sections
were then transferred to an Excel file, and were synthesized and
analyzed thematically. Multimedia Appendix 1 provides a list
of our codes.

Results
Included Studies
PubMed yielded 275 hits for traditional cohorts and 46 hits for
eCohorts. Google Scholar yielded an additional 150 publications
for traditional cohorts and 200 publications for eCohorts.
Following our inclusion criteria, we selected 10 illustrative
traditional and 10 eCohort publications, which are listed in
Table 1.

Table 1. Included cohort studies.
Cohort name

Year of start

Reference

Framingham Heart Study

1948

Tsao and Vasan [18]

The National Child Development Study

1958

Power and Elliott [19]

Nurses’ Health Study

1976

Bao et al [20]

Swiss HIV Cohort Study

1988

Schoeni-Affolter et al [16]

Cohort of Norway (CONOR)

1994

Næss et al [21]

The Danish National Birth Cohort

1996

Olsen et al [22]

PIAMA Birth Cohort

1996

Wijga et al [23]

UK Millennium Cohort Study

2000

Connelly and Platt [24]

The Chronic Kidney Disease in Children Cohort Study

2005

Furth et al [25]

The lidA Cohort Study

2011

Hasselhorn et al [26]

NINFEA Birth Cohort

2005

Firestone et al [8]

The Nurses and Midwives e-cohort Study

2006

Turner et al [9], Huntington et al [27]

Snart-Gravid Cohort

2007

Christensen et al [14]

ELF Cohort

2007

Firestone et al [8]

Etude NutriNet-Santé e-cohort

2009

Andreeva et al [13], Andreeva et al [28], Hercberg
et al [29]

UK Cosmos

2009

Toledano et al [30]

SnartForaeldre

2011

Christensen et al [14]

French G-GrippeNet cohort

2014

Loubet et al [31]

Swiss MS Registry

2016

Puhan et al [7]

Traditional cohorts

eCohorts

Stage 1: Research Question and Sampling
Every well-grounded epidemiological study is based on a
well-defined research question. Traditionally, cohort studies
are based on broad and multipurpose questions, dynamically
changing over time based on new insights, theory, and expected
http://publichealth.jmir.org/2021/1/e24588/
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future challenges [16,19,21-23,26]. New questions are
commonly answered by previously collected data, as these are
usually rich and highly practical. eCohort research questions
do not deviate substantially from this traditional approach.
Nonetheless, eCohorts are more easily aligned with the
principles of citizen science (eg, involving patients in the
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(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
process) and may entail technology validation components (eg,
exploring the use of technology in the implementation of cohort
studies) [7,9,27]. Although eCohort questions may also
dynamically change over time, they are usually answered
prospectively rather than using existing data, enabled by lower
logistical hurdles and higher flexibility.
Identifying and recruiting a sample of adequate size and
representativeness is a crucial and yet challenging step of cohort
studies. Traditional cohort designs rely on well-established
sampling processes, aiming for samples that are representative
of the target population in terms of characteristics that
potentially impact results (eg, measures of disease occurrence
or specific associations). Commonly, participants are randomly
selected from a predefined population group (eg, random sample
of all inhabitants in a city), defined by specific events (eg, births
within a certain period), and framed around specific exposures
or diseases, as well as combinations of these, which may include
multiple stages and stratification schemes [6,18,20,21,23,24,26].
For eCohorts, if any actual sampling process takes place, it tends
to be more inclusive and less systematic than that used for
traditional cohort studies. Participants are usually self-selected
volunteers who are reached through various online, as well as
offline, community outreach and advertisement efforts [7,9,31].

Stage 2: Recruitment
Study recruitment is the direct “engine” of any prospective
cohort study. With an emphasis on sampling, potential
participants are commonly preidentified and invited to
participate, rendering comprehensive advertisement campaigns
of lower importance. Traditional population-based cohorts
primarily rely on traditional recruitment processes such as
mailed invitation letters, and paper-based (or face-to-face)
informed consent forms and reminders [18,20,21,23,25,26].
Participants are usually recruited and enrolled in a clinical
context (eg, by physicians or nurses) [16,22,23,25]. Overall,
the recruitment and study settings are very much interlinked
with the clinical or community context.
By contrast, eCohorts are less attached to a clinical setting and
instead rely on mixed, but mostly online and passive recruitment
[9,13,27,31]. As samples are often self-selected, advertisement
plays a key role. Beyond conventional methods (eg, flyers,
posters), online advertising (eg, forums, social media) is
becoming increasingly common, with invitations and reminders
primarily sent digitally [8,9,14,27,29-31]. These approaches
aim to direct potential study participants to dedicated web pages
that provide all relevant study information and the option to
register [8,14,29]. This is followed by the assignment of unique
study identification codes and the completion of electronic
consent if the legal context allows [7,9,13,27,30,31].
Self-selection, the unequal access to resources (eg, technology
ownership), and the unequal distribution of skills (eg, digital
literacy) may lead to selective samples of younger, better
educated, high-income, health-conscious, and digitally affine
participants, thereby impacting the external validity of eCohorts
(ie, generalizability of study findings) [8,13,27,28,31].
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Stage 3: Baseline Data Collection
The collection of baseline information (eg, exposures, current
health) sets the foundation of all future comparisons. At baseline,
traditional cohorts usually rely on combinations of paper-based
questionnaires, environmental surveys, existing records, medical
examinations, biosampling, and interviews [6,16,18-20,22,23].
These approaches are now often complemented by web-based
approaches (eg, online questionnaires), aiming to reduce printing
and administrative costs [18]. In contrast, web-based data
collection, mostly in the form of online surveys, is the norm in
eCohorts [7,9]. Paper-based survey options and medical record
data are used in a complementary manner to overcome limited
digital literacy and validate self-reported information [7,9,30].
Traditional cohorts rely on multiple streams of data, which, if
complete, are widely considered as valid and robust, allowing
for multiple control mechanisms and information triangulation
[21,25,26]. In contrast, the quality, reliability, and internal
validity of digitally generated data, which constitute the core
of eCohorts, remain under scrutiny. Information is primarily
self-reported, and may be unstructured, incomplete, or generated
by devices of unclear accuracy (eg, wearables). To mitigate
these limitations, eCohorts often utilize customized, automated,
interactive, and responsive online surveys that minimize missing
or inaccurate data [8,14,27]. Skip logics remove irrelevant
questions and improve user-friendliness, consistency checks
and data entry formatting reduce missing data, intermitted saving
options allow for questionnaire completion over multiple
sittings, and altered and feedback messages ensure that
inaccurate or incomplete information is kept to a minimum
[7,14,27].

Stage 4: Follow Up
Prospective cohort studies usually include longer follow-up
periods, throughout which data are collected over multiple time
points; this holds for both traditional and eCohort designs.
Traditional designs use multiple approaches for follow up, which
may be similar to the approaches used at baseline. These include
regular mailed or telephone surveys, medical examinations,
in-clinic biosampling, medical record linkages, data retrieval
from disease and death registries, as well as personal interviews
[18,19,21,22,26]. Attrition can be mitigated through record
linkages (eg, school registries) that keep participant contact
details updated, as well as by regularly requesting participants
to update their records. Response rates are enhanced through
repeated contact, combinations of multiple follow-up methods,
as well as with the support of motivating health care
professionals [19,20,24]. Although the time intervals between
data collection points vary, they tend to be lengthy (eg, multiple
years) [23,24,26].
The follow up of eCohorts is predominantly based on
self-reported digital data collection (eg, online surveys,
web-based diaries), which may or may not be complemented
(or validated) by clinical data [7,29]. Although offline
alternatives are not uncommon, they remain secondary [7].
Attrition is mitigated through (personalized) digital reminders
(eg, email, SMS text messages, social media), as well as online
requests to update contact details [9,27,30]. The flexibility of
the internet equips eCohorts with a variety of tools to maintain
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response rates throughout the follow-up period. These include
(1) participatory and citizen science approaches, (2) personalized
and understandable feedback (eg, online data summaries), (3)
tailored electronic reminders, and (4) interactive and responsive
data collection methods (eg, real-time completion status, visual
cues, error messages, instant feedback) [7,9,27,29-31]. Social
networks (eg, Facebook, Twitter) may be utilized as contact
and outreach tools, providing study updates, and allowing for
direct and continuous contact with participants [7,30].
Biospecimen collection is rarer in eCohorts than in traditional
cohorts, but can be accommodated remotely when needed, such
as through mail-in self-kits [8]. Considering that most eCohort
data are self-reported digitally, the time intervals between data
collection points are flexible and more frequent than those used
in traditional cohorts [31].

Stage 5: Analysis
At the data analysis stage, concerns about data quality and
approaches to mitigate these seem to be a key difference
between traditional and eCohorts. The analyses of traditional
cohorts are largely built upon combinations of pre-existing and
prospectively collected clinical data (eg, medical records,
biosampling results), which are widely considered as valid and
robust [21,25,26]. Subjective and self-reported data (eg, surveys)
are validated through and complemented by parallel streams of
clinical information (eg, health insurance claims) [21,25,26].
Although challenges and biases (eg, low response rates, loss to
follow up, limited data usefulness, low sample
representativeness, social desirability bias) are not uncommon,
concerns inherent to data quality are minimized through the use
of well-established data collection instruments, a combination
of data streams, and increasingly modernized data transfer and
storage practice [16,26]. Analyses usually follow lengthy data
collection processes.
As outlined above (Stage 3: Baseline Data Collection), the
quality and reliability of eCohort data are often scrutinized,
requiring considerate data management efforts and careful
adjustments to data collection instruments to mitigate a negative
impact on analyses. Part of these efforts is the complementary
use of clinical data (eg, medical records) to increase validity,
reliability, and overall quality [7,29]. Recent analytic advances
in multiple imputations of missing data have the potential to
mitigate these problems in both traditional and eCohorts. Despite
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these challenges, digital data collection has its advantages. Data
access is improved, while data collection time frames can be
shorter, thereby facilitating the completion of preliminary
analyses without the need for lengthy gap periods [27].

Stage 6: Dissemination
Details on the dissemination of cohort findings were scarce in
the included traditional cohort publications. Dissemination
seems to be focused on scientific publications, which, if added
to the lengthy data collection and analysis completion periods,
seems to have a rather delayed character. Nonetheless,
traditional cohorts may have dedicated websites through which
publications and key findings can be retrieved. A further element
that could be described as integral to the dissemination strategy
of traditional cohorts is the use of findings for the development
and dissemination of clinical tools such as risk prediction scores
[18,23,25].
By contrast, the dissemination of findings received greater
emphasis in the included eCohort publications. The internet (eg,
websites, newsletters, and social media) seems to be the primary
tool for communicating updates and findings [7,9,27,30]. As
mentioned in the previous section, the flexibility of digitalization
may allow for faster data access and therefore more possibilities
for preliminary analyses. In turn, this enables more frequent
communication of findings and less lengthy gaps between
updates [7,27]. Communication of updates, relevant news, and
findings, including community outreach (eg, by webinars) and
presentations to health care staff, participants, and patients, may
be a part of overall strategies for maintaining participant
motivation and mitigating attrition [7,30]. An important
opportunity arising from eCohort (and digital health) research
is that of reproducibility. Although science is undoubtedly facing
a reproducibility crisis, the internet and its inherent possibilities
for data availability and accessibility may eliminate replication
barriers [32]. As data and technology availability increases, the
practical challenges and costs of replicating research (eg,
rerunning analyses) diminish. This is further facilitated by
initiatives such as open science registries that aim for
transparency and wide access to public research data [32]. If
done correctly, the findings of eCohorts can facilitate
reproducibility and open science, turning a crisis into a strength.
An overall summary comparing traditional cohorts to eCohorts
is shown in Table 2.
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Table 2. Comparison of eCohorts to traditional cohorts.
Characteristic

eCohort

Traditional cohort

Research question

Broad, multipurpose, interdisciplinary questions; questions Broad, multipurpose questions; questions change dynammay be rooted in citizen science and attached to methodolog- ically and are mostly answered with existing data
ical elements (eg, use of technology in epidemiological
studies), change dynamically, and may be answered
prospectively

Sampling

Usually nonrandom sampling with self-selected volunteers

Random samples or clinic populations defined by event,
exposure, or disease

Recruitment

Primarily online advertisement (eg, webpages, newsletters,
forums, social media), but can be complemented by offline
approaches (eg, flyers, posters)

Primarily offline advertisement (eg, flyers, posters,
newspaper advertisements), but increasingly complemented by online approaches

Recruitment usually online, through dedicated study webpages, possible at any place, any time

Recruitment usually within clinical (eg, by health care
providers) or community setting and appointment-based

Electronic consent procedures

Consent procedures usually face to face and paper-based

Baseline data collection

Primarily online and usually directly reported by participants
(eg, web-based surveys). Sometimes complemented by offline data collection (eg, mailed surveys) and nonself-reported data (eg, medical record data)

Primarily offline (eg, paper-based questionnaires, data
retrieval from existing records, personal interviews), and
may be combined with medical examinations and
biosampling

Follow up

Primarily online and usually directly reported by participants Primarily offline (eg, paper-based questionnaires, data
(eg, web-based surveys, personalized email, or SMS text
retrieval from existing records, personal interviews,
message reminders)
medical examinations, and biosampling, mailed reminders)
Rarely linked to medical care. Use of internet (eg, study
website, social media, newsletters) for outreach and partici- Usually linked to medical care; personal relationship (or
pant contact/engagement
at least personal interactions) between participant and
Data quality, reliability, and internal validity may be a con- study coordinators
cern

Strong focus on data quality, reliability, and internal vaData quality tradeoffs due to self-reporting; need for simpler lidity
questions, better data management, and user-friendliness
Analysis

Usually built on self-reported data
Easier data access, preliminary analyses possible in shorter
time frames
Analyses tend to have a stronger participant (patient) focus

Built upon multiple data streams, and a combination of
clinical and self-reported data
Longer process, preliminary analyses more difficult in
short time frames
Analyses tend to have a stronger clinical/biomedical focus

Dissemination

In addition to publications, through a variety of online
channels (eg, websites, social media)

Primarily focused on scientific publications

More frequent dissemination of findings

Dissemination of findings in form of clinical tools (eg,
risk scores)

Dissemination may be a part of an overall strategy to keep
participants engaged

Subject to larger time gaps

Opportunities for reproducibility and open science

Additional Considerations for eCohorts
Flexibility and Interactivity
The digitalized nature of eCohorts allows for a certain degree
of flexibility and interactivity along all stages. Internet-based
recruitment and participation are not bound to a certain physical
location and allow for a larger geographic reach, even if
(prospective) participants are on the move [27]. Electronic data
collection can be designed to be personalized and interactive,
such as online questionnaires that provide real-time feedback
(eg, error messages, completion status), which can be completed
over multiple sittings and quickly accessed from anywhere for
long periods [8,9,29]. Similarly, automated and tailored
electronic reminders and follow ups such as through email,
SMS, or social media allow for cheaper, faster, more frequent,
and interactive communication, thereby rapidly connecting and
diverting participants to study websites (eg, through
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click-through links) [30]. Study websites can be interactively
designed, aiming to engage participants and enhance compliance
[27].

Usability
Inherently, the design and functioning of eCohorts require a
certain level of participant engagement. Participants have to
proactively access and engage with study websites,
independently self-register, and repeatedly self-report their data,
often without any physical interaction with project staff or health
care providers. Inevitably, to motivate and sustain this
engagement, the usability of involved technology is central.
Some examples include barrier-free and tailored digital
interfaces, simple online recruitment and registration processes,
flexible and personalized data collection approaches, as well as
functioning control and guidance systems [7,8,29].
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Ethics and Security
Security plays an equally important role in motivating and
sustaining participation. Ethical and privacy issues are inherent
to the internet, which comes with certain vulnerabilities and
risks related to various stages of a cohort design, including
recruitment, advertising, and data collection [7,9]. Targeted
advertising (eg, through social media platforms) requires the
use of data that might be considered as private (eg,
demographics, education) before a person is even aware of a
study’s existence and long before they consent to participate
[33,34]. Along similar lines, showing interest in an online
advertised study (eg, by clicking on an advertisement) leaves
an online trail that can be easily used by advertising companies
for further profiling and targeted commercial advertising [33,34].
The tracking of our online behavior is inherent to the internet;
nonetheless, this is challenging from an ethical and privacy
perspective, especially in the context of sensitive health research.
Further issues may arise from a certain loss of control over
advertising, especially if that involves the sharing of
advertisements by third parties and through various social media
networks. Such uncontrolled spread might lead to losing sight
of where a cohort is promoted, as well as of potential comments
or questions that might have been posted across the internet
[35]. Obtaining informed consent is an essential aspect of
recruiting participants in a cohort. When conducted in a
face-to-face manner, questions and concerns can be addressed
interactively, which is lost if informed consent is obtained online
and without individual contact. Filling this gap requires carefully
designed online consent procedures that are transparent,
understandable, and contain all elements of regular informed
consent [36]. Finally, the internet makes it easier for sensitive
data to be accessed without authorization, as well as hacked or
replicated [33]. Although individual risk can be kept low if data
are anonymized, some argue that the ease in which digital
information is linked, shared, and merged renders all data
potentially identifiable or traceable [37]. Therefore, adequate
security features that keep risk at a minimum are inevitable [7].
Some of these features include robust password protections,
high-standard information technology security, encrypted
communication and data transfer, strict access controls, data
deidentification, as well as the separation of personal
information and unidentifiable data [7]. The emphasis on
security also increases the responsibility that participants
themselves have to carry, including adequate password
protection, correct communication with study sites, and ensuring
that devices and software are up to date.

Scalability and Costs
The internet adds a significant resource for fostering scalability
and breadth [8]. Being predominantly online, eCohorts have
the advantage of not being limited by physical location, having
a larger sampling frame, and reaching populations who might
have been otherwise difficult to reach [8,14]. Data can be
collected over large geographic areas, even across borders,
fostering collaborations while being managed from a single site
[27]. Low-cost online recruitment and data collection techniques,
facilitated by social media and their wide reach, may allow for
longer recruitment and follow-up periods, thereby adding scale
without prohibitively burdensome financial requirements [8,30].
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Scalability is commonly associated with high costs and immense
complexity, which is a major barrier of traditional cohort designs
[27,30]. Nonetheless, the inherent flexibilities of eCohorts have
the potential to keep costs substantially lower than those of their
traditional counterparts [8,27]. Targeted online advertising can
increase efficiencies, while online recruitment, invitations, and
data collection can reduce labor, printing, and mailing costs
[9,14,27,30]. These cost-efficiencies can nonetheless be rapidly
offset. Large eCohorts require adequate resources (eg, call
center, information technology personnel, digital experts,
technical backups) and extensive error testing for solving arising
problems as well as dealing with participant queries, all of which
are costly [30]. Additional costs can also occur for the design
of web platforms and data collection instruments, as well as for
subsequent data security infrastructures, both of which are
essential for data quality and misuse prevention, requiring
maintenance throughout the full study duration [27,30].

Discussion
Principal Findings
Our comparison of traditional cohorts to eCohorts suggests a
certain level of conceptual overlap. Assuming that a large
proportion of eCohorts is run by people experienced with
traditional cohorts, this is not a surprise. Although the stages,
overall aims, and methodological basis are fairly similar, their
realization differs between traditional cohorts and eCohorts
across several aspects. Knowledge of traditional cohorts can be
used to understand the methodological aims of eCohorts;
however, the same knowledge cannot be used to derive
implementation of the latter. Therefore, we consider the design
of an eCohort to be a variant of its traditional counterpart.
The novelty and flexibility of eCohorts inherently bring some
advantages over traditional cohort designs. The reach of the
internet allows for wider, more flexible advertisement and
recruitment that is not limited to a single physical setting, and
may cover larger geographic regions as well as cross borders
[8,14,27]. In combination with electronic data collection
methods, this flexibility ultimately allows for easier scale up at
potentially lower costs [8]. Digital data collection may also
enable easier data availability and access (by researchers and
participants), faster analyses, and more frequent dissemination
of findings, all of which may foster the interest and engagement
of participants [7,27]. The internet does not simply enable a
wider reach, but if utilized correctly, also provides a targeted,
personalized, engaging, and participant-centered process
[7,8,29]. Online processes require some degree of interactivity
and participant proactiveness, both of which are enhanced by
digital communication methods such as personalized emails,
SMS, and social media [8,9,29,30].
Inevitably, with novelty comes new risks and challenges. One
of these is the generalizability of findings resulting from digitally
collected data. eCohort samples often consist of volunteers that
may not be representative of reference populations, posing
potential external validity limitations [13], which may apply to
both questions on measures of disease risks and occurrence (ie,
descriptive epidemiology) and on associations (ie, inferential
epidemiology). In contrast, population subgroups with lower
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digital literacy skills might be systematically left out, often
being those that face additional sociodemographic disadvantages
[38]. Concerns around privacy, security, and transparency
require constant attention, especially in relation to data access,
ownership, and sharing. Added to these issues, vaguely
formulated and nontransparent privacy regulations create novel
ethical challenges that cannot be ignored [39,40]. Finally,
eCohorts require technological and analytical expertise that is
carefully combined with traditional epidemiological skills and
an overall motivation to keep up with the fast pace of
technological innovation [40]. The promise of improved data
collection and management, as well as cost-efficiency, can only
be realized with carefully designed digital interfaces, effective
participation incentives, and data quality assurances, which, if
missing, can lead to observed moderate to low response rates
and offset costs [8,9,14,27]. At the same time, given the inherent
challenges in the management and analysis of eCohorts
described above, some classical concepts of observational
epidemiology may require adaptation to electronic contexts,
including self-selection, limited potential for data management,
mitigation of information biases, missing data, as well as the
systematic integration and analysis of external electronic data
(eg, secondary data from medical records).

Hybrid Designs
To address our aim of gaining a better understanding of
eCohorts, we contrasted their design to more traditional
approaches. Nonetheless, cohort studies that combine both
digital and traditional elements are an increasingly common
phenomenon. As indicated in our results, traditional cohorts
might be enhanced by digital components such as online
recruitment and data collection, while largely eCohorts may
also include complementary offline elements such as physical
recruitment, conventional advertising methods (eg, flyers,
posters), paper-based data collection, as well as the inclusion
or collection of clinical data and biospecimens. In the future,
and as technology advances, hybrid cohort designs will likely
be inevitable. Digitalization may support traditional cohorts to
stay up to date, reach younger populations, and deal with
increased mobility, while increasing efficiency and reducing
costs. In turn, eCohorts may benefit from traditional approaches
for reaching nondigitally native populations and increasing the
validity of their data.

Working Definition
Based on our findings, a working definition of epidemiological
eCohort studies could be formulated as follows. eCohorts are
a novel type of cohort study, which (1) use the internet and
technology as the primary delivery mode across most stages,
from advertisement to recruitment, follow up, and dissemination;
(2) are not entirely physically linked to a clinical setting; (3)
follow more relaxed, not necessarily random, sampling
procedures; (4) are primarily based on self-reported, digitally
collected data, and usually have a strong patient focus; and (5)
systematically aim to leverage the internet and digitalization to
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achieve scalability and efficiencies. We consider studies that
have technology and the internet as their basis, but include
hybrid elements (eg, on-site recruitment, paper-based data
collection) within the scope of that definition.

Limitations
As this is relatively novel territory, we aimed for a mix of
methodological control and iterative exploration, for which our
findings need to be viewed in light of the following limitations.
Our sample did not aim to provide a comprehensive picture of
the existing literature, but rather mainly a snapshot of existing
work to provide a good basis for a comparison of traditional
and eCohort designs. For this purpose, we kept our searches
simple and pragmatic, and our final selection of included studies
was iterative. For traditional cohorts, we decided to use a more
specific search, adding methodological terms to reduce the
sensitivity and number of hits, whereas for eCohorts, we chose
a more sensitive sample as we expected fewer hits. Of note, an
extended search would also include prominent examples of
digital studies, which may not strictly follow principles of cohort
studies but bear close resemblance (eg, the Apple Heart Study,
Project Baseline). Furthermore, very recent (unpublished) or
currently ongoing eCohorts that have not been captured by our
search might well emphasize additional key aspects (eg, sensor
measurements in combination with telehealth consultations and
patient-reported data), for which we deem a follow up of our
work necessary. We aimed to counteract the potential impact
of our iterative selection approach by complementing our
findings with the research team’s experience in traditional and
eCohort studies. Our findings are primarily framed from an
epidemiological perspective, which strongly impacted our focus
and ultimately the definition we propose. Capturing and fully
understanding all aspects of eCohorts would require further
research, ideally exploring eCohorts through various angles,
including an eHealth and ethical perspective. Such work would
ultimately help us further refine the definition and
conceptualization of eCohorts.

Conclusion
This study provides a working definition of eCohorts, facilitating
a better understanding of their implementation from an
epidemiological and traditional cohort perspective. Our synthesis
indicates that eCohorts may have many similarities to their
traditional counterparts; however, eCohorts are sufficiently
distinct to be treated as a separate type of cohort design.
Sampling and recruitment are more flexible, the use of the
internet and technology is prominent across all cohort stages,
and analyses are primarily based on self-reported and digitally
collected data. The novelty of eCohorts comes with a range of
strengths, weaknesses, as well as uncertainties that require
further exploration. Finally, eCohorts inherently offer new
insights on how the internet and emerging technology can
contribute to and blend in with epidemiological and broader
health research.
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Abstract
Background: Universal health coverage (UHC) is one of many ambitious, health-related, sustainable development goals. Sharing
various experiences of achieving UHC, in terms of challenges, pitfalls, and future prospects, can help policy and decision-makers
reduce the likelihood of committing errors. As such, scholarly articles and technical reports are of paramount importance in
shedding light on the determinants that make it possible to achieve UHC.
Objective: The purpose of this study is to conduct a comprehensive analysis of UHC-related scientific literature from 1990 to
2019.
Methods: We carried out a bibliometric analysis of papers related to UHC published from January 1990 to September 2019
and indexed in Scopus via VOSviewer (version 1.6.13; CWTS). Relevant information was extracted: the number of papers
published, the 20 authors with the highest number of publications in the field of UHC, the 20 journals with the highest number
of publications related to UHC, the 20 most active funding sources for UHC-related research, the 20 institutes and research centers
that have produced the highest number of UHC-related research papers, the 20 countries that contributed the most to the research
field of UHC, the 20 most cited papers, and the latest available impact factors of journals in 2018 that included the UHC-related
items under investigation.
Results: In our analysis, 7224 articles were included. The publication trend was increasing, showing high interest in the scientific
community. Most researchers were from the United States, the United Kingdom, and Canada, with Thailand being a notable
exception. The Lancet accounted for 3.95% of published UHC-related research. Among the top 20 funding sources, the World
Health Organization (WHO), the Bill and Melinda Gates Foundation, and the National Institutes of Health (NIH) accounted for
1.41%, 1.34%, and 1.02% of published UHC-related research, respectively. The highest number of citations was found for articles
published in The Lancet, the American Journal of Psychiatry, and the Journal of the American Medical Association (JAMA).
The top keywords were “health insurance,” “insurance,” “healthcare policy,” “healthcare delivery,” “economics,” “priority,”
“healthcare cost,” “organization and management,” “health services accessibility,” “reform,” “public health,” and “health policy.”
Conclusions: The findings of our study showed an increasing scholarly interest in UHC and related issues. However, most
research concentrated in middle- and high-income regions and countries. Therefore, research in low-income countries should be
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promoted and supported, as this could enable a better understanding of the determinants of the barriers and obstacles to UHC
achievement and improve global health.
(JMIR Public Health Surveill 2021;7(1):e24569) doi:10.2196/24569
KEYWORDS
bibliometrics; scientometrics; universal health coverage; universal health; health coverage; developing countries; low-income
countries

Introduction
Universal health coverage (UHC) was one of the ambitious,
health-related “sustainable development goals” (SDGs) set by
the United Nations (UN) General Assembly in 2015, and is one
of the top priorities of their 2030 agenda. UHC represents the
hope for better health for the world's poorest [1-3]. The World
Health Organization (WHO) has defined UHC as a policy for
“ensuring that all people can use the promotive, preventive,
curative, rehabilitative and palliative health services they need,
of sufficient quality to be effective, while also ensuring that the
use of these services does not expose the user to financial
hardship” [4].
At least half of the world's population does not have access to
full coverage for a package of essential health services [5].
Health expenses lead more than 100 million people worldwide
to extreme poverty every year, often forcing people to make
intolerably difficult choices between purchasing food for their
children and families, paying for child education, or paying for
vital health services [2,6].
Countries differ in the way they address UHC provision based
on a wide range of factors, such as political, economic, social,
epidemiological, and technical considerations [7,8]. The path
to UHC involves important policy choices and inevitable
trade-offs [9]. The extent of the impact of a successful UHC
implementation is referred to as the “Third Global Health
Transition” [10]. Sharing various experiences of achieving UHC,
in terms of challenges, pitfalls, and future prospects, can help
policy and decision-makers benefit from global good practices
and reduce the likelihood of committing errors and wasting
resources better allocated elsewhere. As such, scholarly articles
and technical reports are of paramount importance in shedding
light on the determinants that make UHC achievement possible
[11,12].
Nearly all of the Organization for Economic Co-operation and
Development (OECD) countries and emerging economies, such
as Brazil, China, Colombia, Costa Rica, India, Indonesia, and
Russia, have achieved UHC [13]. These countries' experiences
can be a major source of evidence of why UHC is desirable and
how it should be achieved. Evidence shows a strong relationship
between life expectancy at birth and UHC indicators, reflecting
the 3 core dimensions of universal health coverage [14]. In
moving to UHC, some countries such as Ghana, Indonesia, and
Vietnam have increased their UHC indices over time, 1.43%,
1.85%, and 2.26%, respectively, mostly by improving both
financial protection and service coverage [15,16].
In recent years, researchers have been using scientometrics, a
branch of information science and a subfield of bibliometrics,
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to quantitatively investigate emerging research patterns in the
scientific literature [17]. In addition, scientometrics enables an
assessment of trends in article citations and how these indicators
and measurements can impact policy and management. Using
scholarly databases and visualization technology allows
researchers to gain a good understanding of the publication
trends related to a given topic [18,19].
To the best of our knowledge, there is a dearth of information
concerning research patterns in the field of health care
management and, specifically, UHC. Therefore, the purpose of
this study is to conduct a comprehensive analysis of
UHC-related scientific literature from 1990 to 2019.

Methods
Ethics Approval and Consent to Participate
This study was waived from ethical approval because it did not
include data on animals or human subjects, and it was based on
publicly available data.

Data Sources
This quantitative study was based on medical informatics, data
and text mining, and scientometrics techniques [20].
Independently, 2 authors searched Scopus from January 1, 1990,
to September 24, 2019. Disagreements between them were
resolved through discussion until consensus was reached.

Inclusion and Exclusion Criteria
We limited our search to only scholarly items dealing with UHC,
using “universal health coverage” as the keyword. The search
was performed without language restrictions. All records
relevant to the field of UHC were deemed eligible and, as such,
retained in our investigation.

Data Extraction
Data were downloaded in comma-separated values (CSV)
format. Independently, 2 authors extracted relevant data, namely,
(1) the number of documents published within the study period,
(2) the 20 authors with the highest number of publications in
the field of UHC, (3) the 20 journals with the highest number
of publications related to UHC, (4) the 20 most active funding
sources for UHC-related research, (5) the 20 institutes and
research centers that have produced the highest number of
UHC-related research papers, (6) the 20 countries that
contributed the most to the research field of UHC, (7) the 20
most highly cited papers, and (8) the latest available impact
factor of journals in 2018 that included the UHC-related items
under investigation. Any disagreements between the 2 authors
were resolved through discussion until consensus was reached.
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Data Analysis
Ad hoc visualization software was used to visualize UHC-related
research hotspots, patterns, directions of research development,
and other relevant trends, using networks and graphs. All data
were imported and loaded into VOSviewer (version 1.6.13;
CWTS). For visualization publication density worldwide (ie,
publication trends among countries), the open-source tool
GunnMap was used [21].

Results

Ghanbari et al
The 20 authors with the highest number of publications in the
field of UHC are listed in Table 2. Of the 20 authors, 4 are from
the United States, 4 are from the United Kingdom, and 3 are
from Thailand.
The network distribution of authors publishing in the field of
UHC is shown in Figure 1. The 20 journals with the highest
number of publications related to UHC are listed in Table 3.
The Lancet accounted for 3.95% of published UHC-related
research.

After searching Scopus, a pool of 7224 records was included
in our analysis. The increasing publication trend related to UHC
from January 1990 to September 2019 is shown in Table 1.
Table 1. Number of publications related to universal health coverage per year, as indexed in Scopus.
Year

Number of publications

1990

25

1991

21

1992

38

1993

50

1994

103

1995

70

1996

53

1997

70

1998

77

1999

73

2000

115

2001

83

2002

87

2003

138

2004

129

2005

136

2006

188

2007

266

2008

254

2009

308

2010

251

2011

312

2012

393

2013

398

2014

449

2015

581

2016

628

2017

668

2018

784

2019

525
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Table 2. Authors with the highest number of manuscripts related to universal health coverage.
Rank Author’s name

Country

Number of publications

Citations

Percentage (n/7224) H-index

1

Tangcharoensathien V

Thailand

47

3117

0.64

29

2

Atun R

United States

35

9121

0.48

48

3

Teerawattananon Y

Singapore

31

3865

0.42

27

4

Chalkidou K

United Kingdom

23

2223

0.31

22

5

McIntyre D

South Africa

23

2197

0.31

27

6

Norheim OF

Norway

23

19675

0.31

42

7

Ridde V

Canada

23

2455

0.31

24

8

Hanson K

United Kingdom

21

5268

0.28

39

9

McKee M

United Kingdom

21

51327

0.28

96

10

Mills A

United Kingdom

21

9487

0.28

56

11

Ataguba JE

South Africa

20

893

0.27

15

12

Shibuya K

Japan

20

58828

0.27

66

13

Bello AK

Canada

19

7133

0.26

32

14

Kruk ME

United States

19

4671

0.26

38

15

Woolhandler S

United States

19

10241

0.26

47

16

Limwattananon S

Thailand

18

10241

0.24

47

17

Patcharanarumol W

Thailand

18

714

0.24

12

18

Prinja S

India

18

1087

0.24

19

19

Reich MR

United States

18

3580

0.24

32

20

Bhutta ZA

Pakistan

17

69758

0.23

114

Figure 1. The distribution of authors publishing research in the field of universal health coverage.
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Table 3. Journals with the highest number of articles related to universal health coverage.
Rank Journal

a

Number of
publications

Percentage
(n/7224)

Impact

Quartile in category
(2018)

H-index

factor (2018)

1

Lancet

286

3.95

59.102

Q1

700

2

Health Affairs

152

2.09

5.711

Q1

156

3

Plos One

152

2.09

2.776

Q1

268

4

BMC Health Services Research

131

1.8

1.932

Q1

90

5

Bulletin of The World Health Organization

124

1.71

6.818

Q1

148

6

Modern Healthcare

120

1.65

—a

Q4

9

7

International Journal for Equity in Health

115

1.58

2.473

Q1

46

8

Health Policy and Planning

105

1.44

2.717

Q1

80

9

Health Policy

95

1.31

2.075

Q1

79

10

Social Science and Medicine

93

1.28

3.087

Q1

213

11

BMC Public Health

82

1.13

2.567

Q1

117

12

Vaccine

81

1.11

4.760

Q1

164

13

Malaria Journal

77

1.06

2.798

Q1

87

14

New England Journal of Medicine

75

1.03

70.670

Q1

933

15

BMJ Global Health

63

0.86

4.28

Q1

21

16

Journal of Health Politics Policy and Law

54

0.74

1.839

Q2

48

17

American Journal of Public Health

52

0.71

0.774

Q1

236

18

Health Systems and Reform

51

0.7

—

—

—

19

International Journal of Health Planning and Management

50

0.68

1.450

Q2

37

20

Global Health Action

50

0.68

1.817

Q1

33

—not available.

Table 4 shows the 20 most active funding sources for
UHC-related research. Among them, the WHO, the Bill and
Melinda Gates Foundation, and the National Institutes of Health
(NIH) accounted for 1.41%, 1.34%, and 1.02% of published
UHC-related research, respectively.
Table 5 lists the 20 institutes and research centers that have
produced the highest number of UHC-related research papers.
Table 6 shows the countries that contributed the most to the
research field of UHC. Among them, the United States, the
United Kingdom, and Canada contributed 2426, 919, and 545
papers, respectively.
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Figure 2 shows the density distribution of UHC-related
publications among different countries and regions around the
world.
The 20 most highly cited papers are listed in Table 7. The
highest number of citations was found for papers published in
The Lancet, the American Journal of Psychiatry, and the Journal
of the American Medical Association (JAMA).
In Figure 3, the network of words, themes, and topics associated
with UHC is shown. Among them, the top keywords were
“health insurance,” “insurance,” “healthcare policy,” “healthcare
delivery,” “economics,” “priority,” “healthcare cost,”
“organization and management,” “health services accessibility,”
“reform,” “public health,” and “health policy.”
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Table 4. Most active funding sources for universal health coverage (UHC)-related research.
Rank

Name of Institute

Number of publications

1

World Health Organization

102

2

London School of Hygiene & Tropical Medicine

97

3

Harvard School of Public Health

74

4

University of Toronto

65

5

Harvard Medical School

47

6

University of Cape Town

45

7

Johns Hopkins Bloomberg School of Public Health

39

8

Imperial College London

34

9

Centers for Disease Control and Prevention

33

10

Thailand Ministry of Public Health

30

11

University of California, San Francisco

26

12

Johns Hopkins University

24

13

University of Oxford

22

14

University of Washington, Seattle

22

15

University of Witwatersrand

21

16

Harvard University

21

17

Columbia University in the City of New York

20

18

The World Bank

19

19

UCL

18

20

University of Melbourne

17
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Table 5. Highest producing institutes and research centers for universal health coverage research.
Institute

Number of publications

Percentage of total

Organisation Mondiale de la Santé

388

5.35

London School of Hygiene & Tropical Medicine

269

3.71

Harvard School of Public Health

194

2.67

University of Toronto

164

2.26

Harvard Medical School

147

2.02

University of Cape Town

112

1.54

Johns Hopkins Bloomberg School of Public Health

104

1.43

Imperial College London

104

1.43

Centers for Disease Control and Prevention

102

1.4

Thailand Ministry of Public Health

98

1.35

University of California, San Francisco

93

1.28

Johns Hopkins University

89

1.22

University of Oxford

87

1.2

University of Washington, Seattle

86

1.18

University of Witwatersrand

79

1.09

Harvard University

78

1.07

Columbia University in the City of New York

75

1.03

The World Bank, USA

73

1

UCL

69

0.95

University of Melbourne

68

0.93
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Table 6. Countries and regions that contributed the most to the research field of universal health coverage (UHC) during 1990-2019.
Country

Number of UHC-related research papers contributed

United States

2426

United Kingdom

919

Canada

545

Switzerland

469

India

395

Australia

370

South Africa

299

Thailand

285

Brazil

219

China

215

France

205

Japan

181

Italy

176

Netherlands

173

Germany

161

Spain

158

Belgium

149

Mexico

131

Taiwan

129

Kenya

120

Figure 2. Density of publications related to the research field of universal health coverage worldwide.

http://publichealth.jmir.org/2021/1/e24569/

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24569 | p.106
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

Ghanbari et al

Table 7. Most cited papers related to universal health coverage.
No.

Title

Year

Journal

Number of
citations

1

Evidence-based, cost-effective interventions: How many newborn babies can we save? 2005

Lancet

933

2

Social consequences of psychiatric disorders, I: Educational attainment

1995

American Journal of Psychiatry

729

3

Global Surgery 2030: Evidence and solutions for achieving health, welfare, and economic development

2015

Lancet

716

4

Socioeconomic Inequalities in Health: No Easy Solution

1993

JAMA

696

5

Hepatitis B virus infection: Epidemiology and vaccination

2006

Epidemiologic Reviews

615

6

Persistence of use of lipid-lowering medications: A cross-national study

1998

Journal of the American
Medical Association

550

7

Early appraisal of China's huge and complex health-care reforms

2012

Lancet

541

8

Applying an equity lens to child health and mortality: More of the same is not enough 2003

Lancet

485

9

Taiwan's new national health insurance program: Genesis and experience so far

2003

Health Affairs

458

10

Varicella disease after introduction of varicella vaccine in the United States, 19952000

2002

Journal of the American
Medical Association

427

11

Does universal health insurance make health care unaffordable? Lessons from Taiwan 2003

Health Affairs

406

12

Maternal and child health in Brazil: Progress and challenges

Lancet

402

13

Establishment of a universal size standard strain for use with the pulsenet standardized 2005
pulsed-field gel electrophoresis protocols: Converting the national databases to the
new size standard

Journal of Clinical Micro- 400
biology

14

Help-seeking and access to mental health care in a university student population

2007

Medical Care

369

15

Policy statement: Recommendations for the prevention of pneumococcal infections,
including the use of pneumococcal conjugate vaccine (Prevnar), pneumococcal
polysaccharide vaccine, and antibiotic prophylaxis

2008

Pediatrics

348

16

Explaining income-related inequalities in doctor utilisation in Europe

2004

Health Economics

345

17

Access to care, health status, and health disparities in the United States and Canada:
Results of a Cross-National Population-Based Survey

2006

American Journal of Public Health

325

18

The history and principles of managed competition

1993

Health Affairs

317

19

Socioeconomic Disparities in Preventive Care Persist Despite Universal Coverage:
Breast and Cervical Cancer Screening in Ontario and the United States

1994

JAMA

310

20

Policy relevant determinants of health: An international perspective

2002

Health Policy

307
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Figure 3. Network of the most used keywords related to universal health coverage.

Discussion
Principal Findings
This study quantitatively assessed the publication trend related
to UHC over the past 19 years. UHC-related publications have
been on the rise in recent years, and this seems to be the major
focus of researchers, given the important role that UHC can
play in improving equity in access to health services and
provisions. UHC can enable important achievements in the
health sector worldwide. The growth of health-related scientific
publications in the field of policy and management, and
especially UHC, reflects the global interest and participation of
different stakeholders, including researchers, in identifying the
different dimensions and determinants that can make it possible
to achieve UHC.
Undoubtedly, relying on scholarly publications can improve
the performance of the health sector to achieve UHC-related
goals. The rigor of the scientific method, if properly followed,
can lead to fundamental changes in all areas of life, including
health. Bibliometrics-based literature reviews can play an
important role in examining the process of scientific publications
and orienting researchers in this field [22].
From 1990 to 2019, scholarly publications in the field of UHC
have been gradually increasing, especially after 2015 when
policy and decision-makers have given particular emphasis to
achieving UHC as one of the SDGs. Political commitment and
support on this issue has contributed to the prioritization of
UHC and put it on the policy and research agenda [23].
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This investigation shows that authors from the United States,
the United Kingdom, Canada, and Thailand produced the highest
number of publications related to UHC. Scientists from the
United States, the United Kingdom, and Canada have done
research on the possible ways to achieve UHC goals in
collaboration with various stakeholders, including health care
policy and decision-makers. Thailand is one of the countries
working hard to improve its health sector by making profound
reforms. Since 2002, despite economic-financial problems and
political instability, proper support for UHC has provided Thai
citizens with a good level of health services and provisions.
Therefore, researchers in this country have tried to disseminate
their experiences and practices in the field of UHC to other
countries around the world [24].
Usually, researchers aim to have their scientific findings
published in prestigious journals so that their papers can have
the highest exposure in terms of impact and receive adequate
attention and citations from other researchers [25]. The Lancet,
which has a high impact factor and plays an important role in
influencing and shaping future scientific research, has published
the highest number of articles related to UHC. Also, journals
in the fields of health care policymaking, decision-making, and
management have attracted authors' interest in submitting
papers. UHC is a major topic because of its impact on all aspects
of health [26].
The WHO, the London School of Hygiene and Tropical
Medicine, and the Harvard School of Public Health were among
the institutions and research centers that played a major role in
supporting UHC-related research. The WHO's institutional
nature makes it naturally interested in topics such as UHC, as
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24569 | p.108
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it strives to provide the best evidence for a given health-related
issue. The London School of Hygiene and Tropical Medicine
is also one of the most prestigious institutions that, in recent
decades, has promoted UHC-related studies, especially in
lower-income countries, to improve health in these countries
and achieve UHC goals. It strives to empower researchers in
the field of health and provide high-quality public health
education, as does Harvard School of Public Health.
It is important to note that, in the last decades, these two
institutions have become prominent in the fields of health policy
and management, indicating that they play an important role in
developing UHC-related issues.

Ghanbari et al

Limitations
Despite strengths such as methodological rigor, transparency,
and reproducibility, this study has some limitations that should
be properly recognized. Its major limitation is the use of a single
bibliographic database (Scopus). As such, results should be
replicated utilizing other major scholarly databases like
PubMed/MEDLINE or Web of Science.

Conclusion
The findings of our study showed an increasing scholarly interest
in UHC and related issues. However, most researchers were
from the United States, the United Kingdom, and Canada, with
Thailand being a notable exception. Research in low-income
countries should be promoted and supported, as this could enable
a better understanding of the determinants of the barriers and
obstacles to UHC achievement and improve global health.
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Abstract
Background: In 2005, China established an internet-based Tuberculosis Information Management System (TBIMS) to monitor
changes in tuberculosis (TB). Many scholars have conducted epidemiological research using TBIMS; however, few studies
assessing control strategies have been performed based on this platform data. Henan province is a high TB incidence area in
China where, in addition to following the nationwide TB strategies, a series of local intervention combinations have been
implemented.
Objective: Our study aims to evaluate the impact of nationwide TB intervention combinations on epidemiological changes and
determine whether Henan province can achieve the World Health Organization’s (WHO) goal of reducing TB incidence by 50%
and TB mortality by 75% by the year 2025.
Methods: We used descriptive statistical methods to show the spatial and temporal distribution of pulmonary tuberculosis (PTB)
reported to the TBIMS database from 2005 to 2018, and logistic regression analysis was performed to identify the risk factors of
bacteriological-positive TB. The dynamic compartmental model and Bayesian melding approach was adopted to estimate the
burden of TB under the impact of different TB control policies.
Results: In total, 976,526 PTB cases were notified to the TBIMS in Henan in a period of 14 years. Although the overall incidence
of PTB declined from 91.4/105 to 58.5/105, and the overall incidence of bacteriological-positive PTB declined from 44.5/105 to
14.7/105, the WHO’s 2025 goal could not be met. The distribution of high incidence and poverty-stricken counties were basically
overlapped. Men, farmers and herdsmen (in rural areas), and subjects aged ≥60 years were more likely to develop
bacteriological-positive PTB. The increasing treatment success for drug-susceptible tuberculosis and multidrug-resistant tuberculosis
has not provided the desired reduction in incidence and mortality.
Conclusions: To achieve the targeted goal, while improving the cure rate of TB, new active (rather than passive) detection and
intervention strategies should be formulated based on epidemiological characteristics in Henan province.
(JMIR Public Health Surveill 2021;7(1):e24830) doi:10.2196/24830
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Introduction
Implementation of the directly observed treatment short-course
(DOTS) chemotherapy strategy led to a 65% reduction in the
prevalence of smear-positive tuberculosis (TB) in China between
1990 and 2010 [1]. Nevertheless, China still had the
second-highest number of TB infections globally [2]. In 2005,
China established an internet-based Tuberculosis Information
Management System (TBIMS) as the national TB surveillance
system, and all Chinese TB health facilities have been required
to report diagnosed pulmonary tuberculosis (PTB) cases directly
into the TBIMS [3]. The TBIMS platform allows for real-time
monitoring of TB diagnosis, treatment, and outcomes in China,
especially for PTB. Recently, many scholars have conducted
epidemiological investigations using TBIMS; however, few
studies have assessed control strategies based on this platform
data.
The World Health Organization’s (WHO) 2025 goal was to
reduce TB incidence by 50% and TB mortality by 75% [4] from
2015 to 2025. Recently, research studies have shown that China
is unlikely to meet the global TB-related targets by intensifying
its current strategies, which were passive measures taken only
for TB symptomatic persons [5,6]. Henan province is a high
incidence area, accounting for 10% of TB infections in China.
In addition to following the nationwide TB strategies, Henan
province has also implemented a series of nonfragmented local
intervention combinations, including an annual investment from
the local authorities of 1.42 million US dollars to purchase
antituberculosis drugs and diagnostic reagents since 2010, the
provision of free screening for latent TB infection to enrolled
first-year students since 2017, and a payment plan targeting
single-disease TB treatment since 2018. However, whether these
measures would change the epidemiological characteristics and
help Henan province achieve the WHO’s goal for 2025 has not
been determined.
In this study, based on the TBIMS database, we collected details
of PTB as well as demographic, epidemiological, geographical,
and laboratory information and related policies in Henan
province for 2005-2018. We aim to explore whether the
epidemiological characteristics of TB have changed in the past
14 years under the guidance of the national and provincial
policies, and to use a dynamic compartmental model to evaluate
various TB control and prevention policies in order to determine
whether Henan province can achieve the WHO’s 2025 goal.

Methods
Data Collection
Since January 1, 2005, PTB cases are reported to the TBIMS,
the national TB surveillance system, within 24 hours of
diagnosis [3]. From the TBIMS database, we collected
information from PTB cases on basic demographic information
(sex, birth date, home address, occupation, and treatment of
http://publichealth.jmir.org/2021/1/e24830/
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classification), time of illness onset and diagnosis, and
laboratory outcomes (sputum smear results and sputum culture
results). The percentage values of multidrug-resistant
tuberculosis (MDR-TB) infections in all cases, new patients,
and re-treated patients were obtained by analysis of multidrug
resistance of tuberculosis. The mortality was obtained from the
national disease surveillance system’s tuberculosis death
analysis report and the Ministry of Health’s prevalence survey
in 2010.

Data Analysis
Descriptive statistical methods were adopted to analyze
continuous variables and categorical variables. The annual
incidence rates of PTB (per 100,000 people) and
bacteriological-positive PTB were calculated. We used the Arc
Map’s (version 10.2; ESRI Inc) ring map to show the
spatiotemporal patterns of PTB incidence. In order to illustrate
the seasonal patterns of PTB in different regions, we created
heatmaps for the proportion of PTB cases identified during each
month of the year. A hierarchical clustering method was used
to identify similar regions based on the overall and
bacteriological-positive PTB incidence rates, which were
compared with the distribution of poverty-stricken regions in
Henan province. Univariable and multivariable logistic
regression models were applied in order to investigate the factors
associated with bacteriological-positive PTB, and unadjusted
odds ratios (OR) and adjusted odds ratios (AOR) were also
estimated.
We used a dynamic compartmental model [5,7] to predict the
incidence and mortality of TB epidemics, and the main
parameters included natural history parameters, mortality rate
or birth rate, and program parameters such as patient visit rate
and long-term cure rate. We found the present background
parameters values through a review of the literature [5,6],
including the long-term cure rate for new cases and re-treatment
cases in different medical settings. Based on experts' opinions
and a local epidemiological survey from Henan Center for
Disease Control and Prevention, we selected and set the local
background parameters and further simulated 4 main scenarios
for the future. We assumed that these scenarios would be
implemented in 2018 and estimated their effect by 2025 using
the model. In scenario 1 (the current status in Henan), we
estimated the ranges of the decline in incidence and mortality
if the current strategies are maintained until 2025. In scenario
2, we estimated the change of incidence and mortality by year
if the treatment success rate for drug-susceptible tuberculosis
(DS-TB) increased to 92% for new treatment and 90% for
re-treatment. In scenario 3, we considered using better diagnosis
technologies and increasing treatment success for MDR-TB to
show the impact of the measures, and the long-term cure rate
with a second-line drug for MDR-TB was 82%. In scenario 4,
a combination of all conducted measures was represented; that
is, scenarios 1, 2, and 3 were delivered simultaneously. A
detailed description of the statistical analyses is provided in
Multimedia Appendix 1.
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In addition, the data of TB burden in Henan province were used
to calibrate the model by adopting the Bayesian melding
approach [8]. Then, the impact of intervention strategies on the
epidemiology of TB was predicted using the fitted model. We
predicted the incidence, mortality, and multidrug-resistant
percentage for all cases and new cases for each scenario. The
posterior simulations produced 95% credible intervals.
Furthermore, the post-2015 global tuberculosis targets were
compared with the variation in incidence and mortality that we
calculated.

Ethics Statement
The ethics review committee of the Henan Tuberculosis Control
Institute provided approval for this study. Additionally, patients’
information was anonymized to ensure privacy.
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Results
Demographic Characteristics
A total of 976,526 PTB cases were reported to TBIMS in the
2005–2018 period. Of these, 381,598 (39.08%) were cases of
bacteriological-positive tuberculosis. In all PTB cases, the
overall male-to-female ratio was 2.38:1; however, this pattern
was not uniform across the years (Figure 1A), and the gender
difference in the 0-14 years age group was the lowest (Figure
1B). The median age was 48 (IQR 28–63) years, and the median
age for bacteriological-positive cases (51 years, IQR 31-65)
was higher than for negative cases (47 years, IQR 28-63).
Moreover, 95.0% of patients were new cases, and 98.2% had
received antituberculosis therapy (Table 1).

Figure 1. Number of pulmonary tuberculosis (PTB) cases by age and sex in Henan province, China, from 2005 to 2018. A: Number of PTB cases by
sex and year. B: Number of PTB cases by age group, sex, and year.
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Table 1. Characteristics of pulmonary tuberculosis (PTB) cases in Henan province, China, from 2005 to 2018.
Characteristic

Total PTB cases (n=976,526)

Laboratory results
Bacteriological-positive (n=381,598)

Bacteriological-negative (n=526,888)

Gender
Male, n (%)

687,996 (70.45)

287,143 (74.54)

358,916 (68.12)

Female, n (%)

288,530 (29.55)

98,055 (25.46)

167,972 (31.88)

0-14

9,434 (0.97)

1,086 (0.28)

4,668 (0.89)

15-29

248,376 (25.43)

87,272 (22.66)

137,771 (26.15)

30-44

182,613 (18.70)

69,732 (18.10)

99,220 (18.83)

45-59

223,073 (22.84)

90,222 (23.42)

120,923 (22.95)

≥60

312,620 (32.01)

136,734 (35.50)

164,116 (31.15)

Unknown

410 (0.04)

152 (0.04)

190 (0.04)

Nursery children

307 (0.03)

8 (0.00)

79 (0.01)

Scattered children

729 (0.07)

36 (0.01)

246 (0.05)

Students

47,760 (4.89)

11,171 (2.90)

29,690 (5.63)

Workers

26,229 (2.69)

9,924 (2.58)

14,135 (2.68)

Farmers and herdsmen

795,893 (81.50)

325,259 (84.44)

425,466 (80.75)

Commercial service stratum

4704 (0.48)

1607 (0.42)

2650 (0.50)

Others

98,414 (10.08)

36,181 (9.39)

53,395 (10.13)

Unknown

2490 (0.25)

1012 (0.26)

1227 (0.23)

Rural

786,210 (80.51)

317,547 (82.44)

419,554 (79.63)

Urban

180,375 (18.47)

63,582 (16.51)

102,130 (19.38)

Unknown

9941 (1.02)

4069 (1.06)

5204 (0.99)

Age groups in years, n (%)

Occupation, n (%)

Residence, n (%)

Treatment of classification, n (%)
New case

927,250 (94.95)

358,170 (92.98)

505,423 (95.93)

Re-treated case

49,276 (5.05)

27,028 (7.02)

21,465 (4.07)

Yes

958,965 (98.20)

379,016 (98.44)

517,660 (98.31)

No

16,978 (1.74)

6017 (1.56)

8917 (1.69)

Unknown

583 (0.06)

165 (0.04)

311 (0.06)

Anti-tuberculosis therapy

Time from illness onset to first hospital visit, in days, n (%)
0-30

646,116 (66.16)

235,774 (61.21)

365,316 (69.33)

31-60

119,264 (12.21)

50,124 (13.01)

62,298 (11.82)

61-90

41,171 (4.22)

19,310 (5.01)

19,938 (3.78)

>90

53,414 (5.47)

26,919 (6.99)

24,511 (4.65)

Unknown

116,561 (11.94)

53,071 (13.78)

54,825 (10.41)

Time from onset to confirmation, in days, n (%)
0-30

564,081 (57.76)

205,505 (53.35)

318,226 (60.40)

31-60

192,248 (19.69)

76,306 (19.81)

103,770 (19.69)

61-90

68,368 (7.00)

30,570 (7.94)

34,263 (6.50)

http://publichealth.jmir.org/2021/1/e24830/

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24830 | p.114
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
Characteristic

Total PTB cases (n=976,526)
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Laboratory results
Bacteriological-positive (n=381,598)

Bacteriological-negative (n=526,888)

>90

96,450 (9.88)

48,874 (12.69)

44,032 (8.36)

Unknown

55,379 (5.67)

23,943 (6.22)

26,597 (5.05)

Time from onset to treatment end, in months, n (%)
0-6

47,621 (4.88)

19,284 (5.01)

24,999 (4.74)

6-12

715,251 (73.24)

277,827 (72.13)

404,604 (76.79)

>12

60,994 (6.25)

22,312 (5.79)

22,390 (4.25)

Unknown

152,660 (15.63)

65,775 (17.08)

74,895 (14.21)

Incidence and Seasonality
The annual average PTB incidence was 75.3/105, and the overall
incidence trend declined from 91.4/105 in 2005 to 58.5/105 in
2017. The annual average incidence for patients with
bacteriological-positive PTB was 30.1/105, and it decreased
from 44.5/105 in 2005 to 14.7/105 in 2017 (Figure 2A).
PTB incidence showed broad age-specific variations, and
patients aged ≥60 years and 15-29 years ranked first and second,
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respectively. In addition, the incidence in rural regions was
higher than in urban areas (P<.05; Table 2).
As can be observed from the PTB’s geographical distribution
across Henan in the 2005-2018 period, the high incidence areas
of PTB in Henan province remained unchanged (Figure 2B).
In addition, from 2005 to 2010, the overall incidence of
bacteriological-positive cases remained high, except in
Zhengzhou city (Figure 2C). The incidence rates of PTB, cases
of bacteriological-positive tuberculosis, and poverty-stricken
counties were basically the same, especially in Nanyang city,
Xinyang city, Zhoukou city, and Zhumadian city (Figure 3A-C).
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Figure 2. Spatiotemporal distribution of pulmonary tuberculosis (PTB) cases by city and epidemic curve in Henan province, China, from 2005 to 2018.
A: PTB epidemic curve on the number of cases reported weekly. B: Spatiotemporal distribution of all PTB cases. C: Spatiotemporal distribution of
bacteriological-positive PTB cases. D: Time series for weekly reported PTB cases (standardized by the number of annual cases). E: Cluster analysis
for seasonal distribution of PTB cases.
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Table 2. Incidence of pulmonary tuberculosis (PTB) cases by age group and residence in Henan province, China, from 2005 to 2017.
Characteristic

Year (2005-2017)
2005

2006

2007

2008

2009

2010

2011

2012

2013

2014

2015

2016

2017

Urban

46.4

48.1

42.9

39.6

40.8

35.1

31.0

31.7

29.8

29.8

27.1

25.6

25.8

Rural

108.5

110.6

110.4

109.6

108.2

100.5

98.1

103.1

96.9

96.9

95.7

92.3

90.7

Residence

Age group, in years

a

0-14

8.1

5.63

4.6

3.8

4.8

3.1

3.3

3.2

2.1

1.6

1.9

1.9

2.0

15-29

—a

104.2

100.9

103.9

103.5

84.5

82.9

83.2

81.7

77.4

74.9

71.9

74.6

30-44

—

72.2

68.5

68.8

69.1

62.5

58.4

61.9

59.1

54.8

53.7

48.6

48.7

45-59

—

103.7

96.0

86.6

87.1

90.8

86.8

82.7

73.3

76.0

71.5

67.2

60.1

≥60

—

237.5

243.0

218.2

186.0

182.0

156.2

158.2

143.6

147.7

135.1

127.3

121.8

— not available.

Figure 3. Classification of pulmonary tuberculosis (PTB) epidemiological regions through cluster analysis in Henan province, China, from 2005 to
2018. A: Classification of all PTB epidemiological regions. B: Classification of bacteriological-positive PTB epidemiological regions. C: Distribution
of poverty-stricken counties.

On the provincial scale, it can be observed that people developed
PTB throughout the year, while at the city-level, the incidence
did not reach a peak at the same time across Henan;
nevertheless, the annual seasonal peaks were noticeable. A
seasonal pattern was observed in March, April, May, and June,
and the peak season occurred in March and April. Cases
decreased during early June and after mid-October, and the PTB
cases increased again, with transmission reaching a small peak,
in November. The 2 months with the lowest PTB incidence
were January and February (Figure 2D-E).

Changing Trends of Bacteriological-Positive Results

to 23.64% in 2016. However, the proportion of
bacteriological-positive infection rose in 2017 and 2018 to
25.20% and 32.27%, respectively (Figure 4A). Further, the
proportion of males with bacteriological-positive tuberculosis
was higher than that of females (Figure 4B-C). In addition, the
proportion of patients with bacteriological-positive infection in
the ≥60 years age group was the highest, and the proportion
increased continuously from 35.42% in 2005 to 38.42% in 2018
(Figure 4D). The proportion of patients with
bacteriological-negative infection across different age groups
was consistent with that of patients with bacteriological-positive
infection (Figure 4E).

Bacteriological results showed that the proportion of
bacteriological-positive cases decreased from 48.79% in 2005
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Figure 4. Proportion of laboratory-tested pulmonary tuberculosis (PTB) cases by sex and bacteriological type in Henan province, China, from 2005
to 2018. A: based on overall cases; B: based on male cases; C: based on female cases; D: based on bacteriological-positive cases; E: based on
bacteriological-negative cases.

Risk Factors for Bacteriological-Positive Infection
Male sex, residence in rural areas, and re-treated cases were
factors
associated
with
the
development
of
bacteriological-positive PTB, and the AORs for these groups
were 1.32, 1.17, and 1.70, respectively. In addition, a trend of
substantial increase in PTB risk with bacteriological-positive
infection was observed with increasing age; the AORs were
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1.91, 1.92, 1.97, and 2.17 for the 15-29, 30-44, 45-59, and ≥60
years age groups, respectively. Moreover, workers, farmers and
herders, and the commercial service stratum were more
susceptible to developing bacteriological-positive PTB than
nursery children and students; the AORs for these groups were
3.78 (95% CI 1.93-8.54), 3.69 (95% CI 1.88-8.34), and 3.44
(95% CI 1.75-7.79), respectively (Table 3).
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Table 3. Risk factors for bacteriological-positive infection cases in Henan province, 2005-2018.
Characteristic

Laboratory results, n (%)

Odds ratio (95% CI)

Adjusted odds ratio (95% CI)

Bacteriological-positive

Bacteriological-negative

Male

287,143 (74.54)

358,916 (68.12)

1.37 (1.35-1.38)

1.32 (1.31-1.34)

Female

98,055 (25.46)

167,972 (31.88)

1

1

0-14

1086 (0.28)

4668 (0.89)

1

1

15-29

87,272 (22.67)

137,771 (26.16)

2.72 (2.54-2.91)

1.91 (1.79-2.06)

30-44

69,732 (18.11)

99,220 (18.84)

3.02 (2.82-3.23)

1.92 (1.79-2.06)

45-59

90,222 (23.43)

120,923 (22.96)

3.20 (3.00-3.42)

1.97 (1.84-2.12)

≥60

136,734 (35.51)

164,116 (31.16)

3.58 (3.35-3.82)

2.17 (2.02-2.33)

Nursery children

8 (0.00)

79 (0.02)

1

1

Scattered children

36 (0.01)

246 (0.06)

1.44 (0.67-3.46)

1.33 (0.61-3.22)

Students

11,171 (2.91)

29,690 (5.65)

3.71 (1.91-8.35)

2.22 (1.14-5.02)

Workers

9924 (2.58)

14,135 (2.69)

6.93 (3.56-15.58)

3.78 (1.93-8.54)

Farmers and herdsmen

325,259 (84.66)

425,466 (80.94)

7.54 (3.88-16.96)

3.69 (1.88-8.34)

Commercial service stra- 1607 (0.42)
tum

2650 (0.50)

5.98 (3.07-13.48)

3.44 (1.75-7.79)

Others

36,181 (9.42)

53,395 (10.16)

6.69 (3.44-15.04)

3.61 (1.84-8.15)

Urban

63,582 (16.68)

102,130 (19.58)

1

1

Rural

317,547 (83.32)

419,554 (80.42)

1.21 (1.20-1.22)

1.17 (1.15-1.18)

New case

358,170 (92.98)

505,423 (95.93)

1

1

Retreated case

27,028 (7.02)

21,465 (4.07)

1.77 (1.74-1.80)

1.70 (1.66-1.73)

Sex

Age groups, in years

Occupation

Residence

Treatment history

Impact of Interventions on TB Control Policies
In scenario 1 (the current status in Henan), if the strategies are
kept unchanged, the incidence and mortality are expected to
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gradually decline by 22.6% (95% CI 21.7%-23.6%) and 27.9%
(95% CI 27.0%-28.3%), respectively, from 2015 to 2025 (Figure
5A-B, Table 4).
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Figure 5. Expected impact of different scenarios of tuberculosis (TB) control on the prevalence of TB in Henan province, China, 2015-2025. A:
Expected impact of different scenarios of TB control on the annual TB incidence. B: Expected impact of different scenarios of TB control on the annual
TB mortality. C: Expected impact of different scenarios of TB control on the percentage of multidrug-resistant tuberculosis (MDR-TB) in the general
population. D: Expected impact of different scenarios of TB control on the percentage of MDR-TB in all TB cases. E: Expected impact of different
scenarios of TB control on the percentage of MDR-TB in new TB cases.

Table 4. Impacts of different intervention scenarios on pulmonary tuberculosis (PTB) epidemiology in Henan province, China, from 2015 to 2025.
Scenario

Tuberculosis incidence

Tuberculosis-related death

Cumulative number, n (95% CI)

Cumulative reduction, %
(95% CI)

Cumulative number, n (95% CI) Cumulative reduction, %
(95% CI)

1

665,394 (643,266-688,305)

22.61 (21.72-23.62)

21,599 (18,716-24,151)

27.92 (27.02-28.28)

2

662,400 (640,116-685,372)

23.90 (22.96-25.03)

20,741 (17,881-23,273)

36.80 (36.06-38.04)

3

661,772 (639,449-684,757)

24.16 (23.20-25.31)

20,582 (17,725-23,112)

38.47 (37.71-39.85)

4

660,979 (638,633-683,974)

24.46 (23.48-25.63)

20,384 (17,528-22,907)

40.35 (39.39-42.08)

In scenario 2, if the treatment success rate of new and
re-treatment cases is increased to 92% and 90%, respectively,
the incidence and mortality will be decreased by 23.9% (95%
CI 23.0%-25.0%) and 36.8% (95% CI 36.1%-38.0%),
respectively, by 2025 (Figure 5A-B, Table 4).
In scenario 3, if 90% of TB smear-positive patients are tested
for resistance testing, and the long-term cure rate for MDR-TB
can reach 82%, the incidence and mortality was found to decline
by 24.2% (95% CI 23.2%-25.3%) and 38.5% (95% CI
37.7%-39.9%), respectively (Figure 5A-B, Table 4). In addition,
we observed that the proportions of MDR-TB in all patients
with TB and new cases were declining slowly in Henan with
the current measures. Moreover, the use of better diagnostic
technologies and increasing treatment success for MDR-TB
would yield the greatest percentage reduction in MDR-TB in
the general population, all patients with TB, and new cases, by
http://publichealth.jmir.org/2021/1/e24830/
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26.9%, 3.6%, and 5.1%, respectively, from 2015 to 2025 (Figure
5C-E).
The greatest reduction was observed in scenario 4, where the
combined strategy would yield reductions in incidence and
mortality of 24.5% (95% CI 23.5%-25.6%) and 40.4% (95%
CI 39.4%-42.1%), respectively, by 2025 (Figure 5A-B, Table
4).

Discussion
We used a provincial website tuberculosis surveillance dataset
spanning 14 years to collect 976,526 PTB cases and 381,598
bacteriological-positive PTB cases beginning from 2005.
Consistent with the trend of substantially decreasing worldwide
PTB incidence [9], Henan also witnessed a sharp decline in
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PTB and bacteriological-positive PTB incidence rates, from
91.4/105 to 58.5/105 and 44.5/105 to 14.7/105, respectively. This
result reflects the effectiveness of targeted TB control measures,
such as the investment of 1.42 million US dollars to improve
the cure rates of DS-TB. It is important to note that the
successful treatment of a TB case translates into a reduction in
infection sources, which, in turn, reduces transmission and
incidence. The post-2015 global TB-related WHO targets
propose a reduction of 50.0% in incidence and 75.0% in
mortality by 2025 [10]. Recent studies show that, even under
the most optimistic circumstances, China is unlikely to meet
these global TB-related targets by intensifying its current
strategies [5,6]. Our model also shows that although Henan
province’s decrease ranges for incidence (22.6%) and mortality
(27.9%) are higher than those for China (20.1% and 23.1%,
respectively), and even though all the changes and interventions
considered in our analysis were implemented, Henan province
will also not be able to achieve the post-2025 WHO global
target. To reach this target, Henan province should actively
detect and treat TB instead of adopting passive strategies [4,6].
The results indicate that in the context of TB prevention and
control, more attention should be paid to males, elderly people,
rural areas, and poverty-stricken regions. Specifically, the
incidence in men was always higher than in women [1].
However, there are currently no prevention and control measures
specifically targeted at the male population. Previous studies
have shown that more frequent social communication and
smoking could increase the risk of TB, especially sputum
smear-positive TB [11-13]. Notably, compared with children
under 15 years of age, the incidence in middle-aged and elderly
people was high. Elderly people with low immune function may
be particularly vulnerable to mycobacterial infections [14], and
their treatment adherence is generally poor; therefore, the rate
of unfavorable outcomes is higher in this sector of the population
[14,15]. Moreover, up to 75.8% of residents aged ≥ 60 years in
China have at least one chronic disease [16], making them more
prone to complications and death when infected with TB [17].
Based on the above, the older TB cases should be proactively
detected. Indeed, active TB detection and intervention in the
older population may prove an effective public health strategy
for reducing TB incidence [18].
The incidence of PTB in rural regions was significantly higher
than in urban areas, and this result was similar to those from
other regions in China. Cluster analysis also showed that regions
in Henan province with high TB incidence were poverty-stricken
counties (with a gross domestic product of <385.9 USD/person).
In addition, our study also shows that bacteriological-positive
PTB cases are concentrated in poverty-stricken counties, and
the occurrence of bacteriological-positive PTB is associated
with rural living. TB is associated with economic income [19],
health and medical coverage, and culture and management.
Regarding these aspects, rural regions lag behind urban areas.
Therefore, these areas need to be designated as high-risk areas,
or key areas where poverty alleviation should be strengthened,
resident income should be increased, and medical service
conditions should be improved.
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In this study, we also observed that the proportion of
bacteriological-positive PTB cases has decreased gradually.
However, considering that bacteriological-positive cases are
the main source of TB infection and that a single untreated
patient with bacteriological-positive infection could infect 10-15
persons per year, new measures must be taken to achieve a
significant reduction. At present, Henan province has carried
out active surveillance on the fixed populations of rural areas
to detect and treat all bacteriological-positive PTB patients, and
also to design active detection strategies for key areas and key
populations combined with detailed epidemiological analysis
results.
The proportion of MDR-TB was high in China [9,20]; however,
the dynamic compartmental model analysis revealed that
improving the detection rate of, and increasing treatment success
for, MDR-TB could yield the greatest reduction in the
percentage of MDR-TB in all patients and new cases from 2015
to 2025. Based on this, 60% of smear-positive TB cases
underwent tests for MDR-tuberculosis in Henan, including a
routine drug sensitivity test and a rapid molecular drug
sensitivity test, and second-line drugs, such as clofazimine and
cycloserine, were provided to MDR-tuberculosis patients.
However,
the
cure
rates
of
clofazimine
and
cycloserine-containing regimens were only 68.7% and 66.0%,
respectively [21]. Even if the cure rate of drugs against MDR-TB
reaches 85.0% in the future, which could bring a greater
reduction in the proportion of MDR-TB in all patients and new
cases between 2015 and 2025, the WHO’s goal would still not
be reached. Nevertheless, improving cure rates of DS-TB and
MDR-TB remains the keystone to reducing incidence and
mortality.

Limitations
This study has some limitations. First, all the data used in this
study were obtained from the TBIMS. However, drug resistance
was not fully analyzed because the system contained incomplete
drug resistance data. Second, no active detection and
intervention data were obtained from the TBIMS. Hence, we
only determined whether the WHO’s goal could be achieved
through passive strategies.

Conclusions
In China, from 1990 to 2020, 3 nationwide random surveys on
TB were carried out to evaluate the effectiveness of the DOTS
strategy. However, based on the internet-based TBIMS, we can
now monitor the changes of TB epidemiological characteristics
in real time while saving money, manpower, and time in the
evaluation of the effect of different strategies. The local
government has embarked on a series of nonfragmented
TB-related intervention combinations, and the incidence of PTB
and bacteriological-positive PTB has continued to decrease
during the last 14 years; however, the WHO’s 2025 goal will
not be reached. New active—rather than passive—strategies
for detection and intervention should be formulated based on
epidemiological characteristics while improving the cure rates
of DS-TB and MDR-TB.
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Abstract
Background: Previous studies have shown that electronic cigarette (e-cigarette) users might be more vulnerable to COVID-19
infection and could develop more severe symptoms if they contract the disease owing to their impaired immune responses to
viral infections. Social media platforms such as Twitter have been widely used by individuals worldwide to express their responses
to the current COVID-19 pandemic.
Objective: In this study, we aimed to examine the longitudinal changes in the attitudes of Twitter users who used e-cigarettes
toward the COVID-19 pandemic, as well as compare differences in attitudes between e-cigarette users and nonusers based on
Twitter data.
Methods: The study dataset containing COVID-19–related Twitter posts (tweets) posted between March 5 and April 3, 2020,
was collected using a Twitter streaming application programming interface with COVID-19–related keywords. Twitter users
were classified into two groups: Ecig group, including users who did not have commercial accounts but posted e-cigarette–related
tweets between May 2019 and August 2019, and non-Ecig group, including users who did not post any e-cigarette–related tweets.
Sentiment analysis was performed to compare sentiment scores towards the COVID-19 pandemic between both groups and
determine whether the sentiment expressed was positive, negative, or neutral. Topic modeling was performed to compare the
main topics discussed between the groups.
Results: The US COVID-19 dataset consisted of 4,500,248 COVID-19–related tweets collected from 187,399 unique Twitter
users in the Ecig group and 11,479,773 COVID-19–related tweets collected from 2,511,659 unique Twitter users in the non-Ecig
group. Sentiment analysis showed that Ecig group users had more negative sentiment scores than non-Ecig group users. Results
from topic modeling indicated that Ecig group users had more concerns about deaths due to COVID-19, whereas non-Ecig group
users cared more about the government’s responses to the COVID-19 pandemic.
Conclusions: Our findings show that Twitter users who tweeted about e-cigarettes had more concerns about the COVID-19
pandemic. These findings can inform public health practitioners to use social media platforms such as Twitter for timely monitoring
of public responses to the COVID-19 pandemic and educating and encouraging current e-cigarette users to quit vaping to minimize
the risks associated with COVID-19.
(JMIR Public Health Surveill 2021;7(1):e24859) doi:10.2196/24859
KEYWORDS
COVID-19; Twitter; infodemiology; Electronic cigarette; perspective; observational; social media; vulnerable; sentiment analysis;
topic modeling; concern

http://publichealth.jmir.org/2021/1/e24859/

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24859 | p.124
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

Introduction
The World health Organization declared COVID-19 as a
pandemic on March 11, 2020 [1]. The United States has reported
the highest number of confirmed COVID-19 cases globally [2].
With the spread of COVID-19, significant concern has been
raised about the potential increased risk for electronic cigarette
(e-cigarette) users to COVID-19 infection and related mortality
[3,4]. Recent studies have shown that nicotine increases the
expression of the angiotensin-converting enzyme 2 (ACE-2) in
human bronchial epithelial cells. ACE-2 is the binding site for
SARS-CoV-2, the virus that causes COVID-19 [5-8]. A national
online survey study of 4351 youth and young adults showed a
5-fold increase in COVID-19 diagnoses among ever e-cigarette
users compared to non-users [9]. However, no study has
evaluated the attitudes of e-cigarette users toward the COVID-19
pandemic and whether their attitudes differ from those of
nonusers. Therefore, it is important to characterize how
e-cigarette users perceive the COVID-19 pandemic and how
their perception differs from that of non-users. These findings
will facilitate us to understand how e-cigarette users might
respond to the COVID-19 pandemic, especially in terms of
vaping.
Twitter is one of the most popular social media platforms, with
an average of 330 million monthly active users sharing content
on the platform, as of 2019 [10]. Twitter users can publish
publicly available posts (called tweets), making Twitter a rich
data source to monitor social phenomena and public health
issues [11]. This study focused on understanding how Twitter
users in the United States who used e-cigarettes responded to
the COVID-19 pandemic by using sentiment analysis and topic
modeling to extract users’ subjective attitudes and to identify
topics from the textual contents of their tweets. Understanding
the attitudes of e-cigarette users toward the COVID-19 pandemic
and topics discussed by them on Twitter could help public health
workers and policymakers take appropriate actions such as
encouraging e-cigarette users to quit vaping during the current
COVID-19 pandemic.

Methods
Data Collection
Since the correlation between COVID-19 and e-cigarettes has
been a popular topic during the current pandemic, tweets about
e-cigarettes in our COVID-19 dataset were not necessarily from
e-cigarette–related user accounts. Therefore, to identify
e-cigarette users, we used an e-cigarette–related dataset from
2019, that is, before the COVID-19 pandemic. Tweets were
collected between May 2019 and August 2019 through a Twitter
streaming application programming interface (API) by using
e-cigarette–related keywords (ie, “e-cig,” “e-cigs,” “Ecig,”
“Ecigs,” “electroniccigarette,” “Ecigarette,” “Ecigarettes,”
“vape,” “vapers,” “vaping,” “vapes,” “e-liquid,” “ejuice,”
“eliquid,” “e-juice,” “vapercon,” “vapeon,” “vapefam,”
“vapenation,” and “juul”) [12,13]. In addition, a list of
spam-specific keywords was used to remove tweets that were
unrelated to e-cigarettes [14]. In this e-cigarette–related dataset,
Twitter users whose username and user screen name did not
http://publichealth.jmir.org/2021/1/e24859/

XSL• FO
RenderX

Gao et al
contain any e-cigarette keywords were considered as e-cigarette
users. Although we intended to use tweets before the
announcement of flavor ban policies in different states (starting
from September 2019) to identify users who tweeted about
e-cigarettes in order to avoid the potential noise, the starting
point (ie, May 2019) was randomly selected.
The COVID-19 dataset was collected using a Twitter streaming
API to crawl Twitter posts between March 5, 2020, and April
3, 2020, with coronavirus-related keywords (“CORONA,”
“corona,” “COVID19,” “covid19,” “covid,” “coronavirus,”
“Coronavirus,” “CoronaVirus,” and “NCOV”), which were
identified from COVID-19–related tweets. Twitter IDs were
used to identify unique Twitter users. To get a clean dataset,
promotion-related Twitter IDs and posts were filtered out. In
addition, tweets that mentioned “corona” (a brand name for
beer) as a beverage were removed from the dataset. The
keywords used to clean the COVID-19 dataset included “dealer,”
“deal,” “supply,” “beer,” “drink,” “drank,” “drunk,” “store,”
“promo,” “promotion,” “customer,” “discount,” “sale,” “free
shipping,” “sell,” “$,” “%,” “dollar,” “offer,” “percent off,”
“save,” “price,” and “wholesale”. After filtering the data,
US-based Twitter posts were selected using geolocation
keywords, such as “United States,” “New York,” “USA,” and
“US.” Duplicate tweets were removed, and retweets were
included in the final dataset. The tweets in the US COVID-19
dataset, which were posted by the above-identified e-cigarette
users, were classified as the e-cigarette (Ecig) group. The
remaining COVID-19 tweets were classified as the
non-e-cigarette (non-Ecig) group.

Ethical Statement
In this descriptive, observational study, we collected and
analyzed user-generated content from Twitter. No intervention
or interaction was made with the users who posted information
on Twitter. The identifiers that could be associated with the
Twitter data are usernames or Twitter handles, which are
accessible by the public or anyone with internet access. All the
usernames or Twitter handles in the study were randomly
assigned a numerical number after the Twitter data was
collected.

Data Availability Statement
The data and scripts used for the analyses and to create figures
are available on request from the corresponding author.

Sentiment Analysis
Sentiment analysis refers to the contextual mining of an
incoming message, which can extract the underlying attitudes
and determine whether the sentiment is positive, negative, or
neutral. The sentiment score for each tweet in our dataset was
computed using VADER (Valence Aware Dictionary and
sEntiment Reasoner), a tool used to obtain sentiments from
social media data [15]. Each user’s average sentiment score was
calculated for each day of the study period. The mean value of
the average sentiment score of users from the same group was
then calculated to represent the overall group sentiment for each
day. A sentiment score of +0.05 or higher denotes a positive
attitude. A sentiment score −0.05 or lower denotes a negative
attitude. A sentiment score between −0.05 and +0.05 denotes a
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neutral attitude. The mean sentiment scores were then examined
longitudinally across the study period to evaluate their potential
links with COVID-19 spread and government policy changes.

Topic Modeling
Topic modeling, specifically the latent Dirichlet allocation
(LDA) model, was used for text content analysis. LDA is a
3-layer hierarchical Bayesian model, in which each word in the
document is modeled into a specific topic, and the words in
each topic are weighted based on their appearance [16]. Using
the LDA model allowed us to identify the topics of
conversations in both Ecig and non-Ecig groups. Next, data
cleaning processes were performed. All punctuation, white
spaces, stop words were removed. In addition, uppercase
characters were converted to lowercase characters. Words were
lemmatized to their stem form to ignore different tenses, and
frequent bigrams and trigrams were identified using a Python
library, Gensim. Topic modeling was applied to tweets from
both Ecig and non-Ecig groups. Topic coherence was used to
determine the optimal number of topics to identify the frequently
discussed topics in each group [17].

Results
The US COVID-19 tweets dataset between March 5, 2020, and
April 3, 2020, consisted of 10,902,142 tweets from 2,144,599
unique Twitter users. From the e-cigarette–related tweets dataset

Gao et al
generated between May 2019 and August 2019, we identified
930,290 tweets from 902,310 unique Twitter users. From the
COVID-19 tweets collected, we identified 11,479,773 tweets
from 2,511,659 unique Twitter users in the non-Ecig group and
4,500,248 tweets from 187,399 unique Twitter users in the Ecig
group.
Figure 1 shows the average sentiment score of COVID-19 tweets
in each group from March 5 to April 3, 2020. Users in neither
the Ecig group nor the Non-Ecig group showed a positive
attitude. Other than on March 7, 2020, Ecig group users showed
a more negative attitude towards COVID-19 than non-Ecig
group users. Except in early March, the average sentiment scores
of non-Ecig group users were mostly neutral. In contrast, Ecig
group users had a negative sentiment for almost the entire study
period. The sentiment scores from both groups showed similar
trends over time.
To obtain content-wise insights from the discussions in Ecig
and non-Ecig groups, the LDA topic model was applied to the
tweets posted by users from both groups. Tables 1 and 2
summarize the popular topics discussed in each group, including
the top 10 keywords for each topic. The top 3 topics (percentage
of tokens) in the Ecig group included “Trump handling corona”
(12.8%), “Death toll” (11.7%), and “Stay home” (11.3%). The
top 3 topics (percentage of tokens) in the non-Ecig group
included “Trump blame China” (12.9%), “Hospital caring and
testing” (10.7%), and “COVID testing” (10.5%).

Figure 1. Comparison of different sentiments toward COVID-19 between US-based Twitter users who used e-cigarettes (Ecig group) and those who
did not use e-cigarettes (non-Ecig group) from March 5, 2020, to April 3, 2020.
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Table 1. Major topics discussed based on COVID-19 tweets posted by e-cigarette users (Ecig group) in the US, from March 5, 2020, to April 3, 2020.
Topic

Percentage of tokens (%)

Keywords

Trump handling corona

12.8

Trump, say, call, lie, take, would, president, response, medium, job

Death toll

11.7

Test, case, death, positive, new, report, number, confirm, people, day

Stay home

11.3

Health, home, stay, pay, public, worker, family, leave, need, emergency

Death and virus spread

10.7

Virus, corona, people, take, year, many, know, die, spread, time

Testing of COVID

9.3

Get, test, day, week, say, kit, testing, go, covid, make

Trump wants hospitals and doctors to help
patients

9.2

Patient, trump, want, help, people, doctor, know, give, say, hospital

Virus spread

9.1

Spread, Chinese, stop, response, virus, help, make, pandemic, covid,
global

Combat with COVID

7.1

Know, vote, say, hand, bill, would, may, travel, good, time

School shutdown

7

Due, close, cancel, go, concern, hear, school, people, get, say

Table 2. Major topics discussed in COVID-19 tweets posted by e-cigarette nonusers (non-Ecig group) in the US, from March 5, 2020, to April 3, 2020.
Topic

Percentage of Tokens (%)

Keywords

Trump blame China

12.9

Trump, say, call, people, lie, Chinese, medium, government, response,
crisis

Hospital caring and testing

10.7

Covid, need, patient, hospital, fight, help, care, worker, testing, family

COVID testing

10.5

Virus, corona, test, get, positive, people, symptom, day, know, go

Death toll

10.4

Case, death, report, number, test, new, confirm, day, first, state

Stop work and stay home

9.6

People, work, amp, stop, hand, go, die, stay, home, get

School and business shutdown

9

Due, spread, school, cancel, close, concern, health, public, plan, business

Relief bill

8.1

Vote, watch, time, hold, people, bill, play, run, relief, help

Stay home

8

Take, home, stay, covid, go, people, order, spread, good, say

Response to COVID

7.9

Thank, response, question, covid, share, late, update, ask, release, amp

Discussion
Principal Findings
During the COVID-19 pandemic, people worldwide have widely
used Twitter to follow news and express their opinions and
responses to the pandemic [18]. Although Twitter users in the
non-Ecig group had a neutral attitude toward COVID-19 during
most of the study period (March 5 to April 3, 2020), Twitter
users in the Ecig group had a negative attitude toward this
pandemic. The topics most frequently discussed by Ecig group
users were how the US President Donald Trump handled
COVID-19, deaths due to COVID-19, and staying at home. On
the other hand, the most frequently discussed topics in the
non-Ecig group included Trump blames China, hospital care
for patients with COVID-19, and COVID-19 testing. The
differences between Ecig and non-Ecig group users’ attitudes
toward the COVID-19 pandemic indicated a good opportunity
to educate e-cigarette users about the potential harms of vaping
and encourage them to quit vaping during the COVID-19
pandemic.
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The average sentiments of users from both Ecig and non-Ecig
groups were relatively parallel during the study period, which
suggests that the dynamic changes of the COVID-19 pandemic
and other factors (such as government policies) had similar
effects on the sentiments of e-cigarette users and nonusers
towards the COVID-19 pandemic. We noticed, however, that
some variation in the sentiment scores might be associated with
the government’s policies. For example, when all nonessential
businesses in New York City—the worst-affected area—were
closed on March 22, 2020, sentiment scores of users in both
Ecig and non-Ecig groups decreased to trough on March 23.
The sentiment scores of non-Ecig group users quickly reached
the highest peak on March 25 when the Congress agreed on a
$2 trillion virus relief package bill.
Our study findings show that Ecig group users presented a more
negative attitude towards the COVID-19 pandemic than did
non-Ecig group users. Moreover, Ecig group users discussed
more topics related to death and virus spread. Some of the
common topics discussed in both groups included how Trump
responded to COVID-19, deaths due to COVID-19, and social
distancing practices such as staying at home and shutting down
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schools. One of the top topics unique to the discussion in the
Ecig group was death and virus spread, which did not feature
among the top topics discussed in the non-Ecig group. The
concerns in the Ecig group about the virus spread and
COVID-19–related deaths might be related to the discussions
that vaping may increase the risk of severe COVID-19 infection.
Starting from 2019, the epidemic of vaping associated lung
injury (EVALI) in the US drew significant attention among the
public [19]. An early study (February 2020) showed that patients
with COVID-19 had similar symptoms as EVALI, such as fever
and cough, as well as characteristic lung phenotypes [20]. In
addition, studies have shown that e-cigarette use can suppress
the genes related to the immune and inflammatory response
[21,22], which could increase the duration and severity of
respiratory infections. These findings might lead to more
concerns about the possible connection between vaping and the
COVID-19 pandemic for e-cigarette users.
Systematic surveillance of vaping-related discussions on Twitter
identified public health–related topics at the intersection of
vaping and COVID-19; these topics included health concerns
as well as unsubstantiated health claims [23]. Currently, there
is a lack of evidence that e-cigarette users are more susceptible
to COVID-19 infection and death. Although public health
experts claim that vaping and smoking could increase the risk
of COVID-19 infection, and multiple research studies have
suggested that smoking is associated with adverse outcomes of
COVID-19 [24,25], a study in Europe published contrasting
conclusions that daily smokers had a lower risk of developing
severe COVID-19 symptoms [26]. Future studies should further
investigate the association of smoking or vaping with COVID-19
infection and death. Notably, the abovementioned European
study was published in the end of April 2020, which was beyond
our study period. Therefore, how the report of the negative
association between smoking and COVID-19 affects the
sentiments of people, especially e-cigarette users and smokers,
awaits further investigation.

Limitations
This study has several limitations. First, as with many other
social media studies using Twitter data, significant geographic
bias exists in the sentiments expressed in tweets over the same
time period [27]. Moreover, the sentiments expressed in tweets
could be biased based on the geographic location—whether the
user is local or visiting that area and what other activities they
have completed during the course of a day [28]. Second, the
generalization of the study results is limited by the representation
of Twitter users in the general population. Twitter users are
relatively younger and more educated than the general
population [29]. Highly active Twitter users also have different
behaviors than the rest of the Twitter population [29]. Third,
some Twitter account types, such as information aggregators,
which could also aggregate vaping discount information but
were not e-cigarette users, were not removed from our dataset
and could introduce some bias in the results of the analysis [30].
Furthermore, the non-Ecig group may include some e-cigarette
users who were not identified from the earlier e-cigarette–related
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dataset, which could also introduce bias in the results. Fourth,
some Twitter accounts were marked as private from the API;
therefore, we were unable to retrieve tweets from those accounts.
Fifth, only a small proportion of Twitter accounts provided the
geolocation, and we could only select Twitter accounts that
provided this information [31]. Sixth, other than human users,
there are some social bots accounts on Twitter. However, those
bot accounts were not excluded in this study, which may also
cause some bias. Moreover, this study did not identify smokers
in both groups who might have different attitudes towards the
pandemic, which might lead to some additional bias in the
results. As we defined the Ecig group based on Twitter data
collected from May to August 2019, e-cigarette users who did
not post e-cigarette–related tweets during this period might be
mislabeled and subsequently misclassified into the non-Ecig
group. Moreover, non-Ecig users in that period could have
become e-cigarette users during the COVID-19 pandemic. This
could introduce potential selection bias and misclassification
in both directions given the time lag. Seventh, we could not
distinguish individual accounts from institutional or group
accounts based on the Twitter data; thus, the information about
user attitudes toward COVID-19 might not all represent
individuals. Finally, our study period was in the early stage of
the pandemic with limited information available about the
potential link between vaping and COVID-19, which might
introduce some biases. With the rapid spread of the COVID-19
pandemic and emergence of more evidence on the link between
vaping and COVID-19, the perception and responses to the
COVID-19 pandemic of the public, including e-cigarette users,
might evolve; however, this requires re-evaluation of the
outcomes using more recent Twitter data.

Conclusions
In this study, Twitter users in the Ecig group showed a more
negative attitude toward the COVID-19 pandemic than those
in the non-Ecig group. This study highlights the importance of
using Twitter for surveillance of public responses to the
COVID-19 pandemic, which can provide early insights for
public health awareness, especially among specific population
groups (such as e-cigarette users). Users in the Ecig group
discussed topics such as the spread of the virus and
COVID-19–related deaths, which highlights these vapers’
concerns about the potentially elevated risks of COVID-19.
These findings may provide a useful opportunity for public
health practitioners to educate current e-cigarette users and
encourage them to quit vaping to reduce the risks associated
with COVID-19.
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Abstract
Background: The COVID-19 pandemic has resulted in changes to normal life and disrupted social and economic function
worldwide. However, little is known about the impact of social media use, unhealthy lifestyles, and the risk of miscarriage among
pregnant women during the COVID-19 pandemic.
Objective: This study aims to assess the association between social media use, unhealthy lifestyles, and the risk of miscarriage
among pregnant women in the early stage of the COVID-19 pandemic in China.
Methods: In this prospective cohort study, 456 singleton pregnant women in mainland China were recruited during January
and February 2020. Sociodemographic characteristics, history of previous health, social media use, and current lifestyles were
collected at baseline, and we followed up about the occurrence of miscarriage. Log-binomial regression models were used to
estimate the risk ratios (RRs) of miscarriage for women with different exposures to COVID-19–specific information.
Results: Among all the 456 pregnant women, there were 82 (18.0%) who did no physical activities, 82 (18.0%) with inadequate
dietary diversity, 174 (38.2%) with poor sleep quality, and 54 (11.8%) spending >3 hours on reading COVID-19 news per day.
Women with excessive media use (>3 hours) were more likely to be previously pregnant (P=.03), have no physical activity
(P=.003), have inadequate dietary diversity (P=.03), and have poor sleep quality (P<.001). The prevalence of miscarriage was
16.0% (n=73; 95% CI 12.6%-19.4%). Compared with women who spent 0.5-2 hours (25/247, 10.1%) on reading COVID-19
news per day, miscarriage prevalence in women who spent <0.5 hours (5/23, 21.7%), 2-3 hours (26/132, 19.7%), and >3 hours
(17/54, 31.5%) was higher (P<.001). Miscarriage prevalence was also higher in pregnant women with poor sleep quality (39/174,
22.4% vs 34/282, 12.1%; P=.003) and a high education level (66/368, 17.9% vs 7/88, 8.0%; P=.02). In the multivariable model,
poor sleep quality (adjusted RR 2.06, 95% CI 1.24-3.44; P=.006), 2-3 hours of media use daily (adjusted RR 1.74, 95% CI
1.02-2.97; P=.04), and >3 hours of media use daily (adjusted RR 2.56, 95% CI 1.43-4.59; P=.002) were associated with miscarriage.
In the sensitivity analysis, results were still stable.
Conclusions: Pregnant women with excessive media use were more likely to have no physical activity, inadequate dietary
diversity, and poor sleep quality. Excessive media use and poor sleep quality were associated with a higher risk of miscarriage.
Our findings highlight the importance of healthy lifestyles during the COVID-19 pandemic.
(JMIR Public Health Surveill 2021;7(1):e25241) doi:10.2196/25241
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Introduction
The COVID-19 pandemic, caused by the novel coronavirus
SARS-CoV-2, has resulted in changes to normal life and has
disrupted social and economic functions worldwide. It was
reported that there were 52,487,476 confirmed cases and
1,290,653 deaths as of November 13, 2020 [1]. Compared with
seasonal influenza, COVID-19 has a higher case-fatality ratio
(0.98%-5.9% vs 0.1%) and infectivity (R0: 2.3-6.2 vs 1.2-1.4)
[2-5]. Mortality in patients with COVID-19 has been associated
with age and comorbidities (eg, hypertension, diabetes, and
cardiovascular diseases) and differed across countries [6,7]. To
date, no specific treatment has been found for COVID-19 and
supportive measures have been used for patients with
COVID-19. Nonpharmacologic interventions remain the key
for curbing the spread of the virus, including active case finding
and management, identification and quarantine of close contacts,
social distancing, and personal protection (eg, hand hygiene
and face mask use) [5]. China has taken strict measures to
prevention and control of the pandemic, especially on social
distancing and social isolation during the early stage of the
pandemic. Wuhan City suspended all transportation in and out
of the city from January 23 to April 8, 2020. Intra-area and
interarea transportation restrictions were applied throughout the
entire country of China, from big cities to small villages, from
January to February 2020.
Along with the transmission of SARS-CoV-2, the information
related with COVID-19 was also spread rapidly. One of the
most accessible and fastest platforms for broadcasting
information is social media. It represents a conglomerate of
electronic platforms used for creating and sharing information,
ideas, messages, etc [8]. Social media has become the major
source of information about COVID-19. It enabled rapid and
widespread reach of public health communications to help
individuals take timely self-protection interventions. However,
the speedy spread of COVID-19 worldwide also became a
source of public worry, and several unknowns regarding this
new pathogen created a state of panic [9]. Previous studies have
shown that media coverage of COVID-19–related news induced
fear and caused psychological stress during geographical
lockdowns, extended quarantines, and financial and social
hardships [9].
Miscarriage is a common adverse pregnancy outcome and one
of the major public health problems. Miscarriage refers to a
spontaneous demise of pregnancy before the fetus reaches
viability [10]. Approximately 25% of pregnancies end in
miscarriage, most occurring within early pregnancy (<13 weeks)
[11]. Although the causes of miscarriage have not been fully
explained, previous studies have shown a negative association
of advanced maternal age (≥35 years), tobacco use,
psychological problems, BMI, and other unhealthy lifestyles
with miscarriage [12-14]. Excessive media consumption about
COVID-19 was reported to be associated with increased anxiety
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in the general population in a cross-sectional study conducted
in Russia [15]. Currently, little is known about the association
between social media use, unhealthy lifestyles, and the risk of
miscarriage among pregnant women. In this prospective cohort
study, we aim to assess the association between social media
use, unhealthy lifestyles, and the risk of miscarriage among
pregnant women in the COVID-19 pandemic.

Methods
Study Design
This was a prospective cohort study conducted in a tertiary
maternal and child health hospital in Beijing, China. The hospital
was responsible for the prenatal care of all pregnant women
living in Tongzhou district of Beijing. The primary aim of this
cohort study is to investigate the short- and long-term health
effects of prenatal exposures (eg, poor sleep quality) on mothers
and their children. Baseline recruitment was conducted in
January and February 2020, and pregnant women who visited
the outpatient clinic for the first prenatal examination at
Tongzhou Maternal and Child Health Hospital were recruited
when they met the following inclusion criteria: <14 gestational
weeks, singleton pregnancy, plan to have antenatal care and
delivery in Tongzhou Maternal and Child Health Hospital, and
resided in Tongzhou during the past half year and have no plan
to move out after delivery. The study was approved by the
institutional review boards at Peking University
(IRB00001052–18003), and all participants gave written
informed consent at the enrollment.
Baseline information was collected at the first prenatal visit by
trained medical workers through a standardized questionnaire,
such as sociodemographic characteristics (age, educational level,
region, and family income), history of previous health (cesarean
section, preterm birth, miscarriage, and fist pregnancy or not),
prepregnancy weight, smoking status, physical activities, dietary
diversity, and sleep quality. There were 504 pregnant women
that met the inclusion criteria and were recruited at baseline.
By August 2020, 11 women moved out of Tongzhou, 27 women
were lost to follow-up, and 10 women transferred to other
hospitals. Finally, the remaining 456 participants were included
in this study.

Assessment of Media Use About COVID-19
We collected the information on media use about COVID-19
by the following question: “How long did you spent on reading
COVID-19 news every day from social media (official or
unofficial)?” Participants were divided into five
COVID-19–specific information exposure groups (<0.5 hours,
0.5 hours-1 hour, 1 hour-2 hours, 2-3 hours, and >3 hours) by
their answers regarding the time spent on reading COVID-19
news. Because of the similar prevalence of miscarriage in the
0.5 hours-1 hour and 1 hour-2 hours groups in this study, we
combined the two groups into one (0.5-2 hours) group as the
reference group in the final analysis.
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Follow-up for Pregnancy Outcomes
The follow-up of the pregnancy outcomes was conducted by
local medical workers. Pregnant women took regular antenatal
care and delivered in the hospital. The information on pregnancy
outcomes was obtained though the medical electronic
information system in the hospital, which automatically recorded
information during each antenatal care and delivery. Miscarriage
is defined as a pregnancy loss that occurs before 20 completed
weeks of gestational age [10]. The prevalence of miscarriage
was defined as the proportion of participants who had a
miscarriage to all participants.

Covariates
Covariates were collected at the first prenatal visit, including
age, educational level, region, family income, history of cesarean
section, history of preterm birth, history of miscarriage,
gravidity, prepregnancy weight, smoking status, physical
activities, dietary diversity, and sleep quality. Prepregnancy
BMI was calculated using weight (in kilograms) divided by the
square of height (in meters). We assessed dietary diversity using
nine food groups, as reported in previous studies [16]. The
participants reported their consumption frequencies of various
food groups, including meat, vegetables, fish, eggs, fruits,
legumes, milk, rice, and nuts. The dietary diversity score (DDS)
was calculated, with scores ranging from 0 to 9. Inadequate
dietary diversity was defined as DDS<7 [16]. Sleep quality was
evaluated by the Pittsburgh Sleep Quality Index (PSQI) [17].
The PSQI is the gold standard questionnaire for assessing
subjective sleep quality and is framed in a 4-point Likert scale
(0-3) analyzing seven factors, including subjective sleep quality,
sleep duration, sleep latency, habitual sleep efficiency, sleep
disturbances, use of sleeping medications, and daytime
dysfunction [17]. The scores from each component were added
to give a sum score, also called a total score (range 0-21). Poor
sleep quality was defined as a PSQI≥5 in the pregnant women
[18].

Statistical Analysis
Mean (SD) values and proportions of baseline characteristics
were calculated. We calculated the mean (SD) for age. We used
proportions to describe baseline characteristics of pregnant
women, such as age group, region, and educational levels, and
the chi-square test or Fisher exact probability test was used to
compare the distributions of baseline characteristics according
to time spent on reading COVID-19 news. Prevalence of
miscarriage and its 95% CI was calculated. Miscarriage
prevalence in women with different characteristics were also
compared using chi-square test or Fisher exact probability test.
Multivariable log-binomial regression models were used to
estimate the adjusted risk ratios (RRs) and their 95% CIs of
miscarriage for women with different exposures of
COVID-19–specific information. Women were divided into
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four exposure groups (<0.5 hours, 0.5-2 hours, 2-3 hours, and
>3 hours) by their answers regarding the time spent on reading
COVID-19 news. Women who spent 0.5-2 hours on reading
COVID-19 news per day were set as the reference group in the
final analysis. In the multivariable model, we additionally
adjusted for other potential risk factors, including age group
(<35 years or ≥35 years), educational level (high school or
below, or college or above), region (rural or urban), family
income (<¥5000 [US $764], ¥5000-¥10,000 [US $764-$1528],
or >¥10,000 [US $1528]), history of cesarean section (no or
yes), history of preterm birth (no or yes), history of miscarriage
(no or yes), first pregnancy (no or yes), prepregnancy BMI
(underweight, normal weight, overweight, or obese), smoking
(nonsmoker, previous smoker, or current smoker), physical
activities (never, sometimes, usually, or every day), inadequate
dietary diversity (no or yes), and poor sleep quality (no or yes)
by backward methods. To examine the robustness of our
findings, we did sensitivity analyses by adjusted covariates in
the multivariable models as continuous variables for several
variables (age and DDS), instead of categorical variables. In
the subgroup analysis, we divided women into different
subgroups by baseline characteristics (region, age group, and
history of miscarriage). Among these baseline subgroups, we
examined the associations between time spent on reading
COVID-19 news and the risk of miscarriage after adjusting for
other potential risk factors. All the analyses were done with
SAS software, version 9.4 (SAS Institute). Two-sided P values
less than .05 were regarded as statistically significant.

Results
Baseline Characteristics
Among all the 456 pregnant women included, 84.2% (n=384)
were younger than 35 years, 54.4% (n=248) were living in an
urban area, 9.2% (n=42) had a history of miscarriage, 56.6%
(n=258) were having their first pregnancy, 28.1% (n=128) were
overweight or obese, 7.9% (n=36) were a previous or current
smoker, 18.0% (n=82) did no physical activity, 18.0% (n=82)
had inadequate dietary diversity, and 38.2% (n=174) had poor
sleep quality. The mean age at baseline was 30.0 (SD 4.2) years.

Time Spent on Reading COVID-19 News and
Unhealthy Lifestyles
The mean time spent on reading COVID-19 news was 1.8 (SD
0.9) hours per day. Of the 456 pregnant women, only 23 (5.0%)
spent less than 0.5 hours on reading COVID-19 news per day,
whereas 247 (54.2%) women spent 0.5-2 hours and 54 (11.8%)
women spent >3 hours on reading COVID-19 news per day.
Women with excessive media use (>3 hours) were more likely
to be previously pregnant (P=.03), have no physical activity
(P=.003), have inadequate dietary diversity (P=.03), and have
poor sleep quality (P<.001; see Table 1).
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Table 1. Baseline characteristics of pregnant women by time spent on reading COVID-19 news.
Characteristics

Total (N=456)

Time spent on reading COVID-19 news (hours), n (%)
<0.5 (n=23)

0.5-2 (n=247)

2-3 (n=132)

>3 (n=54)

Age group (years)

.65

<35

384 (84.2)

19 (82.6)

211 (85.4)

107 (81.1)

47 (87.0)

≥35

72 (15.8)

4 (17.4)

36 (14.6)

25 (18.9)

7 (13.0)

Educational level

.29

High school or below

88 (19.3)

40 (16.2)

5 (21.7)

29 (22.0)

14 (25.9)

College or above

368 (80.7)

207 (83.8)

18 (78.3)

103 (78.0)

40 (74.1)

Region

.48

Rural

208 (45.6)

7 (30.4)

117 (47.4)

59 (44.7)

25 (46.3)

Urban

248 (54.4)

16 (69.6)

130 (52.6)

73 (55.3)

29 (53.7)

Family income, ¥5000-¥10,000 (US $764-$1528)

.11

<5000

76 (16.7)

2 (8.7)

47 (19.0)

17 (12.9)

10 (18.5)

5000-10,000

222 (48.7)

14 (60.9)

105 (42.5)

72 (54.5)

31 (57.4)

>10,000

158 (34.6)

7 (30.4)

95 (38.5)

43 (32.6)

13 (24.1)

History of cesarean section

.71

No

394 (86.4)

18 (78.3)

215 (87.0)

114 (86.4)

47 (87.0)

Yes

62 (13.6)

5 (21.7)

32 (13.0)

18 (13.6)

7 (13.0)

History of preterm birth

.09

No

444 (97.4)

23 (100.0)

243 (98.4)

128 (97.0)

50 (92.6)

Yes

12 (2.6)

0 (0.0)

4 (1.6)

4 (3.0)

4 (7.4)

History of miscarriage

.32

No

414 (90.8)

19 (82.6)

229 (92.7)

118 (89.4)

48 (88.9)

Yes

42 (9.2)

4 (17.4)

18 (7.3)

14 (10.6)

6 (11.1)
.03a

First pregnancy
No

198 (43.4)

8 (34.8)

99 (40.1)

58 (43.9)

33 (61.1)

Yes

258 (56.6)

15 (65.2)

148 (59.9)

74 (56.1)

21 (38.9)

Prepregnancy BMI

.62

Underweight

58 (12.7)

4 (17.4)

34 (13.8)

13 (9.8)

7 (13.0)

Normal weight

270 (59.2)

11 (47.8)

153 (61.9)

75 (56.8)

31 (57.4)

Overweight

82 (18.0)

6 (26.1)

36 (14.6)

28 (21.2)

12 (22.2)

Obese

46 (10.1)

2 (8.7)

24 (9.7)

16 (12.1)

4 (7.4)

Smoking

.48

Nonsmoker

420 (92.1)

23 (100.0)

226 (91.5)

121 (91.7)

50 (92.6)

Previous smoker

32 (7.0)

0 (0.0)

17 (6.9)

11 (8.3)

4 (7.4)

Current smoker

4 (0.9)

0 (0.0)

4 (1.6)

0 (0.0)

0 (0.0)

Physical activities

.003

Never

82 (18.0)

0 (0.0)

39 (15.8)

24 (18.2)

19 (35.2)

Sometimes

230 (50.4)

10 (43.5)

124 (50.2)

73 (55.3)

23 (42.6)

Usually

124 (27.2)

10 (43.5)

73 (29.6)

31 (23.5)

10 (18.5)

20 (4.4)

3 (13.0)

11 (4.5)

4 (3.0)

2 (3.7)

Every day
b

Inadequate dietary diversity (DDS score<7)
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Total (N=456)
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Time spent on reading COVID-19 news (hours), n (%)
<0.5 (n=23)

0.5-2 (n=247)

2-3 (n=132)

>3 (n=54)

No

374 (82.0)

21 (91.3)

209 (84.6)

107 (81.1)

37 (68.5)

Yes

82 (18.0)

2 (8.7)

38 (15.4)

25 (18.9)

17 (31.5)

Poor sleep quality (PSQIc score≥5)

a

P value

<.001

No

282 (61.8)

21 (91.3)

193 (78.1)

56 (42.4)

12 (22.2)

Yes

174 (38.2)

2 (8.7)

54 (21.9)

76 (57.6)

42 (77.8)

Italics indicate significant P values.

b

DDS: dietary diversity score.

c

PSQI: Pittsburgh Sleep Quality Index.

Prevalence of Miscarriage by Time Spent on Reading
COVID-19 News and Unhealthy Lifestyles
Out of 456 pregnant women, 73 had a miscarriage. The
prevalence of miscarriage was 16.0% (95% CI 12.6%-19.4%).
Compared with women who spent 0.5-2 hours (25/247, 10.1%)
on reading COVID-19 news per day, miscarriage prevalence in

women who spent <0.5 hours (5/23, 21.7%), 2-3 hours (26/132,
19.7%), and >3 hours (17/54, 31.5%) were higher (P<.001; see
Figure 1). Miscarriage prevalence was also higher in pregnant
women with poor sleep quality (39/174, 22.4% vs 34/282,
12.1%; P=.003) and a high education level (66/368, 17.9% vs
7/88, 8.0%; P=.02; see Table 2).

Figure 1. Comparison of miscarriage prevalence in pregnant women by time spent on reading COVID-19 news.
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Table 2. Prevalence of miscarriage in pregnant women by different baseline characteristics.
Characteristics

Participants, n

Miscarriage prevalence, n (%)

P value

Total

456

73 (16.0)

N/Aa

Age group (years)

.85

<35

384

62 (16.1)

≥35

72

11 (15.3)

Educational level

.02

High school or below

88

7 (8.0)

College or above

368

66 (17.9)

Region

.17

Rural

208

28 (13.5)

Urban

248

45 (18.1)

Family income, ¥5000-¥10,000 (US $764-$1528)

.06

<5000

76

7 (9.2)

5000-10,000

222

44 (19.8)

>10,000

158

22 (13.9)

History of cesarean section

.73

No

394

64 (16.2)

Yes

62

9 (14.5)

History of preterm birth

.39

No

444

70 (15.8)

Yes

12

3 (25.0)

History of miscarriage

.57

No

414

65 (15.7)

Yes

42

8 (19.0)

First pregnancy

.14

No

198

26 (13.1)

Yes

258

47 (18.2)

Prepregnancy BMI

.13

Underweight

58

4 (6.9)

Normal weight

270

51 (18.9)

Overweight

82

12 (14.6)

Obese

46

6 (13.0)

Smoking

.56

Nonsmoker

420

65 (15.5)

Previous smoker

32

7 (21.9)

Current smoker

4

1 (25.0)

Physical activities

.14

Never

82

19 (23.2)

Sometimes

230

30 (13.0)

Usually

124

22 (17.7)

20

2 (10.0)

Every day
b

Inadequate dietary diversity (DDS score<7)
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Participants, n

Miscarriage prevalence, n (%)

No

374

64 (17.1)

Yes

82

9 (11.0)

Poor sleep quality (PSQIc score>5)

.003

No

282

34 (12.1)

Yes

174

39 (22.4)

Time spent on reading COVID-19 news (hours)

a

P value

<.001

<0.5

23

5 (21.7)

0.5-2

247

25 (10.1)

2-3

132

26 (19.7)

≥3

54

17 (31.5)

N/A: not applicable.

b

DDS: dietary diversity score.

c

PSQI: Pittsburgh Sleep Quality Index.

Association Between Media Use, Lifestyles, and the
Risk of Miscarriage
We observed a U-shape relationship between media use about
COVID-19 and the risk of miscarriage (see Figure 2). In the

multivariable model, poor sleep quality (adjusted RR 2.06, 95%
CI 1.24-3.44; P=.006), 2-3 hours of media use daily (adjusted
RR 1.74, 95% CI 1.02-2.97; P=.04), and >3 hours of media use
daily (adjusted RR 2.56, 95% CI 1.43-4.59; P=.002) were
associated with miscarriage (see Table 3).

Figure 2. The adjusted risk ratios of association between media use about COVID-19 and the risk of miscarriage by a log-binomial regression model.
The 0.5-2 hours group was the reference group.
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Table 3. Risk factors related with miscarriage by a log-binomial regression model.
Factors

Participants, n

Miscarriage, n (%)

Multivariable modela
Adjusted RRb (95% CI)

P value

Time spent on reading COVID-19 news (hours)
<0.5

23

5 (21.7)

2.23 (0.97-5.13)

.06

0.5-2

247

25 (10.1)

1 (reference)

N/Ac

2-3

132

26 (19.7)

1.74 (1.02-2.97)

.04

>3

54

17 (31.5)

2.56 (1.43-4.59)

.002

No

282

34 (12.1)

1 (reference)

N/A

Yes

174

39 (22.4)

2.06 (1.24-3.44)

.006

Poor sleep quality (PSQId score≥5)

a

In the multivariable model, we adjusted sociodemographic characteristics (age, educational level, region, and family income), history of previous health
(cesarean section, preterm birth, miscarriage, and fist pregnancy), prepregnancy BMI, smoking, physical activities, dietary diversity, and sleep quality.
The covariates with P<.05 are shown in this table.
b

RR: risk ratio.

c

N/A: not applicable.

d

PSQI: Pittsburgh Sleep Quality Index.

Sensitivity and Subgroup Analyses
In the sensitivity analysis, the association between excessive
media use about COVID-19 and the risk of miscarriage was
stable (see Multimedia Appendix 1). In the subgroup analysis,
the risk of miscarriage was significantly higher in the <0.5 hours
media use group among women living in urban areas (P=.04),
who had a history of miscarriage (P=.005), and who had
advanced maternal age (P<.001), and was significantly higher
in the >3 hours media use group among women living in rural
areas (P=.001), who had no history of miscarriage (P<.001),
and who were younger (P=.004; see Multimedia Appendix 2).

Discussion
Principal Findings
To our knowledge, this is the first study exploring the status of
social media use and lifestyles among pregnant women during
the COVID-19 pandemic and assessing their associations with
the risk of miscarriage in a prospective cohort study. Our results
showed a significant association between excessive media use,
unhealthy lifestyle, and the risk of miscarriage in Chinese
pregnant women. No previous study has assessed the status of
social media use during the COVID-19 pandemic among
pregnant women. There were some studies that examined the
impact of exposure to COVID-19 information on the metal
health status among the nonpregnant population (eg, internet
users and factory workers) [18]. Nekliudov et al [15] conducted
a cross-sectional online survey in a large Russian population
using multiple social media platforms and found that time spent
following news on COVID-19 was strongly associated with an
increased anxiety. To be specific, compared to less than 30
minutes spent reading COVID-19 news per day, the 1-2 hours
group was associated with a 5.46 (95% CI 5.03-5.90) point
difference, the 2-3 hours group with a 7.06 (95% CI 6.37-7.74)
point difference, and the >3 hours group with an 8.65 (95% CI
https://publichealth.jmir.org/2021/1/e25241
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7.82-9.47) point difference [15]. Pan et al [19] did a
cross-sectional web-based survey of 3035 factory workers at
the beginning of work resumption following the COVID-19
outbreak in Shenzhen, China. They found that higher overall
information exposure to COVID-19 was associated with higher
depression symptoms. Similar with the previous studies, we
found that, compared with the 0.5-2 hours media use group, the
risk of miscarriage was significantly higher in the 2-3 hours
media use group (adjusted RR 1.74) and >3 hours media use
group (adjusted RR 2.56). One possible explanation of these
findings was that women who spend too much time on social
media might be more likely to have unhealthy lifestyles (eg,
fewer physical activities, inadequate dietary diversity, and poor
sleep quality), which might be related with miscarriage. Another
possible explanation of these findings was that pregnant women
with exposure to the excessive media information were more
likely to have psychological problems (eg, depression and
anxiety), which might also increase the risk of miscarriage.
Berthelot et al [20] found that women in the COVID-19
pandemic were more likely to present clinically significant
levels of depression and anxiety symptoms (odds ratio 1.94)
than pre–COVID-19 women in Canada. The underlying
mechanism on the relationship between excessive media
information and the risk of miscarriage needs to be explored in
the future.
It is worth noting that a U-shape relationship between time spent
on reading COVID-19 news per day and the risk of miscarriage
was found in our study. The risk of miscarriage was significantly
higher in the <0.5 hours media use group among women who
lived in urban areas, had a history of miscarriage, and had
advanced maternal age, and significantly higher in the >3 hours
media use group among women who lived in rural areas, had
no history of miscarriage, and were younger. Previous history
of miscarriage and advanced maternal age are both risk factors
for miscarriage in the literature [12]. In a multicenter European
study, the risk of miscarriage was found to be higher if the
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e25241 | p.138
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woman was 35 years or older, after adjustment for various
factors (eg, reproductive history and country) [12]. Inadequate
information on getting essential knowledge might be the
explanation for the association between inadequate media use
and the risk of miscarriage. In addition, this association was
more obvious in populations with other risk factors of
miscarriage. Our findings highlight the importance of obtaining
moderate COVID-19–related information from social media
and that either inadequate (<0.5 hours) or excessive (>3 hours)
exposure to COVID-19–related information was not beneficial
for the individuals.
In our study, we found that the mean time spent on reading
COVID-19 news was 1.8 hours per day for the pregnant women,
which was slightly shorter than the general population (2.4
hours) reported in other studies [21]. The worry of radiation
from phones or computers among pregnant women might be
related to their relatively shorter time spent on social media.
Social media has an imperative role in the world that can provide
a unified platform for public health communications,
comprehensive health care education guidelines, and robust
social distancing strategies while still maintaining social
connections [21]. Meanwhile, fake news about COVID-19 on
social networks could harm public health [22]. For individuals,
it is difficult to effectively identify true and false information
in the mass media. Just like a “double-edged sword,” social
media needs to be used properly to help provide equal access
to health care and end discrimination and social stigmatization.
We also found that women with excessive media use were more
likely to be previously pregnant, have no physical activity, have
inadequate dietary diversity, and have poor sleep quality.
Moreover, too much time spent on social media might also be
related with unhealthy lifestyles, such as few physical activities,
inadequate dietary diversity, and poor sleep. Keeping healthy
lifestyles is helpful to prevent the occurrence of infectious
disease and chronic disease. Our findings provide a clue for the
early identification of a potentially high-risk population and

Zhang et al
miscarriage among pregnant women during the COVID-19
pandemic.

Strengths and Limitations
The prospective cohort study design, controlling various risk
factors related with miscarriage, and the first insight into the
association of social media use with miscarriage are the strengths
of this study. However, there are several limitations in this study.
First, we did not collect information on the time spent on
different kinds of social media (eg, official and unofficial
web-based media, newspapers, and magazines) and individual
behaviors on COVID-19 prevention. Second, genetic and
psychological factors associated with miscarriage were not
investigated in this study. The results need to be interpreted
with caution. The potential intermediation role of psychological
factors on the association between time spent on reading
COVID-19 news and miscarriage needs to be explored in further
studies. Third, this study was a single-center cohort conducted
in China. A multicenter cohort study is needed to verify the
findings in this study. Despite these limitations, our findings
are helpful to better understand the role of social media and
lifestyle on health among pregnant women during the
COVID-19 pandemic. The role of media and public health
communications needs to be correctly understood and explored
further, as they will be an essential tool for delivering
information and combating COVID-19 and health promotion,
especially for vulnerable populations such as pregnant women.

Conclusions
Pregnant women spent about 2 hours a day reading COVID-19
news in the early stage of the COVID-19 pandemic in China.
Pregnant women with excessive media use were more likely to
having no physical activity, inadequate dietary diversity, and
poor sleep quality. Excessive media use and poor sleep quality
were associated with a higher risk of miscarriage. Our findings
highlight the importance of healthy lifestyles during the
COVID-19 pandemic.
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Abstract
Background: The COVID-19 pandemic, caused by SARS-CoV-2, has forced the health care delivery structure to change
rapidly. The pandemic has further widened the disparities in health care and exposed vulnerable populations. Health care services
caring for such populations must not only continue to operate but create innovative methods of care delivery without compromising
safety. We present our experience of incorporating telemedicine in our university hospital–based outpatient clinic in one of the
worst-hit areas in the world.
Objective: Our goal is to assess the adoption of a telemedicine service in the first month of its implementation in outpatient
practice during the COVID-19 pandemic. We also want to assess the need for transitioning to telemedicine, the benefits and
challenges in doing so, and ongoing solutions during the initial phase of the implementation of telemedicine services for our
patients.
Methods: We conducted a prospective review of clinic operations data from the first month of a telemedicine rollout in the
outpatient adult ambulatory clinic from April 1, 2020, to April 30, 2020. A telemedicine visit was defined as synchronous
audio-video communication between the provider and patient for clinical care longer than 5 minutes or if the video visit converted
to a telephone visit after 5 minutes due to technical problems. We recorded the number of telemedicine visits scheduled, visits
completed, and the time for each visit. We also noted the most frequent billing codes used based on the time spent in the patient
care and the number of clinical tasks (eg, activity suggested through diagnosis or procedural code) that were addressed remotely
by the physicians.
Results: During the study period, we had 110 telemedicine visits scheduled, of which 94 (85.4%) visits were completed. The
average duration of the video visit was 35 minutes, with the most prolonged visit lasting 120 minutes. Of 94 patients, 24 (25.54%)
patients were recently discharged from the hospital, and 70 (74.46%) patients were seen for urgent care needs. There was a 50%
increase from the baseline in the number of clinical tasks that were addressed by the physicians during the pandemic.
Conclusions: There was a high acceptance of telemedicine services by the patients, which was evident by a high show rate
during the COVID-19 pandemic in Detroit. With limited staffing, restricted outpatient work hours, a shortage of providers, and
increased outpatient needs, telemedicine was successfully implemented in our practice.
(JMIR Public Health Surveill 2021;7(1):e21327) doi:10.2196/21327
KEYWORDS
telemedicine; telehealth; COVID-19; Detroit; ambulatory care; primary care; internal medicine; pandemic
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Introduction
Background
The COVID-19 pandemic has impacted daily life and led to a
rapid evolution in the structure of health care delivery. As of
November 19, 2020, more than 56 million people have been
infected, and 1.35 million people have died worldwide [1]. The
World Health Organization declared the COVID-19 outbreak
a pandemic on March 11, 2020—near the time of the first
confirmed case of COVID-19 in Michigan, which became one
of the major epicenters of the pandemic in the United States
[2,3]. In the city of Detroit, Michigan, at the peak of the
pandemic when the health care system was dealing with an
unprecedented surge, outpatient clinics were taking quick and
decisive steps to ensure continuity of care while keeping both
patients and health care workers safe [4]. As a tertiary care
institute located in the heart of Detroit, our institution cares for
a predominantly African American population. Michigan is one
of the ten states where prevalence of multiple chronic conditions
(defined as two or more of ten diagnosed chronic conditions)
is higher (30.3%) than the national average (25.7%) [5]. In
addition, economic challenges and socioeconomic disparities
are reflected by a high unemployment rate, high poverty rate,
low health insurance coverage, and a lack of transportation,
which represent significant barriers to optimal medical care
[6-8]. These factors make our patient population unique and
vulnerable, as evident by the higher case-fatality rate of
COVID-19 in Michigan compared to other parts of the country
[3,9-11].
Telemedicine involves clinical care using an electronic
communication medium between two different locations [12].
Even though telemedicine existed before the pandemic, its use
in health care delivery has increased tremendously during the
COVID-19 pandemic [13,14]. Various health systems have
already adopted remote medical care and integrated telemedicine
to assist in providing care to the patients [15-18]. For our
purposes, adoption is the intention, initial decision, or action to
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try or employ an innovation or evidence-based practice [19].
We present our experience with telemedicine in our university
hospital–based ambulatory care practice during the initial phase
of the COVID-19 public health emergency (PHE).

Need for a Transition From the Outpatient Clinic to
Telemedicine Clinic Model
Soon after the governor declared a state of emergency in
Michigan, there was a sharp decline in the number of patients
attending in-person visits [20]. In addition, health care providers
were specially assigned tasks to “phone triage,” which meant
calling all patients scheduled for an in-person visit to ask about
the reason for their visits. Providers reviewed electronic medical
records (EMRs), and if possible, patients’ concerns, such as
medication refills or generating return to work letters, were
addressed remotely. Otherwise, patients kept their in-person
appointments with their health care providers. All nonurgent
in-person visits were rescheduled, and patients were encouraged
to stay at home to comply with safety guidelines issued by the
Centers for Disease Control and Prevention [21]. With the
immense reduction in the number of in-office patient visits, the
number of medical assistants and clinical staff had to be reduced.
Providers were being assigned to inpatient units to assist in care
for the critically ill. The patient population at risk of infection
had distinct needs (eg, necessary medications and medical
supplies) that were in jeopardy of being unmet, which was a
significant concern during the initial days of the stay-at-home
guidelines. Telephone use by providers to answer patient
questions and help with medication refills was done to the best
that such resources would allow. In addition, certain patients
were discharged from the inpatient units sooner than would be
typical to decrease the risk of COVID-19 spread, and those
patients needed a timely postdischarge follow-up. This caused
an urgent need for a telemedicine service in our outpatient clinic.
Patients were given the option of video visits, and the contact
information of those patients interested in the video visits was
noted. Figure 1 shows the timeline of telemedicine
implementation in our practice.

Figure 1. Ambulatory telemedicine clinic timeline.
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Transition From In-Person Clinic Structure to
Telemedicine Clinic
Clinic Structure
The clinic structure before and during the COVID-19 pandemic
for one half-day session is shown in Textbox 1. Before the
pandemic, our ambulatory clinic was staffed with an attending
physician, and all patients were seen initially by a resident
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physician. We had no midlevel providers in our clinic. The
medical assistant and front desk staff had dedicated duties
regarding patient intake and checkout, while the clinic manager
took care of the overall functioning of the clinic, as established
before the pandemic. In the new telemedicine setup, the medical
assistant would call the patient before the telemedicine
appointment to obtain additional information such as email
address, confirming availability of a webcam device, the reason
for visit, medication reconciliation, and pharmacy information.

Textbox 1. Clinic structure before and during the COVID-19 pandemic.
Before COVID-19
•

8-12 resident physicians per session (half day clinic)

•

10 sessions per week

•

3 faculty members per week

•

4 medical assistants

•

2 nurses

•

2 registration staff members

•

1 clinic manager

•

Fully functional registration and appointment center

During COVID-19
•

4 resident physicians per week

•

3-4 sessions per week

•

2 faculty members per week

•

1 medical assistant

•

1 technical support staff member

•

1 registration staff member

•

1 clinic manager

•

Reduced staff at the registration and appointment center

Patient Scheduling
The initial patients willing to conduct a video visit were
contacted as the system was being established. Additionally,
all the patients who were discharged from our affiliated hospitals
were instructed to follow up in the telemedicine clinic. The
telemedicine providers were informed about the discharged
patients via a secure email platform who would then arrange
the telemedicine visit with the help of ancillary staff to ensure
timely follow-up for patients. Some of these patients also
included those with suspected or confirmed COVID-19.

Telemedicine Platform
We adopted Zoom (Zoom Video Communications Inc) and
Google Hangouts Meet (Google) platforms to conduct
telemedicine visits. To use these platforms for patient care, our
organization entered into business associate agreements with
these platforms to secure Health Insurance Portability and
Accountability Act compliance and made institutional accounts
for the involved physicians. This also prevented physicians from
using their personal accounts for patient care to mitigate
concerns regarding the sharing of personal information with
http://publichealth.jmir.org/2021/1/e21327/
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patients. We circulated detailed instructions for the providers,
and on-site technical staff helped with technical issues to
streamline the process. A support helpline telephone number
was made available for queries too. The clinic staff, including
clinic manager, medical assistants, and checkout staff, were
also prepared to schedule visits and helped with calling patients
before their scheduled telemedicine visits.

Health Care Providers and Our Telemedicine Process
Physicians who had chronic medical conditions and those who
were pregnant or were quarantined (due to potential exposure)
but otherwise healthy were assigned to telemedicine service in
addition to regular primary care physicians. All physicians were
required to undergo training by completing telemedicine
modules available online [22]. Providers could see their
telemedicine schedule in the EMR platform and would call the
patients at the appointment time either from the clinic or from
the provider’s home. The resident physician and the attending
physician would both join the virtual meeting, and after
introductions, the resident physician was given time to assess
the patient. After the resident physician assessed the patient,
the patient was put on hold to discuss the assessment and plan
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e21327 | p.144
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with the attending physician. The plan was then discussed with
the patient, and relevant orders for investigation and follow-up
were placed in the EMR. Medical students were also able to
participate in video visits. The students assigned telemedicine
rotation were sent meeting links for the day so they could join
the visits. To ensure adequate communication about the
workflow and expectations, weekly virtual meetings with
resident physicians and attending faculty were conducted.

study period. Baseline information, including the number of
patients scheduled per day, show rate, and the average number
of tasks in the inbox for providers before the pandemic, was
also obtained from the clinic manager. The numbers were
recorded on Microsoft Excel spreadsheet software (Microsoft
Corporation). Percentages, medians, and averages were
calculated. Data were analyzed, and graphs (including box plots)
were made using Python programming language software [23].

Methods

Results

Prospective data were collected from the first month of
telemedicine in the adult ambulatory clinic of Detroit Medical
Center, Wayne State University, Detroit, Michigan. We defined
a telemedicine visit as the synchronous audio-video
communication between provider and patient for clinical care
for 5 minutes or more. A telemedicine visit during which the
call was started as an audio-video call but was switched to a
telephone call after 5 minutes or more due to a technical problem
was also considered a completed visit. We collected data
including the number of telemedicine visits scheduled, the
number of visits completed, and the most frequent billing codes
used. Information about completed visits and visit durations
was obtained from the provider. However, due to emergent
circumstances, patient-specific information such as
demographics and any protected health information was not
obtained.

After the initial setup, 110 patients were scheduled for
telemedicine visits over 4 weeks from April 1, 2020, to April
30, 2020. Of 110 visits, 16 visits were not completed (defined
in this study as when the provider was unable to contact the
patient at all or the visit was shorter than 5 minutes). The total
number of completed telemedicine visits distributed over 1
month is shown in Figure 2. There was no specific time pattern
observed, as telemedicine scheduled visits were variable. The
average length of the visit was 35 minutes (range 5-120 minutes;
Figure 3). Technical challenges were encountered, such as
difficulty in establishing the video call with the patient or
disconnection within a few minutes. These calls were billed
according to the time spent in actual patient care, excluding the
time in technical challenges; calls shorter than 5 minutes were
excluded. Figure 4 presents the most frequently used billing
codes based on the time spent in patient care, new patient or
established patient visits, and the medium (telephone or video
visit). Based on visit type, 25.5% (24/94) of patients who
completed telemedicine visits were recently discharged from
the hospital, and 74.5% (70/94) were scheduled for telemedicine
visits based on urgent needs. Most of the telemedicine visits
scheduled (94/110, 85.4%) were completed. At baseline, before
the pandemic, 60-70 patients were scheduled per day with a
70% show rate.

In our ambulatory clinic, patients were able to contact the call
center to leave a message or a task for the provider (including
requests directly from pharmacies for medication refill), which
were directed to the internal medicine task inbox. This generated
task was completed by the provider by contacting the patient
via telephone or electronically, as required. The average number
of tasks in the general medicine inbox were noted during the

Figure 2. Number of patients with completed telemedicine visits over 4 weeks.
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Figure 3. Box plot depicting duration of visits. Outliers are the values >80 minutes, and the average value is approximately 35 minutes.

Figure 4. Histogram showing most common billing codes used. 99214 is an established patient office visit for 25 minutes (used with telemedicine code
modifier); 99204 is a new patient office visit for 45 minutes (used with telemedicine code modifier); 99215 is an established patient office visit for 40
minutes (used with telemedicine code modifier); 99443 is a telephone evaluation and management for 21-30 minutes; 99442 is a telephone evaluation
and management for 11-20 minutes.

On average, 300 tasks were addressed per week by a dedicated
team of resident physicians and support staff of the clinic, and
included medication refills, generating referrals, producing work
letters, answering queries related to COVID-19–like symptoms,
and triaging. The tasks were addressed electronically or, if
necessary, by calling the patient. Before the pandemic, the
average number of tasks in the general medicine inbox was 200
tasks per week, which means there was a 50% increase in the
number of tasks during the pandemic.
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Discussion
Principal Findings
The adoption of telemedicine in our ambulatory practice to
adjust to the unique circumstances during the COVID-19
pandemic was successful. Although the number of telemedicine
visits was less than compared to in-person visits before the
pandemic, the patients who had telemedicine scheduled had a
high show rate of 85.4% (94/110) compared to the 70% show
rate for our traditional ambulatory visits. Various factors like
calling patients 2-3 days before the telemedicine visit,
posthospital discharge sign-out between the providers, no
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e21327 | p.146
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requirement of transportation, the in-home convenience of a
telemedicine visit, elevated levels of patient concern related to
COVID-19, and reduced availability of in-person visits may
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have contributed to the high show rates for telemedicine. The
advantages of telemedicine that we experienced are shown in
Textbox 2.

Textbox 2. Benefits of telemedicine and telephone communications during the pandemic.
Continued clinical care for patients
•

Follow up on chronic medical conditions like hypertension, diabetes, asthma, congestive heart failure, and medication adjustment, and ensuring
adequate number of refills

Management of patients with possible SARS-CoV-2 infection
•

Patients with mild symptoms of COVID-19 were assessed remotely and given home quarantine instructions, testing information, and symptomatic
treatment.

•

Patients at home were seen through a video visit, preventing unnecessary emergency department visits with the potential to spread the disease
and use critical resources.

Decreasing hospital admission and length of stay
•

Patients who were hospitalized for conditions not related to COVID-19 and were discharged from the hospitals required a closer follow-up with
primary care physicians.

•

Patients with SARS-CoV-2 infection who were deemed stable for discharge but still required a follow-up after discharge (based on continued
oxygen requirements or other complications) were closely monitored via a follow-up in the clinic.

Arranging durable medical equipment
•

Increased number of requests (due to increase at-home monitoring for medical conditions) for medical equipment such as blood pressure sets,
glucometers, nebulizers, and supplies for home oxygen, which were arranged in a timely manner

Involvement of medical students and continued resident teaching and training
•

Medical students who were required to stay home during the pandemic with suspended clinical duties were still involved during the telemedicine
sessions.

In the first several visits, there were technical struggles in setting
up the video meeting with the patient—one visit took a total
time of 120 minutes. However, we then implemented a protocol
where scheduled patients were called by staff before the video
visit to receive instructions to save time during the actual visit
with the provider. The patients were given instructions 2-3 days
before their scheduled session to allow time for downloading
the applications and reviewing step-by-step instructions, which
streamlined the process of setting up the video calls. If requested
by the patient, written instructions were also emailed to patients.
Patients and family members were informed of this secure,
private platform, and they were assured that video meetings
would not be recorded. Having the clinic staff call the patient
before their appointment helped the providers follow the
schedule and stay on time.
Through our telemedicine platform, we could follow up with
patients discharged from the hospital. Discharge follow-up
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monitoring is important for preventing readmissions for
conditions like heart failure; however, during the pandemic, it
was essential to follow up with patients with confirmed or
suspected COVID-19 to monitor for complications and
emphasize quarantine and precautionary measures [24,25].
Weekly meetings were held with resident physicians to keep
them abreast of ongoing changes and answer any specific
queries. During the weekly meetings, we were able to address
the challenges like limited staff available to call patients before
the video visit. In addition, it was challenging for the inpatient
providers to proactively set outpatient appointments through
email, as initially, there was no automated system available.
However, with time, staffing issues were resolved, and case
managers assisted with hospital discharge follow-up
telemedicine appointments. Call center staff was also urged to
prioritize hospital discharge follow-up. Textbox 3 presents the
challenges encountered, along with several ongoing solutions.
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Textbox 3. Challenges during the first month of telemedicine with ongoing solutions.
•

•

•

•

•

•

•

Timely arranging for secure platform application and setting up secure links to maintain confidentiality and security for connecting patients with
providers and clinic staff
•

Organization created work accounts for providers and clinic staff including call center staff.

•

Training sessions for providers and clinic staff

Reaching out to patients to provide information about telemedicine and patient enrollment to the clinic for telemedicine, especially hospital
discharge follow-up appointments
•

Call center staff available to give options and schedule video visits for interested patients

•

For hospital discharge follow-up monitoring, telemedicine order set available in electronic medical record to alert clinic staff

Video visit mandates the presence of a smartphone or a device with a camera
•

Long-term solutions to decrease economic disparity

•

Assistance from family members (who can help in setting up video call) when possible

Technical assistance required for the patients, providers, and clinic staff to set up a video call
•

Patient contacted a few days before the visit by clinic staff to provide verbal and written step-by-step instructions to set up a video call
before appointment

•

Dedicated person to provide technical assistance to the providers and clinic staff

Training of the resident physicians and increasing their comfort in the video visit
•

Mandating completion of telemedicine modules before starting clinic

•

Obtaining feedback from the residents to assess challenges encountered in the video visit and addressing them

Establish a curriculum and ensure the teaching of resident physicians
•

Dedicated teaching time to ensure learning

•

Weekly ambulatory lecture including topics pertinent to telemedicine (eg, how to conduct physical exam during video visit)

Streamline warm handoff from physician and checkout process after video visit, including methods to arrange laboratory services, referrals, and
a follow-up appointment
•

Dedicated clinic staff to contact the patient after video visit to explain the process to schedule laboratory tests, referrals, and follow-up
appointments (to close the loop)

•

Provider contacts patient to discuss laboratory results

Limitations
This is a single institutional observational study, and hence,
findings are not broadly generalizable. During the initial setup
amid rapid changes, we were not able to obtain patient
demographic information. Therefore, the adoption of
telemedicine by various subsets of patients is unknown. We
cannot determine how gender, race, ethnicity, age group, and
socioeconomic disparity will affect a patient’s likelihood to
schedule telemedicine visits or the impact on their ability to
complete such a visit. Finally, although we ensured completion
of the mandatory online telemedicine learning modules,
providers learned through a rapid, on-the-job “crash course”

amid a PHE, which may have impacted our results such as time
required for a telemedicine visit.

Conclusions
There was a high acceptance of telemedicine services by
patients, which was evident by the high show rate during the
COVID-19 pandemic in Detroit. With limited staffing, restricted
outpatient work hours, a shortage of providers, and increased
outpatient needs, telemedicine was successfully implemented
in our practice. Quality improvement projects are needed to
improve the telemedicine visit experience for both patients and
providers.
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Abstract
Background: Many studies have focused on the characteristics of symptomatic patients with COVID-19 and clinical risk factors.
This study reports the prevalence of COVID-19 in an asymptomatic population of a hospital service area (HSA) and identifies
factors that affect exposure to the virus.
Objective: The aim of this study is to measure the prevalence of COVID-19 in an HSA, identify factors that may increase or
decrease the risk of infection, and analyze factors that increase the number of daily contacts.
Methods: This study surveyed 1694 patients between April 30 and May 13, 2020, about their work and living situations, income,
behavior, sociodemographic characteristics, and prepandemic health characteristics. This data was linked to testing data for 454
of these patients, including polymerase chain reaction test results and two different serologic assays. Positivity rate was used to
calculate approximate prevalence, hospitalization rate, and infection fatality rate (IFR). Survey data was used to analyze risk
factors, including the number of contacts reported by study participants. The data was also used to identify factors increasing the
number of daily contacts, such as mask wearing and living environment.
Results: We found a positivity rate of 2.2%, a hospitalization rate of 1.2%, and an adjusted IFR of 0.55%. A higher number of
daily contacts with adults and older adults increases the probability of becoming infected. Occupation, living in an apartment
versus a house, and wearing a face mask outside work increased the number of daily contacts.
Conclusions: Studying prevalence in an asymptomatic population revealed estimates of unreported COVID-19 cases. Occupational,
living situation, and behavioral data about COVID-19–protective behaviors such as wearing a mask may aid in the identification
of nonclinical factors affecting the number of daily contacts, which may increase SARS-CoV-2 exposure.
(JMIR Public Health Surveill 2021;7(1):e24320) doi:10.2196/24320
KEYWORDS
COVID-19; risk of infection; community exposure; self-protecting behavior; mask wearing; infection fatality rate; infection;
self-protecting; mask; fatality rate; exposure; virus; SARS-CoV-2
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Introduction
Since the global outbreak of SARS-CoV-2 (and the disease it
causes, COVID-19), there has been significant research interest
in understanding the disease’s ability to spread within
populations. However, understanding the spread of COVID-19
has been particularly challenging because of asymptomatic
spread [1-3]. With new rapidly developing assays capable of
identifying serum antibodies, some regions and countries have
launched investigations to identify the prevalence of
asymptomatic infection. Studies that have collected
seroprevalence data have used it to test the sensitivity and
specificity of an enzyme immunoassay and microneutralization
assay in Hong Kong [4], to combine and evaluate targeted
testing and population screening in Iceland [5], and to compare
incidence and infection fatality rates in the worst-hit towns in
Germany after a superspreading event [6]. What these studies
have in common is that they are aimed at improving
epidemiological models of how the virus spreads and evaluating
its transmission behavior. They include important indicators
such as age, gender, and pre-existing conditions, as well as
recent travel [5] and household size [6]. These studies help
identify the proportion of the population at risk, increase
understanding about hospitalization and fatality rates, and help
guide decision making regarding strategies to control the
pandemic. Other studies have focused on environmental and
behavioral factors in the population without knowing infection
rates in the same population [7-9].
Less studied is how environmental and behavioral factors such
as occupation, housing situation, and COVID-19–protective
behaviors affect infection rates. To date, most studies have
focused on demographic risk factors among those who have
tested positive for the virus [6,10]. Individual protective
behaviors like wearing a mask are seldom studied in the
COVID-19 literature [8]. There are two recent studies that
reported important differences in mask-wearing practices
between countries during COVID-19 pandemic, including
countries in the East and West [11], and two neighboring
countries (The Netherlands and Belgium) [12].
The objective of this study was to measure the prevalence and
incidence of COVID-19 in the hospital service area (HSA) of
the University of Vermont Medical Center (UVMMC), identify
factors that may increase or decrease the risk of infection and
exposure, and to analyze factors that increase the number of
daily contacts. UVMMC is the largest hospital and most densely
populated county in a rural state in the northeastern United
States and its HSA is the area of the local community that is
intended to be served by the hospital. We evaluated the
prevalence of SARS-CoV-2 among community-dwelling adults
in the most densely populated county in Vermont after the height
of the COVID-19 pandemic in June 2020 and explored the
environmental and behavioral factors associated with the risk
of infection. At the time of this study, Vermont had a very low
rate of COVID-19 infection. Active disease rates in the
population were low and remained low throughout recent
months. We conducted our study in Vermont, because we were
able to obtain data from a representative sample of the most
densely populated county in the state, accounting for
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approximately one-third of the total population of the state. We
hope that this study serves as an example for more studies
linking COVID-19 seroprevalence in the general population to
behavioral data potentially affecting the spread of COVID-19.
This research combined individual survey data on COVID-19
risks and social behaviors with polymerase chain reaction (PCR)
testing results from nasopharyngeal swabs and two different
serologic assays. The addition of biological testing to known
epidemiological data allowed for the calculation of accurate
population prevalence rates, the true hospitalization and
infection fatality rates, and inferences about exposure to the
virus that may have more widespread implications.

Methods
Recruitment
Our sampling frame included community members from
Chittenden county in the HSA of UVMMC who had an
encounter with their primary care provider in the past 3 years.
Using electronic health records, we randomly selected 12,000
individuals aged 18-70 years who had at least one primary care
visit during the preceding 3 years, stratified by age and gender.
Individuals were contacted via email in two waves between
April 30 and May 13, 2020, and asked to consent to participate
in the survey.
After completing the survey, an offer was sent to these 1694
participants to receive PCR and serologic testing. To prevent
recruitment bias among people who may have been motivated
to obtain COVID-19 testing, participants were not aware of this
optional testing component when filling out the survey.

Survey
The survey instrument was developed by an international group
of researchers and previously used to collect data from different
countries [7]. The information collected included work and
living situations, income, COVID-19–protective behaviors (such
as wearing a face mask), beliefs about the COVID-19 pandemic
and exposure to the virus, sociodemographic characteristics,
and prepandemic health status. The survey also gathered specific
information from respondents about the type of industry in
which they are employed and their precise profession within
that industry. Respondent profession was linked to profession
exposure data derived from data from the US Department of
Labor/Employment and Training Administration’s Occupational
Information Network (O*NET) survey, which categorizes the
level of exposure to disease/infections for a wide range of
professions [13]. This O*NET measure has also been used by
others linking job exposure to COVID-19 [7]. Scores range
from 0 to 100, where 0 is “never,” 50 is “once a month or more
but not every week,” and 100 is “every day.” Survey data was
collected and stored via REDCap.

COVID-19 Tests
COVID-19 prevalence (active infection) was tested with PCR
testing on nasopharyngeal swabs, while incidence rate was tested
using two different serologic assays performed on
patient-matched blood samples. The PCR test detects the genetic
code for the SARS-CoV-2 virus (which causes COVID-19) and
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identifies active COVID-19 infection. The serologic tests detect
antibodies to COVID-19 and indicate whether the participant
has mounted an immune response to the virus. COVID-19
prevalence (active infection) was tested at the State of Vermont
Department of Health Laboratory by PCR using the TaqPathTM
COVID-19 Combo Kit (ThermoFisher, catalog numbers A47813
and A47814) on ribonucleic acid (RNA) extracted from
nasopharyngeal swabs. This assay was granted Emergency Use
Authorization [14], and uses primer sets targeting the ORF1ab,
nucleocapsid, and spike regions of the SARS-CoV-2 genome.
Each assay includes a positive SARS-CoV-2 RNA control (50
copies per reaction), a negative (diluent-only) control, and an
MS2 phage as an internal process control for nucleic acid
extraction. Briefly, RNA was extracted from nasopharyngeal
swabs, reverse transcribed using the one-step multiplex
Mastermix, and assessed on an Applied Biosystems 7500-Fast
Dx PCR instrument as listed in the product manual using a
sample cycle threshold (CT) cutoff of ≤37 for the calling of
positives.
Serologic testing was done on separated serum (BD SST catalog
number 367977) using two different assays granted Emergency
Use Authorization by the Food and Drug Administration: (1)
the VITROS (Ortho Clinical Diagnostics) anti–SARS-CoV-2
IgG test conducted by the Mayo Clinic and (2) an open-source
laboratory-developed two-step enzyme-linked immunosorbent
assay (ELISA) originally developed by the Mount Sinai School
of Medicine [15] and conducted at the University of Vermont
Larner College of Medicine. Both assays exhibit ≥90%
sensitivity and 100% specificity with ≥99.5% negative predictive
value (NPV) at a prevalence of 5% [16]. The two-step IgG
ELISA was recently validated to over 99% sensitivity in samples
from patients with COVID-19 [17]. Serology for the receptor
binding domain of the SARS-CoV-2 spike protein (RBD-S) has
been shown to exhibit extremely low cross-reactivity for other
non-SARS coronaviruses [18] and to correlate with
neutralization activity [17,19], making it a highly specific and
relevant measure of SARS-CoV-2 infection.

Statistical Analysis
The testing results were merged with the survey data.
Observations that had missing values for key variables were
deleted (n=19), which left us with a total sample size of 435 for
the multivariate analysis. We had two outcome variables in the
analysis. The first was whether or not the person tested positive
for COVID-19 antibodies. The second was the number of
contacts the person had on a “typical” day (<18, 18-64, and
>64) during the two weeks prior to the survey.
For the dichotomous outcome variable (whether a participant
had a positive COVID-19 antibody test), we performed
multivariate analyses using Probit models. The count data
representing the number of daily contacts for the participants
followed a Poisson distribution: the number of people seen
outside the household can be seen as rare events, since many
respondents did not see others at all. As the Poisson distribution
assumes that the mean and variance are the same, we tested the
fit of a Poisson model versus negative binomial models [15].
The likelihood ratio test is a test of the overdispersion parameter
α: when α is zero, the more flexible negative binomial
http://publichealth.jmir.org/2021/1/e24320/
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distribution is equivalent to a Poisson distribution. In our case,
α was significantly different from zero, suggesting the negative
binomial distribution was appropriate, so we used nbreg in Stata
16.0 (StataCorp) to analyze the number of daily contacts. We
used a Vuong test of the zero-inflated model versus the standard
model [16,20] and found that the excess zeros should not be
modeled independently. We ran different models for number
of contacts with children, adults, and older adults. We used
robust standard errors for the negative binomial models.
Statistical analysis was performed in Stata, including descriptive
statistics and multivariate analysis.
Key control variables included age (because of the relatively
small sample size of positives, age was dichotomized to over
and under 45 years), income (in categories, and dichotomous
>$100,000/<$100,000), gender, education (college yes/no), and
presence of chronic illnesses (yes/no from a list including
conditions identified by the Centers for Disease Control and
Prevention as increasing the risk of COVID-19 complications,
which included diabetes, high blood pressure/hypertension,
heart disease, asthma or other chronic respiratory issues,
allergies, and kidney disease or other chronic illnesses that
require long-term care from a doctor). We also included
variables indicating whether the participant had lost their job
due to COVID-19 and whether their work situation had changed
(working from home instead of previous location), whether they
had been tested before, what symptoms they had and whether
they sought testing for those symptoms, whether they had been
diagnosed, whether they had pre-existing conditions, and
whether they had been in contact with others who had tested
positive.

Human Subjects Research Review Statement
This study has been approved by the Institutional Review Board
of the University of Vermont. We received separate approval
for the survey study and the COVID-19 testing study.
Study participants signed eConsent forms for both the survey
part and the testing part of the study. There was no compensation
for participation in this study.
The health information of participants is protected by a federal
law called the Health Information Portability and Accountability
Act (HIPAA). The study team stored the data from the survey
and COVID-19 tests in a safe environment. Only the research
team, the UVM Institutional Review Board, and state and federal
agencies that oversee research have access to this information.
No identifying data was made available to any other sources.

Results
Participation
A total of 12,000 patients were invited to participate in this
study. All individuals were provided with an opportunity to opt
out of the survey at any time during the study. A total of three
follow-up reminders were sent. Of this initial sample of 12,000
individuals, 98% had functioning email addresses (n=11,700);
the response rate was 19.4% (n=2275), and 75% of these
respondents both read the consent form and agreed to participate
(n=1961 participants). Of these, 86.4% completed the survey,
for a total of 1694 respondents (14.4% of the initial sample).
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All 1694 survey respondents were invited to opt in to COVID-19
testing. A total of 26.8% (n=454) of participants provided
samples between June 25 and June 28, 2020.

county at the time the study test samples were obtained. This
implies that 18.3% of positive cases have been identified by the
existing community-based testing (95% CI 11.2%-50.3%).

COVID-19 Test Results

From the onset of the COVID-19 pandemic to the time of our
data collection, 50 individuals from the county had been
hospitalized at UVMMC. This implies that 1.4% of persons
with COVID-19 required hospital care during the March-July
2020 time frame (95% CI 0.8%-3.8%). At the time of study
completion, there have been a total of 39 deaths attributed to
COVID-19 in Vermont, which implies an infection fatality rate
of 1.1% (95% CI 0.7%-3.0%). Of the 39 deaths, 19 (48.7%)
were in nursing homes. If these deaths are excluded, we
calculate a case fatality rate of 0.55%.

In total, 10 of 454 participants tested positive for IgG antibodies
in a two-step serologic assay in which samples with presumed
IgG reactivity against the RBD-S are confirmed in an
independent assay wherein the IgG endpoint titer against the
full-length SARS-CoV-2 spike protein is determined. Of the
10 samples, 6 were confirmed by the VITROS SARS-CoV-2
IgG assay, which detects an undisclosed antigen from
SARS-CoV-2 and provides a nonquantitative positive/negative
result. These 6 samples exhibited an average anti–RBD-S optical
density (OD) of 0.91 (SD 0.22; range 0.64-1.28) and anti-spike
reciprocal IgG titers of 21,300 (SD 27,500; range 900-72,900)
in the two-step assay performed at the University of Vermont.
The remaining 4 exhibited an OD of 0.56 (SD 0.55; range
0.18-1.38) and titer of 350 (SD 380; range 100-900). There was
not a statistically significant difference (P=0.2 for OD and
P=0.17 for titer by paired Student t test) between the 6
UVM/VITROS-positive and 4 UVM-only positive samples.
Furthermore, all positive samples by two-step IgG assay met
the assay positivity cutoff requirements (Step 1: RBD-S OD
≥2-fold over background, which was ~0.08 and Step 2: titer≥80).
The positivity rate for antibodies against SARS-CoV-2 in our
catchment area was therefore 2.2% (95% CI 0.8%-3.6%). Only
1 participant (0.2%) tested positive for active SARS-CoV-2
replication using the nasopharyngeal swab.
Extrapolating these serology results to the 164,572 residents of
the county, approximately 3621 have been infected by
COVID-19 so far (95% CI 1317-5925). The State Department
of Health reported a total of 662 positive cases in the same
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We did not perform statistical analyses with the PCR results,
because we only found 1 positive PCR test and therefore did
not have enough statistical power for analysis.

Factors Associated With Positive SARS-CoV-2 Test
Table 1 shows the association between positive serology for
SARS-CoV-2 and select sociodemographic factors. The number
of contacts with both adults and older adults was statistically
significantly higher for those who tested positive than those
who did not (5.0 versus 31.6, P<.001 and 2.9 versus 14.8,
P<.001, respectively). There was no statistically significant
relationship for the number of contacts with children. Similarly,
the number of contacts with people who tested positive was
higher for the COVID-19 population (0.9) versus the negative
subjects (0.1; P<.001). There were no statistically significant
differences between those who tested positive and those who
did not in average age, gender, number of reported symptoms,
work exposure, urbanity, living environment, or mask wearing
outside work.
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Table 1. Descriptive statistics from the sample of 435 survey respondents showing frequencies and percentages in different categories of risk factors
associated with COVID-19 infection in Vermont between April 20 and May 13, 2020.
Respondent characteristic

COVID-19–negative subjects
(n=425), mean or proportion (SD)

a

COVID-19–positive subjects
a

(n=10), mean or proportion (SD)

T statistic

P value

a

Number of contacts with children

1.5 (0.3635)

1.0 (0.4629)

0.1754

.86

Number of contacts with adults

5.0 (0.6383)

31.6 (20.1112)

–5.0571

<.001

Number of contacts with older adults

2.9 (0.6565)

14.8 (7.4276)

–2.4882

.01

Number of contacts with people who tested posi- 0.1 (0.4247)
tive for COVID-19

0.9 (1.3562)

–1.8110

.07

Age (years)

51.4 (0.6366)

51.9 (3.6028)

–0.1075

.91

Sex (female=1)

0.6 (0.0241)

0.6 (0.1830)

–0.2230

.82

High income (1=yes)

0.6 (0.0243)

0.4 (0.1830)

0.9561

.34

Any symptoms (1=yes)

0.2 (0.0180)

0.5 (0.1890)

–2.6804

.007

Diabetes (1=yes)

0.04 (0.0100)

0.13 (0.1250)

–1.1380

.26

Exposure at work, Occupational Information
Network score (1-100)

26.2 (1.8328)

19.0 (12.0208)

0.5159

.61

Urban (versus suburban/rural; 1=yes)

0.3 (0.0218)

0.3 (0.1637)

0.1638

.87

Live in condominium/apartment (versus house;
1=yes)

0.2 (0.01923)

0.3 (0.1637)

–0.4041

.69

Wearing mask outside work (1=yes)

0.7 (0.230)

0.5 (0.1890)

1.1382

.26

Based on a t test, Ha: diff!=0.

Regression Results
Table 2 presents the results of the Probit regressions examining
factors associated with positive COVID-19 test results. The
three columns represent the different models. The first shows
the effect of the number of daily contacts with children, the
second shows the effect of the daily number of contacts with
adults, and the third shows the effect of the daily number of
contacts with older adults (>65 years). We used generally
accepted standards for children (those aged <18 years), older
adults (those aged ≥65 years), and adults (those aged 18-64
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years). We found that with every additional adult that
participants would see on a daily basis, they had a 1.2% (P<.05)
higher probability of getting a positive test result. For contact
with older adults, this increased probability was the same (1.2%,
P<.05). With each additional contact with a person who had
tested positive for COVID-19, participants had a 44.1%-53.6%
(P<.05) higher probability of testing positive for the virus. Those
aged >45 years had a 20.4%-24.8% higher probability of
infection with each additional contact. We found no other
covariates to be statistically significant in our models.
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Table 2. Predicted probabilities of COVID-19 infection in Vermont between April 20 and May 13, 2020.
Respondent character- Model 1: probability of
istic
COVID-19 infection: chil-

P value

dren contact modela

a

Model 2: probability of
COVID-19 infection: adult

P value

contact modela

Model 3: probability of
COVID-19 infection: older

P value

adult contact modela

Number of contacts
with children (those
aged 0-17 years)

–0.0104 (0.0403)

.88

N/Ab

N/A

N/A

N/A

Number of contacts
with Adults (those
aged 18-64 years)

N/A

N/A

0.0118 (0.0059)

.03

N/A

N/A

Number of contacts
N/A
with older adults
(those aged ≥65 years)

N/A

N/A

N/A

0.0122 (0.0063)

.05

Number of contacts
0.5359 (0.2111)
with people who tested positive for
COVID-19

.04

0.4406 (0.2243)

.16

0.5356 (0.2123)

.42

Aged ≥45 years

0.2038 (0.3701)

.36

0.2432 (0.3854)

.27

0.2484 (0.3846)

.29

Female

–0.0766 (0.3404)

.77

0.0501 (0.3632)

.53

–0.0025 (0.3567)

.65

High income

–0.3967 (0.3402)

.15

–0.3377 (0.3480)

.18

–0.4023 (0.3484)

.14

Any symptoms

0.3969 (0.3579)

.08

0.4159 (0.3703)

.07

0.4052 (0.3661)

.07

Diabetes

0.1394 (0.6342)

.96

–0.4759 (0.9156)

.46

–0.1672 (0.7184)

.68

Observations

413

N/A

413

N/A

413

N/A

Probit regression marginal effects with standard errors in parentheses. Pseudo R2: 0.42.

b

N/A: not applicable.

Table 3 presents the results of the negative binomial models
reporting factors affecting the number of daily contacts. As
expected, the more work exposure (as identified in the O*NET
index), the more daily contacts participants would have. This
is especially true for professions in which one sees more older
adults. We also found that females saw almost one fewer adult

per day than men did (β=0.88, P<.01) and that those living in
an apartment or condominium rather than a house would see
almost one adult more on a daily basis (β=0.78, P<.05).
Interestingly, results showed that workers who wear masks
outside of work also saw more adults than those who did not
wear a mask outside of work (β=0.77, P<.01).

Table 3. Relationship between survey respondent characteristics and number of daily contacts in Vermont between April 20 and May 13, 2020.
Characteristics

Model 1: number of contacts P value
with children

a

a

Model 2: number of contacts P value
with adults

a

Model 3: number of contacts P value
with older adultsa

Exposure at work

0.0214 (0.0123)

.08

0.0194 (0.0048)

<.001

0.0391 (0.0111)

.009

Female

–0.3636 (0.8061)

.70

–0.8757 (0.3395)

.004

0.1514 (0.8568)

.78

Aged ≥45 years

–0.1720 (0.7237)

.97

0.2602 (0.3877)

.63

1.3367 (0.9235)

.57

Urban (versus suburban)

0.7666 (0.9628)

.42

0.5204 (0.3646)

.16

1.0165 (1.2149)

.54

Living in condomini- –1.6075 (0.9300)
um/apartment (versus
house)

.08

0.7765 (0.4091)

.08

0.4172 (0.9216)

.99

Wearing mask outside 1.0897 (0.7637)
work

.10

0.7658 (0.2822)

.01

0.3159 (0.8215)

.85

Observations

N/Ab

49

N/A

49

N/A

49

Negative binomial estimates, standard errors in parentheses.

b

N/A: not applicable.
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Discussion
Principal Results
In this study, we evaluated the prevalence of SARS-CoV-2
among community-dwelling adults in the most densely
populated county in Vermont after the height of the COVID-19
pandemic in June 2020, and explored the environmental and
behavioral factors associated with the risk of infection. We
found a seroprevalence rate of 2.2% and an infection fatality
rate of 0.55% after excluding deaths in nursing homes. In the
multivariate analysis, we found that the number of daily contacts
with adults and older adults increased the probability of
infection. Type of occupation, living in an apartment or
condominium versus a house, and wearing a face mask outside
work increased the number of daily contacts.
The main objective of this study was to identify the prevalence
of COVID-19 in an asymptomatic (general) population and
identify behavioral and environmental differences between the
infected and the uninfected. There are some COVID-19
seroprevalence studies to date, such as one in Iceland [5], which
included volunteers from the total population, and a nationwide
study in Spain [21]. There are also a few studies among
subpopulations, such as one among health care workers in
Northern Italy [22], and regional populations in Hong Kong
and China [4,23], the United States [10,24,25], and Switzerland
[26]. Most of these studies selected participants randomly, but
environmental factors potentially affecting the seroprevalence
numbers were undetermined. Important predictors in COVID-19
predictive simulation models, such as to what extent social
distancing had been practiced, were unknown in these studies.
Therefore, a second goal of this study was to get a better idea
of actual social distancing practices in our research area and
use this data to better inform modelling efforts to predict
infection and hospitalization rates. The uniqueness of this study
is that it combines survey data with COVID-19 testing data,
which has not been done in many other places. To our
knowledge, there has been one other study linking
seroprevalence data to survey data [27]; however, that study in
Germany primarily focused on symptoms and did not include
factors such as daily routines and behaviors. Although we
acknowledge the limitations of our research study, we believe
it serves as an example of how to effectively link behavioral
and clinical data.
We were able to identify environmental and behavioral factors
affecting the risk of contracting COVID-19. We found that
seeing more children per day does not increase the probability
of getting COVID-19, but having more daily contact with adults
and older adults does. We further identified factors that have
an increasing effect on the number of daily contacts, such as
living in an apartment and wearing a mask.

Limitations
Our study does have a number of limitations. One is the
assumption that the prevalence rates from our sample are
representative of prevalence rates for the Chittenden county
population. Our sample may be nonrepresentative because of
both the inclusion criteria (those with the University of Vermont
Medical Center as their primary care destination) and exclusion
http://publichealth.jmir.org/2021/1/e24320/
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criteria (those aged <18 years and >70 years and pregnant
people). However, because we do not anticipate that the
inclusion and exclusion criteria are correlated with disease
prevalence in the community, our results are likely
representative of the population.
There are a number of possible mechanisms that could create
differences between our sample and the population and thereby
potentially create bias in the estimates of community prevalence.
There may be bias based on observable characteristics, as we
drew our initial sample from a population that either has
registered with a primary care physician or had a health event
in the past 3 years. To test this possibility, we applied sample
weights using Census population data for Chittenden county
and found our results to be robust to weighted regression results.
However, this does not address unobserved characteristics such
as wealth and travel time, which may introduce selection bias.
For example, if persons who believed they were infected were
more likely to participate, this would create an upward bias in
our estimates. To test this possibility, we estimated a weighted
regression, including all survey respondents including those
who received the test invitation but declined. We found no
significant difference in the estimates using both populations
(tested and not tested). It is also possible the results are biased
based on unobserved differences, both between the sample and
the population and between the survey sample and the
prevalence sample. In the absence of an appropriate instrument,
we could not test this effect. Specimen collection was done a
little over one month after survey responses were completed.
This lag in data collection may potentially pose a temporality
issue in the analyses, especially related to risk factors and PCR
positivity. However, our infection analysis did not focus on
PCR positivity but on a positive serologic test, which addresses
infection over a larger period of time.
Compared to other US states, the hospitalization rates for
COVID-19 we calculated have been at the lower end of the
predicted range of COVID-19 inpatient predictive models [17].
The IFR is at the higher end of reported population rates, largely
driven by a high number of nursing home deaths. The data we
collected finds approximately 1 out of every 100 individuals
infected with COVID-19 in the county needed inpatient care.
This provides a benchmark to use to anticipate future shortages
of hospital capacity.
The state of Vermont has had a very low rate of COVID-19
infection since the beginning of the pandemic. Active disease
rates in the population are currently very low and have been
low throughout the duration of the pandemic. Although we were
able to test a large sample for COVID-19, the number of positive
cases was small, which limited the multivariate analysis. To
simplify models, we dichotomized some covariates, thereby
losing some more detailed information about the exact effect
size of individual levels of the covariates.
By testing in the general population, estimations about the total
number of infections in similar demographic areas with different
infection rates can be made based on the IFR and the number
of deaths. This facilitates the kinds of (inter)national
comparisons that could be helpful for developing effective
mitigation strategies. Comparing the IFR with numbers of
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officially reported infections can allow for more refined
estimates of unreported cases, which is another data point that
is important for understanding pandemic dynamics.

Conclusions
This study has several important policy implications for
contemplating different COVID-19 mitigation strategies. We
found that the key factors associated with a higher probability
of testing positive for COVID-19 were the number of contacts
with adults and older adults, particularly contacts with people
who have COVID-19. The factors that predict contacts, in turn,
are working environment, living environment, and regularly
wearing a mask outside of work. This study reinforces the
concerns about risks for persons who have high levels of public
contact during the pandemic. The finding of the increased risk
associated with living in apartments/condominiums likely
partially explains higher infection rates in large metropolitan
areas (eg, New York City) and lower income communities.

van den Broek-Altenburg et al
The findings with regard to mask wearing are more concerning.
With many states and governments now debating whether the
use of face masks should become mandatory, more research is
needed about the behavioral effects of mask wearing and other
policy measures. A recent study showed that mask wearing is
associated with a lower prevalence of depression, which may
be explained by seeing more people [28]. Another study
addressed specific measures in the work environment to prevent
COVID-19 [29]. It is plausible that mandating masks could be
counterproductive if the increased risk associated with an
increase in contacts is larger than the decrease in risk associated
with mask wearing. That is, it is possible masks may provide a
false sense of security that leads to people letting their guard
down and trusting the mask more than is warranted. Further
research into the effectiveness of masks and behavioral
responses to mask mandates is urgently needed.
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Abstract
Background: COVID-19, a viral respiratory disease first reported in December 2019, quickly became a threat to global public
health. Further understanding of the epidemiology of the SARS-CoV-2 virus and the risk perception of the community may better
inform targeted interventions to reduce the impact and spread of COVID-19.
Objective: In this study, we aimed to examine the association between chronic diseases and serious outcomes following
COVID-19 infection, and to explore its influence on people’s self-perception of risk for worse COVID-19 outcomes.
Methods: This study draws data from two databases: (1) the nationwide database of all confirmed COVID-19 cases in Portugal,
extracted on April 28, 2020 (n=20,293); and (2) the community-based COVID-19 Barometer survey, which contains data on
health status, perceptions, and behaviors during the first wave of COVID-19 (n=171,087). We assessed the association between
relevant chronic diseases (ie, respiratory, cardiovascular, and renal diseases; diabetes; and cancer) and death and intensive care
unit (ICU) admission following COVID-19 infection. We identified determinants of self-perception of risk for severe COVID-19
outcomes using logistic regression models.
Results: Respiratory, cardiovascular, and renal diseases were associated with mortality and ICU admission among patients
hospitalized due to COVID-19 infection (odds ratio [OR] 1.48, 95% CI 1.11-1.98; OR 3.39, 95% CI 1.80-6.40; and OR 2.25,
95% CI 1.66-3.06, respectively). Diabetes and cancer were associated with serious outcomes only when considering the full
sample of COVID-19–infected cases in the country (OR 1.30, 95% CI 1.03-1.64; and OR 1.40, 95% CI 1.03-1.89, respectively).
Older age and male sex were both associated with mortality and ICU admission. The perception of risk for severe COVID-19
disease in the study population was 23.9% (n=40,890). This was markedly higher for older adults (n=5235, 46.4%), those with
at least one chronic disease (n=17,647, 51.6%), or those in both of these categories (n=3212, 67.7%). All included diseases were
associated with self-perceptions of high risk in this population.
Conclusions: Our results demonstrate the association between some prevalent chronic diseases and increased risk of worse
COVID-19 outcomes. It also brings forth a greater understanding of the community’s risk perceptions of serious COVID-19
disease. Hence, this study may aid health authorities to better adapt measures to the real needs of the population and to identify
vulnerable individuals requiring further education and awareness of preventive measures.
(JMIR Public Health Surveill 2021;7(1):e22794) doi:10.2196/22794
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Introduction
COVID-19, a viral respiratory disease caused by SARS-CoV-2,
has become a global threat to human health [1,2]. By early
December 2020, more than 68 million SARS-CoV-2 infections
and over 1.5 million deaths have been reported worldwide [3].
Several studies have reported that chronic conditions, such as
respiratory and cardiovascular diseases, are associated with
worse outcomes following infection [1,4-8]. Given the rapid
spread and high mortality rate of COVID-19 among those with
a vulnerable health status, it soon became necessary to expand
research to elucidate the epidemiology of the novel virus,
namely the identification of risk factors for severe illness or
death [9].
There is ample evidence that perceived susceptibility to severe
disease outcomes is an important predictor of preventive
behavior [10]. In accordance with theories on health behavior
decisions [11-14], engagement on preventive behaviors are
shaped by the awareness and risk perception, particularly among
those who are more vulnerable to severe outcomes [13,15-17].
Preventive behaviors, such as curfews, social distancing,
handwashing, and mask wearing, are so far the most effective
ways to fight the spread of COVID-19 and related consequences
[18,19]. Therefore, it is imperative to explore that risk
perceptions of the community, given that such information may
inform targeted interventions, including communication and
health education strategies, aimed at minimizing the impact and
spread of COVID-19.
Thus, the objectives of this study were (1) to examine the
association between chronic diseases and worse outcomes
following COVID-19 infection (ie, death and intensive care
unit [ICU] admission), and (2) to understand its role on the
self-perception of risk for worse COVID-19 outcomes.

Methods
Databases
This study draws on two data sources.

COVID-19 Database
The official database of COVID-19 cases in Portugal, which
contains anonymized data from the Directorate-General of
Health (Direção-Geral da Saúde, DGS), including all confirmed
cases of COVID-19 reported to the National Epidemiological
Surveillance System (Sistema Nacional de Vigilância
Epidemiológica, SINAVE). Data were extracted on April 28,
2020 (n=20,293 laboratory-confirmed cases of COVID-19).
SINAVE is an electronic platform through which clinicians are
obligated to notify all suspected and confirmed cases of
COVID-19, and includes information on clinical findings and
pre-existing conditions. Notifications trigger an epidemiological
investigation by the Local Public Health Services, where a
public health physician (health authority in the area of residence
of the infected individual) validates the case. At a later stage,
the Regional Public Health Department and finally the DGS
conduct a final validation of case information. Outcome data
are completed primarily at the local level but can be updated at
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the regional and national levels (DGS). We compared the
characteristics of these COVID-19 cases against a nationwide
representative sample from the National Health Survey
(Inquérito Nacional de Saúde, INS) (Multimedia Appendix 1)
[20].

COVID-19 Barometer
We developed a community-based survey called COVID-19
Barometer, which contains data on health (including mental
health), health care utilization, perception of risk, and social
experiences of over 180,000 individuals, aged ≥16 years old,
in Portugal during the first wave of COVID-19. Potential
participants were invited to participate through existing contact
networks and mailing lists (including large databases of students,
teachers, researchers, staff, and other collaborators at the
National School of Public Health [ENSP-NOVA] and other
institutions nationwide), digital social networks, and social
media promotion. The study was also promoted to vulnerable
groups through partnerships with third-sector organizations,
including patient associations, public health doctors, and other
health care professional groups. Data were collected using a
structured, closed-ended questionnaire administered online
through the Microsoft Forms software program (Microsoft
Corp). The questionnaire was developed based on the Portuguese
National Health Survey (INS) items (respondents’
sociodemographic characteristics, health status, and health care
utilization) [20]. Specific questions about COVID-19 were
created by the authors and based on the COVID-19 Rapid
Quantitative Assessment Tool of the World Health Organization,
whenever possible [21]. The questionnaire was pretested to
verify response times, ensure comprehensibility, and solve
operational issues. We used the latest available responses from
each participant, obtained between March 21 and May 23, 2020
(n=171,087).

Measures
In this study, we considered the following main chronic diseases,
which, according to the available evidence, are potential risk
factors for COVID-19: respiratory, cardiovascular, and renal
diseases; diabetes; and cancer.
Regarding the case definition for the main outcome in the DGS
database, we analyzed a composite COVID-19 outcome of death
and ICU admission. At the time of the analysis, there was a
delay in the notification of death, and thus it was considered a
better choice to focus on a broader major outcome.
In the COVID-19 Barometer database, we surveyed the
respondent’s perception of risk for severe disease in case of
COVID-19 infection with the following question: “To what
extent do you consider yourself to be at risk of developing
serious illness or complications, if you become infected with
COVID-19?” We then created a dichotomous variable
designating the high-risk category as 1 and other categories as
0 (ie, moderate risk, low risk, no risk, don’t know).

Statistical Analysis
The analysis included two main steps. First, logistic regression
models were used to assess the association between the selected
diseases and death or ICU admission, adjusting for age
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(categorized into 6 groups with 0-50 years as the reference group
and 10-year age intervals until >90 years), sex, region, and other
relevant comorbidities available in the database (eg, HIV). Two
models were developed—one with all COVID-19 cases and
another with a subgroup of hospitalized patients with
COVID-19—to better understand the association of morbidity
with worse intrahospital COVID-19 outcomes, thereby limiting
potential biases arising from a higher likelihood of
hospitalization for any given COVID-19 case solely based on
the decider’s (ie, a health care professional at a hospital)
knowledge of the pre-existence of a chronic disease (as
discussed below).
Second, the sample was standardized to reflect the distribution
of the Portuguese population (by sex and age group using the
direct method), and a logistic regression model were used to
assess self-perception levels of severe disease in the population
and potential influencing factors, mainly the chronic diseases
under study. We adjusted the model for age, sex, region,
education (grouped into three major levels according to the
highest qualification completed: basic or no education,
secondary school, and university), other relevant comorbidities,
smoking, self-reported health and mental status (both grouped
into two major levels: very good/good/moderate and poor/very
poor), high-risk professional or living with one (including health
care professionals, security personnel, and customer-facing
positions), living alone, and confidence in the National Health
Survey response. All of these factors were chosen based on the
database data availability and on the plausibility of influencing
study outcomes. The model was built by means of a manual
stepwise technique (backward elimination). In the descriptive
analysis, additional results for those aged ≥65 years were also
provided, given that it is a common cut-off age criteria for
increased COVID-19 risk [22].
All statistical analyses were carried out using Stata, version
13.1 (StataCorp LLC). In the descriptive analysis, the
significance of the study variables was tested using the Student
t test or the chi-square test, where appropriate. The significance
level for all analyses was fixed at 5%, and confidence intervals
were set at 95%.

Ethical Considerations
Data were shared by the DGS with ENSP-NOVA under a
partnership for COVID-19 research. The Ethical Committee of
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ENSP-NOVA
approved
the
project
(approval:
CE/ENSP/CREE/2/2020). Anonymity of participants and
conﬁdentiality of data in all databases used were guaranteed.
Informed consent was obtained from all participants.

Results
Associations Between Chronic Diseases and COVID-19
Outcomes
The average age of all COVID-19 infection cases was 52.1 (SD
21.3) years (men: 51.7 [SD 21.0] years, and women: 52.4 [SD
21.5] years; P=.03). In total, 14.6% (n=2963) were hospitalized,
1.3% (n=263) were admitted to the ICU, and 2.5% (n=502) died
(3.6% [n=765] for ICU or death). Among those hospitalized,
the average age was 68.9 (SD 18.5) years (men: 67.6 [SD 17.1]
years, and women: 70.3 [SD 19.8] years; P<.001). More women
were infected (n=11,912, 58.7%), both amongst those below
(n=8670, 59.2%) and above 65 years of age (n=3105, 57.4%).
However, male gender was more frequently found in cases
requiring hospitalization (n=1557, 52.4%) and among those
who died or were admitted to the ICU (n=404, 54.9%; P<.001).
Male gender was associated with worse outcomes (Table 1).
There was also an association between death/ICU admission
and chronic diseases (ie, respiratory, cardiovascular, and renal
diseases; diabetes; and cancer). When analyzing specifically
those who were admitted to the hospital, only lung,
cardiovascular, and kidney diseases were associated with this
composite outcome (Table 1).
When comparing the COVID-19 database with a nationwide
representative sample from the Health Interview Survey, it was
noted that, across all the analyzed groups, there was a higher
proportion of older adults (≥65 years) infected with COVID-19
compared to the overall country’s population—respiratory:
60.0% (n=413) vs 48.3% (n=572); cardiovascular: 91.5% (n=43)
vs 69.8% (n=746); renal: 78.8% (n=252) vs 53.2% (n=571);
diabetes: 65.5% (n=671) vs 59.3% (n=1216); and at least one
of these underlying health conditions: 64.7% (n=1230) vs 54.0%
(n=3809), respectively. This asymmetry was particularly evident
for renal and cardiovascular diseases (variation of 48.1% and
31.1%, respectively). A lower proportion of women was found
in the COVID-19 database versus the country’s population
(group with at least one of the underlying health conditions:
48.7% [n=927] vs 57.1% [n=4028], respectively).
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Table 1. Multivariable logistic regression (odds ratios [OR] and 95% CIs) to assess the association between chronic diseases and severe outcomes
(death or admission to intensive care unit) following COVID-19 infection.
Characteristic

All infected (n=20,203)

Hospitalized (n=2958)

Univariable, OR (95% CI) Multivariable, OR (95% CI) Univariable, OR (95% CI) Multivariable, OR (95% CI)
Age group (years; reference <50 years)
50-59

5.14 (3.27-8.08)a

5.03 (3.20-7.93)a

2.48 (1.53-4.03)a

2.52 (1.54-4.13)a

60-69

14.81 (9.74-22.40)a

12.36 (8.15-18.76)a

3.31 (2.13-5.14)a

3.21 (2.04-5.02)a

70-79

35.65 (23.98-52.99)a

24.70 (16.48-37.01)a

3.85 (2.53-5.86)a

3.58 (2.32-5.53)a

80-89

50.58 (34.33-74.52)a

35.72 (24.04-53.08)a

5.20 (3.45-7.84)a

4.90 (3.20-7.50)a

>90

52.47 (34.72-79.30)a

41.58 (27.22-63.53)a

5.05 (3.18-8.03)a

4.78 (2.95-7.75)a

0.57 (0.49-0.66)a

0.56 (0.48-0.66)a

0.83 (0.69-0.99)a

0.78 (0.64-0.95)b

Respiratory disease

4.74 (3.76-5.97)a

2.42 (1.89-3.10)a

1.65 (1.25-2.17)a

1.48 (1.11-1.97)b

Cardiovascular disease

24.08 (13.51-42.90)a

8.66 (4.61-16.27)a

3.99 (2.16-7.36)a

3.39 (1.80-6.39)a

Renal disease

11.71 (9.06-15.12)a

4.19 (3.17-5.53)a

2.68 (2.00-3.60)a

2.25 (1.66-3.06)a

Diabetes

3.33 (2.68-4.14)a

1.30 (1.03-1.64)b

1.12 (0.87-1.45)c

0.95 (0.73-1.25)c

Cancer

3.008 (2.31-4.10)a

1.40 (1.03-1.89)b

0.95 (0.68-1.32)c

0.90 (0.64-1.27)c

Other comorbidityd

4.33 (3.54-5.30)a

2.32 (1.86-2.89)a

1.31 (1.03-1.66)b

1.24 (0.960-1.60)c

Any major comorbiditye

6.62 (5.69-7.72)a

—f

1.86 (1.54-2.24)a

—f

Gender: female
Chronic disease

a

P<.001

b

P<.05

c

Not significant.

d

Other comorbidity includes other diseases collected in the official database of COVID-19 cases.

e

Any major comorbidity: respiratory, cardiovascular, renal diseases; diabetes; or cancer.

f

Cofactor not included in the model due to high variance inflation factor (VIF>5) to avoid multicollinearity.

Influence of Chronic Diseases on Risk Perception
We found that 23.9% (n=40,890) of the COVID-19 Barometer
participants (n=171,087) considered themselves to be at high
risk of developing a severe disease course in case of COVID-19
infection. This self-perception of risk was significantly higher
among those aged ≥65 years (n=5235, 46.4%) and those
suffering from any of the diseases under study (n=17,647,
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51.6%; Figure 1). For those in both categories (ie, old age and
comorbidities) that proportion rose to 67.7% (n=3212). Across
all subgroups, the oldest people with respiratory diseases
presented the highest self-perceived risk (n=1342, 78.5%),
followed by cardiovascular disease (n=1403, 69.6%) and cancer
(n=700, 69.0%) across the same age group (≥65 years). Younger
individuals (<65 years) without any of the analyzed illnesses
presented the lowest values (n=11,582, 8.9%; Figure 1).
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Figure 1. Age-specific and standardized prevalence of self-perceived risk for developing severe disease outcomes following COVID-19 infection
(n=171,087). "a" indicates a significant difference (P<.001) in terms of risk perception between those aged <65 years and ≥65 years. RESP: respiratory,
CV: cardiovascular.

In the multivariable logistic regression, we observed a strong
association between chronic diseases and self-perceived risk
(Table 2), particularly for cancer (odds ratio [OR] 8.57, 95%
CI 5.73-12.81), respiratory disease (OR 8.25, 95% CI 7.21-9.44),
and diabetes (OR 6.17, 95% CI 4.58-8.31). Increasing age was
also associated with self-perceived high risk, but it became
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nonsignificant for the oldest age categories in the multivariable
model, likely due to the small sample size of those age groups
(Multimedia Appendix 2). Females, lower education, smoking,
and worse health status were also associated with self-perceived
risk of severe COVID-19 disease (Table 2).
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Table 2. Logistic regression (odds ratios [OR] and 95% CIs) to assess the association of chronic diseases with self-perceived risk to develop severe
disease following COVID-19 infection (n=11,247).
Characteristic

Univariable, OR (95% CI)

Multivariable, OR (95% CI)

50-59

1.84 (1.78 -1.90)a

1.74 (1.46-2.07)a

60-69

3.82 (3.68-3.96)a

2.64 (2.14-3.26)a

70-79

6.98 (6.57-7.41)a

3.85 (2.81-5.37)a

80-89

8.25 (6.68-10.17)a

1.35 (0.45-3.66)b

>90

9.19 (3.50-24.14)a

3.72 (0.34-47.06)b

0.88 (0.86-0.90)a

1.17 (1.02-1.33)c

Secondary school

0.68 (0.65-0.72)a

0.88 (0.73-1.06)b

University

0.53 (0.51-0.56)a

0.77 (0.64-0.93)c

Respiratory disease

7.20 (6.98-7.43)a

8.25 (7.21-9.44)a

Cardiovascular disease

5.67 (5.43-5.94)a

4.92 (3.69-6.55)a

Renal disease

5.83 (4.62-7.37)a

3.99 (2.67-5.98)a

Diabetes

6.93 (6.56-7.33)a

6.17 (4.58-8.31)a

Cancer

6.79 (6.37-7.22)a

8.57 (5.73-12.81)a

Any major comorbidityd

9.70 (9.43 -9.97)a

—e

Other comorbidityf

1.96 (1.89-2.04)a

3.29 (2.81-3.86)a

Smoking

1.17 (1.05-1.31)c

1.28 (1.12-1.45)a

Self-reported health status (worse)

8.24 (7.49-9.05)a

2.85 (2.09-3.90)a

Self-reported mental status (worse)

1.44 (1.25-1.65)a

—g

High-risk professional or living with one

0.99 (0.96-1.02)b

—g

Living alone

1.26 (1.21-1.30)a

—g

No social support

1.62 (1.56-1.69)a

—g

Lower confidence in the National Health Survey

1.13 (1.10-1.16)a

—g

Age group (years; reference <50 years)

Gender: female
Education (reference: basic/no education)

Chronic disease

a

P<.001.

b

Not significant.

c

P<.05.

d

Any major comorbidity: respiratory, cardiovascular, renal diseases; diabetes; or cancer.

e

Cofactor not included in the model due to high VIF (>5) to avoid multicollinearity.

f

Other comorbidity includes other diseases collected in the community-based COVID-19 Barometer survey.

g

Cofactor excluded in the stepwise method (backward elimination with P>.05)

Discussion
Principal Findings
We found a significant association between chronic diseases
(ie, respiratory, cardiovascular, and renal diseases; diabetes;
and cancer) and COVID-19–related mortality and ICU
admission. This was stronger for respiratory, cardiovascular,
and renal diseases when analyzing only those COVID-19 cases
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requiring hospitalization. The overall self-reported prevalence
of these illnesses among the country’s population is 19.6%.
However, these illnesses affects almost half of those aged ≥65
years (44.6%), a population vulnerable to COVID-19, namely
because of age-related frailty and immune system decline
(Multimedia Appendix 1) [23]. We also found that among this
high-risk group, approximately two-thirds (67.7%) are
self-aware of risks; this drops to about half for individuals above
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65 years without any relevant chronic condition (46.4%). In
fact, morbidity seems to be the strongest determinant of risk
perception given the results of the multivariable regression.
Furthermore, the inclusion of self-reported health status in the
model did not affect these results, which suggests that this
perception of risk is not so much altered by how the patient
actually feels, but rather by the knowledge of having a chronic
disease. This is corroborated with a low (and in some cases even
absent) association of morbidity with self-perceived risk of
infection (data not shown). The plausible risk of severe
COVID-19 disease, and not so much the risk of infection posed
by several chronic diseases, particularly among the elderly, was
abundantly communicated by the media, medical societies,
public health institutes, health authorities, and patient
organizations. Therefore, it is not surprising that older patients
with one of the analyzed illnesses were particularly concerned
about the risk of developing severe outcomes following
COVID-19, despite how active or controlled the disease is, or
how well one feels.
Our study also found that other factors may contribute to
self-perception of higher risk. Old age seems to be associated
with an increased perception of risk, which is in line with other
studies. For instance, a survey in the United States has shown
that older adults perceive larger risks of dying if infected with
COVID-19 [24]. Female gender also seems to be associated
with a higher self-perception of risk. This finding aligns with
other evidence showing that women tend to be more aware of
their health status and seek health care more proactively than
men [25-27]. Interestingly, the COVID-19 database analysis
demonstrated that women were less likely to die or require the
ICU in case of infection than men (despite more cases of
infection among women, which is likely due to the prevalence
of older women in the Portuguese population [28]). This is in
line with findings reported elsewhere [29,30], and may be
explained by other risk factors unequally distributed across the
genders that have not been taken into consideration in this
analysis. This finding is consistent with results from past
surveys, which found an association between female gender
and adoption of preventive behaviors during a pandemic
respiratory disease [31-35]. Recently, two surveys performed
in the United States showed that women are more
knowledgeable about COVID-19 and engage in COVID-19
preventive behaviors more than men [17,36].
Higher education was associated with greater concern regarding
the risk of severe COVID-19 disease. This supports other
surveys and available data, which consistently show that
education is linked with health literacy, awareness, and
preventive behaviors [37,38]. On the other hand, the literature
shows that lower education is associated with a greater risk of
morbidity [39,40]. We thus foresee opportunities for patient
education on COVID-19 targeting disadvantaged communities
with a lower level of education, aggravated by lower income
and reduced access to care, thereby mitigating the health
inequities that are reportedly emphasized by COVID-19 [41].
It is worth noting that smokers were more likely to self-perceive
high risk as well. Smokers are more susceptible to coronavirus
complications, and this was thoroughly communicated in the
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media, thereby prompting a higher degree of concern in this
group [42].
Several reports in the literature have documented the increased
risks associated with comorbidities in patients infected with
SARS-CoV-2–related viruses, such as the avian influenza
[43-45], SARS-CoV (severe acute respiratory syndrome
coronavirus) [46,47], and MERS-CoV (Middle East respiratory
syndrome coronavirus) [48,49]. The most common health
conditions with poorer prognosis included respiratory diseases
[15,16], cardiac diseases [15,16], renal diseases [16], diabetes
[18], hypertension [16], and cancer [15]. Initial reports from
China suggested that these comorbidities could also play a
negative role in the prognosis of COVID-19 infection [6,48,50],
prompting health authorities and public health institutes, such
as the Centers for Disease Control and Prevention, to act and
declare these comorbidities as relevant risk factors [22].
However, some contradictory data were released that discussed
alternative methodological approaches, including adjustments
for potential confounders like age and gender. For instance,
Wang and colleagues [51] conducted a meta-analysis, which
highlighted hypertension, diabetes, chronic obstructive
pulmonary disease (COPD), cardiovascular disease, and
cerebrovascular disease as major risk factors for COVID-19,
while ruling out cancer and renal disease. Other authors have
claimed that cancer and renal disease are risk factors as well
[52-54]. This inconsistency in the literature necessitates
additional research on the relationship between morbidity and
COVID-19 outcomes, as recently highlighted in a call for
COVID-19 research [9].
Our data clearly show an independent association between
respiratory, cardiovascular, and renal diseases and worse
COVID-19 outcomes. Chronic diseases share several standard
features with infectious disorders, such as the proinflammatory
state, and the attenuation of the innate immune response, which
may make individuals more susceptible to disease complications
[55]. This is particularly true for cardiovascular diseases and
an extensive discussion of this relationship with COVID-19 has
been described elsewhere [56]. On the other hand, renal disease
dysfunction causes reduced lymphocyte numbers and function,
creating immunodeficiency and predisposing the individual to
severe infections [57]. When it comes to underlying respiratory
diseases, such as COPD, the patient’s lung function is damaged
and thus less resistant to viral infection and more disposed to
develop serious disease [58]. This link has been presented
elsewhere [27,48,59-61].
Our findings are very strong concerning diabetes and cancer
since the multivariable model, which specifically focused on
those hospitalized (less influenced by Berkson’s bias, as
discussed below), provided nonsignificant results for these
pathologies. This is supported by some previous results [20],
but not by others [24]. We cannot rule out that a lack of
statistical power may have undermined our results.

Limitations and Strengths
There are some limitations to this study. First, the analysis is
based on self-reported data, which might be subject to recall
and misclassification biases (eg, chronic diseases were not
clinically confirmed in the Barometer survey; differences in the
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case definitions across the databases used). Furthermore, it is
possible that underreporting might have taken place among
those who consult less and/or are less aware of their own chronic
condition (eg, groups with limited education who lack health
literacy and awareness). Secondly, the COVID-19 database is
prone to Berkson’s bias [62], given that any patient infected
with COVID-19 and diagnosed with a chronic disease is more
likely to be hospitalized than an infected case without a chronic
disease, which might lead to spurious associations between the
risk factors under study and serious COVID-19 outcomes.
Furthermore, guidelines were issued recommending
hospitalization of COVID-19 cases when some comorbidities
were present, thereby worsening Berkson’s bias [63]. This
highlights the importance of analyzing the subgroup of
hospitalizations that was done in this study. Thirdly, disease
severity and staging were not taken into consideration, given
that there was no such information in the data sets. Lastly, the
Barometer survey was subjected to the volunteer bias (eg, more
engaged and informed citizens completed the survey), thereby
compromising the external validity of the analysis, and to social
desirability bias. Although this sort of bias has been found to
be lower in anonymous online surveys than in telephone or
in-person surveys [64], we cannot rule out the possibility that
some respondents reported more risk awareness than others due,
in part, to social desirability [65]. We applied direct age and
sex standardization to improve the external validity of these
results.
This study has several strengths as well. It uses individual
observations from two nationwide databases, including the
official database with all COVID-19 cases in Portugal and a
nationwide population-based survey that reached over 170,000
people, which, to our knowledge, makes it the world’s largest

Laires et al
community-based survey performed in the context of COVID-19
so far.

Policy Implications
Our results encourage authorities to protect those citizens at the
highest risk to develop severe COVID-19 disease, as well as to
promote knowledge and health literacy among those who,
despite their increased risk, are not fully aware of it. In
particular, older and uneducated men, a group with insufficient
awareness, should be targeted by health policies to fight the
pandemic threat effectively. Such policies should customize
communication and foster preventive behaviors. Risk perception
of pandemics can predict compliance with preventive measures
and tendency to seek treatment or vaccination [66]. So far, social
distancing and responsible behaviors have proven successful
in preventing the spread of the disease, as well as its serious
consequences [67]. Knowing how risk is perceived is essential
for preparing an effective plan for risk communication, and may
be predictive of the public’s response [66,68]. As already
mentioned, available literature shows that people with increased
perception of risk are more likely to engage in protective
behaviors [13,15-17].

Conclusions
Our study results demonstrate the association between some
prevalent chronic diseases and increased risk of worse
COVID-19 outcomes. It also provides further understanding on
people’s risk perceptions of serious COVID-19 disease. Hence,
this study may aid health authorities to better adapt measures
to the needs of the population and to identify those who are
more vulnerable and require further education and information
on preventive measures.
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Abstract
Background: Real-time polymerase chain reaction using nasopharyngeal swabs is currently the most widely used diagnostic
test for SARS-CoV-2 detection. However, false negatives and the sensitivity of this mode of testing have posed challenges in the
accurate estimation of the prevalence of SARS-CoV-2 infection rates.
Objective: The purpose of this study was to evaluate whether technical and, therefore, correctable errors were being made with
regard to nasopharyngeal swab procedures.
Methods: We searched a web-based video database (YouTube) for videos demonstrating SARS-CoV-2 nasopharyngeal swab
tests, posted from January 1 to May 15, 2020. Videos were rated by 3 blinded rhinologists for accuracy of swab angle and depth.
The overall score for swab angle and swab depth for each nasopharyngeal swab demonstration video was determined based on
the majority score with agreement between at least 2 of the 3 reviewers. We then comparatively evaluated video data collected
from YouTube videos demonstrating the correct nasopharyngeal swab technique with data from videos demonstrating an incorrect
nasopharyngeal swab technique. Multiple linear regression analysis with statistical significance set at P=.05 was performed to
determine video data variables associated with the correct nasopharyngeal swab technique.
Results: In all, 126 videos met the study inclusion and exclusion criteria. Of these, 52.3% (66/126) of all videos demonstrated
the correct swab angle, and 46% (58/126) of the videos demonstrated an appropriate swab depth. Moreover, 45.2% (57/126) of
the videos demonstrated both correct nasopharyngeal swab angle and appropriate depth, whereas 46.8% (59/126) of the videos
demonstrated both incorrect nasopharyngeal swab angle and inappropriate depth. Videos with correct nasopharyngeal swab
technique were associated with the swab operators identifying themselves as a medical professional or as an Ear, Nose,
Throat–related medical professional. We also found an association between correct nasopharyngeal swab techniques and recency
of video publication date (relative to May 15, 2020).
Conclusions: Our findings show that over half of the videos documenting the nasopharyngeal swab test showed an incorrect
technique, which could elevate false-negative test rates. Therefore, greater attention needs to be provided toward educating
frontline health care workers who routinely perform nasopharyngeal swab procedures.
(JMIR Public Health Surveill 2021;7(1):e24220) doi:10.2196/24220
KEYWORDS
COVID-19; coronavirus; SARS-coV-2; nasopharyngeal swab; viral testing; PCR; YouTube; infodemiology; digital epidemiology;
testing; diagnostic; content analysis; video; error
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Introduction
Qualitative real-time polymerase chain reaction (RT-PCR) of
nasopharyngeal secretions is the gold standard for testing
respiratory viruses, including SARS-CoV-2 [1]. However, major
concerns have been raised regarding false-negative rates of
RT-PCR tests in community testing locations [2]. An early
retrospective review of community hospital testing performed
in China reported a test sensitivity of only 71% [3]. Although
the false-negative results could be attributed to various reasons,
including laboratory errors, patient misidentification, and
inadequate collection of specimens, improper technique resulting
in the swabs not reaching the target site of the nasopharynx is
a potentially pervasive but modifiable error.
The trajectory from the nostril to the nasopharynx is often
presumed to be along the dorsum of the nose, likely because of
the visual appearance of the external nose. In reality, the correct
trajectory is along the floor of the nose in the direction back
toward the ear. Deviating from this trajectory can lead to pain
from contacting a deviated septum or nasal turbinate or failure
to reach the nasopharynx. Although the Center for Disease
Control and Prevention has provided guidance regarding the
proper nasopharyngeal swab (NPS) technique, vivid descriptions
of painful patient experiences are currently commonplace in
the media [4].
Although many health centers around the world are likely
providing proper training to frontline health care workers, there
is concern that improper NPS techniques for specimen collection
may lead to false-negative results in RT-PCR tests [5]. This is
a significant concern, as false-negative test results underestimate
the prevalence of COVID-19 and give a false sense of security
to patients as well as the health care workers caring for them
[6]. Moreover, the use of improper NPS techniques limits public
health efforts in identifying and contact tracing the spread of
the virus. Thus, with the widely established use of NPS as a
large-scale screening tool for COVID-19 and other respiratory
viral diseases, ensuring a proper collection technique is used is
essential in yielding sensitive test results [7],
Accordingly, the purpose of this study was to determine how
the NPS technique for SARS-CoV-2 is instructed or
demonstrated and how the NPS test is administered in real life
by reviewing videos hosted on the web-based video-sharing
platform YouTube (Google, LLC) [8].

Methods
Sample Size Determination
The sample size calculation was performed using the Kelsey
methodology for cross-sectional study with a power of 80%
and 2-sided confidence level of 0.05%; the exposure ratio was
estimated to be 1:1 and odds ratio was estimated to be 3. The
total estimated sample size was 64.

YouTube Database Search
YouTube is a widely used social media database of videos
uploaded by the general public. Due to the broad accessibility
of this database, there was no requirement for research approval
http://publichealth.jmir.org/2021/1/e24220/
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by the Institutional Review Board–Human Subjects. The terms
“nasopharyngeal swab,” “nasopharyngeal test,” “nasal swab,”
“coronavirus swab,” “coronavirus test,”“covid swab,” and
“covid test” were used to query the YouTube video database
[8]. The query was filtered by setting the “sort by” filter to “by
upload date” to compile all videos published from January 1,
2020, to May 15, 2020. Inclusion and exclusion criteria were
defined to screen all search results. The inclusion criterion was
that the NPS test is performed on screen with visualization of
swab insertion into either naris. The exclusion criteria were
duplicate videos, non–COVID-19 swab indication, and swab
testing intended for anatomical regions other than the
nasopharynx (eg, anterior nasal swabbing).

Video Evaluation and Data Collection
Three faculty rhinologists individually reviewed the selected
NPS demonstration videos for swab angle and swab depth. Swab
angle was assessed as either “along the nasal floor” or “not
along the nasal floor.” Swab depth was assessed as either
“appropriate depth” or “inappropriate depth.” All reviewers
were blinded to each other’s assessments. The following
ancillary video data were collected: video author type
(“medical,” including physician, registered nurse, physician’s
assistant, or nurse practitioner, vs “nonmedical”), operator type
(“medical” vs “nonmedical”), type of video (“instructional vs
“noninstructional”), specialty (“otolaryngology” vs “other”),
country of origin (“United States [USA]” vs “other”), number
of likes, number of author subscribers, time in nasal cavity, time
at nasopharynx, and video post date relative to May 15, 2020.

Statistical Analysis
Interrater reliability among the 3 reviewers was assessed using
Fleiss’ Kappa. The overall score for swab angle and swab depth
for each NPS demonstration video was determined based on
the majority score with agreement between at least 2 of the 3
reviewers. Video data were also compared between YouTube
videos demonstrating the correct NPS technique and those
demonstrating an incorrect NPS technique. Multiple linear
regression analysis was performed to determine predictive
variables among video data for videos demonstrating the correct
NPS technique. Statistical significance was set at P=.05. All
statistical analyses were performed on Microsoft Excel
(Microsoft Corp.).

Results
The final qualitative analysis included 126 independent, unique
videos. The video selection process, including screening for
inclusion and exclusion criteria, is summarized in Figure 1.
The κ value indicating interrater reliability for the 3 reviewers
was 0.66 for swab angle (P<.001; 95% CI=0.56-0.76) and 0.68
for swab depth (P<.001; 95% CI=0.58-0.78). For the assessment
of swab angle, there was complete agreement among all
reviewers, with all 3 scores consistent for 74.6% (94/126) of
all videos. For the assessment of swab depth, there was complete
agreement among all 3 reviewers for 76.1% (96/126) of all
videos.
Moreover, we found that 52.3% (66/126) of all NPS
demonstration videos had the correct angle, and 46% (58/126)
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24220 | p.174
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showed appropriate depth (Figure 2). In addition, 45.2%
(57/126) of all videos had both correct NPS angle and
appropriate depth, whereas 46.8% (59/126) of the videos had
both incorrect NPS angle and inappropriate depth. We observed
concordance between the swab angle and depth (ie, correct swab
angle with appropriate swab depth or incorrect swab angle with
inappropriate swab depth) in 92% (116/126) of the videos. The
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agreement between these measures was nearly equivalent with
regard to both measures being correct compared with both
measures being incorrect. In the remaining approximately 8%
(10/126) of the videos, 8 videos demonstrated correct swab
angle but inappropriate swab depth, and the remaining 2 videos
demonstrated incorrect swab angle but appropriate swab depth.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-analyses) flow diagram.

Figure 2. Percentage of YouTube videos demonstrating correct or incorrect nasopharyngeal swab angle and/or appropriate or inappropriate nasopharyngeal
swab depth. NPS: nasopharyngeal swab.

Table 1 compares the video data between videos demonstrating
NPS with correct technique (both correct swab angle and
http://publichealth.jmir.org/2021/1/e24220/
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appropriate swab depth) and those demonstrating NPS with
incorrect technique (incorrect swab angle and/or inappropriate
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swab depth). We found that approximately half of the videos
with the correct NPS technique were from a medical video
author, instructional in nature, and/or of US origin. Videos
demonstrating the correct NPS technique also were posted onto
YouTube closer to May 15, 2020, compared to those
demonstrating an incorrect technique. ENT-related providers
were only found in videos demonstrating the correct NPS

Itamura et al
technique. Video viewership metrics, including number of
views, likes, and author subscriber count, varied widely between
videos demonstrating correct and incorrect NPS techniques.
For correctly performed NPS techniques, the median time at
the nasopharynx was 4 seconds. By definition, no time was
spent at the nasopharynx in incorrectly performed NPS
techniques, with regard to both incorrect depth and/or angle.

Table 1. Comparison of video data of YouTube videos demonstrating correct nasopharyngeal swab technique with those demonstrating incorrect
nasopharyngeal swab technique
Data type

Correct NPSa technique (n=57)

Incorrect NPS technique (n=69)

Video author type, n (%)
Medical (academic/nonacademic physician, nonphysician health care 29 (51)
worker, medical group/entity)

27 (39)

Nonmedical (media, layperson)

28 (49)

42 (61)

Medical (explicit identification as MD, physician’s assistant, nurse
practitioner, registered nurse)

55 (96)

59 (86)

Unidentified

2 (4)

10 (14)

Instructional (for teaching purposes, demonstrational)

32 (56)

33 (48)

Real-world test

25 (44)

36 (52)

ENT (ear, nose, throat)

9 (16)

0 (0)

Non-ENT (emergency medicine, primary care, unidentified)

48 (84)

69 (100)

Drive-through

15 (26)

26 (38)

Non drive-through (clinic, urgent/emergency care, walk-in testing
site)

42 (74)

43 (62)

USA

29 (51)

41 (60)

Rest of the world

28 (49)

28 (40)

Swab operator type, n (%)

Video type, n (%)

Swab operator specialty, n (%)

Swab collection location, n (%)

Video country of origin, n (%)

a

Time for which the swab was inserted in the nose (seconds), median (IQR) 11 (7, 16)

8 (6, 13)

Number of views, median (IQR)

111.5 (883, 3502)

863 (185, 36618)

Number of likes, median (IQR)

11 (0, 38.5)

9 (1.5, 106)

Percentage of likes over total views, median (IQR)

0.6 (0, 1.7)

0.5 (0.2, 1.3)

Number of channel subscribers, median (IQR)

309 (19.5, 2285)

1690 (24.5, 20,700)

Video post date (number of days before May 15, 2020), median (IQR)

22 (7, 38)

32 (16, 42)

Time at nasopharynx (seconds), median (IQR)

4 (1.5, 7)

N/Ab

NPS: nasopharyngeal swab.

b

N/A: not applicable.

Multiple linear regression analysis was performed on video data
for videos demonstrating the correct NPS technique as the
reference dependent variable (Table 2). The correct NPS
technique was associated with the NPS operator identifying as
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a medical professional and, additionally, as a provider within
the ENT specialty. There was also a significant association
between correct NPS technique and recency of video post date
relative to May 15, 2020.
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Table 2. Multiple linear regression analysis of video data (reference dependent variable: correct nasopharyngeal technique). Italicized values indicate
statistical significance.
Data type

Standardized β coefficient

95% confidence interval

P value

Author type (ref: medical)

−.079

−0.34 to 0.19

.55

Swab operator (ref: medical)

.23

0.040-0.41

.018

Video type (ref: instructional)

.046

−0.24 to 0.34

.75

Specialty (ref: ENT)

.28

0.11-0.46

.002

Testing location (ref: drive-through)

−.094

−0.30 to 0.11

.37

Country (ref: USA)

−.032

−0.22 to 0.15

.74

Longer time in nose

−.0074

−0.26 to 0.11

.42

Number of video views

.026

−0.58 to 0.63

.93

Number of video likes

−.072

−0.68 to 0.53

.82

Ratio of likes over views

.024

−0.15 to 0.20

.80

Number of video channel subscribers

.16

−0.011 to 0.33

.07

Video post date (Number of days before May 15, 2020)

.27

0.076-0.46

.007

Discussion
Principal Findings
This study demonstrates that almost half (46.8%) of all NPS
demonstration videos reviewed showed incorrect swab angle
and inappropriate depth, as judged by 3 rhinologists. The
noninstructional videos provide a broad vantage point of how
testing is actually performed in the real world, so it is alarming
to find that the proper technique may be so infrequently used.
Moreover, 51% of all instructional videos demonstrated an
improper technique. Although it is unknown how many of these
instructional videos are actually being used by viewers for the
purposes of learning the NPS technique, it still highlights the
fact that those claiming to be experts, whether local, national
or otherwise, may not have a complete understanding of the
NPS technique. Furthermore, there were no statistically
significant differences between the viewership of videos
demonstrating the correct technique and those demonstrating
incorrect NPS techniques. This finding is consistent with
previously published work, especially in the early months of
the COVID-19 pandemic showing the pervasiveness of
uncredentialed, low-quality media publicly available on the
internet [9]. These results are not totally unexpected given the
lack of sinonasal anatomic knowledge most NPS operators have
and the inherent difficulty of navigating the septum and
turbinates to reach the nasopharynx. It is noteworthy that all
videos of otolaryngologists performing or instructing the NPS
were done correctly. These findings emphasize the onus of the
otolaryngology field to educate our colleagues on sinonasal
anatomy and proper NPS technique during the ongoing
COVID-19 pandemic.
Although lower respiratory samples such as bronchoalveolar
lavage and sputum samples have higher viral loads in patients
with SARS-CoV-2, NPS testing is considered the best alternative
over other minimally invasive specimen collection options such
as oropharyngeal swabs, blood samples, or stool samples [1].
NPS is widely used to test for other respiratory viral infections
http://publichealth.jmir.org/2021/1/e24220/
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and has supplanted nasopharyngeal aspirates for its accuracy
and convenience in this setting [10]. However, poor techniques
used for the NPS method may convert this test into a simple
nasal swab. The NPS test is inherently uncomfortable for the
patient even with good technique, and patients or the NPS
operator may retract prematurely before the swab reaches the
correct location and saturates with mucus. There has been
limited attention paid towards the impact proper technique has
on the accuracy of results in NPS testing even with regard to
influenza or other respiratory viral testing.
Although a comparison of viral loads between the nasal cavity
and the nasopharynx has not been reported for SARS-CoV-2,
significant differences in viral loads have been demonstrated
for other viruses; nevertheless, this is not direct evidence that
NPS technique may affect testing accuracy [11,12]. However,
NPS sampling technique has been shown to potentially affect
false-negative rates in SARS-CoV-2 in a single study [13]. Ma
et al [14] demonstrated significantly improved test accuracy
and patient comfort when patients were tested in a supine
position compared to in a sitting position. Of note, an increasing
number of tests are performed via drive-through testing to
provide convenience, increase throughput, and adhere to social
distancing recommendations [14]. Despite the rapid adoption
of this modality, there has not been substantial review of its
effect on testing accuracy, and patient and operator positioning
may not be optimized for proper NPS technique.
Because of these multiple unknowns in the current SARS-CoV-2
testing climate, we feel that specimen collection technique is
at least one aspect that could be easily remedied. Three points
need to be emphasized to frontline health care workers
performing the NPS technique: trajectory angle, depth, and
patient expectations. The swab should be angled to follow the
floor of the nose, and the depth required to reach the
nasopharynx, approximately 9-10 cm in adults, is often
surprising to non-otolaryngologists [7]. In many cases, this
means that almost the entire length of the swab is inserted into
the nasal cavity with only a small portion left to hold outside
the nose. Finally, both the patient and the operator should set
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24220 | p.177
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proper expectations for the procedure: the NPS is uncomfortable
but should not cause sharp or severe pain. Such discomfort
should indicate to the operator that anatomic obstruction such
as a deviated septum is occluding the pathway, and a modified
trajectory or contralateral approach should then be attempted.

Study Limitations
This study has some limitations, including the lack of consistent
video angle and quality. The types of videos ranged from
professionally produced instructional videos to “selfies” posted
by patients themselves. Although this inconsistency could
potentially introduce difficulty in the judging NPS technique
being demonstrated, we excluded videos that were clearly
difficult to be analyzed. Nevertheless, although a moderate level
of interrater agreement was demonstrated by Fleiss’ Kappa
analysis, the remaining discordance may be attributable to the
large variety in video quality. We believe that the inclusion of
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a wide array of video types would allow for a more complete
view of real-life NPS testing across the globe. Additionally,
there was no way to correlate proper or improper NPS technique
with false-positive or false-negative testing rates. Finally,
reproducibility of the results may be limited due to the
involvement of only 3 reviewers, although all of them were
board-certified otolaryngologists with fellowship training in
rhinology.

Conclusions
The majority of NPS demonstration videos evaluated in this
study used an improper technique. This technical deficiency
may affect false-negative rates for SARS-CoV-2 testing.
Therefore, based on these findings, we suggest that
otolaryngologists should work to educate their medical
colleagues and frontline health care workers who perform NPS
techniques about relevant anatomy and technical considerations.
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Abstract
Background: Nowcasting approaches enhance the utility of reportable disease data for trend monitoring by correcting for
delays, but implementation details affect accuracy.
Objective: To support real-time COVID-19 situational awareness, the New York City Department of Health and Mental Hygiene
used nowcasting to account for testing and reporting delays. We conducted an evaluation to determine which implementation
details would yield the most accurate estimated case counts.
Methods: A time-correlated Bayesian approach called Nowcasting by Bayesian Smoothing (NobBS) was applied in real time
to line lists of reportable disease surveillance data, accounting for the delay from diagnosis to reporting and the shape of the
epidemic curve. We retrospectively evaluated nowcasting performance for confirmed case counts among residents diagnosed
during the period from March to May 2020, a period when the median reporting delay was 2 days.
Results: Nowcasts with a 2-week moving window and a negative binomial distribution had lower mean absolute error, lower
relative root mean square error, and higher 95% prediction interval coverage than nowcasts conducted with a 3-week moving
window or with a Poisson distribution. Nowcasts conducted toward the end of the week outperformed nowcasts performed earlier
in the week, given fewer patients diagnosed on weekends and lack of day-of-week adjustments. When estimating case counts for
weekdays only, metrics were similar across days when the nowcasts were conducted, with Mondays having the lowest mean
absolute error of 183 cases in the context of an average daily weekday case count of 2914.
Conclusions: Nowcasting using NobBS can effectively support COVID-19 trend monitoring. Accounting for overdispersion,
shortening the moving window, and suppressing diagnoses on weekends—when fewer patients submitted specimens for
testing—improved the accuracy of estimated case counts. Nowcasting ensured that recent decreases in observed case counts were
not overinterpreted as true declines and supported officials in anticipating the magnitude and timing of hospitalizations and deaths
and allocating resources geographically.
(JMIR Public Health Surveill 2021;7(1):e25538) doi:10.2196/25538
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Introduction

Methods

Timeliness is a key attribute of surveillance systems for
reportable infectious diseases [1,2]. Timely surveillance data
for COVID-19 are used by governments and communities to
allocate resources and to decide when to tighten or loosen
physical distancing and other prevention measures [3,4].
However, public health authorities track reportable diseases at
a lag, given delays from infection to symptom onset, care
seeking, specimen collection, laboratory testing, and reporting
[5]. Monitoring prediagnostic data sources (eg, emergency
department syndromic surveillance [6], internet searches and
social media [7], participatory surveillance of self-reported
symptoms [8], smart thermometers [9], etc) can improve
timeliness at the expense of specificity, such as an inability to
distinguish increases in respiratory illness attributable to
influenza from COVID-19. Another approach that preserves
specificity when monitoring COVID-19 disease trends is to
leverage partially reported disease data, formally accounting
for data lags.

Reportable Disease Surveillance Data

The terms nowcasting, or predicting the present, and
hindcasting, or predicting through the day prior to the present,
describe a wide range of statistical adjustments used to fill in
cases that are not yet reported, offering health officials a more
up-to-date picture for situational awareness [10]. For example,
researchers have assessed the potential to nowcast COVID-19
cases and deaths using Google Trends data available in near-real
time [11], and have applied a range of modeling approaches
that leverage reporting delays to estimate the number of
not-yet-reported cases and deaths [12,13]. Using mathematical
models to exploit COVID-19 transmission dynamics, nowcasting
also has been extended to COVID-19 forecasting systems
[14,15]. In a majority of these approaches, the nowcasting
mechanism relies on accurately estimating the distribution of
reporting delays; however, infectious disease transmission
contains an important temporal component, in that incidence is
correlated from one time point to the next, which has also been
shown to improve nowcasting performance, including in
COVID-19 applications [10,16].
We describe the use and evaluation of a time-correlated
Bayesian nowcasting approach at the New York City (NYC)
Department of Health and Mental Hygiene (DOHMH) during
the first epidemic wave of COVID-19 to support real-time
situational awareness and resource allocation. During the period
from March to May 2020, approximately 203,000
laboratory-confirmed COVID-19 cases were reported to NYC
DOHMH, peaking during the week of March 29, with
approximately 5100 cases diagnosed per day [17]. Testing rates
increased during this period as testing criteria at public health
laboratories were relaxed, commercial and hospital laboratories
developed testing capacity, and additional testing sites were
opened and promoted [17].

http://publichealth.jmir.org/2021/1/e25538/

XSL• FO
RenderX

Persons Tested
Clinical and commercial laboratories are required to report all
results, including positive, negative, and indeterminate results,
for SARS-CoV-2 tests for New York State residents to the New
York State Electronic Clinical Laboratory Reporting System
(ECLRS) [18,19]. For NYC residents, ECLRS transmits reports
to NYC DOHMH. These laboratory reports include specimen
collection date and patient demographic information, including
residential address.
For nowcasting persons newly tested, NYC DOHMH
deduplicated laboratory reports, retaining the first report
received (ie, report date) in ECLRS per person of a
SARS-CoV-2 polymerase chain reaction (PCR) test. We retained
the first specimen collection date for that associated test report
date and the patient’s ZIP Code of residence at time of report.
ZIP Codes are collections of points constituting a mail delivery
route. The United States Census Bureau developed ZIP Code
Tabulation Areas (ZCTAs), which are aggregates of census
blocks, to provide an areal representation of ZIP Codes. NYC
DOHMH created a custom geography referred to as a modified
ZCTA (modZCTA) by merging ZCTAs with populations of
less than 3000 to an adjacent ZCTA with a larger population
and merging interior ZCTAs with smaller populations to the
surrounding ZCTA [20,21]. There are 177 modZCTAs within
NYC.

Confirmed Cases
At NYC DOHMH, electronic laboratory reports are
automatically standardized, and positive results indicating a
confirmed case (ie, detection of SARS-CoV-2 RNA in a clinical
specimen using a molecular amplification detection test) [22]
are transmitted to the NYC DOHMH’s communicable disease
surveillance database known as Maven (Conduent Public Health
Solutions). For confirmed cases, the diagnosis date was defined
as the specimen collection date of the first positive test. The
report date was defined as the date the case was created in the
disease surveillance database, which typically corresponded to
the date the first positive test was reported to ECLRS.
Hospitalization status was ascertained by routinely matching
patient identifiers for confirmed COVID-19 cases with
hospitalized patients in supplemental data systems, including
regional health information organizations, the New York State
Hospital Emergency Response Data System, and NYC public
hospitals [17]. For each hospitalized patient with a confirmed
COVID-19 diagnosis, the hospital name for the most recent
hospitalization in NYC was standardized to the name of a fully
operational medical center. Patients with hospital discharge
dates greater than 14 days prior to the collection date of their
first positive PCR result were not considered hospitalized for
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COVID-19. The date of hospitalization ascertainment was not
retained.

Real-Time Nowcasting
NYC DOHMH nowcasted three outcomes (ie, confirmed cases,
ever-hospitalized cases, and persons tested) among NYC
residents at weekly increments; outcomes were nowcasted in
real time through May 2020 on Mondays using reports received
through the prior day on Sunday. Starting on March 24, 2020,
nowcasts were conducted for all confirmed COVID-19 cases
and restricted to the subset of confirmed COVID-19 cases
among patients ever hospitalized. Starting on May 2, 2020, as
testing became more widely available [23], nowcasts were
conducted for persons newly tested by PCR for SARS-CoV-2.
Each outcome was nowcasted citywide and also stratified by
modZCTA of patient residence, to support targeting of
community-based resources. Hospitalized cases were also
nowcasted stratifying by health care facility, to support
allocating resources to hospitals.
To account for reporting delays and the shape of the
outcome-specific epidemic curve, we applied the R package
Nowcasting by Bayesian Smoothing (NobBS), version 0.1.0
[10,24] (The R Foundation), to data for specimens collected or
diagnoses during the 3 weeks prior to the nowcast through the
date prior to the nowcast. Briefly, this approach corrects for
underestimation of cases in real time caused by delays in
reporting, learning the historical distribution of delays and
relationship between cases in sequential time points to estimate
the number of cases not yet reported. In performing stratified
nowcasts, NobBS estimated the delay distribution citywide and
the epidemic curve uniquely by stratum. Reports visualizing
nowcast results were distributed weekly to DOHMH leadership
for situational awareness.
We assumed an underlying Poisson distribution for case
occurrence because this was the default setting in NobBS. The
3-week moving window was selected under the assumption that
this length would adequately balance recency with stability.
Although the optimal moving-window length was unknown in
real time, given competing priorities during a pandemic, busy
DOHMH officials would not have had adequate time to consider
multiple nowcast versions with different window lengths as
sensitivity analyses. The potential of the choice of
moving-window length to considerably change nowcast
estimates motivated a retrospective performance evaluation.

Retrospective Nowcasting Evaluation
For the outcome of confirmed COVID-19 cases, we
characterized the delay distribution between diagnosis and
report, overall during the study period and by month of report,
by median number of days, IQR, and 90th percentile. We
assessed the sensitivity of nowcasting results for patients
diagnosed citywide during the period from March 22 to May
31, 2020—excluding cases diagnosed from March 1 to 21, given
limited testing—to several choices: (1) day of week when the
nowcast was performed, given outpatients with milder illness
sought care and were diagnosed less frequently on weekends,
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when health care provider offices were typically closed or had
more limited hours; (2) window length, given time-varying
SARS-CoV-2 testing availability and uptake in NYC; and (3)
assumed underlying distribution (ie, Poisson or negative
binomial) for case occurrence. We generated Poisson regression
models for the daily count by diagnosis date, separately for the
entire study period and for every overlapping and
nonoverlapping 2- and 3-week period, with and without
weekends, used in the nowcasting evaluation. We checked the
dispersion ratio for these Poisson regression models; dispersion
ratios that were greater than 1 and statistically significant would
indicate overdispersion and support instead using a negative
binomial distribution. In addition, for nowcasting the number
of cases stratified by modZCTA, we compared results using (1)
the strata option in NobBS, which estimated the delay
distribution citywide and epidemic curve separately for each
modZCTA, versus estimating both the delay distribution and
epidemic curve separately for each modZCTA and (2) 10,000
versus 3000 adaptations when optimizing the nowcasting
algorithm [10].
Data for the evaluation were frozen as of June 30, 2020,
capturing reports received through 1 month after the end of the
assessment period. We mimicked prospective surveillance at
weekly intervals and daily temporal resolution, retaining the
number of estimated cases for each of the prior 7 days (ie,
1-7-day hindcasts). We used the mean absolute error and the
average daily relative root mean square error across all days
evaluated to compare the point estimate of the number of daily
hindcasted cases over the time series with the true number of
cases reported. For each of these metrics, lower numbers indicate
better performance of the hindcast. We also assessed the 95%
prediction interval coverage (ie, the proportion of days during
the study period when the 95% prediction interval included the
true number of cases) [10], which should ideally be 95%.
This work was reviewed and deemed as public health
surveillance that is nonresearch by the DOHMH Institutional
Review Board. Line-level data, as required for nowcasting using
NobBS, are not publicly available in accordance with patient
confidentiality and privacy laws.

Results
Among confirmed COVID-19 cases residing in NYC and
diagnosed during the period from March to May 2020, the
median delay between specimen collection and report was 2
days (IQR 1-4; 90th percentile 7). By month of report for
diagnoses during the period of March to May 2020, the median
number of days for this delay for reports received in March
2020 was 2 (IQR 1-4; 90th percentile 7), in April was also 2
(IQR 1-4; 90th percentile 7), in May was 2 (IQR 1-3; 90th
percentile 5), and in June, given the study period included cases
diagnosed through May, extended to 7 (IQR 4-19; 90th percentile
62). Hindcasts were performed weekly on Mondays in real time,
with results visualized for DOHMH leadership (eg, see Figure
1).
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Figure 1. Example hindcast visualization of epidemic curve of reported and estimated but not-yet-reported number of confirmed cases among New
York City residents diagnosed with COVID-19, from March 1 to April 30, 2020. Illustrative hindcast performed using cases reported through April 30,
2020 (ie, a Thursday), a 2-week moving window, and a negative binomial distribution.

However, the retrospective performance evaluation determined
that real-time hindcasts on Mondays using a 3-week window
and an assumed Poisson distribution more often overestimated
than underestimated the number of not-yet-reported cases and
resulted in overly narrow 95% prediction intervals (see Figure
2 and Figure S1 in Multimedia Appendix 1). Subsequent results

focus on two scenarios: the scenario that was used in real time
(ie, a 3-week moving window and Poisson distribution) and the
scenario that would have performed best had it been used in
real time (ie, a 2-week moving window and negative binomial
distribution).

Figure 2. Comparison of 7-day hindcasts conducted on Fridays with a 2-week window and negative binomial distribution, and 7-day hindcasts conducted
on Mondays with a 3-week window and Poisson distribution. Total cases reported as of June 30, 2020, are shown with a black line.

We found that citywide hindcasts with a 2-week moving window
and a negative binomial distribution had a 44% lower mean
absolute error, a 31% lower relative root mean square error, and
0.65 higher 95% prediction interval coverage than hindcasts
conducted with a 3-week moving window or with a Poisson
http://publichealth.jmir.org/2021/1/e25538/
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distribution (see Table 1 as well as Table S1 and Figures S1
and S2 in Multimedia Appendix 1). Poisson regression models
for daily count data for the entire study period and for each 2and 3-week period evaluated were overdispersed (median
dispersion ratio 97.5, all P<.05), which explains the better
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performance of the negative binomial distribution. While
dispersion ratios were lower for analyses restricted to weekdays

(median ratio of 32.5 vs 150 for all days), all were greater than
1, indicating overdispersion.

Table 1. Performance measures for hindcasting approaches applied to citywide case counts of New York City residents diagnosed with COVID-19,
from March 22 to May 31, 2020.
Approach and sensitivity analyses

All days

Weekdays only

Mean absolute
error

Relative root mean 95% predicsquare error
tion interval
coverage

Mean absolute Relative root mean 95% predicerror
square error
tion interval
coverage

All days

544

0.20

0.16

559

0.19

0.16

Hindcasting each Monday for the
previous Monday-Sunday

556

0.25

0.14

338

0.12

0.20

All days

306

0.14

0.81

258

0.10

0.84

Monday

336

0.20

0.86

183

0.07

0.82

Tuesday

335

0.16

0.83

233

0.08

0.84

Wednesday

307

0.14

0.81

275

0.11

0.87

Thursday

271

0.11

0.81

257

0.11

0.84

Friday

255

0.10

0.75

267

0.11

0.84

Saturday

260

0.11

0.73

267

0.11

0.80

Sunday

372

0.16

0.87

273

0.10

0.88

Base scenario used in near-real time by
NYC DOHMHa, using 3-week window
with Poisson distribution

Day-of-week hindcasting was performed
for previous 7-day period, using 2-week
window with negative binomial distribution

a

NYC DOHMH: New York City Department of Health and Mental Hygiene.

Hindcasts conducted toward the end of the week (ie, Thursday
to Saturday) performed better than hindcasts performed earlier
in the week, presumably as they had the furthest distance from
the weekends. Weekends had lower overall case counts than
weekdays (see Figure 1). Until mid-May, hindcasts more often
overestimated than underestimated true case counts, whereas
at the end of May hindcasts more often underestimated case
counts, reflecting changes in the delay distribution over time
(see Figure 2 and Figure S3 in Multimedia Appendix 1).
To minimize day-of-week effects that were most prominent on
weekends, we also restricted performance analysis to hindcasts
of cases on weekdays only, which resulted in better metrics, as
expected (see Table 1 and Table S1 in Multimedia Appendix
1). The hindcasts restricted to estimating case counts for
weekdays with a 2-week moving window and negative binomial
distribution also performed better than the hindcasts with a
3-week moving window and Poisson distribution, with 54%
lower mean absolute error, 46% lower relative root mean square
error, and 0.69 higher 95% prediction interval coverage (see
Table 1 and Table S1 in Multimedia Appendix 1). Performance
metrics were similar across days the hindcasts were conducted,
with Mondays having the lowest mean average error and relative
root mean square error, as expected given the 2 additional days
between the last day reported (ie, Friday) and the day the
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hindcast was conducted (ie, Monday). On weekdays during the
study period, the average daily case count after data lags
resolved was 2914, the average hindcasted case count with a
2-week window and negative binomial distribution conducted
on Mondays was 2878, and the mean absolute error was 183.
A combination of the window length and underlying distribution
influenced the performance of the mean absolute error and
relative root mean square error metrics, with larger differences
occurring between different windows with the same distribution
than between different distributions with the same window. On
the other hand, the distribution was the primary driver for
differences in the 95% prediction interval coverage (ie,
differences were larger between analyses with different
distributions than between analyses with the same distribution
and different windows).
For hindcasts at the modZCTA level, a 2-week moving window
and negative binomial distribution performed best across all
metrics evaluated (see Table 2 and Table S1 in Multimedia
Appendix 1), although the prediction interval coverage for the
nowcasts with a Poisson distribution was higher than for
citywide hindcasts. The hindcasts that assumed a citywide delay
distribution performed slightly better than hindcasts that
assumed different distributions by modZCTA. Metrics for 3000
versus 10,000 adaptations were essentially the same.
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Table 2. Performance measures for hindcasting approaches in Nowcasting by Bayesian Smoothing (NobBS), applied to case counts of New York City
residents diagnosed with COVID-19 from March 22 to May 31, 2020, stratified by modified ZIP Code Tabulation Area (modZCTA) of residence.
Approach and sensitivity analyses

All days

Weekdays only

Mean absolute Relative root
error
mean square
error

95% prediction interval
coverage

Mean absolute Relative root
error
mean square
error

95% prediction interval
coverage

3-week Poisson (10,000 adaptations)

3.82

0.37

0.84

2.75

0.18

0.84

3-week Poisson (3000 adaptations)

3.83

0.37

0.84

2.76

0.18

0.84

2-week negative binomial (10,000 adaptations)

2.92

0.33

0.93

2.09

0.15

0.93

2-week negative binomial (3000 adaptations) 2.93

0.34

0.93

2.08

0.15

0.93

2.62

0.22

0.94

2.98

0.25

0.95

3.55

0.36

0.94

2.57

0.21

0.95

Base scenario used in near-real time by NYC
DOHMHa,b

Conducting hindcasts on Fridays

c

2-week negative binomial
Estimate delay distribution separately by
modZCTAd
2-week negative binomial
a

NYC DOHMH: New York City Department of Health and Mental Hygiene.

b

The approach used the strata option in NobBS, which estimated the delay distribution citywide and epidemic curve separately for each modZCTA,
conducted on Mondays
c

The approach used the strata option in NobBS, which estimated the delay distribution citywide and epidemic curve separately for each modZCTA,
conducted on Fridays.
d

The approach involved estimating both the delay distribution and epidemic curve separately for each modZCTA conducted on Mondays.

Discussion
Principal Findings
NYC DOHMH improved situational awareness of COVID-19
testing and cases during the first epidemic wave in near-real
time by applying NobBS, a readily accessible nowcasting and
hindcasting method. As a result of the retrospective performance
evaluation, to improve nowcast accuracy prospectively effective
August 2020, we implemented the following changes to the
nowcasting approach: (1) we used a negative binomial case
distribution instead of a Poisson; (2) we linked the determination
of the moving-window length (ie, 2 or 3 weeks) to the 90th
percentile of the lag between specimen collection and report
for reports received in the most recent week, choosing 3 weeks
if the 90th percentile of the lag distribution is more than 14 days;
and (3) we suppressed nowcasting results for specimens
collected on weekends, given lack of adjustment for day-of-week
effects. The evaluation supported the results of nowcasting
conducted on any weekday.
Despite a mature electronic laboratory reporting system and
strong informatics infrastructure and data cleaning procedures
at NYC DOHMH, input data available for nowcasting had
several limitations. First, for records with long lags between
specimen collection and report, as long as the specimen was
reported to have been collected during the pandemic period, it
was not possible to distinguish long lags attributable to true
delays in testing or reporting—and, thus, informative to the
delay distribution—from long lags attributable to laboratory
data entry errors in specimen collection dates. Second,
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nowcasting by patient modZCTA of residence relied on accurate
laboratory reporting of patient address. For example, 1 week of
real-time nowcasting results were biased when, for a batch of
reports, one commercial laboratory misreported its own address
as the residential address of all patients tested. Third, patient
hospitalization status was largely ascertained by matching
administrative records. To allow time for record matching,
hospitalization nowcasts were conducted at a 3-day lag, limiting
the real-time availability of results. Furthermore, records from
certain facilities were unavailable in near-real time, so nowcasts
of hospitalizations by patient residence and by facility were
subject to spatial bias, although still considered by DOHMH
leadership to be useful for situational awareness.
This version of NobBS (ie, version 0.1.0) also had several
limitations when applied for nowcasting COVID-19 in NYC.
First, there was no built-in functionality in NobBS to account
for observable factors influencing data lags, including
day-of-week and holiday effects in outpatient testing, and
time-varying testing backlogs at specific laboratories
differentially processing specimens for residents across
neighborhoods. A recent COVID-19 nowcasting study in
Bavaria, which adapted certain modeling elements from NobBS,
found that modeling a weekday effect improved nowcast
performance [16]. Given the substantial differences in diagnoses
on weekdays compared with weekends, similar adjustments
would likely benefit NYC nowcasts but were unavailable in
NobBS. Similarly, there was no functionality to account for
temporal trends in testing (eg, the time-varying ratio of number
of tests performed to number of cases detected). Third, while
95% prediction intervals reflected uncertainty in the nowcasts
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themselves—encompassing uncertainty in the estimation of the
delay distribution as well as in the time evolution of the
epidemic curve—they did not reflect uncertainty introduced by
the user-specified window length. Fourth, in generating
geographically stratified nowcasts, the strata option in NobBS
estimated the delay distribution citywide and epidemic curve
separately for each modZCTA or health care facility stratum.
For a highly transmissible infectious disease, nowcasting
performance might be improved by considering spatial
relationships across geographic strata, including spatial
autocorrelation. Finally, although government officials have
demonstrated interest in publicizing test percent positivity by
report date [25,26], which can be biased by data lags, NobBS
did not have functionality to nowcast percentages as an outcome.
NobBS could be used to separately nowcast persons testing
positive and negative and then to calculate test percent positivity,
but there is no functionality to appropriately account for the
separate uncertainties in the numerator and denominator of this
percentage.

Practice Implications
When tracking ongoing outbreaks using epidemic curves, public
health officials recognize that data for recent days are incomplete
because of reporting delays. Data lags can make it difficult for
policy makers to discern in near-real time whether apparent
decreases in recent case counts are the result of public health
interventions, such as social distancing guidelines.

Greene et al
NYC DOHMH filled in COVID-19 epidemic curves using
NobBS, which helped ensure that recent decreases in observed
case counts were not overinterpreted as true declines in disease
and supported the continuation of policies to reduce
transmission. Nowcasted citywide case counts supported
situational awareness and assisted DOHMH leadership in
anticipating the magnitude and timing of hospitalizations and
deaths. Nowcasting hospitalizations by health care facility was
useful in helping to route patient transports and avoid
overburdening facilities.
As the COVID-19 pandemic continues, state and local health
departments should incorporate nowcasting into their workflows.
This performance evaluation led to analytic improvements in
place for the second wave of COVID-19 in NYC, including the
use of a more suitable underlying distribution for case
occurrence, a dynamic window length to account for periods
with an extended lag distribution, and suppression of diagnoses
on weekends to avoid biased trend estimates. Nowcasted case
counts can also be used as inputs for near-real time estimates
of other outbreak monitoring metrics, including the time-varying
reproduction number [27] and doubling times [28]. Further
evaluations are warranted to assess nowcasting performance
during different COVID-19 epidemic phases and across
jurisdictions experiencing a variety of data lag distributions,
including more extensive reporting delays [29], and for
additional outcomes, such as deaths.
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Abstract
Background: COVID-19 was first reported in Wuhan, China, in December 2019, and it has since spread worldwide. The
Association of Korean Medicine (AKOM) established the COVID-19 telemedicine center of Korean medicine (KM telemedicine
center) in Daegu and Seoul.
Objective: The aim of this study was to describe the results of the KM telemedicine center and the clinical possibility of using
herbal medicines for COVID-19.
Methods: All procedures were conducted by voice call following standardized guidelines. The students in the reception group
obtained informed consent from participants and they collected basic information. Subsequently, Korean Medicine doctors
assessed COVID-19–related symptoms and prescribed the appropriate herbal medicine according to the KM telemedicine
guidelines. The data of patients who completed the program by June 30, 2020, were analyzed.
Results: From March 9 to June 30, 2020, 2324 patients participated in and completed the KM telemedicine program. Kyung-Ok-Ko
(n=2285) was the most prescribed herbal medicine, and Qingfei Paidu decoction (I and II, n=2053) was the second most prescribed.
All COVID-19–related symptoms (headache, chills, sputum, dry cough, sore throat, fatigue, muscle pain, rhinorrhea, nasal
congestion, dyspnea, chest tightness, diarrhea, and loss of appetite) improved after treatment (P<.001).
Conclusions: The KM telemedicine center has provided medical service to 10.8% of all patients with COVID-19 in South
Korea (as of June 30, 2020), and it is still in operation. We hope that this study will help to establish a better health care system
to overcome COVID-19.
(JMIR Public Health Surveill 2021;7(1):e20236) doi:10.2196/20236
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telemedicine; telehealth; herbal medicine; Korean medicine; COVID-19; Korea; pandemic; guideline; infectious disease
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Introduction
Declared a pandemic in early 2020, COVID-19 has spread
beyond China, reaching all around the world. The World Health
Organization (WHO) increased its assessment of the risk of
spread and impact of COVID-19 to “very high” at the global
level on February 28 [1]. On November 15, 2020, the number
of confirmed cases of COVID-19 exceeded 53.7 million, and
the death toll was approximately 1.3 million [2]. In South Korea,
since the day the first patient was confirmed on January 20,
2020, the total number of confirmed cases on September 1
exceeded 20,000. There was an outbreak of COVID-19 in Daegu
and Gyeongbuk (Daegu-Gyeongbuk) due to religious gatherings
attended by many people; consequently, the total number of
cases rapidly increased from 30 on February 17 to 8086 on
March 14. This health care surge led to a shortage of hospital
beds, medical institutions, and medical personnel, as well as a
gap in the management of patients.
The Association of Korean Medicine (AKOM) created a
COVID-19 telemedicine center of Korean Medicine (KM

Jang et al
telemedicine center) at the Daegu Korean Medicine Hospital
to provide medical services via telephone to marginalized
patients, on March 9, 2020. After the outbreak in
Daegu-Gyeongbuk was stabilized, AKOM also established an
additional telemedicine center in Seoul (Figures 1 and 2).
Telemedicine, in principal, is prohibited in South Korea;
however, the government temporarily allowed telephone
counseling or prescriptions due to COVID-19. At the KM
telemedicine center, herbal medicines were provided to patients
with suspected and confirmed COVID-19 for the management
of COVID-19–related symptoms following the guideline on
COVID-19 telemedicine service of Korean Medicine (KM
telemedicine guideline). The KM telemedicine guideline was
based on three previously published guidelines in South Korea
and China, “Recommendations on COVID-19 Korean Medicine
(AKOM)” [3], “Clinical Guidelines on COVID-19 Korean
Medicine” (the KM Professor Council of Internal Medicine of
the Respiratory System) [4], and the Chinese government
guidelines titled “Notice on the Issuance of the New 7th Version
of the COVID-19 Diagnosis and Treatment Guidelines” [5].

Figure 1. Locations of the COVID-19 telemedicine centers of Korean Medicine. KM: Korean Medicine.
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Figure 2. COVID-19 confirmed cases in South Korea over time. KM: Korean Medicine; ROK: Republic of Korea; TF: task force.

It has been reported that herbal medicines have been effective
in reducing COVID-19 symptoms [6,7] in patients with mild
symptoms and may be an alternative method to prevent the
worsening of COVID-19 symptoms [8]. In particular, Qingfei
Paidu decoction, which has been used for fever in Traditional
Chinese Medicine (TCM), is strongly recommended for patients
with confirmed COVID-19 [5,9]. This is the first study to report
clinical cases of using herbal medicines for the treatment of
COVID-19 in South Korea. This study aimed to describe patient
symptoms and the use of medication provided by the KM
telemedicine center and examine the clinical possibility of herbal
medicines for COVID-19.

Methods
KM Telemedicine Center Operations
The KM telemedicine center consisted of an operation group,
reception group, medical group, and advisory group. The
operation group included AKOM executives and staff who
managed the overall operation of the telephone medical center,
including financial arrangements, the publicization of the KM
telemedicine program, the recruitment of volunteers, and the
delivery of herbal medicines. The reception group consisted of
students from colleges of Korean Medicine; the medical group
included Korean Medicine doctors (KMDs). Both groups were
recruited voluntarily. KMDs who worked at the telemedicine
center were educated in advance on how to make diagnoses,
prescribe medicines, and write electronic charts. The advisory
http://publichealth.jmir.org/2021/1/e20236/
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group consisted of professors from colleges of Korean Medicine,
experts from academic societies, and experienced clinicians. In
addition, several herbal pharmaceutical companies provided
herbal medicines to the KM telemedicine center, and the rest
of the expenditures, including delivery, meals, and electronic
devices, were fundraised by KMDs.

KM Telemedicine Center Procedures
All KM telemedicine procedures are conducted by voice call
following standardized guidelines. Patients who want to receive
KM telemedicine service voluntarily call the representative
number +82-1688-1075. The students in the reception group
explain the overall process and obtain the informed consent of
those participating in the KM telemedicine program. They
collect basic information, including the patient’s name, sex,
age, address, smoking habits, date of positive COVID-19 test,
infection route, and quarantine start/end date. They then
schedule a telephone consultation with a KMD. KMDs then
call the patients to investigate their medical history, medications,
and underlying diseases, and instruct them to measure their
body temperature and pulse rate. The KMDs assess
COVID-19–related symptoms including pyrexia, rhinorrhea,
headache, sputum, sore throat, and diarrhea, and consider pattern
identification of Korean Medicine theory. They then prescribe
the appropriate herbal medicine according to those presented
in the KM telemedicine guidelines.
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According to the guidelines, patients with COVID-19 were first
classified as uncertain suspected patients, confirmed patients
(mild), asymptomatic patients, and recovery patients. When the
KM telemedicine center first began operating, confirmed
patients who were not hospitalized because of mild symptoms
and suspected patients who had been in close contact with
patients with confirmed COVID-19 were targeted by the
program. As the number of cured people has gradually increased,
recovering patients who are within 14 days of having tested
negative for COVID-19 have been included. After the first
telephone consultation, follow-up telemedicine consultations
take place every 4-5 days until patients are fully recovered. The

Jang et al
suspected patients and confirmed patients are provided with a
3-day supply of herbal medicine by contactless shipping, and
recovering patients receive a 5-day supply of herbal medicine.
The advisory group reviews every medical record and identifies
critical patients who need intensive care, recommending transfer
to advanced hospitals if necessary. In addition, the advisory
group may intervene during telephone consultation in real time
to discuss treatment directions with the medical team. When a
patient has recovered from COVID-19 and has no other
symptoms, the telemedicine ends following a decision by the
KMDs (Figure 3).

Figure 3. Flow diagram of steps undertaken by the COVID-19 telemedicine center of Korean Medicine.

KM Telemedicine Center Interventions
For patients who have tested positive for COVID-19, the basic
herbal medicine provided at the KM telemedicine center is
Qingfei Baidu decoction. There are two kinds of Qingfei Baidu
http://publichealth.jmir.org/2021/1/e20236/
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decoction: I is the original, and its components are the same as
the Chinese Qingfei Baidu decoction, while II is the same as I
but without Ephedra Herba. Qingfei Baidu decoction (II) is
prescribed to those with high potential for palpitation, a side
effect of Ephedra Herba. Yu Ping Feng San and Yin Qiao San
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have antiviral effects; therefore, they are provided to patients
with suspected COVID-19. Yin Qiao San (instead of Qingfei
Baidu decoction) can be considered for confirmed patients with
sore throats and headaches.
Since many patients with COVID-19 complain of digestive
symptoms such as diarrhea and lack of appetite, Huo Xiang
Zheng Qi San, Bu-Zhong-Yi-Qi-Tang, and Buhuanjin Zhengqi
San are included in the herbal medicine list for the treatment of
COVID-19. KM doctors may consider other herbal medicines
according to patients’ accompanying symptoms, such as Xiao
Qing Long Tang for rhinorrhea and Jiawei Quipi Tang for
anxiety. In particular, even if the respiratory symptoms are mild,
many cases of emotional problems have been reported due to
isolation or anxiety about the disease’s exacerbation. It has been
reported that quarantined patients with COVID-19 suffer from
insomnia, anxiety, anger, overthinking, decreased concentration,
and a loss of energy [10]. Emotional symptoms such as insomnia
and anxiety can continue after quarantine release; therefore,
Jiawei Quipi Tang and a meditation audio file are provided in
those cases. If patients have lost their sense of smell or taste, a
sachet consisting of 7 herbs is delivered along with the herbal
medicine. In the KM telemedicine program, managing
recovering patients is important because many patients still
complain about physical or emotional problems even after
testing negative for COVID-19. We found that Kyung-Ok-Ko
is the second most frequently prescribed medicine. Yiqi Bufei
Tang is for patients with digestive symptoms, and Ziyin Bufei
Tang is for patients with respiratory symptoms. Saeng-Maek
San targets those who have dry mouth and sweating.
Kyung-Ok-Ko and Mokhyang Gongjin-Dan are used to enhance
stamina after the onset of viral infection. The formulation of
the herbal medicines has varied because they were donated by
herbal pharmaceutical companies and KMDs (Multimedia
Appendix 1).
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Statistical Analyses
A statistician performed the statistical analyses for intention to
treat (ITT) using SAS software (Version 9.4, SAS Institute).
Data of patients who completed the program by June 30 were
analyzed. Continuous variables (patient satisfaction) were
displayed as mean (SD), median, and interquartile range.
Categorical variables (sex, age, region, diagnosis, number of
calls, residence of patients, underlying disease, prescriptions,
and COVID-19 symptom severity) were shown as frequencies.
The Wilcoxon signed-rank test was used for 13 COVID-19
symptoms to examine significant differences before and after
treatment.

Ethics Approval
This study could not receive original individual medical charts.
However, we did receive the medical activities data reported
by AKOM. An institutional review board at the Korea Institute
of Oriental Medicine permitted this study’s use of medical
records (Number I-2006/005-001-02).

Results
Basic Information About the KM Telemedicine
Center’s Operation and Patient Characteristics
The KM telemedicine center for COVID-19 was set up in Daegu
on March 9, 2020, to provide medical services, and another
center was opened in Seoul on March 31. By June 30, the total
number of patients was 2324. The number of confirmed cases
(excluding the suspected cases) was 1392, which was 10.9% of
the nationwide confirmed cases of COVID-19 as of June 30.
The number of participating KMDs and students was 546 and
332, respectively. Detailed information about patients is
described in Table 1.
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Table 1. Characteristics of patients enrolled in the Korean Medicine telemedicine program for COVID-19 (N=2324).
Characteristics

Patients, n (%)

Sex
Male

569 (24.5)

Female

1755 (75.5)

Age (years)
0-19

97 (4.2)

20-39

555 (23.9)

40-59

1121 (48.2)

≥60

550 (23.7)

Unknown

1 (0.0)

Region
Daegu and Gyeongbuk

2196 (94.5)

Seoul

32 (1.4)

Other

94 (4.1)

Diagnosis (based on first consultation)
Suspected cases

45 (1.9)

Confirmed cases

211 (9.1)

Recovering cases after discharge

2009 (86.4)

Other, unknown

59 (2.6)

Number of calls (per patient)
1

166 (7.1)

2

329 (14.2)

3

432 (18.6)

4

338 (14.5)

≥5

1059 (45.6)

Residence of patients (based on first consultation)
Home

2165 (93.2)

Facility

69 (2.9)

Hospital

43 (1.9)

Other, unknown

47 (2.0)

Underlying diseases
Hypertension (n=1912)
No

1548 (81.0)

Yes, not taking medication

44 (2.3)

Yes, taking medication

320 (16.7)

Diabetes mellitus (n=1859)
No

1690 (90.9)

Yes, not taking medication

25 (1.3)

Yes, taking medication

144 (7.7)

Hyperlipidemia (n=1844)
No

1626 (88.2)

Yes, not taking medication

72 (3.9)

Yes, taking medication

146 (7.9)
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Characteristics

Patients, n (%)

Cancer (n=1734)
No

1661 (95.8)

Yes, not taking medication

49 (2.8)

Yes, taking medication

24 (1.4)

Chronic respiratory diseases (n=1726)
No

1611 (93.3)

Yes, not taking medication

82 (4.8)

Yes, taking medication

33 (1.9)

Results of the KM Telemedicine Center’s Operation
Kyung-Ok-Ko (n=2285) was the most prescribed herbal
medicine, with Qingfei Paidu decoction (I and II, n=2053)

following as the second most prescribed medicine. Ziyin Bufei
Tang (n=1780) and Yiqi Bufei Tang (n=1499), which are herbal
medicines for the recovery stage, were the third and fourth most
prescribed medicines (Table 2).

Table 2. Frequency of prescriptions by the Korean Medicine telemedicine program for COVID-19.

a

Prescription

Uses

First call, n (%)

Others, n (%)

Total, n (%)

Qingfei Paidu decoction I

Exogenous fever and influenza

448 (13.4)

758 (6.9)

1206 (8.4)

Kyung-Ok-Ko

Fatigue, weak condition, and dry cough

439 (13.2)

1846 (16.7)

2285 (15.9)

Ziyin Bufei Tang

Short breath, fatigue, decreased appetite, dry
mouth, and dry cough

369 (11.1)

1411 (12.8)

1780 (12.4)

Yiqi Bufei Tang

Short breath, fatigue, decreased appetite, and
loose stool

348 (10.4)

1151 (10.4)

1499 (10.4)

Qingfei Paidu decoction II

Exogenous fever and influenza

263 (7.9)

584 (5.3)

847 (5.9)

Jiawei Quipi Tang

Anxiety, overthinking, and insomnia

234 (7.0)

840 (7.6)

1074 (7.5)

Mokhyang Gongjin-Dan

Fatigue and weak condition

176 (5.3)

747 (6.8)

923 (6.4)

Huo Xiang Zheng Qi San

Loose stool or diarrhea, chest tightness, and lack 139 (4.2)
of vigor

420 (3.8)

559 (3.9)

Saeng-Maek-San

Thirst, dry mouth, cold sweat, and weak condi- 82 (2.5)
tion

259 (2.3)

341 (2.4)

Xiao Qing Long Tang

Nasal symptoms, watery rhinorrhea, and allergic 94 (2.8)
rhinitis

347 (3.1)

441 (3.1)

Yin Qiao San

Sore throats and headaches with inner heat

89 (2.7)

348 (3.2)

437 (3.0)

Yu Ping Feng San

Cold, influenza, and sweating

40 (1.2)

71 (0.6)

111 (0.8)

Buhuanjin Zhengqi San

Cold, headache, and fatigue

26 (0.8)

124 (1.1)

150 (1.0)

Other

N/Aa

584 (17.5)

2129 (19.3)

2713 (18.9)

Totalb

N/A

3331 (100.0)

11,035 (100.0)

14,366 (100.0)

N/A: not applicable.

b

Due to duplicate medication orders, the total number of prescriptions exceeded the number of patients.

All variables were analyzed with data from the patients who
completed the KM telemedicine center’s program by June 30.
The difference in clinical symptoms related to COVID-19 before
and after treatment are presented in Table 3. All 13 symptoms
(headache, chills, sputum, dry cough, sore throat, fatigue, muscle
pain, rhinorrhea, nasal congestion, dyspnea, chest tightness,
diarrhea, and loss of appetite) improved after treatment (all
P<.001). However, due to missing data, there were large
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differences in the analyzed numbers between the first and last
call. The patient satisfaction score for treatment was 8.3 (SD
1.78) out of 10 and the convenience of the KM telemedicine
center system was rated 9.3 (SD 1.27) out of 10. Patients gave
high scores when asked about their willingness to recommend
the KM telemedicine center to acquaintances (9.2, SD 1.58)
and use Korean Medicine treatments (9.1, SD 1.54; Table 4).

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e20236 | p.195
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

Jang et al

Table 3. Changes in COVID-19 symptoms before and after accessing the Korean Medicine telemedicine program.
COVID-19 symptoms and severity

At first call, n (%)

At last call, n (%)

Headache

<.001

Severe

3 (0.1)

0 (0.0)

N/Ab

Moderate

49 (2.4)

3 (0.2)

N/A

Mild

361 (17.4)

112 (9.3)

N/A

None

1658 (80.1)

1092 (90.5)

N/A

Total

2071 (100.0)

1207 (100.0)

N/A

Chills

<.001

Severe

2 (0.1)

0 (0.0)

N/A

Moderate

11 (0.5)

0 (0.0)

N/A

Mild

207 (10.0)

57 (4.7)

N/A

None

1843 (89.3)

1158 (95.3)

N/A

Total

2063 (100.0)

1215 (100.0)

N/A

Sputum

<.001

Severe

12 (0.6)

2 (0.2)

N/A

Moderate

43 (2.0)

10 (0.8)

N/A

Mild

707 (33.4)

308 (24.0)

N/A

None

1357 (64.0)

963 (75.1)

N/A

Total

2119 (100.0)

1283 (100.0)

N/A

Dry cough

<.001

Severe

3 (0.1)

0 (0.0)

N/A

Moderate

116 (5.5)

16 (1.3)

N/A

Mild

640 (30.6)

233 (18.7)

N/A

None

1335 (63.8)

994 (80.0)

N/A

Total

2094 (100.0)

1243 (100.0)

N/A

Sore throat

<.001

Severe

2 (0.1)

0 (0.0)

N/A

Moderate

43 (2.1)

2 (0.2)

N/A

Mild

355 (17.0)

117 (9.5)

N/A

None

1684 (80.8)

1113 (90.3)

N/A

Total

2084 (100.0)

1232 (100.0)

N/A

Fatigue

<.001

Severe

15 (0.7)

3 (0.2)

N/A

Moderate

164 (8.1)

27 (2.2)

N/A

Mild

616 (30.5)

325 (26.7)

N/A

None

1223 (60.6)

860 (70.8)

N/A

Total

2018 (100.0)

1215 (100.0)

N/A

Muscle pain

RenderX

<.001

Severe

7 (0.3)

0 (0.0)

N/A

Moderate

60 (2.9)

8 (0.7)

N/A

Mild

334 (16.2)

108 (9.1)

N/A

None

1661 (80.6)

1066 (90.2)

N/A
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COVID-19 symptoms and severity
Total

Jang et al

At first call, n (%)

At last call, n (%)

P valuea

2062 (100.0)

1182 (100.0)

N/A

Rhinorrhea

<.001

Severe

9 (0.4)

0 (0.0)

N/A

Moderate

43 (2.1)

4 (0.3)

N/A

Mild

316 (15.3)

164 (13.6)

N/A

None

1694 (82.2)

1042 (86.1)

N/A

Total

2062 (100.0)

1210 (100.0)

N/A

Nasal congestion

<.001

Severe

5 (0.2)

1 (0.1)

N/A

Moderate

42 (2.0)

4 (0.3)

N/A

Mild

386 (18.7)

118 (9.8)

N/A

None

1627 (79.0)

1078 (89.8)

N/A

Total

2060 (100.0)

1201 (100.0)

N/A

Dyspnea

<.001

Severe

17 (0.9)

0 (0.0)

N/A

Moderate

36 (1.9)

8 (0.7)

N/A

Mild

413 (21.7)

137 (12.8)

N/A

None

1439 (75.5)

924 (86.4)

N/A

Total

1905 (100.0)

1069 (100.0)

N/A

Chest tightness

<.001

Severe

0 (0.0)

0 (0.0)

N/A

Moderate

51 (2.5)

4 (0.3)

N/A

Mild

142 (7.0)

29 (2.5)

N/A

None

1844 (90.5)

1144 (97.2)

N/A

Total

2037 (100.0)

1171 (100.0)

N/A

Diarrhea

<.001

Severe

6 (0.3)

1 (0.1)

N/A

Moderate

13 (0.6)

0 (0.0)

N/A

Mild

181 (8.8)

87 (7.4)

N/A

None

1853 (90.3)

1095 (92.6)

N/A

Total

2053 (100.0)

1183 (100.0)

N/A

Loss of appetite

a

<.001

Severe

10 (0.5)

2 (0.2)

N/A

Moderate

134 (6.7)

25 (2.1)

N/A

Mild

449 (22.5)

154 (12.9)

N/A

None

1407 (70.4)

1009 (84.8)

N/A

Total

2000 (100.0)

1190 (100.0)

N/A

The Wilcoxon signed-rank test was performed.

b

N/A: not applicable.
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Table 4. Patient satisfaction with Korean Medicine telemedicine program for COVID-19.
Category

Patients, n

Mean score (SD) out of 10

Median score (IQR) out of 10

Satisfaction in terms of treatment

1570

8.3 (1.78)

8.0 (7.0-10.0)

Convenience of KM telemedicine center system

1568

9.3 (1.27)

10.0 (9.0-10.0)

Satisfaction with using telephone

1570

8.7 (1.59)

9.0 (8.0-10.0)

Willingness to recommend to acquaintances

1570

9.2 (1.58)

10.0 (9.0-10.0)

Willingness to use Korean Medicine treatments

1569

9.1 (1.54)

10.0 (8.0-10.0)

Discussion
Principal Findings
This study introduced the KM telemedicine center, which used
Korean Medicine treatments for COVID-19 and reported the
clinical symptoms of patients with COVID-19 before and after
treatment. Among the confirmed cases enrolled in the KM
telemedicine center, 75.5% (n=1755) Table 1) were women,
while 60% of the total cumulative patients with confirmed
COVID-19 in South Korea were women [11]. This difference
may be because COVID-19 spread rapidly through certain
religious groups that had a higher proportion of women. In
addition, women's preferences regarding health care services
and Korean Medicine treatment may have had an impact. The
majority of patients that visited the KM telemedicine center
were in Daegu-Gyeongbuk because the number of patients in
that region was high until June 2020. Patients with mild illness
could not be hospitalized and were isolated in their homes or
other facilities; therefore, the demand for telemedicine increased.
Of the total 2324 cases, Qingfei Paidu decoction, Yiqi Bufei
Tang, Ziyin Bufei Tang, and Kyung-Ok-Ko were most
frequently provided to patients. As 86.4% (n=2009) of patients
were in the recovery stage, Kyung-Ok-Ko, Yiqi Bufei Tang,
and Ziyin Bufei Tang may be prescribed in large proportions
(Figure 3). It has recently been elucidated that Qingfei Paidu
decoction, which is the most recommended herbal medicine for
treating COVID-19, regulates cytokine storms during the viral
infection [12,13]. In addition, a clinical study in China of
Qingfei Paidu decoction in addition to Western medicine was
recently published [14]. This study showed that in addition to
respiratory symptoms, protocols of herbal medicines have been
prepared for digestive symptoms, muscle pain, and loss of taste,
which are all known clinical symptoms of COVID-19. Although
the results showed a statistical difference before and after
treatment, it is hard to guarantee the effectiveness of herbal
medicines for COVID-19 symptoms because many patients did
not have symptoms at baseline. Any patient currently positive
for, recovering from, or suspected of having COVID-19 could
be enrolled in this study, whether symptoms were present or
not. For that reason, there were many patients that responded
“No” to each symptom, but many others noted having more
than one symptom. It is significant that patient satisfaction with
the KM telemedicine center was high. This may be because the
center treated patients’ symptoms and provided emotional
support through counselling.
The average score for patient satisfaction at the KM telemedicine
center was 8.3. The reason the score was high may be because
http://publichealth.jmir.org/2021/1/e20236/
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the center supported the treatment of patients with acute
symptoms. In South Korea, there were a large number of
confirmed patients in Daegu-Gyeongbuk, such that the health
system’s capacity was exceeded. Patients with mild COVID-19
cases were not provided with medical management, and 5
self-quarantined patients in South Korea died at home [15]. The
KM telemedicine center was established to fill the gap in health
care that arises from these health care surges for patients with
mild cases. However, patients gave lower scores for treatment
satisfaction at the KM telemedicine center, compared with the
results of other satisfaction score criteria. Although patients
indicated it was convenient to use the KM telemedicine center
(9.3), their satisfaction with telemedicine treatment (8.7) and
satisfaction in terms of treatment were relatively low (8.3). This
is because non–face-to-face treatments such as telephone
treatment are limited compared to face-to-face treatment, which
may lead to less satisfaction from patients. This shows that there
are many challenges to solve in telemedicine, such as patient
access to technology, the possibility of missing test results, and
the lack of technology to replace medical devices [16,17].
There are several limitations in this study. First, only
patient-reported outcomes were evaluated at the KM
telemedicine center. Temperature and pulse rate were also
self-measured; however, these could not be reported because
of missing data and errors. In addition, there were a lot of
missing data points regarding each symptom because this
telemedicine center had not been designed for a study and this
research is based on retrospective chart review. Second, this
study showed the results of the entire program, so it could not
show the effect of individual herbal medicines. Since the
prescription was changed according to the clinical situation of
the patients, we could not compare clinical symptoms before
and after each herbal medicine was administered. Third, it was
difficult to coordinate care with conventional treatment methods
to manage patients with underlying diseases because the KM
telemedicine center did not officially belong to the national
quarantine system. Fourth, it was not possible to determine the
color and shape of the tongue or face color over the telephone,
all of which are meaningful in Korean Medicine theory.
Nonetheless, the KM telemedicine center attempted to test the
weaknesses of telemedicine and improve the quality of medical
care offered via telemedicine. It has developed guidelines to
help medical staff perform standardized health care. The second
edition of the guideline was published on April 1, 2020, and
was complemented with feedback from the medical and advisory
groups, containing considerations from real telemedicine cases.
Above all, Korean Medicine is traditionally compatible with
telemedicine because it collects information for diagnosis by
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e20236 | p.198
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listening to the patient's overall symptoms. In addition, an
advisory committee composed of professors and experienced
clinicians reviewed all patients' medical charts to verify
telephone consultations of KMDs. These may have led people
to feel more satisfied with the KM telemedicine center system
despite the limitations of non–face-to-face treatment.

Jang et al

Conclusion
This study described the background and operational result of
the KM telemedicine center for COVID-19 in South Korea. The
KM telemedicine center attempted to overcome the limitations
of telemedicine by providing standardized guidelines and expert
advice. We hope that this study will help to establish a better
health care system to overcome COVID-19.
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Abstract
Background: COVID-19 is a highly transmissible illness caused by SARS-CoV-2. The disease has affected more than 200
countries, and the measures that have been implemented to combat its spread, as there is still no vaccine or definitive medication,
have been based on supportive interventions and drug repositioning. Brazil, the largest country in South America, has had more
than 140,000 recorded deaths and is one of the most affected countries. Despite the extensive quantity of scientifically recognized
information, there are still conflicting discussions on how best to face the disease and the virus, especially with regard to social
distancing, preventive methods, and the use of medications.
Objective: The main purpose of this study is to evaluate the Brazilian population’s basic knowledge about COVID-19 to
demonstrate how Brazilians are managing to identify scientifically proven information.
Methods: A cross-sectional study design was used. An original online questionnaire survey was administered from June 16 to
August 21, 2020, across all five different geopolitical regions of the country (ie, the North, Northeast, Center-West, Southeast,
and South). The questionnaire was comprised of questions about basic aspects of COVID-19, such as the related symptoms,
conduct that should be followed when suspected of infection, risk groups, prevention, transmission, and social distancing. The
wrong questionnaire response alternatives were taken from the fake news combat website of the Brazilian Ministry of Health.
Participants (aged ≥18 years) were recruited through social networking platforms, including Facebook, WhatsApp, and Twitter.
The mean distributions, frequencies, and similarities or dissimilarities between the responses for the different variables of the
study were evaluated. The significance level for all statistical tests was less than .05.
Results: A total of 4180 valid responses representative of all the states and regions of Brazil were recorded. Most respondents
had good knowledge about COVID-19, getting an average of 86.59% of the total score with regard to the basic aspects of the
disease. The region, education level, age, sex, and social condition had a significant association (P<.001) with knowledge about
the disease, which meant that women, the young, those with higher education levels, nonrecipients of social assistance, and more
economically and socially developed regions had more correct answers.
Conclusions: Overall, Brazilians with social media access have a good level of basic knowledge about COVID-19 but with
differences depending on the analyzed subgroup. Due to the limitation of the platform used in carrying out the study, care should
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be taken when generalizing the study findings to populations with less education or who are not used to accessing social networking
platforms.
(JMIR Public Health Surveill 2021;7(1):e24756) doi:10.2196/24756
KEYWORDS
COVID-19; coronavirus; perception; knowledge; Brazil; cross-sectional; online survey; health information

Introduction
COVID-19 is a highly transmissible multi-organ viral disease
caused by SARS-CoV-2, a new coronavirus [1]. The most severe
cases can be fatal and are present in risk groups that include
males, older adults, people who are obese, and patients with
other comorbidities [2]. The disease is currently the largest
public health issue worldwide, having reached, since March 11,
2020, the status of a global pandemic [3]. The virus can be
transmitted from person to person through droplets, aerosols,
airborne routes, and contaminated surfaces. The most common
symptoms of infection are fever, dry cough, fatigue, headache,
loss of smell, and shortness of breath [1]. The disease does not
yet have a vaccine or definitive treatment. For this reason,
measures such as social distancing, proper hygiene, and the use
of individual and collective protective equipment have been
instituted by different health authorities, which have been shown
to be central to preventing the transmission of the virus and
controlling the spread of the disease [4,5]. In addition,
knowledge about the infection and its signs and symptoms,
whether by the general population or by health professionals,
has also been shown to be effective in aiding early diagnosis,
better monitoring, and more effective treatment [4].
Brazil is a country of continental dimensions and, in addition
to its geographical and cultural differences found within its
borders, presents significant economic and educational
vulnerabilities. Since the appearance of the country’s first case
of COVID-19, much discussion has ensued on how best to face
the disease, especially with regard to social distancing (eg,
whether “vertical isolation” or “horizontal isolation” should be
practiced), the use of medications without World Health
Organization approval (eg, azithromycin, ivermectin, and
hydroxychloroquine), and the monitoring of the disease from
the onset of symptoms to the admission of the patient to a
hospital specialized in treating the infection [6]. In addition to
these discussions and related challenges, miraculous “cures,”
inconsistency between policies and scientific evidence,
conspiracy theories, and increases in fake news have been
widely disseminated on social networks, which has caused
confusion among the general population and hindered the fight
against the disease.
Many countries have sought to understand all there is to know
about the pandemic to better fight this dangerous disease. For
this reason, several researchers have conducted studies to track
the public’s knowledge and misperceptions regarding
COVID-19. Studies with this focus have already been conducted
among general and specific populations in mainland China [7],
Colombia [8], Hong Kong [9], India [10], Iran [11], Israel [12],
the United Kingdom [13], and the United States [14,15], among
others. These studies, despite the differences in their findings,
http://publichealth.jmir.org/2021/1/e24756/
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clearly demonstrate that populations present a certain level of
knowledge about COVID-19. On the other hand, these studies
have also revealed how much the disease has had economic,
psychosocial, and behavioral impacts that also need to be
mitigated. At the time of writing (September 2020), Brazil is
the third country with the highest number of confirmed cases
and has had more than 140,000 deaths from the disease [16];
however, no studies have evaluated the population’s basic
knowledge about COVID-19. Thus, this study seeks to evaluate
the public’s knowledge and misperceptions about COVID-19
and the preventive measures adopted to date in the country.

Methods
Participants
A cross-sectional anonymous online survey (see Multimedia
Appendix 1) was carried out using Google Forms, a service for
form and questionnaire creation that is free for everyone who
has a Google account. This tool allows for the creation of
different types of questions, the collection and organization of
the responses received, and generation of spreadsheets and
graphs of the final data in real time.
In an attempt to make possible the implementation of the
research and aiming at easy access to the online survey,
respondents were recruited via the divulgation of information
regarding the research on the university’s and researcher’s social
medias. With the expectation of reaching the largest possible
number and diversity of people, the disclosure was made in four
of the main social medias used in Brazil: WhatsApp, Instagram,
Facebook, and Twitter. For a better representation of the overall
Brazilian population, the researchers also used promotional
tools on these social networks—paying for advertisements to
enable the survey form to reach different audiences from all
regions of the country. According to the Brazilian Institute of
Geography and Statistics, the population of Brazil in 2020
reached 211.8 million, of whom around 134 million have access
to the internet. Thus, according to statistical analysis, a sample
number of 2500 participants would be representative of the
population using internet in the country, with a 2% margin of
error and 95% confidence level. Still, in addition to the stages
of confusion and risk of bias control, the data was evaluated to
64% above the estimated sample number, making a total of
4100 participants distributed in the 5 macroregions of Brazil.
The online form was available for about 2 months between June
16 and August 21, 2020, and can be found in its full version in
Multimedia Appendix 1. This specific time period was selected
because it was the peak of the pandemic’s “first wave” in the
country (ie, the period when, for the first time, the pandemic
reached a peak in cases and deaths) [17]. The 2-month
availability was due to the geographical extent of Brazil and
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e24756 | p.202
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the need for representativity of the population from each region.
As a country of continental dimensions, the disease has not
spread homogeneously throughout the country. In addition,
cities far from the research centers that the researchers belonged
were more difficult to access.
This study was approved by the ethics and research committee
of the Federal University of Triângulo Mineiro in Minas Gerais
State, Brazil. Upon access to the web-based survey form,
respondents were provided with an explanation as to the purpose
of the research as well as the prerequisites for participation.
Potential participants could decide freely whether to participate
in the study. Those aged ≥18 years, the target study participants,
were then asked to select the option of electronically signing
the free and informed consent form.
In Brazil, the legislation defines 18 years as the age of majority,
making the individual fully capable to respond by himself.
Considering that the research was online and there was an urgent
need for it to be carried out at the height of the COVID-19
spread in the country, there would be a greater bureaucratic
obstacle if the research had to include younger individuals
because more documents would need to be filled out and
analyzed by the ethics committee. This group is also considered
vulnerable, meaning that it would be necessary to have
authorization from a guardian older than 18 years. Therefore,
we chose to recruit only participants aged ≥18 years. If the
participants consented, they were directed to answer the
questions on the form. There was no financial compensation
for participants who responded to the survey; thus, participation
was voluntary and anonymous.
The survey was elaborated on considering data from the official
website of the Brazilian Ministry of Health, the country’s highest
health authority responsible for organizing and preparing public
plans and policies aimed at health across the country. Thus, the
basis for outlining the questions and the correct alternatives was
developed according to the information available on the
COVID-19 webpage of the Brazilian Ministry of Health [18].
To elaborate on the incorrect alternatives and seeking to address
some difficulties faced by Brazilians in terms of understanding
the disease, the website of the Brazilian Ministry of Health was
used. This website compiles some fake news about the disease
to discuss its flaws from a scientific point of view and to clarify
it for the population [19].
As the objective was to understand the Brazilian residents’
knowledge about COVID-19, the questionnaire that participants
had access to was in the official language spoken and written
in all regions of the country, the Portuguese language. After the
completion of data collection, an English translation of the
questions and alternatives was provided for this publication (see
Multimedia Appendix 1).
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Data Collection and Quality Assurance
At the end of the data disclosure period, we stopped collecting
questionnaire responses on Google Forms. We then obtained a
spreadsheet with all the survey data, with each row representing
the responses of a participant and each column representing the
answers to a question. Using a filter tool available in Excel
(Microsoft Corporation), it was possible to identify and exclude
both the responses of participants who declared they were
younger than 18 years and the responses of participants who
declared they were not residents of Brazil.
In the survey form, participants were asked 26 questions that
were divided into five main blocks of themes: (1) general
information about COVID-19 (ie, questions about transmission,
most common symptoms, conduct in case of infection, risk
groups, and social distancing), (2) sharing information about
the disease (ie, questions about how participants obtain
information about COVID-19, what information they receive
and share, and how they check and analyze the news they find
on social media), (3) identification of misinformation (analyzing
whether the participants recognize fake news about the disease),
(4) economic and social impact of the pandemic (ie, questions
about the main family fears and challenges, and what most
hinders the search for information about the disease), and (5)
sociodemographic information about the participants (ie, age,
sex, education level, region of residence, profession, whether
they were recipients of government benefits, and number of
people living in the same household). In this study, only the
questions that directly assessed the participants’ basic knowledge
in health education about COVID-19 (see Figure 1) were
referred to in the analysis; specifically, this included questions
on the forms of transmission (question 1), main symptoms of
the disease (question 2), conduct in a suspected case (question
3), identification of risk groups (question 4), understanding of
social distancing (question 5), and disease prevention (question
12). The other questions did not directly evaluate knowledge
about health and disease, and were not referred to in the analysis.
The number of alternatives for each question took into account
the proportion of fake news available on the website of the
Ministry of Health. Thus, questions that addressed more fake
news verified by the website were considered, proportionally,
as issues of greater confusion among the population, receiving
more alternatives and presenting greater participation in the
final score. Before the evaluation of the participants’ responses,
a pilot test with 200 participants (randomized by automation)
was carried out to ensure reliability. In our study, the Cronbach
alpha was .66 for general information about COVID-19, .94 for
sharing information about the disease, .88 for identification of
misinformation, .70 for economic and social impact, and .68
for sociodemographic information about the participants. Quality
assurance was accomplished by checking, by at least two
independent evaluators, the data collection, extraction and entry
to the software, and data analysis.
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Figure 1. Basic health knowledge investigated in the study.

To count the final score of each participant in the six questions
chosen for analysis, we classified the questions based on their
format (checkboxes or multiple choice). Questions 1, 2, 4, and
12 were arranged in a checkbox format, and the participant
could select more than one alternative. Questions 3 and 5 were
in the multiple choice format, with the participant being able
to choose only one alternative.
In the questions arranged in checkboxes, all alternatives, correct
or incorrect, were evaluated. There were four possibilities for
selecting alternatives: (1) the alternative was correct and was
selected, (2) the alternative was correct and was not selected,
(3) The alternative was incorrect and was not selected, and (4)
the alternative was incorrect and was selected. In options 1 and
3, the participant got the choices right and scored 1 point. In
options 2 and 4, the participant made a mistake in the choices
and scored 0 points. That is, the participants score 1 point both
when choosing which alternative is correct and when choosing
which is incorrect. Thus, the maximum score for these questions
corresponded to the total number of alternatives in the question
and indicated that the participant marked the correct alternatives
and did not mark the incorrect ones, scoring 1 point for all
alternatives. Question 1 was composed of 7 alternatives, with
a maximum value of 7 points; question 2 had 9 alternatives,
with a maximum value of 9 points; question 4 had 10
alternatives, with a maximum value of 10 points; and question
12 had 11 alternatives, with a maximum value of 11 points.
In multiple choice questions, there is a limitation in the number
of checked alternatives and only one could be selected. There
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were only two possibilities for selecting alternatives: (1) the
alternative was correct and was selected and (2) the alternative
was incorrect and was selected. In option 1, the participant got
it right and scored 1 point. In option 2, the participant made a
mistake and scored 0 points. Therefore, the participants only
scored points when they selected the correct alternative. Thus,
the maximum score for these questions was always 1 and
indicated that the participant chose the correct alternative.
Therefore, although questions 3 and 5 have 3 alternatives each,
the maximum value of these questions was 1, indicating the
selection of the correct alternative.
Taking into account the maximum value that questions in
checkboxes and multiple choice could receive, the participant
could score between 0 and 39 points in total. Simply put, Higher
scores had more correct answers, meaning more knowledge
about COVID-19 was evident. Scores between 0-9 were
regarded as poor knowledge about the disease, scores between
10-19 were regarded as regular knowledge, scores between
20-29 were regarded as good knowledge, and scores between
30-39 were regarded as optimal knowledge. The required
knowledge investigated in this study can be considered basic,
as they mainly concerned practical aspects of people’s
day-to-day life, not entering into the theoretical or scientific
merits of a complex multi-organ disease such as COVID-19.
At the end of the questionnaire, participants had access to some
links that directed them to sources of scientifically safe
information about the disease, such as the official website of
the Brazilian Ministry of Health [18,19] and the website of a
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main research institution in infectious diseases in the country,
the Oswaldo Cruz Foundation (FIOCRUZ) [20]. Participants
also had the possibility to check their own answers, the right
and wrong answers, and the explanation for each alternative.

Statistical Analysis
The data were tabulated using Excel and analyzed using SPSS
21 (IBM Corp) and GraphPad Prism 7.0 (GraphPad Software,
Inc). The data were evaluated for their distribution (using
D’Agostino-Pearson and Shapiro-Wilk normality tests), and
the variances were compared (using the F test and Bartlett test).
Unpaired tests to compare the distributions of the different
variables were used (Kruskal-Wallis with Dunn multiple
comparisons test and Mann-Whitney U test). The hypotheses
were tested using chi-square, Fisher exact, and chi-square with
Yates correction tests. To assess the association measures, odds
ratios (Baptista-Pike) with their respective confidence intervals
were used in the definitive analysis.
To assess the effect of associations between the tested variables
in the third table (ie, transmission, symptoms, conduct in
suspected infection, risk groups, social distancing, and
prevention), the lowest scores (the poor outcomes) were
compared with the other scores (the best outcomes) between
the descriptions for each variable. For the grouped variables,
the scores were normalized in relative frequencies and were
compared with the scores up to 50%, with the others (above

Guimarães et al
50%) between the descriptions for each variable. Multivariate
analysis was performed to determine the hierarchical groupings
of the different variables. After adjusting the proximity matrix
using the squared Euclidean distance, the results were plotted
on a dendrogram. Spearman test was used to investigate
correlations. The significance levels in all statistical tests were
less than .05 (5%) [21].

Results
A total of 4436 responses were received; however, 17 were
excluded from the analysis due to the respondents having been
from other countries, and 239 were excluded for having been
filled out by people younger than 18 years, thus leaving a total
of 4180 valid responses. Of these valid responses, 2051
(49.07%) came from the Southeast, 871 (20.84%) from the
Northeast, 697 (16.67%) from the South, 285 (6.82%) from the
North, and 276 (6.60%) from the Central-West geopolitical
regions of Brazil (Figure 2). The average age of respondents
was 34.57 years; 2937 (70.26%) were women, 2040 (48.80%)
held a bachelor’s degree or above, and 3504 (83.83%) lived
with a maximum of four people in the same house. Among the
respondents, 3252 (77.80%) stated that they did not receive any
kind of government assistance. Most (n=3641, 87.11%) had not
traveled to other countries in the past year. These and other
demographic information are shown in Table 1.

Figure 2. Distribution of the Brazilian population by region and its relationship with the distribution of the study population.
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Table 1. Demographic characteristics of participants.
Characteristic

Participants (N=4180), n (%)

Sex
Male

1243 (29.74)

Female

2937 (70.26)

Age (years)
18-19

315 (7.54)

20-29

1718 (41.10)

30-39

761 (18.21)

40-49

583 (13.95)

50-59

558 (13.35)

≥60

245 (5.86)

Region
North

285 (6.82)

Northeast

871 (20.84)

Central-West

276 (6.60)

Southeast

2051 (49.07)

South

697 (16.67)

Education
Middle and high school

2140 (51.20)

Higher and postgraduate education

2040 (48.80)

Household size
1 person

354 (8.47)

2 people

841 (20.12)

3 people

1177 (28.16)

4 people

1132 (27.08)

5 people

442 (10.57)

6 people or more

234 (5.60)

Receives government social assistance
Yes

928 (22.20)

No

3252 (77.80)

Figure 2 illustrates the distribution of the participants by region.
For the total score, measured between 0 and 39 possible points,
the average score of the participants was 33.77 points, varying
between 20 and 39 points in total, depending on the respondent.
This means that, on average, the participants reached 86.59%

http://publichealth.jmir.org/2021/1/e24756/

XSL• FO
RenderX

of the total possible score. Table 2 shows the distribution of
responses (true or false) for each response alternative to the
questions presented. In the table, for each alternative, we can
observe if the item was considered false or true (in parenthesis)
and the number of people who appropriately marked it.
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Table 2. Questionnaire of knowledge about COVID-19.
Questions

Participants (N=4180), n (%)

What are the main forms of transmission of COVID-19?
Through sneezing, coughing, or talking to infected people (true)

4082 (97.66)

Direct contact with domestic animals (false)

132 (3.16)

Bringing hand to face after touching contaminated surfaces (true)

3765 (90.07)

Bites from contaminated insects (false)

26 (0.62)

Taking filtered water in cities with many cases of infection (false)

232 (5.55)

Using products that came from China, where the coronavirus appeared (false)

85 (2.03)

Contact with contaminated people (eg, kiss, hug, or handshake; true)

3954 (94.59)

What are the three most common symptoms of COVID-19?
Diarrhea and vomiting (false)

418 (10.00)

Skin wounds (false)

19 (0.45)

Persistent fatigue (true)

1250 (29.90)

Stuffy nose (false)

270 (6.46)

Fever (true)

3775 (90.31)

Shortness of breath (false)

3410 (81.58)

Cough (true)

3192 (76.36)

Headache (false)

1144 (27.37)

Sneezing (false)

542 (12.97)

What is the possible conduct after infection?
The virus is not that dangerous, so you can continue your life normally (false)

6 (0.14)

You should be isolated at home and seek help if you feel short of breath or get worse (true)

3338 (79.86)

You must immediately go to the hospital to seek medical attention (false)

836 (20.00)

Which risk groups are most likely to get infected?
People with heart or kidney problems (true)

2806 (67.13)

People with vision problems (eg, blindness or myopia; false)

19 (0.45)

Wheelchair users (false)

85 (2.03)

People with respiratory diseases and smokers (true)

4070 (97.37)

Older adults (true)

3995 (95.57)

People with cancer (true)

2668 (63.83)

Adolescents and young adults (false)

59 (1.41)

People with diabetes or high blood pressure (true)

3778 (90.38)

Pregnant women (true)

1531 (36.63)

There are no risk groups (false)

24 (0.57)

Importance of social distancing
Necessary (true)

4101 (98.11)

Makes no difference (false)

66 (1.58)

Harmful (false)

13 (0.31)

Which alternatives are true about COVID-19?
There is already a vaccine against COVID-19 (false)

226 (5.41)

Wearing gloves and masks for everyday activities decreases the chance of becoming infected with
the virus (true)

3590 (85.89)

Gargling with warm water, salt, and vinegar prevents coronavirus (false)

72 (1.72)
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Questions

Participants (N=4180), n (%)

Hot water or tea kills the coronavirus (false)

46 (1.10)

70% gel alcohol kills the coronavirus (true)

3678 (87.99)

Chloroquine protects people from becoming infected with the coronavirus (false)

114 (2.73)

There are already drugs that cure COVID-19 (false)

143 (3.42)

Soap, sanitary water, liquid alcohol, and common detergents kill the coronavirus (true)

3404 (81.44)

Drinking alcohol kills the virus (false)

8 (0.19)

Social distancing has no scientific proof (false)

140 (3.35)

Once the person has had the coronavirus infection, they cannot have it again because they are immune 567 (13.56)
(false)

After determining the sociodemographic profile of the
participants (Table 1) and the survey questions (Table 2), the
percentage of the population’s knowledge about COVID-19
with regard to the different research variables (Figure 1) was
evaluated, including transmission, symptoms, conduct for
suspected infection, risk groups, perception of social distancing,
and prevention. Overall, the participants had a good perception
of the COVID-19 outbreak since the percentage of correct
answers was above 90% and never below 70% for some of the
variables evaluated. There was no participant that had a poor
or regular knowledge score. On the other hand, of the 4180
responses, 252 (6.03%) had good knowledge scores and 3928
(93.97%) had optimal knowledge scores. When the level of
perception between each variable was assessed, a statistically
significant difference (P<.001) was found between them, with
knowledge about symptoms being the parameter with the lowest

understanding by the respondents (73.08% of correct responses).
This limited understanding of the symptoms of the disease was
14 times lower than the knowledge about the importance of
social distancing. There was an important lack of understanding
concerning the conduct to be taken in cases of suspected
SARS-CoV-2 infection (20.14%), risk groups (15.36%), disease
prevention (6.92%), and disease transmission (4.15%; Figure
3). It is important to note that all the variables studied were
linked in the range of the squared Euclidean distance, and an
intimate relationship was observed between social distancing,
transmission, and prevention. On the other hand, in general,
choosing the right or wrong answer did not respect these
relationships, as the similarities of the average connections
between the groups were not consistent (quadratic R2=0.22;
Figure 4).

Figure 3. Distribution and association among COVID-19 health education indicators. The differences or similarities between the participants’ levels
of correct answers on questions regarding the symptoms of COVID-19, the conduct of those suspected of SARS-CoV-2 infection, risk groups, disease
prevention, disease transmission, and perception of social distancing. The relative distribution, in percentages, of the levels of right and wrong answers
for each variable and comparisons between them is demonstrated. *Statistically significant differences between groups (Kruskal-Wallis test with Dunn
multiple comparison tests).
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Figure 4. Research variables were combined in clusters and, after obtaining the square Euclidean distance and plotting on a dendrogram, the keys
indicated the similarity between the variables evaluated in the survey. The central line indicates an adjustment by the square R2.

The step immediately after evaluating all the participants
together was to investigate their perception of COVID-19 by
considering their sociodemographic profiles and each research
variable. Thus, each of the respondent’s health education
indicators was evaluated considering, for example, sex (male
and female), education level (middle/high school and
higher/postgraduate education), age (18-83 years),
socioeconomic vulnerability (receiving or not receiving
government support), and the number of people per residence
(1-6). These indicators were evaluated for their respective
http://publichealth.jmir.org/2021/1/e24756/
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distributions for each profile (unpaired), and the odds ratios
between the worst outcomes (lowest score) were compared with
those between the best outcomes. We also grouped the media
scores of all parameters (ie, transmission, symptoms, conduct
in the case of an infection, risk groups, and social distancing)
and evaluated the odds ratios of them in each population profile
(ie, sex, education level, age, socioeconomic vulnerability,
people by residence, and Human Development Index [HDI]) to
have a percentage of correct answers of up to 50%, as described
in the Methods section and Table 3.
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Table 3. Sample statistical analysis based in sociodemographic profiles.
Variables

Mean (SD)

M-Wa test

K-Wb test

Spearman r (95% CI) ORc (95% CI)

P value

1,765,703

N/Ad

N/A

0 (0 to 2.73)

.01 e

2,041,706

N/A

N/A

1.91 (0.22 to 27.66)

<.001

N/A

68.82

N/A

<.001

Transmission
Sex
Male

6.68 (0.63)

Female

6.72 (0.64)

Education level
Middle and high school

6.66 (0.69)

Higher/postgraduate

6.76 (0.572)

Age (years)
18-19

6.71 (0.76)f,g

N/A

N/A

20-29

6.80 (0.50)g

N/A

N/A

30-39

6.66 (0.69)f,h

N/A

N/A

40-49

6.60 (0.71)h

N/A

N/A

50-59

6.63 (0.70)f,h

N/A

N/A

≥60

6.60 (0.74)f,h

N/A

N/A

18-83

34.57 (14.01)

–0.08 (–0.12 to 0.05)

<.001

Socioeconomic vulnerability
RGSi

6.62 (0.75)

Not RGS

6.73 (0.60)

People in residence (n)
1-40

N/A

N/A

1.75 (0.12 to 15.09)

<.001

N/A

N/A

–0.02 (–0.05 to 0.01)

N/A

.26

N/A

N/A

0.10 (0.07 to 0.13)

N/A

<.001

1,825,002

N/A

N/A

1.03 (0.50 to 2.10)

.99

2,171,656

N/A

N/A

1.92 (0.95 to 3.99)

.73

N/A

18.66

N/A

.002

3.35 (1.61)

HDI j
0.683-0.850

1,412,808

0.779 (0.04)

Symptoms
Sex
Male

6.57 (1.08)

Female

6.58 (1.06)

Education level
Middle and high school

6.57 (1.09)

Higher/Postgraduate

6.58 (1.04)

Age (years)
18-19

6.52 (1.15)f,h

N/A

N/A

20 to 29

6.65 (1.02)f

N/A

N/A

30 to 39

6.54 (1.03)f,h

N/A

N/A

40 to 49

6.57 (1.13)f,h

N/A

N/A

50 to 59

6.51 (1.12)h

N/A

N/A

≥60

6.44 (1.08)h

N/A

N/A

18-83

34.57 (14.01)

–0.10 (–0.12 to 0.05)

<.001

Socioeconomic vulnerability
RGS
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1,398,824

N/A

N/A

2.61 (1.30 to 5.16)

<.001

6.45 (1.11)
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Variables
Not RGS

Mean (SD)

K-Wb test

Spearman r (95% CI) ORc (95% CI)

P value

N/A

N/A

–0.01 (–0.04 to 0.02)

N/A

.66

N/A

N/A

0.07 (0.04 to 0.10)

N/A

<.001

1,809,913

N/A

N/A

0.95 (0.80 to 1.12)

.53

2,149,210

N/A

N/A

0.91 (0.78 to 1.06)

.21

N/A

295.40

N/A

<.001

3.35 (1.61)

HDI
0.683-0.850

M-Wa test

6.61 (1.05)

People in residence (n)
1-40

Guimarães et al

0.779 (0.04)

Conduct in suspected infection
Sex
Male

0.80 (0.40)

Female

0.80 (0.40)

Education level
Middle and high school

0.81 (0.39)

Higher/postgraduate

0.79 (0.41)

Age (years)
18-19

0.87 (0.33)f

N/A

N/A

20-29

0.90 (0.30)f

N/A

N/A

30-39

0.78 (0.42)g

N/A

N/A

40-49

0.70 (0.46)h

N/A

N/A

50-59

0.68 (0.47)h

N/A

N/A

≥60

0.55 (0.50)k

N/A

N/A

18-83

34.57 (14.01)

–0.25 (–0.28 to –0.22)

<.001

Socioeconomic vulnerability
RGS

0.78 (0.41)

Not RGS

0.80 (0.40)

People in residence (n)
1-40

N/A

N/A

1.15 (0.97 to 1.38)

.11

N/A

N/A

0.01 (–0.02 to 0.04)

N/A

.73

N/A

N/A

0.12 (0.09 to 0.15)

N/A

<.001

1,641,327

N/A

N/A

2.37 (0.89 to 6.32)

<.001

2,010,364

N/A

N/A

0.71 (0.25 to 2.06)

<.001

N/A

33.51

N/A

<.001

3.35 (1.61)

HDI
0.683-0.850

1,473,256

0.779 (0.04)

Risk groups
Sex
Male

8.31 (1.29)

Female

8.53 (1.27)

Education level
Middle and high school

8.37 (1.31)

Higher/postgraduate

8.56 (1.24)

Age (years)
18-19

8.14 (1.38)

20-29

N/A

N/A

8.52 (1.20)f,g,h

N/A

N/A

30-39

8.56 (1.29)f,h

N/A

N/A

40-49

8.52 (1.29)f,g,h

N/A

N/A

50-59

8.37 (1.38)g,h

N/A

N/A
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Variables

Mean (SD)

≥60

8.29 (1.39)

18-83

34.57 (14.01)

8.39 (1.31)

Not RGS

8.49 (1.27)

People in residence (n)
1-40

Spearman r (95% CI) ORc (95% CI)

P value

N/A

N/A

0.02 (–0.01 to 0.05)

.13

1,449,382

N/A

N/A

0.58 (0.13 to 2.26)

.06

N/A

N/A

–0.02 (–0.06 to 0.01)

N/A

.10

N/A

N/A

0.01 (–0.02 to 0.04)

N/A

.50

1,780,394

N/A

N/A

3.21 (2.06 to 5.00)

<.001

2,181,870

N/A

N/A

0.98 (0.63 to 1.53)

.92

N/A

18.93

N/A

.002

3.35 (1.61)

HDI
0.683-0.850

K-Wb test

g

Socioeconomic vulnerability
RGS

M-Wa test

Guimarães et al

0.779 (0.04)

Social distancing
Sex
Male

0.96 (0.19)

Female

0.99 (0.11)

Education level
Middle and high school

0.98 (0.13)

Higher/postgraduate

0.98 (0.14)

Age (years)
18-19

0.97 (0.16)f,h

N/A

N/A

20-29

0.99 (0.11)f

N/A

N/A

30-39

0.97 (0.16)f,h

N/A

N/A

40-49

0.98 (0.14)f,h

N/A

N/A

50-59

0.99 (0.12)f

N/A

N/A

≥60

0.95 (0.22)h

N/A

N/A

18-83

34.57 (14.01)

–0.03 (–0.06 to 0.00)

.03

Socioeconomic vulnerability
RGS

0.98 (0.13)

Not RGS

0.98 (0.14)

People in residence (n)
1-40

N/A

N/A

0.96 (0.55 to 1.63)

.88

N/A

N/A

–0.02 (–0.05 to 0.01)

N/A

.16

N/A

N/A

–0.01 (–0.04 to 0.02)

N/A

.42

1,803,511

N/A

N/A

7.1 (1.06 to 92.31)

.50

2,010,310

N/A

N/A

0.95 (0.15 to 6.09)

<.001

N/A

37.61

N/A

<.001

3.35 (1.61)

HDI
0.683-0.850

1,507,802

0.779 (0.04)

Prevention
Sex
Male

10.21 (1.03)

Female

10.25 (0.94)

Education level
Middle and high school

10.16 (1.01)

Higher/postgraduate

10.32 (0.91)

Age (years)
18-19

10.05 (1.01)

N/A

N/A

20-29

10.35 (0.85)

N/A

N/A
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Variables

M-Wa test

Mean (SD)

Guimarães et al
K-Wb test

Spearman r (95% CI) ORc (95% CI)

P value

30-39

10.17 (1.03)

N/A

N/A

40-49

10.25 (0.90)

N/A

N/A

50-59

10.15 (1.06)

N/A

N/A

≥60

10.07 (1.29)

N/A

N/A

18-83

34.57 (14.01)

–0.03 (–0.06 to 0.00)

.07

Socioeconomic vulnerability
RGS

10.17 (0.95)

Not RGS

10.26 (0.97)

People in residence (n)
1-40

N/A

N/A

0.00 (0 to 3.51)

<.001

N/A

N/A

0.01 (–0.02 to 0.04)

N/A

.54

N/A

N/A

0.10 (0.03 to 0.09)

N/A

<.001

1,680,078

N/A

N/A

1.25 (1.01 to 1.56)

<.001

1,981,133

N/A

N/A

1.69 (1.37 to 2.08)

<.001

N/A

110.10

N/A

<.001

3.35 (1.61)

HDI
0.683-0.850

1,407,623

0.779 (0.04)

Grouped variables
Sex
Male

33.55 (2.45)

Female

33.86 (2.42)

Education level
Middle and high school

33.56 (2.55)

Higher/postgraduate

33.99 (2.28)

Age (years)
18-19

33.27 (2.41)

20-29

N/A

N/A

34.21 (2.11)h

N/A

N/A

30-39

33.69 (2.57)g

N/A

N/A

40-49

33.63 (2.57)f,g

N/A

N/A

50-59

33.32 (2.58)f,k

N/A

N/A

≥60

32.92 (2.84)k

N/A

N/A

18-83

34.57 (14.01)

–0.10 (–0.12 to –0.05)

<.001

Socioeconomic vulnerability
RGS

33.39 (2.53)

Not RGS

33.88 (2.39)

People in residence (n)
1-40
HDI
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f,k

1,334,021

N/A

N/A

1.50 (1.19 to 1.87)

<.001

N/A

N/A

–0.02 (–0.05 to 0.01)

N/A

.26

N/A

N/A

0.10 (0.07 to 0.13)

N/A

<.001

3.35 (1.61)
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Variables
0.683-0.850
a

Mean (SD)

M-Wa test

Guimarães et al
K-Wb test

Spearman r (95% CI) ORc (95% CI)

P value

0.779 (0.04)

M-W: Mann-Whitney.

b

K-W: Kruskal-Wallis.

c

OR: odds ratio.

d

N/A: not applicable.

e

Italics indicate statistically significant difference.

f

Statistically significant difference between these groups.

g

Statistically significant difference between these groups.

h

Statistically significant difference between these groups.

i

RGS: receiving government support.

j

HDI: Human Development Index.

k

Statistically significant difference between these groups.

With regard to sex, women had a better understanding and
greater knowledge about transmission (0.60% more; P=.01)
and risk groups (2.65% more; P<.001), with no difference in
odds ratios. Regarding the understanding of the importance of
social distancing, in addition to a better average of female
performance (3.13% more; P<.001), there was also a higher
probability of low performance for men (OR 3.21, 95% CI
2.06-5.00). A similar result was observed when the average
score of all parameters was grouped, with a better average
accuracy by women (P<.001) and a greater probability of
incorrect responses by men (OR 1.69, 95% CI 1.01-1.56; Table
3).
When the population’s perception about COVID-19 was
assessed taking into account the education level, no significant
differences were found between the groups concerning
knowledge about symptoms, actions in case of suspected
SARS-CoV-2 infection, and social distancing (all P>.05). On
the other hand, the higher education and postgraduate group
obtained a better average for knowledge about transmission
(1.50% more; P<.001), risk groups (2.27% more; P<.001), and
prevention (1.57% more; P<.001). When the average scores of
all parameters were grouped, the higher/postgraduate group had
a better average performance (P<.001), and the middle and high
school group had a higher probability of lower performance
(OR 1.69, 95% CI 1.37-2.08; Table 3).
The age of the participants influenced the understanding and
comprehension of all COVID-19 health education indicators
(all P<.05). The younger participants had a better understanding.
In addition, a negative and significant correlation (all P<.05)
was observed in relation to knowledge about transmission,
symptoms, conduct in suspected infection, risk groups, and
social distancing. On the other hand, concerning the indicator
of prevention, no significant correlation was observed (all
P>.05). After grouping the average scores for all parameters,
the negative and significant correlation between age and
percentage of correct answers was maintained (P<.001), with
the greatest average difference observed in the group 60 years
and older, and in the group aged 20-29 years (percentage of
correct answers 3.92% higher; P<.001; Table 3).
The influence of socioeconomic vulnerability on the
population’s perception of COVID-19 was estimated through
http://publichealth.jmir.org/2021/1/e24756/
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the investigation of participants who received or did not receive
any type of financial support or resource from the government
during the pandemic. Regardless of whether or not they received
any financial support, no statistically significant differences
were found with regard to the understanding of conduct in case
of suspected SARS-CoV-2 infection (P=.11), risk groups
(P=.06), and the importance of social distancing (P=.88). On
the other hand, a higher percentage of correct answers was
observed in the population with better socioeconomic conditions
for knowledge about transmission (percentage of correct answers
1.66% higher; P<.001), symptoms (percentage of correct
answers 2.48% higher; P<.001), prevention (percentage of
correct answers 0.88% higher; P<.001), or even when the
average scores of all parameters were grouped (percentage of
correct answers 1.47% higher; P<.001). In addition, a greater
probability for a lower percentage of correct answers was
observed among people with socioeconomic vulnerability
regarding symptoms (OR 2.61, 95% CI 1.30-5.16) and when
the average scores of all parameters were grouped (OR 1.50,
95% CI 1.19-1.87; Table 3).
The relationship between the number of people per household
and correct answers was also assessed; however, no statistically
significant association was found for any of the examined
questions (all P>.05). Correlations were also investigated
regarding the HDI and the percentage of correct answers.
Positive and significant correlations (all P<.001) were found in
all evaluated variables, except for knowledge about risk groups
(P=.50; Table 3).
Taking into account the vast territorial extent of Brazil and its
cultural, climatic, and political influences, among others, we
also evaluated the possible differences in correct answers of
questions related to health education on COVID-19 by region
(Table 4). Regardless of region, a significant percentage of the
respondents answered questions incorrectly about COVID-19.
In the specific cases of knowledge about the main risk groups
and social distancing, the percentage of incorrect responses was
similar in all regions (average incorrect responses 15.62% and
2.40%, respectively). Knowledge of the population in each
region, on the other hand, about transmission, symptoms,
conduct in cases of suspected infection, prevention, and the
average score of all variables together showed significant
differences between regions (Table 4).
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Table 4. Sample statistical analysis based in geopolitical regions.
Variables

North

Northeast

Central-West

Southeast

South

<.001 b

Transmission
Mean (SD)

6.57 (0.74)c

6.62 (0.71)d

6.68 (0.72)e

6.79 (0.53)f

6.64 (0.70)g

CVh (%)

11.34

10.72

10.77

7.88

10.52

Reduction (%)

–6.14

–5.43

–4.57

–3.00

–5.14

Symptoms

<.001

Mean (SD)

6.38 (1.12)c

6.53 (1.06)c,e

6.45 (1.10)c,e

6.64 (1.03)d,e

6.60 (1.13)e

CV (%)

17.57

16.24

17.00

15.55

17.13

Reduction (%)

–29.11

–27.44

–28.33

–26.22

–26.67

Conduct in cases of suspected infection

<.001

Mean (SD)

0.67 (0.47)c

0.74 (0.44)d

0.72 (0.45)c,d

0.86 (0.39)e

0.77 (0.42)d

CV (%)

70.84

58.70

61.76

40.51

54.40

Reduction (%)

–33.00

–26.00

–28.00

–14.00

–23.00

Risk groups

.52

Mean (SD)

8.32 (1.40)

8.42 (1.35)

8.50 (1.20)

8.50 (1.21)

8.45 (1.36)

CV (%)

16.79

16.06

14.11

14.23

16.15

Reduction (%)

–16.80

–15.80

–15.00

–15.00

–15.50

Social distancing

.28

Mean (SD)

0.98 (0.14)

0.98 (0.13)

0.96 (0.19)

0.98 (0.13)

0.98 (0.13)

CV (%)

14.69

13.25

19.42

13.18

13.80

Reduction (%)

–2.00

–2.00

–4.00

–2.00

–2.00

Prevention

<.001

Mean (SD)

10.03 (1.12)c

10.19 (0.98)c

10.06 (1.08)c

10.33 (0.89)d

10.19 (1.02)c

CV (%)

11.19

9.60

10.72

8.65

9.99

Reduction (%)

–8.82

–7.36

–8.55

–6.09

–7.36

Grouped variables

a

P value (K-Wa test)

<.001

Mean (SD)

32.94 (2.78)c

33.48 (2.56)d,e

33.37 (2.42)c,e

34.10 (2.20)f

33.64 (2.62)d

CV (%)

8.44

7.64

7.27

6.44

7.79

Reduction (%)

–15.54

–14.15

–14.44

–12.56

–13.74

K-W: Kruskal-Wallis.

b

Italics indicate statistically significant difference.

c

Statistically significant difference between these groups.

d

Statistically significant difference between these groups.

e

Statistically significant difference between these groups.

f

Statistically significant difference between these groups.

g

Statistically significant difference between these groups.

h

CV: coefficient of variation.

Respondents from the North region of Brazil had the highest
percentage of wrong answers on transmission (6.14%), followed
by those from the Northeast (5.43%), South (5.14%),
Central-West (4.57%), and Southeast (3%). Respondents from
the North region also presented a higher percentage of wrong
answers on questions about the symptoms (29.11%), conduct
to be taken in case of suspected infection (33%), prevention
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(8.82%), and when all the variables were grouped (15.54%).
The Northeast was the second region in the number of wrong
answers about COVID-19, with percentage of incorrect
responses of 27.44%, 26%, 7.36%, and 14.15% for symptoms,
conduct in cases of suspected infection, prevention, and when
all variables were grouped, respectively. The Central-West was
third in percentage of wrong answers with 28.33%, 28%, 8.55%,
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and 14.44% for symptoms, conduct in case of suspected
infection, prevention, and when all variables were grouped,
respectively. Meanwhile, the South had percentage of incorrect
responses of 26.67%, 23%, 7.36%, and 13.74% for symptoms,
conduct in case of suspected infection, prevention, and grouping
of all variables, respectively. On the other hand, the Southeast
had the lowest percentage incorrect responses, with percentages
of 26.22%, 14.00%, 6.09%, and 12.56% for symptoms, conduct
in case of suspected infection, prevention, and grouping the
average score of all parameters, respectively (Table 4).

link followed the form until its completion. This low adherence
was expected due to, among other reasons, the fact that the
metrics are proportional to the perception of the institution’s
credibility [25]. Thus, as science in Brazil still has a lack of
credibility among the population, especially due to problems
of communication between science and the practical
appropriation of the scientific knowledge, it was already
expected that there would be a minority of responses in relation
to the total number of individuals impacted by the dissemination
[26].

Discussion

Main Findings

Sample Data
We assessed the Brazilian population’s basic knowledge about
COVID-19. To this end, an online survey was made available
that allowed people 18 years or older and who use social media
for communication and information to test their knowledge
about the disease and infection. The findings were elucidating,
as this method of gathering information allowed for the
evaluation of people from different regions of Brazil, different
social groups, of different ages, and with different education
levels (ranging from people with only basic education to people
with graduate degrees). The survey respondents were
predominantly female, young (younger than 40 years), from the
Southeast region, and composed of people who did not receive
government assistance. Women’s greater concern with health
[22] and the massive use of social media by young individuals
with better social and economic conditions are aspects that may
explain the predominant final configuration of the findings [23].
In general, the respondents presented satisfactory basic
knowledge about COVID-19, scoring an average of 86.59% of
the maximum possible survey score but with statistically
significant differences depending on the question, group, or
region analyzed. That is, there were differences in the groups
analyzed that showed that knowledge about the disease, although
reasonable, differed depending on the respondent. Similar
studies in other countries have been carried out and have
presented participants with characteristics close to those obtained
in our study, that is, satisfactory basic knowledge of the disease
but with inequalities depending on the analyzed group
[7,11,15,24]. This was the case in a study carried out in China
[7], in which participants scored an average of 90% of the total
possible score with a predominantly young female sample and
with just over half of the interviewees having completed
undergraduate and graduate courses.
With respect to social media disseminating metrics, a total of
R $803.76 (US $155.77) were invested so that 5908 clicks on
the form link could be reached. This means, on average, that R
$0.14 (US $0.03) per click was spent. A total of 239,414 people
were reached, generating 349,320 impressions. That is, 2.47%
of the people who were reached with the dissemination accessed
the link. These metrics show that despite a relatively low
investment per click, searches for paid ads like this arouse the
interest of a minority of the people reached. Considering that
the research producers also collaborated on disseminating the
form on social media, we observed that it was filled out by 4180
participants, meaning that not all of those who clicked on the
http://publichealth.jmir.org/2021/1/e24756/
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As illustrated in Figure 3, there was a statistical difference
among the number of correct answers according to the
investigated question. More correct answers were recorded on
questions related to the importance of social distancing,
treatment, and prevention. We observed that, similarly, these
same items were answered correctly in the United States, China,
Pakistan, the United Kingdom, and India [6,7,11,24], showing
that these are issues with global levels of comprehension. The
lowest scores occurred on questions concerned with knowledge
about the symptoms of the disease, risk groups, and conduct
for patients suspected of infection. Participants overestimated
shortness of breath, did not recognize some risk groups such as
pregnant women, and demonstrated more misconceptions
regarding the conduct in suspected cases. This difference,
depending on the questioned item, was also found by other
studies in other countries. However, the wrong questions vary;
in Brazil, as described, the question with the fewest correct
answers was that related to symptoms, while in a survey carried
out in Pakistan [24], the question related to transmission
received the fewest correct answers. This indicates that these
different scores may depend on the specific aspect about
COVID-19 being investigated, and these aspects may vary
according to the country studied.
In our research, as shown in Table 3, the three symptoms that
the respondents most believed to be connected with COVID-19
were fever, dry cough, and shortness of breath. The first two
symptoms are correct; however, the third is not: shortness of
breath has occurred in a minority of COVID-19 cases, and the
correct response alternative would be the symptom of fatigue
[27]. Although symptoms such as diarrhea, skin wounds,
vomiting, stuffy nose, shortness of breath, headache, and loss
of taste or smell may be present, they are less frequent [27].
Because the question was limited to the three most common
symptoms (persistent tiredness, fever, and cough), the
alternatives that encompassed these less common symptoms
were false. It is important to note that when checking the
answers participants were informed that, although these other
symptoms were not the most frequent, they could show up.
Research conducted in India, the United Kingdom, and the
United States [10,13] showed a similar situation (ie, the
replacement of fatigue by shortness of breath as one of the three
main symptoms of the disease). The media dissemination of
more serious cases and of deaths related to shortness of breath,
hospitalization, and the use of pulmonary ventilators may have
led the general population to believe that dyspnea is a common
manifestation of the disease. It is important to note that this
perception can negatively influence people’s behavioral conduct
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and create a dualistic view of COVID-19 (ie, it can lead
individuals to believe that they are infected only when shortness
of breath is present; otherwise, they are healthy, which is not
entirely true). In other words, this perception can be worrying
in relation to milder and asymptomatic cases, which normally
do not exhibit shortness of breath. In the absence of the
manifestation of this symptom, these groups may not conduct
themselves appropriately because they believe they are not
infected, thereby becoming potential transmitters of the disease.
The second question that received the most incorrect answers
was related to a patient’s conduct in case of suspected
SARS-COV-2 infection. In Brazil, the Ministry of Health has
relayed that in case of suspected COVID-19, individuals need
to stay at home in isolation and only seek health services in
certain situations such as when symptoms are more severe. This
course of action is in line with the recommendations of the
World Health Organization. However, at the beginning of the
pandemic, the increased concern of the population caused
hospitals to be filled with people with mild symptoms who
sought medical care even though their chances of complications
were low, for they neither were from risk groups nor had
worrying symptoms. This overload ended up bringing crowds
to health services, including people without COVID-19 who
were concerned with any sign common to the disease,
contributing to the spread of the virus in the population. Surveys
conducted in China and India [7,10], places where the same
course of action has also been endorsed by their governments,
have had participants show high levels of correctness in answers.
This means that, regarding one’s conduct in case of suspected
COVID-19 infection, efforts to disseminate the relevant correct
information have resulted in a relatively adequate awareness
among the population; however, in Brazil, it seems that it is
necessary to reinforce this awareness.
The third question that received the most incorrect answers was
related to identifying risk groups among the general population
who were more likely to deal with the most severe forms of the
disease. Some risk groups were adequately recognized by the
4180 participants; however, other risk groups were less
recognized, as was the case for people with heart or kidney
problems (n=2806, 67.13%), people with cancer (n=2668,
63.83%), and pregnant women (n=1531, 36.63%). At the
beginning of the pandemic, there was still no certainty about
the inclusion of pregnant women in the risk group. Months later,
the Brazilian Ministry of Health officially included this part of
the population in this group. It is possible that this initial
confusion may have influenced the correct recognition of risk
groups. This factor may have a negative impact by decreasing
the precaution around these groups, which require more
attention. In China and Pakistan [7,24], older adults, people
who are obese, and patients with chronic diseases have also
been recognized by several studies as being the most common
risk groups. In the United States and the United Kingdom [13],
older adults were also recognized as a risk group, followed by
adults with health problems. However, 53.8% of Americans
and 39.1% of British people also recognized children as a risk
group, which, from a scientific point of view, is incorrect [28].
People therefore more easily recognize important risk groups
such as older adults and people with chronic diseases. However,
http://publichealth.jmir.org/2021/1/e24756/

XSL• FO
RenderX

Guimarães et al
others are being forgotten, such as pregnant women in Brazil,
or are being incorrectly assigned, such as children in the United
States and the United Kingdom. With regard to the questions
that were answered correctly the most in our research (ie, those
regarding prevention, transmission, and social distancing), we
observed similar items in surveys conducted in China, India,
Pakistan, the United Kingdom, and the United States, and the
findings of these surveys showed that their participants’
comprehension levels had already reached that of many nations
in the world [7,10,13,24].
Regarding sex, women obtained more correct answers than men
in the questions on general knowledge about COVID-19—a
finding that conflicts with the literature: in the United States
and the United Kingdom [14], no difference in the correctness
of survey answers was observed between men and women. In
Pakistan [24], men were more correct than women; in China
[7], as well as in Brazil, women were more correct than men.
The lack of similarity in findings among countries and the
differences between the sexes seem to indicate that our findings
with respect to sex may be underdetermined by other
characteristics including economic, social, and cultural
development. We also separated the study participants as
undergraduates, graduates, and those who were neither. In this
sense, participants who had higher educational qualifications
were observed to be better informed about the disease and
infection. In China and Pakistan [7,24], similar findings were
found, indicating that a higher level of education indicates a
higher level of knowledge about COVID-19. These findings
underscore that investments in education (in addition to
contributing to scientific development) create a more informed
population, as is the case with regard to COVID-19 and,
moreover, any disease that may affect the general population,
whether as a pandemic or not.
Differences were identified when the participants were grouped
by age, with the younger participants tending to have more
correct answers than those who were older, especially when
comparing older adults with individuals aged 20-29 years. In
Pakistan, this correlation was also found [24], but in China [7],
this was not the case; older adults were the second most
successful group. Although our data do not correspond
worldwide, it is possible that in some countries younger
individuals, who tend to have had earlier experience with the
internet and social networks, have a more critical perception
with the information conveyed on social networks.
Concerning the aspects of socioeconomic vulnerability, HDI,
and regional differences, no research was found in the literature
that has investigated these aspects. Thus, we consider our study
findings to be unique and important in more accurately
understanding people’s knowledge of the pandemic. The
information we have obtained evidences the reasoning that more
socioeconomically advanced groups have greater knowledge
about COVID-19. That is, a correlation was found between the
lack of government assistance and the highest HDI in the region
with the largest number of correct answers regarding COVID-19.
In practical terms, development and income may be predictors
for better levels of access to and interpretation of information,
including those related to COVID-19, thus enabling a better
understanding of the disease.
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The different regions of the country had different levels of
success, which reflects the important social and economic
differences between the regions [29]. This highlights the need
to develop specific public policies for each location, with greater
emphasis on conduct awareness in case of suspected infection
in the North region and identification of the main symptoms in
other regions of the country.

Practical Applications
It is important to consider that one of the key points that began
this research was the significant spread of fake news, conspiracy
theories, and contradictory orientations among the population.
Fake news is not a phenomenon exclusive to the COVID-19
pandemic; it has been verified in other contexts, especially in
political elections [30]. However, in the pandemic, their impact
can be dramatic; when spread in a sustained manner, they have
a disruptive effect on the preventive measures necessary to
combat COVID-19. With less prevention, more people become
contaminated, greater overload occurs in the health system, and
consequently, more deaths are accounted. This is especially
problematic in Brazil, a transitional country whose public health
system has a burden of diseases and lack of resources [31].
In Brazil, studies have indicated that 9 out of 10 people have
read or heard at least one source of false information about
COVID-19, while 7 out of 10 believe in at least one
uninformative source about the disease [32]. This significant
proportion of misinformation is not a mere disinterested product
without scientific knowledge. Fake news has several purposes
in validating points of view that are incompatible with science
but serve political, economic, and even criminal interests. As
fake news spreads six times faster than true information,
producers can create this content to generate network traffic for
financial return with advertising, or there may even be scams
asking for money for respected scientific institutions to fight
COVID-19 [32,33].
However, when analyzing the study population, it was possible
to verify that there is a satisfactory knowledge about COVID-19
when true information and fake news are mixed. Participants
demonstrated that they were able to differentiate the two types
of information. Thus, although more studies are needed, it is
possible to suggest that the impact of fake news on the
knowledge of COVID-19 in the population of our study was
limited. This does not mean that fake news has a limited impact
on the Brazilian population in general, as this study did not fully
analyze it nor did it select all the fake news that exists among
the population; only a few of the main ones selected by the
Brazilian Ministry of Health were used, and their verification
had already been made public in advance. This result shows a
certain effectiveness in campaigns against the Brazilian
government’s lack of information at the beginning of the
pandemic and underscores the importance of continuing this
action. In spite of this, it is necessary to consider that the
knowledge assessed was considered basic, that is, excessively
technical aspects of a complex disease such as COVID-19 were
not addressed. The alternatives were based on practical aspects
disclosed by the Ministry of Health that the population could
use in their daily life.
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Nevertheless, even with the good theoretical knowledge
demonstrated by the population of this study, the practice is still
not represented in the population’s behavior. In Brazil, the
practice of social distancing is unsatisfactory; agglomeration
cases are recurrent; and, although efficient, preventive measures
still do not show significant adherence by the population [34].
Thus, there is a gap between theorical knowledge and
satisfactory practice. In a way, this shows that the problem of
a lack of adherence to preventive measures cannot be attributed
exclusively to fake news. In other words, the lack of knowledge
is not the only factor that impacts the generation of an effective
practice against the pandemic in Brazilians who use social
networks. To consolidate the practice of fighting COVID-19,
in addition to producing knowledge, it is necessary to provide
more conditions for its practical implementation. The need to
investigate and to correct other social, political, economic, and
cultural conditions that are preventing a disciplined coping with
the pandemic is evident, not exclusively attributing the
responsibility for low public engagement to the fake news.
In addition, our findings are useful to political authorities,
journalistic or media groups, and even to social media. This is
because the findings unfolded here diagnose some weak spots
in the population’s knowledge about COVID-19. Despite how
satisfactory the general knowledge of the disease may be,
failures were observed in certain groups such as men, older
adults, and undereducated people; in locations such as those
with the lowest HDI; and in aspects of the disease, such as the
most common symptoms, conduct in suspected cases, and
identification of risk groups. Some of these findings have even
been confirmed in studies from other countries, showing a
similarity that goes beyond continents. Ultimately, public and
private institutions responsible for informing the population
need to focus their efforts on these shortcomings.
We also demonstrated that investments in education and
socioeconomic improvements can have a positive impact on
the knowledge and actions of the population, which can be
useful not only in coping with COVID-19 but also in other
diseases or possible future pandemics. These two pillars, in
addition to allowing investigations that improve the effort to
fight and treat the disease, are themselves capable of educating
citizens more immune to fake news.

Limitations
Online surveys have some limitations. Participants, for example,
could search for answers on the internet or choose random
alternatives to quickly complete the questionnaire that would
impair some of the data.
As this study had no deadline and was voluntary and
anonymous, participants were free in their decision to engage.
They were also warned that their knowledge would not be
exposed, leaving them more comfortable to answer the
questions, avoiding any related bias. Despite this and taking
into account the state of the pandemic and social isolation in
Brazil, dissemination through social media through a form by
Google Forms proved to be a viable solution for assessing
knowledge about COVID-19.
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The findings of this study only apply to people who use social
platforms, can read and write, present some level of knowledge
about the pandemic, and have compatible electronic equipment
to answer the survey. In other words, Brazil is a country that
still has a high rate of illiteracy [35], and a large portion of the
population does not have the internet and equipment necessary
to access the online survey. Thus, although the survey findings
represent an important portion of the population, it cannot be
generalized as being applicable to the entire Brazilian
population. In addition, the survey was optional, which may
indicate that a large part of the responses came from participants
with a greater interest in information concerning the disease.
This could have an influence in the participants’ good
performance. To reduce this limitation, we sought to evaluate
a high number of participants, which eventually brought greater
representativeness to the sample.
Finally, for this publication, the questionnaire data were
translated from Portuguese (the official language of Brazil) into
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English. Some translation problems could change certain
interpretations of sentences. To avoid that, we submitted the
revised version of the manuscript to a professional academic
English editing service.

Conclusions
The Brazilian population with access to social networks
demonstrated satisfactory basic knowledge about COVID-19.
Despite this, there were differences among the issues, groups
analyzed, and regions of the country. In general, participants
had better knowledge about prevention, transmission, and social
distancing but made more mistakes in identifying the main
symptoms, risk groups, and correct conduct in cases of infection.
Better performances were also observed among women, young
people between 20 and 29 years of age, undergraduates and
graduates, and those who did not receive any type of government
assistance. In addition, a positive correlation was identified
between the best HDI and the level of knowledge about the
disease.
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Abstract
Background: COVID-19 has disproportionately affected older adults and certain racial and ethnic groups in the United States.
Data quantifying the disease burden, as well as describing clinical outcomes during hospitalization among these groups, are
needed.
Objective: We aimed to describe interim COVID-19 hospitalization rates and severe clinical outcomes by age group and race
and ethnicity among US veterans by using a multisite surveillance network.
Methods: We implemented a multisite COVID-19 surveillance platform in 5 Veterans Affairs Medical Centers located in
Atlanta, Bronx, Houston, Palo Alto, and Los Angeles, collectively serving more than 396,000 patients annually. From February
27 to July 17, 2020, we actively identified inpatient cases with COVID-19 by screening admitted patients and reviewing their
laboratory test results. We then manually abstracted the patients' medical charts for demographics, underlying medical conditions,
and clinical outcomes. Furthermore, we calculated hospitalization incidence and incidence rate ratios, as well as relative risk for
invasive mechanical ventilation, intensive care unit admission, and case fatality rate after adjusting for age, race and ethnicity,
and underlying medical conditions.
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Results: We identified 621 laboratory-confirmed, hospitalized COVID-19 cases. The median age of the patients was 70 years,
with 65.7% (408/621) aged ≥65 years and 94% (584/621) male. Most COVID-19 diagnoses were among non-Hispanic Black
(325/621, 52.3%) veterans, followed by non-Hispanic White (153/621, 24.6%) and Hispanic or Latino (112/621, 18%) veterans.
Hospitalization rates were the highest among veterans who were ≥85 years old, Hispanic or Latino, and non-Hispanic Black (430,
317, and 298 per 100,000, respectively). Veterans aged ≥85 years had a 14-fold increased rate of hospitalization compared with
those aged 18-29 years (95% CI: 5.7-34.6), whereas Hispanic or Latino and Black veterans had a 4.6- and 4.2-fold increased rate
of hospitalization, respectively, compared with non-Hispanic White veterans (95% CI: 3.6-5.9). Overall, 11.6% (72/621) of the
patients required invasive mechanical ventilation, 26.6% (165/621) were admitted to the intensive care unit, and 16.9% (105/621)
died in the hospital. The adjusted relative risk for invasive mechanical ventilation and admission to the intensive care unit did
not differ by age group or race and ethnicity, but veterans aged ≥65 years had a 4.5-fold increased risk of death while hospitalized
with COVID-19 compared with those aged <65 years (95% CI: 2.4-8.6).
Conclusions: COVID-19 surveillance at the 5 Veterans Affairs Medical Centers across the United States demonstrated higher
hospitalization rates and severe outcomes among older veterans, as well as higher hospitalization rates among Hispanic or Latino
and non-Hispanic Black veterans than among non-Hispanic White veterans. These findings highlight the need for targeted
prevention and timely treatment for veterans, with special attention to older aged, Hispanic or Latino, and non-Hispanic Black
veterans.
(JMIR Public Health Surveill 2021;7(1):e24502) doi:10.2196/24502
KEYWORDS
veteran; COVID-19; hospitalization; outcome; fatality; mortality; prevention; at-risk

Introduction

Methods

COVID-19 has been found to be more prevalent in older adults,
men, and those with certain underlying comorbidities, thereby
resulting in higher rates of hospitalization and deaths among
these groups [1,2]. The COVID-19 burden has also
disproportionately affected certain racial and ethnic groups in
the United States, including non-Hispanic Black, Hispanic or
Latino, and American Indian or Alaska Native persons [3].

Study Population

Over 9 million veterans (defined here as former members of
the armed forces) are enrolled in the Veterans Affairs
(VA)–integrated health care program [4]. These US veterans
constitute a population that is older, is predominantly male, has
a high rate of chronic medical conditions, and has a higher
representation from certain racial and ethnic groups compared
with the general population. We built a COVID-19 surveillance
system on the infrastructure of SUPERNOVA (Surveillance
Platform for Enteric and Respiratory Infectious Organisms in
the Veterans Affairs population), a population-based platform
that captures information on cases of veterans with acute
gastroenteritis and acute respiratory illness [5] from 5 VA
Medical Centers (VAMCs) located in Atlanta, Georgia; Bronx,
New York; Houston, Texas; Los Angeles, California; and Palo
Alto, California. This surveillance system helps understand the
epidemiology, hospitalization rates, and underlying medical
conditions among these US veterans. There are limited studies
describing the impact of COVID-19 on this specific population,
but recently published articles indicate that although higher
rates of hospitalization and severe outcomes are not observed
among Black and Hispanic veterans, they are more likely to test
positive for COVID-19 and have higher risks for sepsis and
respiratory, neurologic, and renal in-hospital complications than
White veterans [6-9]. The objective of this study was to describe
the interim COVID-19 hospitalization rates, severe outcomes,
and prevalence of underlying medical conditions by age group
and race and ethnicity among veterans in this network.
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SUPERNOVA sites served 396,280 unique veterans in
outpatient and inpatient settings in the fiscal year 2019 (Atlanta:
n=118,258; Bronx: n=24,116; Houston: n=109,890; Los
Angeles: n=82,574; and Palo Alto: n=61,442). The veteran
catchment population at these sites was 32% (126,188/396,280)
non-Hispanic Black, 47% (186,174/396,280) non-Hispanic
White, and 11% (42,098/396,280) Hispanic or Latino. The
overall median age of the veterans in the catchment population
was 64 years, and 87% (342,944/396,280) of all veterans were
male.

Screening and Data Abstraction
To identify eligible patients for COVID-19 surveillance, trained
research personnel screened admission logs and diagnoses [5],
lists of patients being tested for COVID-19, and the results from
respiratory specimens submitted for testing. Patients were
eligible for inclusion in this study if they were admitted to the
VAMC and had a positive molecular test for SARS-CoV-2
within 14 days prior to admission or during hospitalization.
COVID-19 testing was ordered by clinicians either prior to or
during hospitalization, and tests were conducted at the hospital
or at public or commercial laboratories serving each VAMC.
Data were manually summarized from patients’ electronic
medical charts. Research personnel reviewed the patient’s entire
hospitalization course such as admission and discharge notes;
International Classification of Diseases, Tenth Revision, Clinical
Modification (ICD-10-CM) discharge codes; and problem lists
to identify patients with any underlying medical conditions on
a prespecified list. The complete list of variables for abstraction
included over 140 underlying medical conditions grouped into
10 categories. Therefore, for rapid abstraction and analyses, the
data abstraction for this report was intentionally limited to the
underlying medical conditions (ie, chronic kidney disease,
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chronic obstructive pulmonary disease (COPD), coronary artery
disease, heart failure, hypertension, diabetes, and obesity) that
had been identified from surveillance early during the pandemic
as being more prevalent among hospitalized COVID-19 patients
[10]. This report presents data analyzed for patients admitted
from February 27 to July 17, 2020, and their clinical outcomes
available through July 31, 2020.

Statistical Analysis
Hospitalization incidence per 100,000 person-years among
veterans was calculated based on previously published methods
by using the catchment population of unique individuals served
at each facility [11]. Severe clinical outcomes were defined as
patients requiring invasive mechanical ventilation, admission
to an intensive care unit, or deaths among hospitalized patients.
Binomial regression was used to generate incidence rate ratios
and 95% CIs for hospitalization rates, and relative risks and
95% CI for severe outcomes. All models were adjusted for age
and race and ethnicity; outcome models were also adjusted for
the number of underlying medical conditions.
Case fatality rate (CFR) was calculated as a 14-day moving
average. We plotted the distribution of cases and compared the
CFR over 2 time periods: one early during the pandemic and
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one later in the summer months. Patients who were still
hospitalized were excluded from the analysis. Differences
between groups and time periods were compared by chi-square
tests and considered significant if P<.05.

Ethical Review
This study was reviewed, informed consent was waived, and a
final approval was obtained by 5 VA sites, research and
development committees, and the Centers for Disease Control
and Prevention institutional review board(s).

Results
From February 27 through July 17, 2020, a total of 621
laboratory-confirmed, hospitalized COVID-19 cases were
identified at the 5 VAMCs. As of July 31, 2020, 27 of the 621
(4.3%) patients continued to remain hospitalized. These cases
initially peaked in late March and April 2020, before declining
and then plateauing in May and June, and then increased again
in the latter half of June and early July, with the highest peak
in new hospital admissions recorded on July 1, 2020 (Figure
1). The CFR among patients whose hospitalization was
completed was higher from February 27 to May 31 (75/343,
21.9%) than from June 1 to July 17 (30/251, 12%; P<.01).

Figure 1. Epidemic curve of hospitalized COVID-19 cases and case fatality rate for US veterans at 5 Veterans Affairs Medical Centers by hospital
admission date, from February 27 to July 17, 2020. Case fatality rate represents a 14-day moving average. Rate suppressed prior to March 12, 2020,
due to low case counts (n≤3).

The Bronx VAMC had the highest number of hospitalized
veterans diagnosed with COVID-19 (166/621, 27%), followed
by Atlanta (157/621, 25%), Houston (156/621, 25%), Los
Angeles (105/621, 17%), and Palo Alto (37/621, 6%). Across
all VAMCs, the patients’ median age was 70 years, with 66%
(408/621) of the patients aged ≥65 years and 94% (584/621),
male. The highest percentage of hospitalizations due to
confirmed COVID-19 diagnoses were among non-Hispanic
Black veterans (325/621, 52.3%), followed by non-Hispanic
http://publichealth.jmir.org/2021/1/e24502/
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White (153/621, 24.6%), Hispanic or Latino (112/621, 18%),
non-Hispanic Asian (9/621, 2%), non-Hispanic American Indian
or Alaskan Native (5/621, 1%), and non-Hispanic Native
Hawaiian or Pacific Islander (2/621, 0.3%) veterans. About
2.4% (15/621) of all veterans had an unknown race or ethnicity.
The overall hospitalization rate was 205.7 per 100,000
population (Table 1). Hospitalization rates were the highest
among veterans who were aged ≥85 years, Hispanic or Latino,
and non-Hispanic Black (430, 317, and 298 per 100,000,
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respectively). Veterans aged ≥85 years had a 14-fold increased
rate of hospitalization relative to those aged 18-29 years (95%
CI: 5.7-34.6), after adjusting for race and ethnicity. Compared
with non-Hispanic White veterans, Hispanic or Latino veterans

had a 4.6-fold increased rate of hospitalization (95% CI:
3.6-5.9), and non-Hispanic Black veterans had a 4.2-fold
increased rate of hospitalization (95% CI: 3.4-5.1), after
adjusting for age.

Table 1. Distribution characteristics, incidence rates, and adjusted incidence rate ratios of US veterans hospitalized with COVID-19—overall, by age,
and by race and ethnicity, at 5 Veterans Affairs Medical Centers from February 27 to July 17, 2020.
Variable

Overall distribution of characteristics, Hospitalization incidence rates, per
n (%)
100,000

Adjusted incidence rate ratios of hos-

621 (100)

205.7

N/Ab

18-29

5 (0.8)

48.4

refc

30-39

21 (3.4)

61.7

1.31 (0.50-3.48)

40-49

37 (6)

121.2

2.25 (0.88-5.74)

50-64

150 (24.2)

190.9

3.68 (1.51-9.00)

65-74

218 (35.1)

238.6

5.89 (2.42-14.32)

75-84

107 (17.2)

282.7

8.16 (3.32-20.06)

≥85

83 (13.4)

429.7

14.00 (5.66-34.63)

<65

213 (34.3)

138.8

ref

≥65

408 (65.7)

274.7

2.65 (2.23-3.15)

Non-Hispanic White

153 (24.6)

96.1

ref

Hispanic or Latino

112 (18)

317.3

4.57 (3.58-5.85)

Non-Hispanic Black

325 (52.3)

297.9

4.18 (3.43-5.10)

Overall

pitalization (95% CI)a

Age range (years)

Age group (years)

Race and ethnicity

a

Incidence rate ratio by age group is adjusted for race and ethnicity; incidence rate ratio by race and ethnicity is adjusted for age.

b

N/A: not applicable.

c

ref: reference group.

Overall, 11.6% (72/621) of the patients required invasive
mechanical ventilation, 26.6% (165/621) were admitted to the
intensive care unit (ICU), and 16.9% (105/621) died while
hospitalized (Table 2). Although the adjusted relative risk for
invasive mechanical ventilation and ICU admission was not
significantly different by age group or by race and ethnicity, an
increased risk of death was observed among older adults.
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Notably, veterans who were aged ≥65 years had a 4.5-fold
increased risk of death while hospitalized with COVID-19
compared with those aged <65 years (95% CI: 2.4-8.6), after
adjusting for race and ethnicity and the number of underlying
medical conditions. Additionally, most deaths were among those
who were aged ≥65 years (94/105, 89.5%), and veterans who
were aged ≥85 years had the highest CFR (33/105, 39.8%).
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Table 2. Prevalence and adjusted relative risk of invasive mechanical ventilation, intensive care unit (ICU) admission, and deaths among US veterans
hospitalized with COVID-19—overall, by age, and by race and ethnicity, at 5 Veterans Affairs Medical Centers from February 27 to July 17, 2020.
Variable

Prevalence of inva- Adjusted relative
Prevalence of ICU
sive mechanical
risk for invasive
admission, n (%)
ventilation, n (%) mechanical ventilation (95% CI)

a

Adjusted relative
Case fatality, n (%) Adjusted relative
risk for ICU admisrisk for case fatalision (95% CI)a

ty (95% CI)a

72 (11.6)

N/Ab

165 (26.6)

N/A

105 (16.9)

N/A

18-29

0 (0)

—c

1 (20)

—

0 (0)

—

30-39

1 (4.8)

—

4 (19)

—

0 (0)

—

40-49

2 (5.4)

—

3 (8.1)

—

1 (2.7)

—

50-64

14 (9.3)

refd

37 (24.7)

refd

10 (6.7)

refd

65-74

31 (14.2)

1.51 (0.81-2.83)

62 (28.4)

1.12 (0.77-1.60)

36 (16.5)

2.65 (1.31-5.37)

75-84

14 (13.1)

1.10 (0.50-2.42)

39 (36.4)

1.34 (0.90-2.00)

25 (23.4)

3.20 (1.52-6.74)

≥85

10 (12)

1.12 (0.48-2.59)

19 (22.9)

0.88 (0.53-1.47)

33 (39.8)

6.28 (3.15-12.54)

<65

17 (8)

refe

45 (21.1)

refe

11 (5.2)

refe

≥65

55 (13.5)

1.48 (0.85-2.59)

120 (29.4)

1.24 (0.90-1.71)

94 (23)

4.50 (2.37-8.56)

16 (10.5)

ref

47 (30.7)

ref

33 (21.6)

ref

Hispanic or Lati- 14 (12.5)
no

1.16 (0.66-2.03)

25 (22.3)

0.90 (0.66-1.21)

19 (17)

0.86 (0.59-1.26)

non-Hispanic
Black

1.38 (0.70-2.69)

84 (25.8)

0.79 (0.52-1.21)

46 (14.2)

0.90 (0.56-1.45)

Overall
Age range (years)

Age group (years)

Race and ethnicity
Non-Hispanic
White

35 (10.8)

a

Relative risk by age group is adjusted for race and ethnicity and the number of underlying medical conditions (chronic kidney disease, chronic obstructive
pulmonary disease, coronary artery disease, heart failure, hypertension, diabetes, and obesity); relative risk by race and ethnicity is adjusted for age and
underlying medical conditions.
b

N/A: not applicable.

c

Due to the small number of cases in the younger age groups, only veterans aged ≥50 years were included in these models.

d

Veterans aged 50-64 years were the reference group for veterans aged 65-74 years, 75-84 years, and ≥85 years.

e

For the models comparing veterans aged <65 years with ≥65 years, all cases and age groups were included (≥18 years) and combined into the 2 age
groups (ie, 18-64 and ≥65 years old). Veterans aged 18-64 years old served as the reference group.

Most patients had at least one of the 7 underlying medical
conditions (547/621, 88.1%) (Table 3). By age group, veterans
who were aged ≥65 years had a higher prevalence of the
following underlying medical conditions than those aged <65
years: chronic kidney disease (104/408, 25.5% vs 30/213,
14.1%; P=.001), COPD (76/408, 18.6% vs 14/213, 6.6%;
P<.001), coronary artery disease (103/408, 25.2% vs 17/213,
8%; P<.001), heart failure (78/408, 19.1% vs 11/213, 5.2%;
P<.001), hypertension (322/408, 78.9% vs 120/213, 56.3%;
P<.001), and diabetes (218/408, 53.4% vs 88/213, 41.3%;
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P=.004). Veterans aged <65 years had a higher prevalence of
obesity than those aged ≥65 years (93/213, 43.7% vs 84/408,
20.6%; P<.001). By race and ethnicity, non-Hispanic Black
veterans (78/325, 24%) had a higher prevalence of chronic
kidney disease than Hispanic or Latino (20/112, 17.9%) and
non-Hispanic White veterans (29/153, 19%; P=.26), whereas
non-Hispanic White veterans had a higher prevalence of COPD
(non-Hispanic White: 40/153, 26.1%; non-Hispanic Black:
32/325, 9.9%; Hispanic or Latino: 15/112, 13.4%; P<.001).
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Table 3. Prevalence of underlying medical conditions among US veterans hospitalized with COVID-19—overall, by age, and by race and ethnicity,
at 5 Veterans Affairs Medical Centers from February 27 to July 17, 2020.
Underlying medical conditions

Overall
(n=621), n
(%)

Age group

Race and ethnicity

<65 years
(n=213), n (%)

≥65 years
(n=408), n (%)

P value

Hispanic or
Non-Hispanic
Latino (n=112), Black (n=325),
n (%)
n (%)

Non-Hispanic
White (n=153), n
(%)

P valuea

547 (88.1)

166 (77.9)

381 (93.4)

<.001

91 (81.3)

287 (88.3)

140 (91.5)

.04

134 (21.6)

30 (14.1)

104 (25.5)

.001

20 (17.9)

78 (24)

29 (19)

.26

COPDd/emphysema

90 (14.5)

14 (6.6)

76 (18.6)

<.001

15 (13.4)

32 (9.8)

40 (26.1)

<.001

Coronary artery
disease

120 (19.3)

17 (8)

103 (25.2)

<.001

27 (24.1)

50 (15.4)

34 (22.2)

.06

Heart failure

89 (14.3)

11 (5.2)

78 (19.1)

<.001

17 (15.2)

44 (13.5)

25 (16.3)

.71

Hypertensione

442 (71.2)

120 (56.3)

322 (78.9)

<.001

74 (66.1)

233 (71.7)

110 (71.9)

.49

Diabetes

306 (49.3)

88 (41.3)

218 (53.4)

.004

56 (50)

166 (51.1)

71 (46.4)

.63

Obesitye

177 (28.5)

93 (43.7)

84 (20.6)

<.001

32 (28.6)

97 (29.8)

40 (26.1)

.70

Any underlying
medical conditionb
Chronic kidney
diseasec

a

Due to the small number of cases in the other race and ethnicity groups (non-Hispanic Asian, non-Hispanic American Indian or Alaskan Native, and
non-Hispanic Native Hawaiian or Pacific Islander), comparisons were limited to the 3 race and ethnicity groups listed in this table.
b

Any of the 7 underlying medical conditions listed in this table.

c

Chronic kidney disease or chronic renal insufficiency.

d

COPD: chronic obstructive pulmonary disease.

e

Presence of hypertension and obesity were not determined based on blood pressure or height and weight measurements during the current hospitalization
but were noted as part of the patient’s underlying medical history after review of clinical admission and discharge notes as well as discharge codes of
the International Classification of Diseases, Tenth Revision, Clinical Modification.

Discussion
The burden of COVID-19 hospitalizations at these 5 VAMCs
was the highest among older, Hispanic or Latino, and
non-Hispanic Black veterans. Veterans aged ≥50 years had a
higher rate of hospitalization than those aged 18-29 years, and
Hispanic or Latino and non-Hispanic Black veterans had a 4.6and 4.2-fold higher rate of hospitalization, respectively, than
non-Hispanic White veterans. More severe outcomes were noted
among older adults, with 9 out of every 10 deaths reported
among those who were aged ≥65 years. Moreover, these older
veterans also had a 4.5-fold increased risk of death following
hospitalization with COVID-19 as compared to those aged <65
years. These findings highlight the need for targeted prevention,
control and treatment efforts for veterans, with special attention
to increasing age and race and ethnicity (ie, Hispanic or Latino
and non-Hispanic Black).
Our COVID-19 surveillance data demonstrated that Hispanic
or Latino and non-Hispanic Black veterans were hospitalized
for COVID-19 at higher rates than were non-Hispanic White
veterans, which is consistent with the findings of studies in the
United States and other countries [1,3,12]. Despite the higher
hospitalization rates in these racial and ethnic groups, our
findings did not show differences in severe outcomes by race
and ethnicity, as measured by the need for invasive mechanical
ventilation, ICU admission, or in-hospital deaths due to
http://publichealth.jmir.org/2021/1/e24502/

XSL• FO
RenderX

COVID-19. However, recently published data indicates a
disproportionate burden of certain in-hospital complications
among US veterans of racial and ethnic minority groups [9].
Therefore, there is an urgent need to understand
sociodemographic and economic factors, access to care, living
conditions, prior medical history, and occupational groups and
exposures [13] that may be contributors to disparities in
COVID-19 hospitalization rates as well as the short- and
long-term clinical course after infection among US veteran
minority populations.
Similar to nationwide death certificate trends, we observed a
decline in the CFR since the start of the pandemic [10].
Continued surveillance will help track whether these trends
persist and understand possible explanations for such trends,
which may include earlier and wider access to testing and
treatment, increased knowledge and availability of interventions,
and possible differences in the demographics of those infected.
The higher death rates observed among older individuals in this
study was also noted in previous studies from China, Italy, and
the United States [2,14-17]. Another surveillance system in the
United States, Coronavirus Disease 2019-associated
Hospitalization Surveillance Network (COVID-NET), has
demonstrated a similar increase in hospitalization incidence and
death with increasing age [17], indicating the need for continued
prevention efforts for older adults.
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Nearly all patients (88.1%) in this cohort had an underlying
medical condition, and veterans aged ≥65 years had higher
prevalence of several key comorbidities. Many studies have
indicated the heightened risk of both older age and specific
underlying medical conditions (eg, chronic kidney disease,
COPD, serious heart conditions, and diabetes) for severe
COVID-19 outcomes, including hospitalization, ICU admission,
mechanical ventilation, and death [17,18]. Veterans who use
VA health care are older and more likely to be diagnosed with
multiple health conditions than the general population [19],
making this an important group to monitor for severe outcomes
resulting from COVID-19.
This study has limitations. First, early during the pandemic,
limited COVID-19 testing was conducted nationwide, and this
may have led to an under-ascertainment of patients with
COVID-19. Second, although prior studies have indicated that
91% of veterans enrolled in VA healthcare in these 5 site
catchment areas use their local VAMCs for care [5], veterans
hospitalized elsewhere would not have been captured in our
surveillance, thereby resulting in underestimation of
hospitalization rates. Third, as the number of cases in younger
age groups was much smaller than in older adults, we were not
able to calculate relative statistics for severe clinical outcomes

Cardemil et al
in veterans aged 18-49 years. Finally, veterans are
predominantly male; therefore, these results may not be
representative of all US adults.
In conclusion, multisite COVID-19 surveillance conducted at
5 VAMCs across the United States from February 27 to July
17, 2020, demonstrated higher hospitalization rates and more
deaths among older veterans as well as higher hospitalization
rates among Hispanic or Latino and non-Hispanic Black veterans
than among non-Hispanic White veterans. To prevent
contracting and spreading COVID-19, veterans and persons
living with them should follow recommendations such as
practicing social and physical distancing, regularly washing
hands, and wearing masks, including inside the house. From a
systems-level perspective, policies and procedures that focus
on veterans, including timely and high-quality care as well as
access to therapeutics and future vaccines, will help protect this
population and reduce morbidity and mortality therein. Ongoing
data collection at these sites will aid in further characterizing
the clinical characteristics of COVID-19, better understanding
the risk factors and management of hospitalized patients,
characterization of the immune response to SARS-CoV-2
infection through collection of patients’ serum samples, and
description of long-term outcomes following hospitalization.
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Abstract
Background: The influence of meteorological factors on the transmission and spread of COVID-19 is of interest and has not
been investigated.
Objective: This study aimed to investigate the associations between meteorological factors and the daily number of new cases
of COVID-19 in 9 Asian cities.
Methods: Pearson correlation and generalized additive modeling (GAM) were performed to assess the relationships between
daily new COVID-19 cases and meteorological factors (daily average temperature and relative humidity) with the most updated
data currently available.
Results: The Pearson correlation showed that daily new confirmed cases of COVID-19 were more correlated with the average
temperature than with relative humidity. Daily new confirmed cases were negatively correlated with the average temperature in
Beijing (r=–0.565, P<.001), Shanghai (r=–0.47, P<.001), and Guangzhou (r=–0.53, P<.001). In Japan, however, a positive
correlation was observed (r=0.416, P<.001). In most of the cities (Shanghai, Guangzhou, Hong Kong, Seoul, Tokyo, and Kuala
Lumpur), GAM analysis showed the number of daily new confirmed cases to be positively associated with both average temperature
and relative humidity, especially using lagged 3D modeling where the positive influence of temperature on daily new confirmed
cases was discerned in 5 cities (exceptions: Beijing, Wuhan, Korea, and Malaysia). Moreover, the sensitivity analysis showed,
by incorporating the city grade and public health measures into the model, that higher temperatures can increase daily new case
numbers (beta=0.073, Z=11.594, P<.001) in the lagged 3-day model.
Conclusions: The findings suggest that increased temperature yield increases in daily new cases of COVID-19. Hence, large-scale
public health measures and expanded regional research are still required until a vaccine becomes widely available and herd
immunity is established.
https://publichealth.jmir.org/2021/1/e20495
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Introduction
In December 2019, several cases of pneumonia of unknown
etiology were reported in Wuhan, Hubei Province, China [1].
A novel strain of coronavirus was identified from the
nasopharyngeal swab specimens of infected patients, which was
later named SARS-CoV-2, which results in the disease
COVID-19. As the number of infectees increased, the World
Health Organization declared the outbreak as a public health
emergency of international concern on January 31, 2020 [2].
SARS-CoV-2, of the Coronaviridae family, is an enveloped,
single-stranded, positive-sense RNA (ribonucleic acid) virus,
which is closely related to the SARS (severe acute respiratory
syndrome)-like coronaviruses, and based on the phylogenetic
analysis, these coronaviruses have a common ancestor that
resembles the bat coronavirus HKU9-1 [3,4]. Evidence has
shown that SARS-CoV-2 can transmit from person to person
via respiratory droplets, fecal-oral route, direct contact, and
aerosols [5-7]. Moreover, the long incubation period (1-14 days)
increases the difficulty of controlling the COVID-19 outbreak.
Studies have shown the mean incubation period to be 5.1 days
(range: 2.2-11.5 days, 95% CI 4.5-5.8) [8]; one study estimated
the mean incubation period to be 6.4 days (range: 2-14 days)
[9]. By early July 2020, 215 countries and regions had reported
high infection rates, with over 7,000,000 confirmed cases,
400,000 deaths, and a fatality rate of over 5.84% worldwide
[10].
Human respiratory pathogens (bacterial pathogens like
pneumococcus and viruses like rubella and influenza) usually
exhibit an annual, seasonal pattern, with an increase in incidence
during winter and a decrease during summer. Although there
is much data on the influenza virus, respiratory syncytial virus,
and the SARS outbreak in 2003 following this pattern, it is
difficult to predict whether COVID-19 will follow the trend
and be eliminated during warmer seasons, since our
understanding of the forces driving the seasonality of infectious
diseases remains limited. As influenza is a common viral
disease, a proportion of the population already possesses some
levels of immunity, and when more patients recover, herd
immunity constrains the transmission of the virus. The low or
absent prevalence of SARS-CoV or the Middle East respiratory
syndrome coronavirus (MERS-CoV) in the summer was also
observed to have strongly relied on the use of effective
therapeutic treatment and strict public health measures [11,12].
However, SARS-CoV-2 is a novel virus among humans,
immunity to this ongoing viral pandemic is limited, and an
effective pharmaceutical therapy or vaccine is yet to be
available.
Seasonality in the outbreak of respiratory infectious diseases
may be due to seasonal variations in host physiology
(susceptibility, individual immunity, and herd immunity) [13],
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genetics [14], viral stability [15,16] and infectivity [17-20],
presence of latent infectors to spread the virus [21,22], and
atmospheric dispersion and transocean intercontinental migration
[23-26], which are mainly driven by meteorological factors,
including temperature and humidity [17]. Geological features
and latitude play a major role in forming a meteorological
pattern. Lowen et al [19] assumed the seasonality of influenza
and respiratory syncytial virus epidemics in temperate climates
were mainly attributable to the low absolute humidity, and
specific factors associated with it, namely low temperature,
increased population, and low micronutrient levels (such as low
vitamin D levels) [27,28]. During the winter in temperate zones,
temperature and humidity are low, there is dryness and coldness,
and viruses are more easily transmitted via aerosols than direct
or indirect contact, where the low temperature renders the virus
viable and stable in aerosols and on surfaces. However, in the
rainy seasons of tropical regions, where it is hot and wet, aerosol
transmission decreases but transmission by direct contact
increases [29]. Although high temperatures can decrease the
stability of the virus and reduce the level of aerosolization of
viral droplets, the amount of virus deposited on surfaces
increases as the temperature increases [30].
Because of the relatively stable structure of the coronaviruses,
the infectivity of the coronavirus would not be affected by a
relative humidity >95% and a temperature of 28 °C to 33 °C
[30]. For example, the transmission of SARS is more efficient
in temperatures between 16 °C and 28 °C, and the wide use of
air-conditioning also provides shelter for the breeding and
transmission of SARS, where the virus is stable for 3 weeks at
room temperature [30]. SARS-CoV-2 has many similarities
with SARS-CoV-1, but whether meteorological factors influence
viral transmission has not been established. Therefore, in this
study, we investigated whether and how meteorological factors
affect the spread of COVID-19, with the specific aim of
examining the relationship between meteorological factors and
the number of COVID-19 daily cases in Asian cities at different
latitudes. The objective was to provide scientific evidence
concerning the future progression of COVID-19 based on
climate factors.

Methods
Meteorological Data
We obtained daily meteorological data from the National
Meteorological Information Center [31]. The meteorological
data of cities in China were collected from the National
Meteorological Bureau and Data Center of the Ministry of
Ecology [32,33] from January 20 to March 18, 2020. The
meteorological data in Seoul, Tokyo, Kuala Lumpur, and
Singapore were obtained from timeanddate.com [34] from
January 20 to March 18, 2020. We retrieved the highest and
lowest temperatures and relative humidity for four different
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e20495 | p.232
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quarters of the day and computed the average values of
temperature and relative humidity for that day.

COVID-19 Surveillance Data
The daily number of domestic COVID-19 cases in 5 cities in
China (Wuhan, Beijing, Shanghai, Guangzhou, and Hong Kong)
and Singapore were obtained from the Ministry of Health in
China [35] and Singapore [36], respectively, from the inception
of cases to March 18, 2020. Given that the daily number of
domestic cases at the city level in Japan, Korea, and Malaysia
were not available from their corresponding Ministries of Health,
as an alternative, we used the number of domestic cases at the
national level in these 3 countries for analysis, which was
obtained from the Ministry of Health of Japan, Korea, and
Malaysia, respectively. The clinical criterion for the diagnosis
of COVID-19 was based on the high-throughput sequencing or
reverse transcription polymerase chain reaction assay via
nasopharyngeal swab.

Statistical Analysis
First, the normality of the daily new cases and meteorological
data was evaluated by examining their skewness and kurtosis.
Subsequently, descriptive analysis was performed to analyze
the city-specific characteristics of confirmed COVID-19 cases.
Second, to analyze the overall correlation between the two
meteorological factors and daily new confirmed cases, Pearson
correlation and covariances between the daily COVID-19 new
cases and daily meteorological factors were tested, and the
linearity between variables was tested using linear regression
(with city level and public health measures as controlling
factors), as shown in Multimedia Appendix 1. All statistical
analyses were performed using STATA 14.0 (Stata Corp).
Subsequently, city-specific generalized additive models (GAMs)
with a Poisson family and logarithm link function were used to
estimate the associations of daily COVID-19 new cases with
average temperature and relative humidity. GAMs are useful
for identifying exposure-response relationships from various
types of data, particularly in exploring nonparametric
relationships [37]. The model was built as follows:

To control for the autocorrelation, the model’s residuals were
examined for serial correlation using PACF. Default plots
showing the smooth components of a fitted GAM were
produced. The percentage of deviance explained by each
variable was calculated, which represents the scale of a linear
predictor that contributes to the component smooth functions.
At last, the graph of smooth components was grouped based on
similar latitudes to mitigate the influence by latitude.

Sensitivity Analysis
To verify model results, a sensitivity analysis was performed.
Owing to the different public health measures put forward in
different cities or countries, the city scale was taken into
consideration in the model. We postulated that the during the
following 15 days after the accumulated cases exceeded 40,
public health measures and precautions were not readily
available; thus, the transmission of the disease resembles natural
transmission. The model was built as follows:
Daily new casesi ~ Poisson (μi)
log μi = β0 + f1(Datei) + f2(Temperaturei) +
f3(Relative humidityi) + f4(City leveli)

Daily new casesi ~ Poisson (μi)
log μi = β0 + f1(Datei) + f2(Temperaturei) +
f3(Relative humidityi)

Results
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variables with different time lags, including 1-day lag (lag 1d),
3-day lag (lag 3d), 5-day lag (lag 5d), single-week lag (lag 7d),
and 2-week lag (lag 14d), to capture immediate effects and
lagged effects, respectively. Automated penalized splines were
used to fit the association between the daily new cases and each
of the meteorological variables. The date when the accumulated
cases exceeded 30 in each city or country was selected as the
inception of the date incorporated in the model to equalize the
starting speed of outbreak and thus avoid misinterpretation and
overfitting.

where the terms f1 is the smoothing functions, f2-4 are the linear
functions, and β0 is the intercept. GAM with linear components
facilitate the analysis of the effects of explanatory variables in
a way that closely resembles the analysis of covariates in a
standard linear model, but with less confining assumptions. This
is achieved by specifying a link function, which links the
systematic component of the linear model with a wider class of
outcome variables and residual forms.

where the terms f1 to f2 are the smoothing functions, and β0 is
the intercept. The GAM analysis was performed in R software,
version 3.6.0 (The R Project for Statistical Computing), using
the package “mgcv.” We first established a basic temporal model
for COVID-19 cases without including meteorological variables.
To adjust for long-term trends and seasonality, we included
penalized spline functions of time in the model. The degrees of
freedom (df) for time was optimized by minimizing the absolute
values of the partial autocorrelation function (PACF) of residuals
for lags up to 30 days [38-41]. Additionally, the selection of an
optimal model was based on the lowest Akaike information
criterion (AIC). Next, we built meteorological models based on
the temporal models to account for the lagged effect of
meteorological variables and the incubation period of COVID-19
[7,42]. Specifically, we examined the effect of meteorological
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Descriptive Statistical Results
The daily new cases of COVID-19 and meteorological data
from January 20 to March 18, 2020 (61 days), in 9 different
cities are shown in Tables 1 and 2. During the study period, the
temperature in the 5 cities in China ranged from –9 °C to 26.25
°C (Beijing: –9 °C to 26 °C; Shanghai: 0 °C to 22 °C;
Guangzhou 8.75 °C to 26.25 °C; Wuhan: 1 °C to 21.75 °C;
Hong Kong: 11.25 °C to 26.25 °C). The temperature in
Singapore ranged from 25.5 °C to 32.75 °C; in Seoul, from –9.5
°C to 12.25 °C; in Tokyo, from 0.75 °C to 18.5 °C; and in Kuala
Lumpur, from 24.5 °C to 33.5 °C. Multimedia Appendices 2
and 3 show the distribution of daily COVID-19 new cases
associated with average temperature and average relative
humidity over time, respectively.
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Table 1. Descriptive statistics for different Asian cities.
Variables (latitude)

Mean (SD)

Minimum

Q1

Median

Q3

Maximum

Domestic case (persons)

8.00 (9.60)

0.00

1.00

5.00

12.00

39.00

Highest temperature (°C)

8.29 (5.34)

–4.00

5.00

8.00

11.00

26.00

Lowest temperature (°C)

–3.10 (3.44)

–9.00

–6.00

–3.00

–1.00

4.00

Relative humidity (%)

52.49 (19.48)

23.50

36.25

54.75

67.00

92.75

Domestic case (persons)

7.00 (8.20)

0.00

0.00

3.00

13.00

27.00

Highest temperature (°C)

11.34 (3.61)

4.00

8.75

10.75

13.50

21.50

Lowest temperature (°C)

8.28 (3.18)

1.50

6.25

8.25

10.25

15.00

Relative humidity (%)

71.11 (14.70)

42.00

60.00

71.75

82.50

94.75

Domestic case (persons)

1035.00 (1968.80)

0.00

120.00

502.50

1524.50

13,436.00

Highest temperature (°C)

11.45 (4.40)

3.50

8.00

11.00

14.00

20.75

Lowest temperature (°C)

8.22 (3.76)

1.50

5.25

8.25

11.00

17.50

Relative humidity (%)

74.03 (11.70)

51.75

66.25

74.75

84.75

93.25

Domestic case (persons)

7.00 (9.80)

0.00

0.00

3.00

12.00

38.00

Highest temperature (°C)

19.32 (3.95)

11.25

16.25

20.00

22.00

26.25

Lowest temperature (°C)

16.55 (3.82)

8.75

13.75

17.00

19.75

22.50

Relative humidity (%)

67.95 (13.19)

34.75

60.00

68.75

78.50

87.50

Domestic case (persons)

2.00 (2.50)

0.00

0.00

1.50

3.00

13.00

Highest temperature (°C)

20.66 (3.11)

13.50

18.50

21.00

23.25

26.25

Lowest temperature (°C)

18.39 (3.12)

11.25

16.50

19.25

20.50

24.25

Relative humidity (%)

70.31 (12.67)

31.00

65.00

74.00

79.00

88.50

Beijing, China (39°56′N)

Shanghai, China (31°14′N)

Wuhan, China (30°37′N)

Guangzhou, China (23°10′N)

Hong Kong, China (22°15′N)
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Table 2. Descriptive statistics for different Asian cities, continued.
Variables (latitude)

Mean (SD)

Minimum

Q1

Median

Q3

Maximum

Domestic case (persons)

3.00 (3.10)

0.00

1.00

3.00

4.00

14.00

Highest temperature (°C)

30.46 (0.97)

27.75

29.75

30.50

31.25

32.75

Lowest temperature (°C)

27.64 (0.77)

26.00

27.25

27.75

28.25

29.00

Relative humidity (%)

76.09 (4.95)

63.75

73.25

75.50

79.25

89.50

Domestic case (persons)

142.00 (216.00)

0.00

0.00

3.00

210.00

909.00

Highest temperature (°C)

5.45 (3.93)

–6.00

3.25

6.25

8.00

12.25

Lowest temperature (°C)

0.95 (3.56)

–9.50

–1.25

1.50

3.75

6.25

Relative humidity (%)

68.50 (10.78)

48.25

59.50

66.75

76.75

91.50

Domestic case (persons)

15.00 (17.90)

0.00

0.00

8.00

25.00

60.00

Highest temperature (°C)

10.30 (3.11)

3.50

8.75

10.25

12.50

18.50

Lowest temperature (°C)

6.92 (2.65)

0.75

5.25

6.75

8.75

14.00

Relative humidity (%)

61.41 (17.52)

32.75

47.25

59.50

76.25

97.75

Domestic case (persons)

14.00 (37.20)

0.00

0.00

0.00

7.00

190.00

Highest temperature (°C)

30.98 (1.26)

26.50

30.25

31.00

31.75

33.50

Lowest temperature (°C)

27.19 (1.03)

24.50

26.50

27.25

28.00

29.00

Relative humidity (%)

77.19 (6.74)

62.50

74.00

77.50

82.25

92.50

Singapore (1°18′N)

Seoul, Korea (37°33′N)

Tokyo, Japan (35°69′N)

Kuala Lumpur, Malaysia (3°8′N)

To test the potential collinearity between the meteorological
parameters, a series of Pearson correlations and covariances, as
well as linear regressions were conducted (Table 3 and
Multimedia Appendix 1). Daily confirmed new cases were
negatively correlated with average temperature in Beijing
(r=–0.565, P<.001), Shanghai (r=–0.471, P<.001), and

https://publichealth.jmir.org/2021/1/e20495

XSL• FO
RenderX

Guangzhou (r=–0.530, P<.001). In contrast, Japan exhibited a
positive correlation (r=0.416, P<.001). The correlation between
average temperature and relative humidity was found to be
positive in Shanghai, Guangzhou, Hong Kong, Korea, and Japan,
and negative in Beijing, Wuhan, Singapore, and Malaysia,
according to the pairwise Pearson correlation test (Table 3).
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Table 3. Pearson correlation coefficient (r) between daily new COVID-19 cases and meteorological factors.
Variables

Daily new cases

Average temperature

r

P value

r

P value

Daily new cases

1.00

—a

—

—

Average temperature

–0.57

<.001

1.00

—

Humidity

0.15

.30

–0.26

.05

Daily new cases

1.00

—

—

—

Average temperature

–0.47

<.001

1.00

—

Humidity

–0.11

.45

0.09

.50

Daily new cases

1.00

—

—

—

Average temperature

0.04

.81

1.00

—

Humidity

0.10

.48

–0.42

<.001

Daily new cases

1.00

—

—

—

Average temperature

–0.53

<.001

1.00

—

Humidity

–0.29

.05

0.34

.01

Daily new cases

1.00

—

—

—

Average temperature

0.08

.56

1.00

—

Humidity

0.07

.60

0.58

<.001

Daily new cases

1.00

—

—

—

Average temperature

0.27

.04

1.00

—

Humidity

0.04

.74

–0.58

<.001

Daily new cases

1.00

—

—

—

Average temperature

0.29

.02

1.00

—

Humidity

0.14

.30

0.32

.01

Daily new cases

1.00

—

—

—

Average temperature

0.42

<.001

1.00

—

Humidity

0.20

.14

0.21

.11

Daily new cases

1.00

—

—

—

Average temperature

0.21

.11

1.00

—

Humidity

–0.17

.20

–0.74

<.001

Beijing, China

Shanghai, China

Wuhan, China

Guangzhou, China

Hong Kong, China

Singapore

Seoul, Korea

Tokyo, Japan

Kuala Lumpur, Malaysia

a

Not applicable.
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City-Specific GAM Analysis of Daily New COVID-19
Cases With Meteorological Factors
The final GAM model of daily new COVID-19 cases
incorporated date (time-series), average temperature, and mean
relative humidity. All estimates and significance levels were
listed in Multimedia Appendix 1. The models with the best
performance (lowest AIC) for each city were as follows: no-lag
model for Shanghai and Singapore; lag 1d model for Beijing
and Wuhan; lag 5d model for Guangzhou, Korea, and Kuala
Lumpur; and lag 14d model for Hong Kong and Japan (Table
4).
GAM results were reported using the smoothing components
plot for temperature and relative humidity in Multimedia
Appendices 4 and 5, respectively. The smoothing components
plots demonstrated the estimated smoothing spline functions
with the linear effect subtracted out, and each panel represented
the weighted sum of basis functions for each time-varying
covariate and corresponds to the hypothesized model.
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The significant smoothers indicated that the correlations between
new cases of COVID-19 and explanatory variables were
nonlinear. As shown in Multimedia Appendix 4, the no-lag
model suggested that holding all linear and the other nonlinear
terms fixed, daily new cases of COVID-19 were not influenced
by the temperature, but the case number decreased when the
temperature reached 5 °C, 18 °C, and 29 °C in Beijing, Hong
Kong, and Singapore, respectively (P<.01 for all; Multimedia
Appendix 4). While the magnitude of the results may look small
relative to the base rate of case accrual, these plots were on the
log-case scale, so the effect on the case number is multiplicative.
The distributions of COVID-19 cases displayed greater
uncertainty at a lower temperature in Beijing and Wuhan.
Beijing and Wuhan have fluctuating patterns throughout the 6
models both regarding temperature and relative humidity except
in the lag 5d and lag 4d models for Wuhan, which may be due
to the change in diagnostic method on February 12, when a total
of 13,436 cases were added. Nevertheless, the relationship
between relative humidity and new cases were less evident in
the no-lag model, and the distributions of COVID-19 cases
displayed greater uncertainty in Wuhan.

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e20495 | p.237
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

He et al

Table 4. The selection of generalized additive modeling by Akaike information criterion (AIC).
City and model

df

AIC

No lag

24.01

265.47

Lag 1da

21.71

226.47

Lag 3d

17.72

273.59

Lag 5d

21.46

263.25

Lag 7d

23.38

243.26

Lag 14

19.79

230.50

No laga

7.91

178.01

Lag 1d

7.50

181.60

Lag 3d

7.04

180.93

Lag 5d

7.08

180.60

Lag 7d

6.83

182.73

Lag 14

10.51

178.06

No lag

14.17

199.85

Lag 1d

14.40

192.44

Lag 3d

18.32

194.49

Lag 5da

20.97

192.35

Lag 7d

10.63

200.94

Lag 14

12.89

195.34

No lag

27.95

4812.57

Lag 1da

27.87

3637.25

Lag 3d

27.89

6778.17

Lag 5d

27.98

5344.86

Lag 7d

27.86

10,351.23

Lag 14

26.45

6735.71

No lag

12.46

193.98

Lag 1d

16.49

192.14

Lag 3d

11.92

195.65

Lag 5d

14.12

193.45

Lag 7d

13.17

199.01

Lag 14a

6.53

189.09

No laga

10.94

183.22

Lag 1d

10.88

185.19

Lag 3d

9.57

202.13

Lag 5d

10.83

207.79

Lag 7d

16.18

230.09

Beijing, China

Shanghai, China

Guangzhou, China

Wuhan, China

Hong Kong, China

Singapore
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df

AIC

14.83

277.87

No lag

27.54

461.16

Lag 1d

25.86

381.98

Lag 3d

27.19

439.14

Lag 5da

26.67

363.42

Lag 7d

26.24

420.27

Lag 14

27.29

452.58

No lag

24.58

264.80

Lag 1d

19.77

266.44

Lag 3d

24.37

276.50

Lag 5d

18.28

272.25

Lag 7d

17.61

288.62

Lag 14a

18.33

264.45

No lag

16.37

142.50

Lag 1d

16.74

138.72

Lag 3d

21.70

132.95

Lag 5da

17.93

125.05

Lag 7d

19.80

132.67

Lag 14

21.58

133.89

Lag 14
Seoul, Korea

Tokyo, Japan

Kuala Lumpur, Malaysia

a

Denotes the model with the lowest AIC value.

Sensitivity Analysis of Daily New COVID-19 Cases
With Meteorological Factors
After taking the city level into consideration in the model, a
GAM model of daily new COVID-19 cases was built,
incorporating date (time-series), city level, average temperature,
and mean relative humidity, where the date was analyzed as
spline functions.
Overall, we found a significant association between
meteorological factors and daily new cases of COVID-19 in 9
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Asian cities. Under GAM, high temperature tended to increase
the number of daily new cases of COVID-19 whereas high
relative humidity decreased the count (Table 5). Relative
humidity does not influence the daily new cases significantly,
but higher temperatures can exert an increase as high as 7% on
daily new cases in lag 3d (beta=0.073, SE 0.006, P<.001; Table
4). The time-series analysis revealed that notwithstanding the
lagged time effects, the overall influence of temperature was
steadily positive. Nevertheless, the relative humidity exerted a
negative influence on the transmission of daily new cases of
COVID-19 (Table 5).
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Table 5. Generalized linear modeling of the effects of temperature and relative humidity on daily new cases of COVID-19.
Model

Estimate

Standard error

Z value

P value

Temperature

0.062

0.006

10.861

<.001

Relative humidity

–0.018

0.001

–15.105

<.001

Temperature

0.015

0.007

2.284

.02

Relative humidity

–0.007

0.001

–6.513

<.001

Temperature

0.073

0.006

11.594

<.001

Relative humidity

–0.006

0.001

–4.501

<.001

Temperature

–0.026

0.006

–4.152

<.001

Relative humidity

0.003

0.001

2.471

.01

Temperature

0.063

0.005

13.887

<.001

Relative humidity

–0.008

0.001

–6.620

<.001

No-lag model

Lag 1d model

Lag 3d model

Lag 5d model

Lag 7d model

Discussion
Principal Findings
In this study, we investigated the associations between
meteorological factors and patterns of daily new cases of
COVID-19 across 9 Asian cities. The city-specific GAM
analysis revealed a positive relationship between temperature
and daily new cases of COVID-19 in Guangzhou, Singapore
(except in the lagged 14-day model), Hong Kong (except in the
lagged 7-day and 14-day model), and Beijing (high
curvilinearity). Relative humidity positively associated with the
number of daily new cases in Singapore (except in the lagged
14-day model), Hong Kong (except in the lagged 3-day model).
Moreover, the sensitivity test using GAM with linear
components revealed that high temperature significantly
increases the daily new cases of COVID-19, while high relative
humidity significantly reduced, to a lower extent, the daily new
cases of COVID-19. Therefore, our analysis suggests, unlike
influenza, seasonality of COVID-19 may not be expected, and
the pandemic is unlikely to diminish during warmer seasons
(ie, summer).
Researchers have long been investigating how meteorological
factors affect the viral infectivity, where GAM has been
frequently used, as it allows smooth components to be estimated
for time, meteorological factors, and other covariates, together
with a nonsmoothed period effect. Experiments from the
mid-20th century reported that the influenza virus is more stable
in cool and dry air [15,16]. With increasing temperature, the
viability of the influenza virus in aerosol or droplets [43] and
the aerosol transmission diminishes [17]. Lowen et al [19]
reported that aerosol transmission of influenza between guinea
pigs was completely blocked at temperature higher than 30 °C
despite evidence of continuous viral shedding from infectious
individuals; nevertheless, direct contact transmission was not
https://publichealth.jmir.org/2021/1/e20495

XSL• FO
RenderX

affected, which was equally efficient at 30 °C and 20 °C. Chan
et al [30] reported that the viability of the SARS virus was
rapidly lost (>3 log 10) at high temperatures (38 °C) and high
relative humidity (>95%). The better stability of the SARS
coronavirus at low temperatures and low humidity environment
might facilitate its transmission in the community in subtropical
areas (such as Hong Kong) during the spring and in
air-conditioned environments. This might also explain why
some Asian countries in tropical areas (such as Malaysia,
Indonesia, or Thailand) with high temperatures and high relative
humidity environment did not have major community outbreaks
of SARS. However, such an explanation is not currently
convincing in light of the results of the present study, where
higher temperatures were associated with increases in the daily
new cases of COVID-19 in some of the investigated regions.
The high temperature and high relative humidity in tropical
Asian countries like Singapore and Malaysia also seem to have
little influence on the growing number of daily new cases
(Multimedia Appendix 4). However, this could have been
confounded by multiple factors.
There are several reasons underlying the continuous growth in
COVID-19 cases in Singapore and Malaysia, such as the high
population density, mass gatherings, use of air-conditioning,
and shortage of medical resources [30]. SARS-CoV-2 can persist
at room temperature for up to 9 days, and its heat sensitivity
renders it susceptible to increased temperature, affecting its
persistence in the outdoor environment. However, this
coronavirus was still found to be infective up to 2 weeks in an
air-conditioned environment [30]. As air-conditioners may
increase the probability of viral spread, it may be advisable to
reduce the use of air-conditioners and keep areas well ventilated
[44]. Moreover, during low temperature and high humidity, it
is advisable to avoid mass gatherings, since there is evidence
supporting transmission by direct contact or close contact in
tropical areas.
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Humidity can influence aerosol transmission by altering the
proportion of respiratory droplets undergoing aerosolization
and influencing the stability and viability of the virus within
these aerosols. Respiratory droplets are generated in the high
humidity setting of the respiratory tract. Upon entering an
environment with low humidity, respiratory droplets reduce in
size within seconds due to evaporation. At higher environmental
humidity, respiratory droplets evaporate more slowly, and hence
are larger and settle faster, and less aerosol nuclei are produced
[45,46]. Previous studies have shown that influenza transmission
in mice decreased as relative humidity increased from 47% to
70% [13,47]. Moreover, humidity can also influence indirect
transmission by changing the mass of respiratory droplets
accumulating on surfaces and affecting the survival of the virus
on surfaces. While increased humidity reduces the number of
droplet nuclei formed, the same mechanisms (reduced droplet
evaporation and faster droplet settling) result in a greater mass
of respiratory droplets on surfaces [45,46]. Areas with relatively
low temperature and humidity have a higher infection rate
compared to tropical areas since cold and dry weather is suitable
for viral survival and transmission [48]. The viability of the
influenza virus appears greater at lower humidity, and exhibits
progressively reduced survival with increasing relative humidity
over the 27%-84% range, with an increase in survival at 99%
relative humidity. The mechanisms underlying this may be that
the reduced evaporation of droplets at high relative humidity
maintain the solute concentration, thus protecting the virus
[17,49]. In addition, the 30° N to 50° N latitudes have become
a zone for COVID-19 transmission with a similar average
temperature between 5 °C and 11 °C and 47%-79% humidity,
which may be influenced by the transoceanic migration of the
virus, but the underlying mechanism is still not understood [50].
Moreover, under laboratory conditions with constant humidity
and temperature, circadian and circannual rhythms in variation
of susceptibility of hosts (mice) have been observed [13,51].
Mice were substantially more susceptible to invasive
pneumococcal disease in early morning hours than any other
time of day [51], and more susceptible to influenza in winter
than in summer [13], which was thought to be attributable to
the daily and seasonal variation of melatonin [52]. In addition,
even in areas where many spend summers in air-conditioned
spaces, marked annual variations in incidence constantly exist,
and similar strains of the virus appear almost simultaneously
across vast stretches of ocean in areas of similar latitude around
the globe [23,24].
Therefore, although a higher temperature is associated with
lower effectiveness of virus transmission, yet it does not
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necessarily suggest a reduced chance for virus survival. The
natural fading out of the virus in the summer is unlikely given
the widespread use of air-conditioners in developed areas and
dense populations in cities. Until an effective vaccine becomes
widely available for the establishment of herd immunity,
alongside efficient pharmaceutical therapies, strict public health
measures should be implemented, including social distancing,
quarantine, contact tracing, face mask wearing, and hand
washing.

Strengths and Limitations
This is the first study to statistically analyze the relationship
between meteorological factors and the daily new cases of
COVID-19. Because of the nonlinear nature of the data, we also
performed GAMs to quantitate and visualize the relationship
using spline functions. However, there are several limitations.
First, the number of cases in Malaysia, Korea, and Japan were
obtained from the epidemiologic reports released by the
Department of Health in the corresponding countries, instead
of a daily update of case numbers, which was not available for
these countries. Hence, some cases may be missing. Second,
the duration of the study period was short and the number of
cases in Malaysia, Singapore, and Japan were small. Third, we
only considered two meteorological factors (temperature and
humidity) in this study. Other covariates such as wind speed,
pollutant concentration, population density, air-conditioning
use, and rainfall, which could also influence the spread of
COVID-19, were not included. Moreover, while we collected
the meteorological data from the capital cities of Malaysia,
Japan, and Korea, the number of domestic cases at the national
level in these three countries was used for analysis due to lack
of available data at their city level. Most importantly, we did
not incorporate public health measures into the modeling, which
may greatly confound the results, but we chose the date when
accumulated confirmed cases exceeded 30, based on the
postulation that a certain level of public health measures had
been carried out at that time; thus, the confounding effects can
be mitigated at some point.

Conclusions
In this study, we found high temperature to be associated with
daily new cases of COVID-19. Therefore, unlike influenza,
seasonality in COVID-19 prevalence may not be expected, and
the pandemic is unlikely to decrease in numbers during the
warmer seasons. Strict public health measures such as social
distancing, quarantine, contact tracing, face mask wearing, and
hand washing are needed until a vaccine becomes widely
available to induce herd immunity.
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Abstract
Background: Effective communication is critical for mitigating the public health risks associated with the COVID-19 pandemic.
Objective: This study assesses the source(s) of COVID-19 information among people in Nigeria, as well as the predictors and
the perceived accuracy of information from these sources.
Methods: We conducted an online survey of consenting adults residing in Nigeria between April and May 2020 during the
lockdown and first wave of COVID-19. The major sources of information about COVID-19 were distilled from 7 potential sources
(family and friends, places of worship, health care providers, internet, workplace, traditional media, and public posters/banners).
An open-ended question was asked to explore how respondents determined accuracy of information. Statistical analysis was
conducted using STATA 15.0 software (StataCorp Texas) with significance placed at P<.05. Approval to conduct this study was
obtained from the Lagos State University Teaching Hospital Health Research Ethics Committee.
Results: A total of 719 respondents completed the survey. Most respondents (n=642, 89.3%) obtained COVID-19–related
information from the internet. The majority (n=617, 85.8%) considered their source(s) of information to be accurate, and 32.6%
(n=234) depended on only 1 out of the 7 potential sources of COVID-19 information. Respondents earning a monthly income
between NGN 70,000-120,000 had lower odds of obtaining COVID-19 information from the internet compared to respondents
earning less than NGN 20,000 (odds ratio [OR] 0.49, 95% CI 0.24-0.98). In addition, a significant proportion of respondents
sought accurate information from recognized health organizations, such as the Nigeria Centre for Disease Control and the World
Health Organization.
Conclusions: The internet was the most common source of COVID-19 information, and the population sampled had a relatively
high level of perceived accuracy for the COVID-19 information received. Effective communication requires dissemination of
information via credible communication channels, as identified from this study. This can be potentially beneficial for risk
communication to control the pandemic.
(JMIR Public Health Surveill 2021;7(1):e22273) doi:10.2196/22273
KEYWORDS
COVID-19; communication; health information; public health; infodemiology; infodemic; accuracy; cross-sectional; risk;
information source; predictor; Nigeria
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Introduction
COVID-19, caused by the virus SARS-CoV-2, was first
identified in Wuhan, Hubei Province, China, in December 2019
[1], and was thereafter recognized as a pandemic by the World
Health Organization (WHO) on March 11, 2020 [2]. As of July
6, 2020, more than 11 million cases and 537,419 deaths related
to COVID-19 have been reported in 213 countries [3]. In Africa,
over 470,000 cases have been recorded with more than 29,000
cases from Nigeria [3]. The virus is typically spread from one
person to another via respiratory droplets and contact with
contaminated surfaces [4].
COVID-19 has led to unprecedented local and global public
health measures, such as obligatory movement restrictions,
social and physical distancing, and prolonged closures of schools
and leisure centers. Guidelines on risk factors and preventive
measures have emerged in Nigeria from state health agencies,
the Nigeria Centre for Disease Control (NCDC), and the Federal
Ministry of Health [5]. As our understanding of SARS-CoV-2
increases, local COVID-19 interventions are beginning to focus
on the sources and perceived accuracy of disseminated
preventive information, which portends an important process
in the prevention and control of the disease [6].
Potential sources of information during disease outbreaks
include the internet and social media platforms (Facebook,
WhatsApp, Instagram, and Twitter), traditional media
(television, radio and newspapers), places of worship, health
care providers, family members and friends, and workplaces.
Therefore, due to the varied sources of information on
COVID-19, identifying factors related to such sources can
support public educational interventions [7].
In a survey conducted in the Nigerian population during the
Ebola virus disease (EVD) outbreak in 2014 [8], the majority
of respondents depended on traditional media for information
on the disease, while less than one-third depended on the internet
for their information. This may suggest that perception and trust
of information source are intertwined and contribute to use [8].
As the Nigerian government has begun easing COVID-19
lockdown measures, effective communication is an essential
component for mitigating the risks associated with the inevitable
clustering of people in public places and other practices capable
of not only fueling the spread of the disease but spiking the
number of cases and mortality from COVID-19 [9]. Therefore,
effectively communicating the efficacy of practical interventions
such as personal hygiene, hand washing, use of face masks, and
social distancing among other strategies may help curb
transmission. Consequently, identifying common sources of
COVID-19 information among the population, and the perceived
accuracy of these information sources, will possibly guide risk
communication processes and the dissemination of
evidence-based COVID-19 public health information. The
dissemination of this information can be channeled to the most
commonly used sources with the highest levels of perceived
accuracy.
This study aims to identify the sources of COVID-19
information among Nigerians, as well as the predictors and the
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perceived accuracy of these sources. Findings from this study
will support policymakers in disseminating targeted
evidence-based anti–COVID-19 information to populations at
risk and those affected. This can invariably empower the public
with the capacity to make informed health decisions and improve
health outcomes.

Methods
This study is part of an online survey descriptive cross-sectional
survey on COVID-19 conducted by the Lagos State University
College of Medicine between April 22 and May 20, 2020. The
survey was conducted to assess psychological distress,
adherence, and sources of information during the COVID-19
outbreak.

Study Design and Population
Study participants were consenting individuals aged 18 years
or above, residing in Nigeria at the time of the study. A
multistage sampling technique was used in selecting study
participants. First, 3 states were purposively selected from the
36 states of Nigeria because at the time of study design, they
accounted for the highest number of COVID 19 cases in the
country [10]. Subsequently, a sample frame of local community
networks (estate associations, local organizations, schools, and
religious organization groups) within Lagos State, Ogun State,
and Federal Capital Territory Abuja was obtained by the Lagos
State Ministry of Health (LSMoH) research office using
cross-country partners. A list of networks was selected using a
simple random sampling method. Leaders of these community
networks were identified by the LSMoH research office and
contacted via phone and email. Permission was obtained from
community network leaders before the online survey link was
shared with all members of their respective groups. In total, 9
leaders were approached, and 7 provided consent to share the
link to the survey via email and on the social media pages
(WhatsApp and Twitter) of their groups. Subsequently,
consenting participants on these groups indicated individual
consent by clicking the “I consent” button on the first page of
the online form before proceeding to answer the survey
questions. This data collection approach was used due to the
movement restrictions and social/physical distancing measures
enforced by the federal government of Nigeria to curb
COVID-19 transmission.

Assessment Tools
Data collection was conducted using an online survey tool,
SurveyMonkey (SurveyMonkey Inc). Completing the survey
took an average of 7 minutes.

Study Measures
Sociodemographic Variables
Information was obtained on respondents’ sex (male or female),
age, marital status, education, and income level (in naira, NGN).
Marital status was grouped as single, married, and previously
married (ie, widow, widower, divorced, and separated). The
educational level of respondents was categorized in three groups:
high school or less, university or polytechnic, and postgraduate
education. Income level was categorized into three groups based
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on earnings per month: less than NGN 20,000 (<US $52); NGN
20,000-70,000 (US $52-$181); NGN 70,000-120,000 (US
$181-$310); and greater than NGN 120,000 (>US $310).

Sources of COVID-19 Information
The study categorized COVID-19 information sources into the
following broad groups: (1) family members and friends; (2)
places of worship; (3) health care providers (ie, doctors, nurses,
pharmacists); (4) the internet, comprising three broad groups:
(a) social media (Facebook, WhatsApp, Instagram, and Twitter),
(b) news websites, and (c) non–news-related, non–social media
websites (eg, blogs, websites of health regulatory organizations
such as the WHO and the NCDC); (5) workplace; (6) traditional
media (television, radio, or newspapers); and (7) public posters
and banners. The total number of sources consulted was
determined for each respondent.

Perceived Accuracy of COVID-19 Information Source(s)
The perceived accuracy of COVID-19 information was assessed
by asking the question “Do you think your source of information
is accurate?” to which respondents were given the response
options Yes, No, or I don’t know. An open-ended question asking
“How do you differentiate between accurate and inaccurate
COVID-19 information?” was used to explore how respondents
determined the accuracy of COVID-19 information (see survey
questions in Multimedia Appendix 1).

Statistical Analysis
Responses from the survey tool were automatically converted
to variables using Microsoft Excel (Microsoft Corp).
Demographic data, source(s), perceived accuracy, and the total
number of COVID-19 information sources were expressed using
descriptive statistics. The association between sociodemographic
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variables, source(s), perceived accuracy, and the total number
of COVID-19 information sources was investigated using
bivariate and multivariate logistic regression analysis. Multiple
linear regressions were also used to assess the association
between the total number of information sources and factors
related to COVID-19 information (age, sex, marital status,
education, income, and perceived accuracy). P values <.05 were
considered significant, and tests were two-tailed. Statistical
analysis was done using STATA 15.0 software (StataCorp LLC).
Qualitative analysis using R (The R Foundation) was used to
explore themes and subthemes explaining the determinants of
perceived accuracy of COVID-19 information.

Ethics
Ethics approval was obtained from the Health Research Ethics
Committee of the Lagos State University Teaching Hospital
(number LREC/06/10/1347).

Data Sharing
The data sets used and/or analyzed during the study are available
from the corresponding author upon reasonable request.

Results
Overview
A total of 719 respondents completed the online survey (94.1%
response rate); 45 respondents were excluded due to incomplete
responses. The mean age of the respondents was 26.9 years (SD
8.8, range 15-69 years). Respondents aged less than 35 years
accounted for 88% (n=633), and females made up 54% (n=390)
of all study participants. The majority of respondents were
single, with a university/polytechnic education and a monthly
income of less than NGN 20,000 (Table 1).
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Table 1. Sociodemographic factors and sources of information.
Variable

Respondents, n (%)

Age (years)
<35

633 (88.0)

≥35

86 (12.0)

Male

329 (45.8)

Female

390 (54.2)

Sex

Marital status
Single

571 (79.4)

Married

141 (19.6)

Previously married

7 (1.0)

Education
Secondary school or less

75 (10.4)

University/polytechnic

516 (71.8)

Postgraduate

128 (17.8)

Income (NGN)
<20,000

288 (40.1)

20,000-70,000

214 (29.8)

>70,000-120,000

86 (11.9)

>120,000

131 (18.2)

Sources of information
Family and friends

269 (37.4)

Places of worship

86 (12.0)

Health care providers

210 (29.2)

Internet

642 (89.3)

Workplace

90 (12.5)

Traditional media

452 (62.9)

Public posters and banners

89 (12.4)

Total count of information sources
1

234 (32.6)

2

149 (20.7)

3

172 (23.9)

4

88 (12.2)

5

37 (5.2)

6

20 (2.8)

7

19 (2.6)

Perceived accuracy of information
No

102 (14.2)

Yes

617 (85.8)

Sources of COVID-19 Information
Sources of COVID-19 information among respondents ranged
from family and friends to public posters and banners. The most
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which comprised news via social media handles, websites, blogs,
and social media. This was followed by traditional media
comprising television, radio, and newspaper/print resources, as
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reported by 62.9% (n=452) of all respondents. The least common
source of information was places of worship (n=86, 12.0%).
Out of a total of 7 options in the survey, most respondents used
only one source of information (n=234, 32.6%) (Table 1). The
sociodemographic characteristics of respondents using each
source type is illustrated in Table S1 in Multimedia Appendix
1.

compared to respondents earning less than NGN 20,000 (OR
0.49, 95% CI 0.24-0.98) (Table S2 in Multimedia Appendix 1).
However, after adjusting for sociodemographic factors (age,
sex, marital status, education) and perceived accuracy, there
was no significant association between income levels and use
of the internet as a source of COVID-19 information (aOR 0.55,
95% CI 0.26-1.16) (Table S3 in Multimedia Appendix 1).

Family and Friends

Workplace

More than one-third of respondents (n=269, 37.4%) obtained
COVID-19 information from family and friends (Table 1).
Bivariate logistic regressions showed that married respondents
had lower odds of obtaining COVID-19 information from family
and friends compared to single respondents (odds ratio [OR]
0.66, 95% CI 0.44-0.98) (Table S2 in Multimedia Appendix 1).
No significant association was obtained between age, sex,
education, income status, perceived accuracy, and family and
friends as a source of COVID-19 information.

COVID-19 information from one’s workplace was significantly
associated with age, marital status, education, and monthly
income. For every 1-year increase in age, there was a 1.04
increase in the odds of obtaining COVID-19 information from
the workplace (95% CI 1.02-1.06). Similarly, married
respondents had 1.91 higher odds of obtaining COVID-19
information from the workplace compared to single respondents
(95% CI 1.16-3.13). Postgraduate education (OR 6.72, 95% CI
1.97-22.96) and higher income (>NGN 120,000; OR 16.78,
95% CI 7.89-35.68) were also significantly associated with the
workplace as a source of COVID-19 information (Table S2 in
Multimedia Appendix 1). Similarly, in the multivariate logistic
regression model, income remained significantly associated
with the workplace as a source of COVID-19 information.
Respondents earning NGN 20,000 and above had significantly
higher odds of obtaining COVID-19 information from their
workplace compared to respondents earning less than NGN
20,000 (aOR 3.01, 95% CI 1.32-6.90) (Table S3 in Multimedia
Appendix 1).

Places of Religious Worship
Only 12% (n=86) of respondents obtained COVID-19–related
information from their respective places of worship (Table 1).
There was no significant association between sociodemographic
factors (age, sex, marital status, education, and income) and
perceived accuracy with place of worship as a source of
COVID-19 information (Tables S2 and S3 in Multimedia
Appendix 1).

Health Care Providers
In total, 29% (n=210) of respondents obtained COVID-19
information from their health care providers (Table 1). Married
respondents had lower odds of obtaining COVID-19 information
from health care providers compared to single respondents (OR
0.60, 95% CI 0.38-0.93). In addition, respondents with a
university or postgraduate degree had lower odds of obtaining
COVID-19 information from health care providers compared
to respondents with a secondary school degree or less (Table
S2 in Multimedia Appendix 1). Respondents earning a monthly
income of NGN 70,000-120,000 had 1.75 higher odds of
obtaining COVID-19 information from health care providers
compared to respondents earning less than NGN 20,000 (95%
CI 1.05-2.91).
Table S3 in Multimedia Appendix 1 shows multivariate logistic
regressions assessing the effect of sociodemographic factors on
information source. Being married and having a
university/polytechnic education was significantly associated
with reduced odds compared to being single and with a
secondary school education or less, respectively. In addition,
respondents with a monthly income above NGN 70,000 had
significantly higher odds of obtaining COVID-19 information
from health care providers compared to respondents earning
less than NGN 20,000 (adjusted OR [aOR] 2.21, 95% CI
1.28-3.80).

Internet
Most respondents (n=642, 89.3%) obtained COVID-19
information from the internet (Table 1). Respondents earning
a monthly income between NGN 70,000-120,000 had lower
odds of obtaining COVID-19 information from the internet
http://publichealth.jmir.org/2021/1/e22273/
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Traditional Media
About 62.9% (n=452) of respondents used traditional media as
a source of COVID-19 information (Table 1). Older age was
significantly associated with the use of traditional media as a
source of COVID-19 information (OR 1.02, 95% CI 1.00-1.04).
Married respondents also had 1.80 higher odds of using
traditional media as a source of COVID-19 information (OR
1.80, 95% CI 1.20-2.71) compared to single respondents (Table
S2 in Multimedia Appendix 1). In a multivariate logistic
regression analysis, after adjusting for age, sex, education,
income, and perceived accuracy, being married remained
significantly associated with using traditional media as a source
of COVID-19 information (aOR 1.83, 95% CI 1.04-3.25) (Table
S3 in Multimedia Appendix 1).

Posters and Banners
About 12% (n=89) of the respondents surveyed reported that
they obtained COVID-19 information from public posters and
banners. Female respondents had 0.56 lower odds of using this
source of information compared to males (95% CI 0.36-0.88).
On the other hand, respondents with a postgraduate education
had 2.75 higher odds of obtaining COVID-19 information from
public posters and banners compared to respondents with a
secondary school education or less (95% CI 0.99-7.63). In the
multivariate logistic regression analysis, the use of public posters
for obtaining COVID-19 information remained significantly
associated with lower odds in females compared to male (aOR
0.55, 95% CI 0.34-0.88). Additionally, respondents with
postgraduate education still had higher odds of obtaining
information from posters and banners compared to secondary
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e22273 | p.249
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

Erinoso et al

school or less (aOR 4.24, 95% CI 1.36-13.19) (Table S3 in
Multimedia Appendix 1).

Association Between COVID-19 Information Sources
and Perceived Accuracy
Table 2 shows a multiple linear regression model demonstrating
that participants who earn greater than NGN 120,000 used 0.45
more information sources on average (β=.45, 95% CI 0.07-0.83),
compared to those who earn less than NGN 20,000 per month.
Therefore, respondents who earn more are more likely to seek
information from various sources. Moreover, we devised a

Poisson regression model with sources of information as the
dependent variable, and sociodemographic factors and
perception of accuracy as independent variables (Table S4,
Multimedia Appendix 1). Compared to respondents earning
less than NGN 20,000, the difference in the log count of the
number of information sources increased by 0.16 for respondents
earning NGN 120,000 or more, while holding age, sex, marital
status, educational level, and perceived accuracy constant (95%
CI 0.02-0.32). No significant association was seen between age,
sex, marital status, education, and the number of COVID-19
information sources.

Table 2. Association between sociodemographic factors and the number of information sources using a multiple linear regression analysis.
Variable

β (95% CI)

P value

Age (years)

–0.00 (–0.02 to 0.02)

.99

Sex
Male

1

Female

–0.11 (–0.33 to 0.13)

.37

Marital status
Single

1

Married

–0.30 (–0.70 to 0.09)

.14

Previously married

–0.32 (–1.48 to 0.83)

.58

Education
Secondary school or less

1

University/polytechnic

–0.10 (–0.47 to 0.28)

.62

Postgraduate

0.73 (–0.42 to 0.57)

.77

Income (NGN)
<20,000

1

20,000-70,000

0.08 (–0.19 to 0.36)

.56

>70,000-120,000

0.19 (–0.19 to 0.57)

.33

>120,000

0.45 (0.07 to 0.83)

.02a

Perceived accuracy of information

a

Inaccurate

1

Accurate

0.06 (–0.26 to 0.38)

.73

P<.05.

The majority (n=617, 85.8%) of respondents reported that their
source(s) of information was accurate (Table 1). However, there
was no statistically significant association between perceived
accuracy and each source of information or the number of
sources (Tables S2 and S3 in Multimedia Appendix 1; Table
2).
One major theme emerged by assessing respondents’ means of
differentiating between accurate and inaccurate COVID-19
information. Respondents (n=129) used information from
recognized local and international health regulatory
organizations (ie, reputable sources), such as the NCDC, the
COVID-19 Presidential Task Force in Nigeria (PTF), the
LSMoH, the WHO, and reference to a government or official
agencies to determine accuracy. Some open-ended responses
in this cohort of respondents include:
http://publichealth.jmir.org/2021/1/e22273/
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I rely on confirmed media accounts of Government
agencies NCDC, LSMOH, COVID19 PTF.
[56-year-old married male]
I cross check with the verified source of information
e.g. WHO, NCDC, LSMOH. [25-year-old single
female]
Among respondents who perceived their source(s) of
information as accurate, 83 were confident of the accuracy of
the information from the NCDC:
Any news different from the NCDC's is not always
accurate. [27-year-old married female]
In addition, for some respondents (n=38), information from the
WHO website was deemed accurate. This could be inferred
from statements like:
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When it's from a verified source, like WHO, I know
it's accurate. [25-year-old single male]
Other ways of determining accuracy include cross-checking
multiple sources (n=37):
When same news repeats itself in different places I
see it as accurate. [36-year-old married female]
In a subgroup analysis on the use of reputable sources of
information, respondents earning between NGN 20,000-70,000
had 2.03 higher odds of using reputable sources compared to
respondents earning less than NGN 20,000 (95% CI 1.21-3.38)
(Table S5, Multimedia Appendix 1). In addition, Table S6
(Multimedia Appendix 1) distinguishes between the
sociodemographic characteristics of respondents who used
reputable sources of COVID-19 information and those who
used other sources.

Discussion
Principal Findings
This study assessed common sources of COVID-19 information
for a Nigerian study population during the early stages of the
pandemic. Findings from this study suggest that most
respondents used the internet as a source of COVID-19
information. Further, more than two-thirds of respondents
considered their source(s) of information as accurate, and
one-third depended on only 1 out of the 7 potential sources of
COVID-19 information. However, there was no significant
association between any of the potential sources of COVID-19
information and perceived accuracy. In addition, high-income
earners (>NGN 120,000) had a greater likelihood of using more
than one source of COVID-19 information.
The findings have shown that the internet was the most common
source of information among the respondents. This contrasts
with findings from the EVD outbreak in Nigeria 6 years ago,
where traditional media (television and radio) were the main
sources of EVD information at that time [11]. Similarly, a study
in Vietnam listed mass media and peer educators as the most
common sources of COVID-19 information as opposed to the
internet [12]. Nonetheless, several studies in Nigeria and Asia
have identified social media (a component of the internet
information source) as an important source of information,
particularly serving as the first source of information during the
2014 EVD outbreak in Nigeria [7,11-13]. Given the worldwide
advancement in technology, the internet may be a common
source of COVID-19 information now more than before because
of the increased access to smartphones and internet networks
in the country [14-17]. Aside from greater access to the internet,
access to real-time health information, with audio-visual tools
such as YouTube, which can enhance user attention, and
respondent demographics (ie, young, educated, and living in
major cities) could have contributed to increased internet use
during the present pandemic in this study [16,17]. Despite this,
there is broad consensus that misinformation is highly prevalent
on the internet, and challenges such as limited reach to
underserved populations may caution against overreliance on
the internet for health communication [18]. Nonetheless, using
the internet—through social media handles and websites—for
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public health messaging accomplishes several of the goals of
successful health communication. These goals include reaching
a broad audience, creating interactive and ongoing community
engagement, and broadening the transmission of urgent public
health information [6,14].
Of note in this study is the relatively low proportion of
respondents who depended on health care providers for
COVID-19–related information. This was particularly common
in more educated respondents (university education and above)
compared to those with secondary school education or below.
On the other hand, respondents with a higher income were more
likely to obtain COVID-19 information from health care
providers compared to the lowest category of earners in the
population studied. A possible explanation for this finding could
be that higher-income earners are more likely to have access to
health care providers compared to low-income earners through
health insurance or their own ability to pay out of pocket. In
addition, higher-income earners are more likely to be able to
afford medical consultations, facilitating direct access to
COVID-19 information from health care providers. Similarly,
higher-income earners were more likely to obtain COVID-19
information from their workplace. This finding could be ascribed
to a likelihood of having more stable white- or blue-collar jobs
compared to lower-income earners who are mostly students on
stipends, small business entrepreneurs, and daily wage earners.
Perceived accuracy was not significantly associated with any
particular source of COVID-19 information; however,
respondents determined the accuracy of their COVID-19
information by cross-referencing with perceived reputable
sources of information (ie, internet sources run by national or
multinational health regulatory organizations), such as the
NCDC and the WHO digital media handles. In an analysis of
sources of information, high-income earners had more than 2
times higher odds of using reputable sources of information
compared to low-income earners. Overall, our findings
correspond with the literature, which indicates that a large
proportion of the population relies on the media, as well as
family and friends, to inform their perception of health risks
during an outbreak [6].

Limitations
Limitations in the interpretation of findings from this study
could be the mode and language of data collection. Since the
study used an online survey in the English language, respondents
were individuals with access to the internet who could
communicate in English, alienating segments of the population
with limited access to the internet or without English language
fluency. Nonetheless, it is worth noting that individuals with
internet access can serve as sources of information for those
with limited or no access to the internet. In addition, respondents
were predominantly youth, with university/polytechnic
education, and earning less than NGN 20,000 per month,
therefore limiting the generalizability of our findings.

Conclusion
The internet was the most common source of COVID-19
information, and the population sampled had a relatively high
level of perceived accuracy for the COVID-19 information
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received. Further, high-income earners had a higher likelihood
of using multiple sources of COVID-19 information. To
determine the accuracy of COVID-19 information, a significant
fraction of respondents cross-referenced any information
received with news from official government regulatory bodies
(eg, the NCDC) and the WHO.
The dissemination of timely and accurate health information to
support public health interventions is crucial during a pandemic.
Therefore, targeted and evidence-based approaches must be
implemented for effective communication. Findings from this
study can inform health communication measures to mitigate
the effects of the COVID-19 pandemic on the population and
reduce the burden and spread of the disease.

Erinoso et al
Effective communication requires sensitivity to social
perceptions and dissemination of information via relevant
communication channels [19,20], as identified from this study.
Policymakers responsible for COVID-19 risk communication
in Nigeria may consider measures such as an increased focus
on the internet (eg, use of NCDC social media handles and local
traditional media stations with an online presence). In addition,
white- and blue-collar employers can be encouraged to promote
anti–COVID-19 health behaviors by conducting health education
exercises for employees using official digital channels. Future
studies should examine COVID-19 content across various
potential sources to better understand the information obtained
by the public.
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Abstract
Background: Nutrition is not a treatment for COVID-19, but it is a modifiable contributor to the development of chronic disease,
which is highly associated with COVID-19 severe illness and deaths. A well-balanced diet and healthy patterns of eating strengthen
the immune system, improve immunometabolism, and reduce the risk of chronic disease and infectious diseases.
Objective: This study aims to assess the effect of diet, nutrition, obesity, and their implications for COVID-19 mortality among
188 countries by using new statistical marginalized two-part models.
Methods: We globally evaluated the distribution of diet and nutrition at the national level while considering the variations
between different World Health Organization regions. The effects of food supply categories and obesity on (as well as associations
with) the number of deaths and the number of recoveries were reported globally by estimating coefficients and conducting color
maps.
Results: The findings show that a 1% increase in supplementation of pulses reduced the odds of having a zero death by 4-fold
(OR 4.12, 95% CI 11.97-1.42). In addition, a 1% increase in supplementation of animal products and meat increased the odds of
having a zero death by 1.076-fold (OR 1.076, 95% CI 1.01-1.15) and 1.13-fold (OR 1.13, 95% CI 1.0-1.28), respectively. Tree
nuts reduced the odds of having a zero death, and vegetables increased the number of deaths. Globally, the results also showed
that populations (countries) who consume more eggs, cereals excluding beer, spices, and stimulants had the greatest impact on
the recovery of patients with COVID-19. In addition, populations that consume more meat, vegetal products, sugar and sweeteners,
sugar crops, animal fats, and animal products were associated with more death and less recoveries in patients. The effect of
consuming sugar products on mortality was considerable, and obesity has affected increased death rates and reduced recovery
rates.
Conclusions: Although there are differences in dietary patterns, overall, unbalanced diets are a health threat across the world
and not only affect death rates but also the quality of life. To achieve the best results in preventing nutrition-related pandemic
diseases, strategies and policies should fully recognize the essential role of both diet and obesity in determining good nutrition
and optimal health. Policies and programs must address the need for change at the individual level and make modifications in
society and the environment to make healthier choices accessible and preferable.
(JMIR Public Health Surveill 2021;7(1):e22717) doi:10.2196/22717
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Introduction

system or severity of COVID-19? Is it dangerous toward getting
an infection and the mortality of COVID-19?

Transmission of COVID-19 began in Wuhan, Hubei Province,
China on December 31, 2019 [1,2]. According to the latest
World Health Organization (WHO) report on July 3, 2020, there
were 11,188,120 confirmed cases and 528,431 deaths
worldwide, with 1505 total cases and 69.3 deaths per 1 million
population [3]. The WHO named it a global pandemic because
of the rapid outbreak of the disease worldwide [4,5].

This study aims to assess the effect of diet, nutrition, and obesity
on COVID-19 mortality among 188 countries by using new
statistical marginalized two-part (mTP) models. Hence, we
globally evaluated the distribution of diet and nutrition on the
national level while considering the variation between different
regions. The effects of food supply categories and obesities on
(as well as associations with) the number of deaths and the
number of recoveries is reported worldwide by estimating
coefficients and conducting color maps.

The COVID-19 epidemic started during winter in areas of the
world where the consumption of wildlife is not uncommon.
Coronavirus is one of the viruses causing the common cold, a
disease that has never had a cure nor any effective prevention
or vaccine. However, there are relatively consistent data
suggesting that the risk of contracting the common cold is high
under inadequate sleep, psychosocial or physical stress including
exposure to cold temperatures, inadequate nutrition, and any
condition that compromises the body’s immune system [6].
A high percentage of COVID-19 deaths worldwide are
associated with one or more chronic conditions. It is also evident
that older people are at a higher risk for severe illness with this
pandemic [7,8]. Nutrition is not a treatment for COVID-19, but
it is a modifiable contributor to the development of chronic
disease, which is highly associated with COVID-19 severe
illness and deaths [9]. A well-balanced diet and healthy patterns
of eating strengthens the immune system, improves
immunometabolism, and reduces the risk of chronic disease
and infectious diseases [10,11]. Furthermore, nutrition may
have a positive or negative impact on COVID-19, as it may be
a way to support people at higher risk for the disease (ie, older
people and people with pre-existing conditions of
noncommunicable diseases) [12].
It is clear in these challenging times that optimizing nutrition
is important, not only for ourselves but also for every patient
that goes through their own period of treatment. Every health
system should be aware of the benefits of healthy eating and be
able to provide sound nutritional guidance to their patients,
especially those with chronic disease. Having knowledge about
nutritional interventions that may help prevent chronic
conditions and their associated risks is now more important than
ever [13].
On the other hand, being overweight or obese are interpreted
as excessive fat [14] accumulation and represent a risk to health
[15]. Most of the world’s populations live in countries where
being overweight or obese kill more people than being
underweight. However, does it cause a decrease in the immune
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Methods
Overview
This section starts with a short description of the data set and
information on relevant sources. In the following section, we
introduce the conventional two-part (TP) regression model and
the proposed mTP regression model for semicontinuous data.
For the continuous part, we considered two flexible distributions
including log-normal (LN) and beta prime (BP). We also
described their properties to assess the overall impact of
covariates on the marginal mean and demonstrated that the
proposed model outperforms the conventional model. Finally,
the proposed mTP model was applied to the healthy diet data
set on fat quantity and protein to investigate the effects of
nutrition categories and obesity on the number of deaths and
recoveries in 100 cases of COVID-19.

Dietary, Obesity, and COVID-19 Data
Food supply data is some of the most important data in both
Food and Agriculture Organization (FAO)/WHO STAT [16].
In fact, this data is the basis for estimations of global and
national undernourishment assessment when it is combined
with parameters and other data sets. In addition, both businesses
and governments use this data for economic analysis and policy
setting, and the academic community also uses this data.
In this data set, we combined data of different types of food,
world population obesity and undernourished rates, and the
global COVID-19 cases count from around the world (188
countries) to learn more about how a healthy eating style could
help combat COVID-19. In addition, from the data set, we can
gather information regarding diet patterns from countries with
lower COVID-19 infection rates and adjust our own diet
accordingly. The spread of the disease, deaths, recoveries, and
their different distributions are shown in Figure 1, which can
be evaluated according to the WHO regions.
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Figure 1. World map related to the number of deaths (top) and the number of recoveries (bottom) in 100 cases of COVID-19 as of July 3, 2020.

From the data sets, accessible as Google sheets in GitHub [17],
we have used fat quantity and protein for different categories
of food (all calculated as percentage of total intake amount).
We have also added on the obesity rate (in percentage) for
comparison. The end of the data sets also included the most
up-to-date confirmed infections, deaths, recoveries, and active
cases (also in percentage of current population for each country).
In this study, response variables were the deaths in 100 cases
and the recoveries in 100 cases that were continuously (ranged
0 to 100) measured for 188 countries [18].
To synchronize results relative to interregional variations, data
sets were grouped according to WHO regions (Multimedia
Appendix 1), and a mTP analysis of deaths and recoveries was
conducted using a random effects (regions cluster) model.
Supply food data description is described in Multimedia
Appendix 2. Both fat quantity and protein data sets, including
23 categories, were obtained from the FAO database [19] and
were used to show the specific types of food that belong to each
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category for assessing influential effects of the fat quantity and
protein supply.
Semicontinuous response variables such as mortality indexes
are typically characterized by the presence of zeros and positive
continuous outcomes that are often right skewed. In this paper,
we propose a class of models for positive and zero responses
by means of a zero-augmented mixed regression model. Under
this class, we are particularly interested in studying positive
responses whose distribution accommodates skewness. At the
same time, responses can be zero, and therefore, we justified
the use of a zero-augmented mixture model.

Marginalized Two-Part Models for Semicontinuous
Data
Conventional Two-Part Model
We began with a review of the conventional TP model presented
in Cragg [20], Manning et al [21], Duan et al [22], and
elsewhere. Let Yij be a semicontinuous variable for the i-th
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(i=1,2, ..., n) subject at cluster j (j=1,2, ..., ni). For nonnegative
data (Yij≥0) consisting of independent observations that clustered
in the j-th level, the generic form of the conventional TP model
can be written as:

where b1i represents the random effect that accounts for the
within-subject correlation pertaining to the clustered measures

where πij = Pr(Yij>0), 1(.) is the indicator function, and g(yij|yij>0)
is any density function applicable to the positive values of Yij,
although the LN density is often chosen. This model is
parameterized following equations (2) and (3) relevant to zero
and nonzero components, respectively:

where b2i represents the random effect that accounts for the
within-subject correlation pertaining to the clustered measures

in the zero part, b1i ~ N(0,

in the continuous part, b2i ~ N(0,

where Xij is a 1 × p covariate vector, β is a p × 1 regression
coefficient vector, and b2i is again the cluster-level random
effect in the nonzero component. The error term εij is assumed
to be normally distributed as N(0, ). Note that this TP mixed
model can be extended to include additional random effects.
For illustration purposes and simplicity, we restricted attention
here to the TP mixed models with two levels; extensions to
multilevel models are straightforward.
When fitting this model to independent responses, the binary
and conditionally continuous components of the likelihood are
separable, and therefore, these two parts are fit separately. The
binary component is often modeled using logistic regression,
and the continuous component can be fit using standard
regression models such as the BP [23], LN [24], gamma [25,26],
and long-skew normal [27].
The marginal mean and variance of Yij from a TP model can be
derived as follows:

When LN is assumed in the continuous part, the marginal mean
is:
E(Yij) = νij = πijexp{μij + σ2 ⁄ 2} (5)

).

The two random effect intercepts b1i and b2i in the two processes
of zero and nonzero are assumed to be independent and
uncorrelated.

where Zij is a 1 × q covariate (used as an explanatory variable)
vector, α is a q × 1 regression coefficient vector, and b1i is the
cluster-level random effect in the zero component. The location
parameter μij is modeled in the second part of the TP model
assuming a log link:

).

is the vector of covariates for the i-th subject

measured at the j-th cluster for the binary part, and
is the
vector of covariates for the i-th subject measured at the j-th
cluster used for the continuous part. The two parts might have
common covariates or completely different ones. α is the vector
of model coefficients corresponding to the binary part, and β is
the vector of coefficients corresponding to the continuous part,
conditional on the values being nonzero. The model can be
easily extended to include higher-order random effects.

Marginalized Two-Part Log-Normal Model
When modeling semicontinuous data, the continuous component
is most frequently modeled using a LN distribution. The generic
form of the marginalized two-part log-normal (mTP LN) model
for independent responses can be written as in equation (1),
with g(yij|yij>0), taking the LN density function LN(.; μ, σ2) with
mean μ and variance σ2 on the log scale. The marginal mean
and variance of Yij are:
E(Yij) = νij = πijexp(μij + σ2 ⁄ 2) (8)
Var(Yij) = πijexp(2μij + σ2)[exp(σ2) – πij] (9)
The likelihood (L), parameterized in terms of πij and μij, is:

where ϕ(b1ij, b2ij) represents the bivariate normal distribution
for the random effects with a mean vector of zeros and
variance-covariance matrix
parts, respectively.

and

for zero and nonzero

To use this LN likelihood framework, the marginal mean in
equation (8) can be rearranged to solve for μij, yielding:

Marginalized Two-Part Model
To obtain interpretable covariate effects on the marginal
(unconditional) mean, we proposed the following mTP model
that parameterizes the covariate effects directly in terms of the
marginal mean, νi=E(Yi), on the original (ie, untransformed)
data scale. The mTP model specifies the linear predictors:

http://publichealth.jmir.org/2021/1/e22717/

XSL• FO
RenderX

Noting that:

and:
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Marginalized Two-Part Beta Prime Model
The BP distribution [28,29] is also known as inverted beta
distribution or beta distribution of the second kind, often the
model of choice for fitting semicontinuous data where the
response variable is measured continuously on the positive real
line (Y>0) because of the flexibility it provides in terms of the
variety of shapes it can accommodate. The probability density
function of a BP distributed random variable Y parameterized
in terms of its mean μ and a precision parameter ϕ is given by:

where, B denotes the beta function μ>0, ϕ>0, E(Y) = μ, and
Var(Y) = (μ(1 + μ)) / ϕ.
To obtain interpretable covariate effects on the marginal mean,
we proposed the following mTP model that parameterizes the
covariate effects directly in terms of the marginal mean, νij =
E(Yij), on the original (ie, untransformed) data scale. The mTP
model with random (cluster) effects Z1ij and Z2ij for the zero
and the continuous components, respectively, specifies the linear
predictors:

where,
and
have full rank p and q for the zero and the
continuous components, respectively; α(p+1)×1 and β(q+1)×1 are
the corresponding vectors of the regression coefficients. As seen
in equations (15) and (16), the mixing probability and mean of
the component of the continuous parts are linked to the
independent variables through logit and logarithmic link
functions. The vectors b1=(b11, b12, ..., b1m)' and b2=(b21, b22,
..., b2m)' denote random effects of the third level in the
components of logistic and continuous, respectively. For
simplicity of interpretation and mathematical calculations, the
random effects (b1, b2) were assumed to be joint normally
distributed with mean zero and variances

and

,

respectively [30,31]. The errors term eij ~ N(0, ) was also
assumed to be of normal distribution and independent of the
random effects.
Let ψij = I(yij>0) denote the indicator of Yij being nonzero. The
general form of the likelihood function for the i-th subject can
be described as follows:

where the log-likelihood for the binary part is:
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and the log-likelihood for the continuous part is:

with , which can be implemented in the SAS NLMIXED
procedure by quasi-Newton optimization with adaptive Gaussian
quadrature techniques [32]. With the conventional model, the
likelihood and score equations can be separated into two
independent components: one for the binary part and one for
the continuous part. In contrast, note that the score equations
for the mTP model are not separable, and thus, the binary and
continuous parts are fit simultaneously. Model-based asymptotic
standard errors are computed using Fisher information matrix,
Ι(α, β, σ), as:

with the maximum likelihood estimates substituted for α, β,
and σ.

Results
In this section, the proposed mTP model was applied to the
healthy diet data set on fat and protein to investigate the effects
of supplementation categories on the number of deaths per 100
cases and recoveries per 100 cases of COVID-19. The
estimations of mTP BP and mTP LN related to deaths and
recoveries are shown in Tables 1 and 2, respectively. In these
tables, variances (
and
) show the variety of responses
among level 2 (ie, the WHO regions) related to each part of the
zero and nonzero (ie, positive) components. Tables 1 and 2
show that almost all categories have the same effect on the
number of deaths and recoveries in 100 cases. The number of
deaths per 100 cases, number of recoveries per 100 cases, and
the obesity rates until July 3, 2020, for all countries and split
by the WHO regions is shown in Multimedia Appendix 3.
Deaths are more common in Western and Southwest Europe
(eg, Belgium, the United Kingdom, France, Italy, Hungary,
Netherlands, and Spain), North America (eg, Mexico, Bahamas,
Canada, Barbados, Belize, and the United States), and North
Africa (eg, Western Sahara, Chad, Algeria, and Niger). The
highest number of deaths occurred in Yemen (26.62 deaths per
100 cases), which could be due to the crises caused by the war
and the poor health conditions in this country in the last years.
Frequently, it seems that the northern regions of the world
appear to have had more deaths, which may be due to
temperature differences between the two hemispheres.
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Table 1. Results of marginalized two-part BP and LN model in predicting number of deaths per 100 cases and considering the cluster effect of World
Health Organization regions in the fat data set.
Fat (categories)

Fat quantity

Protein

Zero component

Nonzero component

Zero component

Nonzero component

Coefficient
(α)

Coefficient
(β)

Coefficient
(α)

Coefficient
(β)

Alcoholic beverages
BPa

—b

—

–7.0449

0.1145

1.3670

0.4907

0.04707

0.1286

LNc

—

—

–6.4512

0.1165

1.3752

0.4814

0.04918

0.1189

BP

0.0401

0.7457

–0.0028

0.1539

0.0736 d

0.6212

0.0105

0.1236

LN

0.0405

0.6543

–0.0031

0.1495

0.0812

0.5965

0.0108

0.1209

BP

0.1505

0.6458

0.0009

0.1223

7.6487

0.3055

0.3259

0.1212

LN

0.1489

0.6147

0.0009

0.1239

7.5461

0.2891

0.3319

0.1801

Animal products

Animal fats

Aquatic products other
BP

4.3474

0.7746

–13.9857

0.1123

30.9618

0.4060

–0.7270

0.1201

LN

4.5421

0.7469

–10.2576

0.1127

29.1456

0.3995

–0.7345

0.1193

Cereals excluding beer
BP

–0.0839

0.6195

–0.0218

0.1485

–0.0548

0.4994

–0.0171

0.1163

LN

–0.0956

0.6015

–0.0221

0.1399

–0.0551

0.4861

–0.0170

0.1123

BP

0.3217

0.6155

–0.1291

0.1391

0.3993

0.4487

–0.0466

0.1297

LN

0.3514

0.5412

–0.1299

0.1381

0.4125

0.4912

–0.0481

0.1183

BP

–0.0556

0.6000

0.0383

0.1903

0.0542

0.4220

0.0305

01318

LN

–0.0598

0.5816

0.0401

0.1849

0.0556

0.4001

0.0351

0.1301

Eggs

Fish seafood

Fruits excluding wine
BP

–0.4420

0.6323

0.0933

0.1633

–0.4744

0.5036

0.0783

0.1176

LN

–0.4511

0.5971

0.0931

0.1617

–0.4598

0.5121

0.0803

0.1165

BP

0.0394

0.7340

0.0008

0.1699

0.1246

0.4690

0.0256

0.1174

LN

0.0391

0.7300

0.0008

0.1684

0.1268

0.4581

0.0221

0.1173

BP

2.9863

0.6822

2.0655

0.0994

0.0900

0.6768

–0.0090

0.1336

LN

2.5531

0.5836

2.1510

0.0991

0.0912

0.6154

–0.0061

0.1136

Meat

Miscellaneous

Milk excluding butter
BP

0.0589

0.6160

–0.0139

0.1667

0.5456

0.4718

0.0561

0.1259

LN

0.0512

0.6013

–0.0142

0.1561

0.5537

0.4316

0.0560

0.1241

BP

0.0196

0.6429

–0.1844

0.1022

–0.0526

0.4808

0.0704

0.1227

LN

0.0197

0.6129

–0.1798

0.1124

–0.0541

0.4493

0.0713

0.1201

–0.2833

0.5580

0.0179

0.1876

–0.1453

0.5600

0.0090

0.1245

Offals

Oilcrops
BP
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Fat (categories)

LN
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Fat quantity

Protein

Zero component

Nonzero component

Zero component

Nonzero component

Coefficient
(α)

Coefficient
(β)

Coefficient
(α)

Coefficient
(β)

–0.2891

0.5137

0.0184

0.1773

–0.1457

0.5413

0.0094

0.1239

BP

–1.4170

0.1944

0.1150

0.1434

–0.1583

0.4308

0.1496

0.1290

LN

–1.4242

0.1832

0.1159

0.1400

–0.1581

0.4311

0.1499

0.1289

BP

–0.5889

0.4622

0.0476

0.1907

–0.0916

0.4309

–0.0561

0.1161

LN

–0.5887

0.4604

0.0467

0.1891

–0.0914

0.4312

–0.0551

0.1163

BP

–0.9187

0.5559

–0.3262

0.1637

0.3208

0.4513

–0.0469

0.1246

LN

–0.9188

0.5412

–0.3301

0.1621

0.3208

0.4511

–0.0461

0.1212

BP

0.6042

0.6715

–0.0287

0.1704

0.3476

0.4530

–2.4158

0.1227

LN

0.6101

0.6712

–0.0288

0.1698

0.3479

0.4530

–2.4129

0.1201

BP

–13.0537

0.5727

–6.2283

0.1063

5.7548

0.4394

1.4861

0.1217

LN

–12.5132

0.5624

–6.3120

0.1059

5.5431

0.4329

1.4869

0.1214

BP

–0.8040

0.6104

10.2992

0.2136

1.7184

0.4899

0.5042

0.1328

LN

–0.8042

0.6112

9.4532

0.2013

1.7204

0.4782

0.5100

0.1236

BP

0.3739

0.6207

0.1138

0.2178

–0.0736

0.6211

–0.0105

0.1236

LN

0.3721

0.6211

0.1142

0.2017

–0.0740

0.6127

–0.0104

0.1221

BP

–0.0401

0.8313

0.0028

0.1485

39.1538

0.5764

2.8053

0.1327

LN

–0.0413

0.8219

0.0027

0.1449

27.1870

0.4365

2.8101

0.1254

BP

–0.0008

0.6667

0.0025

0.1663

0.0228

0.4442

–0.0376

0.1228

LN

–0.0012

0.6120

0.0024

0.1659

0.0224

0.4318

–0.0354

0.1224

BP

–0.5748

0.6205

–0.4784

0.1099

1.3637

0.3991

0.7713

0.1050

LN

–0.5739

0.5945

–0.4754

0.1098

1.3641

0.3981

0.7716

0.1002

BP

0.0228

0.5954

0.0054

0.1716

0.0228

0.4798

0.0054

0.1261

LN

0.0212

0.5871

0.0057

0.1624

0.0227

0.4821

0.0034

0.1178

Pulses

Spices

Starchy roots

Stimulants

Sugar crops

Sugar sweeteners

Tree nuts

Vegetal products

Vegetable oils

Vegetables

Obesity

a

BP: beta prime.

b

Empty cells related to unestimated or nonconverged values.

c

LN: log-normal.

d

Italics indicate statistical significance at the .05 significance level.
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Table 2. Results of marginalized two-part BP and LN model in predicting number of deaths in 100 cases and considering the cluster effect of World
Health Organization regions in the protein data set.
Protein (categories)

Fat quantity

Protein

Zero component

Nonzero component

Zero component

Nonzero component

Coefficient
(α)

Coefficient
(β)

Coefficient
(α)

Coefficient
(β)

Alcoholic beverages
BPa

0.3934

—b

–3.3321

0.0053

–0.5040

—

0.3291

0.0241

LNc

0.3941

0.6541

–3.3520

0.0051

-0.5139

—

0.3301

0.0240

BP

–0.0518

—

–0.0030

5.0390

–0.0377

—

–0.0036

—

LN

–0.0520

—

–0.0031

5.0011

–0.0378

—

–0.0035

—

BP

–0.1417

0.6458

0.0037

0.1223

–4.3929 d

0.6854

–0.1882

0.0291

LN

–0.1419

0.5454

0.0039

0.1221

–4.3821

0.6855

–0.1881

0.0297

Animal products

Animal fats

Aquatic products other
BP

0.1026

0.7746

0.0998

0.1123

13.6501

0.6543

–0.1588

0.0102

LN

0.9817

0.7751

0.0981

0.1123

11.5479

0.6571

–0.1581

0.0115

Cereals excluding beer
BP

0.2108

0.6195

0.0201

0.1485

0.0935

0.5987

0.0070

—

LN

0.2107

0.5981

0.0200

0.1498

0.0992

0.4564

0.0074

0.0120

BP

1.0198

0.6155

0.0585

0.1391

0.3015

0.7154

0.0971

1.0199

LN

1.0211

0.6154

0.0594

0.1384

0.3101

0.6245

0.0954

0.8745

BP

2.1882

0.6000

–0.0587

0.1903

0.3784

0.6542

–0.0109

2.0553

LN

2.1452

0.6124

–0.0591

0.1914

0.3781

0.6549

–0.0117

2.4923

Eggs

Fish seafood

Fruits excluding wine
BP

3.5529

0.6323

0.0049

0.1633

0.5023

0.6980

–0.0284

0.3869

LN

3.5504

0.6341

0.0051

0.1601

0.5001

0.7401

–0.0294

0.3881

BP

–0.0020

0.7340

–0.0081

0.1699

–0.0720

0.7012

–0.0050

2.8965

LN

–0.0019

0.7341

–0.0078

0.1692

–0.0711

0.6984

–0.0050

2.8457

BP

8.988

0.6822

–0.1517

0.0994

–0.1208

0.6503

–0.0057

1.8106

LN

7.5415

0.6824

–0.1540

0.0982

–0.1235

0.6511

–0.0064

1.8001

Meat

Miscellaneous

Milk excluding butter
BP

–0.1359

0.6160

–0.0020

0.1667

–0.3806

0.4562

0.0398

0.4047

LN

–0.1314

0.5912

–0.0080

0.1724

–0.3817

0.4575

0.0410

0.4521

BP

–3.0231

0.6429

–0.1611

0.1022

–0.1169

0.6985

0.0301

—

LN

–3.0024

0.6540

–0.1617

0.1512

–0.1141

0.7211

0.0341

—

Offals

Oilcrops
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Fat quantity

Protein

Zero component

Nonzero component

Zero component

Nonzero component

Coefficient
(α)

Coefficient
(β)

Coefficient
(α)

Coefficient
(β)

BP

0.0091

0.5580

0.0070

0.1876

–0.1958

0.5913

–0.0269

1.2942

LN

0.0084

0.5557

0.0072

0.1868

–0.1954

0.5914

–0.0264

1.3125

BP

–1.6086

0.1944

–0.3639

0.1434

4.1312

0.2456

–0.2215

0.0303

LN

–1.5401

0.1984

–0.3578

0.1545

4.0128

0.2541

–0.2211

0.0311

BP

3.1903

0.4622

–0.2388

0.1907

0.0560

0.5441

0.0208

0.6601

LN

3.1912

0.4684

–0.2491

0.1912

0.0541

0.5237

0.0214

0.6641

BP

0.4714

0.5559

0.0997

0.1637

–0.2431

0.6003

0.1089

0.0603

LN

0.4787

0.5651

0.0984

0.1746

–0.2433

0.6210

0.1146

0.0701

BP

0.5780

0.6715

0.1503

0.1704

–0.0752

0.6439

2.1776

0.0100

LN

0.5417

0.6871

0.1511

0.1724

–0.754

0.7431

2.1290

0.0150

BP

0.3393

0.5727

0.9821

0.1063

0.3819

0.5589

–4.7273

0.1670

LN

0.3365

0.5821

0.9807

0.1163

0.3814

0.5613

–4.7198

0.1687

BP

1.3970

0.6104

–9.6769

0.2136

0.5242

0.6987

–0.4085

0.2326

LN

1.4121

0.6255

–9.5421

0.2166

0.5420

0.6999

–0.4142

0.2401

BP

0.2521

0.6207

–0.1732

0.2178

0.0378

0.7432

0.0036

2.8525

LN

0.2515

0.6210

–0.1732

0.2245

0.0412

0.7421

0.0065

3.1450

BP

0.0517

0.8313

0.0030

0.1485

–18.9397

0.7823

0.7848

0.0053

LN

0.0521

0.8214

0.0024

0.1521

–15.2981

0.7888

0.6954

0.0055

BP

0.0081

0.6667

–0.0007

0.1663

0.4467

0.5968

–0.0039

2.4944

LN

0.0043

0.6821

–0.0014

0.1681

0.4428

0.5960

–0.0041

2.4912

BP

2.7153

0.6205

–0.1959

0.1099

1.6107

0.5935

0.1003

0.0184

LN

2.7154

0.6650

–0.1991

0.1124

1.5459

0.6520

0.1000

0.0156

BP

0.0042

0.5954

–0.0009

0.1716

0.0042

0.4986

–0.0009

4.1135

LN

0.0041

0.5954

–0.0005

0.1712

0.0041

0.5101

–0.0009

4.1232

Pulses

Spices

Starchy roots

Stimulants

Sugar crops

Sugar sweeteners

Tree nuts

Vegetal products

Vegetable oils

Vegetables

Obesity

a

BP: beta prime.

b

Empty cells related to unestimated or nonconverged values.

c

LN: log-normal.

d

Italics indicate statistical significance at the .05 significance level.
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According to the results of Table 1, except pulses in fat quantity
and animal products, meat, tree nuts, and vegetables in the
protein data set, all categories had no significant effect on the
number of deaths. A 1% increase in supplementation of pulses
reduced the odds of having a zero death by 4-fold (1 /
exp(–1.417) = 4.1251). In addition, a 1% increase in
supplementation of animal products and meat increased the
odds of having a zero death by 1.076-fold (exp(0.0736) = 1.076)
and 1.133-fold (exp(0.0736) = 1.133), respectively. Tree nuts
reduced the odds of having a zero death, and vegetables
increased the number of deaths.
Continuously, except animal fats, sugar sweeteners, and tree
nuts in fat quantity, and animal fats and sugar crops in the

Kamyari et al
protein data, all categories had no significant effect on the
number of recoveries (Table 2). The effect of consuming sugar
products on mortality was considerable. Every 1% increment
in sugar sweeteners decreased the number of recoveries by
98.17% (–9.68, 95% CI –12.6440 to –6.7098). Tree nuts in fat
quantity also reduced the number of recoveries by 16.9%
(–0.1732, 95% CI –0.3157 to –0.3070). In the protein data,
sugar crops reduced the number of recoveries by 99.11% (1 –
exp(–4.7273) = 0.9911). The world map related to sugar and
sweetener supply is shown in Figure 2. Based on the results of
the proposed model and estimates of the effects of sugar, our
prediction for the coming days is that the countries of the
Americas, with more sugar product intake, will probably face
more deaths.

Figure 2. World map related to sugar and sweeteners supply (kcal).

For further evaluation, we calculated correlations between
categories (plus obesity rate) with the number of deaths (Figure
3 A and C) and the number of recoveries (Figure 3 B and D)
by using the bivariate Pearson correlation. Results of the
correlations showed that, in the protein data, countries that
consumed more spices, tree nuts, cereals, aquatic products,
stimulants, vegetable oils, oil crops, pulses, fruit (wine), and
alcoholic beverage (in order) had fewer deaths from COVID-19,
and conversely, countries that consumed more meat, vegetables,
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vegetal products, sugar and sweeteners, animal products, animal
fats, sugar crops, milk, fish, offals, miscellaneous, eggs, and
starchy roots (in order) had more deaths from COVID-19. In
the fat quantity data, countries that consumed more sugar and
sweeteners, miscellaneous, tree nuts, meat, animal products,
animal fats, offals, and fish had more deaths from COVID-19.
Finally, same as the mTP model results, obesity has affected
increased death rates and reduced recovery rates in all
correlation analyses (Figures 3 and 4).
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Figure 3. Bivariate Pearson correlation between nutrition categories (plus obesity) and the number of deaths (A and C) and the number of recoveries
(B and D) in 100 cases of COVID-19.
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Figure 4. Scatterplot of obesity rate versus deaths per 100 cases of COVID-19 by country. The circle’s size is related to the number of deaths per 100
cases.

Discussion
Principal Results
In this study, we proposed a mTP regression model for clustered
semicontinuous diet and nutrition data. This model allows
investigators to obtain covariate effects on the marginal mean
of the outcome (eg, deaths and recoveries). It also has an
unconditional interpretation of the covariate effect on the
marginal mean. Our proposed mTP model had satisfactory
performance in the diet and nutrition data analysis.
Findings of this study show that populations (countries) who
consume more eggs, cereals excluding beer, spices, and
stimulants had the greatest impact on the recovery of patients
with COVID-19. In addition, populations that consumed more
meat, vegetal products, sugar and sweeteners, sugar crops,
animal fats, and animal products were associated with more
deaths and less recoveries in patients. The effect of consuming
sugar products on mortality was considerable. In addition,
obesity has affected increased death rates and reduced recovery
rates.

Comparison With Prior Work
Healthy diets and physical activity are key to good nutrition
and necessary for a long and healthy life and prevention of
chronic disease [33]. Eating nutrition dense foods and balancing
energy intake with necessary physical activity to maintain a
healthy weight is essential at all stages of life. Unbalanced
consumption of foods high in energy (sugar, starch, and fat)
http://publichealth.jmir.org/2021/1/e22717/
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and low in essential nutrition contributes to energy excess, being
overweight, and being obese. The amount of energy consumed
in relation to physical activity and the quality of food are key
determinants of nutrition-related chronic disease [11]. In a
review study from January 2020, Zhang and Liu [13] reviewed
the importance of some nutrition interventions (vitamins,
minerals, immunoenhancers) in infectious and respiratory
diseases. The authors suggested that the nutritional status of
each patient who was infected should be evaluated before the
administration of general treatments, and the current children’s
RNA‐virus vaccines, including the influenza vaccine, should
be used for people who are not infected and health care workers.
Moreover, the results of their review showed that all the
potential interventions (nutritional or immunoenhancers) should
be implemented to control COVID‐19 if the infection is
uncontrollable [13]. Our results also confirm these associations
by introducing influential diet categories, including sugar and
sweeteners, animal products, animal fats, sugar crops,
miscellaneous, and tree nuts as more important risk factors for
death or slowing of recovery in patients with COVID-19.
Recent studies point to obesity as a critical risk factor for being
hospitalized or dying from COVID-19 [34-36]. Indeed, a high
prevalence of obesity has been observed in patients with
COVID-19, requiring invasive mechanical ventilation [37], a
robust proxy of SARS-CoV-2 severity. In patients younger than
60 years, those with obesity were at almost double the risk of
being admitted to critical care when compared with patients of
a normal weight [38]. Results from this study confirm previous
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e22717 | p.265
(page number not for citation purposes)
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findings on the risk of obesity and add that obesity slows down
patients’ recovery and treatment.
People need to eat fewer prepared foods and more complex
plant-based foods [11]. Although there are differences in dietary
patterns, overall, unbalanced diets are a health threat across the
world and do not just affect death rates but also the quality of
life. To achieve best results in preventing nutrition-related
pandemic diseases, strategies and policies should fully recognize
the essential role of both diet and obesity in determining good
nutrition and optimal health. Policies and programs must address
the need for change at the individual level as well as the
modifications in society and the environment to make healthier
choices accessible and preferable.

Study Limitations
We have some limitation in using the nutrition data sets. The
study is based on observational data, and inevitably with 188
countries included, there were variations in how the data were
collected. This study included 23 dietary attributes; some that
are of interest to health such as saturated and monounsaturated
fatty acids and free sugars across the diet (not just those in
drinks) were not included in the analysis. The study also did
not take into account lifestyle factors, such as smoking and
physical activity, that can have a significant impact on the risk
of the disease outcomes used in the study.
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Finally, we remind all our readers to take care of themselves
during this pandemic, follow the guidelines of the Centers for
Disease Control and Prevention [39], and eat healthy foods with
sufficient amounts of fruits and vegetables as previously
discussed.

Conclusions
Good nutrition is important before, during, and after an
infection. The findings of this study show that populations who
consume more eggs, cereals excluding beer, spices, and
stimulants had the greatest impact on the recovery of patients
with COVID-19. In addition, populations that consumed more
meat, vegetal products, sugar and sweeteners, sugar crops,
animal fats, and animal products were associated with more
deaths and less recoveries in patients. The effect of consuming
sugar products on mortality is considerable. In addition, obesity
has affected increased death rates and reduced recovery rates.
Although there are differences in dietary patterns, overall,
unbalanced diets are a health threat across the world and affect
not only death rates but also the quality of life. To achieve best
results in preventing nutrition-related pandemic diseases,
strategies and policies should fully recognize the essential role
of both diet and obesity in determining good nutrition and
optimal health. Policies and programs must address the need
for change at the individual level as well as the modifications
in society and the environment to make healthier choices
accessible and preferable.
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Abstract
Background: The high prevalence of COVID-19 has resulted in 200,000 deaths as of early 2020. The corresponding mortality
rate among different countries and times varies.
Objective: This study aims to investigate the relationship between the mortality rate and prevalence of COVID-19 within a
country.
Methods: We collected data from the Johns Hopkins Coronavirus Resource Center. These data included the daily cumulative
death count, recovered count, and confirmed count for each country. This study focused on a total of 36 countries with over
10,000 confirmed COVID-19 cases. Mortality was the main outcome and dependent variable, and it was computed by dividing
the number of COVID-19 deaths by the number of confirmed cases.
Results: The results of our global panel regression analysis showed that there was a highly significant correlation between
prevalence and mortality (ρ=0.8304; P<.001). We found that every increment of 1 confirmed COVID-19 case per 1000 individuals
led to a 1.29268% increase in mortality, after controlling for country-specific baseline mortality and time-fixed effects. Over 70%
of excess mortality could be attributed to prevalence, and the heterogeneity among countries’ mortality-prevalence ratio was
significant (P<.001). Further, our results showed that China had an abnormally high and significant mortality-prevalence ratio
compared to other countries (P<.001). This unusual deviation in the mortality-prevalence ratio disappeared with the removal of
the data that was collected from China after February 17, 2020. It is worth noting that the prevalence of a disease relies on accurate
diagnoses and comprehensive surveillance, which can be difficult to achieve due to practical or political concerns.
Conclusions:
The association between COVID-19 mortality and prevalence was observed and quantified as the
mortality-prevalence ratio. Our results highlight the importance of constraining disease transmission to decrease mortality rates.
The comparison of mortality-prevalence ratios between countries can be a powerful method for detecting, or even quantifying,
the proportion of individuals with undocumented SARS-CoV-2 infection.
(JMIR Public Health Surveill 2021;7(1):e23034) doi:10.2196/23034
KEYWORDS
COVID-19; prevalence; mortality; undocumented infection; mortality-prevalence ratio; China

Introduction
The first cluster of cases of pneumonia, which was later
identified as COVID-19, a disease caused by the SARS-CoV-2
virus [1], was reported in Wuhan, China on December 31, 2019
[2]. The disease outbreak in China eventually developed into a
http://publichealth.jmir.org/2021/1/e23034/
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pandemic, which forced widespread changes throughout the
world and added substantial disease and economic burden
worldwide. As of May 2, 2020, more than 36 countries have
reported at least 10,000 cases of COVID-19. A total of around
4 million cases and 274,000 deaths have been reported [2,3].
Numerous studies have been conducted to investigate the
biological and epidemiologic characteristics of COVID-19 [4-6].
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Most results have been derived from traditional epidemiological
models, wherein both COVID-19 mortality (ie, the “case fatality
rate” in some literature) and recovery rates were assumed to be
constants. However, in a study conducted by Bialek et al [7],
heterogeneity in mortality rates was found among countries and
cities, but this has been attributed to the assumed underlying
medical conditions within an area [8-10]. The trend in mortality
over time is also controversial [11-13]. Although results from
an exponential growth model have shown an overall exponential
decay in mortality within China since the disease outbreak [13],
there has been evidence that shows disease prevalence influences
disease mortality to a considerable extent. The rapid increase
in the number of infections may result in the collapse of the
health care system, leading to a sharp rise of mortality [11,12].
Despite the inconsistencies in mortality characteristics between
studies, previous analyses have been performed with data that
were collected before March, 2020. Up until then, only a few
countries reported the number of COVID-19 deaths, whereas
most areas were not majorly affected by COVID-19.
This study aims to sophisticatedly quantify the relationship
between COVID-19 prevalence and mortality, by using data
that have been updated up until May 2, 2020. A linear
relationship between prevalence and mortality was observed,
and this was referred to as the mortality-prevalence ratio. The
global mortality-prevalence ratio was estimated after adjusting
for country-specific baseline mortality and time-fixed effects.
Country-specific mortality-prevalence ratio values can be used
as a powerful index for identifying countries with a substantial
number undocumented infections or overburdened health care
systems.

Methods
COVID-19–related data [14] was downloaded from the Johns
Hopkins Coronavirus Resource Center. These data included the
cumulative number of confirmed cases (Cit), death cases (Dit),
and recovered cases (Rit) of the ith country from January 22 to
May 2, 2020. We then matched each country with their
respective national population data, which were provided by
World Population Review [15]. Countries without a matched
population were excluded from this study. After exclusion, 174
countries remained in our dataset. We later aggregated the
remaining countries to obtain the corresponding global counts.
For each country and each time point, we computed the
following 3 metrics, along with the global data: (1) the number
of cases still in treatment (CTit), which represents the total
number of COVID-19 cases that involved medical assistance
at time t; (2) the prevalence of COVID-19 in country i at time
t (Pit); and (3) COVID-19 mortality in country i at time t (Mit).
For the sake of model stability, the analyses were only
performed on countries with a Cit of ≥10,000. The following
equations were used to calculate each metric:
CTit = Cit – Dit − Rit .....(1)
Pit = Cit/total population of country i .....(2)
Mit = Dit/Cit .....(3)
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To investigate the association between mortality and prevalence
after adjusting for the baseline mortality in each country and
the effect of regular fluctuation over time, we built the following
panel regression model (ie, Model 1):
Mit = βcountry + βt + γPit + εit .....(4)
In this model, βcountry represents the country-specific baseline
mortality; βt is the time-fixed effect on the mortality; γ represents
the global association between Pit and Mit, which we referred
to as the global mortality-prevalence ratio; and εit is the residual.
To meet the assumption that the mortality-prevalence ratio
varies in each country, we built a panel regression model (ie,
Model 2), in which the global mortality-prevalence ratio was
replaced with the country-specific mortality-prevalence ratio,
γcountry. Model 2 is described as follows:
Mit = βcountry + βt + γcountryPit + εit .....(5)
In this model, γcountry is the country-specific association between
Pit and Mit, which we referred to as the country-specific
mortality-prevalence ratio. Furthermore, we tested whether
γcountry differed between each country with an analysis of
variance test. We also tested whether the difference could be
treated as the random effect of a normal population with the
Shapiro-Wilk normality test. All analyses were conducted with
R version 3.5.2. The approval of an institutional review board
was not required because no individual-level/personal data were
used.

Results
Table 1 shows the population and the total number of confirmed
cases, death cases, and recovered cases for countries that
reported at least 10,000 confirmed cases by May 2, 2020. Figure
1 shows the association between COVID-19 prevalence and
mortality among these countries. The Spearman correlation
coefficient was 0.8304 (P<.001) and the Pearson correlation
coefficient was 0.3385 (P=.04). These values indicated a
significant positive correlation between prevalence and
mortality. COVID-19 mortality and prevalence were relatively
high in the United Kingdom and Belgium, while the United
States had a high prevalence and a relatively low mortality
compared to countries with similar prevalence levels, such as
China and Canada.
It is worth mentioning that the positive correlation between
mortality and prevalence is not restricted to COVID-19. For
example, when considering the prevalence and mortality of
severe acute respiratory syndrome (SARS) on July 31, 2003
based on data from the World Health Organization, the
Spearman correlation coefficient was 0.3915 (P=.03). Since the
number of countries involved with the COVID-19 pandemic is
considerably larger than those involved with the SARS
pandemic, the correlation between COVID-19 mortality and
prevalence is statistically more significant than the correlation
between SARS mortality and prevalence.
The relationship between global COVID-19 prevalence and
mortality can also be observed when time is considered (Figure
2). Both prevalence and mortality increased over time.
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Table 1. Total population and the total number of confirmed cases, death cases, and recovered cases for countries that reported at least 10,000 confirmed
cases by May 2, 2020.
Country

Total population, N

Confirmed cases, n

Deaths, n

Recovered cases, n

Austria

9,006,398

15,558

596

13,180

Belarus

9,449,323

15,828

97

3117

Belgium

11,589,623

49,517

7765

12,211

Brazil

212,559,417

97,100

6761

40,937

Canada

37,742,154

57,926

3684

23,814

Chile

19,116,201

18,435

247

9572

China

1,439,323,776

83,959

4637

78,586

Ecuador

17,643,054

27,464

1371

2132

France

65,273,511

168,518

24,763

50,663

Germany

83,783,942

164,967

6812

129,000

India

1,380,004,385

39,699

1323

10,819

Indonesia

273,523,615

10,843

831

1665

Iran

83,992,949

96,448

6156

77,350

Ireland

4,937,786

21,176

1286

13,386

Israel

8,655,535

16,185

229

9593

Italy

60,461,826

209,328

28,710

79,914

Japan

126,476,461

14,571

474

3205

Mexico

128,932,753

22,088

2061

12,377

Netherlands

17,134,872

40,434

5003

138

Pakistan

220,892,340

19,103

440

4817

Peru

32,971,854

42,534

1200

12,434

Poland

37,846,611

13,375

664

3762

Portugal

10,196,709

25,190

1023

1671

Qatar

2,881,053

14,872

12

1534

Romania

19,237,691

12,732

771

4547

Russia

145,934,462

124,054

1222

15,013

Saudi Arabia

34,813,871

25,459

176

3765

Singapore

5,850,342

17,548

17

1347

Spain

46,754,778

216,582

25,100

117,248

Sweden

10,099,265

22,082

2669

1005

Switzerland

8,654,622

29,817

1762

24,200

Turkey

84,339,067

124,375

3336

58,259

Ukraine

43,733,762

11,411

279

1498

United Arab Emirates

9,890,402

13,599

119

2664

United Kingdom

67,886,011

183,500

28,205

896

United States

331,002,651

1,132,539

66,369

175,382
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Figure 1. COVID-19 mortality and prevalence of all countries (ρ=0.8304; P<.001). Only the top 20 countries with the highest prevalence are shown.

Figure 2. Trends of global COVID-19 mortality and prevalence over time.

In order to sophisticatedly estimate the relationship between
mortality and prevalence, time and country-specific baseline
mortalities in Model 1 were adjusted. The estimations for all
coefficients are shown in Table 2. The global
mortality-prevalence ratio, which was represented by γ in Model
1, was estimated to be 12.9268 (P<.001). This number can be
interpreted as follows: an increment of 1 COVID-19 case per
1000 people is coupled with a 1.29268% (ie, 12.9268 × 1/1000
× 100) increase in mortality. The R2 value that was calculated
from Model 1 was 98.11%, and the partial R2 value for was
http://publichealth.jmir.org/2021/1/e23034/
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70.41%. These values indicated that COVID-19 prevalence
could roughly explain the 70% heterogeneity in excess mortality
after controlling for country-specific baseline mortality and
time-fixed effects. The analysis of variance test showed potential
heterogeneity in the mortality-prevalence ratios among different
countries (P<.001). Therefore, we performed a panel regression
analysis based on Model 2, as shown in Table 2. It should be
noted that the partial R2 value for the mortality-prevalence ratio
increased to 89.37% in Model 2.
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Table 2. Estimation of all coefficients for Model 1 and Model 2.
Model

Estimation

P value

Partial R2

12.9268

<.001

0.7041

Model 1a
Mortality-prevalence ratio (ie, γ)
Model 2b
Country-specific mortality-prevalence ratio (ie, γcountry)

0.8937

All data
Austria

–30.8171

<.001

Belarus

–19.2428

.27

Belgium

45.4706

<.001

Brazil

71.4636

.002

Canada

65.5696

<.001

Chile

–27.4605

.47

China

347.7652

<.001

Ecuador

–33.2373

<.001

France

43.1863

<.001

Germany

–22.7914

<.001

India

–341.5505

.34

Indonesia

–1205.3198

.79

Iran

–52.9484

<.001

Ireland

–23.1711

<.001

Israel

–14.2313

.22

Italy

13.0634

<.001

Japan

334.2415

.17

Mexico

–42.3179

.79

Netherlands

4.1811

.08

Pakistan

11.9388

.96

Peru

–9.3371

.16

Poland

286.3706

.28

Portugal

–5.4107

.10

Qatar

–14.4505

.006

Romania

81.1284

.65

Russia

–14.0904

.03

Saudi Arabia

–26.3058

.09

Singapore

–14.4186

.01

Spain

7.1163

<.001

Sweden

23.1690

<.001

Switzerland

–32.3043

<.001

Turkey

–17.0113

<.001

Ukraine

–82.0183

.88

United Arab Emirates

–14.6387

.60

United Kingdom

14.4444

<.001

United States

–4.1818

<.001
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Estimation

P value

Partial R2

All data excluding those collected from China after February 17, 2020

a

Austria

–18.4144

<.001

Belarus

–5.9724

.73

Belgium

58.4075

<.001

Brazil

89.1904

<.001

Canada

80.0715

<.001

Chile

–12.7334

.73

China

–1.6094

.99

Ecuador

–20.0146

<.001

France

53.6918

<.001

Germany

–17.5007

.001

India

–265.0415

.46

Indonesia

–1179.8199

.79

Iran

–62.5286

<.001

Ireland

–10.4239

<.001

Israel

–3.2505

.78

Italy

20.4366

<.001

Japan

359.2586

.14

Mexico

–31.1910

.85

Netherlands

17.1263

<.001

Pakistan

33.3642

.88

Peru

–4.5690

.48

Poland

308.5810

.24

Portugal

8.3993

.01

Qatar

–1.3688

.79

Romania

98.2757

.58

Russia

0.4826

.94

Saudi Arabia

–12.5797

.42

Singapore

–1.2272

.81

Spain

16.7545

<.001

Sweden

37.2237

<.001

Switzerland

–19.2162

<.001

Turkey

–3.9981

.34

Ukraine

–67.5598

.90

United Arab Emirates

–1.1999

.97

United Kingdom

27.0183

<.001

United States

7.5391

<.001

The R2 value for Model 1 was 0.9811 (P<.001).

b

The R2 value for Model 2 was 0.9931 (P<.001).

We obtained estimated country-specific mortality-prevalence
ratios that ranged from −1205 to 348 from the 36 countries that
were included in our analysis (Figure 3). Absolute
mortality-prevalence ratio values of >100 were found in 5
http://publichealth.jmir.org/2021/1/e23034/
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countries (ie, Indonesia, India, Poland, Japan, and China), of
which China was the only country that had a significantly
different mortality-prevalence ratio (348; P<.001). The results
of our Shapiro-Wilk normality test meant that we could reject
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the hypothesis that all significant country-specific
mortality-prevalence ratios came from a normal distribution
(P<.001). As we further investigated the pattern of China’s
mortality-prevalence ratio over time, we noted that the

Lin et al
correlation had turned from positive to negative after February
17, 2020 (Figure 4). This disparity was not observed if the data
that was collected after February 17, 2020 was excluded (Figure
3) (Shapiro-Wilk normality test: P=.78).

Figure 3. Countries with significant country-specific mortality-prevalence ratios based on (A) all data and (B) all data excluding those collected from
China after February 17, 2020.
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Figure 4. COVID-19 prevalence and mortality reported by China over time.

Discussion
This is the first study to assess the correlation between
COVID-19 prevalence and mortality after adjusting for
time-fixed effects and country-specific baseline mortality. We
proposed the mortality-prevalence ratio as a novel characteristic
for an infectious disease pandemic because of the high
association between disease mortality and prevalence. In
addition, a disparity in the mortality-prevalence ratios of 5
countries was observed; China was the only country with a
significant mortality-prevalence ratio (348; P<.001). The
disparity of China’s mortality-prevalence ratio was due to the
data reported after February 17, 2020. Although the mortality
was proportional to the prevalence, the mortality-prevalence
ratio was relatively robust to changes in prevalence (Figure 3).
A high peak in mortality-prevalence ratios could be explained
by a high proportion of undocumented infections within a
country, which might be attributed to the limited number of
diagnostic kits or changes in surveillance policies. An alternative
explanation for the sudden rise of mortality could be that the
health care system in China was relatively weak after February
17. However, this argument contradicts the fact that China’s
overall baseline country-specific mortality was typically
followed by a steady increase in disease prevalence after
February 17. The evolution of the pathogenicity and
transmissibility of SARS-CoV-2 within China during this period
could be another alternative reason for the disparity in
mortality-prevalence ratios. Further studies are required to
determine the underlying cause of this sharp increase in the
mortality-prevalence ratio.
This study revealed the importance of public policies that aim
to prevent disease transmission. These policies include social
http://publichealth.jmir.org/2021/1/e23034/
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distancing, restricting travel, encouraging the wearing of facial
masks and hand washing, and cancelling large events. Although
the mortality rate of a certain infectious disease is traditionally
assumed to be a constant in an infectious dynamic model [16],
it is conceivable that a highly infectious disease affects the
quality and availability of a health care system. The fast
consumption of ventilation machines and the decline of
nurse-to-patient ratios accelerate mortality. Prevention policies
not only lower the financial burden on COVID-19 diagnosis
and treatment, but also reduce COVID-19 mortality. Therefore,
when future cost-effectiveness analyses are performed with
respect to the balance between economic recovery and public
health, it is crucial to consider the positive association between
disease prevalence and mortality and the costs that come with
it.
There are several limitations in this study. First, all results were
based on ecological and panel data. Such data lack
individual-level information. Therefore, the ecological fallacy
would occur when trying to infer causality at the individual
level [17]. The temporal effects of prevalence on mortality
should also be confirmed to verify country-level causality.
Second, although the prevalence of COVID-19 can generally
be interpreted as an acute burden of health care, this relationship
can be better verified when data on the actual insufficiencies of
health care systems are available. Third, disease prevalence
relies on accurate diagnoses and comprehensive surveillance,
which can be difficult to achieve due to practical or political
concerns. This was especially true at the beginning of the
COVID-19 pandemic, which was when tests for COVID-19
were not accurate and data on people who died from COVID-19
may not have been captured. In this study, although countries
with undocumented infections can be partially inferred with
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disparities in mortality-prevalence ratios, a more direct index
merits further study.
In conclusion, we observed the relationship between COVID-19
mortality and prevalence and quantified this relationship as

Lin et al
mortality-prevalence ratios. Our results highlight the benefit of
constraining disease transmission to reduce mortality. Disparities
in mortality-prevalence ratios can also be a powerful tool to
detect, or even quantify, the proportion of undocumented
infections.

Acknowledgments
We thank Ms Kai-Fen Wong for editing the figures. This study was supported by the Ministry Of Science and Technology,
Taiwan (grant numbers 107-2118-M-009-003-MY2 and 108-2636-B-009-001).

Authors' Contributions
SHL and CLMK came up with the original idea. SHL and CLMK wrote the first version of manuscript. SCF edited the manuscript.
CLMK built the model, wrote all the software, and conducted the data analysis.

Conflicts of Interest
None declared.

References
1.

2.
3.
4.

5.
6.

7.

8.

9.

10.

11.

12.

13.

Zhu N, Zhang D, Wang W, Li X, Yang B, Song J, China Novel Coronavirus Investigating and Research Team. A Novel
Coronavirus from Patients with Pneumonia in China, 2019. N Engl J Med 2020 Feb 20;382(8):727-733 [FREE Full text]
[doi: 10.1056/NEJMoa2001017] [Medline: 31978945]
Coronavirusdisease (COVID-19) Situation Report–105. World Health Organization. URL: https://www.who.int/docs/
default-source/coronaviruse/situation-reports/20200504-covid-19-sitrep-105.pdf?sfvrsn=4cdda8af_2 [accessed 2021-01-05]
Johns Hopkins Coronavirus Resource Center. Johns Hopkins University & Medicine. URL: https://coronavirus.jhu.edu/
[accessed 2021-01-05]
Li R, Pei S, Chen B, Song Y, Zhang T, Yang W, et al. Substantial undocumented infection facilitates the rapid dissemination
of novel coronavirus (SARS-CoV-2). Science 2020 May 01;368(6490):489-493 [FREE Full text] [doi:
10.1126/science.abb3221] [Medline: 32179701]
Weitz JS, Beckett SJ, Coenen AR, Demory D, Dominguez-Mirazo M, Dushoff J, et al. Modeling shield immunity to reduce
COVID-19 epidemic spread. Nat Med 2020 Jun;26(6):849-854. [doi: 10.1038/s41591-020-0895-3] [Medline: 32382154]
Prem K, Liu Y, Russell TW, Kucharski AJ, Eggo RM, Davies N, Centre for the Mathematical Modelling of Infectious
Diseases COVID-19 Working Group, et al. The effect of control strategies to reduce social mixing on outcomes of the
COVID-19 epidemic in Wuhan, China: a modelling study. Lancet Public Health 2020 May;5(5):e261-e270 [FREE Full
text] [doi: 10.1016/S2468-2667(20)30073-6] [Medline: 32220655]
CDC COVID-19 Response Team. Geographic Differences in COVID-19 Cases, Deaths, and Incidence - United States,
February 12-April 7, 2020. MMWR Morb Mortal Wkly Rep 2020 Apr 17;69(15):465-471 [FREE Full text] [doi:
10.15585/mmwr.mm6915e4] [Medline: 32298250]
Chen N, Zhou M, Dong X, Qu J, Gong F, Han Y, et al. Epidemiological and clinical characteristics of 99 cases of 2019
novel coronavirus pneumonia in Wuhan, China: a descriptive study. Lancet 2020 Feb 15;395(10223):507-513 [FREE Full
text] [doi: 10.1016/S0140-6736(20)30211-7] [Medline: 32007143]
Huang C, Wang Y, Li X, Ren L, Zhao J, Hu Y, et al. Clinical features of patients infected with 2019 novel coronavirus in
Wuhan, China. Lancet 2020 Feb 15;395(10223):497-506 [FREE Full text] [doi: 10.1016/S0140-6736(20)30183-5] [Medline:
31986264]
Lescure FX, Bouadma L, Nguyen D, Parisey M, Wicky PH, Behillil S, et al. Clinical and virological data of the first cases
of COVID-19 in Europe: a case series. Lancet Infect Dis 2020 Jun;20(6):697-706 [FREE Full text] [doi:
10.1016/S1473-3099(20)30200-0] [Medline: 32224310]
Lai CC, Wang CY, Wang YH, Hsueh SC, Ko WC, Hsueh PR. Global epidemiology of coronavirus disease 2019 (COVID-19):
disease incidence, daily cumulative index, mortality, and their association with country healthcare resources and economic
status. Int J Antimicrob Agents 2020 Apr;55(4):105946 [FREE Full text] [doi: 10.1016/j.ijantimicag.2020.105946] [Medline:
32199877]
Ji Y, Ma Z, Peppelenbosch MP, Pan Q. Potential association between COVID-19 mortality and health-care resource
availability. Lancet Glob Health 2020 Apr;8(4):e480 [FREE Full text] [doi: 10.1016/S2214-109X(20)30068-1] [Medline:
32109372]
Zhang Z, Yao W, Wang Y, Long C, Fu X. Wuhan and Hubei COVID-19 mortality analysis reveals the critical role of timely
supply of medical resources. J Infect 2020 Jul;81(1):147-178 [FREE Full text] [doi: 10.1016/j.jinf.2020.03.018] [Medline:
32209384]

http://publichealth.jmir.org/2021/1/e23034/

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e23034 | p.278
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
14.

15.
16.
17.

Lin et al

COVID-19/time_series_covid19_confirmed_global.csv. GitHub. URL: https://github.com/CSSEGISandData/COVID-19/
blob/master/csse_covid_19_data/csse_covid_19_time_series/time_series_covid19_confirmed_global.csv [accessed
2021-01-06]
Countries by Density 2020. World Population Review. URL: https://worldpopulationreview.com/countries/
countries-by-density/ [accessed 2021-01-06]
Wang XS, Wu J, Yang Y. Richards model revisited: validation by and application to infection dynamics. J Theor Biol 2012
Nov 21;313:12-19. [doi: 10.1016/j.jtbi.2012.07.024] [Medline: 22889641]
Rothman KJ. Modern epidemiology. Boston, MA: Little Brown & Co; 1986.

Abbreviations
SARS: severe acute respiratory syndrome

Edited by G Eysenbach; submitted 31.07.20; peer-reviewed by LA Lee, W Zhang; comments to author 20.11.20; revised version
received 26.11.20; accepted 14.12.20; published 27.01.21.
Please cite as:
Lin SH, Fu SC, Kao CLM
Using the Novel Mortality-Prevalence Ratio to Evaluate Potentially Undocumented SARS-CoV-2 Infection: Correlational Study
JMIR Public Health Surveill 2021;7(1):e23034
URL: http://publichealth.jmir.org/2021/1/e23034/
doi:10.2196/23034
PMID:33332282

©Sheng-Hsuan Lin, Shih-Chen Fu, Chu-Lan Michael Kao. Originally published in JMIR Public Health and Surveillance
(http://publichealth.jmir.org), 27.01.2021. This is an open-access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction
in any medium, provided the original work, first published in JMIR Public Health and Surveillance, is properly cited. The complete
bibliographic information, a link to the original publication on http://publichealth.jmir.org, as well as this copyright and license
information must be included.

http://publichealth.jmir.org/2021/1/e23034/

XSL• FO
RenderX

JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e23034 | p.279
(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE

Bapaye & Bapaye

Original Paper

Demographic Factors Influencing the Impact of
Coronavirus-Related Misinformation on WhatsApp: Cross-sectional
Questionnaire Study
Jay Amol Bapaye1,2*, MBBS, MD; Harsh Amol Bapaye2,3*
1

Department Of Internal Medicine, Rochester General Hospital, Rochester, NY, United States

2

Foundation for Research and Education in Endoscopy, Pune, India

3

Byramjee Jeejeebhoy Medical College and Sassoon General Hospital, Pune, India

*

all authors contributed equally

Corresponding Author:
Jay Amol Bapaye, MBBS, MD
Department Of Internal Medicine
Rochester General Hospital
1425 Portland Avenue
Rochester, NY, 14621
United States
Phone: 1 5855370133
Email: jaybapaye@gmail.com

Abstract
Background: The risks of misinformation on social networking sites is a global issue, especially in light of the COVID-19
infodemic. WhatsApp is being used as an important source of COVID-19–related information during the current pandemic. Unlike
Facebook and Twitter, limited studies have investigated the role of WhatsApp as a source of communication, information, or
misinformation during crisis situations.
Objective: Our study aimed to evaluate the vulnerability of demographic cohorts in a developing country toward
COVID-19–related misinformation shared via WhatsApp. We also aimed to identify characteristics of WhatsApp messages
associated with increased credibility of misinformation.
Methods: We conducted a web-based questionnaire survey and designed a scoring system based on theories supported by the
existing literature. Vulnerability (K) was measured as a ratio of the respondent’s score to the maximum score. Respondents were
stratified according to age and occupation, and Kmean was calculated and compared among each subgroup using single-factor
analysis of variance and Hochberg GT2 tests. The questionnaire evaluated the respondents’ opinion of the veracity of
coronavirus-related WhatsApp messages. The responses to the false-proven messages were compared using z test between the 2
groups: coronavirus-related WhatsApp messages with an attached link and/or source and those without.
Results: We analyzed 1137 responses from WhatsApp users in India. Users aged over 65 years had the highest vulnerability
(Kmean=0.38, 95% CI 0.341-0.419) to misinformation. Respondents in the age group 19-25 years had significantly lower vulnerability
(Kmean=0.31, 95% CI 0.301-0.319) than those aged over 25 years (P<.05). The vulnerability of users employed in elementary
occupations was the highest (Kmean=0.38, 95% CI 0.356-0.404), and it was significantly higher than that of professionals and
students (P<.05). Interestingly, the vulnerability of healthcare workers was not significantly different from that of other occupation
groups (P>.05). We found that false CRWMs with an attached link and/or source were marked true 6 times more often than false
CRWMs without an attached link or source (P<.001).
Conclusions: Our study demonstrates that in a developing country, WhatsApp users aged over 65 years and those involved in
elementary occupations were found to be the most vulnerable to false information disseminated via WhatsApp. Health care
workers, who are otherwise considered as experts with regard to this global health care crisis, also shared this vulnerability to
misinformation with other occupation groups. Our findings also indicated that the presence of an attached link and/or source
falsely validating an incorrect message adds significant false credibility, making it appear true. These results indicate an emergent
need to address and rectify the current usage patterns of WhatsApp users. This study also provides metrics that can be used by
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health care organizations and government authorities of developing countries to formulate guidelines to contain the spread of
WhatsApp-related misinformation.
(JMIR Public Health Surveill 2021;7(1):e19858) doi:10.2196/19858
KEYWORDS
coronavirus; COVID-19; SARS–CoV–2; WhatsApp; social media; misinformation; infodemiology; infodemic; pandemic; medical
informatics

Introduction
COVID-19, commonly referred to as the novel coronavirus
disease, was first reported in Wuhan city, Hubei Province, in
the People’s Republic of China in late December 2019 [1]. Since
then, it has spread to over 3.4 million people across 212
countries around the world and claimed the lives of over 239,892
people as of May 2, 2020 [2]. The first case of COVID-19 in
India was reported in the state of Kerala on January 30, 2020
[3], and as of May 2, 2020, the number of active COVID-19
cases was 26,167 with 1218 deaths reported [4]. A simple
Google search about “coronavirus” yields over 5 billion results.
These numbers are in line with the fact that COVID-19 has been
declared as not only a pandemic but also an infodemic [5].
The established treatment options available for COVID-19 are
limited, and the disease outcomes are worrisome. Such sensitive
scenarios may lead people to believe or, even worse, act on
information such as unverified remedies for COVID-19 without
confirming its authenticity [6]. This might lead to serious
adverse events, which mandates limiting misinformation on
public platforms.
Social networking sites (SNS) are an important source of
communication as well as information due to their easy
accessibility, rapid transmission, simple user interface,
dependability, and widespread outreach. Along with its
advantages, social media also has a dark side of propagation of
rumors or misleading information, to the extent that Goolsby
[7] demonstrated that social media can be potentially used to
orchestrate crime. Kumar et al [8] has defined misinformation
as the spread of false information without the intent to deceive.
Several studies have evaluated the resourcefulness of Facebook
and Twitter during natural disasters and health care crises,
including the COVID-19 pandemic [9-11]. Studies have also
described problems related to misinformation on Facebook and
Twitter, especially during health crises. Sharma et al [12]
reported that misleading posts were far more popular than the
posts dispersing accurate relevant public health information
about the Zika virus disease. Kouzy et al [10] reported alarming
rates of COVID-19–related misinformation being disseminated
on Twitter [10]. The social media platform WhatsApp has over
2 billion users across 180 countries, enabling global peer-to-peer
and mass communication [13], with over 400 million users in
India alone [14]. One in two Indians received some sort of
misinformation via WhatsApp or Facebook within the span of
merely 30 days in the year 2019 [15]. This kind of
misinformation, especially related to health care, on a platform
with minimal surveillance such as WhatsApp could have
far-reaching adverse consequences. Thus, efforts to better
identify and potentially rectify this issue are crucial.
http://publichealth.jmir.org/2021/1/e19858/
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Dodda et al [16] reported that certain age groups could be more
vulnerable to misinformation via WhatsApp. Our study aimed
to identify specific demographic groups that may be more
vulnerable towards misinformation via WhatsApp. Vulnerability
of users towards content on WhatsApp may be influenced by
several factors, ranging from the mere appearance of a message
to different types of evidence included in a message [8].
Our study aimed to analyze the effect of evidence included in
a message on the credibility of a message shared on WhatsApp.

Methods
Study Design
This study involved a web-based questionnaire survey conducted
at Pune, Maharashtra, India. The study was specifically designed
to perform a comparative analysis of vulnerability of user groups
to misinformation based on a function of 9 parameters. Our
methodology was novel and not based on the existing relevant
literature.

Research Model (Objective 1)
The study was designed to calculate a value K, defined as the
risk of a WhatsApp user to get exposed to, accept, act on, or
share unverified data regarding COVID-19 via WhatsApp. K
was a value defined specifically for the purpose of this study.
In a diverse population, several parameters may affect K. We
identified 9 such parameters (P) framed by theories based on
the existing literature, as detailed below.

P1—Duration of WhatsApp Usage Affects K
According to an article published in Business Today, India
reported an 87% increase in the use of SNS during the first week
of the COVID-19 lockdown as compared to the previous week
[17]. Ünal [18] and Junco [19] reported a correlation between
the duration of the use of SNS and the user’s investment of
physical and psychological energies. In accordance with these
reports, we posit that the duration of WhatsApp usage affects
K.

P2—Priority of WhatsApp for Communication Affects
K
Vosoughi et al [20] reported that even false information reaches
more people if it is shared on a peer-to-peer basis rather than
being broadcasted by a few users.
The social normative theory states that accepting and sharing
content aligned with one’s peers’ beliefs is attractive regardless
of its veracity [8,21], implying that users tend to believe more
in information shared through peers. In the context of
WhatsApp, sharing of information on a peer-to-peer basis is
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e19858 | p.281
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equivalent to its use as a social messenger. Hence, we posit that
the priority of WhatsApp for communication affects K.

P3—Priority of WhatsApp for News and Information
Affects K
Kumar and Shah [8] reported that the role of SNS for news and
information has been on the rise as compared to traditional news
sources. Out of 67% US adults using SNS as a source of news,
20% reported a relatively high usage frequency [22]. This
confirms the dominance and dependence of SNS as news
sources. Although SNS are great tools for disseminating
information, they have a potential disadvantage of limited
verification [23]. Thus, the level of priority placed in the use of
SNS for news and information affects K. Hence, we posit that
the priority of WhatsApp for news and information affects K
and that the use of SNS for COVID-19–related updates affects
K.

P4—Use of SNS for News Updates Regarding COVID-19
Affects K
Misinformation about COVID-19 is prevalent across all SNS
[5]. Individuals using WhatsApp for COVID-19–related news
updates are at risk of being exposed to misinformation and of
propagating it via WhatsApp, thus affecting K. Even if a user
does not use WhatsApp for news updates regarding COVID-19
but uses other SNS for the same purpose, they could still be
exposed to COVID-19–related misinformation via these
platforms. This misinformation could be further shared by the
user via WhatsApp, thus affecting K.

P5—Trust Placed in COVID-19–Related Information
Received via WhatsApp Affects K
The American Psychological Association defines trust as
“reliance on or confidence in the dependability of someone or
something” [24]. Reliance on or confidence in WhatsApp
directly affects the acceptance of information provided therein.
Hence, we posit that trust placed in COVID-19–related
information received via WhatsApp affects K.

P6—Fact Check Rate Affects K
Misinformation has become a major menace on all SNS,
including WhatsApp. SNS are reported to be untrustworthy
during critical situations [25]. Multiple organizations such as
boomlive.in [26] and factcheck.org [27] aid users to distinguish
between true and false information received on SNS.
Fact-checking could thus limit blind acceptance of false
information and prevent its inadvertent dissemination. Actions
based on such misinformation could also be prevented. Hence,
we posit that the fact check rate affects K.

P7—Forward Rate Affects K
SNS like Facebook and Twitter implement determinants such
as likes, comments, or shares of posts to analyze user
engagement [19]. WhatsApp is primarily a messenger with a
user interface designed specifically for communication; hence,
determinants of user engagement of other SNS cannot be directly
applied to it. The user interface of WhatsApp allows people to
be members of groups comprising as many as 256 persons.
Users can thus forward messages in a peer-to-peer fashion and
http://publichealth.jmir.org/2021/1/e19858/
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simultaneously to multiple groups. This allows WhatsApp users
the potential to rapidly disseminate information, regardless of
its authenticity, to a staggering number of individuals. Hence,
we posit that the forward rate of WhatsApp messages affects
K.

P8—User’s Ability to Discern a WhatsApp Message as
True or False Affects K
Several studies have conducted experiments to measure the
ability of humans to detect false information and have shown
that humans are not particularly good at discerning false
information from true. Kumar and Shah [8] reported that humans
correctly identified a hoax merely 66% of times. False
information would not have any influence if readers were able
to tell that it is false [8].
Hence, we posit that the user’s ability to discern a WhatsApp
message as true or false affects K.

P9—Actions Taken in Response to a Message Affects K
SNS have the potential to motivate users to act based on any
information provided to them. For instance, a rumor on
WhatsApp claiming that public transport will be made available
to transport over 1000 workers back to their hometowns resulted
in a gathering of 700-800 people on a railway station in India
[28]. Based on these reports, we posit that actions taken in
response to a message affects K.
These 9 parameters P1-P9 were used to formulate the study
questionnaire.

Data Collection
We conducted a web-based questionnaire survey. Its design was
influenced by models used by Oyero et al [23] and Dodda et al
[16]. The questionnaire was created using Google Forms in 2
languages—English and vernacular (Marathi), as the target
population was fluent in either of these languages (see
Multimedia Appendix 1).
It consisted of 28 questions: 5 about demographics, 12 regarding
general and COVID-19–related WhatsApp usage, and 10
regarding coronavirus related WhatsApp messages (CRWMs)
that the respondents were asked to identify as true or false. These
10 messages were selected randomly from a pool of 30
WhatsApp messages commonly shared in India, sourced from
AlJazeera, Reuters, and Google Images [29,30]. These questions
were specifically included to reduce the risk of biased reporting
through the survey and increase its accuracy. The final question
was open-ended and enquired the respondent’s opinion about
WhatsApp as an information tool in the current COVID-19
pandemic. Of the 28 questions, 21 (QK) were framed to evaluate
the 9 parameters (P1-P9) that affect K as detailed in the section
“Research Model (Objective 1).” The questionnaire was initially
distributed among a WhatsApp group comprising users from
diverse demographics. The first 10 respondents were consulted
to check for errors and obtain feedback regarding
understandability of the selected questions. Necessary
modifications were made accordingly, and pilot responses were
excluded from the analysis. The final questionnaire was shared
on the following social media platforms: WhatsApp, Facebook,
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(page number not for citation purposes)

JMIR PUBLIC HEALTH AND SURVEILLANCE
Twitter, Instagram, and LinkedIn. All responses were voluntary
and anonymous. The survey was conducted from April 8 to
April 13, 2020. Data were compiled using Microsoft Excel
(Microsoft Corp.).
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Scoring System for Calculation of K
The 21 questions (QK) evaluating the 9 parameters (P1-P9) were
sorted into 9 groups based on the parameter being tested (Table
1). Numerical scores were assigned to the response options of
each of the 9 question groups. Responses that were assigned a
score “0” had no impact on K. For other responses, higher the
value of the score, greater was the impact of the response on K.

Table 1. Scoring system for calculation of K values.

a

Question group no.a

Response options (score)

1. Duration of WhatsApp use

0-30 minutes (1)

30 minutes to 1 hour
(2)

1-2 hours (3)

>2 hours (4)

N/Ab

2. Communicationc

Low (1)

Moderate (2)

High (3)

N/A

N/A

3. Informationd

Low (1)

Moderate (2)

High (3)

N/A

N/A

4. Source for COVID-19–related Neither social media
nor WhatsApp (0)
updatese

Social Media but no
WhatsApp (2)

WhatsApp (4)

N/A

N/A

5. Trustf

0% (0)

25% (1)

50% (2)

75% (3)

100% (4)

6. Forwardsg

0-2 (1)

3-5 (2)

6-8 (3)

More than 8 (4)

N/A

7. Fact-checkh

75-100% (1)

50-75% (2)

25-50% (3)

0-25% (4)

Never (5)

8. Incorrect responsesi

0-2 (1)

3-5 (2)

6-8 (3)

More than 8 (4)

N/A

9. Actions or opinionsj

Never considered using (0)

Considered but not
used (1)

Used once (2)

Using regularly and
recommending (3)

N/A

Question group numbers 1-9 represent questions testing parameters P1-P9, respectively.

b

Not applicable.

c

Priority of WhatsApp usage for communication.

d

Priority of WhatsApp usage for information.

e

Sources used by respondents to stay updated with COVID-19–related information.

f

Trust placed in COVID-19–related WhatsApp messages.

g

Number of forwards about COVID-19 per day.

h

Percentage of COVID-19–related messages that were fact-checked.

i

Number of incorrect responses provided while discerning a WhatsApp message as true or false.

j

Actions taken by respondents in line with unverified information received via WhatsApp.

The 7 parameters (P1-P7) were tested by question groups 1-7,
each consisting of 1 question. Each of these questions was
assigned an individual score. Question group 4 was assigned a
different scoring system as it recorded the source for
COVID-19–specific information, which has a stronger impact
on K. COVID-19–related misinformation available on traditional
news sources is negligible. Hence, respondents referring to only
these sources (ie, sources other than social media and WhatsApp
for COVID-19–related information) are not at risk of
misinformation. As this does not affect K, the score assigned
to this response was “0.” Respondents referring to WhatsApp
as a source of COVID-19–related information have a high
impact on K; their responses were therefore assigned a score of
“4.” Those referring to social media but not WhatsApp still
carry the risk of sharing misinformation via WhatsApp, thereby
moderately impacting K; a score of “2” was therefore assigned
for their responses.
A total of 10 questions out of the 21 QK tested user ability to
discern a WhatsApp message as true or false (P8). They were
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grouped together in question group 8. The total number of
incorrect responses was calculated for these 10 questions, and
respondents were thus assigned scores.
Four of the 21 QK questions recorded the actions taken by a
user in response to unverified treatment options (herbal,
homeopathic, ayurvedic, and home remedies) for COVID-19
received via WhatsApp. These questions were grouped together
as they measured P9. Taking an action in response to
misinformation can lead to adverse health effects. A higher risk
is therefore anticipated in this case in comparison with only
exposure, acceptance, or sharing of misinformation. Since each
of the 4 questions had a higher impact on K, they were scored
individually.
One numerical score represented each question group (1-8), and
4 scores represented question group 9. A total of 12 scores were
thus recorded, and their sum was calculated (Scal) for each
respondent. The maximum possible score for any respondent
was 46 (Smax). The scoring system intended to compare
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e19858 | p.283
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subgroups of the same sample. Scal of one respondent in relation
to the Scal of another respondent was measured, whereas the
standalone value of Scal had negligible relevance.

Classification of Age and Occupation Subgroups
The study sample was classified into 6 groups according to the
respondents’ age in years: under 18, 19-25, 26-35, 36-50, 51-65,
and over 65. In addition, occupations of working adults were
classified based on The International Standard Classification
of Occupations [31]. Students and retired individuals were
considered as separate groups.
This study was focused on WhatsApp usage during the
COVID-19 pandemic—a global health care crisis. Therefore,
health care workers (HCWs) were considered a separate
occupation subgroup, as their usage patterns could have been
unique.

Computation of K
K was calculated as a ratio Scal/Smax for each respondent, and
Kmean (±95% CI) was calculated for each age and occupation
subgroup. Kmean was compared for age groups and occupations
separately. Since Kmean was compared within the same sample,
relative values of Kmean and not its absolute value were relevant
in this study.

Research Model (Objective 2)
Dodda et al [32] demonstrated that the presence of background
evidence may increase the credibility of a message on
WhatsApp. The Merriam-Webster dictionary defines credibility
as “the quality or power of inspiring belief” [32]. In this study,
we aimed to analyze factors that could affect the credibility of
messages on WhatsApp during the COVID-19 pandemic.
The questionnaire included 10 commonly shared WhatsApp
messages related to COVID-19, which the respondents were
asked to rate as follows: definitely true, maybe true, maybe
false, or definitely false. These were the same 10 questions that
were used to test P8. The authenticity of these 10 messages was
confirmed with data from authorized sources [29,30,33-44]. Of
the 10 messages analyzed, 8 were false messages; these were
selected and subcategorized as those with background evidence
containing link or source: (Ns) and those without: (Nx).
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The total number of instances that a false message was marked
by the respondents as definitely true or maybe true was
measured in each group (NS and NX). The number of such
instances was recorded as as in group NS and ax in group NX.
as/Ns=Number of instances that a false message was marked
definitely true or maybe true for every message with background
evidence.
ax/Nx=Number of instances that a false message was marked
definitely true or maybe true for every message without
background evidence.
Comparison of these ratios detected whether an association
exists between the presence of background evidence in a false
WhatsApp message and the number of instances of it being
marked as true.

Statistical Analyses
All calculations were performed on SPSS software (Build no.
1.0.0.1347; IBM Corp.). The level of significance was set at
P=.05 for all variables.
For research objective 1, a single-factor analysis of variance
(ANOVA) was applied to compare Kmean values in the age and
occupation subgroups separately [45]. Hochberg GT2 test was
conducted to perform a post hoc analysis since variances were
homogenous according to Hartley’s Fmax test and sample sizes
in each subgroup were different [46,47].
For research objective 2, as/Ns and ax/Nx values were calculated
and compared using 2-tailed z-test.

Results
Demographic Characteristics of the Study
We obtained a total of 1191 responses to our survey. Of these,
54 responses were not considered as the respondents either did
not use WhatsApp or were not presently living in India. These
responses were eliminated, and the remaining 1137 responses
obtained from respondents across 20 Indian states and union
territories were further analyzed. Demographic characteristics
of the study sample are described in Table 2. No specific
measures were taken to control the demographics of the
respondents. Hence, the sample distribution across subgroups
was varied.
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Table 2. Demographic characteristics of the study sample.
Demographic

Value (N=1137), n (%)

Age (years)
Below 18

25 (2.20)

19-25

395 (34.74)

26-35

160 (14.07)

36-50

291 (25.59)

51-65

235 (20.67)

Above 66

31 (2.73)

Gender
Men

648 (56.99)

Women

488 (42.92)

Gender fluid

1 (0.09)

Occupation

a

HCWa

291 (25.59)

Other professionals

276 (24.27)

Manager

18 (1.58)

Service and sales

89 (7.83)

Elementary occupation

72 (6.33)

Clerical occupation

7 (0.62)

Student

345 (30.34)

Retired and unemployed

39 (3.43)

HCW: health care worker.

Of the 1137 respondents, 648 (56.99%) were men, 488 (42.92%)
were women, and 1 (0.09%) was gender fluid. Age group
distribution showed that 25 of the 1137 (2.20%) respondents
were under 18 years, 395 (34.74%) were between 19 and 25
years, 160 (14.07%) were between 26 and 35 years, 291
(25.59%) were between 36 and 50 years, 235 (20.67%) were
between 51 and 65 years, and 31 (2.73%) were over 65 years.
Occupation-wise distribution showed 345 of the 1137 (30.34%)
were students, 291 (25.59%) were HCWs, 276 (24.27%) were
professionals, 89 (7.83%) were service and sales workers, 72
(6.33%) were involved in elementary occupations, 39 (3.43%)
were retired and unemployed, 18 (1.58%) were managers, and
7 (0.62%) were clerical workers.
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Results for Objective 1
Usage patterns of WhatsApp in the sample population are
detailed in Table 3. Active use of WhatsApp as a source of
information regarding COVID-19 was confirmed by 355 of the
1137 (31.22%) respondents. Moreover, 657 (57.78%)
respondents demonstrated trust in CRWMs, of which 139
(21.15%) trusted more than 50% of CRWMs. The presence of
an attached link and/or source demonstrated an increase in
CRWM credibility for 859 of the 1137 (75.55%) respondents.
Furthermore, of the 1137 respondents, 151 (13.28%) never
fact-checked CRWMs before forwarding them and 164 (14.43%)
forwarded 3 or more CRWMs per day. The various actions
taken or considered in response to CRWMs are detailed in Table
4.
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Table 3. WhatsApp usage patterns in the context of COVID-19.
Variable

Value (N=1137), n (%)

Duration of WhatsApp use
0-30 minutes

136 (11.96)

30 minutes to 1 hour

327 (28.76)

1-2 hours

391 (34.39)

>2 hours

283 (24.89)

WhatsApp as a source of information regarding COVID-19
Yes

355 (31.22)

No

782 (68.78)

Trust in CRWMa (%)
0

479 (42.13)

25

519 (45.65)

50

121 (10.64)

75

16 (1.41)

100

2 (0.18)

Factors accompanying CRWMb
Attached link and/or source

859 (75.55)

Sender’s authenticity

374 (32.89)

Attached multimedia

77 (6.77)

None of the above

164 (14.42)

Fact-check ratec (%)
Never

151 (13.28)

1-25

114 (10.03)

25-50

73 (6.42)

50-75

132 (11.61)

75-100

667 (58.66)

Forward rated

a

0-2

973 (85.58)

3-5

83 (7.30)

6-8

26 (2.29)

More than 8

55 (4.84)

CRWM: COVID-19–related WhatsApp message.

b

Users could select more than 1 factor which increased their trust in a CRWM.

c

CRWMs fact-checked before forwarding.

d

CRWMs forwarded per day.
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Table 4. Actions taken in response to information regarding COVID-19 received vis WhatsApp.
Actionable measures

Value (N=1137), n (%)

Social distancing
Never considered using

46 (4.05)

Considered but not used

138 (12.14)

Used once

291 (25.59)

Using regularly and recommending

662 (58.22)

Masks
Never considered using

50 (4.40)

Considered but not used

188 (16.53)

Used once

329 (28.94)

Using regularly and recommending

570 (50.13)

Allopathic remedies
Never considered using

449 (39.49)

Considered but not used

398 (35)

Used once

131 (11.52)

Using regularly and recommending

159 (13.98)

Herbal remedies
Never considered using

776 (68.25)

Considered but not used

271 (23.83)

Used once

58 (5.10)

Using regularly and recommending

32 (2.81)

Ayurvedic remedies
Never considered using

740 (65.08)

Considered but not used

302 (26.56)

Used once

62 (5.45)

Using regularly and recommending

33 (2.9)

Homeopathic remedies
Never considered using

788 (69.31)

Considered but not used

268 (23.57)

Used once

60 (5.28)

Using regularly and recommending

21 (1.85)

Home remedies
Never considered using

803 (70.62)

Considered but not used

200 (17.59)

Used once

88 (7.74)

Using regularly and recommending

46 (4.05)

Recommended practices such as social distancing and use of
masks were not being followed by 184 (16.19%) and 238
(20.93%) of the 1137 respondents, respectively. Responses
regarding the use of unverified treatment options revealed that
90 of the 1137 (7.91%) respondents had used herbal, 81 (7.13%)
had used homeopathic, 95 (8.35%) had used ayurvedic, and 134
(11.79%) had used home remedies at least once.
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Kmean value was found to be the lowest for the under-18 years
age subgroup (0.31, 95% CI 0.264-0.356) and the highest for
the over-65 years age subgroup (0.38, 95% CI 0.341-0.419)
(Figure 1). Statistically significant differences were found
among Kmean values for the 6 age subgroups (P<.001,
single-factor ANOVA). Post hoc analysis revealed that
respondents in the age group 19-25 years had a significantly
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lower Kmean value (0.31, 95% CI 0.301-0.319) than all

respondents aged over 25 years (Table 5).

Figure 1. Graphical representation of Kmean values (± 95% CI) across age subgroups.

Table 5. Post hoc comparisons (P values) among Kmean values of age subgroups using Hochberg GT2 test.

a

Age group (years)

Under 18

19-25

26-35

36-50

51-65

Over 65

Under 18

>.99

>.99

.85

.65

.80

.15

19-25

—a

>.99

.009

0

.001

.005

26-35

—

—

>.99

>.99

>.99

.68

36-50

—

—

—

>.99

>.99

.82

51-65

—

—

—

—

>.99

.68

Over 65

—

—

—

—

—

>.99

Not applicable.

Kmean value was the lowest for managers (0.33, 95% CI
0.286-0.374) and the highest for elementary occupations (0.38,
95%, CI 0.356-0.404) (Figure 2). Statistically significant
differences were observed among Kmean values measured for
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the 8 occupation groups (P=.023, single-factor ANOVA). Post
hoc analysis revealed a significantly higher Kmean value in the
elementary occupation subgroup than in the professionals and
students’ subgroups (Table 6).
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Figure 2. Graphical representation of Kmean values (± 95% CI) across occupation subgroups.

Table 6. Post hoc comparisons (P values) among Kmean values of occupation subgroups using Hochberg GT2 test.

a

Group

HCWa

Professionals

Serviceb

Managers

Elementaryc

Clericald

Students

Retired

HCW

>.99

.87

>.99

>.99

.52

>.99

.83

>.99

e

Professionals

—

>.99

>.99

>.99

.02

>.99

>.99

.99

Service

—

—

>.99

>.99

.62

>.99

>.99

>.99

Managers

—

—

—

>.99

.74

>.99

>.99

>.99

Elementary

—

—

—

—

>.99

>.99

.02

>.99

Clerical

—

—

—

—

—

>.99

>.99

>.99

Students

—

—

—

—

—

—

>.99

.997

Retired

—

—

—

—

—

—

—

>.99

HCW: health care worker.

b

Service and sales workers.

c

Elementary occupations.

d

Clerical support workers.

e

Not applicable.

Results for Objective 2
Presence of background evidence in a false message
demonstrated a significant impact on the perceived credibility
of the WhatsApp user (as/Ns=0.299 vs ax/Nx=0.053; P<.001,
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2-tailed z test). The number of times false messages with
background evidence were marked definitely true or maybe true
was significantly (nearly 6 times) higher than that for false
messages without background evidence (Figure 3).
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Figure 3. Number of times a false CRWM was marked as true for every false CRWM with and without background evidence (link and/or source).
CRWM: coronavirus-related WhatsApp message, DT: definitely true, MT: maybe true.

Discussion
COVID-19 has caused an unprecedented biopsychosocial crisis.
It has been declared not only as a pandemic but also as a
worldwide infodemic [5]. Mentions about coronavirus in the
form of news, updates, and especially misinformation on SNS
are rising exponentially. In this study, we broadly analyzed
factors influencing misinformation related to the disease
(COVID-19) on WhatsApp. van Velsen et al [25] studied the
reliability of Facebook and Twitter during an infective health
crisis. They concluded that the majority of their study sample
did not find these platforms to be reliable sources of information,
and only 11% of the participants used them passively for
information [25]. However, 39.92% (454/1137) of our sample
considered WhatsApp as a useful information tool during this
health crisis. Moreover, our study demonstrates active
WhatsApp use by only 31.22% (355/1137) of the sample for
COVID-19–related information. This finding suggests an almost
4-fold increase in reliance of individuals on SNS, particularly
WhatsApp for news and information in recent times. Although
trust levels in traditional sources of news have been higher,
57.78% (657/1137) of our study sample demonstrated a certain
level of trust in CRWMs. With every 1 in 2 Indians receiving
some false news on WhatsApp or Facebook, the consequences
of the trust placed in these platforms could be serious [15].
Community preventive measures against COVID-19,
particularly social distancing and using face masks, have proven
to be effective and have been strongly recommended by the
Government of India [48]; however, our study demonstrated
that 16.18% (184/1137) and 20.93% (238/1137) of our study
participants, respectively, did not implement these measures.
This finding indicates that a considerable proportion of
individuals demonstrate reluctance towards authorized
recommendations.
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Currently, no pharmacological agent has been proven to reduce
mortality in COVID-19 cases [6]. Nevertheless, our findings
confirmed that 1.85%-7.74% of the respondents were using or
had used some form of complementary or alternative medicines
for COVID-19 (Table 4). This finding suggests an interesting
paradox wherein there is reluctance to accept evidence-based
recommendations in favor of easy acceptance of novel but
unverified remedies. This could result in serious health-related
adverse events [49].
In addition, our study identified certain age groups were at a
higher risk of getting influenced by COVID-19–related
misinformation via WhatsApp. In particular, users over 65 years
demonstrated the highest vulnerability to misinformation,
whereas those under 18 years demonstrated the lowest.
Vulnerability to misinformation progressively increased with
users’ age. Limited knowledge of fact-checking resources,
unawareness about existing misinformation on WhatsApp, and
positive reinforcement from echo chambers could possibly
explain these results [8]. This is particularly worrisome
considering that older users tend to be more susceptible to the
adverse effects of unsupervised remedies and are at a higher
risk of severe COVID-19. Dodda et al [16] reported that
WhatsApp users aged below 20 years and those above 50 years
were the most susceptible to fake news. In contrast, our study
findings showed that users aged under 25 years were the least
susceptible to misinformation. Users aged between 19 and 25
years were at a significantly lower risk than those over 25 years
(P<.05). Users in this age group tend to be well versed with
SNS, including WhatsApp. Awareness about fact-checking
resources and existence of misinformation on WhatsApp could
possibly have reduced their vulnerability.
Among the different occupation groups, those employed in
elementary occupations demonstrated the highest vulnerability
to false news (Kmean=0.38). These users were significantly more
vulnerable to misinformation than students and professionals
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e19858 | p.290
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(Kmean=0.34 for both, P<.05). A possible explanation for this
observation could be the lower levels of education among the
elementary occupation subgroup. Managers demonstrated the
least vulnerability among the sample. However, a statistically
significant difference could not be established, presumably due
to the small sample size of this subgroup.
The vulnerability among HCWs was found to be consistent with
all other occupation groups. During a health care crisis like the
COVID-19 pandemic, HCWs are considered reliable sources
of information by the community. Kumar et al [8] concluded
that if false information is purposefully made to appear genuine,
it can deceive trained and casual readers alike. COVID-19 is
an evolving global health crisis wherein the mortality rate is
high, established treatment options are limited, and HCWs are
at a high risk of contracting the disease [6,50]. This
vulnerability, coupled with a desire to treat patients, could
possibly lead even HCWs to accept novel but unverified
information. Such medical misinformation inadvertently
propagated by HCWs may have unbeknownst consequences on
the community.
Dodda et al [16] reported that background evidence and trust
in organizations and individuals can make people believe in
information received on SNS. Kumar et al [8] reported that that
lengthy and well-referenced hoaxes were frequently misjudged
to be true. In our study, for more than half the sample (659/1137,
57.95%), an attached link or source was a factor associated with
increasing trust in a CRWM. Presence of background evidence
was strongly associated with an erroneously higher trust of a
false CRWM (P<.001). This finding indicates that individuals
are likely to place emphasis on the presence of background
evidence in a false CRWM in addition to its content while
judging its veracity. Identification of such factors and ways to
limit seemingly credible misinformation on SNS are pertinent
questions that need to be evaluated in this digital age.
SNS usage patterns in developing countries are broadly
comparable, although regional preferences regarding the choice
of SNS may be different [51]. WhatsApp is a popular SNS
globally with over 2 billion users worldwide, of which 400
million users are from India [13,14]. In our web-based survey
study on WhatsApp users from India, all survey responses
obtained were anonymous and voluntary. The study sample was
representative of all age groups and majority of the occupation
groups. We, therefore, are of the opinion that the findings of
this study are representative of WhatsApp usage patterns in
developing countries.
Our study had certain limitations. First, it was a survey-based
study wherein data was self-reported; therefore, the sample may
be tainted by observer bias (Hawthorne effect [52]). Second,
the number of respondents in certain age and occupation
subgroups were fewer, which could increase the risk of type 2
error during subgroup analysis. Third, the respondents’ opinions
regarding CRWMs may have been formed through sources other
than WhatsApp. The questionnaire was specifically designed
to include the terms “WhatsApp” and “coronavirus” in the
questions to address this limitation. Fourth, this study tested 4
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message-based factors that could affect users’ trust in CRWMs.
However, it was possible that other personal, regional, or
community-based factors could also affect the users’ trust. To
ensure generalizability of the results of this study, we chose not
to analyze these belief systems. Fifth, the research model has
limited support from the existing literature owing to its specific
nature. It could be implemented in further similar studies to
improve its validity. Finally, although well-referenced, the
parameters P1-P9 used in this study are based on theories
supported by the existing literature; hence, the results should
be interpreted as correlational.
The results of this study present several challenges regarding
the current COVID-19 pandemic for WhatsApp, fact-checking
bodies, health organizations, and government authorities in
developing countries. Cuan-Baltazar et al [53] found that the
use of the internet during a pandemic is a risk to public health
and recommend that the authorities should develop strategies
to regulate online health information without censuring the
public. Disasters mandate the circulation of timely information,
which may at times compromise its genuineness. SNS have
traditionally faced the issue of credibility at the cost of rapid
transmission of information [23,54]. This may reduce the
resourcefulness of a highly efficient communication tool such
as WhatsApp, as seen in recent trends of decreasing trust in
SNS in developed countries [51,55].
To address these challenges, health and government authorities
in developing countries could collaborate with WhatsApp to
develop methods to authenticate and tamper-proof messages
from official sources. Leadership in health care organizations
could actively work towards addressing digital awareness among
health care workers who are the anchor points of information
for the rest of the community. Fact-checking organizations could
increase their presence on and integrate with SNS to improve
their resourcefulness. Authorities could undertake awareness
campaigns to educate users of SNS to recognize misinformation.
WhatsApp could allow users to report messages containing
suspected misinformation to allow necessary measures to be
undertaken. WhatsApp, if used as a platform to broadcast
validated information to a userbase as large as 400 million while
providing measures enabling them to discern genuine news
from misinformation, could revolutionize disaster management
in a developing country.
In conclusion, our study analyzed factors influencing
COVID-19–related misinformation among WhatsApp users in
a developing country. Older adults (above 65 years) were more
vulnerable to misinformation circulated on WhatsApp, as were
individuals employed in elementary occupations. HCWs were
also not spared from the influence of misinformation and were
found to be as vulnerable as any other occupations. Presence
of background evidence in a false CRWM was strongly linked
to an increase in its credibility. These findings may provide
important insights to health organizations and government
authorities of developing countries to formulate suitable
guidelines to contain the COVID-19 infodemic. Further
experimental studies about parameters tested in this study could
be considered.
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Abstract
Background: Water access, sanitation, and hygiene (WASH) remain a public health concern in Indonesia. Proper WASH
practices can decrease risk of stunting, wasting, and disease in children under the age of 2.
Objective: The purpose of our study is to examine if using technology to access health information and services among Indonesian
women affects knowledge and behaviors regarding handwashing and defecation practices.
Methods: Our study is an interview-based cross-sectional survey. Participants included 1734 mothers of children under 2 years
of age. These women were randomly selected and interviewed as part of a 3-stage cluster sampling technique. Our study uses
data regarding WASH knowledge which includes benefits of handwashing with soap, 5 critical times of handwashing, risks of
open defecation, media of disease transmission, defecation locations, and risks of open defecation. Data regarding WASH behaviors
were also included: handwashing with soap, type of latrine used at home, and where defecation took place. This investigation
used adjusted and unadjusted logistic and linear regression models to determine differences in WASH outcomes between those
who use technology to access health information and services and those who did not.
Results: One result is that Indonesian women with children under 2 years of age who use technology to access health information
and services are more likely to know the advantages of proper handwashing (odds ratio [OR] 2.603, 95% CI 1.666-4.067) and
know the 5 critical times of handwashing (OR 1.217, 95% CI 0.969-1.528). Women who use technology to access health information
are also more likely to know the risks of open defecation (OR 1.627, 95% CI 1.170-2.264) and use a type of toilet (such as a
gooseneck or squat toilet) that limits risk (OR 3.858, 95% CI 2.628-5.665) compared to women who did not use technology to
access health information.
Conclusions: Using technology to access health information and services was associated with an increase in handwashing and
defecation knowledge. In the future, promoting mothers of children under 2 years of age to access health information through
technology might be used to increase handwashing and defecation knowledge as well as safe defecation practices. However,
further research should be done to determine how technology may increase the frequency of recommended handwashing behaviors.
(JMIR Public Health Surveill 2021;7(1):e19349) doi:10.2196/19349
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Introduction
Water access, sanitation, and hygiene (WASH) remain a global
public health concern. As of 2014, about 2.5 billion individuals
worldwide did not use an improved sanitation facility (a
sanitation facility that keeps human excreta and human contact
hygienically separate) and about 1 billion of these individuals
practice open defecation [1]. Additionally, about 700 million
individuals did not have access to improved water (water that
is protected from outside contamination such as fecal matter)
[1]. In Indonesia about 30 million individuals practice open
defecation [2].
WASH practices play an important role in the healthy
development of children, especially those under the age of 2.
In urban areas of East Jakarta, Indonesia, children living in a
house with more sewage have a higher prevalence of diarrhea
than those who live in houses with less sewage [3]. Diarrheal
disease is the second leading cause of death among children
under the age of 5 worldwide [4]. Households in 112 rural
districts in India that had access to a toilet facility, compared
with open defecation, had 39% reduced odds of childhood
stunting in the first 24 months [5]. Stunting is of particular
concern to child development as stunted children have reduced
cognitive function, adult economic productivity, as well as
increased mortality and morbidity [6,7]. Stunting is also a major
challenge in Indonesia where approximately 37% of all children
are stunted [8].
Individuals can obtain health information from a variety of
traditional print, radio, or television media, which have been
effective components of health communication interventions
[9,10]. In recent years, interventions addressing health behaviors
have used emerging technologies, starting with SMS text
messages. For example, in a review of 13 studies addressing
health disparities, researchers found that using SMS text
messaging interventions can have positive short-term behavioral
outcomes [11]. Cormick et al [12] found that 96% of women
in urban Argentina would like to receive health information via
SMS text messages about prenatal care. In addition to SMS text
messages, the emergence of smartphones has increased
opportunities for individuals to access health information more
readily, which may influence dietary intake, reduce stunting
rates, and address other health disparities in children. For
instance, one study in the Changning District of Shanghai,
China, found that 26.2% of pregnant mothers used an app to
learn about nutrition and to record their diet [13]. A review of
4 studies of women in urban and rural low and lower
middle-income countries (Indonesia, Kenya, and 2 in India)
shows that mobile health interventions improve nutrient intake
of pregnant women [10,14]. Specific to Indonesia, smartphone
users are estimated to be more than 150 million, or
approximately 56% of the population [15]. While smartphone
ownership is highest in urban areas (71%), ownership in rural
areas has grown rapidly over the past decade and was estimated
at 42% in 2018. Chatting and SMS text messaging are the most
commonly reported smartphone activities among Indonesians,
http://publichealth.jmir.org/2021/1/e19349/
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followed by social media use, image and video searches, and
gaming [16]. Household computer and laptop use for Internet
access are comparatively low at just 31% in urban areas and
24% in rural areas [16].
While there is research about mobile phones, there is a lack of
studies on using smartphones, tablets, and computers to access
information about WASH and safe defecation practices to
improve childhood health in rural Indonesia. The purpose of
our study was to explore the relationship of accessing
WASH-related knowledge using a smartphone, tablet, or
computer with improvements in WASH knowledge and
behaviors among women in Indonesia. In particular, our study
sought to understand how accessing knowledge via a
smartphone, tablet, or computer may impact safe defecation
knowledge and practices.

Methods
Design
Our study included an analysis of cross-sectional data collected
in rural Indonesia following the 2014-2018 National Nutrition
Communication Campaign (NNCC) intervention and represents
a collaborative effort between IMA (Interchurch Medical
Assistance)–World Health, the University of Indonesia’s Center
for Nutrition and Health Studies, and the Ministry of Health in
Indonesia. The NNCC was designed to address the health
condition of stunting that impacts numerous children in
Indonesia. Of the 34 provinces in Indonesia, the NNCC utilized
mass media campaigns, advocacy interventions, and
interpersonal communication in 3 provinces, working in over
688 (approximately 74,000 nationwide) villages and 11 districts
(approximately 7000 nationwide).

Sample
The study sample consisted of 1734 mothers of children under
2 years of age from 3 rural districts (Banyuasin, Kubu Raya,
and Katingan) located in 3 provinces (South Sumatra, West
Kalimantan, and Central Kalimantan) in Indonesia. One district
was randomly selected from each of the 3 provinces. A
multilevel sampling strategy was used to construct the study
sample. Within each of the 3 rural districts, 30 villages were
randomly selected, and each represented a cluster unit. At a
more local level, 4 subvillages were randomly selected from
within each of the 30 villages, in each of the 3 districts. Finally,
in each of these subvillages a list was compiled from a local
health center of mothers of children under the age of 2 and 5
mothers were selected randomly from the list from each
subvillage. After using the formula for a hypothesis testing
between 2 population proportions, the target sample size from
each of the 3 districts was determined to be 600 mothers, 1800
overall. The final study sample included 1734 mothers from 90
villages, 3 districts, and 3 province; 1740 mothers were
originally approved but 6 refused to participate.
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Procedure
Ethical approval was obtained from the Ethical Research
Committee by the Faculty of Public Health, Indonesia
University. Reconstra, a research firm from Jakarta, conducted
the data collection. Signed informed consent was sought from
each participant prior to the interview and participation of all
women was voluntary and no compensation was provided.
Survey data were collected using an electronic tablet by
experienced interviewers and field coordinators. Each
interviewer interviewed approximately 6 respondents per day
and reported to field coordinators who then verified the
responses and uploaded survey data daily. A data manager
checked data and noted any errors. Data cleaning was done prior
to analysis.

Variables
Demographics
Demographic information was gathered from each participant
and included mother’s age, mother’s highest level of education
attained, and total household income (Multimedia Appendix
1). A measure of mothers’ use of technology was assessed by
identifying respondents who used either a tablet,
computer/laptop, or smartphone to access health services.

Knowledge and Behaviors Related to Handwashing and
Defecation
Knowledge and behavior of respondents related to WASH were
assessed by asking respondents to identify benefits of proper
handwashing using soap (options include prevent germ
transmission, reduce diarrhea, and prevent infection), 5 critical
handwashing times (options include after defecation, after
cleaning baby who defecated, before preparing meals, before
eating meals, and before breastfeeding), when they used soap
while handwashing in the previous 24 hours (options include
after defecation, after cleaning baby who defecated, before
preparing meals, before eating meals, and before breastfeeding),
risks of open defecation (options include transmission of germs
and diarrhea), media for disease transmission from stool to child
(options include flies, water, and dirt), proper location for
defecation (options include hygienic latrine), and where the
respondent defecated at home (options include gooseneck toilet,
squat toilet with or without floor, and pit latrine). Each response
was coded as yes or no for the knowledge or behavior indicator.
For example, each critical handwashing time identified was
coded as a separate variable with a yes for those who identified
each particular critical time. Proportions of respondents that
reported each knowledge or behavior are provided.
Index indicators were created to summarize individual indicators
described above. Indices created included proportion of
respondents who could identify at least one correct benefit of
handwashing with soap (yes vs no); the number of critical
handwashing times identified; number of times soap was used
while washing hands in the previous 24 hours (0-5); proportion
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of respondents who could identify at least one risk of open
defecation (yes vs no); proportion of respondents who could
identify at least one medium of stool to child disease
transmission (yes vs no); number of correct places to defecate
(0-5); and proportion of respondents who reported defecating
in a gooseneck toilet, squat toilet with no floor, or squat toilet
with floor, or discarded feces in a septic tank or a closed ground
hole (yes vs no).

Use of Technology to Access Health Services and Impact
on Knowledge and Behavior Related to Hygiene and
Defecation
Respondents were asked whether they accessed health services
using modern tools for communication, and if so, which
technology they used (options include tablet, computer/laptop,
or smartphone). An index indicator of access to health services
was constructed by identifying respondents who used any of
the 3 technologies to access health services (yes vs no). The
relationship of using technology to access health services with
knowledge and behavior indices related to hygiene and
defecation was then assessed.

Statistical Analysis
SAS version 9.4 (IBM) was used to calculate descriptive
statistics. Regression models were used to assess the association
between use of technology to access health services and each
individual indicator of WASH-related knowledge and behavior.
Adjusted models were also constructed to control for mother’s
age, mother’s education, and total household income. These
controls were added because of the association each variable
has been shown to have on similar outcomes in previous studies
[13,14,17,18]. Hence, the use of technology to access health
services was examined with each WASH variable individually
with regression analysis and then again with the standard
controls using regression modeling. The health services
technology variable was always used as the model predictor
while the WASH variable was used as the outcome. Logistic
regression was used to assess the association between health
services technology and dichotomous WASH variables while
linear regression was used when WASH variables were
continuous. Logistic models included odds ratios (ORs) and
95% CI while linear regression models included point estimates
and P-values.

Results
There were a total of 1734 mothers with children under the age
of 2 (Table 1). Most mothers had a primary school education,
while few had tertiary education. Being unemployed or a
housewife were the most common occupations. Other
occupations included small trader, civil servant, and private
employee. The mean total annual household income was
€131.05 (US $160.04). Almost one-fifth of respondents have
access to and used a phone, computer, or tablet to access health
information and services.
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Table 1. Participant demographics in Banyuasin, Kubu Raya, and Katingan in 2018 (N=1734).
Demographics

Values

Mean (SD) age

28.9 (6.30)

Education, n (%)
None

97 (5.59)

Primary school

670 (38.64)

Junior high school

423 (24.39)

Senior high school

434 (25.03)

Tertiary education

110 (6.34)

Occupation, n (%)
Unemployed or Housewife

1461 (84.26)

Farmer

49 (2.83)

Light traders/Shop owner

79 (4.56)

Other

145 (8.36)

Religion, n (%)
Islam

1640 (94.58)

Other

94 (5.42)

Technology use, n (%)
Phone

265 (15.28)

Computer

14 (0.81)

Tablet

16 (0.92)

Any technology

276 (15.92)

Mean (SD) total household income (Euros)a
a

131.05 (116.17)b

Indonesian Rupiah (official currency of Indonesia) was converted to Euros.

b

US $160.04 (141.85).

In most cases of handwashing knowledge and behaviors,
participants who used any technology to seek health information
were better off than those who did not use technology (Table
2). For example, 91.7% (253/276) of participants who used
technology knew at least one benefit of handwashing compared
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to 80.86% (1179/1458) of those who did not use technology.
Further, 88.41% (244/276) of households who used technology
for health reported using a hygienic location for defecation while
66.39% (968/1458) of households who did not use technology
reported using a hygienic location.
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Table 2. Knowledge and behaviors of handwashing and defecation by use of health technology among Indonesian women in Banyuasin, Kubu Raya,
and Katingan in 2018.
Knowledge and behavior

P-valuea

Health technology use
Yes, n (%)

No, n (%)

N=276

N=1458

253 (91.67)

1179 (80.86)

<.001

Prevent germ transmission

239 (86.59)

1076 (73.80)

<.001

Decrease diarrhea

49 (17.75)

188 (12.89)

.03

Prevent infection

19 (6.88)

98 (6.72)

.92

After defecation

206 (74.64)

994 (68.18)

.03

After cleaning baby/infant who defecated

108 (39.13)

638 (43.76)

.15

Before preparing meals

147 (53.26)

758 (51.99)

.70

Before eating meals

249 (90.22)

1199 (82.24)

.001

Before breastfeeding/feeding child

135 (48.91)

594 (40.74)

.012

Mean (SD) number of critical handwashing times participant identified 3.1 (1.20)
(0-5)

2.87 (1.40)

.02b

Mean (SD) number of times soap was used for handwashing since
yesterday until today (0-5)

2.6 (1.30)

2.5 (1.30)

.25b

Know the risks of open defecation

227 (82.25)

1079 (74.01)

.004

Know about transmission of germs/Escherichia coli bacteria

176 (63.77)

775 (53.16)

<.001

Know about causes of diarrhea

91 (32.97)

399 (27.37)

.06

Stool

191 (69.20)

791 (54.25)

<.001

Flies

149 (53.99)

562 (38.55)

<.001

Water

59 (21.38)

258 (17.70)

.15

Dirt

22 (7.97)

77 (5.28)

.08

273 (98.91)

1377 (94.44)

.002

968 (66.39)

<.001

Handwashing
Know at least one benefit of proper handwashing
Know that handwashing can

Know handwashing should occur

Defecation

Know mode of disease transmission from

Know hygienic location for defecation

Household uses gooseneck toilet or squat toilet with or without floor 244 (88.41)
to defecate or septic tank or closed ground to discard feces
a

Used chi-square test unless otherwise noted.

b

Used t test.

Participants who used a health technology to access health
services were more likely to know the benefits of proper
handwashing as opposed to those who did not use health
technology to access health services (OR 2.603, 95% CI
1.666-4.067; Table 3). After controlling for maternal age,
maternal education level, and total household income, the use
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of technology to access health information and services was
associated with knowledge of proper handwashing benefits
(P=.004). Those who used technology to access health services
were more likely to understand the media of disease transmission
from stool to child.
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Table 3. Use of technology to access health services and its impact on knowledge of hygiene and defecation in Banyuasin, Kubu Raya, and Katingan
in 2018.a
Knowledge and behaviors

Unadjusted OR (95% CI)

Adjusted OR (95% CI)

2.60 (1.67-4.07)b

2.07 (1.26-3.41)b

Prevent germ transmission

2.29 (1.59-3.31)b

1.93 (1.28-2.91)b

Decrease diarrhea

1.46 (1.03-2.06)b

1.17 (0.78-1.75)

Prevent infection

1.03 (0.62-1.71)

0.69 (0.38-1.25)

After defecation

1.37 (1.03-1.84)b

1.04 (0.75-1.44)

After cleaning baby/infant who defecated

0.83 (0.64-1.08)

0.65 (0.05-0.88)b

Before preparing meals

1.05 (0.81-1.36)

0.93 (0.70-1.25)

Before eating meals

1.99 (1.31-3.03)b

1.66 (1.04-2.66)b

Before breastfeeding/feeding child

1.39 (1.08-1.80)b

1.19 (0.89-1.59)

0.19 (.0361)c

–0.01 (.8850)d

Know the risks of open defecation

1.63 (1.17-2.26)b

1.21 (0.83-1.75)

Know about transmission of germs/Escherichia coli bacteria

1.60 (1.23-2.09)b

1.51 (1.11-2.03)b

Know about causes of diarrhea

1.31 (0.99-1.72)

0.96 (0.70-1.33)

Stool

1.89 (1.44-2.50)b

1.57 (1.15-2.14)b

Flies

1.87 (1.44-2.42)b

1.52 (1.13-2.03)

Water

1.27 (0.92-1.74)

1.08 (0.75-1.55)

Dirt

1.55 (0.95-2.54)

1.38 (0.77-2.46)

5.35 (1.68-17.07)

2.22 (0.66-7.46)

Handwashing
Know at least one benefit of proper handwashing
Know that handwashing can

Know handwashing should occur

Number of critical handwashing times participant identified (0-5)
Defecation

Know mode of disease transmission from

Know hygienic location for defecation
a

All adjusted models include maternal age, maternal education level, and total household income. Point estimates are derived from linear regression
models while all odds ratios (ORs) are derived from logistic regression models.
b

P<.05.

c

Unadjusted point estimate (P-value).

d

Adjusted point estimate (P-value).

Mothers with children under the age of 2 and who use
technology to access health information and services have a
greater chance of performing appropriate defecation behaviors
(OR 3.85, 95% CI 2.62-5.66; Table 4). After adjusting for
maternal age, maternal education level, and total household
income, the use of technology to access health information and
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services was positively associated with using a gooseneck toilet
or squat toilet with or without floor to defecate or a septic tank
or closed ground to discard feces. The association of the use of
technology to access health information and services with more
hygienic handwashing behaviors was not statistically significant
(P=.77).
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Table 4. Use of technology to access health information and services and impact on behavior of hygiene and defecation in Banyuasin, Kubu Raya, and
Katingan in 2018.a
Knowledge and behaviors

Value

Handwashing
Number of times soap was used for handwashing since yesterday until today (0-5)
Unadjusted point estimate (P-value)

0.10 (.249)

Adjusted point estimate (P-value)

–0.03 (.771)

Defecation
Household uses gooseneck toilet or squat toilet with or without floor to defecate or septic tank
or closed ground to discard feces
Unadjusted OR (95% CI)

3.86 (2.63-5.67)b

Adjusted OR (95% CI)

2.32 (1.50-3.60)b

a

All adjusted models include maternal age, maternal education level, and total household income. Point estimates are derived from linear regression
models while all odds ratios (ORs) are derived from logistic regression models.
b

P<.001.

Discussion
Principal Findings
The purpose of our study was to determine if using technology
to access health information was associated with increased
WASH knowledge and optimal behaviors regarding proper
handwashing and defecation practices. After controlling for
age, education, and income, the study findings show that
mothers of children under the age of 2 who used technology to
access health information and services were more likely to be
aware of the benefits of proper handwashing and proper
defecation practices. While the difference in sufficient
handwashing behaviors between those who used technology to
access health information and those who did not was nearly
non-existent, the most significant finding of our study was that
these mothers have a much higher likelihood of using
appropriate defecation behaviors. This factor alone has the
ability to reduce illness and could provide continual positive
benefits for children and families. A campaign in India to
decrease open defecation by promoting community latrine use
concluded that communities that used latrines experienced
reduced fecal contamination in the community and improved
child arm circumference, weight, and height. Households also
saved time [19]. Children from villages in India with community
latrine coverage had significantly higher cognitive scores 10
years later [20] and children, especially girls, were less likely
to drop out of school [21]. Another study in India showed that
30%-55% of the average differences in stunting between districts
could be due to differences in open defecation [22].
Our study found that different media sources were not only
associated with increased WASH knowledge but also associated
with WASH behaviors. While this is the first finding of this
type in Indonesia, the positive relationship between technology
usage and WASH knowledge has been highlighted in previous
research conducted in other countries. Previous research in rural
Tanzania evaluated how media access impacts WASH
knowledge and behaviors [10]. Media access in the Tanzanian
study included listening to the radio, watching television, or
http://publichealth.jmir.org/2021/1/e19349/
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having WhatsApp on a smartphone. Exposure to media was
measured based on when the media was accessed. Participants
could select from 5 options: today, yesterday, in the last week,
in the last month, or more than a month ago. Like our study,
results from the Tanzanian study showed a similar positive trend
regarding technology access and increased handwashing.
Specific findings from the Tanzanian study showed that
participants who watched television had a positive correlation
with increased WASH knowledge [10]. One potential reason
for similar findings is that IMA–World Health sponsored the
WASH media campaign in both countries. While the media
campaign was adapted for cultural differences, the campaigns
were likely similar and resulted in similar outcomes in both
countries.
Mothers who used technology had a higher likelihood of
knowing when it was appropriate and necessary to use proper
handwashing but did not necessarily follow through with the
appropriate behavior. This is valuable information for health
agencies and service providers as it highlights where the
implementation gaps are, and that increasing the use of
technology may be a way to promote this information, at least
for some topics. For example, many participants were able to
identify at least one risk of open defecation, but less had specific
knowledge about the mode of disease transmission. It is also
surprising that technology use was associated with mothers’
knowledge of handwashing before eating a meal, but not with
knowledge of handwashing before preparing a meal. It may be
an indicator of a need for more emphasis on handwashing before
meal preparation, whereas handwashing before eating a meal
has been a consistent message. Another study that resulted in
increased handwashing knowledge with no or minimal change
in handwashing behavior was an interactive campaign in India.
The interventions focused on using toilets and washing hands
with soap. Those who participated in the campaign increased
their knowledge about the benefits of handwashing by about
half a standard deviation, but the change in intention to wash
their hands was small [23]. Conversely, another study found
that in India television advertising and SMS text messages using
mobile phones increased the likelihood of mothers washing
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their hands [24]. While media has the potential to improve
handwashing behaviors, barriers must be addressed. Three new
television campaigns to increase handwashing among Australian
Aboriginal communities were widely viewed and understood.
However, 75% of participants indicated they would purchase
more handwashing supplies if they were less expensive [25].
Our study results showed that more accurate knowledge
regarding the probability of disease arising due to open
defecation and proper defecation procedures could have an
effect on behavior practices. Further research could be done as
to how to allow more women to access health information
through technology to improve the overall health and well-being
of their families. This research might include exploring the
technology needs and capacities of mothers. The percentage of
mothers in this study that used technology to access health
information was low. It is not clear if this is a function of
cultural norms, income, or some other influence. Nevertheless,
the promising association between mothers’ use of technology
and knowledge is such that a study of this nature is warranted.
A study conducted in 7 of the 8 provinces of Kenya also found
a positive correlation between accessing technology and
handwashing behavior [26]. Participants were chosen from 7
of the 8 provinces in Kenya. Sources of media were divided
into 2 categories: media ownership and media exposure
occurring in the last month. Possible media sources in this study
included, but were not limited to, television, radio, newspapers,
and movies. Exposure to media was gauged by determining
how many household items the participants owned or the amount
of various media sources they were exposed to. Results indicated
that each variable directly corresponded to increased
handwashing practices. Additionally, both variables had a
positive association with handwashing behavior that involved
soap [26]. Data came from a cross-sectional survey conducted
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prior to a media and community-based handwashing program
organized by the World Bank and the Kenyan Ministry of
Health. The handwashing results from the Kenya study
correspond with results from our study. Although defecation
practices were included as sociodemographic characteristics,
the paper did not address whether access to technology was
associated with defecation behaviors. Further research is needed
to determine whether other countries experience any relationship
between technology and handwashing but not defecation
behaviors.

Study Limitations
A few limitations of our study should be considered when
reviewing the results. First, our study did not utilize an asset
index to measure poverty; rather, it used a total household
income indicator. Second, the broader study, from which our
data were derived, did not intend to examine the indicator for
access to technology and how it relates to handwashing and
defecation behaviors. These indicators were not a key focus of
the broader study; however, they remain valuable to our research
because of the relationship identified between access to
technology and the practices of handwashing and defecation.
However, the association between the use of technology to
access health information and the increased WASH knowledge
in mothers of children aged under 2 are imperative discoveries.

Conclusions
In conclusion, the use of technology to access health information
was associated with correct WASH knowledge, and with the
use of safe methods of eliminating feces. However, using
technology was not associated with an increase in the number
of times of handwashing with soap. The findings of our study
suggest several potential opportunities for furthering knowledge
and creating behavior change as these relate to handwashing
and defecation practices, thereby improving health.
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Abstract
Background: Digital proximity tracing apps have been released to mitigate the transmission of SARS-CoV-2, the virus known
to cause COVID-19. However, it remains unclear how the acceptance and uptake of these apps can be improved.
Objective: This study aimed to investigate the coverage of the SwissCovid app and the reasons for its nonuse in Switzerland
during a period of increasing incidence of COVID-19 cases.
Methods: We collected data between September 28 and October 8, 2020, via a nationwide online panel survey (COVID-19
Social Monitor, N=1511). We examined sociodemographic and behavioral factors associated with app use by using multivariable
logistic regression, whereas reasons for app nonuse were analyzed descriptively.
Results: Overall, 46.5% (703/1511) of the survey participants reported they used the SwissCovid app, which was an increase
from 43.9% (662/1508) reported in the previous study wave conducted in July 2020. A higher monthly household income (ie,
income >CHF 10,000 or >US $11,000 vs income ≤CHF 6000 or <US $6600 [reference]: odds ratio [OR] 1.92, 95% CI 1.40-2.64),
more frequent internet use (ie, daily [reference] vs less than weekly: OR 0.37, 95% CI 0.16-0.85), better adherence to
recommendations for wearing masks (ie, always or most of the time [reference] vs rarely or never: OR 0.28, 95% CI 0.15-0.52),
and nonsmoker status (OR 1.32, 95% CI 1.01-1.71) were associated with an increased likelihood for app uptake. Citizenship
status (ie, non-Swiss citizenship vs. Swiss [reference]: OR 0.61, 95% CI 0.43-0.87), and language region (French vs Swiss German
[reference]: OR 0.61, 95% CI 0.46-0.80) were associated with a lower likelihood for app uptake. Further analysis in a randomly
selected subsample (n=712) with more detailed information showed that higher levels of trust in government and health authorities
were also associated with a higher likelihood for app uptake (ie, high vs low [reference] trust: OR 3.13, 95% CI 1.58-6.22). The
most frequent reasons for app nonuse were lack of perceived benefit of using the app (297/808, 36.8%), followed by the lack of
a compatible phone (184/808, 22.8%), and privacy concerns (181/808, 22.4%).
Conclusions: Eliminating technical hurdles and communicating the benefits of digital proximity tracing apps are crucial to
promote further uptake and adherence of such apps and, ultimately, enhance their effectiveness to aid pandemic mitigation
strategies.
(JMIR Public Health Surveill 2021;7(1):e25701) doi:10.2196/25701
KEYWORDS
COVID-19; SARS-CoV-2; digital proximity tracing; digital contact tracing; mHealth; tracing; compliance; acceptance; uptake;
usability; communication
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Introduction

user releases their ephemeral keys, which are then uploaded
onto a central server system.

Background

Smartphones with DP-3T–based apps regularly connect to this
central server. The uploaded keys of users with known infection
are downloaded by all smartphones using the SwissCovid app,
and the smartphone user’s locally stored encounter-history (ie,
the list of exchanged keys) will be searched for matches with
keys of infected users. If matches fulfilling the criteria for a
close proximity encounter (<1.5 meters over at least 15 minutes)
are found, the smartphone owner will be notified and advised
to call an Infoline for further assistance. Users who receive such
a notification are also advised to enter self-quarantine and
undergo testing for COVID-19.

Safe and effective vaccines against SARS-CoV-2, the causative
agent of COVID-19, are not largely available in most countries.
Therefore, global and national health authorities continue to
rely on nonpharmaceutical interventions in their fight against
the ongoing COVID-19 pandemic. Cornerstones of pandemic
mitigation measures include testing, tracing, isolation, and
quarantine [1]. Digital proximity tracing (DPT) apps are
expected to further enhance conventional mitigation measures,
and classic, interview-based contact tracing in particular. These
apps constitute a novel, still largely untested health technology
that anonymously records the user’s proximity contacts, that is,
other app users who were within a prespecified radius for a
certain amount of time [2]. In case the app user tests positive
for COVID-19, they can notify their proximity contacts in an
anonymous manner through such DPT apps.
The rationales for using DPT apps as pandemic mitigation tools
are based on a modelling study, which suggests that DPT alone
has the ability to stop the spread of the COVID-19 pandemic
[3,4]. Classic contact tracing is labor- and time-consuming, and
exposed contacts can sometimes only be reached and notified
with substantial time lags [5]. By comparison, DPT can lead to
faster notification and earlier self-quarantine of exposed contacts
[3,6]. In addition, DPT has a wider reach than classic contact
tracing, as it also includes exposed contacts that the infected
person may not know by name (eg, chance encounters in a
public space). However, the modelling studies further suggest
that these expected effects of digital contact tracing depend on
several assumptions. Specifically, a considerable proportion of
the population must use the DPT app (eg, 60% and more if no
other mitigation measures are implemented), the turnaround
time of test results and digital notification of exposed contacts
must be within 1-2 days and notified contacts should enter
self-quarantine immediately [3,7].

How the Swiss DPT App (SwissCovid) Works
The Swiss DPT app, officially named “SwissCovid,” follows
the blueprint of decentralized, privacy-preserving proximity
tracing (DP-3T). Detailed explanations of the DP-3T design
can be found elsewhere [2,6]. The DP-3T app architecture has
also become the basis for national DPT apps in countries such
as Italy or Germany, and it has gained the support of Apple and
Google, who provide application programming interfaces to
support the app’s functionality [8].
The SwissCovid app was publicly released on June 25, 2020
[9]. Similar to other DP-3T–inspired apps, smartphones with
the SwissCovid app installed will send and receive Bluetooth
Low Energy signals to and from other smartphones that also
have the same app installed. Ephemeral, nonidentifiable keys
are exchanged and stored locally on smartphones. As Bluetooth
signals weaken with increasing distance between devices, signal
attenuation can be employed to determine whether another
phone or device was in close proximity (eg, <1.5 meters) and,
if so, for how long. If any app user tests positive for COVID-19,
this person will be issued an activation code (CovidCode) that
should be entered into the SwissCovid app. By doing so, the
http://publichealth.jmir.org/2021/1/e25701/
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Thus, the effect of proximity tracing on pandemic containment
is mediated by users being notified about possible exposure
risks as soon as possible and entering quarantine to break further
transmission chains (ie, by being “one step ahead”). However,
emerging data from Switzerland indicate that procedural aspects
(eg, speed of laboratory test results and delivery of CovidCodes)
and user behavior (eg, the period before contacting the infoline
after receiving an app notification of contact with another app
user who has tested positive) have an influence on the
performance of the DPT app notification cascade [10,11]. For
example, frequent delays in issuing activation codes for app
users who have tested positive for COVID-19 also delayed
notification of exposed contacts (monitored in [12]).

Study Aims
DPT technologies have been developed and implemented with
very limited real-life testing [1,13]. It currently remains unclear
whether, and to what extent, assumptions stated by the modelling
analyses are achievable under real-world conditions and whether
these technologies can ultimately have a significant impact on
the effectiveness of pandemic mitigation strategies [13,14].
Therefore, in this study, we aimed to investigate and synthesize
to what extent some of the conditions for DPT functioning
(namely, broad app uptake) were fulfilled during the first 3
months after the release of the SwissCovid app in Switzerland.
Our analyses addressed 3 main research questions: (1) Which
sociodemographic and health-related factors are associated with
use of the SwissCovid app? (2) What are the most prominent
concerns for nonuse of the SwissCovid app? (3) What is known
about the adherence of app users with the recommended
procedures in case of an app notification indicating proximity
contact with another app user who has tested positive for
COVID-19? To answer these questions, we analyzed data
collected from a web-based nationwide, survey panel,
complemented by publicly available data.

Methods
Data Source
This study was based on survey data collected from the Swiss
COVID-19 Social Monitor project [15], a cohort study of
participants randomly selected from an existing online panel
population. A weighted sample from the panel, stratified based
on age, gender, and language region, was used in order to make
the sample representative of the Swiss population. Participants
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of this cohort receive an invitation every 2-6 weeks to complete
a survey on various COVID-19 related topics. The survey was
started on March 30, 2020; thus far, 10 study waves have been
conducted, each with an average response from 1500-1700
persons from across Switzerland. All datasets generated and/or
analyzed during this study are available from the corresponding
author on reasonable request.
The Swiss COVID-19 Social Monitor project collects
information on sociodemographic features, comorbidities, and
implementation of preventive measures related to COVID-19.
In addition, 3 standardized questions were introduced to gather
information about the use of the Swiss DPT app (SwissCovid;
see Table S1 in Multimedia Appendix 1). The questions were
jointly developed by study investigators, epidemiologists, and
infectious disease experts. The standardized SwissCovid
app-related questions were first introduced in Wave 8 and
subsequently used in Waves 9 and 10.
The primary data source for these analyses was Wave 10 of the
Swiss COVID-19 Social Monitor project (September 28 to
October 8, 2020), which yielded responses from 1511
participants. Additional data on media use and trust in
government, health authorities, or science, were collected for a
randomly selected subsample in Wave 10 (n=712; Table S2 in
Multimedia Appendix 1). Furthermore, data from 1299
participants were collected from Wave 8 (July 13-20, 2020) as
well as Wave 10, which were used for analyzing
within-person-changes in SwissCovid app use over time and
reasons for app nonuse over time. Data from Waves 8, 9 (August
17-25, 2020), and 10 were used to evaluate user responses to
app notifications.

Context of the Pandemic Situation
The observation period for this study started from app release
on June 25, 2020, to approximately 3 months thereafter. By
early October 2020, the app was downloaded 2.4 million times,
and the number of active users was relatively stable at 1.6
million [12]. Active users were counted as the daily number of
app dummy requests sent to the proximity tracing system, which
tends to underestimate the real number of users [16]. Compared
with Switzerland’s population size of 8.6 million persons of all
age groups (6.6 million in the age group between 18 and 79
years), the number of active app users corresponds to a
population coverage of approximately 19% (24.2% among those
aged 18-79 years).
In hindsight, the time period of this survey marked the starting
point for large increases in the incidence of COVID-19 cases
in Switzerland. A total of 8114 new COVID-19 cases (based
on positive polymerase chain reaction tests) were reported
during the study period, that is, from September 28, 2020, to
October 8, 2020. By contrast, the number of new COVID-19
cases was considerably lower in the preceding 11-day period
(ie, 3644 cases during September 17-27, 2020) [17].

Ethics Statement
For the COVID-19 Social Monitor project, the Ethics Committee
of the Canton of Zurich confirmed that it does not fall under
the Swiss Human Research Law (BASEC-Nr. Req-2020-00323).
Therefore, informed consent from participants was not needed.
http://publichealth.jmir.org/2021/1/e25701/
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Measures
To study the uptake of the SwissCovid app, users and nonusers
were compared by age (in 10-year categories), gender,
partnership status, having children, citizenship, language region,
education status, employment status, household income,
smoking status, presence of self-reported comorbidities (eg,
respiratory diseases, cardiovascular diseases, stroke,
hypertension, diabetes, and cancer), application of preventive
measures (eg, wearing masks and staying at home except for
essential tasks), frequency of internet use, trust in government
and health authorities, and trust in science. Individuals who
reported they used the app permanently or who turned it off
only occasionally were considered “app users” for the purpose
of this study. Other individuals who reported not using the app
(either with or without an intention to do so later) were
considered “app nonusers.”

Statistical Analyses
Factors Associated With App Uptake
Descriptive analyses were performed by summarizing
continuous data as medians (interquartile ranges) and categorical
data as percentages. Changes in app use status between Waves
8 and 10 were also analyzed descriptively among participants
who contributed to both waves.
To investigate factors associated with app use, multivariable
logistic regression models were constructed using the
abovementioned measures as variables of interest. Age, gender,
and comorbidity status were included as a priori fixed
co-variables in all models; the remaining variables, including
an a priori defined interaction term for age and gender, were
added incrementally and retained if the Akaike Information
Coefficient decreased by 2 points or more upon variable addition
[18,19]. Further logistic regression analyses on the association
between app use and media use and trust in government or
science were performed for the subset of participants for whom
this information was available. Results from regression analyses
are reported as odds ratio (OR) with 95% confidence intervals.

Investigation of Reasons for App Nonuse
Reasons for nonuse of the SwissCovid app were further explored
descriptively represented as n (%) based on the answer options
provided, as well as an open answer field for describing other
reasons. The analysis was limited to one primary reason for
each participant. Sociodemographic and other characteristics
as listed above were compared descriptively across the 3 most
frequent reasons for app nonuse, as well as a fourth group
subsuming all other reasons. All analyses were performed using
Stata version 13 (Stata Corp).

Results
Sample Characteristics
The Wave 10 survey yielded 1511 responses; participant
characteristics are shown in Table 1. The median age of survey
participants was 48 years, and 48.8% (738/1511) were female.
Almost two-thirds (975/1511, 64.5%) of the participants lived
in the German language region, 22.1% (334/1511) lived in the
French language region, and 13.4% (202/1511) lived in the
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e25701 | p.307
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Italian language regions. Furthermore, 46.5% (703/1511) of the
participants reported to have the app installed, of which 7.7%
(116/1511) occasionally switched it off. By comparison, app
installation coverage was 43.9% (662/1508) in Wave 8 (data
not shown). Among the 1299 respondents participating in both
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Waves 8 and 10, only 75 of 733 (10.2%) app nonusers from
Wave 8 had the app installed by Wave 10 (data not shown).
However, 5.3% (30/566) of the app users from Wave 8 had
uninstalled the app by Wave 10.
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Table 1. Study populations of users and nonusers of the SwissCovid app, deployed in Switzerland as a mitigation measure for the COVID-19 pandemic.
Characteristic

Value
Social Monitor Project

App nonuse

App use

(N=1511)

(n=808)

(n=703)

Age, median (IQR)

48 (34, 59)

49 (35, 58)

46 (34, 59)

Gender, female, n (%)

738 (48.8)

389 (48.1)

349 (49.6)

No partner

440 (29.1)

246 (30.4)

194 (27.6)

Living with partner

951 (62.9)

490 (60.6)

461 (65.6)

Not living with partner

120 (7.9)

72 (8.9)

48 (6.8)

163 (10.8)

92 (11.4)

71 (10.1)

Swiss

1220 (80.7)

624 (77.2)

596 (84.8)

Swiss and other

129 (8.5)

83 (10.3)

46 (6.5)

Non-Swiss

162 (10.7)

101 (12.5)

61 (8.7)

German

975 (64.5)

494 (61.1)

481 (68.4)

French

334 (22.1)

200 (24.8)

134 (19.1)

Ticino

202 (13.4)

114 (14.1)

88 (12.5)

Only mandatory schooling

93 (6.2)

60 (7.4)

33 (4.7)

Completed professional education

728 (48.2)

406 (50.2)

322 (45.8)

University or university of applied sciences

690 (45.7)

342 (42.3)

348 (49.5)

1066 (70.5)

563 (69.7)

503 (71.6)

≤CHF 6000 (US $6600)

397 (26.3)

246 (30.4)

151 (21.5)

CHF 6000-10,000 (US $6600-11,000)

491 (32.5)

261 (32.3)

230 (32.7)

>CHF 10,000 (US $11,000)

343 (22.7)

146 (18.1)

197 (28)

No answer

280 (18.5)

155 (19.2)

125 (17.8)

Smoker, yes, n (%)

313 (20.7)

188 (23.3)

125 (17.8)

Self-reported chronic illnessa, n (%)

378 (25)

197 (24.4)

181 (25.7)

Always or most of the time

962 (63.7)

494 (61.1)

468 (66.6)

Sometimes

484 (32)

264 (32.7)

220 (31.3)

Rarely or never

65 (4.3)

50 (6.2)

15 (2.1)

Always or most of the time

409 (27.1)

224 (27.7)

185 (26.3)

Sometimes

622 (41.2)

316 (39.1)

306 (43.5)

Rarely or never

480 (31.8)

268 (33.2)

212 (30.2)

Once daily or several times a day

1329 (88)

685 (84.8)

644 (91.6)

Once weekly or several days per week

150 (9.9)

99 (12.3)

51 (7.3)

Never or less than once weekly

32 (2.1)

24 (3)

8 (1.1)

Partnership status, n (%)

Has children, yes, n (%)
Citizenship status, n (%)

Language region, n (%)

Education, n (%)

Currently employed, n (%)
Monthly household income, n (%)

Use of protective masks, n (%)

Staying at home except for essential tasks, n (%)

Frequency of internet use, n (%)
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Value
Social Monitor Project

App nonuse

App use

(N=1511)

(n=808)

(n=703)

Little

60/712 (8.4)

47/375 (12.5)

13/337 (3.9)

Somewhat

163/712 (22.9)

102/375 (27.2)

61/337 (18.1)

Large

489/712 (68.7)

226/375 (60.3)

263/337 (78)

Little

58/710 (8.2)

42/374 (11.2)

16/336 (4.8)

Somewhat

207/710 (29.2)

129/374 (34.5)

78/336 (23.2)

Large

445/710 (62.7)

203/374 (54.3)

242/336 (72)

App user

587 (38.8)

N/Ac

N/A

App user, occasionally switching off the app

116 (7.7)

N/A

N/A

Intends to use the app

53 (3.5)

N/A

N/A

Has uninstalled app

66 (4.4)

N/A

N/A

Not using the app

689 (45.6)

N/A

N/A

Trust in governmentb, n (%)

Trust in scienceb, n (%)

SwissCovid app use, n (%)

a

Presence of chronic illness was defined based on self-reporting of at least one of the following conditions: asthma, chronic obstructive pulmonary
disease, diabetes, hypertension, cardiovascular disease, stroke, and cancer.
b

Data only available in a randomly selected split-sample, including 47.1% (712/1511) of the full study population.

c

N/A: not applicable.

Factors Associated With App Uptake
Multivariable logistic regression analyses revealed that several
factors were associated with app uptake (see Table 2). Analysis
of the full study sample showed that citizenship status (Swiss
and second citizenship: OR 0.58, 95% CI 0.40-0.86; non–Swiss
citizenship: OR 0.61, 95% CI 0.43-0.87 vs Swiss citizenship
only), and language region (French-speaking region: OR 0.61,
95% CI 0.46-0.80; Italian-speaking region: OR 0.78, 95% CI
0.57-1.08 vs German-speaking region) were associated with
lower app uptake.
By contrast, a higher monthly household income (OR 1.92, 95%
CI 1.40-2.64 for an income >CHF 10,000 [US $11,000] vs
income ≤CHF 6000 [US $6600]), more frequent internet use
(daily [reference] vs less than weekly: OR 0.37, 95% CI
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0.16-0.85), better adherence to mask-wearing recommendations
(always or most of the time [reference] vs rarely or never OR
0.28, 95% CI 0.15-0.52), and nonsmoker status (OR 1.32, 95%
CI 1.01-1.71) were associated with increased app uptake.
The same model was also applied to the random subsample (see
Table 2), which provided additional information on trust in
government and science (n=712). Of note, ORs of variables
included in both multivariable models (ie, full and subsample)
were not altered substantially, but CIs became wider due to the
lower sample size. Furthermore, increasing levels of trust in
government and health authorities were also associated with a
higher likelihood of app uptake (OR 3.13, 95% CI 1.58-6.22
for high vs low [reference] trust), whereas the inclusion of trust
in science did not improve the multivariable model fit.
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Table 2. Results of a multivariable logistic regression analysis investigating factors associated with the use of the SwissCovid app
Characteristic

Value, odds ratio (95% CIs)
Univariable; full sample
(N=1511)

Multivariable; full sample
(N=1511)

Multivariable; random subsample interviewed on trust
in government and science
(n=712)

Age (per 10 years)

1 (0.99; 1.01)

0.99 (0.92, 1.06)

1.09 (0.98, 1.22)

Female Gender (vs male)

1.06 (0.87, 1.30)

1.10 (0.89, 1.36)

0.94 (0.68, 1.30)

No partner

refa

N/Ab

N/A

Living with partner

1.19 (0.95, 1.50)

N/A

N/A

Not living with partner

0.85 (0.56, 1.27)

N/A

N/A

0.87 (0.63, 1.21)

N/A

N/A

Swiss

ref

ref

ref

Swiss and other

0.58 (0.40, 0.85)

0.58 (0.40, 0.86)

0.52 (0.28, 0.96)

Non-Swiss

0.63 (0.45, 0.89)

0.61 (0.43, 0.87)

0.68 (0.39, 1.20)

German

ref

ref

ref

French

0.69 (0.53, 0.89)

0.61 (0.46, 0.80)

0.56 (0.37, 0.84)

Ticino

0.79 (0.58, 1.08)

0.78 (0.57, 1.08)

0.90 (0.54, 1.51)

Only mandatory schooling

ref

ref

ref

Completed professional education

1.44 (0.92, 2.26)

1.32 (0.83, 2.12)

1.23 (0.57, 2.63)

University or university of applied sciences

1.85 (1.18, 2.90)

1.50 (0.94, 2.42)

1.58 (0.73, 3.45)

0.91 (0.73, 1.14)

N/A

N/A

≤CHF 6000 (US $6600)

ref

ref

ref

CHF 6000-10,000 (US $6600-11,000)

1.44 (1.10, 1.88)

1.29 (0.97, 1.71)

1.14 (0.75, 1.74)

>CHF 10,000 (US $11,000)

2.20 (1.64, 2.95)

1.92 (1.40, 2.64)

1.53 (0.94, 2.48)

No answer

1.31 (0.96, 1.79)

1.18 (0.85, 1.63)

1.06 (0.66, 1.71)

1.40 (1.09, 1.81)

1.32 (1.01, 1.71)

1.51 (1.02, 2.25)

1.08 (0.85, 1.36)

1.11 (0.87, 1.43)

0.88 (0.61, 1.27)

Always or most of the time

ref

ref

ref

Sometimes

0.88 (0.71, 1.10)

0.75 (0.60, 0.96)

0.77 (0.54, 1.10)

Rarely or never

0.32 (0.18, 0.57)

0.28 (0.15, 0.52)

0.32 (0.12, 0.86)

Always or most of the time

ref

N/A

N/A

Sometimes

1.17 (0.91, 1.51)

N/A

N/A

Rarely or never

0.96 (0.73, 1.25)

N/A

N/A

Once daily or several times a day

ref

ref

ref

Once weekly or several days per week

0.55 (0.38, 0.78)

0.55 (0.38, 0.80)

0.59 (0.35, 1.00)

Never or less than once weekly

0.35 (0.16, 0.79)

0.37 (0.16, 0.85)

0.32 (0.11, 0.95)

Partnership status

Has children (vs not)
Citizenship status

Language region

Education

Currently employed (vs unemployed)
Monthly household income

Nonsmoker (vs smoker)
c

Self-reported chronic illness (vs none)
Use of protective masks

Staying at home except for essential tasks

Frequency of internet use
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Value, odds ratio (95% CIs)
Univariable; full sample
(N=1511)

Multivariable; full sample
(N=1511)

Multivariable; random subsample interviewed on trust
in government and science
(n=712)

Little

ref

N/A

ref

Somewhat

2.16 (1.08, 4.32)

N/A

1.71 (0.82, 3.58)

Large

4.21 (2.22, 7.97)

N/A

3.13 (1.58, 6.22)

Little

ref

N/A

N/A

Somewhat

1.59 (0.84, 3.01)

N/A

N/A

Large

3.13 (1.71, 5.73)

N/A

N/A

Trust in government or health authoritiesd

Trust in scienced

a

ref: reference value.

b

N/A: data not applicable or not included because it did not improve model fit

c

Presence of chronic illness was defined based on self-reporting of at least one of the following conditions: asthma, chronic obstructive pulmonary
disease, diabetes, hypertension, cardiovascular disease, stroke, and cancer.
d

Data only available in a randomly selected split-sample, including 47% (712/1511) of the full study population.

Reasons for App Nonuse
The responses of participants who reported not having used the
app (808/1511) were analyzed further with respect to the reasons
for app nonuse (Table 3). This group included both users who
stated that they intended to use the app and those who did not
intend to use it. Overall, the most important reasons for not
installing the app were a perceived lack of usefulness of the app
(297/808, 36.8%), followed by not having a suitable smartphone
or operating system (184/808, 22.8%), and concerns about
privacy (181/808, 22.4%). Other reasons (amounting to 18%)
included lack of knowledge about the app, doubts about
technological reliability, and concerns about excessive battery
usage, among other reasons.
When compared to responses from Wave 8, the proportion of
app nonusers (846/1508, 56.1%) who reported a perceived lack
of app usefulness (228/846, 27%) was considerably lower.
Moreover, the differences between waves for the other reasons
of app nonuse (ie, not having the right phone: 221/846, 26.1%;
privacy concerns: 202/846, 23.9%; and other reasons: 195/846,
23%; data not shown) were less pronounced.
As shown in Table 3, the distribution of reasons for app nonuse
also varied with participants’ intentions for using the app later
(ie, maybe, no, or already uninstalled the app). While the lack
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of perceived benefits was the dominant reason for not installing
the app (262/689, 38%) and having uninstalled (20/66, 30.3%)
it, 34% (18/53) of the participants who intended to install the
app at a later time point reported not having a compatible
smartphone. Furthermore, it is noteworthy that excessive battery
consumption also appeared to be an important reason for
uninstalling the app (11/66, 16.7%).
The descriptive comparison of sociodemographic and other
characteristics across the 3 major reasons for app nonuse (and
a fourth category subsuming all other reasons; see Table 4)
suggests that some reasons may be more prevalent in specific
subgroups. The subpopulation citing problems with installing
the app (“not the right phone”) was the oldest (median age, 57.5
years), had the highest burden of chronic comorbidities (61/184,
33.2%), and tended to have high trust in government (large trust
category: 69/89, 77.5%) and science (large trust category: 61/89,
68.5%) compared with the other subgroups. By contrast, those
reporting privacy concerns for app nonuse were younger
(median age: 44 years), more frequently living in the
French-speaking part of Switzerland (65/181, 35.9%), and
generally had less trust in the government (large trust category:
35/80, 43.8%) or science (large trust category: 30/80, 37.5%).
No specific patterns were observed for the demographics of
subpopulations reporting the remaining 2 reasons (ie, “not
useful” and “other reasons”).
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Table 3. Reasons for nonuse of the SwissCovid app.
Reason

Value, n (%)
May install app later (n=53) App not installed (n=689)

Uninstalled app

All

(n=66)

(n=808)

Perceived as not useful

15 (28.3)

262 (38)

20 (30.3)

297 (36.8)

Not the right phone

18 (34)

158 (22.9)

8 (12.1)

184 (22.8)

Concerned about privacy

8 (15.1)

164 (23.8)

9 (13.6)

181 (22.4)

Don't know the app

2 (3.8)

25 (3.6)

0 (0)

27 (3.3)

Technical doubts about reliability, maturity 1 (1.9)

20 (2.9)

4 (6.1)

25 (3.1)

Concerned about battery use

8 (1.2)

11 (16.7)

20 (2.5)

Don't believe in seriousness of Corona; lack 0 (0)
of trust in government

9 (1.3)

1 (1.5)

10 (1.2)

Inertia, not had the time yet

2 (0.3)

0 (0)

7 (0.9)

Opposed out of principle, no specific reason 0 (0)

7 (1)

0 (0)

7 (0.9)

Don't want Bluetooth permanently on

0 (0)

3 (0.4)

2 (3)

5 (0.6)

Worried about consequences/quarantine

0 (0)

2 (0.3)

2 (3)

4 (0.5)

Currently outside of Switzerland

1 (1.9)

3 (0.4)

0 (0)

4 (0.5)

Would have to turn off app at work

0 (0)

2 (0.3)

1 (1.5)

3 (0.4)

Would feel stressed/scared by app use

0 (0)

2 (0.3)

0 (0)

2 (0.2)

Already protecting themselves, rarely leave 0 (0)
the house

1 (0.1)

0 (0)

1 (0.1)
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5 (9.4)
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Table 4. Sociodemographic characteristics of SwissCovid app nonusers, stratified by the reason for app nonuse (3 most frequent reasons and “other”).
Characteristic

Value
Not the right phone

Privacy concerns

Not useful

Other reason

(n=184)

(n=181)

(n=297)

(n=146)

Age, median (IQR)

57.5 (44.5, 67)

44 (35, 54)

46 (31, 57)

44 (31, 57)

Gender, female, n (%)

95 (51.6)

102 (56.4)

120 (40.4)

72 (49.3)

No partner

45 (24.5)

58 (32)

100 (33.7)

43 (29.5)

Living with partner

123 (66.8)

106 (58.6)

172 (57.9)

89 (61)

Not living with partner

16 (8.7)

17 (9.4)

25 (8.4)

14 (9.6)

15 (8.2)

21 (11.6)

27 (9.1)

29 (19.9)

Swiss

152 (82.6)

132 (72.9)

232 (78.1)

108 (74)

Swiss and other

10 (5.4)

21 (11.6)

35 (11.8)

17 (11.6)

Non-Swiss

22 (12)

28 (15.5)

30 (10.1)

21 (14.4)

German

115 (62.5)

100 (55.2)

188 (63.3)

91 (62.3)

French

41 (22.3)

65 (35.9)

64 (21.5)

30 (20.5)

Ticino

28 (15.2)

16 (8.8)

45 (15.2)

25 (17.1)

Only mandatory schooling

16 (8.7)

16 (8.8)

22 (7.4)

6 (4.1)

Completed professional education

90 (48.9)

83 (45.9)

157 (52.9)

76 (52.1)

University or university of applied sciences

78 (42.4)

82 (45.3)

118 (39.7)

64 (43.8)

97 (52.7)

140 (77.3)

221 (74.4)

105 (71.9)

≤CHF 6000 (US $6600)

65 (35.3)

52 (28.7)

87 (29.3)

42 (28.8)

CHF 6000-10,000 (US $6600-11,000)

62 (33.7)

48 (26.5)

104 (35)

47 (32.2)

>CHF 10,000 (US $11,000)

25 (13.6)

30 (16.6)

61 (20.5)

30 (20.5)

No answer

32 (17.4)

51 (28.2)

45 (15.2)

27 (18.5)

36 (19.6)

47 (26)

78 (26.3)

27 (18.5)

61 (33.2)

43 (23.8)

66 (22.2)

27 (18.5)

Always or most of the time

127 (69)

110 (60.8)

172 (57.9)

85 (58.2)

Sometimes

50 (27.2)

62 (34.3)

106 (35.7)

46 (31.5)

Rarely or never

7 (3.8)

9 (5)

19 (6.4)

15 (10.3)

Always or most of the time

54 (29.3)

48 (26.5)

83 (27.9)

39 (26.7)

Sometimes

90 (48.9)

69 (38.1)

108 (36.4)

49 (33.6)

Rarely or never

40 (21.7)

64 (35.4)

106 (35.7)

58 (39.7)

Once daily or several times a day

142 (77.2)

160 (88.4)

257 (86.5)

126 (86.3)

Once weekly or several days per week

32 (17.4)

14 (7.7)

36 (12.1)

17 (11.6)

Never or less than once weekly

10 (5.4)

7 (3.9)

4 (1.3)

3 (2.1)

Partnership status, n (%)

Has children
Citizenship status, n (%)

Language region, n (%)

Education, n (%)

Currently employed, n (%)
Monthly household income, n (%)

Smoker, n (%)
a

Self-reported chronic illness , n (%)
Use of protective masks, n (%)

Staying at home except for essential tasks, n (%)

Frequency of internet use, n (%)

Trust in governmentb, n (%)
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Value
Not the right phone

Privacy concerns

Not useful

Other reason

(n=184)

(n=181)

(n=297)

(n=146)

Little

5 (5.6)

16 (20)

12 (8.6)

14 (21.2)

Somewhat

15 (16.9)

29 (36.3)

43 (30.7)

15 (22.7)

Large

69 (77.5)

35 (43.8)

85 (60.7)

37 (56.1)

Little

7 (7.9)

13 (16.3)

12 (8.6)

10 (15.2)

Somewhat

21 (23.6)

37 (46.3)

47 (33.8)

24 (36.4)

Large

61 (68.5)

30 (37.5)

80 (57.6)

32 (48.5)

Trust in scienceb, n (%)

a

Presence of chronic illness was defined based on self-reporting of at least one of the following conditions: asthma, chronic obstructive pulmonary
disease, diabetes, hypertension, cardiovascular disease, stroke, and cancer.
b

Data only available in a randomly selected split-sample, including 50% of the full study population (n=712). New denominators for respective reasons
of app nonuse were not right phone (n=89), privacy concerns (n=80), not useful (n=140), and other (n=66).

SwissCovid App Notifications and User Response
In the 3 survey waves (Waves 8, 9, and 10), a total of 15
participants reported having received an app notification: 2 users
in Wave 8 (July), 6 users in Wave 9 (August), and 7 users in
Wave 10 (October). Overall, 8 of these 15 (53.3%) users
reported to have called the recommended infoline, whereas the
remaining 6 users reported not to have undertaken any steps,
and 1 user undertook other steps, which were left unspecified.
Since Wave 10, participants were also asked whether they had
undergone COVID-19 testing in the past 4 weeks and, if so,
what their test results were. Of the 5 users who called the
infoline at Wave 10, 2 users reported to have undergone
COVID-19 testing, and 1 of them reported to have tested
positive for COVID-19.

Discussion
Principal Findings
By analyzing information on the use of the SwissCovid app
from a longitudinal, web-based, panel survey, we evaluated
factors related to the use of the DPT app in Switzerland.
Our data suggested that, 3 months after app release, 46.5% of
the survey respondents had downloaded the app (of whom
38.8% had the SwissCovid app permanently activated). This
proportion is an overestimation of actual app coverage in the
general population and is most likely caused by the
above-average affinity for such technologies of online panel
participants. Moreover, social desirability might have led to
some over-reporting of app use, despite this being an anonymous
online survey [20]. In early October 2020, the official number
of active app users was estimated at 1.6 million [12], which
implies that around 1 in 4 (24.2%) adults residing in Switzerland
were actively using the app. A recent modelling study suggests
that this proportion of app uptake may, in fact, be sufficient to
reduce the number of new infections to “manageable levels”
[21].
We also deduced several population characteristics that may
influence the uptake of the SwissCovid app. For example,
http://publichealth.jmir.org/2021/1/e25701/
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younger age, higher income, or a nonsmoker status were
associated with a higher app uptake. In contrast, characteristics
such as foreign (non-Swiss) nationality or living in the Frenchor Italian-speaking regions of Switzerland were associated with
a lower app uptake. Furthermore, app uptake was associated
with the level of trust placed in the government and health
authorities. Following recommended preventive measures and
wearing masks, in particular, were also associated with a higher
likelihood to use the app, which could imply higher levels of
awareness, worry related to the COVID-19 pandemic, or
increased health consciousness.
We further investigated participants’ stated reasons for nonuse
of the SwissCovid app, which were dominated by technical
aspects (ie, not having a suitable smartphone or operating
system), privacy concerns, and perceived lack of usefulness.
Ignorance or lack of information about the app did not seem to
be a relevant reason, as only 3% of the participants cited this
as a reason (ie, “don’t know the app”). Privacy concerns as a
reason for app nonuse were associated with a lack of trust in
the government and health authorities, as well as with a
migration background. Participants whose app use was hindered
owing to technical reasons seemed to be more trustful in the
government but tended to be older. Therefore, streamlining
installation processes and establishing compatibility with older
phone devices may be worthwhile in order to increase app
uptake among this subgroup.

Comparison With Previous Work
To our knowledge, this is the first study since the SwissCovid
app release to systematically investigate DPT app uptake and
the reasons for app nonuse in Switzerland. One survey was
conducted since the app release in late-June 2020 in Switzerland,
comprising 1000 Swiss individuals [22]; however, the data have
not been published in detail. This previous study found that
43% of the Swiss population were using or considering using
the Swiss proximity tracing app, with higher percentages
observed among younger respondents. Our study results show
similar proportions of app users.
Overall, our findings also correspond well with other
international population surveys of DPT app use, most of which
JMIR Public Health Surveill 2021 | vol. 7 | iss. 1 | e25701 | p.315
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were performed before [23-29], and some after app release [30].
For example, several studies confirmed the finding that higher
education status [25], and younger age [23] were associated
with a higher willingness to use DPT apps. Of note, these
characteristics could reflect the profile of typical early adopters
of technology [31]. On the other hand, the observed
sociodemographic patterns could also reflect generally higher
health- and digital literacy among DPT app users. This
alternative explanation raises concerns about the existence of
a digital divide [32], in which individual who may benefit the
most from the preventive effect of DPT are the least likely to
use the app. Nevertheless, as suggested by a separate analysis
of the COVID-19 Social Monitor project data, the majority of
elderly persons adhered well to other preventive measures such
as social distancing [33]. Furthermore, it can also be argued
that transmission prevention among younger persons, who are
disproportionately affected by the COVID-19 incidence in
Switzerland, may also yield a protective effect for older adults.
This study adds to the scarce literature on motivations, as well
as technical and nontechnical barriers for app use in settings
where apps have already been deployed. Previous studies have
utilized models based on psychology such as the health belief
model (HBM) [29] and implementation science such as the
normalization process theory (NPT) [10] to analyze adoption
and nontechnical implementation challenges for DPT apps.
Both these models emphasize the importance of a perceived
benefit of preventive interventions, with HBM focusing on
individuals and NPT focusing on a systems perspective [34].
The lack of perceived benefits was also a major reason for app
nonuse in our survey, cited by 37% of all nonusers. Therefore,
according to HBM and NPT, communicating usefulness of the
app to individual and the society may be key to achieve greater
app adoption; this can be achieved by testimonials of users who
have had a positive experience with the DPT app. Moreover,
optimizing economic incentives or removing existing
disincentives for DPT use may further improve the benefit-risk
balance [35,36]. In Switzerland, users who received an app
notification were eligible for a free COVID-19 test, but
quarantine was neither mandatory nor subject to salary
compensations (which is currently being reconsidered).
Our observations of technical problems and persistent privacy
concerns as reasons for nonuse or uninstallations of the
SwissCovid app are consistent with those of a study in Australia
[30], which reported similar user complaints. Furthermore, (a
lack of) government trust emerged as a strong influencing factor
for app usage in our and other surveys [23]. For example,
approximately 11% of the respondents of the Australian survey
cited government mistrust as a reason for not using the app [30].
In Switzerland, there was an early, rather strong consensus that
the DPT app must be issued and managed by the government
[37]. Nevertheless, the prevalent and persistent privacy concerns
and trust issues remain to be challenging. For example, although
the SwissCovid app implements privacy by design, the fact that
the app relies on application programming interfaces provided
by Google and Apple is sometimes still criticized. One solution
to address this challenge could be to establish an independent
oversight committee for the management of DPT operations
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[38]. Such committees would demonstrate transparency and
increase public trust that governments will hold their promises,
for example, to maintain voluntariness, prevent mission creep,
or cease the use of DPT after the end of the pandemic.
Finally, we found evidence that external factors and the overall
pandemic context have an effect on benefit and threat
perceptions (as postulated by HBM [29]). In Switzerland,
COVID-19 cases increased rapidly during the second half of
October 2020, and the number of active app users also increased
by 200,000 [12]. Similarly, the dominant reasons for app nonuse
seem to have evolved in our study. Taken together, these
observations suggest that public knowledge, perceptions, and
app uptake respond dynamically to the pandemic situation. In
line with these suggestions, first reports from vaccine
development trials [39] raise hopes for a nearing availability of
effective COVID-19 vaccines, which may also impact the public
discourse on DPT apps. However, initial vaccination campaigns
will likely focus on elderly subpopulations, who are at the
greatest risk for a more severe disease course [40]. Given current
limitations in vaccine production capacity, herd immunity will
remain unachievable in the near future. Therefore, DPT apps
will likely continue to play an important role in pandemic
mitigation efforts, particularly among younger subpopulations
wherein COVID-19 cases are often asymptomatic [40] and DPT
app use is comparatively high.

Strengths and Limitations
Overall, our analysis contributes to the literature by being among
the first studies to longitudinally investigate DPT app use
patterns in the context of a changing pandemic. A key strength
of our study is the availability of data from different survey
waves, which allowed us to verify the robustness of our findings.
Furthermore, our sample of 1500 participants is based on a
random sample and is therefore likely to be quite representative
with respect to age, gender, and language region for the Swiss
population. However, we cannot fully exclude potential biases
such as over-reporting or social desirability bias regarding app
use. In addition, the fact that the Social Monitor project sample
was drawn from an online panel population might have led to
an overestimation of the app use among the general population.

Conclusions
To summarize, our study findings provide a clearer
understanding of the motivations, barriers, and other factors
associated with the uptake of DPT apps. Our data points toward
complex interactions between motivations, trust, and incentives.
Our study also reveals significant research gaps; for example,
regarding how to effectively persuade persons with privacy
concerns or how to create equitable incentives for app use.
Similar studies are needed to evaluate the contribution of DPT
on pandemic mitigation efforts, as well as generic, robust
research methods to study privacy-preserving health
technologies. From a practical perspective, our data suggest
that DPT sponsors should scale-up communication efforts to
not only build trust and mitigate privacy fears but also reduce
technical challenges, as well as simplify onboarding procedures
in order to reach a broader population, including persons with
low digital or health literacy.
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