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Abstract

Background: The novel coronavirus disease COVID-19 caused by SARS-CoV-2 threatens to disrupt global progress toward
HIV epidemic control. Opportunities exist to leverage ongoing public health responses to mitigate the impacts of COVID-19 on
HIV services, and novel approaches to care provision might help address both epidemics.

Objective: Asthe COVID-19 pandemic continues, novel approachesto maintain comprehensive HIV prevention service delivery
are needed. The aim of this study was to summarize the related literature to highlight adaptations that could address potential
COVID-19-related service interruptions.

Methods: We performed a systematic review and searched six databases, OVID/Medline, Scopus, Cochrane Library, CINAHL,
PsycINFO, and Embase, for studies published between January 1, 2010, and October 26, 2021, related to recent technol ogy-based
interventions for virtual service delivery. Search terms included “telemedicine,” “telehealth,” “mobile health,” “eHealth,’
“mHealth,” “telecommunication,” “social media,” “mobiledevice,” and “internet,” among others. Of the 6685 abstractsidentified,
1259 focused on HIV virtual servicedelivery, 120 of which wererelevant for HIV prevention efforts; 48 pertained to pre-exposure
prophylaxis (PrEP) and 19 of these focused on evaluations of interventions for the virtual service delivery of PrEP. Of the 16
systematic reviews identified, three were specific to PrEP. All 35 papers were reviewed for outcomes of efficacy, feasibility,
and/or acceptability. Limitations included heterogeneity of the studies methodological approaches and outcomes; thus, a
meta-analysis was not performed. We considered the evidence-based interventions found in our review and developed a virtual
service delivery model for HIV prevention interventions. We also considered how this platform could be leveraged for COVID-19
prevention and care.

Results: We summarize 19 studies of virtual service delivery of PrEP and 16 relevant reviews. Examples of technol ogy-based
interventionsthat were effective, feasible, and/or acceptablefor PrEP service ddivery include: use of SMS, internet, and smartphone
apps such asiText (50% [95% CI 16%-71%] reduction in discontinuation of PrEP) and PrEPmate (OR 2.62, 95% Cl 1.24-5.5.4);
telehealth and eHealth platforms for virtual visits such as PrEPTECH and lowaTelePrEP; and platforms for training of health
care workers such as Extension for Community Healthcare Outcomes (ECHO). We suggest a virtual service delivery model for
PrEP that can be leveraged for COVID-19 using the internet and social mediafor demand creation, community-based self-testing,
telehealth platforms for risk assessment and follow-up, applications for support groups and adherence/appointment reminders,
and applications for monitoring.

Conclusions: Innovations in the virtual service provision of PrEP occurred before COVID-19 but have new relevance during
the COVID-19 pandemic. The innovations we describe might strengthen HIV prevention service delivery during the COVID-19
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pandemic and in thelong run by engaging traditionally hard-to-reach populations, reducing stigma, and creating amore accessible
health care platform. These virtual service delivery platforms can mitigate the impacts of the COVID-19 pandemic on HIV
services, which can be leveraged to facilitate COVID-19 pandemic control now and for future responses.

(JMIR Public Health Surveill 2022;8(6):€37479) doi:10.2196/37479

KEYWORDS

HIV; pre-exposure prophylaxis, COVID-19; virtua service delivery; HIV prevention; public health; systematic review; virtual
service; health intervention; digital intervention; health technology; social media platform; telehealth; public health message

Introduction

The novel coronavirus disease COVID-19 caused by
SARS-CoV-2 threatens to disrupt global progress toward HIV
elimination [1]. In response to the COVID-19 pandemic, many
countries have empl oyed nonpharmacol ogic interventions such
as lockdowns, social distancing, and restrictions on gatherings
to control the spread of SARS-CoV-2. However, other countries
with a high burden of COVID-19 have not successfully and
universally instituted these mitigation measures at a national
level [2]. Countrieswith limited uptake of mitigation measures
are seeing their health care infrastructure overwhelmed with
the pandemic due to widespread community transmission, and
are thus struggling to provide comprehensive clinical care for
COVID-19 andfor chronic diseases, including HIV [1,2]. Recent
gainsin HIV epidemic control may be lost if HIV prevention
and treatment services are not maintained. Additionally, the
morbidity and mortality of COVID-19 might be increased in
the face of uncontrolled chronic diseases and HIV, although
there have been conflicting reports among persons living with
HIV [34].

COVID-19 and HIV both disproportionally affect socially
disadvantaged and hard-to-reach populations[4]. Opportunities
exist to leverage ongoing public health responses to mitigate
the impacts of COVID-19 on HIV services, and novel
approachesto care provision might help address both epidemics.
For example, the US Ending the HIV Epidemic (EHE) initiative
aims to overcome existing socia and economic disparities by
increasing accessto HIV servicesfor vulnerable populationsin
the United States[5]. In thisregard, theaims of EHE to increase
services for vulnerable populations align with approaches for
controlling the COVID-19 pandemic, which has aso
exacerbated health inequities [6]. Globally, the public and
private sectors have collaborated for years to address the HIV
crisis using a public health approach. This has resulted in
platforms for service delivery, a health workforce trained in
HIV care and treatment, supply chains, and collaboration across
adiverse group of stakeholders, including community leaders
and governments, to ensure that marginalized populations
receive the servicesthey need. Efforts should be made to identify
best practicesand lessons|earned from HIV prevention to lessen
the impacts of COVID-19 on HIV programs [7]. The HIV
community can sustain progress toward HIV epidemic control
by rapidly employing innovations to maintain and extend HIV
programming during the COV1D-19 pandemic [8]. Additionally,
COVID-19-specific education, testing, and vaccination could
be integrated into HIV prevention programs, considering that

https://publichealth.jmir.org/2022/6/e€37479

these service delivery platforms are designed to reach vulnerable
persons at risk of HIV and the general population.

To ensurethat HIV prevention programs areimproved to deliver
services in the context of limited mobility and strained health
systems, we reviewed the literature for adaptations of
pre-exposure prophylaxis (PrEP) programsfor HIV prevention
both prior to and in the time of COVID-19. PrEP is vital to
achieving HIV epidemic control and should be prioritized in
the context of COVID-19 aong with HIV treatment. We
describetechnological innovationsfor HIV prevention and PrEP
service delivery, and propose a model for virtual PrEP service
delivery to ensure HIV prevention interventions reach those
most vulnerable during the implementation of COVID-19
mitigation measures.

Methods

Literature Search and Review

We performed a review of the literature to identify published
peer-reviewed articlesabout virtual servicedelivery and related
adaptations such as telemedicine (see Multimedia Appendix 1
for the detailed search strategy). PRISMA (Preferred Reporting
Itemsfor Systematic Reviews and Meta-Analyses) was used as
a guide for this systematic review [9]. We searched the
OVID/Medline, Scopus, Cochrane Library, CINAHL,
PsycINFO, and Embase databases to identify human studies
published between January 1, 2010, and October 26, 2021, to
reflect the time period during which innovative technologies

for health were introduced. Search terms included
“telemedicing” “telehedth,” “mobile hedth,” “eHealth,
“mHedth,” “telecommunication,” “social media” “mobile

device” and “internet,” among others (see Multimedia A ppendix
1). The search was limited to articles published in English. We
used EndNote X8 (Clarivate Analytics) to compile, clean,
categorize, and assess citations. We assessed for risk of biasin
arandomized controlled trial (RCT) using the Cochrane risk of
bias tool [10].

Ethics Consider ations

This activity was reviewed by the US Centers for Disease
Control and Prevention (CDC), and was conducted in
compliance with applicable federal law and CDC policy. The
activity was determined to meet the requirements of nonresearch
and secondary data analysis for a public health response, as
defined in 45 CFR 46.102(1). Thus, aprotocol was not developed
and registered.
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Study Selection

Two authors (PP and MK) screened the titles and abstracts of
articles identified from our database search for references to
HIV, PrEP, and virtual service delivery using filtersin EndNote.
Next, the same two authors (PP and MK) reviewed the selected
articles' titles and abstracts to identify those reporting effective
adaptationsfor virtual HIV service delivery, particularly related
to PrER, HIV prevention, and HIV testing, by reporting
outcomes related to efficacy, feasibility, and/or acceptability.
The full text of articles reporting relevant data and systematic
reviews of virtual service delivery interventions were further
reviewed. All systematic reviews about innovations of virtual
HIV service delivery that focused on adherence and HIV testing
were included because both have relevance to PrEP programs.

Table 1. Inclusion and exclusion criteria.

Patel et &l

Studies of interventions were included if they focused on
innovations for HIV prevention service delivery, particularly
PrEP. We thus included intervention studies that described the
use of technology such as apps, use of the internet, SMS text
messaging, telemedicine/telehealth, mobile health (mHealth),
and eHedth for PrEP. We aso included all reviews and
meta-analyses of technology innovations pertinent to HIV
prevention service delivery, as these data would inform the
virtual service delivery model that we aimed to propose. We
excluded studies that did not focus on virtual service delivery,
focused on prevention of vertical mother-to-child transmission,
described protocols, were not in English, or were not accessible
(Table 1).

Parameter Inclusion criteria Exclusion criteria

Study topic  Technology innovations for HIV prevention and specifically pre-  Focused on vertical mother-to-child transmission, did not focus
exposure prophylaxis service delivery, virtual service delivery on virtual HIV prevention service delivery

Study type  Randomized clinicdl trials, pre-postevaluations, mixed methods  Protocols, viewpoints, editorials
evaluations, surveys, reviews, meta-analyses

Language English Language other than English

Timeframe Published after 2010 Published before 2010

Accessible  Ableto retrieve publication Publication was inaccessible

Figure 1 details the study selection procedure. In addition, the
references of papers that were selected were examined to
identify other pertinent references. These selectionsand related

https://publichealth.jmir.org/2022/6/e€37479

data were confirmed by a second reviewer independent of the
first reviewer. Studies with missing data were excluded.
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Figure 1. Selection of studies regarding virtual service delivery and HIV. * See Multimedia Appendix 1 for more details.
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Other Considerations

The RCT was assessed for risk of bias using the Cochrane risk
of biastool [10] and some concernswereidentified (Multimedia
Appendix 2). Given the limited number of studies and the
heterogeneity of studiesand their outcomes, it was decided that
we could not perform a robust meta-analysis of any given
outcome. Thus, related analyses to explore causes of
heterogeneity and certainty were not performed.

After reviewing the literature, we considered evidence-based
interventions for PrEP service delivery in the time of
COVID-19, and developed avirtua service delivery model for
implementation to improve HIV prevention services now and
in the future. We also suggest how to leverage this model for
COVID-19 service delivery to maximize the use of vital health
resources. All data and tools used are presented in this
manuscript and are publicly available.

Results

Characteristics of Included Studies

Of the 6685 abstracts identified, 1888 were specific to virtual
service delivery. Of those 1888 articles, 1259 focused on HIV,
120 of which were relevant for HIV prevention efforts; 48
pertained to PrEP and 19 of these focused on evaluations of

https://publichealth.jmir.org/2022/6/e€37479

RenderX
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interventions for virtual service delivery of PrEP; 16 were
conducted in the United States and the other three were
conducted in Kenya, India, and England [11-29]. One RCT was
identified [19]. There were 16 systematic reviews related to
virtual HIV care delivery [30-45], 3 of which were related to
virtual PrEP delivery [30,42,45]. Theremaining articlesfocused
on aspects of care delivery, including telemedicine, use of SMS
and the internet, mHealth, and eHealth. (Figure 1). These 16
papers were reviewed and examined for interventions that
support virtual care delivery, which were evaluated for efficacy,
feasibility, and/or acceptability and could be considered for
PrEP service delivery in the time of COVID-19. Three
systematic reviews provided pooled estimates [34,39,44)].

Summary of Pertinent Studies

We identified 19 papers [11-29] related to evaluations of
interventions for PrEP virtual service delivery. These papers
are summarized in Table 2. The primary aim of many of these
interventionswasto address barriersto PrEP delivery and uptake
before the COVID-19 pandemic started in early 2020. For
exampl e, the interventions sought to reach peoplein rural areas
or those who were not able to access facilities, as well as
eliminating the stigma of PrEP and improving health literacy
about many HIV prevention services, including HIV testing,
condom use, PrEP, and testing for sexually transmitted
infections (STIs). The data presented provide support for the
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use of social media, smartphone apps, text messaging, and the
internet for service delivery and health communication. Two
studies described successful PrEP initiation and monitoring
using an online platform [17,27], and four studies found that
telehealth for PrEP was feasible, acceptable, and effective
[13,16,24,25]. Eight studies examined the use of apps
[11,18,21,28] and SMS[15,19,22,26] for PrEP service delivery.
Of note, only one study, the Enhancing PrEP in Community
Settings (EPIC) study, presented resultsfrom an RCT [19]. One
study described the successful use of the Extension for
Community Healthcare Outcomes (ECHO) platform for training
of PrEP providers [29]. ECHO, a distance telemonitoring
program, has been extensively used to create communities of
practice and deliver clinical mentorship to support remote health
care provision, which hasalso been used for PrEP[29,41,46,47].

Of the 16 systematic reviews identified, three were specific to
PrEP; one described successful PrEP delivery models, including
community-based and home-based approaches [42], and two

https://publichealth.jmir.org/2022/6/e€37479
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summarized novel interventions to use technology to improve
PrEP availability, adherence, and uptake[41,45]. Theseinclude
mobile apps that offer PrEP prescribing and preclude an
in-person visit, distance mentorship of community PrEP
providers, video teleconferencing for provider visits, electronic
consults, and using text messaging and mobile/web platforms
for PrEP initiation (Table 3) [41,45].

We also summarize systematic reviews that focus on technology
innovations to improve HIV testing and adherence in Table 3,
because these would also pertain to PrEP programs [30-45].
Most of these reviews focused on interventions to improve
adherence to antiretroviral therapy (ART) [31-33,41,43,44].
Two studies reported pooled estimates for improved ART
adherence, one for mHealth interventions (pooled odds ratio
2.15, 95% CI 1.18-3.91) and one for eHealth interventions
(pooled Cohen d=0.25, 95% CI 0.05-0.46). All studiesreported
positive outcomes; however, the eval uation methods varied and
thus have limited comparability.
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Table 2. Summary of evidence-based interventions for HIV pre-exposure prophylaxis (PrEP) virtual service delivery.

Patel et &l

Author,  Country Intervention Sample size Study  Study name Evaluation Results Main conclusions
year period
Bielloet United MyChoicesapp 17 ymsm?@ 2 University of ~ Basdlineand 2- Mean SystemUsabil-  MyChoices app is
a [11], States  toincrease HIV months  North Caroli- month postbase- ity Scale (SUS) acceptable to end
2021 testing and na/Emory Cen-  line assess- scorewas 71 (SD users
PrEP uptake ter for Innovas  ments 11.8); 80% (9/11)
tive Technology reported that app
(iTech) was useful
Bondet United Avatar-led 116 African 6weeks pgpP gnd prEp  Cross-sectional  89% of participants  Utilization of an
a[12], States eHeathvideo Americanwom- for Women web-based ratedthevideoas  avatar-led eHealth
2019 en aged 16-61 study with the-  good or higher video fostered educa-
years matic analysis tion about PEP and
PrEPamong African
American women
who have experi-
enced insufficient
outreach for
biomedical HIV
strategies
Chascoet United Homespecimen 77 participants 18 lowaTelePrEP  Mixed methods Comparedtolabora- Teleheath PrEP
E States  self-collection  offered test kits  months evaluation tory-site use, kit use  programs should of-
[13], kitswith central (35 accepted was associated with ~ fer clients home kits
2021 laboratory test-  and 42 refused) higher completionof and support clients
ing extragenital swabs  with blood collec-
(ORC 6.33, 95% Cl tion and kit comple-
1.20-33.51 for tion
anorectal swabs),
but lower comple-
tion of blood tests
(OR0.21,95% CI
0.06-0.73 for creati-
nine)
Farley et United Community en- 2465 (24 prep- 4years  pjad Observational  Overall successof:  Compared to face-
a States  gagementand  maryland.org; programmatic  prepmaryland.org to-face community
[14], linkage with 60 phoneling; evaluation (4124, 16.7%), outreach efforts, all
2021 both virtual and 168 PrEPme phoneline (18/60,  virtual platforms
face-to-face app) 30%), PrEPme app  reached lower total
models; prep- (39/168, 23.2%) numbers, but had
maryland.org, greater successin at-
PrEP tele- tendance at PrEP
phone/text line, visits
and PrEPme
smartphone app
Fuchset United Mobilehedth ggpgve 12- iPrEx open-la-  Pre-and postin-  50% reduction in iText strategy was
a [15], States  intervention week pi- bel extension terventionre-  discontinuation of  feasible and accept-
2018 (iText) to sup- lot study gressondiscon- meds (95% Cl 16%- able, and improved
port adherence tinuity analysis  71%; P=.008) adherence to PrEP
with bidirection-
a texting
Hothetal United Pharmacist-led 186 referrals; 18 lowaTelePrEP  Resultsat 6 Retention was 61%, Regional telehealth
[16], States  video visits 91% MSM months months and 96% completed PrEP programs can
2018 |aboratory tests be devel oped to of -
fer PrEP widely
Hugheset United  Web-based 31 PrEPre- 5 Nurx Electronicchart Nurx eased barriers  Nurx produced satis-
a [17], States  PrEP service questers months review and 90-  to PrEP access faction by achieving
2021 minute through theavailabil-  an acceptable bal-
semistructured ity of knowledge- ance between 2
interviews able, willing pre- client desires: effi-

scribers, and mini-
mizing embarrass-
ment and discrimina-
tion

ciency and humanity
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Author,  Country Intervention Sample size Study Study name Evaluation Results Main conclusions
year period
Liuetal United LYNXappto 30YMSMin  2-month Adolescent Tri- SUSandfocus Median SUS The LYNX app was
[18], States  support HIV focusgroupand pilot a's Network groups score=72/100 feasible and accept-
2019 testing and 16 in open pilot iTech U19 able; well-received,
PrEP uptake especially the sexual
diary and gamifica-
tion features (sex-
positive badges)
Liueta United Youth-tailored 121 participants 36 EPIC study Randomized Participantswho re-  Aninteractive text
[19], States  bidirectional weeks clinical trial ceived PrEPmate messaging interven-
2019 text messaging (RCT) with were more likely to  tion had high accept-
intervention someconcerns  attend study visits  ability and signifi-
(PrEPmate) of risk of bias§ (OR2.62,95%Cl  cantly increased re-
1.24-55.4) and have tention and adher-
TDF-DPY levels ence
consistent with >4
doses/week (OR
2.05, 95% CI 1.06-
3.94)
McLaugh- United  Tweets about 1435 tweets 4 N/A Poissonregres-  Affectivetonewasa PrEP-related tweets
lineta States  PrEPon Twitter months sionforpropaga- significant predictor covered awide
[20], tionrate of tweet propagation range of issues, and
2016 frequency (Wald affectivetonein
X22:30_997’ P<.001) tW%tS'iS a cri_ti caI
factor in predicting
propagation
Mitchell ~ United  Smartphone- 10 YMSM 4weeks MSMART Red-timeadher- Participantsreported  mSMART isfeasi-
eta [21], States  based interven- open-label enceassessment mean PrEP adher-  ble and acceptable
2018 tion (MS- phase 1 tria usingacamera ence rates of 91%
MART) based medica=  viadaily entriesin
tionevent-mon- mMSMART
itoring tool
Mu- Kenya SMSbasedsur- 142participants 24 Partners Questionnaires  72% preferred SMS  SMS surveys were
wonge et veystocollect fromserodiscor- months  Demonstration surveysto in-person  acceptableand serve
a [22], dataonsexua  dant partner- Project visits as reminders for ad-
2018 behaviorsand  ships herence to PrEP and
adherence condom use
Patel etd India Peer-delivered, 244 participants 12 CHALOQ! Pilot Pre-postsurveys IncreaseinHIV test- Online HIV preven-
[23], internet-based weeks ing tion interventions
2020 messaging for arefeasible and ac-
HIV testing and ceptable, and can
condom use improve HIV testing
rates
Perlsonet United PrEPtdenaviga 139 participants 9 “At Distance”  Surveys Increased knowl- PreP telemedicine
a [24], States  tion program months  PrEP Naviga- edge of PrEP and can improve PrEP
2018 tion linkage to HIV test-  utilization
ing and prevention
services
Refugio  United Telehedthap- 25YMSM 180 PrEPTECH 2onlinesurveys At least 75% felt Teleheath PrEP
eta [25], States  proachto PrEP days PrEPTECH was programs increase
2019 initiation confidential, fast, accessand eliminate

convenient, and easy
to use

barrierssuch as stig-
ma
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Author,  Country Intervention Sample size Study Study name Evaluation Results Main conclusions
year period
Shrestha United  Text messages 40 people en- 10 Telerivet mo- Anaudiocom- Mean adherence Preliminary evi-
eta [26], States overad-week rolledina months  bilemessaging puter-assisted  score of 87.6 (SD dence of thefeasibil-
2020 interventionpe- methadone platform self-interview  18.6) for havingtak- ity and acceptability
riod maintenance (ACASl)was enPrEPinthepast of atext messag-
program usedtoassess 30days, meanac-  ing—based approach
al quantitative  ceptability (range0- asapotential tool
measures and 100) for the daily for primary HIV
quditativeinter- PrEP reminder was  prevention to im-
views were 75.0 (SD 11.7) prove PrEP adher-
semistructured ence and HIV risk
reduction among this
underserved popula-
tion
Wanget England Onlinegeneric 293 individuals 6 InterPrEP Testing baseline  PrEPdrug concentra-  Online PrEP ser-
al [27], PrEP and thera- months and every 3-6  tionswere above vices with therapeu-
2018 peutic drug months target; no creatinine  tic drug monitoring
monitoring €elevations were arefeasible
seen; no cases of
HIV, hepatitis B or
C were noted
Weitz- United PrEPadherence 54 culturally di- 6weeks Dot app Pre- and Significant changes  The Dot app was
maneta States  mobileapp verse YMSM posttest evalua-  in the percentage of feasible and effec-
[28], (“Dot"); the Dot tionof theim-  participantswho re- tive at improving
2021 intervention pact of the Dot ported perfect PrEP adherence for
combined with mobileappon  (100%) PrEP adher- supporting medica-
personalized self-reported ence from pre- to tion adherence
pill reminders PrEP adher- posttesting among culturally di-
with positive ence, PrEP (t53=4.458, P<.001); verse YMSM on
psychology- treatment self-  prEP treatment self- PrEP
based texts efficacy, PPEP  efficacy (t55=3.067,
knowledge, and - p= 003); and inten-
intention to tion to follow safe
practicesafe  gay and HIV testing
SeX guidelines
(t53=3.067, P=.003).
Wood et  United  Project 69 medical 2years Project ECHO Pre-andpostsur- Providersreported  Itisfeasibletoincor-
a[29], States gcHoh_prep  Providers vey that Project ECHO  porate PrEPtraining
2018 telemonitoring participation helped  into Project ECHO
intervention them stay current on  distance telementor-
PrEPguidelines,im- ing programsas a
proved knowledge,  tool to educate com-

increased likelihood
to prescribe PrEPR,
and addressed most
concerns about pre-
scribing PrEP

munity practitioners
and support PrEP
prescribing

2y MSM: young men who have sex with men.

bpEP: postexposure prophylaxis.

‘OR: odds ratio.

dN/A: not applicable.

€M SM: men who have sex with men.

fRisk of bias was assessed usi ng the Cochranerisk of biastool [10] (see Multimedia Appendix 2).
9TDF-DP:; tenofovir diphosphate.

PECHO: Extension for Community Healthcare Outcomes.
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Table 3. Systematic reviews of technological innovations for improved HIV and pre-exposure prophylaxis (PrEP) service delivery.

Author, year Innovation(s) examined Outcomes Main findings
Catalani et a [30], 2013 62 articles summarizing the use of N/A2 Promising trend toward implementing
mobile health (mHealth) technology mHealth innovations that are feasible
for HIV/AIDS and acceptable, but they are still intheir
early stages
Claborn et al [31],2015  Computer-delivered adherenceinterven-  Adherence Computer-delivered adherenceinterven-

Cooper et a [32], 2017

Daher et al [33], 2017

Hightow et al [34], 2015

Horvath et a [35], 2020

Labelle et al [36], 2020

tion; 5 randomized controlled trias
(RCTs) and 1 single-group pre-posttri-
a; 5 conducted in the United Statesand
1in Canada

mHealth interventions, mainly SMS-
based. The 41 studies were conducted
in 12 countries across North America,
South America, Africa, Asia, Europe,
and New Zealand

Digital innovations, classified into (1)
mHealth-based (SM S/phonecalls), (2)
internet-based mHealth/eHealth (socia
media, avatar-guided computer pro-
grams, websites, mobile apps, streamed
soap opera videos), and (3) combined
innovations (including both SM Sphone
cals and internet-based
mHealth/eHealth). Reviewed 99 stud-
ies, 63 (64%) from America/Europe,
36 (36%) from AfricalAsia; 79%
(79/99) wereclinical trias; 84%
(83/99) evaluated impact. Of innova-
tions, 70% (69/99) were mHealth-
based, 21% (21/99) were internet-
based, and 9% (9/99) were combined.
All digital innovationswere highly ac-
cepted (26/31, 84%) and feasible
(20/31, 65%)

Synthesisof 66 relevant paperson HIV,
technology, and youth

mHealth and other technology-based
interventionsfor HIV testing: 6 effica-
cy tridlsand 12 pilot RCTs or quasiex-
perimental studies; 10 were conducted
outside the United States, including
countries in sub-Saharan Africa (n=4:
Kenya, Tanzania, South Africa), China
(n=3), Latin America(n=2: Brazil, Pe-
ru), and India (n=1)

Summary of 22 papers on use of tech-
nology for HIV prevention and PrEP
toinform an mHealth app devel opment
in Tailwan

Adherence and health-rel ated behaviors

Feasibility, acceptability, impact.
mHealth-based innovations (SMS)
significantly improved antiretroviral
therapy (ART) adherence (pooled OR®
2.15, 95% CI 1.18-3.91) and clinic at-
tendance rates (pooled OR 1.76, 95%
Cl 1.28-2.42); internet-based innova-
tionsimproved clinic attendance (6/6),
ART adherence (4/4), and self-care
(1/2), while reducing risk (5/5); com-
bined innovationsincreased clinic atten-
dance, ART adherence, partner notifi-
cations, and self-care

N/A

Efficacy, feasibility, acceptability

N/A

tions arefeasible and acceptable among
both HIV-positive adolescents and
adults

Significant impacts on arange of out-
comes, including adherence, viral load,
mental health, and social support

Digital innovations were acceptable,
feasible, and generated impact. A trend
toward the use of internet-based and
combined (internet and mobile) innova-
tionswas noted. Large scale-up studies
of high quality, with new integrated
impact metrics and cost-effectiveness
are needed. Findings will appeal to all
stakeholdersin the HIV/STI global
initiatives space

A growing number of technol ogy-based
interventions for HIV prevention and
care have been published; however, the
majority were published in the United
States. Given the disproportionate bur-
den of HIV among adolescents world-
wide, there is aneed for more broadly
expanding eHealth and mHealth to
youth globally

All efficacy trials showed some evi-
dence of efficacy. Most pilot RCTs
demonstrated high levels of feasibility
and acceptability. Technol ogy-assisted
HIV testing interventions may be an
important strategy to reach national and
global targetsfor HIV status awareness
in the general population and for most
at-risk groups

Featuresidentified from studiestesting
HIV prevention applications for PrEPR,
such as education and gamification,
will be used to formulate features of an
HIV prevention app in Taiwan
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Author, year Innovation(s) examined Outcomes Main findings
Maloney et al [37], 2019  eHedthinterventionsfor HIV careand N/A Robust collection of eHealth interven-

Manby et al [38], 2021

Nelson et a [39], 2020

Schnall et al [40], 2014

Touger et a [41], 2019

Vanhamel et a [42], 2020

prevention; 113 studies were included
with 84 unique interventions. The ma-
jority (n=71, 85%) of interventions
were developed for usersin resource-
rich countries. The remaining (n=13,
15%) were intended to address the
unique cultural needs of specific com-
munitiesin low- or middle-income
countries

25 RCTsthat randomized atotal of
15,343 participants: 2356 were random-
ized to interactive interventions, 5530
to noninteractive interventions, and
5808 to the control condition. Studies
were from 10 countriesin Africa: 8 in
Kenya, 7 in Uganda, and 5 in South
Africa; 6 studies reported outcomes
related to HIV prevention behaviors

16 studies: 1 study wasafully powered
RCT, 7 weresingle-arm pilotswith pre-
postassessments, 4 were pilot RCTS,
and 4 tested public health campaigns
with postassessments

13 studies: 5 targeted HIV testing be-
haviors and 8 focused on decreasing
HIV risk behaviors with wed-based
education modules, test messaging,
chat rooms, social networking

Multiple models of telehealth innova-
tions in the United States (8 studies):
provider to patient (mobile apps for
PrEP prescribing [nurx.com], videocon-
ferencing for PrEP initiation
[PrEPTECH, PrEPIOWA, plush-
care.com], home-based PrEP [ePrEP));
provider to provider (distancelearning

for community providers [ECHO®
Project], electronic consults for PrEP
support)

Scoping review of PrEP delivery mod-
els. Theidentified service delivery
models showed that PrEP services
mainly targeted people at high risk of
HIV acquisition, with some models
targeting specific key populations,
mainly men who have sex with men

Meta-analyses show that eHealth inter-
ventions significantly improved HIV
management behaviors (OR 1.21, 95%
Cl 1.05-1.40; Z=2.67; P=.008), but not
HIV prevention behaviors (OR 1.02,
95% CI 0.78-1.34; Z=0.17; P=.86).
There was no effect for HIV testing or
biologica outcomes(OR 1.17, 95% ClI
0.89-1.54; Z=1.10; P=.27) compared
with minimal intervention control
groups

N/A

N/A

PrEP dissemination and adherence

N/A

tionsin the published literature aswell
as unpublished interventions still in
development. In the published litera-
ture, thereis an imbalance of interven-
tions favoring education and behavior
change over linkage to care, retention
in care, and adherence, especialy for
PrEP

eHealth interventions can improve ad-
herenceto ART in sub-Saharan Africa,
and serve asimportant toolsto help re-
duce HIV-related morbidity and mortal-
ity aswell asHIV transmission

All studies found that mHealth ap-
proaches werefeasible and acceptable;
however, most studieswere small pilot
trids

eHealth has the potential to effectively
reduce HIV risk behaviorsand increase
testing rates. Further evaluations are
needed as there was wide variation in
interventions and methodol ogical
quality

Technology-based intervention can
address gaps in the PrEP care continu-
um and reach underserved popul ations;
however, costs may impede progress.
Platforms to share technology are
needed as well as further research to
assess scalability and sustainability

PrEP was often delivered centralized
andinaclinical or hospital setting; yet,
community-based as well as home-
based PrEP delivery models were also
reported. Providers of PrEP were
mainly clinically trained health profes-
sionas, but in somerare cases commu-
nity workers and lay providers also
delivered PrEP. In general, in-person
visits were used to deliver PrEP. More
innovative digital options using
mHealth and tel emedicine approaches
to deliver specific parts of PrEP ser-
vices are currently being appliedin a
minority of the service delivery models
in mainly high-resource settings. This
reflects differentiation of care accord-
ing to different contextual settings
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Author, year

Innovation(s) examined

Outcomes

Main findings

Vellozaet a [43], 2021

Wang et a [44], 2019

Wong et a [45], 2020

Systematic review of adherence support
interventions for adolescents. Fifteen
oral contraceptive pill (OCP) articles
and 26 ART, diabetes, and asthma
systematic reviews were included. In-
terventions that improved medication
adherencefor OCPs, ART, asthma, and
diabetes treatment included reminder
text messages, computer-based and
phone-based support, and enhanced
counseling. Multimonth prescriptions
and same-day pill starts also were
found to improve OCP adherence and
continuation. Adolescent-friendly clin-
ics and peer-based counseling signifi-
cantly improved ART adherence, and
telemedicine interventions improved
diabetes medi cation adherence

eHealth interventions. Twenty-one tri-
als: 8trialsfrom high-income countries
and 13 trialsfrom low- and middle-in-
come countries

Four studies: one pilot study, three ret-
rospective evaluations (lowa TelePrER,
PrEPTech, Nurx, PlushCare)

Adherence. Enhanced counseling
(whether in groups, families, or comput-
er-delivered) and phone-based support
(eg, one-way and two-way text mes-
sages) improved ART adherence. Peer
support interventions and adol escent-
friendly services were effective for
ART adherence

Adherence. eHealth interventions sig-
nificantly improved ART adherence of
peopleliving with HIV (pooled Cohen
d=0.25, 95% CI 0.05-0.46; P=.01)

Retention. The percentage of PrEPini-
tiation after thefirst telehealth appoint-
ment ranges from 84% to 94%, and 6-
month retention remains relatively
high, in the range of 76%-99%

Interventions that improve medication
adherence among youth include en-
hanced counseling, extended pill sup-
ply, adolescent-friendly services, and
text messagereminders. PrEP programs
could incorporate and evaluate such
interventions for their impact on PrEP
adherence and continuation among at-
risk adolescents

Some of the eHealth interventions may
be used as an effective method to in-
crease the ART adherence of people
living with HIV

Success could be attributed to the abil-
ity of technology to addressthe barriers
of geographic distance and social stig-
mafaced by those who would other-
wise have limited accessto care. The
use of telemedicinefor PrEPisgeneral-
ly viewed by users as easy, fast, and
convenient

8N/A: not applicable.
POR: odds ratio.

CECHO: Extension for Community Healthcare Outcomes.

PrEP Virtual Service Delivery Model

According to the evidence-based innovations identified from
the literature review and those implemented during the
COVID-19 pandemic, we suggest a comprehensive model for
virtual PrEP service delivery (Figure 2) that includes a
combination of interventions such as internet for demand

https://publichealth.jmir.org/2022/6/e€37479

creation and risk assessment, telehealth platformsfor visitsand
training, multimonth dispensing and medication delivery,
community-based and self-testing for HIV, and smartphone
apps for follow-up reminders and adherence support groups
[11-45,48-51]. Regarding monitoring and follow-up, quarterly
PrEP monitoring is acceptable and preferred with in-person
follow-up but also with telehealth [52].
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Figure2. Model of differentiated virtual HIV pre-exposure prophylaxis (PrEP) delivery.
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L everaging Adaptationsfor COVID-19 Service
Delivery

Although our primary goa was to consider how innovative
PrEP program delivery methods could be used to mitigate the
impact of COVID-19 on PrEP services, it isalso clear that these
PrEP delivery methods have the potential for COVID-19
prevention and control (Table4). Examplesinclude: (1) demand
creation using traditional (radio, television) and socia media
platforms for HIV prevention and COVID-19 messaging; (2)
service delivery with decentralized care, moving from facility
to community, including home-based and mobile delivery (for
HIV and/or COVID-19 testing and multimonth PrEP
prescription  refills);  virtual  platforms for  follow-up
appointments (telehealth), such as risk assessment, lab

https://publichealth.jmir.org/2022/6/e€37479

RenderX

assessment, and adherence counseling for PrEP; mental health
counseling; using apps (eg, WhatsApp) for support groups and
mobile device SMS for adherence reminders; (3) training and
education with the use of web-based platforms for education
and training of health care workers about HIV prevention (and
developments in COVID-19 prevention and management) to
promote task-shifting (eg, ECHO project); (4) monitoring and
evaluation, involving web-based and app-based dataentry using
tablets and/or mobile devices of PrEP core indicators; and (5)
supply chain vulnerabilities, involving working with
governments to enact policies that alow for continued
manufacturing of commodities and novel procurement and
distribution platforms (electronic prescriptions, mail order,
direct drug delivery).
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Table 4. Leveraging adaptationsto HIV pre-exposure prophylaxis (PrEP) service delivery in the time of COVID-19.

PrEP program component  Adaptation

Evidence/reference Contribution to COVID-19 response

Demand creation Add web-based and social media platforms
(TikTok videos, ads on Facebook and Insta-
gram, pop-ups in apps like Tinder); continue
campaigns and traditional methods (TV and

radio)

Service delivery Decentralize careto decongest the clinics/facil-
ities; virtual platforms for scheduling and ap-
pointments with maps for locations of mobile
sites; use community and mobile delivery (eg,
tests and medications); virtual risk assessment
(using internet and/or apps); scale-up telehealth
for consultation with PrEP provider for review
of risk assessment and test results, adherence
counseling for PrEPR, and mental health coun-
seling in general; support groups (eg, What-
sApp) and mobile device SMS for adherence
and appointment reminders

Drug delivery Multimonth prescriptions for PrEP, home de-

livery using postal service, mobile pharmacies

Testing Home-based testing and self-testing, mobile
testing sites (eg, drive-through sites), home
delivery (postal service, health care workers),
community delivery (eg, at pharmacies, faith-

based centers, vending machines)

Training and education Web-based platforms for education and train-

ing of health care workers about HIV preven-
tion, particularly PrEP (eg, ECHO? Project)

Monitoring and evaluation Web-based and app-based data entry using
tablets and/or mobile devices of PrEP corein-
dicators and syndromic surveillance for acute
HIV infection; system to monitor the PrEP
cascade (number who tested HIV-negative,
number eligible/offered PrEP, number who
initiated PrEP, number adherent and retained)

Supply chain Working with governments to enact policies
and agreements that allow for continued man-
ufacturing of commodities, and novel procure-
ment and distribution platforms (electronic

prescriptions, mail order, direct drug delivery)

Community engagement  Engage community leaders in education of
PrEP, including benefits; institute virtual peer-
to-peer support groups; advocacy for PrEP to

protect persons vulnerable to HIV acquisition

[12,18-20,23,28] Incorporate COV ID-19 messaging, including
information about socia distancing and face
masks, into the PrEP messaging and HIV edu-

cation materials and campaigns

[11-45,48,52] Provide COVID-19 services as prevention and
treatment modalities become available. This
platform could be used to deliver the COVID-

19 vaccine

[13,16,24,25,27,49-51] Delivery of pharmacologic interventions for

COVID-19

[13,16,17,25,35,41,45] Delivery of COVID-19 testing

[29,41,46,47] Include developments in COVID-19 manage-
ment to promote task-shifting so PrEP
providers are knowledgeable about COVID-
19 diagnostics, treatments, and prevention in-

terventions

[52] Syndromic surveillance for COVID-19 symp-
toms and data collection of indicators related
to COVID-19 response: testing uptake and re-
sults, contact-tracing outcomes, severity of ill-
ness, uptake of services, vaccine recipients,

adverse events related to vaccines

Leverage to include COVID-19 commodities
such as vaccines

N/AP

[14,20,22,23] Education about COV1D-19 prevention, treat-
ment, and control, aswell as advocacy for ser-

vices needed by disenfranchised persons

3ECHO: Extension for Community Healthcare Outcomes.
BNI/A: not applicable.

Discussion

Principal Findings

COVID-19 mitigation measures such as physical distancing
and lockdowns have created significant challengesfor HIV and
PrEP programming [8]. Thissystematic review isuniquein that
it provides a comprehensive overview of specific
technol ogy-based interventions aswell as differentiated service
delivery models that may be critical to program adaptation
during COVID-19. Our findings demonstrate that interventions

https://publichealth.jmir.org/2022/6/e€37479
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developed before COVID-19, dating back to 2013, for successful
adaptation of PrEP programs for virtual service delivery for
HIV testing, ART adherence, and PrEP exist and are currently
in use. Innovations such as telemedicine; using the internet and
smartphone apps for demand creation, support groups, and
follow-up reminders; and multimonth dispensing with mobile
pharmacies are evidence-based interventions designed to address
distanceto services and improve convenience. Theseinnovations
might also be particularly impactful in the context of COVID-19
[11-29]. Our review aso identified examples of models for
virtual service delivery that use technology to support PrEP
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users, such as PrEPTECH, lowaTelePrEP, and telehealth-led
PrEP service delivery [41,42,45]. However, these models
address some but not all aspects of PrEP implementation, such
as commodity procurement and the ability to purchase
medications, which is challenging when countries are locked
down and companies cannot supply and distribute drugs.

To build upon the current literature and suggest a practical
application for innovative technological adaptations, we used
findings from the literature review to develop an example of a
model of virtual PrEP delivery, which incorporatesinnovations
identified in our literature search. Weidentified evidence-based
interventionsthat could adapt the current PrEP service delivery
platform to provide decentralized, virtual care. This model
would allow for continued PrEP service delivery in the face of
COVID-19 mitigation strategies but also may improve our
ability to engage hard-to-reach populations who do not access
care at facilities. The model is also aligned with approaches
already described in some countries. For example, in Brazil, at
the initial teleconsultation, individuals are assessed for PrEP
by phone and undergo HIV rapid testing. Individuals receive a
digital prescription to retrieve a 120-day PrEP supply plus two
HIV self-test kits, because home delivery was deemed
unaffordable. Subsequent follow-up teleconsultations are
performed remotely by phone call, including instructions for
the HIV self-test performance and the results are shared by
digital photo. Thisapproach was successful in maintaining PrEP
services, including uptake, as part of the Implementation PrEP
Study (ImPrEP) project [48]. In addition, community
pharmacists can deliver drugs and manage minor ailments,
which supports the use of task-shifting [49]. Our model can be
implemented in countries with widespread accessto the internet
and smartphones. However, implementation could be
challenging in areas where such technologies are limited or
unreliable.

Globally, differentiated service delivery modelsto improve the
reach of PrEP and HIV programs, to decongest facilities, and
to limit exposure to SARS-CoV-2 are recommended [53]. Our
model of service delivery could help to maintain PrEP services
in resource-poor settingsin all countries, including the United
States and Canada, and might improve the program’s ability to
reach those most vulnerable by improving access to services
and eliminating stigma associated with accessing facilities
known to provide HIV services. Sexual and reproductive
services could be leveraged to offer virtual HIV prevention
services, particularly PrEP, as STI testing, condoms, and
contraception should be offered with PrEP. Program eval uations
are needed to understand the broader feasibility and impact of
virtual service delivery models in low- and middle-income
countries. To ensure that persons at substantial risk of HIV
continue to benefit from PrEP, approaches to scale up virtual
service delivery are underway in many countries [54]. HIV
prevention services could also be leveraged for related
prevention interventions such as STI testing, and to enhance
the COVID-19 pandemic response.

Health care workers providing PrEP services can be trained
virtualy to deliver COVID-19 services, including education
about mitigation measures and vaccination using online
platforms [41,45]. The internet and smartphone apps can be
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used for service delivery such as intake assessments and
appointment reminders or other public health communications
such as contact-tracing programs al erting someone of exposure
to SARS-CoV-2. COVID-19 testing can be offered through
HIV testing platforms in the facility and community to create
efficiencies. In addition, other prevention modalities for both
HIV and COVID-19 could be delivered through the HIV
prevention platform by leveraging the virtual service delivery
of PrEPfor COVID-19. For example, once COVID-19 vaccines
[55] become widely available, PrEP service delivery could be
leveraged for safe, widespread delivery by offering vaccination
to clients who present for HIV testing.

These adaptations should be instituted with engagement of
governments, stakeholders, and community leaders. Community
engagement isfundamental to the success of syndemic control;
community leaders can be influential and are key for
disseminating factual information. Efforts should be made to
accurately forecast needs, in terms of funding, personnel,
commodities, and others, and to alocate resources such that
resources are not exhausted and are adequately redistributed as
needed. Systems should be agile and adopt new advances in
HIV prevention rapidly. Although our review was motivated
by concern regarding serviceinterruptionsrelated to COVID-19,
programs should be developed both for mitigating current
serviceinterruptions and for increasing efficienciesand creating
moreresilienceto future causes of serviceinterruptions. A recent
study of HIV service disruption in sub-Saharan Africa
highlighted that the most important priority to avoid additional
deaths due to HIV during the COVID-19 pandemic was to
maintain the supply of antiretroviral drugs for people living
with HIV [56]. Provision of other HIV prevention interventions
to prevent an increase in HIV incidence was also deemed
necessary [56]. Therefore, our model of virtual service delivery
might be relevant for maintaining and achieving low levels of
HIV incidence.

Limitations

One important challenge that has not been addressed through
our review and our model is the maintenance of supply chain
and procurement mechanismsto ensure that HIV commodities
such as drugs and tests remain available. Nationa-level
lockdowns have negatively impacted major pharmaceutical
manufacturers, along with the global supply chain of drugsand
medical commodities. Governments must ensure that HIV
commodities procurement and delivery are maintained as
essential servicesduring pandemicsthat requirelockdownsand
guarantine for control. Governments should enact policies that
allow for continued manufacturing of commodities and novel
procurement and distribution platforms. Our literature review
had other important limitations. We focused on HIV programs
and may have missed rel evant innovations used for other types
of service delivery. We were not able to conduct meta-analyses
for each PrEP intervention (Table 2) identified in our search
given the small number of papers and the heterogeneity between
studies, particularly of methodology. Thislimited our ability to
conduct analyses related to syntheses of outcomes data. Lastly,
as our search focused on service delivery, the review did not
yield papers about policy needs related to virtual service
delivery, which was outside the scope of our primary objectives.
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Conclusions

Although vaccines are critical to effectively controlling the
COVID-19 pandemic, there are ongoing threats to COVID-19
control (and therefore to sustaining HIV prevention and care
programs); most notably, the identification of variant strains
with increased transmissibility and immune escape from current
vaccines poses a significant threat to infection control [57].
COVID-19 control measures may need to continue to limit the
spread of SARS-CoV-2 infection due to these variants in some
countries [57]. The COVID-19 pandemic has catalyzed a new
reality of virtual care[58]. Virtual health service delivery could
improve accessibility and affordability of health care, and might
improve health inequities, especially for people who are not
proximate to care facilities, during COVID-19. However, this
requires further investigation. There are a so other relevant and
newer technol ogiesthat have not yet been studied in this context.
For example, machine learning can be used to identify
individuals who might benefit from HIV testing, PrEP, and
other risk reduction strategies [59]. Wearable devices with
biosensing capabilities could be updated to improve adherence
to daily medications; to provide location information for testing
and pharmacies services and/or facilitate contact tracing; and
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to provide notifications to maintain social distancing [60].
Further investigation is warranted to assess the feasibility,
acceptability, and effectiveness of these new technologies and
understand their role in public health and medicine.

Innovationsin virtual service provision of PrEP occurred before
COVID-19 but have new relevance in the COVID-19 pandemic.
The United Nations Program on HIV and AIDS (UNAIDS)
2020 target of 3 million on PrEP was not achieved; without
innovations and evolution of standard models of delivery,
reaching the 2025 target of 95% of those at risk using effective
combination prevention options may be similarly beyond reach.
Substantial gains in HIV care and the intended acceleration
toward global HIV epidemic control may be lost. The
innovations we describe might strengthen HIV prevention
service delivery in the long run by engaging traditionally
hard-to-reach or remote populations, reducing stigma, and by
also creating a more accessible health care platform. These are
platforms that can be leveraged both to mitigate the impacts of
the COVID-19 pandemic on HIV services, and to support
interventions for the COVID-19 response and facilitate
pandemic control directly now and in the future.

Multimedia Appendix 1
Literature review search strategy.
[DOCX File, 16 KB - publichealth v8i6e37479 appl.docx ]

Multimedia Appendix 2

Risk of bias arising from the randomization process for the randomized control trial [19] using the Risk of Bias 2 tool.
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Abstract

Background: Observational data enables large-scale vaccine safety surveillance but requires careful evaluation of the potential
sources of bias. One potential source of bias is the index date selection procedure for the unvaccinated cohort or unvaccinated
comparison time (“anchoring”).

Objective: Here, we evaluated the different index date selection procedures for 2 vaccinations: COV1D-19 and influenza.

Methods: For each vaccine, we extracted patient baseline characteristics on the index date and up to 450 days prior and then
compared them to the characteristics of the unvaccinated patients indexed on (1) an arbitrary date or (2) a date of a visit.
Additionally, we compared vaccinated patients indexed on the date of vaccination and the same patients indexed on a prior date
or visit.

Results: COVID-19 vaccination and influenzavaccination differ drastically from each other in terms of the populations vaccinated
and their status on the day of vaccination. When compared to indexing on a visit in the unvaccinated population, influenza
vaccination had markedly higher covariate proportions, and COV1D-19 vaccination had lower proportions of most covariates on
the index date. In contrast, COVID-19 vaccination had similar covariate proportions when compared to an arbitrary date. These
effects attenuated, but were still present, with alonger lookback period. The effect of day O was present even when the patients
served as their own controls.

Conclusions: Patient baseline characteristics are sensitive to the choice of the index date. In vaccine safety studies, unexposed
index event should represent vaccination settings. Study designs previously used to assessinfluenzavaccination must be reassessed
for COVID-19 to account for a potentially healthier population and lack of medical activity on the day of vaccination.

(JMIR Public Health Surveill 2022;8(6):€33099) doi:10.2196/33099

KEYWORDS

COVID-19; vaccine; anchoring; comparator selection; time-at-risk; vaccination; bias; observational; utilization; flu; influenza;
index; cohort

: that can potentially vaccinate the entire human population. This
Introduction brings new challenges in using observational data to evaluate
The world is faced with a deadly pandemic at a time of Vaccine safety, where the pressure to vaccinate quickly to
incredible technology such that new vaccines can be produced prevent more deathsand viral variants reducesthetime available

in a fraction of the previous development time and at a scale to carry out studies [1]. This time pressure affects not just the
collection of data for research but also the time it takes to
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develop and validate the evaluation methods. We therefore rely
on the methods devel oped and validated in previous pandemics
and seasona infectious diseases, with influenza being an
important example [2-4].

COVID-19 vaccination has been unlike any other in history.
The target vaccination group has shifted from older adults and
those with comorbidities in the early phases of vaccination to
everyoneincluding healthy, young people[5], with some nations
already vaccinating the majority of their populations [6].
COVID-19 vaccines are delivered in awide variety of settings,
from pop-up centers unconnected to health care delivery to
inpatient facilities for hospital discharge. Other vaccines such
asthose for influenza have a different delivery. They are often
admini stered to specific vulnerable populations, such as pregnant
women, patients at high risk of complications, or children, and
are often given during health care visits [ 7-9].

The unique properties of COVID-19 vaccination may require
adjusting study designs previously used for influenza
vaccination, specifically the selection of a comparator cohort
or an unvaccinated comparison timein cohort and self-controlled
studies. Although, for the vaccinated group, the index
date—vaccination—isclearly defined, the selection of theindex
date for the unexposed comparator group is more complex.
Ideally, theindex date in the unexposed group should be chosen
based on the vaccination settings to reliably serve as a
counterfactual . The selection procedure (which we havetermed
“anchoring”) may itself influence the results of a study and
induce bias in the analysis. For example, in studies of the
background rates of adverse events, patients indexed on an

https://publichealth.jmir.org/2022/6/€33099
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arbitrary date were shown to have lower incidence of adverse
events than the same patients indexed on avisit [10].

Here, we aimed to evaluate 2 alternative selection procedures
for theindex date in the unexposed group based on how vaccines
are administered—coupled or decoupled to another health care
encounter. We compared these approaches for 2 vaccinations,
influenza and COVID-19, and investigated how anchoring
influences the baseline patient characteristics of the unexposed

group.
Methods

Data Collection and Analysis

We studied 2 types of vaccination: (1) influenza vaccine
administered from 2017-2018 and (2) COVID-19 vaccine
administered from 2020-2021 (the list of codes is presented in
Table S1 in Multimedia Appendix 1). For each vaccine, we
mimicked 2 study designs.

The first design (Figure 1A) corresponds to a cohort method,
where the target group was vaccinated patients and the
comparator group was unvaccinated patients. The index date
for the target group was the date of vaccination; for the
comparator, it was (1) a date selected from the unvaccinated
patient’s history (not necessarily with any medical event) such
that it matched the index date of one of the target group
participants or (2) a visit matched to the index date of one of
the target group participants. Patients in each target and
comparator pair were matched on age and gender.
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Figure 1. Study design overview.
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The second design (Figure 1B) correspondsto a self-controlled
design (case-crossover design) [11], where the cases were the
vaccinated patients indexed (or “anchored”) on the day of
vaccination and the control s were the same patients indexed on
an arbitrary date or a visit within 180-450 days prior to the
vaccination date.

For each group, we extracted patient baseline characteristics
(covariates) recorded within 5 time intervals: on the index date
(day 0), on the day before the index date (day —1), from 30 to
1 days prior to the index date (short-term baseline covariates),
from 180 to 31 days prior to the index date (medium-term
baseline covariates), and from 450 to 181 days prior to the index
date (long-term baseline covariates). Baseline covariates
included all condition, procedure, measurement (Iaboratory tests
and vital signs), and drug group codes availablein the patients
structured data within a specified time interval. For each
covariate, we calculated covariate proportion, which is the
proportion of patients with a covariate recorded in their
electronic health record (EHR) within a given time interval
along with its SD for binary variables or an average number
with SD for continuous variables (such asthe number of visits).

We then compared the covariatesin each target-comparator pair
and calculated the standardized difference of means. The
covariateswere said to be balanced if the standardized difference
of meanswaslessthan 0.1[12,13]. The standardized difference
of means for each covariate was then plotted for each time
interval and target-comparator pair.

https://publichealth.jmir.org/2022/6/€33099
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We conducted the analysis on 2 EHR data sources: Columbia
University Irving Medical Center hedth record data set
(CUIMC) and Optum deidentified el ectronic health record data
set (Optum EHR). Optum EHR'’ sdata comprises medical record
datafrom 87 million patientsand includes clinical information,
inclusive of prescriptions as prescribed and administered, lab
results, vital signs, body measurements, diagnoses, and
procedures. The CUIMC EHR gathers data from the clinical
datawarehouse of the NewYork-Presbyterian Hospital/Columbia
University Irving Medical Center, New York, NY, based on its
current and previous EHR systems, with data spanning over 30
years and including over 6 million patients. The data sources
were selected based on the availability of both vaccines data
and captured inpatient and ambulatory aspects of care. Both
data sources were mapped to the Observational Medical
Outcomes Partnership Common Data Model [14]. The
Observational Medical Outcomes Partnership Common Data
Model provides ahomogeneousformat for health care dataand
standardization of the underlying clinical coding systems that
thus enables analysis code to be shared across participating data
setsin the network.

All analysis was done in R statistical software (version 4; R
Foundation for Statistical Computing). FeatureExtraction
package (version 3.1; Observational Health Data Sciences and
Informatics) was used to extract the baseline covariates.
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Ethics Approval

The protocol for this research was approved by the Columbia
University Institutional Review Board (AAAO7805).

Results

Study Populations

The initia study population included 210,263 and 57,000
patients vaccinated with any COVID-19 vaccine from
2020-2021in CUIMC and Optum EHR, respectively, and 60,142
and 4,991,051 patients vaccinated with an influenza vaccine

Ostropolets et al

from 2017-2018 in CUIMC and Optum EHR, respectively. The
proportion of female patients was 62.7% (131,922/210,263)
and 72.3% (41,204/57,000) for COVID-19 vaccinated patients
and 61.4% (36,917/60,142) and 58.2% (2,906,757/4,991,051)
for influenza vaccinated patients. The median (IQR) age was
57 (39-71) and 45 (34-56) years for COVID-19 vaccinated
patients and 35 (12-63) and 50 (22-66) years for influenza
vaccinated patients. We then matched each vaccinated
population to the unvaccinated popul ation on the date, age, and
gender so that the distribution of age and gender between each
target and comparator group was the same.

Table 1. The number of covariates with the standardized difference of means >0.1 for selected time intervals.

Target-comparator pair

Index date (day 0), n/N (%)

Long-term (from 450-181 days prior to
the index date), n/N (%)

cuImMc? Optum EHR® cuimMC Optum EHR

COVID-19-vaccinated patients compared to unvaccinated patients  25/9073 (0.3) 11/15,097 (<0.1)  131/26,859 (0.5) 56/51,075 (0.1)
indexed on a date

COVID-19-vaccinated patients compared to unvaccinated patients  411/18,741 (2.2) 110/21,739 (0.5)  34/37,073 (<0.1) 91/50,358 (0.2)
indexed on avisit

Influenza-vaccinated patients compared to unvaccinated patients  469/12,684 (3.7) 268/26,809 (1) 881/25,782 (3.4) 201/55,665 (0.4)
indexed on a date

Influenza-vaccinated patients compared to unvaccinated patients  320/22,816 (1.4) 94/32,931 (0.3) 517/34,361 (1.5) 114/56,387 (0.2)

indexed on avisit

8CUIMC: Columbia University Irving Medical Center electronic health record data set.

bOptum EHR: Optum electronic health record data set.

Comparison of Vaccinated Patientsand Unvaccinated
Patients Indexed on a Date or a Visit

I nfluenza-Vaccinated Population

On the index date (day of vaccination=day 0), the
influenza-vaccinated popul ation had markedly higher proportion
of most covariates than an arbitrary date in the comparison
group (pinning most covariates against the x-axis in Figure 2,
A and B, ydllow). Thelargest differencein covariate proportions
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between the unvaccinated and vaccinated popul ations on day 0
was observed for inpatient and outpatient measurements such
as blood count, metabolic panels, blood pressure, and basal
metabolic index, including both the presence of measurements
and proportion of patients with of abnormal results; this means
that patients were far more likely to have measurements on the
date of vaccination than on an arbitrary date. Moreover, the
influenza-vaccinated population had higher covariate proportions
even ayear prior to the vaccination.
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Figure 2. Baseline covariate proportion in vaccinated and unvaccinated populations on day 0, day —1, days—1 to —30, days—31 to —180, and days—181
to—450in CUIMC and Optum EHR. Each dot represents acovariate. Blue: covariate proportion in COV I D-19 vaccinated popul ation versus unvaccinated
population; yellow: in influenza vaccinated population versus unvaccinated population. CUIMC: Columbia University Medica Irving Center health

record data set; Optum EHR: Optum electronic health record data set.
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In contrast, comparison with the unvaccinated population
indexed on a visit (Figure 2, C and D) showed a smaller
difference between covariate proportionsin CUIMC and almost
no difference in Optum EHR, potentially indicating that a visit
isabetter counterfactua for avaccination date than an arbitrary
date.

Covariate proportions in vaccinated patients were closer to the
proportions in the unvaccinated population indexed on a visit
even with alonger lookback period (examples of covariatesare
provided in Multimedia Appendix 1).

COVID-19-Vaccinated Population

As opposed to the influenza-vaccinated population, the
difference  in  covariate  proportion  between the
COVID-19-vaccinated and unvaccinated population indexed
on an arbitrary date was moderate. We observed that COVID-19
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RenderX

vaccination was associated with avisit in 2.7% (5732/210,263)
of patients (compared to 1.2% [2591/210,263] on an arbitrary
date). In contrast, 55.8% (33,531/60,142) of the
influenza-vaccinated population had a visit on the date of
vaccination (compared to 0.6% [331/60,142] of unvaccinated
population on an arbitrary date). The vaccinated population
tended to have higher proportion of covariates prior to the index
date (looking back ayear prior).

When compared to the unvaccinated population indexed on a
visit, the COVID-19-vaccinated popul ation had markedly lower
proportion of most covariates. Those vaccinated with the
COVID-19 vaccine had much lower rates of diagnoses of both
chronic and acute diseases on the date of vaccination than a
visit in the unvaccinated population. The list of conditions
included common chronic conditions such as hypertension,
depressive disorder, asthma, and diabetes mellitus along with
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acute conditions such as dyspnea, chest pain, and fever. This
difference points out that an arbitrary date may be a better
counterfactual for avaccination date in COVD-19-vaccinated
patients.

Comparison of Vaccinated Patients | ndexed on the
Dateof Vaccination and the Same Patients|ndexed on
aPrior Dateor Visit

I nfluenza-Vaccinated Population

Here, we compared vaccinated patients indexed on the
vaccination date to the same patients indexed on a date or visit
within ayear prior, similar to the procedure in a self-controlled
study. We observed that the date of influenza vaccination tended

Ostropolets et al

to have a higher proportion of covariates than an arbitrary date
within ayear prior (Figure 3, first column) and even higher than
an arbitrary visit within a year prior. Patients indexed on the
date of vaccination were more likely to have antecedent health
care encounters, conditions, and laboratory tests within a year
prior to the vaccination date than within a year prior to their
previous visits (Figure 3, C and D). For comparison with an
arbitrary date, we observed a mixed effect: in Optum EHR,
vaccinated patients had more events preceding their vaccination,
whereasin CUIMC they had fewer events. Nevertheless, in both
data sources, the difference between covariate proportions was
larger in magnitude when compared to an arbitrary date than
when compared to an arbitrary visit.

Figure 3. Baseline covariate proportion in vaccinated population indexed on the date of vaccination compared to the same population indexed on a
prior visit or date on day O, day —1, days—1 to—30, days—31 to —180, and days—181 to—450 in CUIM C and Optum EHR. Each dot represents a covariate.
Blue: covariate proportion in COVID-19 population; yellow: in influenza vaccinated population. CUIMC: Columbia University Irving Medical Center

health record data set; Optum EHR: Optum electronic health record data set.

A. Anchoring vaccinated patients on prior date, CUIMC

1-30

Vaccinated population indexed on prior event

D. Anchoring vaccinated patients on prior visit, Optum EHR

1-30

S
/- /
rd
P x
/ -/-
/‘ ;"’
A s
o~
30-18C 180-45
rd s
yd &
/7 Y 4
. &
Ve o .
/o ¢ Vaccine Type
Xy Fa
vt " .
i W @ COVID-19
Influenza
30-180 i 180-45¢
~
/
// 4
p y
4/ rd t
A #
L A
# .
v o LA
1
>
o .
30-18( 180-45
/
y /%
/ e
y ‘/’ 4
me £
: 5
o P
4‘. ¥ .

Vaccinated population, indexed on the date of vaccination

https://publichealth.jmir.org/2022/6/€33099

RenderX

JMIR Public Health Surveill 2022 | vol. 8| iss. 6 |[€33099 | p.27
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

COVID-19-Vaccinated Population

The COVID-19-vaccinated population showed a markedly
lower proportion of covariates on the day of vaccination than
avisit or an arbitrary date within a year prior to vaccination.
The difference was attenuated with a longer lookback period;
COVID-19-vaccinated patients had fewer health care events
within a year prior to their vaccination than their previous
history. We observed mixed effect when comparing to a date
in the past; some covariates such as exposure to COVID-19,
COVID-19 |aboratory tests, vital signs, or acetaminophen were
present in ahigher proportion immediately before vaccination.
Others such as glomerular filtration rate, thyrotropin
measurement, urinalysis, or glomerulonephritis were observed
in alower proportion immediately before the vaccination.

Discussion

Principal Findings

We find that COVID-19 vaccination and influenza vaccination
differ drastically from each other, with the proportion of most
covariates much higher on the date of vaccination in the
influenza group than the COVID-19 group. The results from
looking back from 31 to 180 days and from 181 to 450 days
before the vaccination (or index date) may be related to
differences in the populations. The population vaccinated for
influenza appears to have more comorbidities and past
procedures and measurements than the average popul ation, even
after adjusting for age and gender, and the popul ation vaccinated
for COVID-19 appears to have a lower proportion of most
medical covariates than the average population after adjusting
for age and gender. This may be explained if influenza
vaccination is targeted to sicker populations on average and if
COVID-19 vaccination istargeted to the general public, which
is healthier on average than those in our EHR data[7,9].

The drastic effects on day O (ie, the day of vaccination and its
comparison) are likely related to the context in which the
vaccination is given. If the comparison is an arbitrary date in
the person’s record, then influenza vaccination has markedly
higher covariate proportions, reflecting the association of the
vaccination with ahealth care encounter. Moreover, such atrend
(not observed for the COVID-19 vaccine) was present even
when comparing the date of influenza vaccination to prior
patient visits.

The abovementioned trends for the COVID-19 vaccine were
consistently observed in both data sources, and the differences
between the data sources were mainly related to the coding
practices. For example, in the CUIMC data, COVID-19
vaccination was not associated with a visit but rather with a
patient encounter. On the contrary, COVID-19 vaccination in
the Optum EHR was associated with the providers entering
“Requires vaccination” and “Vaccine Administration” in the
system along with the codes for the vaccines. For influenza
vaccination, the observed patterns were also consistent when
comparing the vaccinated population to the unvaccinated
population. When looking at the vaccinated patientsimmediately
before the vaccination compared to an arbitrary datein the past,
the mixed effect observed can be attributabl e to the continuous
surveillance of such patients in the CUIMC, which results in
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having higher health care utilization over an extended time
period in the past.

The first implication of these results is that, when comparing
vaccinated to unvaccinated patients or time, the anchoring event
for the unvaccinated comparator must be selected carefully.
Previous research acknowledged that comparing unexposed and
exposed patients in the context of vaccine safety and
effectiveness surveillance may lead to between-person
confounding due to noncomparable groups [15]. For example,
as noted before for influenza, vaccinated and unvaccinated
patients differ in comorbidity prevalence [16]. Nevertheless,
even in the same population, the choice of the index date or
event i nfluences both baseline covariates and the incidence rates
of conditions following the index date. For COVID-19
vaccination, it appears that the comparison should not be
purposely anchored on a health care visit unlessit isarelevant
vaccination subgroup (eg, those vaccinated at hospital
discharge).

Adjusting for confounding will be extremely important, as it
appears unlikely that a comparison can be chosen perfectly,
although the compari sons between the same participantslooking
ayear prior led to the best equivalency for both influenza and
COVID-19 vaccinations. Moreover, the difference in patient
characteristics requires a robust selection of covariates for a
propensity score model or outcome model as opposed to the
current exposed versus unexposed COVID-19 vaccine cohort
studies, which only use a limited subset of covariates in their
propensity score model [17].

Alternatively, this may argue for a self-controlled study design
[18], which mitigates the difference in patient characteristics.
However, this design is also sensitive to anchoring (which is
what happens on day 0 and around it) and carries other
challenges such as accounting for differencesin COVID-19risk
over time. For example, we observed that when the time before
vaccination is compared to the time before a visit in the past,
the former time interval is characterized by higher prevalence
of COVID-19 diagnosis and laboratory tests in both data
sources, as the previous visits mainly had occurred in 2020
before the COVID-19 pandemic started.

This study has implications beyond using covariates for
confounding adjustment. The day O results have direct
implications for analyses of acute side effects such as
anaphylaxis that include day O because the side effect often
occursimmediately. Any study of such short-term effects must
directly account for anchoring to the context in which the
vaccination is given. Furthermore, studies that compare
effectiveness or safety among vaccines must account for
differencesin populations and vaccination context. For example,
single-dose vaccines may be given preferentially to sicker
patients who are unable to return for a second dose, such as
those being discharged from the hospital.

Conclusions

Patient baseline covariates in the unexposed group or time are
extremely sensitive to the choice of the index date (anchoring).
COVID-19 vaccination and influenza vaccination differ
drastically from each other in terms of the populations
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vaccinated and their status on the day of vaccination. Study healthier population and lack of medical activity on the day of
designs previously used to assess influenza vaccination must  vaccination.
be reassessed for COVID-19 to account for a potentially
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Abstract

Background: Human behavior is crucial in health outcomes. Particularly, individual behavior is a determinant of the success
of measuresto overcome critical conditions, such as apandemic. In addition to intrinsic public health challenges associated with
COVID-19, in many countries, some individuals decided not to get vaccinated, streets were crowded, parties were happening,
and businesses struggling to survive were partially open, despitelockdown or stay-at-home instructions. These behaviors contrast
with the instructions for potential benefits associated with social distancing, use of masks, and vaccination to manage collective
and individua risks.

Objective: Considering that human behavior is a result of individuals' social and economic conditions, we investigated the
social and working characteristics associated with reports of appropriate protective behavior in Brazil.

Methods: We analyzed data from alarge web survey of individuals reporting their behavior during the pandemic. We selected
3 common self-care measures: use of protective masks, distancing by at least 1 m when out of the house, and handwashing or
use of alcohol, combined with assessment of the social context of respondents. We measured the frequency of the use of these
self-protective measures. Using a frequent pattern—mining perspective, we generated association rules from a set of answersto
guestions that co-occur with at least a given frequency, identifying the pattern of characteristics of the groups divided according
to protective behavior reports.

Results: The rationale wasto identify apool of working and social characteristics that might have better adhesion to behaviors
and self-care measures, showing these are more socially determined than previously thought. We identified common patterns of
socioeconomic and working determinants of compliance with protective self-care measures. Data mining showed that social
determinants might be important to shape behavior in different stages of the pandemic.

Conclusions: ldentification of context determinants might be helpful to identify unexpected facilitators and constraints to fully
follow public palicies. The context of diseases contributesto psychological and physical health outcomes, and context understanding
might change the approach to a disease. Hidden social determinants might change protective behavior, and social determinants
of protective behavior related to COVID-19 are related to work and economic conditions.

Trial Registration: Not applicable.
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Introduction

Collectively, individual behavior isacrucial determinant of the
success of measures to overcome critical conditions, such as a
pandemic. During 2020-2021, Brazil had more than 20 million
confirmed cases of COVID-19 and about 600,000
COVID-19—elated deaths[1]. SARS-CoV-2 circulated widely,
and intensive care unit (ICU) beds available reduced quickly,
causing an imminent risk of health system collapse in many
Brazilian states. Due to high transmission rates and a sequence
of new variants, populations were caught in a conflict between
the need for social distancing and economic burden [1,2].

Social restrictions with early and mandatory quarantine were
supposed to be effective and were extensively recommended
to contain virusdissemination [3]. Despitelockdown, isolation,
and self-care campaigns, there was conflicting behavior by some
people occupying the streets due to partially open commercial
activities, protests, and leisure activities. Data from mabile
phones showed not more than 50% of isolation in any given
moment, even in critical periods of high transmission, alack of
ICU beds, and extenuated health professional teams [4].
Commonly, thereis no convergence between the severity of the
pandemic and individual behavior. It isinteresting to note that
information does not always|ead to better and rational decisions.
For example, in the face of proximity to death, individuals can
activate some psychological defenses, such as minimizing the
threat of the virus and its impact on their life [5]. In addition,
individual behavior to deal with prevention depends on many
factors, such as trust in the government and its strategies [6]
and perception of the leaders' style to solve moral dilemmas
[7]. These perceptions affected the efficacy of public policies
to prevent infection during the COV1D-19 pandemic.

In developed countries, re-emerging new waves of apparently
more transmissible variants, driven by refusal to vaccinate,
increased therisk of emergence of new resistant strains[8]. The
lack of compliance with containing measures during a pandemic
isnot new. In 1919, Major George A. Soper published a paper
in Science, entitled “Lessons of the Pandemic,” regarding the
Spanish flu pandemic [9]. He stated that 3 main factors stand
intheway of prevention: First, public indifference, when people
do not appreciate the risks they run due to a lack of
comprehension of the disease; second, it does not liein human
nature for aperson who hasonly adlight cold to shut upinrigid
isolation asameans of protecting others on the bare chance that
it may turn out to be areally dangerousinfection; and third, the
highly infectious nature of respiratory infections adds to the
difficulty of their control, and the disease may be transmissible
before the patient is aware that they are attacked. Despite all
technological progressin the past 100 years, a health crisis till
requires large-scale behavior modification, with a significant
social and psychological burden on individuals and their
families. It was estimated that up to 40% [10] of premature
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deaths were accountable to individual unheathy lifestyle
decisionsand behaviors[11]. It isparamount to align individual
human behavior with the recommendations by public health
experts.

Social, economic, psychological, and physical environments
promote different changesin population behavior across stages
of life[12,13]. Some socia determinants, such as socioeconomic
status, might delineate the distribution of mental disordersin
the population, with socialy disadvantaged individuals suffering
agreater impact [13]. For example, thereisa 2.5 times greater
risk of having depression or anxiety among youth with low
socioeconomic status than among those with a higher
socioeconomic status [12]. An economic disadvantage also
brings conditions such as compromised immune systems,
diabetes, heart disease, and chronic lung diseases, resulting in
higher morbidity in individualsinfected by SARS-CoV-2[12].
Those a an economic disadvantage are more likely to be
exposed to the virus, susceptible to its effects, and suffer
negative outcomes.

In Italy, many factors were considered as predictors of
well-being in self-reports: gender (men), age (older),
socioeconomic status, occupational status (unemployed), higher
coping efficacy and trust in ingtitutions, and positive attitudes
toward quarantine measures[14]. During the pandemic, working
conditions might have increased the risk to both COVID-19
and the related psychological burden [15,16]. There is aso
evidence that having COVID-19 increased anxiety, affecting
home relationship engagement and critical work, and resulted
in more somatic symptoms [16]. The socioeconomic burden
can affect behavior and make people less willing to adopt
recommended safety measures [17]. Incentives to healthier
attitudes might have potential benefits, minimizing the impacts
of behavior over health or shaping them according to public
policy [11]. A multilevel framework should be applied to
improve strategies and hence reduce new cases, deaths, and the
burden of the pandemic. Policy makers must understand the
dynamics of social determinants, interplaying with individual
beliefs and behaviors in order to identify putative targets and
plan effective care and interventions to mitigate the effects of
the pandemic.

The most common self-care and protection recommendations
during the COV1D-19 pandemic were the universal use of facial
masks, frequent handwashing or use of alcohol, and distancing
when staying out (at least 1 m from someone who doesn't live
with you) [18]. The cumulative protective effect might buffer
transmission rates and help to control the pandemic. Considering
that individual perception and behavior might change the
efficacy of public policies, and part of the population reported
continuing regular prepandemic life activities, 2 questionswere
formulated: (1) What are the characteristics of peopleinforming
careful/self-protective behavior? (2) What are their living
contexts? These questions aim to better understand how we can
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improve conditions and strategiestoward self-care, not only for
the current pandemic, but also to understand the gap between
presumptive information about protective measures, health
promotion campaigns, and the resulting individual and societal
behavior.

Methods

Ethical Considerations

This study was approved by the National Commission of Ethics
in Research (CONEP) on May 2, 2020 (CAAE
#30823620.6.0000.5149) and complied with the Declaration of
Helsinki (1989). All participants were informed that the survey
would take about 25 minutesto be completed. The consent form
was presented on the first page of the online form, and only
participants who consented to participation were further
enrolled.

Recruitment and Participants

Participants needed to be 20 years of age or more, know how
to read, and have access to the internet to enroll.

Two nonprobability samples from the general population were
self-selected via a survey link promoted by the Associagdo
Brasileira de Psiquiatria (ABP) targeting the whole country at
two timepoints. Participantswere also invited viaposts on social
media. Samples were compared in a repeated cross-sectional
design. The sample from timepoint 1 (T1) was collected from
May 9 to June 30, 2020. The sample from timepoint 2 (T2) was
collected from November 10, 2020, to January 31, 2021.
Overall, there were 10,162 participants. At T1, 7802 (69.9%)
individuals gave consent to the research and filled the
guestionnaire, whereas 3062 (23.2%) individuals participated
at T2. In addition, 702 (6.9%) individualsfrom both T1 and T2
identified by self-generated identification codes. Cases and
deaths due to COVID-19 mostly increased in most parts of the
country during the collection phase.

M easures

E-survey Development and Pretesting

The online survey was developed and collected through
SurveyMonkey. Researchers and other collaborators tested the
usability and technical functionality of the electronic
guestionnaire before sending it into the field. There were 61
guestions displayed on 13 pagesin afixed order. No incentives
were offered for survey participation. In this study, we used 4
variablesfrom the precautionary measures against COVID-19"
question area as consequents and 11 from “ sociodemographic
variables” and 13 from the “work situation and economic
perception” question areas as antecedents analyzed through
association rule mining.

Sociodemographic Characteristics

The online survey contained questions investigating the
participants' gender, age, education, civil/relationship status,
ethnicity, household size, residence country region, maternal
education, household monthly income, and work type/situation.
Regarding work type, we investigated the categories of
businessperson, full-time employee, liberal profession,
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public/civil service, retiree/pensioner (investigated only at T2),
self-employed, and unemployed. For economic classification,
we used the Brazilian Economic Classification Criteria (CCEB)
[19], which is a Brazilian instrument with questions about
possession of durable goodsand educational level of household
heads. A subject score on the CCEB variesfrom 0 to 46, and it
is classified in 1 of 6 classes with a distinct average monthly
income: A (BRL 25,554.33 [US $5366.41], 2.5% of Brazilian
population), B1 (BRL 11,279.14 [US $2368.62], 4.4%), B2
(BRL 5641.64 [US $1184.74], 16.5), C1 (BRL 3085.48 [US
$647.95], 21.5% of Brazilian population), C2 (BRL 1748.59
[US $367.20], 26.8%), and DE (BRL 719.80 [US $151.16],
28.3%). At the time of writing, the exchange rate was BRL
1=US $0.21. In this study, we merged classes B1 and B2 into
class B and classes C1 and C2 into class C.

Questions Related to the COVID-19 Outbreak

Sentences related to the COVID-19 outbreak were presented in
ayes/no checkbox. Participants were asked to select all options
that applied to their experience in the past 14 days. We based
most of the questionnaire on the same questions presented in
the first study on psychological impacts of the COVID-19
pandemic in China by Wang et a [12], adding questions we
found appropriate for the Brazilian context at thetime (ie, April
2020). The structured questionnaire consisted of 54 sentences
that covered several areas. Here, wefocused on questionsrelated
to precautionary measures against COVID-19, work situation,
and economic perception. The questionnaire’s sentences are
presented in Multimedia Appendix 1.

Statistical Analysis: Theory/Calculation

Sociodemographic characteristics and responses on the
COVID-19 questionnaire were described. Venn diagrams were
used to visually describe the frequency of participants adopting
at least 1 of the following preventive actions: (1) stay at least
1 m apart from people when out of the house; (2) sanitize hands
with alcohol gel (70% ethyl acohol) or wash hands for at least
20 seconds, whenever possible, when out of the house; and (3)
only leave home when extremely necessary and wearing aface
covering. We also depicted the frequency of participants who
“kept going outdoors (leaving home) for work as usual.” One
diagram was made for each timepoint investigated.

Association Rule Mining

Research questions were answered by formulating our problem
as a frequent pattern—-mining task [20]. A pattern is a set of
guestion-answer pairs, where the possible answersthat compose
the pair are specific to each question. A pattern isfrequent when
anumber of subjects present a given pattern in their responses
and the number is above a threshold. These frequent patterns
can be used to generate association rules. An association rule
follows an if-then format and is used to express how often 2 or
more answers to questions of interest are associated with each
other in the database. For example, we may find an association
rule that saysthat if a subject is of the female gender, theniitis
frequently associated with COVID-19-protective behaviors,
such as “only leaves home when extremely necessary and
wearing a face covering” and “stays at least 1 m apart from
people when out of the house.”
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In short, association rules are generated from a set of answers
to questions, aso called items, that co-occur with a given
frequency. Both the rule antecedent (the if part of the rule) and
the rule consequent (the then part of the rule) may be formed
by the answers to more than 1 question, but the set of answers
that compose the rule has to occur together with the same
frequency. The association between a set of answersto different
questions is usually measured using 3 traditional metrics of
interestingness: support, confidence, and lift.

Support shows how popular a set of question-answer pairsis,
and is measured using the proportion of subjectswho answered
according to that set. For example, if we have responses from
100 subjects in the database and 70 (70%) of them only leave
the house with a mask, the support of the answer “only leaves
home when extremely necessary and wearing a face covering”
is equal to 70/100 = 0.7. Confidence, in turn, measures how
likely it isthat a person gives aset of question-answers', given
they gave a set of question-answers X, that is, the conditional
probability of Y given X. Confidence is measured considering
the frequency (support) of X and Y appearing together over the
frequency (support) of X aone. One problem with confidence
isthat it may not capture the importance of the association, as
it just accounts for the popularity of 1 question in the
denominator.

The third popular metric, lift, solves this major drawback of
confidence by quantifying to what extent the observed joint
probability of X and Y deviates from the expected joint
probability of them; in practice, it is the ratio between these 2
joint probabilities. A lift value of 1 means no correlation exists
between X and Y, that is, the observed co-occurrence comes
from the margins. A value greater than 1 means X and Y are
positively correlated, and a value smaller than 1 means X and
Y are negatively correlated. Replacing X and Y by the answers
to questions from the pool, we were able to identify answers
associated with both sociodemographic, COVID-19—+elated
work situation, and economic perceptions, and adoption of
human protection measuresto prevent COV1D-19 contamination
and spread.

Inthisanalysis, we used the Apriori agorithm [21] to determine
the association rules. The support was a user-defined parameter.
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We used a minimum support of 5%, which establishes the
minimum frequency of any question-answer pair to be
considered relevant for the sake of an association rule, and a
minimum confidence of 68%. For more details on
frequent-pattern mining, please refer to Multimedia Appendix
1

After the rules were generated a priori, we selected those that
had in their consegquent answersto questions rel ated to measures
individually taken to suppress COVID-19 transmission and
contamination. We divided these rulesinto 2 groups: (1) those
describing people who continued with their habits and lifestyle
regardless of the pandemic and (2) those who were adopting at
least 1 of the protection recommendations. The first group
reported to continue going out normally regardless of the
pandemic (“kept moving outdoors [leaving home] for work as
usual™). The second group involved peoplewho reported to take
at least 1 of the following protective measures: (1) stay at least
1 m apart from people when out of the house; (2) sanitize hands
with alcohol gel (70% ethyl acohol) or wash hands for at least
20 seconds, whenever possible, when out of the house; or (3)
only leave home when extremely necessary and wearing aface
covering.

Results

Study Sample

The study sample was composed of individuals from the
Brazilian adult population who have access to the internet and
acomputer. It was a population with predominance of women,
Whites, married people, high education, from &l Brazilian
regions, and mostly middle class, living in a house with 3-5
people, at both timepoints. Tables 1-3 list the participants
sociodemographic characteristics, precautionary measurestaken,
and work situation and economic perceptions, respectively.

At T1, 131 (6%) individuals reported going out normally. At
T2, 6 months later, 172 (31%) individuals reported going out
normally. Despite the increase in people going out normally,
most participants reported the use of protective measures against
COVID-19.
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Table 1. Sociodemographic characteristics during the COVID-19 pandemic at 2 cross-sectional timepoints.

Charecteristics T12(May-June 2020: N=7802), n (%) T2 (November 2020-January 2021;
N=3062), n (%)
Gender
Female 5366 (68.8) 2180 (71.2)
Male 1148 (14.7) 594 (19.4)
Missing 1288 (16.5) 288 (9.4)
Age (years)
18-19 98 (1.3) 70 (2.3)
20-29 1188 (15.2) 604 (19.7)
30-39 1601 (20.5) 735 (24.0)
40-49 1464 (18.8) 579 (18.9)
50-59 1133 (14.5) 429 (14.0)
60-69 599 (7.7) 211(6.9)
70-90 118 (1.5) 41 (1.3)
Missing 1601 (20.5) 393 (12.9)
Education
No schooling 21 (0.3) 2(0.2)
Doctorate degree (PhD) 429 (5.5) 156 (5.1)
Elementary school diplomal/incomplete junior high school 232 (3.0) 78 (2.5)
Incomplete elementary school 91(1.2) 18 (0.6)
High school diploma/incomplete higher education 1871 (24.0) 783 (25.6)
Master's degree 638 (8.2) 312 (10.2)
Higher education degree 3079 (39.5) 1427 (46.6)
Missing 1441 (18.3) 286 (9.3)
Ethnicity
Asian/Oriental 108 (1.4) 37(12)
White 3128 (40.1) 1403 (45.8)
Indigenous 20(0.3) 4(0.1)
Brown 1173 (15.0) 551 (18.0)
Black 244 (3.1) 133 (4.3)
Missing 3129 (40.1) 934 (30.6)
Marital status
Married/cohabitation 3206 (41.1) 1226 (40.0)
Divorced 801 (10.3) 257 (8.4)
Single 2204 (28.2) 1237 (40.4)
Widowed 33(0.4) 46 (1.5)
Missing 1558 (20.0) 296 (9.7)
Work type
Full-time employee 1279 (16.4) 580 (19.0)
Self-employed 947 (12.1) 285 (9.3)
Unemployed 1431 (18.3) 577 (18.8)
Libera professional 735 (9.4) 326 (10.6)
Public/civil servant 1871 (24.0) 663 (21.7)
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Characteristics T13(May-June 2020; N=7802), n (%) T2"C(November 2020-January 2021;
N=3062), n (%)
Retiree/pensioner N/AY 202 (6.6)
Businessperson N/A 75(2.4)
Missing 1539 (19.8) 354 (11.6)
Economic class (BRL)
A: BRL 25,554.33 (US $5366.41)° average household income 889 (11.4) 970 (31.7)
B: BRL 11,279.14 (US $2368.62) or BRL 5641.64 (US$1184.74) 2435 (31.2) 485 (15.8)
average household income
C: BRL 3085.48 (US $647.95) or BRL 1748.59 (US $367.20) av- 1242 (15.9) 1165 (38.1)
erage household income
DE: BRL 719.80 (US $151.16) average household income 125 (1.6) 442 (14.4)
Missing 3111 (39.9) N/A
Monthly household income (BRL)
<500 (US $102.64) 105 (2.6) 11 (1.0)
501-1000 (US $102.85-$205.28) 235 (3.0) 51 (1.7)
1001-1500 (US $205.49-$307.92) 349 (4.5) 116 (3.8)
1501-2000 (US $308.12-$410.56) 368 (4.7) 117 (3.8)
2001-2500 (US $410.76-$513.20) 267 (3.4) 125 (4.1)
2501-3000 (US $513.40-$615.84) 382 (4.9) 166 (5.4)
3001-4000 (US $616.04-$821.12) 417 (5.3) 213 (7.0)
4001-5000 (US $821.32-$1026.40) 429 (5.5) 250 (8.2)
5001-10,000 (US $1026.60-$2052.80) 970 (12.4) 550 (18.0)
10,001-25,000 (US $2053.00-$5131.99) 765 (9.8) 385 (12.6)
>25,001 (US $5132.20) 269 (3.4) 105 (3.4)
Missing 3246 (40.5) 962 (31.0)
Household size
1 person 470 (6.0) 249 (8.1)
2 people 1286 (16.5) 626 (20.4)
3-5 people 2557 (32.3) 1189 (38.8)
6 people or more 172 (2.2) 62 (2.0)
Missing 3317 (42.5) 936 (30.7)
Maternal education
No schooling/incompl ete elementary school 769 (9.9) 331 (10.8)
Elementary school diplomal/incomplete junior high school 1085 (13.9) 431 (14.1)
Junior high school diploma/incomplete high school 541 (6.9) 248 (8.1)
High school diplomal/incomplete higher education 1149 (14.7) 571 (18.6)
Higher education degree 1099 (14.1) 541 (17.7)
Missing 3159 (40.5) 940 (30.7)

Brazilian geographic region

North 273(3.5) 51(1.7)

Northeast 961 (12.3) 230(7.5)

Central-west 362 (4.6) 126 (4.1)

Southeast 3624 (46.4) 2058 (67.2)
https://publichealth.jmir.org/2022/6/e34020 JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 [€34020 | p.36

(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Urbanin et al

Characteristics T13(May-June 2020; N=7802),n (%)  T2"€ (November 2020-January 2021;
N=3062), n (%)
South 1076 (13.8) 313(10.2)
Missing 1506 (19.4) 284(9.3)
8T1: timepoint 1.
bro; timepoint 2.
®T1 and T2 were 6 months apart.

dN/A: not applicable.
€An exchange rate of BRL 1=US $0.21 was applied.

Table 2. Precautionary measures against COVID-19 in the past 14 days at 2 cross-sectional timepoints.

Charecteristics T12 (May-June 2020; N=7802), n (%) T2P€ (November 2020-January 2021; N=3062), n (%)

Staysat least 1 m apart from people when out of the house
No 3277 (42) 1134 (37)
Yes 4525 (58) 1928 (63)
Sanitizes hands with alcohol gel (70% ethyl alcohol) or washes handsfor at least 20 seconds, whenever possible, when out of the house

No 2939 (38) 842 (27)

Yes 4863 (62) 2220 (73)
Only leaves home when extremely necessary and wearing a face covering

No 2818 (36) 1279 (42)

Yes 4984 (64) 1783 (58)

Keeps moving outdoor s (leaving home) for work as usual
No 7679 (98) 2900 (95)
Yes 123(1.6) 162 (5.3)

8T1: timepoint 1.
bro: timepoint 2.
®T1 and T2 were 6 months apart.
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Table 3. COVID-19 pandemic work situation and economic perceptions at 2 cross-sectional timepoints.

Charecteristics T12 (May-June 2020; N=7802) T25€ (November 2020-January 2021; N=3062)

Feels more productive at work, n (%)
No 7126 (91.3) 2709 (88.5)
Yes 676 (8.7) 353 (11.5)
Feelsless productive at work, n (%)

No 5616 (72.0) 1980 (64.7)

Yes 2186 (28.0) 1082 (35.3)
Already worked from home before COVID-19, n (%)

No 7423 (95.1) 2871 (93.8)

Yes 379 (4.9) 191 (6.2)

Working or studying from home (home-office), n (%)

No 5110 (65.9) 1781 (58.2)

Yes 2602 (34.5) 1281 (41.8)
Started using video calling apps/software often, n (%)

No 5144 (65.9) 1606 (52.4)

Yes 2658 (34.1) 1456 (47.6)

Working under reduced hoursor taking turnswith coworkers, n (%)

No 6999 (89.7) 2819 (92.1)

Yes 803 (10.3) 243 (7.9)
Waiting social distancing rules suspension to go back to working or studying, n (%)

No 7213 (92.5) 2963 (96.8)

Yes 589 (7.5) 99 (3.2)
Need to leave home for work but isafraid of COVID-19, n (%)

No 6,981 (89) 2,499 (82)

Yes 821 (11) 563 (18)
Afraid of not being ableto deal with present or yet-to-come financial difficulties, n (%)

No 5,663 (73) 2,216 (72)

Yes 2,139 (27) 846 (28)

Believesthat economic strugglesrelated to social distancing measureswill be over come soon (recovering will take 1 or 2 yearsafter economic
activity reopening/normalization), n (%)

No 5791 (74.2) 2316 (75.6)
Yes 2011 (25.8) 746 (24.4)

Believes that economic strugglesrelated to social distancing measureswill last longer (recovering will take at least 2 yearsor more after
economic activity reopening/normalization), n (%)

No 4347 (55.7) 1412 (46.1)
Yes 3455 (44.3) 1650 (53.9)
Average hours worked per day, mean (SD) 6.63 (3.75) 7.08 (3.65)
8T1: timepoint 1.
bro: timepoint 2.
®T1 and T2 were 6 months apart.

A iation Rule Minin at T1 and 2490 rules for data collected at T2. Figure 1 shows
Ssoc"a '9 uie M " g _ Venn diagrams of the distribution of rule consequences and the
After filtering the association rules by their consequents to  number of people who were covered by the rules, considering

obtain people who reported following at least 1 of 4 selected  different protective behaviors followed during the pandemic:
behaviors, we obtained aset of 1694 rulesfor the data collected
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going out normally, frequent handwashing and use of alcohol,
keeping distance when out of the house, and use of facial masks.
The number of people who reported to continue going out
normally represents less than 5% of the population, and hence,
they did not appear in any rules, as the minimum support was
set to 5%. However, we added this behavior to the diagram for
completeness. Circlesin aVenn diagram can overlap partially,
overlap completely, or even be separate, letting one easily see
the relationship between different groups of people with
different sets of protective measures. From the diagram, only
45 (0.6%) and 56 (1.8%) individualsat T1 and T2, respectively,
reported going out normally without taking any protective
measures (frequent handwashing and use of acohol, keeping
distance when out of the house, and use of facia masks).
Moreover, 9 (0.1%) and 4 (0.1%) individuals at T1 and T2,
respectively, reported going out normally but taking all
protective measures. Most individuals, 3711 (47.6%) at T1 and
1401 (45.8%) at T2, reported adopting all protective measures.

Figures 2 and 3 show the set of association rules generated from
the data gathered in the first and second round of surveys,
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respectively, when considering peoplethat took the 3 protective
measures all together. The closed circle at the end of asequence
of answers indicates the end of a rule. From atotal of 32,877
rules generated, considering all possible consequents, 11
(0.03%) included all the protective measures according to
participants’ answers in the first questionnaire (ie, the 3711,
47.6%, individuals in the intersection of the Venn diagram on
the left in Figure 1) and 17 (0.03%) rules showed the same
information for the 1401 (45.8%) participants of the second
round in the shaded area representing al protective behaviors
in the Venn diagram on the right in Figure 1. All rulesin both
figures had their confidence ranging from 0.681 to 0.736 and
their lift in the (1.595,1.637) interval. These valuesindicated a
high chance of 1 of the answers being associated with the next.
Note that there were no patterns regarding the few people who
were going out normally.

Reported fears included the economic struggle, fear of the
disease, and fear of the potential to transmit it to their families.

Figure 1. A Brazilian profile (Venn diagrams) of adoption of human protection measures to prevent COVID-19 contamination and spread: frequency
of peoplewho (1) stay at least 1 m apart from people when out of the house; (2) sanitize hands with alcohol gel (70% ethyl alcohol) or wash hands for
at least 20 seconds, whenever possible, when out of the house; (3) only leave home when extremely necessary and wearing aface covering; or (4) keep
moving outdoors (leaving home) for work as usual. (A) COVID-19-preventive measures profile at T1 (May-June 2020) (N=7802). (B)
COVID-19-preventive profile at T2 (November 2020-January 2021) (N=3062). T1: timepoint 1; T2: timepoint 2.

(A)

376

3586 23

10 566

Out normally

Frequent handwashing/use of alcohol

https://publichealth.jmir.org/2022/6/€34020

Distancing when out

(B)

Al a7

a3

56 1

49 0

Use of facial masks

JMIR Public Health Surveill 2022 | vol. 8| iss. 6 [€34020 | p.39
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Urbanin et al

Figure 2. Rulesgenerated considering the answers of people who took care of themselves in the first round of questionnaires.
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Figure 3. Rules generated considering the answers of people who took care of themselves in the second round of questionnaires.
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Discussion

Principal Findings

To achieve the desired behavior for infection control (ie,
extensive use of self-protective measures), increased use of
videoconferencing and the possibility to work from home were
present in all rulesthat explained better self-care behavior. The
ability to change working conditions was combined with
self-reports of being White, with ahigh educational profile and
age around forties. A fear of economic struggle, in the short or
the long term, composed many rules of preventive behavior.
These findings might clarify hidden socioeconomic features
associated with self-care measures. After 6 months, the rules
were similar, and a feature related to work stability was
evidenced: “being a public servant.” Public servants in Brazil
have tenure, and in many positions, they are allowed to perform
their activities from home. These findings suggest that social
distancing and self-care protection were implemented by those
who were able to follow the stay-at-home policy, unveiling
potential social disparitiesin health care.

The COVID-19 pandemic presented some particul arities useful
to help understanding the dissociation between the information
given and the consegquences of behavior. In Brazil, we observed
a dissociation between the information given by health
authorities and peoplé€'s reactions in terms of individual and
collective care [2]. It was not only a public health problem but
also, on alarge scale, aninformation crisis. In China, datafrom
a 3-phase survey, collected during the first wave of COVID-19,
showed low cooperation with prevention and control measures
in the early stages, followed by a gradual increase as the
pandemic progressed [22]. We amed to understand the
population's perception of the need for self-care and social
distancing, considering the observed individual behavior and
its consequences. We observed, in alarge mental health online
data set collected from May to June 2020, that a major part
(75%) of the population reported being at home, believing in
the potential severity of COVID-19, and trying to keep social
distancing practices. Datawas collected at 2 timepoints. In both,
most of the assessed population did report using at least 2
self-care measures. Interestingly, the percentage of participants
who followed the protective measures was almost the same in
both periods, even with the significant increase in COVID-19
cases and deaths in Brazil. Most enrolled individual s reported
not believing in information provided via the internet and
conventional media (television and radio). However, they
reported knowing how to protect themselves against COVID-19
and adopted self-care measures, showing that the information
was reaching the target.

We did not focus only on short-term thinking about the current
pandemic but also focused on socia determinants of self-care
behavior. Individuals with unfavorable economic, social, and
environmental conditions have fewer buffers and suffer stronger
consequences of cumulative stress [12]. In extreme situations,
such as the pandemic, the presence of a social buffer can
facilitate control and determine the individual risk for
developing long-term mental health disorders. In a 2-month
follow up of a Mexican population, financial and security
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situations did not change but increased therisk for distress[23].
So, social determinants might not only be important for
compliance with preventive measures and minimize new cases
but also be important to avoid long-term conseguences of the
pandemic. Behavioral changes can beinfluenced, for example,
by economic rewards, boosting cooperation among people, and
should be considered in designing more efficient public health
policies.

Financial incentives to modify behavior are cost-effective and
might induce quick responses [24]. Thus, using financial
incentives or other extrinsic motivations might be a strategy for
governments and private organizations to improve compliance
with health measures in similar conditions [25]. Infrequent
behaviors, such asthose required in a pandemic or in adisaster,
are good targetsfor financial incentives, but the use of extrinsic
reward is also associated with lower self-motivation, and
sustained behavior seems less impacted by the incentive [11].
It might be a cost-effective strategy, especially in middle- and
low-income countries, where the response depends on what
people have, rather than what they can have [11]. Although
extrinsic motivators might be a game changer, there is a need
to better understand the strategies to sustain wished behaviors.
The Brazilian government initiated many strategies during the
pandemic to minimize economic burden on small and midsize
businesses and vulnerable individuals [2]. The impact of these
aids needs to be better known to understand the impact of
financial incentives on changing behavior; however, it has been
a difficult population to reach using online strategies. For a
while, with this data, we only observed theimportance of work's
stability and related features to follow self-protective care.
Further studies on evaluation of interventions with extrinsic
motivators are still necessary.

Information, misinformation, fake news, and disinformation
coexist in social media[26], which generates confusion, making
it harder to attribute credibility to information and to educate
the population on necessary health policies. In thisregard, one
should consider Brazil's inequality [27]. With a Gini Index of
0.849, Brazil is the fifth country in the inequality rank.
Wilkinson and Pickett [28] showed that trust levels are lower
in countries and states where income differences are greater.
Likewise, Frank [29] gathered datafrom the International Social
Survey Program (1SSP), with 48,651 subjectsfrom 33 countries,
and participants indicated their level of agreement with the
statement “ There are only afew peoplel can completely trust.”
It was found that income inequality is correlated with country
differencesin trust (r=—0.51). Societies with low levels of trust
may lack the ability to create the kind of social support and
connections that promote health and successful aging [29].
Brazil specifically has remarkably low levels of socia and
interpersonal trust (5%)—in fact, 1 of the lowest in the world
[30Q]. Since trust plays a key role in the creation of knowledge
[31] and sustaining well-being outcomes, it is questionable
whether the potential lack of trust among Brazilians also
influences their trust in information disseminated by health
organizations and had a significant impact on the spread of
COVID-19 in the country.

Despite miscommunication and a lack of interpersonal trust,
people reported awareness of self-protective measures [31].
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Formal education affects a range of outcomes across life, such
as adaptability to different standards, including switching to
working from home, which was acommon finding among those
complying with protective measurements. It was a samplewith
ahigh educational profile, which certainly biased the responses
and had an impact on the high adherence to self-care protection.
In fact, people considered self-protected were those working
from home and fearing the prospect of long-term impact and
economic struggle.

In an unequal country, governmental financial aid to low-income
families was essential to allow staying at home during the
pandemic, as an act of solidarity emphasized by public health
services as crucia for fighting COVID-19. Having people
constantly present at work might potentially compromise
contamination control. Thus, working from home seemsto help
mitigate the pandemic's impacts. Based on our data,
governments should consider early and enough financial aid to
promote adherence to health protective measures. In contrast,
long and intermittent stay-at-home measures and a lack of
mental health buffers might impair the well-being and health
of children, adolescents, and adults. Working from home also
had an impact on both mental and physical health [32]. Factors
such as lack of communication with coworkers, distractions,
children at home, and adjustment of working hours are factors
that influence well-being related to home-office [32].

Acknowledgments

Urbanin et al

Considering the effect of working from home on mental health,
it is possible that people decided to gradually return to the
workplace regardless of known risks. Incentives to work from
home must be coupled with the development of strategies to
improve the well-being of those at home-office and their
families. A long-term and multifactorial vision of the COVID-19
pandemic will be fundamental to evaluate and understand the
ramifications of the socia distancing strategies adopted
worldwide.

Limitations

Some constraints must be addressed. Besides having a
representative sampling of the Brazilian population, we had
underrepresentation in the lowest economic classes, which was
particular for the data collection strategy based on online access.
In our sampling, there was a clear bias of accessto the internet
and to the online survey. However, as the economic and social
features prevail, it is reasonable to infer that the effects might
be stronger in more vulnerable populations.

Conclusion

Stable economic conditions and the possibility of working from
home sound as an organizing social strategy to promote the use
of self-care measures in a pandemic. The use of self-care
protective measures is determined by social determinants that
should be considered by policy makers.
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Abstract

Background: The alcohol-attributable burden of diseaseishigh among socially disadvantaged individuals. Interventional efforts
intending to have a public health impact should a so address the reduction of social inequalities due to alcohol.

Objective: The aim was to test the moderating role of educational background on the efficacy of a computer-based brief
intervention addressing the full spectrum of alcohol use.

Methods: We recruited 1646 adults from the general population aged 18 to 64 years (920 women, 55.9%; mean age 31 years,
574 withlessthan 12 years of school education, 34.9%) who reported alcohol usein the past year. The participants were randomly
assigned a brief alcohol intervention or to assessment only (participation rate, 66.9%, 1646/2463 eligible persons). Recruitment
took place in amunicipal registry office in one German city. All participants filled out a self-administered, tablet-based survey
during the recruitment process and were assessed 3, 6, and 12 months later by study assistants via computer-assisted telephone
interviews. The intervention consisted of 3 computer-generated and individualized feedback letters that were sent via mail at
baseline, month 3, and month 6. The intervention was based on the transtheoretical model of behavior change and expert system
software that generated the feedback letters automatically according to previously defined decision rules. The outcome was
self-reported change in number of acoholic drinks per week over 12 months. The moderator was school education according to
highest general educational degree (lessthan 12 years of education vs 12 years or more). Covariates were sex, age, employment,
smoking, and alcohol-related risk level.

Results: Latent growth modeling reveal ed that the intervention effect after 12 months was moderated by educational background
(incidence rate ratio 1.38, 95% CI 1.08-1.76). Individuals with less than 12 years of school education increased their weekly
alcohol use to alesser extent when they received the intervention compared to assessment only (incidence rate ratio 1.30, 95%
Cl 1.05-1.62; Bayes factor 3.82). No difference was found between groups (incidence rate ratio 0.95, 95% Cl 0.84-1.07; Bayes
factor 0.30) among those with 12 or more years of school education.

Conclusions: The efficacy of an individualized brief acohol intervention was moderated by the participants’ educational
background. Alcohol users with less than 12 years of school education benefited, whereas those with 12 or more years did not.
People with lower levels of education might be more receptive to the behavior change mechanisms used by brief alcohol
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interventions. The intervention approach may support the reduction of health inequalitiesin the population at large if individuals

with low or medium education can be reached.
Trial Registration:

German Clinical Trials Register DRK S00014274; https.//www.drks.de/DRK S00014274

(JMIR Public Health Surveill 2022;8(6):€33345) doi:10.2196/33345
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Introduction

Globally, acohol useis one of the most important risk factors
for impaired health [1]. The acohol-attributable burden of
disease has been found to be higher among those with low
school education [2,3] or low socioeconomic status [4,5].
Furthermore, for a given amount of acohol consumed,
lower-educated groups have been found to experience
disproportionately higher levels of alcohol-related harm,
including acohol-attributable mortality [6,7]. Although the
underlying mechanisms of thisrelationship, commonly referred
to asthe alcohol harm paradox [8], are not yet fully understood
[7,9], reducing socia inequalities in alcohol-related harm can
be regarded as a major public health concern [10].

Any interventional effort that intends to have a public health
impact should address the reduction of social inequalities due
to acohol [11]. Inthe public health literature, the equity impact
has proven to be a useful tool for operationalizing social
gradients in intervention effects [12]. The equity impact of
interventions can be positive if lower-educated groups are
relatively more responsive to the intervention, neutral if the
impact is the same for higher- and lower-educated groups, or
negative if higher-educated groups are relatively more
responsive to the intervention [12]. There is currently no
corvincing evidence on which types of popul ation-based alcohol
interventions, other than tax and price increases or availability
restrictions, can reduce inequalities by educational background
[13].

Brief alcohol interventions (BAls) may be a tool to reduce
alcohol consumption in populationswith low levels of education.
The umbrella term “BAI” includes interventions that aim at
reducing a cohol-related harm by targeting people’s motivation
to change their alcohol use [14]. BAIls have been proven
efficaciousin reducing a cohol usein primary care populations
[15] and have the potential to produce effectsin the population
at large when disseminated as part of systematic screening
[16,17]. Moreover, modern technologies enable the provision
of computer-based BAIs to large numbers of recipients at low
cost [18]. Although it is known that people with low education
arelesslikely to take up an offered health behavior intervention
[19,20], research on the moderating role of education in behavior
change intervention effects is scarce [21]. Thus, the equity
impact of BAls warrants further study.

Promising but model-dependent findings from an individual
patient data meta-analysis revealed that heavy drinkers with
low education who received internet-based interventions had
stronger reductions in alcohol consumption compared to more
highly educated heavy drinkers [22]. Educationa attainment

https://publichealth.jmir.org/2022/6/e€33345

has been found to moderate the strength of the relationship
between health cognitions and health behavior [23]. Since hedth
cognitionsareacentral target of the behavior change techniques
in BAls[24], the way people respond to BAls might depend on
their educational background.

Therefore, the aim of the present study was to shed light on the
moderating role of educational background on the efficacy of
acomputer-based brief intervention addressing the full spectrum
of alcohol use. The target group included all alcohol users,
irrespective of their alcohol use severity. The rationale of the
intervention was based on findings that alcohol consumption
has linear dose-response relationships with cancer [25,26] and
cardiovascular disease [27]. Thus, motivating a large group of
peopleto maintain or reducetheir alcohol use at low levels may
produce beneficia public health effects. The intervention was
evaluated in a randomized controlled trial using a general
population sample [28]. An assessment-only control group was
chosen as comparator because repeated assessments, which
were necessary for theintervention, may aready reduce alcohol
consumption [29,30]. To be able to attribute potential effects
to theintervention itself, research participation effects[31] had
to be controlled for. Although there was no clear evidence for
12-month efficacy [32], intervention effects may vary by
educational background.

Methods

Ethics Approval

The study was approved by the ethics committee of the
University Medicine Greifswald, Germany (protocol number
BB 147/15).

Trial Description

This paper reports outcome data from the 2-armed,
parallel-group randomized controlled trial “testing a proactive
expert system intervention to prevent and to quit at-risk alcohol
use” (PRINT). The study was prospectively registered at the
German Clinical Trials Register (DRKS00014274; date of
registration March 12, 2018). The corresponding study protocol
[28], data on reach and retention [33], and primary outcome
analyses [32] can be found elsewhere.

Participants and Procedure

Between April and June 2018, trial participantswere proactively
recruited in the waiting area of the municipal registry officein
Greifswald, Mecklenburg-West Pomerania, Germany. The
registry office is the public authority in charge of registration,
passports, and vehicle administration issues. During opening
hours, study assistants approached all persons appearing in the
waiting area. Those between the ages of 18 and 64 wereinvited
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to take part in atablet-based, self-administered survey on health
behaviors. Persons who were already approached during an
earlier visit, were cognitively or physically incapable, had
insufficient language or reading skills, or were employed at the
conducting research institute were excluded.

The survey served as eligibility screening. Individuals who
reported alcohol use in the past 12 months were invited to
participate in the PRINT trial. Persons without a permanent
address or tel ephone number were excluded. The study assistants
informed the eligible individual s about the purpose, procedure,
and data handling of the PRINT trial. All participantswho gave
their written informed consent were randomized to the
intervention or assessment-only groups by thetablet computers,
using simple randomization (with a 1:1 group allocation ratio)
based on a random-number table and the individuals as units
of randomization. The allocation sequence was concealed to
the study assistants who carried out the recruitment.

The study assistants conducted computer-assisted telephone
interviews after 3, 6, and 12 months. After 10 unsuccessful
contact attempts, the participants received a questionnaire by
email or postal mail, followed by up to 2 written reminders.
Participants randomly assigned to the intervention group
received computer-generated, individualized feedback letters
by postal mail at baseline, month 3, and month 6. All
participants received 2 vouchers worth €5 (US $5.34) each as
compensation for their participation. One voucher was given
out immediately after recruitment in the registry office and the
other was sent via postal mail prior to the 12-month follow-up
assessment. Participants remained blinded to their individual
group assignment until they received the BAI or did not. The
study assistants responsible for recruitment, telephone
interviews, and management of participant data were blinded
to the participants’ group allocation.

Intervention and Control Groups

The intervention consisted of up to 3 individualized feedback
letters (at baseling, month 3, and month 6) based on the
transtheoretical model of behavior change[34]. Theintervention
is described in more detail elsewhere [32]. The letters were
generated automatically by expert system software[35], printed,
and sent via postal mail. Feedback elements were chosen
according to previously defined decision rules based on a
participant’s demographic and alcohol-related characteristics.
The intervention was designed to address the full spectrum of
alcohol use, fromlow-risk drinkersto participants with probable
alcohol use disorder (AUD).

The feedback letters were tailored to the participants' current
alcohol use risk level according to their scores on the Alcohol
Use Disorders ldentification Test (AUDIT) [36] and its
consumption questions, AUDIT-Consumption (AUDIT-C) [37].
All feedback lettersincluded information on recommendations
for low-risk acohol use, with the addendum that “low risk”
does not equal “no risk,” as well as written and graphical
feedback on the amount of alcohol consumed in comparison to
theindividual norm group (ie, personalized normative feedback).
Participants classified as at-risk drinkers received normative
feedback on their motivationa stage of change
(precontemplation, contemplation, preparation, or action),
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decisional balance (perceived advantages and disadvantages of
reducing alcohol use), self-efficacy, and processes of change
[34]. Participants with AUD according to screening (AUDIT
score =>20) received slightly modified feedback that focused on
the motivation to utilize professional treatment. Information on
local alcohol treatment services was provided. Instead of the
feedback given to the at-risk drinkers on the potential risk
associated with their individual level of drinking, participants
with probable AUD received feedback on symptoms they had
already experienced according to the AUDIT. Feedback letters
at months 3 and 6 included ipsative feedback delineating the
individual devel opment since baseline regarding actual behavior
change and changesin motivational measures. The expert system
used data gathered in the assessments to generate the feedback
letters. Therefore, participating in the respective assessment
was required to receive the intervention at that point in time.

The control group received assessment only; in other words,
they answered the same tabl et-based, self-administered baseline
survey (Multimedia Appendix 1 and Multimedia Appendix 2)
and computer-assisted telephone interviews at months 3, 6, and
12 asthe intervention group.

M easures

Outcome

Changeinthe number of drinks per week from baselineto month
12 was the primary outcome. This measure was based on
self-reported frequency (answering the question “How often
did you have adrink containing a cohol in the past 30 days?’)
and quantity of alcohol use (answering the question “How many
drinksdid you have on atypica day whenyouweredrinking?').
The definition of a standard acoholic drink (0.25 L to 0.3 L
beer, 0.1 L to 0.15 L wine or sparkling wine, or 4 cL spirits)
was displayed on the tablet screen or read aloud by a study
assistant during the interviews. To estimate the average number
of drinks per week, frequency was multiplied by typical quantity,
divided by 4.25 (ie, the average number of weeks in a month)
and rounded down to the nearest integer.

M oder ator

Participants were asked to indicate their highest genera
educational degree at baseline. The response options were
presented as an exhaustive list of possible school-leaving
qualifications in Germany and equivalent foreign degrees, if
applicable. The information provided was condensed into a
categorical measure of educational background (low: 9 or less
years of school education, medium: 10 to 11 years of school
education, high: 12 or more years of school education). Dueto
the unequal distribution of educational background within the
sample, the 2 former groups were combined to conduct the
moderation analysis with sufficient statistical power. Thus, a
binary indicator of educational background (less than 12 years
vs 12 or more years of school education) was used. An
additional moderation analysiswith the 3-category indicator of
educational background is reported as a sensitivity analysisin
Multimedia Appendix 3.
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Covariates

Covariates were sex, age, employment status, smoking, and
alcohol-related risk level. Participants were asked if they were
female or male. Employment status encompassed full-time
employment, part-time employment, being a student,
unemployment, and other (being retired, a homemaker, or
similar). Participants were asked to characterize their own
smoking behavior (never, former, occasional, or daily smoking)
and occasional and daily smokers were followed up with
guestions about typical frequency (“How many days per month
do you smoke?’) and quantity (“How many cigarettes or
comparable tobacco products do you currently smoke on aday
when you smoke?’) of smoking. The average number of
cigarettes consumed per day was derived as an indicator of
smoking. Nonsmokersreceived aval ue of zero on that measure.
Alcohol-related risk level (low-risk and at-risk) was measured
via the AUDIT-C sum score, with sex-specific cut-off values
(=4 for women and =5 for men) indicating at-risk alcohol use
[38].

Sample Size Calculation

We hypothesized that there would be a 15% difference between
the intervention group (8.5 drinks per week) and control group
(10 drinks per week) at the 12-month follow-up. Calculations
revedled that if the primary outcome followed a negative
binomial distribution with a dispersion parameter of 1.0, 80%
power, and 5% significance level, 659 participants per group
would be required. With an expected dropout rate of 20%, a
total sample size of N=1648 was planned.

Statistical Analysis

Datawere analyzed using latent growth curve modeling (LGM)
inMplusversion 7. LGM isdesigned to analyzeinterindividual
differencesinintraindividual change over time. LGM isflexible
in handling missing and nonnormally distributed data, as well
as complex nonlinear growth trajectories [39]. Growth models
were calculated with a full-information maximum likelihood
estimator with robust standard errors using all available data
(ie, including al baseline participants) assuming that datawere
missing a random. Thus, al analyses followed an
intention-to-treat principle. Due to the positive skewness of the
outcome, negative binomial models were calculated. Latent
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growth factors represented the change in number of alcoholic
drinks per week. Rescaled likelihood ratio tests indicated that
the model benefited from including higher-order functions
(quadratic and cubic), allowing for nonlinear growth over time.
Growth factor variances were estimated freely (except for the
cubic growth factor). All model swere adjusted by time-invariant
covariates (sex, age, employment status, and smoking at
baseline) and time-variant covariates (alcohol-related risk level
at baseline and months 3, 6, and 12).

Study group, educational background, and their interaction were
regressed on the growth factors to test if participants with less
than 12 years versus 12 or more years of school education
showed differential intervention effects. Differences between
the intervention and control groups, as well as the interaction
effect with educational background, were given as incidence
rate ratios (IRRs) with the 95% CI. Additionaly, the Bayes
factor (BF) was calculated to estimate the sensitivity of the
evidence for intervention effects after 12 months among the 2
subgroups [40]. Using the online Dienes calculator [41], the
population value was assumed to follow a half-normal
distribution for an expected intervention effect of 15%. BF
values lower than 0.33 indicated evidence for lack of an effect,
values above 3 evidence for the presence of an effect, and values
in between indicated data insensitivity [42].

Results

Sample Characteristics

Intotal, 6645 registry office clients appeared in thewaiting area
during our recruitment period (Figure 1). Of 3969 clients
meeting the inclusion criteria, 2947 (74.3%) completed the
PRINT eligibility screening for alcohol use in the previous 12
months. Of 2462 eligible clients, 1646 (66.9%) consented to
participateinthetrial. Of those 1646 participants, 1406 (85.4%)
and 1335 (81.1%) participated in the assessments after 3 and 6
months, respectively. For the 12-month follow-up assessment,
1314 of 1646 (79.8%) participants were reached. The sample
(920 women of 1646 participants, 55.9%) had a mean age of
31.0 (SD 10.8) years. Regarding educational background, 574
of 1646 participants (34.9%) had less than 12 years of school
education (Table 1).
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Figure 1. Flow of participants through the trial.
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Table 1. Baseline study sample characteristics.

Staudt et al

Characteristics

Total sample, N=1646 Lessthan 12 yearsof school

Twelve or moreyearsof school

education, n=574 education, n=1072

Women, n (%) 920 (55.9) 300 (52.3) 620 (57.8)
Age, mean (SD) years 31.0(10.8) 35.0 (12) 28.9 (9.5)
School education, n (%)

<9 years 101 (6.1) 101 (17.6) N/A2

10to 11 years 473 (28.7) 473 (82.4) N/A

>12 years 1072 (65.1) N/A 1072 (100)
Employment status, n (%)

Employed full-time 689 (41.9) 333(58) 356 (33.2)

Employed part-time 358 (21.7) 97 (16.9) 261 (24.4)

Student 444 (27) 34(5.9) 410 (38.2)

Unemployed 53(3.2) 41(7.2) 12 (1.1)

Other 102 (6.2) 69 (12) 33(3.)
Cigarettes per day, mean (SD) 3.0(6.2) 6.0(8.2) 1.4(4)
Alcohol risk level, n (%)

Low-risk alcohol use 1085 (65.9) 423 (73.7) 662 (61.8)

At-risk alcohol use 561 (34.1) 151 (26.3) 410 (38.2)
Drinks per week, mean (SD) 2.2(3.9) 1.8(4.1) 2.4(3.9)
Study group, n (%)

I ntervention group 815 (49.5) 300 (52.3) 515 (48)

Control group 831 (50.5) 274 (41.7) 557 (52)

8N/A: not applicable.

Moderation Analysis

Participants with 12 or more years of school education who
received the BAI increased their weekly alcohol use from 2.3
(SD 3.6) acoholic standard drinks at baseline to 2.7 (SD 4.5)
drinks at month 12 (Figure 2). BAI group participants with less
than 12 years of school education reported 1.8 (SD 3.7) drinks
at baseline and 1.9 (SD 3.6) drinks at month 12. Control group
participantswith 12 or more years of school education increased
their weekly alcohol use from 2.4 (SD 4.1) drinks at baseline
to 2.8 (SD 5.6) drinks at month 12. An increase was also
observed in control group participants with less than 12 years
of school education, who reported an average of 1.8 (SD 4.5)
drinks at baseline and 2.3 (SD 4.1) drinks at month 12.

Therewasan intervention effect after 12 monthsin participants
with less than 12 years of school education (IRR 1.30, 95% Cl
1.05-1.62; BF [0, 0.14] 3.82), but not among participants with

https://publichealth.jmir.org/2022/6/e€33345

12 or more years of school education (IRR 0.95, 95% ClI
0.84-1.07; BF[0, 0.14] 0.30). Figure 3illustratesthe intervention
effectsas|RRs over time, with the shaded areasindicating 95%
Cl. Participantswith lessthan 12 years of school education were
significantly more likely to benefit from the intervention after
12 months compared to participants with 12 or more years of
school education (IRR 1.38, 95% CI 1.08-1.76; P=.03) (Table
2). There was no significant interaction effect during the active
intervention phase, either at month 3 (IRR 1.24, 95% ClI
0.96-1.61; P=.44) or at month 6 (IRR 1.11, 95% CI 0.88-1.40;
P=.17).

The results of an additional moderation analysis with a
3-category indicator of educational background (low: 9 or less
years of school education, medium: 10 to 11 years of school
education, high: 12 or more years of school education) can be
found in Multimedia Appendix 3.
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Figure 2. Observed change in number of drinks per week from baseline to month 12 in participants with less than 12 years and 12 or more years of
school education. A: lessthan 12 years of school education; B: 12 or more years of school education; M: mean; BAI: brief acohol intervention.
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Figure 3. Intervention effect (compared to assessment only) for participants with less than 12 years and 12 or more years of school education. BAI:
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Table 2. Intervention effects over 12 months were moderated by educational background?.
Time points Difference between intervention and control group, incidence rate ratio (95% Cl)
Less than 12 years of school education  Twelve or more years of school education  Interaction effect

Activeintervention phase
Month 3 1.08 (0.88-1.32)
1.34(1.07-1.68)

1.30 (1.05-1.62)

Month 6
Follow-up (month 12)

0.97 (0.86-1.09)
1.08 (0.95-1.22)
0.95 (0.84-1.07)

1.11 (0.88-1.40)
1.24 (0.96-1.61)
1.38 (1.08-1.76)

8 _atent growth model (N=1646) with higher-order growth factors for negative binomial distributed outcome data. The outcome was net change in
number of acoholic drinks per week. The model was adjusted for sex, age, employment status, smoking, and alcohol-related risk level. Incidence rate

ratios with 95% CI are displayed.

Discussion

Principal Findings

The efficacy of a computer-based BAI addressing the full
spectrum of acohol use was moderated by educationa
background. After 12 months, alcohol users from the general
population with lower school education benefited from the
intervention, whereas those with higher school education did
not. These findings allow the presumption that BAls might be
ableto support the reduction of socia inequalitiesdueto acohol.
The present study showed that an individualized BAI based on
expert system software was effective among study participants
with lower school education.

Comparison With Prior Work

To our knowledge, this is the first study to investigate the
efficacy of aBAI ingeneral population subgroupswith different
educational backgrounds. Previous studies focused mainly on
other treatment moderators, such as sex, age, and
consumption-related variables [43-46], but neglected school
education asapotential moderator. Comparable evidence comes
from arecent meta-analysis whose findings supported the notion
that internet-based interventions may be particularly beneficial
for heavy drinkers with alow educational background [22]. In
contrast, a technology-based intervention targeting heavy
drinking was found to be more effective for highly educated
adolescents in Switzerland, compared to less-educated
adolescents[47]. Notwithstanding these findings, theinteraction
of school education and BAI efficacy isnot yet well understood
[21]. This study contributes to the sparse literature by showing
that a BAIl based on expert system software is effective among
alcohol users with low and medium education.

People with a lower educational background might be more
receptiveto the behavior change mechanismsincluded in BAls.
Underestimating one’s alcohol use relative to others (ie,
normative misperception) has been found to be more pronounced
among less-educated alcohol users [48]. If normative
misperceptions precede and encourage acohol use [49],
correcting this fallacy by means of personalized normative
feedback might reduce alcohol use over time[50], in particular
among individuals who are more prone to believe that others
drink more frequently and consume more alcohol than
themselves. Personalized normative feedback was a central
component of the intervention tested in this study [32].
Individualswith different educational backgrounds might have

https://publichealth.jmir.org/2022/6/e€33345

responded differently to this personalized normative feedback,
possibly explaining the interaction between educational
background and intervention efficacy. Feedback that compares
alcohol use between an anindividual and their peer group might
have a stronger motivating effect to reduce drinking in people
with less than 12 years of school education than in those with
12 or moreyears of school education. Moreover, |ess-educated
individuals might have to justify their alcohol use more often
and be denied autonomy over their alcohol use more often. The
BAI was designed to incorporate the spirit of motivational
interviewing [51] by being centered on the participants own
point of view and valuing their motives and attitudes regarding
their alcohol use. Feedback was provided in an appreciative
manner, such as by pointing out the subjective advantages and
disadvantages of the participants' acohol use. This experience
of appreciation might have been more motivating for
less-educated compared to higher-educated individuals.

The findings speak in favor of the view that population-based
BAIs might have a positive equity impact. Addressing the
alcohol harm paradox isamajor public health issue [10]. BAIs
might be a piece of the puzzle on the path to reducing social
inequality due to alcohol if (a) they are disseminated with a
systematic screening approach and (b) they reach a substantial
part of the population with low school education. However, it
isknown that lower-educated individuals are less likely to take
up an offered intervention [19,20], aswasthe caseinthe PRINT
trial [33]. The percentage of participants who received the
complete intervention, consisting of all 3 feedback letters, was
higher among those with high (413/515, 80%) education than
those with low or medium education (202/300, 67%). Thelatter
were also more difficult to reach for the telephone interviews
that were needed to deliver theintervention. Therefore, strategies
need to be focused on how people with a lower educational
background can be reached and retained for a cohol prevention.
Settings may be chosen where less-educated individuals can be
reached, such asjob centers[52] or primary health care clinics
[53], and are best combined with a proactive approach [54].

Theintervention effect after 12 monthswas small in magnitude,
possibly because the study was not restricted to at-risk alcohol
users but targeted the full spectrum of alcohol use. Thus, the
initial drinking level waslower thanin previous BAI trials[15],
resulting in a smaller margin for reduction in alcohol
consumption. It must be acknowledged that it remains unclear
if BAlswill diminish social inequalitiesin a cohol-attributable
harm by addressing alcohol use per se. Consumption-related
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factorsmay not be sufficient to explain the alcohol harm paradox
[55]. Rather, amore holistic view is needed, taking into account
interactions with other health behaviors [8] and social risk
factors such as deprivation [56].

Limitations

This study has severa strengths and limitations. The findings
add to the sparse evidence on educational background as a
moderator of BAI efficacy. High participation and retention
rates in a general population sample ensured external validity.
The intervention approach was novel, as it addressed the full
spectrum of alcohol use, not only in at-risk drinkers. The
limitations were 4-fold. First, selection bias was likely, since
baselinefactors such asal cohol-related risk level are associated
with trial participation [33]. Second, all data were completely
self-reported. Third, the main outcome was measured with a
guantity-frequency approach that might have underestimated
the true amount of alcohol consumed [57]. Fourth, this was a
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secondary data analysis. The PRINT trial was not designed or
powered to scrutinize how theintervention worked in subgroups
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Abstract

Background: Youth and young adults continue to experience high rates of HIV and are also frequent users of social media.
Social mediaplatforms such as Twitter can bolster effortsto promote HIV prevention for theseindividuals, and while HI V-related
messages exist on Twitter, little is known about the impact or reach of these messages for this population.

Objective: Thisstudy aimsto addressthisgap in theliterature by identifying user and message characteristicsthat are associated
with tweet endorsement (favorited) and engagement (retweeted) among youth and young men (aged 13-24 years).

Methods: In a secondary analysis of data from a study of HIV-related messages posted by young men on Twitter, we used
model selection techniques to examine user and tweet-level factors associated with tweet endorsement and engagement.

Results. Tweetsfrom personal user accounts garnered greater endorsement and engagement than tweets from institutional users
(a0R 3.27, 95% Cl 2.75-3.89; P<.001). High follower count was associated with increased endorsement and engagement (aOR
1.05, 95% CI 1.04-1.06; P<.001); tweets that discussed STls garnered lower endorsement and engagement (aOR 0.59, 95% Cl
0.47-1.74; P<.001).

Conclusions: Findings suggest practitioners should partner with youth to design and disseminate HIV prevention messages on
social media, incorporate content that resonates with youth audiences, and work to challenge stigma and foster social norms
conducive to open conversation about sex, sexuality, and health.

(JMIR Public Health Surveill 2022;8(6):€32718) doi:10.2196/32718

KEYWORDS
HIV prevention; social media; public health; young adults; LASSO; HIV; Twitter; digital health

: age groups, with estimates suggesting that the number of
Introduction individuals living with undiagnosed HIV infection is
Despite advances in prevention, the incidence of HIV among ~ diSproportionately greater within these populations[1]. By the
youth and young adultsin the United Statesisacontinued public  €nd of 2016, an estimated 50,900 youth were living with HIV

health concern. From 2010-2016, adolescentsand young adults ~ [2]: et nearly half (44%) were unaware of their HIV status[3].
experienced the highest rates of HIV infection relativeto other 1 Nese estimates are bolstered by findings that youth and young
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adults achieve low rates of HIV testing [4]. Moreover, youth
and young adults are the least likely of any age group to be
linked to HIV care once diagnosed [3] and face unique
challengesrelated to accessing preventative health services[5].
The Ending the HIVV Epidemic in the United States initiative
highlightsthe need to expand HIV testing and strengthen linkage
to treatment and prevention for populations highly impacted by
HIV, including youth and young adults [6].

Social media platforms present unique opportunities for
influencing health beliefs and behaviors among users. Such
platforms are exceptionally popular among youth and young
adult populations; more than 90% of young adults (aged 18-29
years) report having ever used at |east one social mediaplatform
or messaging app, such as YouTube, Facebook, or Instagram
[7], and in recent years, a third or more of teens and young
adults reported Twitter use [8]. Young people use Twitter to
both engage in conversation within established social networks
and communicate with larger audiences[9]. In particular, there
is evidence that young people use Twitter as a platform for
discussing topics related to sex and health [10-12], creating
opportunities for sharing resources and information.

Thereissubstantial evidencethat social mediause among youth
correlates with health outcomes; this research demonstrates
both positive and negative health effects among media users
[13]. Exposureto alcohol and smoking-related content on social
mediais correlated with greater self-reported use of alcohol and
tobacco products [14,15], highlighting the negative
repercussions of media use. However, research has also shown
that exposure to sexual health messages on socia media is
associated with sexual risk reduction behaviors [16], nutrition
behavior interventions using social mediaarelinked toincreased
fruit and vegetable consumption [17], and use of socid
networking sites for sexual minority youth are associated with
positive mental health outcomes.

Media discourse surrounding health topics can play an
instrumental role in health-relevant beliefs and behaviors. The
dissemination of health-relevant information, during routine
exposure to mass mediaor through purposeful intervention, has
been shown to influence health outcomes across a range of
behaviors [18]. More specifically, these effects are evident in
the domain of HIV/AIDS-related behavior, with evidence that
exposure to HIV prevention campaigns through mass media
leadstoincreasesin HIV knowledge and greater use of condoms
[19]. Social media can fill a similar role in the dissemination
of health-related messages, and there is emerging evidence of
the impact of social media on HIV-related outcomes [20,21].
Media effects are contingent on message exposure [22], without
which audiences cannot receive and process message content.
Theories of communication suggest that in addition to message
content features, the characteristics of a message source (eg,
sender) can influence the extent to which audiences attend to
and engage with the message [22], aprerequisite for persuasion
and ultimate behavior change [23,24]. Thus, message-consistent
outcomes are linked with the extent to which individuals are
exposed to a given message and the distinct features of the
message source and content.

https://publichealth.jmir.org/2022/6/€32718

Ohetal

Previous research suggests that characteristics of message
content on social media platforms are related to engagement
with hedlth-related messages, including HIV prevention
messages [25-27]. This research has suggested that messages
with practical information and supportive messages tend to
garner greater engagement. The impact of messenger, or
message source, on engagement with health messages has also
been explored. One study found that messages originating from
health-related organizations garnered greater engagement
compared to messages from individuals, while messages from
non-health-related organized garnered less engagement [25].
Another study found that while health experts were active in
producing HIV-related content on Twitter, engagement with
these messages was greatest when retweeted by a non—health
expert celebrity [28]. Despite the growing interest in the role
of social mediain health messaging, little research has examined
the characteristics of HIV-related social mediamessages asthey
relate to youth engagement with such media. To address this
gap in the literature, this study aims to explore how user-level
characteristics (eg, age, user type, friend count, and follower
count) and tweet-level characteristics (eg, format, timing,
geolocation, and content) are associated with tweet engagement
with and endorsement of Twitter messages posted by adol escent
and young adult men in the United States.

Methods

Data Description

This study is an expanded analysis of data collected as part of
Virus 2 Viral, astudy of Twitter message content among young
men in the United States [20]. For the Virus 2 Vira study,
researchers collected a random sample of tweets from the
Twitter fire hose application programming interface (API)
posted between January 1, 2016, and December 31, 2016. They
filtered this sample to include only users of predicted male
gender and predicted age 13 to 24 years (N=336,000 users)
using established procedures [29]. For this study, we then
expanded the original set of tweets by collecting full timelines
(ie, the entire collection of tweets posted by a given user from
2009 to 2017) for those users identified in Virus 2 Viral. The
subsequent procedures used to produce the final dataset mirror
those described by Stevens et al [20], using this expanded set
of tweets. We briefly describe these procedures bel ow.

The initial corpus of tweets was then subset to include only
those with HIV-relevant content. HIV-relevant content was
identified using a keyword list of HIV-related terms (eg, terms
related to HIV, AIDS, HIV testing, condoms, multiple sexual
partners, sexualy transmitted infections [STIs], sexual risk
behavior, and preexposure prophylaxis [PrEP]), developed in
partnership with youth researchers. This process generated a
dataset of 24,388 tweets that had been posted between 2009
and 2017 and were grouped into 3 broad categories. HIV
prevention-specific tweets (n=5057), general sex-related tweets
(n=19,319), and risk behavior—promoting tweets (n=12). To
retain tweets most relevant to HIV risk and prevention while
reducing this data set to a more manageabl e size, we included
the full sample of prevention-related tweets and risk
behavior—promoting tweets and a random sample of general
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sex-related tweets (3091/19,319, 16.0%). This yielded a final
data set of 8160 tweets from 1541 unique users that were then
coded by ateam of 4 research assistants (intraclass correlation
coefficient at .80 or higher on all constructs) for message content
and used for analysis. User type was determined based on a
manual review of the user profile and recent postings of each
user in the data set by a member of the research team and was
recorded as either individual (eg, a personal account of an
individual) or institutional (eg, public health agencies, social
service organizations, or advocacy groups). User typesthat were
ambiguous or could otherwise not be determined by the
researcher were recorded as missing and were removed from
the data set (n=150). The final analytic sample included 8010
tweetsfrom 1499 unique users. A full description of the methods
used for the parent study has been published elsewhere [20].

Ethics Approval

The University of Pennsylvania ingtitutional review board
reviewed this study and designated it exempt because the study
(protocol #827833) does not meet the definition of human
subject research.

Measure

Endorsement and Engagement

Two different binary variables were used to measure the
outcomes of tweet endorsement and engagement. A tweet was
classified as endorsed if it received at least 1 favorite from
another user (1=endorsement, 0=no endorsement) and as
engaged if it was retweeted at |east once (1=engagement, 0=no
engagement).

User Characteristics

Number of friends and followers were extracted for each user
from the API. Predicted age was estimated using a previously
validated machine learning algorithm that predicts user age
from characteristics of that user's messages [29]. User type,
determined by manual review of the user profile as described
above, was recorded as either individua or institutional .

Tweet Characteristics

Tweet language was extracted directly from the APl and was
coded asabinary variable (1=English, O=other language). Time
of tweet posting was collapsed into 3 categories: daytime for
tweets posted between 9 AM and 5 PM EST, evening for tweets
posted between 5 PM and midnight EST, and night for tweets
posted between midnight and 9 AM EST. The geographic
location from which a tweet was posted was measured using
tweet-specific latitude/longitude coordinates when available
and the self-reported location information in Twitter user
profiles otherwise. Tweet locations were then collapsed into a
variableto represent region, corresponding with the 4 US Census
regions (Northeast, Midwest, South, and West). A tweet was
identified as areply if it was directed at another user using the
“@user” syntax (1=reply, O=not reply). Tweet length was
calculated based on the number of characters in the tweet,
including “ @user” syntax, if present.
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Tweet Content

The content of a tweet was qualitatively coded by 4 research
assistants and consisted of 19 nonexclusive binary variables
corresponding to various aspects of the tweet’s content. These
categories are anti—risk-taking; condoms; HIV testing;
HIV/AIDS; humor; lesbian, gay, bisexual, transgender, or queer;
misinformation; modeling; multiple partners; norms,; PrEP,
pro—risk-taking; research, education, news; stigma; STIs;
substance use; transactional sex; unprotected sex; and unrelated
sexual content. Full details of the procedures used in the parent
study for coding tweet content have been published elsewhere
[20].

Statistical Analysis

A series of logistic regression models were estimated to assess
the influence of user-level and tweet-level characteristics on 2
discrete response variables: endorsement and engagement. We
used least absolute shrinkage and selection operator (LASSO)
as amode building technique. LASSO is aform of penalized
regression that forces the regression coefficients of less
important variables to zero, yielding models that have fewer
variables and higher predictive accuracy [30].

As LASSO regression coefficients are biased and cannot be
easily interpreted, we used an extension of thistechnique known
as relaxed LASSO, which sequentially combines the LASSO
method for initial model selection with multiple logistic
regression for nonpenalized coefficient estimation [31].
Therefore, separate multiple logistic regression models were
built for each outcome using the LASSO-selected variables.
Final model selection was performed using a backward
elimination procedure that only retained predictors statistically
significant at the level of .05. From the final multiple logistic
models, we estimated adjusted odds ratios (aORs) of predictors
of interests while controlling for the effects of covariates.
Statistical significance was assessed using P values from the
Wald chi-sguare test. All analyses were conducted using the
glmnet package [32] in R statistical software (R Foundation for
Statistical Computing).

Finally, to evaluate the overall prediction accuracy of models,
we plotted receiver operating curves (ROCs) and cal culated the
area under the curve (AUCs) [33]. The ROCs, presented in
Figure 1, display the relationship between the false positive rate
(the proportion of tweets incorrectly classified as endorsed or
engaged) and true positive rate (the proportion of tweets
correctly classified as endorsed or engaged; also known as
sengitivity) of the classifier for all possible thresholds[34], with
higher AUC values indicating better predictive power of the
model. In other words, each point on the ROC curves indicates
the false positive rate and true positive rate of the classifier at
a given threshold. ROC curves and AUC are convenient tools
to evaluate the performance (accuracy) of the classifier [34]. If
the ROC curves were plotted close to the top left corner, this
would indicate that the model was able to correctly classify
endorsed or engaged tweets with any thresholds at alow false
positive rate (AUC would be close to 1). Conversdly, if the
model could not accurately predict tweet endorsement or
engagement (effectively generating random predictions), the
ROC curve would be adiagonal line (ie, AUC=0.5).

JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 [e32718 | p.60
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

Ohetal

Figure 1. Receiver operating curve and area under the curve for models predicting tweet endorsement (A) and engagement (B).
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Results

User and Tweet Descriptive Statistics

Table 1 summarizes the descriptive statistics for user and tweet
characteristics in the study sample. The mean predicted age of
users was 18.72 (SD 3.08) years, with approximately half
(4096/8010, 51.1%) identified as ingtitutional users. Number
of friends and number of followerswere positively skewed. The
median number of friends was 435 (IQR 273-800), compared
with a mean of 822. The number of followers showed similar
patterns, with amedian of 591, IQR of 241 to 1179, and mean
of 2005 followers. Although the mean number of followerswas
2005, most tweets (6008/8010, 75.0%) came from users with
fewer than 1179 followers. This difference was due to a small
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number of users with extremely high numbers of followers.
Over half of all tweets (4411/8010, 55.1%) were posted during
the daytime, while 26.8% (2146/8010) were posted in the
evening and 18.1% (1453/8010) were posted at night. The
averagetwest length was 94 (SD 31.88) characterswith adlight
skewness toward longer messages. About 12.0% (959/8010) of
tweets were categorized as replies to other users. With respect
to tweet content, the most common message categories were
HIV/AIDS (4438/8010, 55.4%); research, education, and news
(3667/8010, 45.8%); unrelated sexual content (2314/8010,
28.9%); and anti—risk-taking (1208/8010, 15.1%); see
Multimedia Appendix 1 for the frequency of each message
category. Out of the tweets in the sample, 25.6% (2049/8010)
were endorsed and 18.0% (1438/8010) garnered engagement.

IMIR Public Health Surveill 2022 | vol. 8 | iss. 6 [€32718 | p.61
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Ohetal

Table 1. Descriptive statistics for user-level and message-level characteristics (n=8010).

Value

Institution, n (%)

Yes 4096 (51.14)

No 3914 (48.86)
L ocation of post, n (%)

Midwest 663 (8.28)

Northeast 2962 (36.98)

South 2014 (25.14)

West 2371 (29.60)
M essage language, n (%)

English 7976 (99.58)

Not English 34 (0.42)
Reply, n (%)

Yes 959 (11.97)

No 7051 (88.03)
Time of post, n (%)

Daytime (9 AM to 5 PM) 4411 (55.07)

Evening (5 PM to midnight) 2146 (26.79)

Night (midnight to 9 AM) 1453 (18.14)
Year of post, n (%)

2009 30(0.37)

2010 6 (0.07)

2011 62 (0.77)

2012 62 (0.77)

2013 158 (1.97)

2014 346 (4.32)

2015 1174 (14.66)

2016 2472 (30.86)

2017 3700 (46.19)
Endorsement, n (%)

Yes 2049 (25.58)

No 5961 (74.42)
Engagement, n (%)

Yes 1438 (17.95)

No 6572 (82.05)
Age? (years), median (IQR) 18.72 (17.13-21.64)
Follower count, median (IQR) 591 (241-1179)
Friend count, median (IQR) 435 (273-800)
Message length, median (IQR) 94 (71-121)

8ageisapredicted age, computed based on tweet and user characteristics using machine learning algorithms developed by Sap et a [29].
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Factors Associated With Tweet Endor sement and
Engagement

For each outcome of interest (tweet endorsement and tweet
engagement), we estimated logistic regression models using
LASSO-selected predictors and assessed overal model
performance by plotting ROCs and measuring AUCs. We note
that the initial model included all the variables (excluding the
outcomes) listed in Table 1 and Multimedia Appendix 1 as
predictors.

Endorsement

Thefinal model (scoretest x%;: 884.65) for the outcome of tweet
endorsement was a 6-variable model, which included the
following predictors: number of followers; region; year of tweet
posted; user type; STI message content; and research, education,
and news message content. As demonstrated in Figure 1, this
model had an AUC of 0.73, suggesting acceptabl e performance
[35].

Ohetal

As shown in Table 2, both user-level and tweet-level
characteristics were significantly associated with tweet
endorsement. With respect to user-level characteristics, the odds
of a tweet being endorsed were 3.27 higher for tweets from
personal user accounts compared with ingtitutional users (aOR
3.27, 95% CI 2.75-3.89; P<.001), and each additional 100
followersthat a user had was associated with a 0.53% increase
in the odds that their tweet was endorsed (aOR 1.01, 95% ClI
1.00-1.01; P<.001). User region was also significantly associated
with endorsement. Regarding tweet-level characteristics, tweets
discussing specific STIshad 41% lower odds of being endorsed,
relative to tweets that did not discuss STIs (aOR 0.59, 95% Cl
0.47-1.74; P<.001). Additionally, tweetsthat included discussion
of research, education, or news related to HIV had 23% lower
odds of being endorsed, compared with tweets that discussed
HIV in a different context (aOR 0.77, 95% Cl 0.65-0.92;
P<.001). Year of posting was a so significantly associated with
endorsement.

Table 2. Summary of logistic regression analysis for variables predicting endorsement and engagement of Twitter users (n=8010).

Predictor Endorsement, aOR? (95% CI) Engagement, aOR (95% ClI)
User level
Age _b 0.92 (0.90-0.94)

Follower count (100 counts)

Personal user count

Tweet level

Region®
Northeast
South
West
Time
Night
Daytime
Message length (10 words)
Reply
Year
Message: norm
Message: research, education, news
Message: STI

1.01 (1.00-1.02)
3.27 (2.75-3.89)

1.46 (1.31-1.99)
0.85 (0.82-1.25)
1.06 (0.71-1.08)

1.30 (1.23-1.39)
0.77 (0.65-0.92)
0.59 (0.47-0.74)

1.01 (1.00-1.01)
1.77 (1.52-2.05)

1.69 (1.32-2.15)
1.16 (0.91-1.48)
0.68 (0.53-0.88)

1.08 (0.90-1.31)
1.36 (1.17-1.59)
1.04 (1.02-1.06)
0.45 (0.36-0.57)

1.62 (1.15-2.29)

0.61 (0.47-0.78)

%0R: adjusted odds ratio.
BNot applicable.

CReference group: Midwest.
dReference group: evening.

Engagement

Thefinal model (scoretest x%y: 404.89) for the outcome of tweet

engagement included the following 9 predictors: predicted user
age, number of followers, user type, tweet length, reply tweet
(@user), time of post, region, norms message content, and ST
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message content. As demonstrated in Figure 1, the 9-variable
model showed an AUC of 0.68, performing dightly below the
acceptable threshold of 0.70 [35].

As shown in Table 2, both user-level and tweet-level
characteristics were significantly associated with tweet
engagement. For each additional year in the user's predicted
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age, the odds of a tweet garnering engagement decreased by
8% (aOR 0.92, 95% CI 0.90-0.94; P<.001). Additionally, tweets
from personal user accounts (compared with institutional users)
had 77% greater odds of garnering engagement (aOR 1.77, 95%
Cl 1.52-2.05; P<.001). Each additional 100 followers was
associated with a0.51% increase in the odds of atweet garnering
engagement (aOR 1.01, 95% CI 1.00-1.01; P<.001). Tweets
that were replies (@user) were 55% less likely to garner
engagement from other users (aOR 0.45, 95% Cl 0.36-0.57;
P<.001). User region was also significantly associated with
engagement. Regarding tweet-level characteristics, tweets that
discussed STls had 39% lower odds of garnering engagement
compared to tweets that did not discuss STIs (aOR 0.61, 95%
Cl 0.47-0.78; P<.001). Tweetsthat included discussion of social
norms were 62% more likely to garner engagement compared
with tweets that did not discuss socia norms (aOR 1.62, 95%
Cl 1.15-2.29; P<.001). Tweet length and time of posting were
also significantly associated with engagement.

Discussion

Principal Findings

This study was designed to assess the relationships between
user-level and tweet-level characteristics and endorsement and
engagement of tweetsrelated to HIV risk and prevention posted
by young men. Our analysis demonstrated that characteristics
both of usersand of the tweets themsel veswere associated with
tweet endorsement and engagement. Given that fostering active
interaction with media content around HIV prevention is a
critical component of apublic health social mediastrategy [36],
these results have important implications for HIV prevention
efforts.

Wefound that tweets from personal accountswere 3 timesmore
likely to be endorsed, and 75% more likely to garner
engagement, when compared with institutional users. This
finding suggests that message source is an important factor in
how HIV-related tweets are received and that HIV-relevant
messages from ingtitutional users may not resonate as strongly
with youth. Previous research has shown that whileinstitutional
sources of online HIV information may be perceived as more
credible, the experiences of peers may be more influential in
shaping attitudes and self-efficacy to change behaviors [37].
Public health messaging efforts around HIV prevention should
acknowledge these findings when considering how to use
resources related to online communication; using institutional
accounts to post messages to socia media platforms may not
result in meaningful engagement from youth. Thus, promoting
peer-to-peer discussions of HIV-related topics through social
mediainterventions may have greater potential to influence the
attitudes and behaviors of youth [38]. However, it isimportant
to note that although institutional tweets were not often
retweeted or favorited, it is possible that they were still read by
many users and the information was communicated asintended.

Results demonstrated that userswith many followerswere more
likely to garner tweet endorsement and engagement relative to
users with fewer followers; each additional 100 followerswere
associated with a0.5% increasein the odds of both endorsement
and engagement. This is not a surprising finding, given that
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having more followers increases one's opportunity for tweet
exposure, thereby increasing the likelihood that a given tweet
is endorsed or dlicits engagement. We did not find any
association between users’ number of friends and endorsement
or engagement, which suggests that having a robust following
on Twitter may be more important than being highly connected
to other users through friendship. Users with large followings
may be celebrities or socia media influencers, or simply
perceived as such, and their position of influence could be
leveraged to increase visibility of HIV prevention messages.
However, considering the highly skewed distribution of
followers in this data set, the relationship between the odds of
endorsement or engagement and the follower count may not
tell the whole story. Users may be more likely to engage with
the messages from microinfluencers (eg, an influential user with
fewer than 10,000 followers) than from celebrity influencers
(eg, an influential user with more than 10,000 followers) due
to feeling a closer sense of connection with these
microinfluencers [39]; however, additional research on these
relationshipsiswarranted. These distinctions aside, influencers
are well positioned to reach a large audience on Twitter and
could be an important component of public health campaigns
or other messaging effortsthat use social mediato engage with
young people [40,41].

The findings from this study have implications for the
implementation of popular opinion leader (POL) interventions.
POL interventions aim to identify, enlist, and train key opinion
leaders in a community to promote health behaviors and
challenge risky social norms [42]. These leaders act as early
adopters of behavior change and can serve as models and
supportsfor peerswho are considering making similar changes.
Our results demonstrate that, in addition to such characteristics
asthe quality and originality of message content, userson social
media with large numbers of followers may be positioned to
garner significant engagement with their messages, thus making
them good candidates as opinion leaders [43]. Future
intervention development should seek ways to integrate the
principles of POL into interventions related to HIV prevention
through online social media.

Findings also demonstrated that the content of messages on
Twitter was related to tweet endorsement and engagement.
Tweets that mentioned STIs garnered decreased endorsement
and decreased engagement, and tweets that were primarily
focused on research, education, or news showed lower levels
of endorsement. However, tweets that reflected social norms
(an opinion about how oneself or others behave or should
behave) garnered higher levels of engagement, suggesting that
young people are eager to participatein conversations about the
perceived behaviors of peersor evaluations of those behaviors.
Theseresults haveimportant implicationsfor effortsto develop
health communication tools for HIV prevention. Stigma
surrounding HIV and STIsmay stifle conversations about sexual
health, in light of evidence that young people tend to distance
themselves from direct discussion of these issues in settings
that are not sufficiently anonymous or confidential [44].
Furthermore, tweetsthat highlight research, education, or news
about sexual health may not resonate with young people, leading
to low rates of endorsement. Health communication around
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HIV prevention must balance an acknowledgment of thisstigma
without further reinforcing it. Rather than avoid direct discussion
of issues related to HIV prevention, public health educational
efforts should embed these discussions in the larger context of
sex and sexuality and connect these discussions to the social
realities that young people live in (ie, acknowledging and/or
challenging social norms).

Additional characteristics of messages were found to be
associated with endorsement, engagement, or both. Users with
greater predicted age showed lower odds of garnering
engagement, which may reflect differences in platform use
between adolescents and young adults. Variations in
endorsement and engagement were seen by geographic region,
with messages originating from the Northeast of the United
States receiving the greatest levels of endorsement and
engagement, mirroring the geographic distribution of Twitter
activity that has been seen in previous studies [45]. Longer
tweets received greater engagement, a finding that has been
described in previous studies[28] . Previous studies have shown
that engagement with messages on Twitter varies across the
day and according to message content [46]. The variation in
message engagement seen in our study, where engagement was
highest for messages posted during the day and lowest during
the evening, highlights the need to consider time of posting for
public health messages. Replies garnered low engagement in
our study, suggesting that dialogues between users about HIV
do not stimulate engagement from young people. Finaly
messages posted during later yearsin the study received greater
endorsement, likely reflecting a growth in the popul arity of the
platform over the study period.

Public health effortsto incorporate social mediamessaging into
HIV prevention approacheswill require novel strategiesaround
message creation, delivery, and evaluation. The use of language
and style that leverages the cultural elements of social media,
such as incorporating memes and sharable elements into
message content, may resonate more effectively with young
peopl e than appeal s based solely on facts and knowledge [41].
Future research should aim to collect additional information
about tweets, including qualitative codes related to themes
beyond HIV prevention (eg, presence of a meme, celebrity
reference), that may correlate more strongly with tweet
engagement and endorsement. Furthermore, the use of POL
techniques could help to overcome and challenge stigmaaround
sexual health, allowing information about HIV prevention to
be visible on social media platforms.

Ohetal

Limitations

This study is subject to severa notable limitations. First, our
outcomes of tweet endorsement and engagement capture active
interactions with social media content, not passive exposure to
tweet content. Young people may be hesitant to endorse
messages related to sex and sexual health because of stigmaor
embarrassment but may still be reading these messages
anonymously [47]. However, data on tweet views are difficult
to obtain, and research may be limited to measures of
endorsement and engagement similar to ours. Second, there
were several users who contributed a very large number of
tweets (eg, one user accounted for 949 tweets) in this data set,
raising concerns about the independence of observations. While
capturing highly active and widely followed Twitter accounts
isimportant to thisline of work, future analyses should consider
models that account for clustering of errors at the user level.
Third, it is important to note that our models for tweet
endorsement and tweet engagement showed only a modest
capacity to discriminate between tweets that evinced the
outcome and tweets that did not (acceptable discrimination for
endorsement and dlightly less than acceptable discrimination
for engagement). While our study suggests that user and
tweet-level characteristics have measurable associations with
tweet endorsement and engagement, further work is needed to
identify additional characteristics of usersand tweetsthat might
strengthen predi ctive modeling for endorsement and engagement
with HIV-related messages on Twitter. Finally, it should also
be noted that messages analyzed in this study were limited to
Twitter messages geol ocated to the United States. The patterns
seen in our study may not be generalizable to social media
messages on other platforms or in other countries.

Conclusions

The widespread use of social media platforms among young
peopl e offers new opportunitiesfor communication around HIV
prevention. Conversations about sex and sexua health are
widespread across these platforms, providing an opportunity
for public health messaging to play arolein these conversations.
Effortsto engage with young people on these sensitive and often
stigmatized topics will require innovative strategies to foster
meaningful connection with HIV prevention messages. Public
health practitioners should partner with young peopleto design
and disseminate these messages, incorporate content that
resonates with youth audiences, and work to challenge stigma
and foster social norms conducive to open and honest
conversation about sex, sexuality, and health.
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Abstract

Background: Between 2014 and 2018, the penetration of smartphones in sub-Saharan Africa increased from 10% to 30%,
enabling increased access to the internet, Facebook, Twitter, Pinterest, and YouTube. These platforms engage users in
multidirectional communication and provide public health programs with the tools to inform and engage diverse audiences on a
range of public health issues, as well as monitor opinions and behaviors on health topics.

Objective: This paper details the process used by the U.S. Agency for International Development—funded Breakthrough
RESEARCH to apply social media monitoring and social listening techniques in Burkina Faso, Cote d’ Ivoire, Niger, and Togo
for the adaptive management of the Merci Mon Héros campaign. We documented how these approaches were applied and how
the lessons learned can be used to support future public health communication campaigns.

Methods: The processinvolved 6 steps: (1) ensure there is a sufficient volume of topic-specific web-based conversation in the
target countries; (2) develop measuresto monitor the campaign’s social mediastrategy; (3) identify search termsto assess campaign
and related conversations; (4) quantitatively assess campaign audience demographics, campaign reach, and engagement through
social mediamonitoring; (5) qualitatively assess audience attitudes, opinions, and behaviors and understand conversation context
through social media listening; and (6) adapt campaign content and approach based on the analysis of social media data.

Results. We analyzed posts across social media platforms from November 2019 to October 2020 based on identified key search
terms related to family planning, reproductive health, menstruation, sexual activity, and gender. Based on the quantitative and
gualitative assessmentsin steps 4 and 5, there were several adaptive shifts in the campaign’s content and approach, of which the
following 3 shifts are highlighted. (1) Social media monitoring identified that the Facebook campaign fans were primarily male,
which prompted the campaign to target calls to action to the male audience already following the campaign and shift marketing
approachesto increase the proportion of femalefollowers. (2) Shorter videos had a higher chance of being viewed intheir entirety.
In responseto this, the campaign shortened video lengths and created screenshot teasersto promote videos. (3) The most negative
sentiment related to the campaign videos was associated with beliefs against premarital sex. In response to this finding, the
campaign included videos and Facebook Live sessions with religious leaders who promoted talking openly with young people
to support intergenerational discussion about reproductive health.

Conclusions:  Prior to launching health campaigns, programs should test the most relevant social media platforms and their
limitations. Inherent biases to internet and social media access are important challenges, and ethical considerations around data
privacy must continue to guide the advances in this technology’s use for research. However, social listening and social media
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monitoring can be powerful monitoring and eval uation toolsthat can be used to aid the adaptive management of health campaigns

that engage popul ations who have a digital presence.

(JMIR Public Health Surveill 2022;8(6):€35663) doi:10.2196/35663
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Introduction

In 2020, there were an estimated 3.8 billion social media users
worldwide and approximately 5.2 billion smartphone users[1].
Between 2014 and 2018, the penetration of smartphones in
sub-Saharan Africa increased from 10% to 30%, enabling
increased accessto theinternet [2]. Although internet penetration
is lower in low- and middle-income countries (LMIC) than
high-income countries, those in LMIC who have access to the
internet through any devices are more likely to network using
social media platforms [3]. Facebook, Twitter, Pinterest, and
YouTube are the dominant social media platforms in most of
francophone West Africa [4]. These platforms engage usersin
multidirectional communication and provide public health
programswith thetoolsto inform and engage diverse audiences
on a wide range of public health issues, as well as monitor
opinions and behaviors on health topics [5,6]. Public health
campaignsroutinely include social mediaadvertisements, create
fan pages, and promote conversations on social media around
campaign topics [7]. However, it is only in the last decade that
evidence on the use of social mediafor health behavioral change
campaigns has emerged in the literature for LMIC [8], with the
focus primarily on reducing tobacco use [9], supporting patients
undergoing HIV treatment [10], influencing sexua health
behaviors [11], and influencing behaviors related to infectious
diseases such asmalaria[12]. Among the few studies focusing
on adolescent sexual and reproductive health (SRH) behaviors,
most address the acceptability of using social mediato interact
with young people and do not assess the extent to which social
media campaigns have reached their intended audience and
influenced health behaviors [13,14]. Studies using social
listening techniques in LMIC have only recently emerged due
to therelevance of these toolsto monitor the COVID-19—related
infodemic [15].

Adolescent pregnancy remains amajor contributor to maternal
and child mortality and intergenerational cycles of ill-health
and poverty [16]. West and Central Africa have the highest

https://publichealth.jmir.org/2022/6/€35663

annual adolescent birth rate in the world at 129 live births per
1000 young women aged 15-19 years, and the lowest use of
modern contraception among all women at 16%[17,18]. Merci
Mon Héros (MMH), or “Thank You My Hero” in French, isa
multimedia campaign codeveloped and implemented by youth
activists and the U.S. Agency for International Development
(USAID)—funded West AfricaBreakthrough ACTION (WABA)
projects. WABA isaregional, USAID-funded initiative aiming
to increase the coordination and effectiveness of social and
behavioral changeinterventionsin 4 priority countries: Burkina
Faso, Cote d'lvoire, Niger, and Togo. The MMH campaign is
designed for youth and adults, with the aim of promoting an
environment conducive to young peopl€'sinformed, voluntary
family planning (FP) and reproductive health (RH) service
access in francophone West Africa. The youth-led campaign
videos (described in Table 1) and other content such as quizzes,
concerts, and recorded conversations are disseminated viasocial
media platforms, including Facebook, Instagram, Twitter, and
YouTube, as well as through more traditional channels, such
astelevision, radio, community activities, and others.

The USAID-funded Breakthrough RESEARCH project, in
partnership with M&C Saatchi, collaborated with WABA to
apply social listening and social media monitoring as part of a
multimethod adaptive management and impact evaluation
strategy of the MMH campaign. Social mediamonitoring refers
to quantitatively tracking mentions and comments on social
mediaregarding a specific topic, whereas social listening allows
public health campaigns to better understand the context of
web-based interactions by qualitatively tracking and analyzing
conversation content [19].

This paper details the process of applying social media
monitoring and social listening for the adaptive management
of the MMH campaign in 4 countries: Burkina Faso, Cote
d'Ivoire, Niger, and Togo. We documented how social media
monitoring and social listening were applied toinform the MMH
campaign and how the lessons learned can be used to support
future public health campaigns.
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Table 1. A sample of Merci Mon Héros campaign videos and Facebook Live events analyzed.

Video Primary message
Gracian «  Tak about sexuality with young people, without shame, from an early age so they can engage in healthy sexual and
reproductive health behaviors
Camara «  Prepare young women for puberty and menarche with accurate information
«  Taktoyoung people about sexual and reproductive health
Florence «  Young people need to know how to protect themselves
« Useacondom during sex to avoid the risk of sexually transmitted infections such as HIV
Mariette «  Girlsneed to beinformed and educated about menstruation so they can prepare themsel ves psychol ogically and manage
periods effectively
Serge «  Tak with youth about life goals and priorities so they can make reproductive health and family planning choices ac-
cordingly
Fanta «  Provide accurate information to young people about sexual and reproductive health and the onset of menstruation
Oury «  Inform youth about family planning options to avoid unintended pregnancy, and support rather than shame youth in
the event of an unplanned pregnancy
Kouamé «  Encourage young people to visit a health provider to learn more about contraceptive methods and choosing one that
isright for them
Sedjro o Partner communication about family planning isimportant, and family planning decision-making should be shared
Mme Camara «  Contraceptive methods can help plan pregnancies
«  Select or switch family planning methods as needed according to your current needs and priorities
Aichatou «  Parents should speak openly with young people about sexual and reproductive health, regardless of the parent’s or

child’'s sex or gender

Facebook Liveevents «  Female puberty
«  Malepuberty

«  Themenstrual cycle and calculating the fertile window

Methods

Applying Social Listening tothe MMH Campaign
The process of applying socia media monitoring and social
listening to the MMH campaign involved 6 steps: (1) ensure
there is a sufficient volume of topic-specific web-based
conversation in your target countries; (2) develop measures to
monitor the campaign social mediastrategy; (3) identify search
terms to assess campaign and related conversations; (4)
guantitatively assess campaign audience demographics,
campaign reach, and engagement through socia media
monitoring; (5) quditatively assess audience attitudes, opinions,
and behaviors and understand conversation context through
social media listening; and (6) adapt campaign content and
approach based on the analysis of socia media data. Data
requirements, procedures, considerations, and illustrative results
are described under each step of the outlined process.

Ethics Approval

This study obtained exempted status from the Population
Council Ingtitutional Review Board (EX2019011).
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Step 1: Ensure There Isa Sufficient Volume of
Topic-Specific Web-Based Conver sation in Your
Target Countries

When starting any socia listening exercise, it is necessary to
first establish whether there is a sufficient volume of
conversation to analyze. Typically, thisis done by conducting
aquick exploratory search of web-based content using a select
group of keywords. This search string can be enhanced at alater
point (see step 3)—at this point the purpose is simply to ensure
that conversation does exist. There is no expected benchmark
for the volume of posts, asthiswill vary substantially based on
topic and review period. Broadening search terms if a limited
volume of conversation is found may be useful for exploratory
purposes. However, as the search string is honed and rules are
defined, the sample of relevant posts will be reduced. If social
listening is used to assess changes in web-based conversation
before and after an intervention, nonexistent or limited content
can still serve as a baseline measure.

Step 2: Develop Measuresto Monitor the Campaign
Social Media Strategy
The MMH campaign was designed to create “ surround sound”

coverage through multiple channels and reach its 2 priority
audiences—young people aged <24 years and adults aged =25
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years who support and interact with them—in different ways.
The goal of sharing content through social media channels was
to leverage this space to normalize the habit of talking about
youth SRH and contraception needs and empower young people
to share their own stories and seek the information that would
help them make informed, voluntary FP choicesfor their future.
A team of young campaign designers from francophone Africa
provided input into the channel selection. Facebook, Instagram,
and YouTube were selected because they were considered the
socia mediaplatforms most used by young peoplein theregion.
Throughout the campaign, Facebook was the most consi stently
used platform by MMH audiences, and as such, the web-based
campaign strategy was largely developed with Facebook’s
format in mind (ie, short videos, quizzes, static images,
frequency of posts, and livestreams). Twitter was included in
the web-based strategy to reach relevant organizations and

Table 2. Social mediaindicators.

Silvaet d

decision-makers. To contribute to MMH’s “brand” on the
internet and with an aim of being enveloped into existing
web-based SRH conversations, the campaign created 2
hashtags—#MerciMonHéros and #BrisezL esTabous (“break
taboos’ in French)}—and complementary topical (eg, hashtag
#sexualité) and video-specific (eg, hashtag #Héros2Mariette)
hashtags for each of the first 5 campaign videos.

We identified conversation volume as a key indicator to track
changes over the time for topic-specific social media posts and
comments related to FP, RH, and other relevant subtopics such
as puberty and menstruation. Key indicators were also selected
to help us track social media users interaction with the
campaign. Table 2 definesthe 4 indicatorsidentified at the start
of the campaign to assess progress: conversation volume, reach,
engagement, and views.

Indicator Definition

Conversation volume

Reach

Engagement

The number of social media posts pertaining to a specific topic (ie, menstruation, etc).

The number of screens that viewed the MMH2 videos.

The number of times people engaged with MMH posts through reactions, comments, shares, retweets, mentions, and likes.

Engagement can occur through paid promotion or when social media users organically find the campaign content.

Views

The number of MMH video views of at |east 30 seconds, where each video is at |east 2 minutes long.

3MMH: Merci Mon Héros.

Step 3: Identify Search Termsto Assess Campaign and
Related Conversations

To analyze socia mediacontent thematically, we defined search
terms to identify social media conversations related to the
campaign’s topics of interest. The Breakthrough RESEARCH
team developed a set of relevant keywords to capture
conversations about behaviors supporting young people's
conversations about and access to FP and RH services. The
keywords included but were not limited to first sex, condoms,
contraception, menstruation, and pregnancy, etc. These
keywords were then shared with local youth stakeholders
through Breakthrough ACTION to ensure we captured not only
the correct usage in the local French language but also any
known slang versions. These translated and context-specific
search terms were entered into a Boolean search string—atype
of search that allows users to combine or exclude
keywords—designed to identify conversations across social
mediathat were most relevant to the selected search terms. We
used Crimson Hexagon’s BrightView algorithm for text analysis
software to analyze social media data [20]. The Crimson
Hexagon software searched all public-facing social media for
relevant conversations, including mentions from the Facebook
campaign page, Twitter, social newsfeeds, blogs, forums, Reddit,
Tumblr, and YouTube. Privacy limitations relating to Facebook
and Instagram only allow avery limited number of poststo be
included in the analysis beyond the Facebook campaign page.
We collected social mediacontent from October 2018 to October
2019 (baseline) and from November 2019 to January 2021
(initial campaign implementation period). Given that certain
keywords generate a sizeable volume of irrelevant conversation,
we used 2 techniques to minimize irrelevant conversation. By

https://publichealth.jmir.org/2022/6/€35663

filtering our search and tying the keywords of interest to
pronouns (eg, “I,” “my,” “his” and “her,” etc), a substantial
volume of irrel evant noise was cleaned from the results, ensuring
the sampl e contained posts more suitablefor qualitative analysis.
In addition, we used machine learning technology to train the
software to reduce irrelevant content by training our algorithm
to classify aselection of socia postsinto key topic areas. Once
arepresentative sample was completed by human classification,
the machine learning algorithm then analyzed the remaining
untrained posts and classified them accordingly based on the
language and content detected in the posts.

Step 4: Quantitatively Assess Campaign Audience
Demogr aphics, Campaign Reach, and Engagement
Through Social Media Monitoring

We used social media monitoring techniques to quantify
campaign engagement and track conversation volume during
campaign implementation. Using demographic characteristics
associated with user profiles, wefurther disaggregated campaign
platform engagement by age, sex, and geographic location to
understand the audience’s demographic characteristics.

Step 5: Qualitatively Assess Audience Attitudes,
Opinions, and Behavior sand Under stand Conver sation
Context Through Social Media Listening

We used Brandwatch, asocia listening tool that enablesanalysts
to investigate the data in various ways and at a granular level
using topic wheels, word clouds, topic clustering, and bigram
analysis. Data visualization options within the tool allow users
to identify emerging themes. Some of the different techniques
we used are outlined below:
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« Topic wheel: This alows analysts to view the most
frequently recurring keywords and phrases, which helpsto
easily identify how the main research themes relate to
subthemes.

- Word clouds: Word clouds enable analysts to identify the
most important and newly trending words, hashtags, emojis,
and associated entities (people, places, and organizations)
in the query.

- Topic clustering: Topic clustering displays topics and
subtopics for segments of the overall data. The topics
visualized in the output are selected based on how unique
they are to the chosen segments. Clusters can be further
filtered to identify positive or negative sentiment.

- Bigramanalysis: A bigram analysis uses unstructured text
dataand measures how often words occur next to each other
in text. This is a useful tool to identify emerging themes
for further qualitative exploration.

Social listening findings validated the relevance of prioritized
campaign topics (ie, the importance of encouraging honest
dialogue about menstruation between parents and youth). We
aso quantified topic-specific conversation volumes for
comparison at baseline (from October 2018 to October 2019)
and endline (from November 2019 to January 2021) to assess
if topic-specific conversation was increasing.

Step 6: Adapt Campaign Content and Approach Based
on the Analysis of Social Media Data

After using data visualization techniquesto analyze the general
social media conversation and campaign-specific engagement,
we shared reports with WABA to inform evidence-based
adaptations to the MMH campaign.

Silvaet d

Results

Figure 1 summarizes the conversation volume over the course
of implementation and highlights when spikesin conversations
related to campaign video themes occurred on social media. We
found that 71% (20,611/29,030) of campaign followers were
mal e social media users, with 60% (17,418/29,030) of the total
users aged <24 years.

Table 3 shows the geographic distribution of campaign
engagement by Facebook users, which, interestingly, does not
mirror the levels of internet penetration. Among all Facebook
users who engaged with the campaign content, most (32.28%,
937/2903) are from Ouagadougou, followed by L omé (16.12%,
468/2903), Abidjan (14.16%, 411/2903), and Niamey (4.79%,
139/2903). Routine monitoring of Facebook page views
indicated that although paid promotion of the campai gn content
garnered more campaign reach, organic viewers had better
campaign video completion rates than paid promotion viewers
(viewers who watched campaign videos to the end: 3.9%,
1031/26,435 vs 0.7%, 185/26,435, respectively).

The reports we shared with WABA provided extensive
information related to trends in the conversation volume,
campaign engagement, relevant hashtags, and extensive
anonymized content datawith direct quotesfrom user-generated
content (see Table 4). Findings from the reports were used for
program refinement throughout the initial MMH campaign
period and beyond the social media monitoring time frames
(beyond January 2021).

Figure 1. Merci Mon Héros conversation volume over the implementation period (from November 1, 2019, to Octaober 20, 2020).
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Table 3. Distribution of Facebook users who engaged with the Merci Mon Héros campaign content by city.

City Users (N=2903), n (%)
Quagadougou 937 (32.28)
Lomé 467 (16.09)
Abidjan 411 (14.16)
Conakry 165 (5.68)
Niamey 139 (4.79)
Libreville 68 (2.34)
Bobo Dioulasso 62 (2.14)
Bamako 61(2.1)
Cotonou 59 (2.03)
Kinshasa 44 (1.52)

Table 4. Illustrative findings from the Merci Mon Héros social media monitoring and program adjustments.

Socia media monitoring finding

Program adjustment

Organic engagement yielded more engagement withthe ~ «
campaign than paid promotion alone. .

Maintained paid promotional posts to direct traffic to the site
Looked into free ways to pull peoplein (Instagram and Facebook stories, Tweetups

with multiple organizations, song and poetry contest, and increasing responses to
individua social media posts)
o Researched other organizations and individuals with whom to collaborate

Facebook fans were primarily male. .

Shifted promotion campaigns toward young women

« Included increased callsfor action targeting men, including messages around consent
and talking to other men about reproductive health, etc.

Shorter videos increased view times. .

Shortened video duration

«  Created video screenshot teasersto increase the likelihood a video woul d be watched

Menstruation topical content and Facebook Lives have .
some of the highest engagement levels.

The most negative sentiment tied to the campaign wasas-
sociated with religiousor cultural beliefs against premarital

Decided to continue to include menstruation content and conduct at least 1 Facebook
Live per month

Included videos and Facebook Lives with religious leaders who promoted talking
openly with young people about reproductive health

SEX. «  Developed content about how social support to young parents is more beneficial
than rejecting young (single) parents
Discussion Topic Volumes

The application of these 6 stepsto inform the MMH campaign
led to several challenges and lessons learned, reflecting the
limitations of this methodol ogy.

Internet Usersand Social Media Access

World Bank data indicate that internet penetration rates vary
considerably in each of the 4 countries under review. Cote
d’lvoire's internet penetration was estimated at approximately
36% in 2019. This compares to approximately 16%, 12%, and
5% in Burkina Faso (2017), Togo (2017), and Niger (2018),
respectively [21]. Further, social media would be accessed by
just a subset of the web-based population, with urban,
socioeconomic, and education skews [3]. However, given that
social media was one of the media chosen for campaign
implementation, potential biases posed by the methodology
used for this study do not differ to those posed by the web-based
campaign itself.

https://publichealth.jmir.org/2022/6/€35663

RenderX

Due to the highly nuanced nature of the conversation, topic
volumes should not be viewed as complete or exhaustive. First,
the search strings were created to minimize irrelevant
conversation inthe analysis. However, itisunlikely that asearch
string will ever be completely exhaustive due to the vast
combination of words that could be used to discuss the topic,
especially across multiple languages.

Second, some posts could feasibly sit across multiple topics,
yet they are assigned to just oneto analyze guideline volumetrics
for the conversation. However, given the same principles and
classifications are applied consistently across the analysis, we
view the results as representative of the total conversation.

Topic Sources

The anaysis was designed to extract the mentions of
public-facing social media platforms, including Twitter,
YouTube comments, forums, blogs, Reddit, Pinterest, and
Tumblr, etc. Notable exemptions from this list are Facebook,
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Instagram, and WhatsApp. Social listening tools such as
Crimson Hexagon cannot track these sites due to their privacy
policies. The only Facebook page that was included in this
analysisisthe Merci Mon Héros campaign page. Giving socia
listening analysts administrative access to campaign pages is
crucial to be ableto effectively conduct social mediamonitoring
and socid listening on Facebook.

Machine L earning

Processes that involve machine learning should not be
considered “standardized” given that the algorithms used for
these analyses are constantly learning. As such, the machine
becomes more accurate over time asit continues to understand
the nuance within the topic material.

L essons L earned

There are many important differences between traditional
research methodologies and social media monitoring and
listening, yet each adds useful elements to the monitoring and
evaluation of health campaigns. Population-based quantitative
surveys alow researchers to develop findings that are
generalizable and standardized and enabl e data di saggregation.
Traditional qualitative research techniques allow for in-depth
probing to explore and understand the themes of interest. In
contrast, social listening techniques enable users to rapidly
synthesize the universe of web-based chatter around selected
topics. Demographic datafor individual postsare not accessible,
making data interpretation more challenging. Techniques for
identifying sex, age, and socioeconomic status are evolving,
mostly based on analyzing the keywords and account activity
associated with individual profiles. As artificial intelligence
becomes more sophisticated, socia listening platforms will
improve at detecting the demographic detail of users, and thus,
thistechnology’s usein research will continueto require careful
ethical consideration.

Nonetheless, social media listening data can be quantified and
tracked over time and used to retrospectively and prospectively
analyze the data. Qualitative themes can be assessed, although
these techniques do not alow for additional probing for
clarification or the more nuanced understanding achieved by
real-time traditional qualitative techniques. The following
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lessons were learned from the application of social media
monitoring and social listening to the MMH campaign.

Future public health social media campaigns must:

« Understand who uses socia media in the implementation
countries and consider how the campaign’starget audience
and content align with the audiencesthat are active on socia
media platforms.

« Assess which social media platforms are most active and
relevant in the country of interest and the privacy limitations
associated with these platforms. Relatedly, if Facebook or
Instagram are the key platforms for the target audiencesin
the country, it is crucial that social listening analysts have
administrative access to campaign pages.

- Pilot multiple engagement strategies adapted to the social
media channel (ie, Facebook and Instagram, etc.) to test,
through social monitoring and listening, which strategies
are associated with higher engagement in adolescent sexual
health—related posts.

« Pair designated hashtags representing the goals of the
campaign to facilitate the monitoring of conversations. The
implementation of these hashtags should be consistent
across social media channels.

Conclusion

Social listening and social media monitoring are effective
monitoring and eval uation support tools that can be used to aid
adaptive management. With theriseininternet and social media
penetration as well as the accelerated development of artificial
intelligence to enhance rapid data extraction and analysistools,
these methodol ogieswill becomeincreasingly relevant for public
health research and evaluation. Researchers should continue to
look for tools that minimize or eliminate the need for in-person
data collection to avoid disruptions to data collection such as
those experienced at the onset of the COVID-19 pandemic.
Inherent biasesthat exist around internet and social mediaaccess
are important challenges that limit these methodologies.
Additionally, ethical considerations around data privacy must
continue to guide advancesin thistechnology’s usefor research.
However, for health communication campaigns that aready
engage populationswho have adigital presence, socid listening
and social media monitoring can be powerful monitoring and
evauation tools.
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Abstract

Background: The vastly increasing number of reported HIV and AIDS cases in Luzhou, China, in recent years, coupled with
the city’sunique geographical location at the intersection of 4 provinces, makesit particularly important to conduct a spatiotemporal
analysis of HIV and AIDS cases.

Objective: The aim of this study is to understand the spatiotemporal distribution of HIV and the factors influencing this
distribution in Luzhou, China, from 2011 to 2020.

Methods: Data on the incidence of HIV and AIDS in Luzhou from 2011 to 2020 were obtained from the AIDS Information
Management System of the Luzhou Center for Disease Control and Prevention. ArcGl S was used to visualize the spatiotemporal
distribution of HIV and AIDS cases. The Bayesian spatiotemporal model was used to investigate factors affecting the spatiotemporal
distribution of HIV and AIDS, including the gross domestic product (GDP) per capita, urbanization rate, number of hospital beds,
population density, and road mileage.

Results: The reported incidence of HIV and AIDS rose from 8.50 cases per 100,000 population in 2011 to 49.25 cases per
100,000 population in 2020—an increase of 578.87%. In the first 5 years, hotspots were concentrated in Jiangyang district,
Longmatan district, and L uxian county. After 2016, L uzhou's high HIV incidence areas gradually shifted eastward, with Hejiang
county having the highest average prevalence rate (41.68 cases per 100,000 population) from 2011 to 2020, being 2.28 times
higher than that in Gulin county (18.30 cases per 100,000), where cold spots were concentrated. The risk for the incidence of
HIV and AIDS was associated with the urbanization rate, population density, and GDP per capita. For every 1% increase in the
urbanization rate, the relative risk (RR) increases by 1.3%, while an increase of 100 people per square kilometer would increase
the RR by 8.7%; for every 1000 Yuan (US $148.12) increase in GDP per capita, the RR decreases by 1.5%.

Conclusions: In Luzhou, current HIV and AIDS prevention and control efforts must be focused on the location of each district
or county government; we suggest the region balance urban devel opment and HIV and AIDS prevention. Moreover, more attention
should be paid to economically disadvantaged areas.

(JMIR Public Health Surveill 2022;8(6):€37491) doi:10.2196/37491

KEYWORDS
HIV and AIDS; reported incidence; Bayesian model; spatio-temporal distribution
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Introduction

HIV and AIDS have been prevalent in Chinafor more than 30
years. HIV and AIDS have become one of China's significant
public health problems as it causes suffering to patients and
seriously hinders healthy socioeconomic development [1].
Luzhou, located in southeastern Sichuan Province, is a central
city in the combined region of Sichuan, Yunnan, Guizhou, and
Chongqing, and is aso an areain Sichuan Province, where the
reported HIV epidemic is growing rapidly [2,3]. Despite
considerable efforts by local governments, there remains much
work required to fulfill the Political Declaration regquirements
on HIV and AIDS [4].

At present, domestic research on AIDS mainly focuses on
epidemiology, prevention and control, clinical characteristics,
etiology, and sociology [1]. By contrast, less research has been
conducted on the process of its spatiotemporal spread.
Nevertheless, some epidemiology studies have shown that the
spread and distribution of HIV are closely related to geospatial
factors[5]. Furthermore, although traditional regression models
require variables of individual sto beindependent of each other,
thesevariablesarelikely to be correlated with each other owing
to theinfluence of afamiliar environment. Therefore, to identify
deeper risk factors, researchers use Bayesian spatiotemporal
modelsto be consistent with the correl ation between individuals;
to identify deeper risk factors, researchers use Bayesian
spatiotemporal modelsthat takeinto account spatial correlations.
Yin et a [6] have used Bayesian spatiotempora analysis to
discover the impact of urbanization and residence on
tuberculosis in other areas. Tian et a [7] have analyzed the
impact of urbanization on the prevalence of scarlet fever. Card
et a [8] reviewed the application of geographic information
systemsin HIV and emphasized the need for careful planning
of resources concerning the geospatial movement and location
of peopleliving with HIV. Therefore, this study usesaBayesian
spatiotemporal model to analyze the impact of relevant dataon
the spatiotemporal distribution of HIV in Luzhou from 2011 to
2020 and provide apoint of reference for the precise prevention
and control of HIV in other prefecture-level citiesin southwest
China

Methods

Ethics Approval

This study has been approved by the ethics committee of
Southwest Medical University (KY 2020225).

Data Sour ces

The data on reported HIV and AIDS cases at district and
township levels, in Luzhou, Sichuan province, from January
2011 to December 2020 were obtained from the AIDS
Information Management System of the Luzhou Centre for
Disease Control and Prevention; the date of registered onset
and current address were collected for each case. Population
data for each administrative district or township at year-end
were collected from the Luzhou Bureau of Statistics, covering
the years 2011 to 2020, obtained from the statistical yearbook

https://publichealth.jmir.org/2022/6/e37491
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[9] of the Luzhou Bureau of Statisticsand rel evant data provided
by the Luzhou Health and Wellness Commission.

We downloaded the fundamental geographic data of municipal
boundary with ascale of 1:400,000 from the National Geomatics
of China, using ArcGIS (version 10.5; Environmental Systems
Research Institute) to describe the spatial distribution of HIV
and AIDS in Luzhou at the district and street levels. HIV and
AIDS incidence rates were calculated at the city, district
(county), and street (township) levels; a Bayesian spatiotemporal
analysis was performed at the district and county levels, and
spatial autocorrelation analysis was performed at the street and
township levels.

Analysis of Demographic Characteristics

We collected the following demographic information from the
Luzhou Statistical Yearbook for use in the Bayesian
spatiotempora model and changed the units of some of the data
to improve the final presentation: (1) population (the number
of individuals who have lived in Luzhou for more than 6
months); (2) grossdomestic product (GDP) per capita (the GDP
divided by the population of the region), with 1000 Yuan (US
$147.48) asthe unit; (3) the urbanization rate (which isdivided
by the county’sresident population); (4) disposable income per
capita (the sum of the final consumption expenditures and
savings available to residents; ie, the income available for
discretionary use), using 1000 Yuan (US $147.48) as the unit;
(5) total road mileagein theterritory (thelength of roadswithin
the districts and counties of Luzhou); (6) the number of
practicing (assistant) physicians and hospital beds (the number
of physicians and beds per 1000 people within the area during
the observation period); (7) and population density (the number
of permanent residents divided by the total area of the district
or county). The above dataare based on the yearbook published
in the current year.

Spatial Autocorrelation Analysis

Spatial autocorrelation statistics have been commonly used to
understand the spatial distribution and structure of diseases,
they also alow for examining spatial dependence or
autocorrelation in spatial data [10,11]. According to Waldo
Tobler's first law of geography, “everything is related to
everything else, but near things are more related than distant
things’; therefore, neighboring counties or townships' incidence
rates of HIV should be more similar than those of
nonneighboring counties or townships [12]. Spatial
autocorrelation includes global spatial autocorrelation, which
isused to estimate the overall degree of autocorrel ation of spatial
data, and local indicators of spatial association (LI1SA), which
are used to assess the impact of individual locations on global
statistics and determine the location and type of clusters. We
performed all of the above analyses using GeoDa (version
1.10.0.8; Center for Spatial Data Science).

The Moran | is computed as follows [13]:

@

LISA are computed as follows [14]:
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Where n is the number of districts, x; and x; are the values of
the reported HIV and AIDS cases of districts i and j,
respectively. X™ represents the average of all district-reported
HIV and AIDS cases, and wj; is the spatial weight matrix
corresponding to thedistrict pair i andj. In calculating the global
autocorrelation, the Moran |, anegative correlation isindicated
when 1<0 and P<<.05, and a positive corréelation is indicated
when >0 and P<<.05; the larger the value of |, the more
obvious the spatial correlation.

Bayesian Spatiotemporal Model Analysis

We studied the impact of the resident population, urbanization
rate, disposable income per capita, GDP per capita, road
mileage, number of physicians, and population density on the
reported incidence of HIV using HIV case data and population
data for each district from 2011 to 2020. In this study, it was
assumed that the number of HIV cases in the ith (i=1,2,...,7)
district in the tth (t=1,2,...,10) year followed a Poisson
distribution, meaning y;; ~ Poisson(A;;) and E(y;;) = A = €6

&, denotesthe expected number of HIV casesinyear tindistrict
I; B;; denotes the ratio of the number of actual cases to the

expected number of casesinyear tindistrict i, whichisthe RR
of diseaseincidence. We use thelog function form of 6,; to build
a Bayes model, computed as follows [15]. 3, is the intercept,
X (i =1,2, ..., 6) represents the urbanization rate, disposable
income per capita, GDP per capita, road mileage, physicians,
and density, respectively. [3; to B¢ denote the regression
coefficients of the corresponding variables.

E
u; isthe spatial structure effect, reflecting spatial dependence,
which isassumed to obey aconditional autoregressive process,

with a Gaussian distribution, and the mean being the weighted
average of neighboring regions u;, i # j, computed as follows

https://publichealth.jmir.org/2022/6/e37491
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[16], where &, isthe first-order neighborhood of region i, [E] is

the number of neighboring regionsin region i, and cze is the
variance of the spatia effect. v; is the temporal structure effect
for which the prior distribution is a first-order autoregressive
AR(1), where the temporal effect v, at timet is only related to
the temporal effect v;. ; at the previoustime (ie, v, = pv.1 + o).

@

The Bayesian spatiotemporal model analysis applies the
CARBayesST and CARBayes packagesin R (version 4.1.0; R
Foundation for Statistical Computing) to estimate parameter
values using Markov chain Monte Carlo simulations, resulting
in mean values and 95% Cls for the posterior estimates of the
parameters [17].

Results

Spatiotemporal Analysisof HIV and AIDS Incidence

A totd of 13,111 HIV and AIDS caseswerereported in Luzhou,
Sichuan province, from 2011 to 2020. The reported incidence
of HIV and AIDS rose from 8.50 cases per 100,000 popul ation
in 2011 to 49.25 cases per 100,000 in 2020, an increase of
578.87%. Table 1 shows that Hejiang county has the highest
average incidence (41.68 cases per 100,000 populations) from
2011 to 2020, 2.28 times higher than that in Gulin county (18.30
cases per 100,000 population), which has the lowest average
incidencerate. The highest cumulative number of cases occurred
in Hejiang and Luxian counties, with 2904 and 2758 cases,
respectively, during the last 10 years. In contrast, Gulin county
has the lowest cumulative number of cases, only (1238/2904,
42.6%) of the cases in Hejiang county. The number of casesin
each region showed an increasing trend year by year. The
highest number of cases occurred in 2019, with 2850 new cases
citywide, of which 688 cases were reported in Hejiang county.
Figure 1 shows the change in HIV and AIDS in Luzhou from
2011-2020, where darker the color, more the HIV and AIDS
Cases.
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Table 1. The number of HIV and AIDS cases and incidence rates by district and county in Luzhou from 2011 to 2020.

Renet a

Year Cases per district, /N (per 100,000)
Jiangyang Naxi Longmatan Luxian Hejiang Xuyong Gulin

2011 59/585,000 30/445,000 72/352,000 71/832,000 59/707,000 29/581,000 38/706,000
(10.09) (6.74) (20.45) (8.53) (8.35) (4.99) (5.38)

2012 69/586,000 35/443,000 62/358,000 99/825,000 66/706,000 66/578,000 46/701,000
(11.77) (7.90) (17.32) (12.00) (9.35) (11.42) (6.56)

2013 95/595,000 48/427,000 69/360,000 185/824,000 94/697,000 69/572,000 79/692,000
(15.97) (11.24) (19.17) (22.45) (13.49) (12.06) (11.42)

2014 135/606,000 61/418,000 88/369,000 163/814,000 126/695,000 67/568,000 80/685,000
(22.28) (14.59) (23.85) (20.02) (18.13) (11.80) (11.68)

2015 136/526,000 72/408,000 115/384,000 278/816,000 154/699,600 109/566,000 93/678,000
(25.86) (17.65) (29.95) (34.07) (22.01) (19.26) (13.72)

2016 168/654,000 127/399,000 116/407,000 298/807,000 262/696,000 137/564,000 103/672,000
(25.69) (31.83) (28.50) (36.93) (37.64) (24.29) (15.33)

2017 235/681,000 197/389,000 145/426,000 309/797,000 276/695,000 171/562,000 139/664,000
(34.51) (50.64) (34.04) (38.77) (39.71) (30.43) (20.93)

2018 257/707,000 292/378,000 199/444,000 467/786,000 646/692,000 274/559,000 230/660,000
(36.35) (77.25) (44.82) (59.41) (93.35) (49.02) (34.85)

2019 394/737,000 351/367,000 216/464,000 565/773,000 688/691,000 406/556,000 230/656,000
(53.46) (95.64) (46.55) (73.09) (99.57) (73.02) (35.06)

2020 361/762,000 202/355,000 184/480,000 323/765,000 533/689,000 293/553,000 200/652,000
(47.38) (56.90) (38.33) (42.22) (77.36) (52.98) (30.67)

Average 1909/6,439,000  1415/4,029,000 1266/4,044,000 2758/8,039,000 2904/6,967,600 1621/5,659,000 1238/6,766,000
(29.65) (35.12) (31.31) (34.31) (41.68) (28.64) (18.30)

Figure 1. Reported HIV and AIDS incidence rates by street/township in Luzhou from 2011 to 2020.
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Bayesian Analysisof HIV and AIDS Cases

We used a Bayesian spatiotemporal model to analyze factors
such as urbanization rate, GDP per capita, road mileage,
physicians, beds, and density, finding that urbanization rate and
density increased the RR of having HIV, while GDP was a
protective factor. For every 1% increase in the urbanization
rate, the RR increases by 1.3%, while anincrease of 100 people
per square kilometer would increase the RR by 8.7%.

Table2. Bayesian model regression coefficient values.

Ren et a

Furthermore, for every 1000 Yuan (US $148.12) increase in
GDP per capita, the RR value decreases by 1.5%. By contrast,
the influence of the number of beds and road mileage on the
risk of acquiring an HIV infection was not significant (Table
2). From 2011 to 2020, the GDP per capita of Luzhou City rose
from 17,000 Yuan (US $2518.00) to 48,100 Yuan (US
$7124.45), and the urbanization rate rose from 38.8% to 52%,
while the population density remained at approximately 350
people per square kilometer, as shown in Figure 2.

Variable Median (95% ClI) A posteriori estimated relative risk values (95% Cl)
Gross domestic product per capita —0.016 (—0.0296 to —0.0048) 0.985 (0.973 to 0.999)
Urbanization rate 0.014 (0.004 to 0.027) 1.013 (1.000 to 1.027)
Density 0.092 (0.033 to 0.159) 1.087 (1.020 to 1.164)
Road mileage 0.002 (0.000 to 0.005) 1.002 (1.000 to 1.004)
Number of beds 0.018 (—0.035 to 0.069) 1.019 (0.967 to 1.074)

Figure 2. Trendsin gross domestic product (GDP) per capita, population density, and urbanization rate by district and county.
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Spatial Autocorrelation Analysis of HIV and AIDS
Incidence

TheHIV and AIDSincidencein Luzhou at the township (street)
level from 2011 to 2020 is shown in Multimedia Appendix 1.
The highest incidence occurred in Danlin Township, Anfu
Street, Fuji Township, Hetou Township, and Ganyu Township.
Table 3 showsthe results of the spatial autocorrelation analysis
on HIV and AIDS incidence over the last decade, with Moran
| values ranging from 0.174 to 0.483 (P<.05 for each Moran |
value). This anaysis indicates a high positive spatial
autocorrelation of HIV and AIDS incidence at the street
(township) level.
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Figure 3 illustrates the distribution of LISA values across
Luzhou City. It shows the high-high (HH) incidence clustersin
Taian township, Anfu township, and Lianhuachi township from
2011 to 2015. Since 2016, HH incidence clusters have moved
toward the southeast, including some streetsin Hejiang county.
Most townshipsin Naxi county, Longmatan district, and Luxian
county have transitioned to being without obvious spatial
clustering after 2015. This analysis also showed that clusters
of “cold spots’ in core low-low areas were located in most
townshipsin Gulin county. A map of the districts and counties
of Luzhou is provided in Multimedia Appendix 2 to facilitate
clarification of the administrative divisions of Luzhou.
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Table 3. The results of the spatial autocorrelation test on HIV and AIDS incidence in China from 2011 to 2020.
Year Moran | E(1) Zvaue P value
2011 0.211 —0.0082 4.1506 .003
2012 0.174 -0.0082 3.3516 .005
2013 0.246 —0.0082 4.3966 .001
2014 0.308 -0.0082 5.5326 .001
2015 0.317 —0.0082 5.8649 .001
2016 0.336 -0.0082 6.0172 .001
2017 0.421 —0.0082 7.3177 .001
2018 0.483 -0.0082 8.3788 .001
2019 0.444 —0.0082 7.9508 .001
2020 0411 -0.0082 7.0059 .001

Figure 3. Local indicators of spatial association cluster map of HIV and AIDS incidence in Luzhou from 2011 to 2020.
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Discussion

This study analyzed the spatial and temporal distribution of
HIV and AIDS incidence in Luzhou based on the number of
HIV and AIDS cases and demographic datafrom 2011 to 2020
using Markov chain Monte Carlo methods and Bayesian
spatiotemporal models. The Bayesian spatiotemporal model
integrated the temporal information, spatial information,
parameter uncertainty (prior distribution) embedded, and
correlated factors associated spatiotemporally, which resolved
the estimation bias caused by the spatial structure and madethe
estimates more stable and reliable [ 16]. We found that for every
1% increase in the urbanization rate, the RR value increases by
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1.3%, while an increase of 100 people per square kilometer
would increase the RR by 8.7%. In contrast, for every 1000
Yuan (US $148.42) increase in GDP per capita, the RR vaue
decreases by 1.5%. Thus, density and urbanization rate may be

essentia factors in the rise in HIV and AIDS incidence in
Luzhou, while GDP per capitaslowsitsrise.

2020

Previous studi es based on Bayesian spatiotemporal models had
shown that urbanization is positively associated with the
prevalence of infectious diseases such as scarlet fever and
tuberculosis[6,7]; it has also been shown that population density
is associated with hemorrhagic fever in rena syndrome [18].
Thisstudy also found that increased urbani zation and population
density increased the RR of having HIV or AIDS. The
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urbanization rate increased by 4.88%, and population density
increased by 6 persons per square kilometer (varying by county)
from 2011 to 2020, suggesting that this may be one of the
underlying reasons for the increase in reported HIV and AIDS
incidence in Luzhou. By contrast, GDP per capita emerged as
a protective factor against the incidence of HIV and AIDS.
Consistent with previous studies, the regions with the worst
AIDS epidemics globally were often less economicaly
developed regions; sub-Saharan Africa, where 40% of the
population lives below the poverty line of US $1.40 per day,
had the highest incidence of AIDS globally [19].

Further analysis of our data for the past 10 years for the 7
counties of Luzhou showed that Longmatan district and
Jiangyang district had the highest urbanization rates with the
minor differences and the highest and fastest-growing GDP per
capita; this area is also the economic, cultural, medical, and
educational center of Luzhou with relatively complete
infrastructure. However, its popul ation density far exceeds that
of other counties, increasing the RR. Combining the 3 factors,
the reported HIV and AIDS incidence in the region is at a
medium level. Therefore, it is suggested that the region balance
urban development and HIV and AIDS prevention, increase
publicity on high-risk behavior, raise awareness of
self-protection methods, and increase investment in HIV and
AIDS prevention and treatment.

The highest HIV and AIDS incidence was in Hegjiang County,
which increased to 91.74% in 2018 (compared to only 39% in
2017). Thisincrease had implications for the predictions of the
Bayesian spatiotemporal model. The GDP per capita,
urbanization rate, and population density had minor variations
around 2018, so we believe that the emergence of this
phenomenon was related to Luzhou's policies [20,21]. The
policiesincreased screening for HIV and AIDS, and more cases
arebeing detected asaresult. Thisallowed someHIV and AIDS
casesin patientswho had been infected for along time but were
not aware of it to be detected earlier. Early detection is an
integral part of HIVV and AIDS prevention and treatment [22,23],
which can reduce the risk of transmission, ensure the efficiency
of antiviral treatment, and increase the lifespan of individuals
with HIV or AIDS, suggesting the need for early screening.

By contrast, Gulin, which had thelowest average HIV and AIDS
incidence rate, has always shown a low incidence overall as it
has not been the worst affected area, has been relatively stable
in al factors, and is far from economic and cultural centers.
However, in recent years, the population density in Gulin
Township hasincreased, and the number of cases and incidence
rates have continued to increase. With the increasing openness
of sexual attitudes and the frequent occurrence of nonmarital
commercia sex, Gulin Town will become a priority area for
HIV and AIDS prevention and treatment in Luzhou.

To further verify the previously mentioned influencing factors,
we conducted a spatial clustering analysisof HIV and AIDSin
Luzhou at the street or township scale. We found that HIV and
AIDS incidence hotspots were concentrated near the streets
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where each district and county government is located (Anfu
Street, Hongxing Street, Fuji township, Hejiang township,
Xuyong township, and Gulin township). Aseconomic and socia
progress continues [24,25], and urbanization rates increase
(especially near each district and county government), the
population isbecoming more and more concentrated and densely
populated. From 2011 to 2015, these areas, centered on
Nancheng Street in Jiangyang district, Hongxing Street in
Longmatan district, and Fuji Township in Luxian, have the
highest incidence of HIV and AIDS. In the case of thetownships
of Lushan county, for example, the GDP per capitahasincreased
from 15,300 Yuan (US $2266.57) per person in 2011 to 44,500
Yuan (US $6592.30) per person in 2020, almost 3 times what
it was 10 years ago, an increase that has meant the townships
of Lushan county are no longer the hotspots they once were,
providing evidence to suggest that economic growth is a
protective factor against HIV and AIDS [26,27].

After 2016, Luzhou's high HIV and AIDS incidence area
gradually shifted eastward, mainly concentrating in Xiantan,
Nantan, Bailu, and Ganyu townships in Hejiang county. The
areahas alow level of economic development and insufficient
human resources for health compared to other areas. The GDP
per capitain the areaislower than the average in Luzhou, and
the low level of economic development may be one of the
reasonsfor the high prevalence of AIDSinthetownship [28,29];
the cold spots in Luzhou from 2011 to 2020 were mainly
concentrated in X uyong county and southern Gulin county. The
results of the small-scale hotspot analysis also verified the
influence of urbanization, population density, and GDP per
capitaonthe spatial and temporal distribution of HIV and AIDS
in Luzhou.

There are still some limitations in this study. First, population
data are all from the Luzhou City Statistical Yearbook and are
collected at the county level only; population data at the street
and township levels are estimated using data from the sixth
census in 2010 [30], and the incidence rates were not accurate
for each year. Second, the indicators included in this paper are
all macrocontrol statistics, but the causes affecting the incidence
of AIDS are complex and varied, and it may not be possible to
cover al theinfluencing factors. Lastly, the incidence of AIDS
is reported late [31], and it is expected that the delay or lag
between the number of reported HIV and AIDS infections and
the exact number of HIV and AIDS infections will result in a
differencein RR. Therefore, further studies are needed to collect
more detailed data and conduct more in-depth studies.

In conclusion, from 2011 to 2020, the incidence and number of
HIV and AIDS cases in al districts and counties of Luzhou
have increased significantly, and the work of prevention and
treatment still faces many challenges[32]. This study suggests
that increasing urbanization rates and population density may
be important reasons for the rise in reported HIV and AIDS
incidence in Luzhou, while the growth in GDP per capitaplays
aprotective role. This study has important implications for the
precise prevention and control of HIV and AIDS in other
prefecture-level citiesin southwest China.
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Abstract

Background: Digital HIV interventions (DHI) have been efficacious in reducing sexual risk behaviors among sexual minority
populations, yet challenges in promoting and sustaining users engagement in DHI persist. Understanding the correlates of DHI
engagement and their impact on HIV-related outcomes remains a priority. This study used data from a DHI (myDEXx) designed
to promote HIV prevention behaviors among single young men who have sex with men (YMSM; ages 18-24 years) seeking
partners online.

Objective: The goal of this study isto conduct a secondary analysis of the myDex project data to examine whether YMSM'’s
online behaviors (eg, online partner-seeking behaviors and motivations) are linked to participants engagement (ie, the number
of log-ins and the number of sessions viewed).

Methods: We recruited 180 YMSM who were randomized into either myDEx arm or attention-control arm using a stratified
2:1 block randomization. In the myDEx arm, we had 120 YMSM who had access to the 6-session intervention content over a
3-month period. We used Poisson regressions to assess the association between Y MSM'’s baseline characteristics on their DHI
engagement. We then examined the association between the participants engagement and their self-reported changesin HIV-related
outcomes at the 3-month follow-up.

Results: The mean number of log-ins was 5.44 (range 2-14), and the number of sessions viewed was 6.93 (range 0-22) across
the 3-month trial period. In multivariable models, the number of log-inswas positively associated with high education attainment
(estimated Poisson regression coefficient []=.22; P=.045). The number of sessions viewed was associated with several baseline
characteristics, including the greater number of sessions viewed among non-Hispanic YMSM (3=.27; P=.002), higher education
attainment (3=.22; P=.003), higher perceived usefulness of online dating for hookups (3=.13; P=.002) and perceived loneliness
(B=.06; P=.004), as well as lower experienced online discrimination (f=—01; P=.007) and limerence (3=—02; P=.004). The
number of sessions viewed was negatively associated with changesin internalized homophobia (f=—06; P<.001) and with changes
in perceived usefulness of online dating for hookups (f=—20; P<.001). There were no significant associ ations between the number
of log-ins and changes in the participants behaviors at the 90-day follow-up.

Conclusions: DHI engagement is linked to participants’ sociodemographic and online behaviors. Given the importance of
intervention engagement in the intervention’s effectiveness, DHIs with personalized intervention components that consider the
individuals' differences could increase the overall engagement and efficacy of DHIs.

Trial Registration: Clinical Trials.gov NCT02842060; https://clinicaltrial s.gov/ct2/show/NCT02842060.
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Introduction

HIV infections among young men who have sex with men
(YMSM) between 13 and 29 years of age are of particular
concern in the United States[1]. HIV prevention digital health
interventions (DHI) provide opportunitiesto reach YMSM and
offer HIV-related prevention information given their appeal and
broad reach [2]. High technology use among youth makes DHIs
feasible, enables easier and faster spread of information, offers
agreater number of opportunitiesfor real-time behavior change
cues and nudges, and provides greater access to social support
and engagement, particularly for individuals who might
experience stigma in their real-world environments [3-5]. By
design, DHIs are appealing because they can be delivered
remotely, allow for self-guided learning, and encourage
asynchronous interaction with others. As a result, evaluating
the effectiveness of DHIs requires a different set of
considerations, as compared to face-to-face interventions that
are delivered by a facilitator in a specific time and place.
Researchers have recently noted how these engagement
considerations remain the crucial factor in evaluating the true
intervention effects of DHIS[5].

DHIs have been linked to changes in cognitive and behavioral
risk factors, increases in the adoption of HIV prevention
behaviors, and the development of supportive relationships
online [6,7]. While the strengths of DHIs are noteworthy, a
recent review [8] of 16 DHI studies on HIV prevention and
treatment (8 studies encouraged HIV testing, 7 studiestargeted
condom use, 3 studies promoted preexposure prophylaxis
initiation and adherence, and 3 studies encouraged antiretroviral
therapy adherence) among gay, bisexual, and other men who
have sex with men (MSM) published between 2012 and 2019
found that 33% of the interventions that intended to promote
HIV testing and 43% of those that intended to increase condom
usewere not statistically effective[8]. The absence of observed
effects in these interventions may be related to participants
engagement with the interventions. In a recent review,
Hightow-Weidman and Bauermeister [9] documented how
participants engagement with DHI content was associated with
key HIV prevention outcomes across 4 distinct HIV
interventions designed for Y MSM. They found that intervention
exposure and dosage, between-arm and within-arm, strengthened
the observed intervention effects.

Limited engagement can impact an intervention’s effect on
behavior change; however, it is imperative that researchers
examine participants engagement with DHI to enhance the
precision in calculating the efficacy of their interventions and
ultimately maximize the effectiveness and efficiency of their
interventions. For example, researchers found that engagement
moderated the efficacy of healthMpowerment.org (HMP), a
theory-based phone-optimized DHI for young Black MSM.
Participants who met the recommended engagement time with
the intervention (ie, 60 minutes or more during the 3-month
intervention period) showed greater reduction in the number of
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condomless anal intercourse (CAI) episodes compared to those
who did not comply with the recommended engagement time
[7]. Moreover, thetotal time spent on HM P was correl ated with
overal site satisfaction during usability assessment [10], and
participants who engaged with the intervention components
where those who could share experiences and receive socia
support (eg, Forum, Getting Real, and Ask Dr.W), and the
content of the intervention exhibited reduced levels of stigma
[11]. Therefore, without engagement metrics, it is hard to know
whether a DHI was delivered to participants, achieving the
intervention “dose” required for optimal behavior change, as
these applications offer an array of different activities and
featureswithout dictating a standardized sequence of activities,
amount of exposure or frequency, and duration of interactivity.

Researchers have promoted the use of paradata metrics for
measuring engagement with DHIs [9,12]. Paradata can be
defined as automatically generated process data that capture
participants’ actions within an application [13-15], and can be
transformed to characterize the amount, frequency, duration,
and depth of engagement across and within DHIs [9]. Thus,
paradata metrics are crucial to understanding how differential
engagement might impact behavior change and help inform
what constitutes meaningful engagement [16]. To date, limited
attention has been paid to whether participants’ characteristics
may serve as correlates of DHI engagement. Several recent
studies have noted that participants sociodemographic
characteristics may be associated with DHI engagement [17,18].
Beyond examining sociodemographic differences in DHI
engagement, few studies have examined whether other
psychosocial factors are related to DHI engagement.
Understanding the antecedents to DHI engagement may help
researchers and practitioners alike to create implementation
strategies that improve engagement and, in turn, maximize its
potential effects.

In order to characterize users engagement, this study examines
how the interplay of internet use patterns and partner-seeking
characteristics influence engagement in DHIs. Therefore, the
goa of this study is to conduct a secondary analysis of the
myDex project data to examine whether YMSM’s online
behaviors (eg, online partner-seeking behaviors and motivations)
arelinked to participants’ engagement with the DHI. To advance
thisgoal, our study had 3 objectives. First, we examined whether
YMSM'’s internet-using patterns, relationship characteristics,
psychologica facilitators and barriers, and sexual behaviors
predicts their DHI engagement. Second, we explored whether
participants engagement during the 90-day intervention
impacted psychobehavioral changes in internet use patterns,
relationship characteristics, psychologica facilitators and
barriers, and sexual behaviors from baseline to the 90-day
follow-up. Third, we evaluated whether there are different
correl ates between frequency of engagement (number of log-ins)
and amount of engagement (number of sessions viewed).
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Methods

Ethics Approval

The research and ethics presented in this study have been
reviewed and approved by the University of Michigan
Ingtitutional Review Board (HUMO00091627). The University
of Pennsylvania ceded regulatory oversight to the University
of Michigan (University of Pennsylvania IRB #824885). The
study isaso registered on Clinical Trials.gov (NCT02842060).

Figure 1. Screenshot of myDEX intervention.
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Study Procedure

Data from this study come for the myDEX web application, a
DHI tria delivering dating and partner-seeking behavior content
for singleY MSM presumed to be HI V-negative and who engage
in CAl with sexual partners met online (Figure 1). A detailed
protocol for myDEX has been outlined elsewhere [19]. The
participants were recruited across the United States through
advertisements on online social media and sexual networking
platforms. Social network advertisements were targeted to men
who fit the study’s age criterion and who lived in the United
States.

MEETING YOU
WHERE YOU
ARE AT,
RIGHT NOW.

To participate, participants had to self-report the following: (1)
male sex at birth and male gender identity; (2) age of 18 to 24
years; (3) HIV-negative or HIV-unaware serostatus; (4) single
relationship status; (5) prior use of online dating applications,
and (6) report CAl with at least one male partner in the prior 6
months. Upon completion of an online informed consent form,
eligible participants compl eted a 30-minute web-based baseline
guestionnaire ascertaining their sexual and online behaviors,
mental health, and demographic information.

A sampleof 180 single YMSM (aged 18-24 years; 50% [n=90]
racial or ethnic minorities) were recruited between November
2016 and January 2017 and randomized to either theintervention
arm (myDEX) or the attention-control arm using astratified 2:1
block randomization design.

The participants were given access to myDEXx for 90 days. The
intervention (myDEx) was divided into 6 sessions, each
addressing distinct cognitive and affective content areas (Table
1). Within each session, intervention content was organized into

https://publichealth.jmir.org/2022/6/e33867
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the following three levels: (1) core messages, (2) in-depth
discussion of topics linked to the core message, and (3) an
interactive activity linked to the information presented. Within
each session, the participants had access to brief activities and
videos designed to build their HIV risk reduction skills and
promote self-reflection about their sexual health and
partner-seeking behaviors. We designed the sessions to keep
users engaged for at least 10 minutes. The participants were
required to complete the first session before being ableto access
the other 5 sessions and interactive activities [19]. The
participants could view the sessions multiple times. However,
we did not have a priori threshold for the number of sessions
viewed and log-ins, nor did we set an expectation for users to
use the intervention over anumber of sessions or log-ins. This
study analyzed (1) the effect of baseline characteristics on
engagement in the myDEXx intervention over 90 days and (2)
the associ ations between engagement in the myDEXx intervention
aswell as changesin the participants’ characteristics during 90
daysamong 120 single Y MSM in themyDEXx intervention arm.
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Table 1. Content of 6 sessionsin myDEX.
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Session Content

Session 1: “Sexuality & Relationships’ The importance of feeling comfortable talking about sexuality, desires within relationships, and health

Session 2: “Desires & Behaviors’ Different relationship types (eg, romantic relationships, friends with benefits, and hookups) and sexual de-
cision-making

Session 3: “What Makes Good Sex” Comprehensive sex education: same-sex behaviors, including the importance of sex positivity, varying
sexual practices, and sexua consent

Session 4: " Sexual Well-being” HIV and ST1?risks reduction when engaging in anal sex: (1) what lubricants and condoms are best suited
for anal intercourse; (2) facts about HIV and STI transmission; and (3) the importance of status disclosure
prior to sex.

Session 5: “ Getting The Sex You Want”  Strategies to improve sexual communication with partners before, during, and after sex

Session 6: “Your Body, Your Health”

Summarizes key messages from prior modules; offers nearby HIV/STI testing resourcesand PrEP locations.

83T1: sexually transmitted infection.
bprEP: preexposure prophylaxis.

M easures

This study analyzed the myDEXx intervention arm (n=120)
paradata over 90 days, participant characteristics at baseline,
and participant characteristics at the 90-day follow-up.
Parti ci pants characteristics were examined for associationswith
intervention engagement.

Participant Paradata

Over the 90-day trial period, the participants’ actionsin myDex
were collected as paradata. Paradata can be transformed to
characterize the amount, frequency, duration, and depth of
engagement with aweb-based intervention [9]. Amount refers
to aquantity of something in number, size, or value. Frequency
is the number of occurrences of a repeating event over a
particular time. Duration is the time during which something
continues. Depth represents the usage of different intervention
components. In this study, we employed two types of paradata
metrics, which are (1) the frequency of engagement (number
of log-ins) and (2) the amount of engagement (number of
sessions viewed). We measured the frequency of intervention
use by counting the number of log-ins during the intervention
period and the amount by counting the number of sessions
viewed per log-in.

Demographic Characteristics

We asked the participants to report their age and ethnicity. In
addition, the participantswere asked to report their highest level
of education (some high school, graduated high school, technical
school, associate degree, some college, college, some graduate
school, or graduate degree). Then, education was dichotomized
as “less than associate degree” or “associate degree, college
graduate, or more than college.”

Internet Use Patterns

Frequency and Usefulness of Online Dating

The participants were asked about frequency and useful ness of
online dating to find a date, and the same set of questions were
asked regarding finding a hookup in the past 30 days. The
frequency of engaging in online dating had the following six
response options: (1) “Never,” (2) “Once amonth or less,” (3)
“2-3 times amonth,” (4) “About once aweek,” (5) “2-6 times
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aweek,” and (6) “About once a day.” The usefulness of using
online dating employed a 4-point Likert-type scale from “Not
at al” to“Very much.”

Online Discrimination

We used an 8-item adapted version of the Everyday
Discrimination Scale[20] to measure experienced discrimination
when looking for partners online (a=.81). The example items
were asfollows: “People act asif they think you are not smart”
and “You are treated with less courtesy than other people are.”
The response had 6 response options ranging from “Never” to
“Almost every day.” We created a continuous score by summing
8 items (range 0-40), with higher scores indicating higher
experienced discriminations when looking for apartner online.

Psychological Facilitators and Barriers

I nternalized Homophobia

We used a 7-item, revised Reactions to Homosexuality Scale
[21] to measure internalized homophaobia. The scale includes
statements such as “Even if | could change my sexua
orientation, 1 wouldn't” and “I feel comfortable being a
homosexual man.” Scoring is reversed for 1 item, which is
positive affect statements. The scale employed a 5-point Likert
scal e with response optionsfrom Strongly Disagreeto Strongly
Agree. Then, total score was computed by creating sum score
(range 5-35) with higher scores indicating higher internalized
homophobia (0=.72).

L oneliness

We used the 3-1tem UCLA Loneliness Scal e to measure overall
socia isolation [22]. Theitemswere asfollows: (1) “How often
do you feel that you lack companionship?’ (2) “How often do
you feel left out?” and (3) “How often do you feel isolated from
others?’ The response categories were coded 1=hardly ever,
2=some of the time, and 3=often. We used the sum scores of
these 3 items, with higher scores indicating greater social
isolation (range 3-9; a=.84).

Mental Health

We used the Center for Epidemiol ogic Studies Depression Scale
with 10 items to measure mental health status in the past week
[23]. The scaleincludes 3 items on depressed affect, 5itemson
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somatic symptoms, and 2 on positive affect. The scale employed
a4-point Likert scale ranging from “rarely or none of thetime’
to “al of the time” Scoring is reversed for 2 items (“I felt
hopeful about thefuture” and “| washappy™), which are positive
affect statements. Total scores can range from 0 to 30 (0=.83),
with higher scores indicating greater severity of symptoms.

Self-esteem

Rosenberg et a [24] developed a scale with 10 items (eg, “On
thewhole, | am satisfied with myself”) with responses rated on
a 4-point Likert-type scale (“strongly agree” to “strongly
disagree”) to estimate individuals' self-esteem. Scoring was
reversed for negatively worded items. A higher score indicates
greater self-esteem (range 0-30; a=.90).

Relationship Characteristics

I deal Relationship Characteristics (Intimacy, Commitment,
and Passion)

We used the Triadic Love Scale to assess YMSM's perceived
relationship characteristics [25]. The participants responded to
the importance of quality in their ideal romantic relationship
with their partner. The original scale with 20-item employs a
4-point Likert-type scale with response options ranging from
“Not at all important” to “Very important.” Three subscales
were derived from the following scales: intimacy (eg, “To feel
close to your partner”; 9 items; a=.90); commitment (eg, “To
feel asense of responsihility towardsyour relationship”; 5items;
0=.75); and passion (eg, “To explore your sexuality with your
partner”; 6 items; 0=.82). In this study, we computed a mean
scorefor each subscale (range 1-4), where higher scoresindicate
greater ideation on that component.

Limerence

We adapted a limerence scale to measure the intense feelings
of dependence, insecurity, and doubt about a relationship and
experiences with intrusive and intense thoughts about partners
[26]. We asked the participants 8 items using a 5-point scale
ranging from 1 (“Strongly disagree”) to 5 (“ Strongly agree”).
The scale includes statements such as*“ | think about how being
in arelationship would solve my problems,” “I have sex to feel
loved,” and “I obsess about a specific person even though it
may not work out.” We computed a score summing 8 items
ranging from 8 to 40, where higher scores indicate greater
limerence (0=.84).

Sexual Risk Behaviors

Decisional Balance to Condom Use

We used the Decisional Balance Scale to examine the
participants’ decisional balance to use or forego condoms with
partners[27]. The participants were asked 7 paired statements.
For each item, the participants rated their preference for sex
without condoms, followed by the same question asking about
preference for sex with condoms. The items included “Sex
[with/without] condoms is very intimate to me” and “Sex
[with/without] condoms makes me feel close to my partner.”
Each item was measured using a 4-point scale ranging from
“Strongly disagree” to “Strongly agree.” A net difference for
decisional balance items was created by summing the net
difference between condomless sex and condom use scores
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across the items, resulting in 7 net scores ranging from -3 to
+3. Finaly, we created the total decisional balance to use
condoms scores by computing a mean score of these 7 items.
Positive scores indicate greater endorsement of sex without
condoms, while scores closeto zero indicate adecisional balance
between sex with and without condoms (0=.89).

Self-efficacy to Use Condoms

We used an 8-item scale to measure how hard or easy it isto
use condoms with a date (0=.82), respectively, and the same
set of questions was used for a hookup (0=.77). The example
itemswere asfollows: “ To have condoms with you in case you
have sex?’ and “To discuss having safer sex with a hookup
partner online?” The self-efficacy to use condoms scale
employed a 4-point Likert-type scale from “Very easy to do”
to“Very hardto do” (range 8-32). Thetota self-efficacy to use
condomswas computed by summing the scores of these 8 items.
Higher scoresindicate hardship in using condoms when thinking
about a date or a hookup.

The Number of Sex Partnersand Anal Intercourse

We used an adapted version of the Sexual Practices Assessment
Schedule[28,29] to quantify the number of male partnersinthe
prior 30 days. First, the participants indicated the total number
of male sexual partners with whom they had sex (oral or anal).
Then, they were asked to report the number of male sexua
partners with whom they had receptive and insertive anal sex.
Lastly, the participants were asked to indicate the number of
partners with whom they did not use condoms. We created a
continuous variable to measure the number of sex partners and
the number of engagements in receptive or insertive ana
intercourse. We excluded outliersfor the number of sex partners
and anal intercourse.

Statistical Analysis

Descriptive statistics were used to summarize the study
participants' characteristics including internet use patterns,
relationship characteristics, psychologica facilitators and
barriers, and sexual behaviors. Differences in the participants
characteristics between baseline and 90-day follow-up were
compared using McNemar tests and paired t tests. Then, we
used Poisson regressions with robust variance to assess the
effect of the participants baseline characteristics on 2
engagement outcomes (ie, the number of sessions viewed and
the number of log-ins) and the associations between changes
in the participants’ characteristics and engagement within the
myDEX intervention for 90 days. Multivariable models were
fitted based on significant variables in bivariable models
(P<.05). All analyseswere conducted in SAS 9.4 (SAS|nstitute
Inc) [30].

Results

Description of the Study Participants

We summarized the participants’ characteristicsin Multimedia
Appendix 1. Among 120 participants, the mean age was 21.67
(SD 1.81) years. Most participants were identified as White
(n=89, 74.2%), followed by Black (n=18, 15.0%), Other (n=12,
10.0%), and Asian (n=10, 8.3%). One-third of the participants
(n=35, 29%) were L atino, and most participants (=98, 81.67%)
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received education of some associate degree or higher. A
majority of participants (n=91, 75.8%) used the internet for 1
to 6 hours per day. Almost half of the participants used online
dating at least once aweek to find a date (n=59, 49.2%), while
amajority of participants used online dating lessthan 2-3 times
a month to find a hookup (n=100, 83.2%). However, the
participants considered online dating a useful tool to find a
hookup (n=55, 45.8%) rather than a date (n=36, 30%). They
also experienced moderate levels of discrimination in online
settings. In addition, they showed a propensity toward seeking
out novel or risky sexual stimulation (mean 20.5, SD 7.8) and
had moderate ideation on intimate (mean 3.8, SD 0.3),
passionate (mean 3.6, SD 0.4) and committed (mean 3.7, SD
0.4) relationships. Additionaly, they reported the intense
feelings of dependence, insecurity, and doubt about a
relationship as well as experiences with intrusive and intense
thoughts about partners (mean 22.9, SD 6.6).

We summarized engagement in the myDEX intervention over
90 days with the frequency of engagement (number of log-ins)
and the amount of engagement (number of sessions viewed).
On average, the participants|ogged into the myDEX intervention
5.44 times (range 2-14) and viewed sessions 6.93 times (range
0-22) during the 90 days of intervention.

Baseline Char acteristics and myDEXx Engagement

The Number of Log-ins

In bivariable models (M ultimedia Appendix 2), the participants
were more likely to log into myDEXx during the 90 days of
intervention if they had higher educational attainment (estimated
Poisson regression coefficients [[3]=.23; P=.04) and reported
higher frequency of online dating to find a hookup (=.07;
P=.03), higher perceived usefulness of online dating for a
hookup (3=.09; P=.01), greater loneliness (f=.05; P=.02), and
higher number of sex partners (B=.04; P=.003).

In a multivariable model, higher education attainment (=.22;
P=.045) and loneliness (3=.04; P=.07) remained associated with
the number of log-ins during the intervention.

The Number of Sessions Viewed

Similar to the number of log-in models, in bivariable models,
the participants who identified as Hispanic (=—25; P=.002)
and reported higher discrimination experiences in an online
setting (f=—01; P=.02) and limerence (f=-.01; P=.02) at
baseline viewed fewer sessions. However, the participants
viewed more ons after the 90-day intervention if they had
higher educational attainment (3=.25; P=.002), reported higher
frequency of online dating useto find ahookup (3=.06; P=.02),
perceived greater usefulness of online dating to find a hookup
(B=.14; P<.001), experienced greater loneliness (3=.05; P=.01),
and had a greater number of sex partners (f=.04; P=.001) at
baseline.

In a multivariable model, the number of sessions viewed was
associated with non-Hispanic ethnicity (B=—27; P=.002), higher
educational attainment (3=.22; P=.003), perceived usefulness
of onlinedating for hookups (3=.13; P=.002), loneliness (3=.06;
P=.004), experienced online discrimination (3=—01; P=.007),
and limerence (=—02; P=.004).
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Changesin the Participants BehaviorsBased on
myDEXx Engagement

At the 90-day follow-up, the participants’ frequency of online
dating to find a date or a hookup decreased significantly
(Multimedia Appendix 1). At basdline, 12.5% (n=15) of the
participants had not used online dating to find adate in the past
month, but at the 90-day follow-up, 33.7% (n=32) of the
participants had not used online dating to find adate in the past
month (P=.004). Similarly, 20% (n=24) of the participants never
used theinternet to find ahookup at baseline, but this percentage
increased to 46.3% (n=44) at the 90-day follow-up (P=.007).
In addition, their experienced discrimination in an online setting
decreased significantly from baseline to the 90-day follow-up
(baseline mean 17.0; and 90-day follow-up mean 3.25; P<.001).
The participants a so showed improvementsin their decisional
balance of having sex with and without condoms (baseline mean
—0.42; and 90-day follow-up mean —0.26; P=.03) and reported
fewer sex partners in the past month (baseline mean 2.39; and
90-day follow-up mean 1.15; P<.001). We examined whether
these changes over time were correlated with YMSM's
engagement with the DHI.

The Number of Log-ins

There were no significant associations in bivariate or
multivariable model s between the number of log-insand changes
in the participants behaviors at the 90-day follow-up
(Multimedia Appendix 3).

The Number of Sessions Viewed

In bivariate models, the number of sessions viewed was
negatively associated with the perceived usefulness of online
dating for hookups (B=—21; P<.001) and internalized
homophobia (B=—03; P=.008). However, the number of sessions
viewed were positively associated with increased ideation of
an intimate romantic relationship (f=—29; P=.04) and increased
number of insertive anal intercourse events (3=.08; P=.02).

In the multivariable model, the number of sessions viewed was
negatively associated with internalized homophobia (3=—.06;
P<.001) and with changes in perceived usefulness of online
dating for hookups (f=—20; P<.001). No other statistically
significant associations were observed.

Discussion

Principal Results

DHIs have great potential for HIV prevention, but there is
divergence in their effectiveness in the existing literature [8].
The discrepancy in DHI effectiveness may be attributable to
variations in the participants engagement. Therefore,
researchers have recently noted how engagement considerations
areacrucial factor in evaluating the true intervention effects of
DHIs [12,31,32]. In this study, we elucidated whether DHI
engagement as defined by 2 paradata indicators (ie, frequency
of log-ins and number of sessions viewed) are associated with
participants’ characteristics and the intervention’'s effect on
several HIV-related behavior at the 90-day follow-up.

The participantswho engaged in the myDEX intervention logged
in at least 2 times, with amaximum of 14 times, in the 90-day
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intervention period. Moreover, the participants viewed an
average of 7 sessions. However, there were 8/120 (6.7%)
participants who never viewed any of the sessions, including
the initial mandatory session. Varied engagement was driven
by differences in the participants sociodemographic
characteristics and online behaviors. Similar to the study by
Bonett et al [17], we found that both frequency and amount of
engagement were greater anong Y MSM with higher educational
attainment. We al so noted lower amounts of engagement among
Latino participants. DHIs have the potential to reduce HIV
inequities among underserved communities, including racial
and ethnic minority communities and populations with fewer
socioeconomic resources [33]; however, our findings suggest
that these inequities may not be resolved if the same populations
arelesslikely to engage with DHIs. Effortsto addressthe digital
divide by addressing health literacy [34], cultural competency
[35], and high-quality accessto technol ogiesthat facilitate DHI
engagement are warranted. We recommend that future
intervention studies examine the extent to which increasing
health literacy and cultural factors as well as addressing online
access barriers (eg, reducing entry barriers) may be warranted
[36-38] to increase engagement among underserved popul ations
that could benefit from DHIs.

Engagement was also linked to Y MSM’ s online partner-seeking
behaviors at baseline. Engagement was greater among Y MSM
who perceived online dating applications as a useful hookup
tool and who self-reported interpersonal difficulties both online
and offline (eg, greater loneliness and social isolation, greater
discrimination in online settings, and reported overzeaous
romantic ideation or limerence). Taken together, these findings
suggest the need to acknowledge and address the role that
psychological factors may play in YMSM’s DHI engagement.
Given the correlation between psychological factors and HIV
risk behaviors [39,40], researchers should explore how to
address these psychological factors as part of the DHI
implementation strategy to reduce the presence or severity of
these HIV risk correlates while also creating opportunities to
address other HIV risk factorsin YMSM’s lives. For example,
participants who self-report social isolation or online
discrimination at baseline may benefit from access or nudges
to intervention components focused on social support earlier
on in the intervention, whereas those reporting limerence may
benefit from intervention content and activities related to affect
regulation earlier in the intervention.

The participants who viewed a greater number of sessions
showed significant decreases in experienced discrimination in
an online setting and internalized homophobiaover time. Given
the complexity of cognitive decision-making in health behavior
[41], we do not know whether participants who had negative
experiences in an online setting engaged with the intervention
more than others to enhance their resilience, which could
increase their ability to bounce back from those negative
experiences and resolve internalized homophobia. For instance,
it isplausible that participants who experienced discrimination
in an online setting and had high levels of internalized
homophobia viewed more sessionsin an effort to enhance their
resilience [42]. To examine whether these changes would
improve DHI engagement, we encourage researchersto leverage
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innovations in research designs in future efforts. For instance,
to detangle these complex behavior-change processes during a
DHI, researchers may need to monitor the participants

engagement and changesin their psychosocial behaviorsinreal

time to understand these complex processes and respond by
providing adequate i ntervention strategies. Just-in-time adaptive
intervention designs[43] may facilitate these efforts given their
ability to automatically detect changesin participants behaviors
inreal timeand to ddliver intervention components most rel evant
to the participants’ ongoing needs[36,44]. Just-in-time adaptive
interventions have been used for various health behaviors,
including addiction, mental health, and healthy diet [45]. Future
intervention research examining whether optimized designs can
increase DHI engagement is warranted.

The examination of various paradata metrics facilitates the
understanding of accurate and meaningful engagement and
outcome in DHIs. In this study, the amount of engagement (ie,
sessions viewed) was significantly associated with internet use
patterns, psychological facilitators and barriers, and
partner-seeking correlates. However, the frequency of
engagement (ie, the number of log-ins) was not associated with
any of these factors. There is atendency to assume the number
of log-ins as the only paradata metric, but the results of this
study highlight that the amount of intervention content
participants consumed is amore meaningful measureto capture
their behavior change. While traditional face-to-face
interventions can control participants’ engagement through an
intervention facilitator, DHIs offer no similar function to
guarantee full use after the participants log in. However, we
cannot conclude that the quality of engagement is better than
the quantity of engagement. It is possible that meaningful
correlateswith the number of log-inswere not examined in this
study, and meaningful paradata metrics could vary by study.
Therefore, a rigorous measurement of paradata metrics to
describe meaningful engagement in DHIs is needed. Future
research investigating an array of paradata metrics to explain
true engagement is warranted.

Limitations

There are several limitations in this study. First, we selected 2
standardized metrics of engagement to understand frequency
and amount as engagement domains, yet we recognize that other
domains (eg, depth and duration) and metrics (eg, time spent
in each component and use over time) may also be important
to examine [9]. It may be worthwhile to consider how the
proportion of engagement was linked to active learning (eg,
interactive activities) compared to passive learning (eg, reading
content) in future research. Unfortunately, we did not collect
depth of engagement in our study. Future intervention studies
examining how different engagement domains (in-depth
engagement) may berelated to DHI engagement are warranted.
Second, we did not have a priori threshold to define optimal
engagement for the number of sessions viewed and log-ins. In
the absence of thresholds that may be used across studies, we
will use the engagement data collected during this pilot trial to
inform thresholds for a subsequent, large-scale clinical trial of
the myDEX intervention. It also remains unclear whether
comparable rates of engagement would be observed outside of
a clinical tria. Therefore, future research examining how
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participants engage in myDEXx, both within and outside of a
clinical setting, is needed to characterize its potential as an
intervention that may be used beyond a 3-month period. Third,
we could not establish causal rel ationships between engagement
and changes in characteristics. This study hypothesized that
increased engagement led to changes in psychosocia and
behavioral characteristics, but this can be interpreted in the
opposite direction, such that changes in behavior lead to more
engagement. Future research examining how changes in
participants DHI engagement over time are related to the
changes in hypothesized intervention mechanisms and key
outcomes is warranted.
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Abstract

Background: Evidence on the efficacy of antiretroviral therapy (ART) regimen switches on the mortality of patients with HIV
drug resistance (HIVDR) is limited.

Objective: Weaimto provide policy guidancefor ART regimen selection and eval uate the eff ectiveness of ART regime switches
for people living with HIV and HIV-1 drug resistance.

Methods: This retrospective observational cohort study included 179 people living with HIV and HIV-1 drug resistance from
2011 to 2020. Thetime that participants switched treatment regimens either to protease inhibitor (Pl)—based ART regimens (PIs)
or nonnucleoside reverse transcriptase inhibitor (NNRTI)—-based ART regimens (NNRTIs) was taken as an observation starting
point and followed up every 12 months. The parametric g-formula was used to estimate the 5-year risk of mortality under the
situations of (1) natural course, (2) immediate switch to NNRTIs, (3) immediate switch to Pls, and (4) if CD4(+) T cells<200
switched to PIs.

Results:  The follow-up time of the 179 patients ranged from 30 to 119 months. The median follow-up time was 90 months.
During a follow-up of 15,606 person-months, 27 individuals died in the cohort. The estimated 5-year risk of mortality under
natural course, immediate switch to NNRTIs, immediate switch to Pls, and if CD4(+), and switch to Plsif T cells<200 were
11.62% (95% CI 7.82-17.11), 31.88% (95% CI 20.79-44.94), 2.87% (95% CI 0.32-7.07), and 5.30% (95% CI 2.07-10.21),
respectively. The risk ratios (RRs) of immediate switch to NNRTIs, immediate switch to Pls, and switch to Pls if CD4(+) T
cells<200, compared with natural course mortality rate, were 2.74 (95% Cl 2.01-3.47), 0.25 (95% ClI: 0.04-0.54), and 0.46 (95%
Cl 0.22-0.71), respectively. The risk differences were 20.26% (95% CI 10.96-28.61), —8.76% (95% Cl —13.34 to —5.09) and
—6.32% (95% Cl —9.75 to —3.11), respectively.

Conclusions: Our study found that a Pl-based ART regimen was beneficial for reducing mortality in people living with HIV
and HIV-1 drug resistance. More effort should be given to find HIV-1 drug resistance earlier to ensure a timely adjustment to
Pl-based ART, thereby maximizing the benefit of early switch treatment for people living with HIV and HIV-1 drug resistance.

(JMIR Public Health Surveill 2022;8(6):€33429) doi:10.2196/33429
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Introduction

The widespread use of antiretroviral therapy (ART) has
effectively prolonged the life span of people living with HIV
and has reduced the risk of HIV transmission [1]. However,
many challenges have emerged with the promotion and use of
ART [2,3]. HIV drug resistance (HIVDR) isacritical cause of
virological failure in people living with HIV. It compromises
the therapeutic effects for individuals and endangers the
population [4]. Between 2016 and 2030, apretreatment HIVDR
level of over 10% (mean 15%), 16% of AIDS deaths, 9% of
new infections, and 8% of ART program costs in sub-Saharan
Africa will be attributable to HIVDR [5]. In limited-income
countries, ART failure based on nonnucleoside reverse
transcriptaseinhibitors (NNRTIs) occursin 10%-30% of people
living with HIV per year [6-8].

A protease inhibitor (Pl)-based ART regimen includes 2
nucleoside reverse transcriptase inhibitor (NRTI) drugs
(zidovudine/tenofovir and lamivudine, TDF/AZT and 3TC),
and 1 of the PI drugs (lopinavir and ritonavir; LPV/r) [9].
Boosted Pl options are currently recommended as part of
second-lineregimens dueto their safety and efficacy, as proven
by systematic reviews and meta-analyses[10,11]. Patientswith
HIVDR on NNRTIs should, in principle, switch to PIs as soon
as possible, as adelay in switching treatment regimens has led
to increased mortality [12-16]. However, it is still common to
delay the switch [17,18]. Several observationa studies have
investigated the estimated effect of the delayed switch to Pls
on mortality. Tsegaye et a [15] found that the risk of death was
4.8 times higher for people with HIV who did not switch to Pls
than those who did switch. Gsponer et a [16] showed adrastic
reduction in mortality for patientswho switched to Plscompared
to those who did not based on an immunological criterion of
failing and the benefit of switching early. Petersen et al [19]
estimated that among HIV-infected patients with confirmed
virologic failure on NNRTIs, remaining on NNRTIs led to an
increase in mortality relative to switching to PlIs.

In China, only afew studies have compared the differencesin
immunological outcomes and drug resistance between Pls and
NNRTIs among people living with HIV [20,21], more so for
people living with HIV who devel oped resistance to NNRTIS,
as not all of them could immediately switch to Pls and instead
switched to other NNRTIs due to limited health resources.
However, no studies have compared the mortality difference
between switching to other NNRTIs and switching to Pls in
China. Sinceinformation on the effect of ART regimen switches
on the mortality of patients with HIV is limited, research is
warranted to accurately judge ART regimen switchesand guide
the regimen selection for optimal treatment.

Tofill these research gaps, we conducted a 9-year retrospective
cohort study to comparetheimpact of switchesto other NNRTIs
and switches to Pls on mortality in Sichuan, where the largest
population of people with HIV resides in China [22]. The
parametric g-formula adjusted the time-varying confounders
affected by previous treatments [23]. We chose the parametric
g-formula since traditional multivariate regression techniques
may yield biased treatment effect estimates in our context. In

https://publichealth.jmir.org/2022/6/€33429
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contrast, the parametric g-formula can appropriately adjust for
measured time-varying confounders. Thisresearch aimsto guide
policies on ART regimen selection and evaluate the
effectiveness of ART regimen switches in people living with
HIV and HIV-1 drug resistance.

Methods

Study Design and Participants

A retrospective observational cohort study was conducted based
on the National Free Antiretroviral Treatment Program database
of Sichuan. This confidential, nonpublic database is managed
by the Chinese Center for Disease Control and Prevention. Each
province, municipality, and autonomous region has access to
data within its jurisdiction.

Participants of this study were selected from the database
according to thefollowing inclusion criteria: peopleliving with
HIV who (1) were under NNRTIs based ART regimens for 12
months in Sichuan during 2011-2014; (2) failed those
NNRTI-based ART regimens with viral load 1000 copies/ml;
(3) were tested for HIV-1 genotype resistance and confirmed
to have HIV-1 drug resistance; and (4) received at least 1 test
of CD4(+) T cells and viral load during the follow-up period.
The exclusion criteria included people living with HIV (1)
without immunological outcomes after switching ART regimen
during the follow-up period; and (2) who did not have the
demographic information (eg, gender, age, and ART) in the
baseline database. A tota of 2037 peopleliving with HIV tested
for HIV-1 genotyperesistance, and 197 were confirmed to have
HIV-1 drug resistance. Of these 197 people with HIV, 18 were
excluded without detecting CD4(+) T cellsand viral load during
the follow-up period. Finaly, 179 people with HIV were
included in the final analysis.

In 2011, the first person living with HIV entered the cohort,
and the last one entered in 2014. The starting point of
observation was defined aswhen the person with HIV switched
treatment regimens, and each person living with HIV was
followed up from the entry date to the date of death or the end
of this study (December 2020). A total of 179 participants met
theinclusion criteriaand wereincluded in this study. They were
followed up approximately every 12 monthsfor documentation
of their CD4(+) T cell count, viral load, and drug resistance.
We estimated and compared the mortality risks of 3 simulated
ART regimen switch scenarios with the real-world scenario
(natura course), including (1) immediate switch to NNRTIs,
(2) immediate switch to PIs, and (3) switch to PIsif CD4(+) T
cells<200

Ethics Approval

The Ethical Committee of Sichuan Center for Disease Control
and Prevention approved thisstudy (No. SCCDCIRB2021-025).
This study was conducted in accordance with the Declaration
of Helsinki.

Data Collection

The NNRTI and Pl regimens were carried out following the
approved guidelines [24]. NNRTI regimens consisted of
tenofovir/zidovudine (TDF/AZT) + lamivudine (3TC) +
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efavirenz/ nevirapine (EFV/NVP). Pl regimens included
tenofovir/zidovudine (TDF/AZT) + lamivudine (3TC) +
lopinavir and ritonavir (LPV/r).

The CD4(+) T cell count and viral load were collected at the
starting point every 12 months of follow-up to evaluate the
immunol ogical reconstruction effect. ART regimensand survival
statuswere also included in thefollow-up. To deal with missing
CDA(+) T cell count during the followed-up period, we used
the expectation-maximization-bootstrap algorithm for multiple
imputations [25]. The imputation model included all baseline
and follow-up variables (including lagged and lead versions).
The algorithm accounted for the nonlinear and longitudinal
structure of the data.

Covariates

All  baseline characteristics were taken as
covariates—demographic and HIV-related characteristics and
immunological outcomes. Demographic characteristicsincluded
age, gender, and education level. HIV-related characteristics
included transmission patterns, history of sexually transmitted
diseases, and history of tuberculosis treatment.

Laboratory Tests

All participants provided blood specimens to measure CD4(+)
T cell count at the starting point and during follow-up after
switching treatment regimens, measured using flow cytometry
(FACSC Calibur, BD). Real-time molecular beacon detection
was applied to detect the viral load of HIV (NucliSens EasyQ
Analyzer). Reverse transcription-polymerase chain reaction
(RT-PCR) was used to amplify a 1300-bp fragment of the HIV
pol genefor drug resistance mutation analysisand viral subtype
determination. Successfully amplified sequenceswere anayzed
for HIVDR using the Stanford University HIVV Drug Resistance
Database. All experimental protocols followed the
manufacturer's instructions. People living with HIV with low
or higher drug resistance to one or more drugs were considered
as having HIVDR [26-28].

Statistical Analysis

Adjustment isusually used for confoundersin regression models
(eg, the Cox proportional hazards model), which is equivalent
to estimating the hazard ratios of a specific stratum and then
averaging the information-weighted hazard ratios. When some
of these confounding factors are also causal intermediates, the
effects of exposure are adjusted [29]. However, the first stepin
g-formula is to obtain the weighted averages of the
stratum-specific hazards and then combine the averaged
(standardized) hazards into a summary hazard ratio. The
potential bias arising from time-varying covariates that can be
both confounders and causal intermediates is a drawback of
using regression models [30,31], which can be overcome by
using the g-formula [32]. This study considers that patients
treatment regimens differed by their CD4(+) T cell count and
viral load, which were aso influenced by their previous
treatment regimens and other baseline covariates. The outcomes
(death) were influenced by time-varying treatment regimens
and time-varying covariates (eg, CD4(+) T cell count and viral
load level), and baseline characteristics (Multimedia A ppendix
1). Our estimates had to adjust the time-varying confounders
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CDA4(+) T cell count and viral load level and confounders
measured at baseline. Since standard statistical methods cannot
appropriately adjust for time-varying confounders affected by
previous ART treatment [23], we applied the parametric
g-formula to obtain adjusted estimates (eg, mortality risk) for
each treatment strategy under the assumptions of conditional
exchangeability, positivity, no residual confounding, no
measurement error, and no model misspecification [32,33].

Specifically, the procedure of the parametric g-formula had 3
steps. First, we fit separate logistic regression models for the
treatment and viral load and linear regression modelsfor CD4(+)
T cell count. All regression models included time-varying
covariates (treatment, viral load level, and CD4(+) T cell count)
and baseline variables (age, gender, education level, marital
status, patterns of transmission, history of sexually transmitted
diseases, and history of tuberculosis treatment). The assumed
relationships between all variables are depicted in Multimedia
Appendix 1. Second, apseudo sample more prominent than the
overall sample size, set as 10,000 in this study, was generated
by Monte Carlo simulation based on the distribution of the
postbaseline outcomes and time-varying covariates separately
under each ART regimen switch scenario. Third, a bootstrap
sampling method was used to repeat the af orementioned process
500 times to obtain the 95% Cls[34].

The RRs and risk differences (RDs) and their 95% Cls were
estimated to compare the mortality risk between the natural
course and 3 hypothetical ART switch strategies. To explore
the validity of our parametric assumptions, we compared the
observed (nonparametric estimates) means of the outcome and
time-varying covariates with those predicted by our models
(parametric g-formulaestimates) (Multimedia Appendix 2). All
dtatistical analyseswere performed using R 4.0.3 (R Foundation
for Statistical Computing).

Sensitivity Analyses

A total of 4 sensitivity analyses were performed in this study
to ensure the stability of the results. First, we excluded people
older than 60 years at baseline since they may have a higher
risk of death. Second, CRFO1_AE was the primary subtype of
people living with HIV in Sichuan; thus, we restricted to the
subset of participants with the CRFO1_AE subtype to estimate
the mortality risk. Third, wefit linear regression modelsfor the
viral load as a continuous variabl e to estimate the results. Fourth,
we reexamined the hazard ratios using a time-dependent Cox
proportional risk model.

Results

Baseline Characteristics of the Participants

A total of 179 participants (79 immediately switched to the PIs,
35 immediately switched to the NNRTIs, and 65 switched to
other NNRTIs and then to PIs) were included in our study. The
initial conditions of people living with HIV among the 3
switched ART groups were comparable except for the age,
CDA(+) T cell counts, and viral load (Multimedia Appendix 3).
Of the 179 participants, 138 (77.1%) were male, 90 (50.3%)
were married, and 91 (50.8%) were younger than 40 years at
baseline (Table 1). Heterosexual transmission was the dominant
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transmission route (72.6%). About 24.6% of the participants
achieved higher than a senior high school level education. Of
the participants, 19 (10.6%) had other sexually transmitted
diseases (STDs), 18 (6.9%) had tuberculosis, and 110 (61.5%)

Table 1. Baseline characteristics of the study participants.

Lietd

had CRF_01AE HIV-1 subtype (Table 1). Additionally, 145

participants (81%) had CD4(+) T cell counts<200, and 114
(63.7%) had viral load =10,000 copies/ml (Table 1).

Basdline characteristics

Overall mean (SD)

Median (1QR) follow-up, month

Mortality (per 1000 person-months)

Overall
Age (years)
<40
>40
Gender
Male
Female
Education level
No formal education
Primary or junior high school
Senior high school or more
Marital status
Married

Unmarried/widowed/divorced/separated

Pattern of transmission
Heterosexual
Homosexual
Other

Had other STDs?

Yes
No

Unknown

Had been treated for tuberculosis

Yes
No
Baseline CD4(+) T (cells/ pL)
<200
=200
Baselineviral load copies/M|
<10000
=>10000
HIV subtype
CRFO1_AE
CRF07_BC
Others

179 (100)

91 (50.8)
88 (49.2)

138 (77.1)
41 (22.9)

9 (5.0)
126 (70.4)
44 (24.6)

90 (50.3)
89 (49.7)

130 (72.6)
36 (20.1)
13(7.3)

19 (10.6)
119 (66.5)
41 (22.9)

18 (10.1)
161 (89.9)

145 (81.0)
34(19.0)

65 (36.3)
114 (63.7)

110 (61.5)
50 (27.9)
19 (10.6)

90 (80-101.5)

93 (85.5-103)
87.5 (74.75-99.5)

92 (80.25-102)
88 (76-99)

93 (87-105)
91 (77.75-102.75)
90 (81.75-98)

89 (79-95)
93 (81.75-104.75)

90.5 (80-102.75)
90 (81.75-98)
89 (80-99)

92 (82.5-94)
90 (80-101)
91 (76-103)

92.5 (86.25-103)
90 (79-101)

90 (77-101)
92 (82.25-104.5)

93 (87-103)
88.5 (77.5-98.75)

90.5 (80.25-101.75)
89 (75.25-94)
98.0 (84.5-104.5)

173

122
2.30

1.66
1.95

2.39
1.92
1.04

175
171

1.76
129
2.67

2.56
1.93
0.81

1.94

1.92
0.96

153
1.85

1.56
2.37
115

83TD: sexually transmitted disease.
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Follow-up and Mortality

The follow-up time of 179 patients ranged from 30 to 119
months, and the median follow-up time was 90 months. During
afollow-up of 15,606 person-months, 27 individuals from the
cohort died. The overal mortality was 1.73 per 1000
person-months (Table 1). The observed mortality rates were
higher in individualswith lower CD4(+) T cell count and ol der
age at baseline (Table 1).

Estimated Risk of Mortality

The estimated 5-year risk of mortality under natural course was
11.62% (95% Cl 7.82-17.11). The estimated 5-year risk of
mortality of the 3 ART regimen switch scenarios of an
immediate switch to NNRTIs, immediate switch to Pls, and
switch to Pls if CD4(+) T cells <200 was 31.88% (95% ClI
20.79-44.94), 2.87% (95% Cl 0.32-7.07), and 5.30% (95% ClI
2.07-10.21), respectively (Table 2). The mortality risk for the
4 treatment regimens scenarios increased over time, with the
fastest mortality rate for immediate switch to NNRTIs scenario

Lietd

and the sl owest rate for immediate switch to Pls scenario (Figure
1).

Using the parametric g-formula, the RRs of immediate switch
to NNRTIs, immediate switch to PIs, and switch to PIs if
CDA(+) T cells<200, compared with natural course mortality
rate, were 2.74 (95% Cl 2.01-3.47), 0.25 (95% CI 0.04-0.54),
and 0.46 (95% ClI: 0.22-0.71), respectively, and the RDs were
20.26% (95% CIl 10.96-28.61), —8.76% (95% CI -13.34 to
-5.09), and -6.32% (95% CI —-9.75t0 -3.11), respectively. The
effect of the sensitivity analyses estimates of the 5-year risk of
mortality, RRs, and RDs of the 3 ART regimen switch scenarios
were robust (Multimedia Appendix 4, Figures 2-4). The Cox
proportional risk model results showed the hazard ratio (HR)
of mortality among people living with HIV with an immediate
switch to Pls (HR=0.11, 95% CI 0.03-0.39), and the switch to
other NNRTIs and then to Pls (HR=0.08, 95% Cl 0.02-0.33)
was lower than those with the immediate switch to NNRTIs
(Multimedia Appendix 5).

Table 2. Estimated risks of mortality under 4 antiretroviral therapy (ART) switched strategies for individuals tested for HIV-1 genotype resistance

from ART in Sichuan from 2011 to 20202,

Switched treatment regimens

5-year risk of mortality (95% Cl)  RRP, (959 CI)

RDC, % (95% CI)

Natural course 11.62 (7.82-17.11)

Immediate switch to NNRTIs® 31.88(20.79-44.94)

Immediate switch to PIs 2.87(0.32-7.07)

If CDA4(+) T cells<200 switched to Pls. ~ 5.30 (2.07-10.21)

0 (Ref%)
20.26 (10.96- 28.61)

1 (Ref9)
2.74 (2.01-3.47)

0.25 (0.04-0.54) -8.76 (-13.34 to -5.09)

0.46 (0.22-0.71) -6.32 (-9.75t0 -3.11)

3Estimates based on the parametric g-formula adjusted for measured time-varying confounders (CD4(+) T cells count, viral load, and treatment) and
baseline characteristics (age, gender, education level, marital status, pattern of transmission, history of sexually transmitted diseases, and history of
tubercul osistreatment). Natural course meansthat the ART regimen isobserved without simulated intervention. Natural course mortality was subtracted

from estimated mortality for each group.

bRR: risk ratio.

°RD: risk difference.

dRef: reference object.

eNNRTIs: nonnucleoside reverse transcriptase inhibitor—based ART.
PIs: protease inhibitor—based ART.
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Figure 1. Mean of the mortality outcome for individuals who were tested for HIV-1 genotype resistance from antiretroviral therapy (ART) in Sichuan,

China, simulated via the parametric g-formula. NNRTIs: nonnucleoside reverse transcriptase inhibitor—based antiretroviral therapy; PIs. protease
inhibitor—based ART.
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Figure 2. Five-year risk of mortality under 4 analyses. 1. primary analyses (viral load as a binary variable); 2: individuals lower than 60 years at
baseline; 3: individualswith a CRFO1_AE subtype; 4: viral load as a continuous variable. NNRTIs: nonnucleoside reverse transcriptase i nhibitor—based
antiretroviral therapy (ART); PIs: protease inhibitor—based ART.
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Figure3. Risk ratio of mortality under 4 analyses. 1: primary analyses (viral load asabinary variable); 2: individualslower than 60 years old at baseline;
3: individualswith aCRFO1_AE subtype; 4: viral load asacontinuous variable. NNRTIs: nonnucl eoside reverse transcri ptase inhibitor—based antiretroviral

therapy (ART); Pls: protease inhibitor—based ART; RR: risk ratio.
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Figure 4. Risk difference of mortality under 4 analyses. 1: primary analyses (viral load as a binary variable), 2: individuals lower than 60 years old at
baseline; 3: individualswith a CRFO1_AE subtype; 4: viral load as a continuous variable. NNRTIs: nonnucleoside reverse transcriptase i nhibitor—ased
antiretroviral therapy (ART); PlIs: protease inhibitor—based ART; RD: risk difference.
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Discussion

Principal Findings

This retrospective cohort study compared the mortality risk of
ART switch regimens among people living with HIV with
resistance to NNRTIs using the parametric g-formula method.
It provided real-world evidence on the efficacy of Pls and
NNRTIsswitches. Our resultsindicate that switchingto NNRTIs
resulted in a higher mortality rate during the 9- year follow-up
period. The 2 scenarios showing aswitch to Plswere associated
with lower mortality rates. This finding suggests that an
immediate switch to Pls after confirmation of drug resistance
can help reduce the mortality of people living with HIV and
HIV-1 drug resistance.

The 5-year risk of mortality was 8.76% lower for animmediate
switch to Pls and 6.32% lower when switched to Plsif CD4(+)
T cells<200 compared to the natural course group, which means
that in ahypothetical cohort of 100 patientswith drug resistance,
Pls would prevent about 6-8 deaths over 5 years. On the
contrary, the 5-year risk of mortality was 20.26% higher for an
immediate switch to NNRTIswhen comparing the natura course
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scenario, meaning that NNRTIs would have an increase of 20
deaths over 5 years.

People living with HIV who switched to Pls had a lower
mortality risk. Possible reasons for this might be that PIs could
cross the resistance gene barrier and act on the resistant strains
to inhibit virus replication [35] or that our participants might
have had cross-resistance to NNRTIs and NRTI drugs [36]. If
only NNRTIs drugs in the original ART regime were replaced
(eg, switching NVP to EFV) or the drug type of NRTIs was
replaced (eg, switching AZT to TDF), the immunological
outcomes did not change dueto the cross-resistance. There was
a higher mortality risk if participants continued NNRTI-based
ART.

A few studies reported that the resistance rates of NNRTIs and
NRTIs were 80%-92% and 95%-100% after the failure of the
NNRTI-based ART regimen, respectively [37,38]. With the
therapy time prolonged, the resistance mutations of the reverse
transcriptase inhibitor would accumulate, leading to severer
cross-resistance. If the participants still switched tothe NNRTIs,
crossresistance of the strains resulted in no significant
improvement in follow-up therapy. Although LPV/r in China
isfree, thefirst condition for switchingto PIsregimenisNNRTI
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resistance due to the limited resources of LPV/r in most
provinces [20,39,40]. Therefore, it isimportant to monitor and
detect drug-resistant patients to NNRTIs in a timely manner
and switch to PIsto successfully inhibit the replication of NRTI-
and NNRTI-mutant viruses. This monitoring will improve the
virological and immunological effects, consequentially reducing
mortality. Additionally, switching to PIsif CD4(+) T cells<200
is also effective for reducing the mortality risk if switching
immediately without assessing cell count isimpossiblein some
resource-limited areas.

Strengths and Limitations

Our study has 2 strengths. First, we simulated interventions to
evaluate therisk, risk difference, and risk ratio of mortality by
contrasting estimates from idealized study settings with those
from morerealistic settings. Compared with standard statistical
calculations, the parametric g-formula can be more easily used
to evaluate the causal effect of complex interventions [41]. In
particular, dynamic treatments [42] and joint interventions
considering multiple factors can be explored naturally with this
method. Second, to our knowledge, this is the first study to
compare the mortality difference between switching to other
NNRTIs and switching to Pls among people living with HIV
with NNRTIs resistance, avoiding the ethical issues of
randomized clinical trials.

Nonetheless, several limitations should be considered. First, as
in all nonrandomized studies, our approach provided consi stent
(unbiased) estimates of the cumulative incidence of mortality
under several assumptions: al variables (eg, CD4(+) T cell

Acknowledgments
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count, viral load, treatment, and death) were measured without
error; patients ART treatment at different CD4(+) T cell counts
are exchangeable within levels of measured covariates, in that
there are no unmeasured confounding variables[30]. However,
we did not collect ART adherence information, which may
influence the decision to switch ART regimensin patience with
resistance to NNRTIs and may have biased our estimates.
Second, the parametric g-formula requires that all models be
correctly specified. This condition cannot be guaranteed, but it
seems plausible because our models resulted in simulated data
sets with means of the outcome and time-varying covariates
similar to those in the origina data (Multimedia Appendix 2).
Third, although we collected the data of all patients who
received HIV-1 genotype resistance, were confirmed to have
HIV-1 drug resistance, and could be followed up, only 179
participants were included in our research. The small sample
size may have led to low test efficiency. Moreover, many
patients may not have receive HIV-1 genotype resistance
between 2011 and 2014 since the drug resistance monitoring
was only conducted in about 20% of people living with HIV,
which may induce potential selection bias and influence the
extrapolation of our results.

Conclusion

Our study found that the Pl regimen hel ped improvethe survival
time of peopleliving with HIV and HIV-1 drug resistance. More
efforts should be conducted to detect HIV-1 drug resistance
earlier to ensure timely regimen switches, thereby maximizing
the benefit of early switch ART regimensfor peopleliving with
HIV and HIV-1 drug resistance and reducing their mortality.
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Abstract

Background: Gay and bisexual men are 26 times more likely to acquire HIV than other adult men and represent nearly 1in 4
new HIV infections worldwide. There is concern that the COVID-19 pandemic may be complicating efforts to prevent new HIV
infections, reduce AIDS-related deaths, and expand accessto HIV services. The impact of the COVID-19 pandemic on gay and
bisexual men's ability to access servicesis not fully understood.

Objective: Theam of this study was to understand access to HIV services at the start of the COVID-19 pandemic.

Methods: Our study used data collected from two independent global online surveys conducted with convenience samples of
gay and bisexual men. Both data sets had common demographic measurements; however, only the COV1D-19 Disparities Survey
(n=13,562) collected the outcomes of interest (HIV services access at the height of thefirst COVID-19 wave) and only the Global
Men's Health and Rights Survey 4 (GMHR-4; n=6188) gathered pre-COVID-19 pandemic exposures/covariates of interest
(socid/structural enablersof and barriersto HIV services access). We used data fusion methods to combine these data sets utilizing
overlapping demographic variables and assessed rel ati onshi ps between exposures and outcomes. We hypothesi zed that engagement
with the gay community and comfort with one’s health care provider would be positively associated with HIV services access
and negatively associated with poorer mental health and economic instability asthe COVID-19 outbreaks took hold. Conversely,
we hypothesized that sexual stigma and experiences of discrimination by a health care provider would be negatively associated
with HIV services access and positively associated with poorer mental health and economic instability.

Results: With 19,643 observations after combining data sets, our study confirmed hypothesized associations between enablers
of and barriers to HIV prevention, care, and treatment. For example, community engagement was positively associated with
access to an HIV provider (regression coefficient=0.81, 95% CI 0.75 to 0.86; P<.001), while sexual stigma was negatively
associated with accessto HIV treatment (coefficient=—1.39, 95% CI —1.42 to —1.36; P<.001).

Conclusions: HIV services access for gay and bisexual men remained obstructed and perhaps became worse during the first
wave of the COVID-19 pandemic. Community-led research that utilizes novel methodol ogical approaches can be helpful intimes
of crisis to inform urgently needed tailored responses that can be delivered in real time. More research is needed to understand
the full impact COVID-19 is having on gay and bisexual men worldwide.

(IMIR Public Health Surveill 2022;8(6):e€33538) doi:10.2196/33538
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Introduction

Gay men and other men who have sex with men (MSM;
hereafter referred to as gay and bisexual men) [1] are 26 times
more likely to acquire HIV than other adult men, and in 2019
represented nearly 1in 4 new HIV infections worldwide [2,3].
While biological and social factors converge to el evate the risk
for HIV acquisition and transmission [4], structural barriers
such as sexual stigma, discrimination, and criminalization of
sex between men impede access to and utilization of HIV
testing, prevention, and treatment services [5,6]. Conversely,
factors such as community engagement and having supportive
health care providers enable service access and utilization for
gay and bisexua men [7].

The world remains off track in meeting global HIV targets,
especialy for socially marginalized and criminalized groups.
For example, surveys from 114 nationally representative data
sets in 38 African countries with nearly 1.5 million sexually
active adults aged 15-49 years conducted from 2003 to 2018
were examined to estimate trends in annual HIV testing and
condom use during the last occurrence of highest-risk sex. These
datawere used to cal culate the probability of reaching key Joint
United Nations Programme on HIVV/AIDS (UNAIDY) targets.
Investigators observed limited progress and little chance of
reaching global targets [8]. There is now concern that the
COVID-19 pandemic may further complicate efforts to bend
the HIV incidence curve;, reduce AlIDS-related deaths, and
expand prevention, care, and treatment coverage [2]. Recent
research suggests that COVID-19 is exacerbating challenges
gay and bisexual men facein their attempts to access HIV and
other sexual health services. A recent study found deleterious
economic and mental health consequences of COVID-19 and
public health responses among a global sample of gay and
bisexual men [9]. The same study also found significant
interruptions to HIV testing, prevention, treatment, and care
services. The role of COVID-19—elated socia and structural
factorsin gay and bisexual men’'saccessto HIV-related services
is less understood.

More evidence is needed for providing early and potentially
critical programmatic and policy-related interventions in the
era of COVID-19. This study utilized a statistical matching
method that combined data sets (ie, data fusion) from two
separate global online cross-sectional surveysto enabledrawing
inferences about the impact of the COV1D-19 pandemic on gay
and bisexual men’s ability to access services. Neither data set
could address the question individually, as one had only
outcomes and demographics and the other only exposures and
demographics. Data fusion allowed us to relate outcomes to
exposures across the data sets. Specifically, this approach
allowed us to explore social and structural enablers of and
barriers to HIV service access among gay and bisexual men
worldwide during the early days of the COVID-19 pandemic.
We hypothesized that engagement with the gay community and
comfort with one's health care provider would be positively
associated with HIV services access and negatively associated
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with poorer mental health and economic instability despite the
challengesbrought about by COV1D-19 outbreaks. Conversely,
we hypothesized that sexual stigma and experiences of
discrimination by a health care provider would be negatively
associated with HIV services access and positively associated
with poorer mental health and economic instability.

Our hypotheses areinformed by social ecological theory, which
suggests that various factors at structural, community,
interpersonal, and individual levels facilitate or impede access
to resources such as HIV and other health services. Social
ecological theory isuseful for identifying high-impact leverage
points in the successful implementation of health-promoting
interventions and for strategic alignment of policy and services
across a continuum of population health needs [10,11].

Methods

Study Design

Our study used data collected from two independent surveys
conducted with gay and bisexual men. Thefirst, Global Men's
Health and Rights Survey 4 (GMHR-4), was designed to explore
correlatesto HIV servicesaccessand utilization. GMHR-4 was
launched on September 4, 2019, and closed on March 31, 2020
[12,13]. Slightly over 1% of participants took the survey after
February 2020. Earlier versions of the survey are described
elsewherein greater detail [5,14]. GMHR-4 datawere collected
from anonprobability internet sample of gay and bisexual men,
recruited viaorganizational outreach, email listservs, gay dating
apps, and websites. Participants were invited to complete a 20-
to 30-minute online survey. Eligible participants who consented
to take the survey needed to identify as male (cisgender or
transgender); have had sex with another man in the last 6
months; be 18 years or older; and able to complete the online
survey in Arabic, Chinese, English, French, Indonesian,
Portuguese, Russian, Spanish, Swahili, or Viethamese. No
geographical restrictions were applied.

The second survey, COVID-19 Disparities Survey, was
administered by Hornet between April 16, 2020, through May
4, 2020 [9]. Hornet is a free, smartphone-based gay social
networking app with over 25 million users worldwide. Itsusers
are predominantly gay and bisexua men. The COVID-19
Disparities Survey was a brief, 10- to 15-minute questionnaire,
which sought to explore theimpacts of COVI1D-19 on economic
status, mental health, and HIV services access among Hornet
users. Eligible participants were Hornet users, 18 years or ol der.

Ethics Approval

Ethical approval for the use of GMHR-4 datawas obtained from
the Western I nstitutional Review Board, which determined that
GMHR-4 was exempt under 45 CFR 46.104(d)(2)
(#1-1174358-1). Study proceduresfor the COVID-19 Disparities
Survey were reviewed by the Johns Hopkins School of Public
Health Ingtitutional Review Board, which designated the
protocol as exempt under Category 4.
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M easures

Both surveysincluded demographic questions (eg, age, country
of residence, sexual orientation, gender identity, relationship
status, racial/ethnic minority status, ability to meet one’s basic
financial needs, health care coverage, and HIV status). GMHR-4
included questions responded to on 5-point Likert scales, which
asked about: (1) engagement with the gay community, assessed
on a 10-item scale (Cronbach a=.72), including “During the
past 6 months, how often have you participated in
gay/bisexual/MSM with social groups?’ with aresponse scale
ranging from 1=never to 5=more than 12 times; (2) comfort
with one's health care provider, assessed on a 3-item scale
(Cronbach a=.85), including “In your country, how comfortable
do you feel discussing your sexual health concerns with your
health care provider?’ where 1=very uncomfortable and 5=very
comfortable; (3) experiences of sexual stigma (ie, homophobia)
using a 7-item scale (Cronbach a=.82), including “In your
country, how many people believe that male homosexuals are
disgusting?’, where 1=none, 2=a few, 3=some, 4=most, 5=all;
and (4) provider discrimination, a 6-item scale (Cronbach
0=.87), including “In the last 6 months, has a health care
provider refused to treat you because you are
gay/bisexua/M SM?’ where responses ranged from 1=no-never
to 5=yes more than 5 times.

The COVID-19 Disparities Survey asked participants about the
impact COVID-19 was having on their economic situation;
mental health; and ability to access HIV testing, prevention,

Ayalaet d

care, and treatment services. Economic impact was assessed
using the question: “How much are you expecting your income
to reduce because of the COVID-19 crisis?” The economic
impact question used a categorical response scale from 0% to
100%, ordered in 10-point increments. Mental health was
assessed using validated items from the Patient Health
Questionnaire-4 (PHQ-4), which isused to screen for depression
and anxiety; scores =3 indicate psychological distress[15].

HIV services impact measures asked whether participants
experienced changes in access to condoms, HIV onsite HIV
testing, and pre-exposure prophylaxis (PrEP), such as“Do you
feel you have access to HIV prevention strategies during the
COVID-19 crisis, i.e.,, condoms, PrEPR, onsite HIV testing?’
The 5-point Likert scale response options ranged from
“definitely yes’ to “definitely no.” For participants living with
HIV, the survey asked about access to HIV providers, such as
“Since the beginning of the COVID-19 crisis, have you been
able to see your HIV provider if you needed to?’, with the
following response options. “Yes, in person”; “Yes, via
telemedicine”; “No, because of reduced hours’; “No, because
itisclosed”; “Not applicable.” In addition, the survey assessed
treatment access by asking, “Do special measures related to
COVID-19 impact your ability to access or refill your HIV
medicine?’ Response optionsincluded: “1 cannot access or refill
my HIV medicine”; “I can access or refill my HIV medicine,
but accessis burdensome or complicated”; and “Not applicable”
Measures used for the data fusion analysis (described below)
are depicted in Figure 1.

Figure 1. Venn diagram of Global Men's Health and Rights Survey 4 (GMHR-4) and COVID-19 Disparities survey measures used for data fusion
analysis. Demographic measures that overlap between the two studies samples include: age, country of residence, sexual orientation, gender identity,
relationship status, racial/ethnic minority status, ability to meet one's basic financial needs, health care coverage, and HIV status.
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Statistical Analysis

Because we were examining data from two different surveys
with only partial variable overlap (demographics in both data
sets, exposures in one data set, and outcomes in the other data
set), and we were interested in associations between
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nonoverlapping variables acrossthese questionnaires, we utilized
statistical matching (ie, data fusion) methods to combine the
data sets[16,17] in STATA v15 (College Station, TX) with the
community-contributed smpc and smmatch programs[18]. The
datafusion method works asfollows: dataset A (which contains
variables Y and X) and data set B (which contains variables X
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and Z) are concatenated and weighted. Y isregressed on X and
Zisregressed on X, and aprespecified partial correlation py zx
(discussed below) is used to calculate joint regression
coefficientsand predict Y and Z valuesin the concatenated data
set. Each individual missing Z (ie, from data set A) is matched
tothe closest new predicted Z in dataset B. After matching, the
observed value of the match is imputed as the missing value.
A similar process is used for individuals missing Y (ie, from
dataset B) [19]. In practice, arange of 5 partia correlation values
has been shown to work well and reduce bias [17], and results
can then be combined utilizing existing equations and
frameworks from multiple imputation (but we note that the
method is different than the usual multiple imputation). All
predictors and outcomes are treated as continuous variables.

To make an initial informed estimate of the partial correlations
between the outcomes from the COVID-19 Disparities Survey
dataset and the GMHR-4 predictorsin the imputation prediction
regression models, we calcul ated the partial correlations between
each of the GMHR-4 predictors with the measure that we
believed was the closest proxy to each of the outcomes in the
COVID-19 data set, while accounting for the jointly observed
demographic characteristics (income, education, relationship
status, urbanicity [urban vsrural], racial/ethnic minority status,
health insurance, and region [Global North vs Global South]).
For example, we calculated the partial correlation between the
exposure, community engagement, and access to HIV testing
in the GMHR-4 data set, while accounting for the jointly
observed demographic variables. We then used this partial
correlation value in the prediction model for community
engagement and the outcome of access to HIV testing during
COVID-19 in the COVID-19 Disparities Survey data set. That
is, we assumed that the partial correlation between community
engagement and access to HIV testing in GMHR-4 was a
reasonable approximation for the partial correlation between
community engagement in GMHR-4 and accessto HIV testing
during COVID-19 in the COVID-19 Disparities Survey data
set. Therange of partial correlations used inthe fusion procedure
included thisinitial informed estimate, +5%, and +10%.

https://publichealth.jmir.org/2022/6/€33538
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For each partial correlation value and resulting fused data set,
we then performed linear regressions between the imputed
outcomes and exposures [17]. In these models, outcomes
included access (during the COVID-19 crisis) to onsite HIV
testing, condoms, PrEP, HIV care, HIV treatment, and mental
health services, exposures (covariates of interest) included
sexua stigma, provider discrimination, provider comfort, and
engagement in the gay community. The models also adjusted
for income, education, relationship status, urbanicity (urban vs
rural), racial/ethnic minority status, health insurance, and region
(Globa North vs Global South). In sensitivity analyses, we
limited the covariates in the regression models to the
demographic characteristics above, exclusive of urbanicity and
region.

Results

Sample Characteristic¥M atched Variables

A total of 19,643 observationsfrom gay and bisexual men were
included in this study after combining outcomes from the
GMHR-4 (n=6189) with exposures from the COVID-19
Digparities Survey (n=13,454) through overlapping
demographics via data fusion (see Figure 1). Among the total
sample, 44.00% (8643/19,643) of participants were under the
age of 30 years and 57.00% (11,197/19,643) indicated an
inability to financially meet their basic needs. Participants had
ahigh level of education, with 54.00% (10,607/19,643) having
completed college. Global northerners (participants from
Europe, Canada, the United States, Australia, and New Zed and)
and southerners (participants from Africa, Asia, the Caribbean,
Latin America, the Middle East, and Pacific | lands) were nearly
equally represented in the combined data set. Higher proportions
of GMHR-4 study participants reported an HIV-positive status,
were from the Globa South, and had completed a college
education when compared with study respondents from the
COVID-19 Disparities Survey. Participant demographics are
more fully summarized in Table 1.
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Table 1. Participant demographic characteristics jointly observed across both data sets.

Characteristics Total? (N=19,643), n (%)

GMHR-4° (n=6189), n (%) COVID-19 Disparities (n=13,454), n (%)

Age (years)

<20 1287 (6.55)

20-29 7234 (36.83)

30-49 9240 (47.04)

50+ 1878 (9.56)
Economic status

Not able to meet needs well 11,275 (57.40)

Able to meet needs well 8368 (42.60)
Education

Did not complete college 9031 (45.98)

Completed college 10,612 (54.02)
Relationship status

In arelationship 5725 (29.15)

Not in arelationship 13,918 (70.85)
L ocation of residence

Not in acity/urban area 4070 (20.72)

Residesin acity/urban area 15,573 (79.28)
Racial and ethnic background

Not aracia or ethnic minority 16,117 (82.05)

Racial or ethnic minority 3526 (17.95)
Health insurance

No 5308 (27.48)

Yes 14,245 (72.52)
Region

Global South 9671 (49.23)

Global North 9741 (49.59)
HIV status

Not living with HIV 17,194 (87.53)

Living with HIV 2449 (12.47)

537 (8.69) 750 (5.57)
2687 (43.42) 4547 (33.80)
2528 (40.85) 6712 (49.89)
433 (7.00) 1445 (10.74)
3982 (64.34) 7293 (54.21)
2207 (35.66) 6161 (45.79)
1553 (25.00) 7478 (55.58)
4636 (74.91) 5976 (44.42)
1673 (27.03) 4052 (30.12)
4516 (72.97) 9402 (69.889)
831 (13.43) 3239 (24.07)
5358 (86.57) 10,215 (75.93)
4733 (76.47) 11,384 (84.61)
1456 (23.53) 2070 (15.39)
1908 (30.82) 3490 (25.94)
4281 (69.17) 9964 (74.06)
5563 (89.89) 4108 (30.53)
598 (9.66) 9143 (67.96)
5173 (83.58) 12,021 (89.35)
1016 (16.42) 1433 (10.65)

8/alues may not necessarily add to column totals due to missing responses from participants.

PGMHR-4: Global Men’s Health and Rights Survey 4.

Partial Correlations

Partial correlations between each GMHR-4 predictor with the
measure that we believed represented the closest proxy to each
of the outcomes in the COVD-19 data set were calculated and
are presented in Table 2. Partia correlations were estimated

https://publichealth.jmir.org/2022/6/€33538
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whileadjusting for jointly observed demographic characteristics,
including age, country of residence, sexual orientation, gender
identity, relationship status, racial/ethnic minority status, ability
to meet one’s basic financial needs, health care coverage, and
HIV status.
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Table 2. Partia correlations between Global Men's Health and Rights Survey 4 (GMHR-4) predictor and GMHR-4 proxy measures for COVID-19

outcome variables®.

Predictors HIV testing Condoms  pgpP AccesstoHIV  Accessto ARTS  LOow income  Poor mental health
provider refills

Community engagement 0.08 0.05 0.13 0.11 0.11 0.02 -0.06

Comfort with provider 0.21 0.19 0.25 0.26 0.26 -0.17 -0.15

Sexual stigma -0.15 -0.19 -0.21 -0.21 -0.18 0.17 0.15

Provider discrimination -0.07 -0.08 -0.06 -0.05 -0.04 0.09 0.10

3/alues calculated for partial correlations were used as anchors for the range of partial correlations used in smpc and smmatch, with the range set at

+5% and +£10% of values.
bprEP: pre-exposure prophylaxis.
CART: antiretroviral therapy.

Enablersand Barriersto HIV Services

Although sexua stigma was commonly reported by study
participants (mean 3.53, SD 0.61), discrimination from one's
health care provider was low (mean 1.14, SD 0.39). Comfort
with one's provider was also frequently reported (mean 2.98,
SD 1.25). Our study found poor community engagement, as
evidenced by alow mean score (mean 1.32, SD 0.43).

Accessto HIV Prevention

Study participants reported relatively high accessto HIV testing
(mean 3.7, SD 0.43) and condoms (mean 4.6, SD 0.9), but

suboptimal access to PrEP (mean 3.2, SD 1.4). Our study
confirmed hypothesized associations between enablers of and
barriersto HIV prevention. Community engagement and comfort
with on€e's health care provider were positively associated with
access to HIV testing, condoms, and PrEP. Conversely, sexual
stigma and experiences of provider discrimination were
negatively associated with access to the same set of prevention
services. Associations were statistically significant (P<.005).
Coefficients and confidence intervals are shown in Table 3.

Table 3. Associations between hypothesized predictors and access to HIV prevention®

Predictors HIV onsite testing access Condom access PrEP? access

Coef® 95%Cl Pvalue  Coef 95% Cl Pvalue  Coef 95% Cl P value
Community engagement  1.16 114t01.18 <.001 0.95 0.92t00.99 <.001 123 1.16to0 1.30 <.001
Comfort with provider 0.78 0.77t00.79 <.001 0.69 0.681t00.70 <.001 0.90 0.89t00.91 <.001
Sexua stigma -0.86 -0.87t0-0.84 <.001 -105 -1.08to-1.02 <.001 -105 -1.07t0-1.03 <.001
Provider discrimination -0.96 -1.01t0-0.92 <.001 -0.81 -0.84t0-0.77 <.001 -1.17 -1.19t0-1.14 <.001

8Regression models also adjusted for income, education, relationship status,

urbanicity (urban vsrural), racial/ethnic minority status, health insurance,

and region (Global North vs Global South) as covariates. In sensitivity analyses omitting urbanicity and region, results were similar with respect to

magnitude and level of significance of estimates.
bprEP: pre-exposure prophylaxis.
CCoeff: regression coefficient.

Accessto HIV Care and Treatment

Our study found access to HIV care (mean 2.4, SD 0.8) and
HIV treatment (mean 2.1, SD 1.2) to be low. Enablers of and
barriersto HIV care and treatment were significantly associated

https://publichealth.jmir.org/2022/6/€33538

inthe predicted directions. For example, community engagement
was positively associated with access to an HIV provider and
sexual stigma was negatively associated with access to HIV
treatment. A detailed summary of associations is presented in
Table 4.
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Table 4. Associations between hypothesized predictors and access to HIV care and treatment?,

Predictors HIV provider access Accessto ARTP refills

Coef® 95% Cl P value Coef 95% Cl P value
Community engagement 0.81 0.75t00.86 <.001 1.23 1.19t01.27 <.001
Comfort with provider 0.54 0.531t00.55 <.001 0.79 0.78100.80 <.001
Sexual stigma -0.87 -0.95t0-0.78 <.001 -1.08 -1.11t0-1.05 <.001
Provider discrimination -0.77 -0.81t0-0.73 <.001 -1.13 -1.17t0-1.09 <.001

3Regression models also adjusted for income, education, relationship status, urbanicity (urban vs rural), racial/ethnic minority status, health insurance,
and region (Global North vs Global South) as covariates. In sensitivity analyses omitting urbanicity and region, results were similar with respect to
magnitude and level of significance of estimates.

BART: antiretrovira therapy.

CCoef: regression coefficient.

health care provider were each negatively associated with poorer
Mental Health mental health. However, poorer mental health outcomes were

The mean PHQ-4 score was 4.7, indicative of prevalent gignificantly associated with experiences of sexual stigma and
depression and anxiety among respondents who wereincluded  provider discrimination (see Table 5).

in this study. Community engagement and comfort with one’s

Table 5. Associations between hypothesized predictors and poorer mental health?,

Predictors Poorer mental health (PHQ-4°)

Coef® 95% ClI P vaue
Community engagement -3.03 -3.19t0-2.87 <.001
Comfort with provider -2.19 —2.23t0-2.15 <.001
Sexual stigma 248 24210254 <.001
Provider discrimination 3.15 2.94t03.35 <.001

3Regression models also adjusted for income, education, relationship status, urbanicity (urban vs rural), racial/ethnic minority status, health insurance,
and region (Global North vs Global South) as covariates. In sensitivity analyses omitting urbanicity and region, results were similar with respect to
magnitude and level of significance of estimates.

BPHQ-4: Patient Health Questionnaire-4.

CCoef: regression coefficient.

Economic | mpact regression anayses confirmed hypothesized associations
P between predictor and outcome variables of interest, with one

Although the mean score for the question assessing anticipated  important exception: community engagement was positively
income reduction was low (2.4), the SD (3.6) suggests broad  associated with anticipated income reduction.

variability in participant responses. As displayed in Table 6,

Table 6. Associations between hypothesized predictors and economic instability?

Predictors Anticipated income reduction during COVID-19

Coef? 95% ClI P vaue
Community engagement 0.84 0.74100.93 <.001
Comfort with provider -0.65 -0.65t0-0.64 <.001
Sexual stigma 0.74 0.73t00.75 <.001
Provider discrimination 0.89 0.85t00.92 <.001

3Regression models also adjusted for income, education, relationship status, urbanicity (urban vs rural), racial/ethnic minority status, health insurance,
and region (Global North vs Global South) as covariates. In sensitivity analyses omitting urbanicity and region, results were similar with respect to
magnitude and level of significance of estimates.

BCoef: regression coefficient.
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Discussion

Principal Findings

To our knowledge, thisisthe first community-led, HIV-related
research study to systematically combine data sets via data
fusion from two separate online surveys of gay and bisexual
men. The strategy enabled us to compare variables that would
otherwise not be comparable. Specifically, we could combine
outcomes from one data set with exposures from the other data
set with afusion processthrough the overlap [18]. Thisapproach
allowed usto confirm hypothesi zed associations between sexual
stigma, provider discrimination, community engagement, and
comfort with one’s health care provider, each experienced prior
to the global onset of the COVID-19 pandemic, with access to
HIV services, income reduction, and mental health impact at
the height of the pandemic’sfirst surge.

Our study suggests that experiences of sexual stigma and
provider discrimination continue to be common and likely
persist through the COVID-19 pandemic. In addition, despite
low overall levels of engagement with the gay community, when
reported, community engagement may be moderating the
deleterious effects of sexual stigmaand provider discrimination
on mental health and economic security. This may be because
communities are sources of information, safety, support, and
affinity [20-24]. Although community engagement was
positively associated with anticipated reductionsinincome, this
finding makes sense if study participants are actively engaging
community-based or -led organizations for support. Study
findings confirm prior research showing the enabling effects of
community engagement and comfort with one's health care
provider on access to HIV prevention, testing, treatment, and
care services for gay and bisexual men [25]. Moreover, HIV
and other health services are more likely to be perceived as
accessible and to be utilized if they are delivered by peers
[26-29].

All exposures or predictorswere assessed using scal es contained
in GMHR-4, based on data collected in the weeks and months
prior to the pandemic. All outcomeswere measured using items
from the COVID-19 Disparities Survey. Although we cannot
directly infer causal relationships between predictor and outcome
variables, measures utilized asked COVID-19 Disparities Survey
participantsto consider COVID-19in their responses, allowing
us the unique opportunity to infer associations beyond the time
parameters prescribed by GMHR-4. Our findings point to
actionable factors that both enable and inhibit access to HIV
services for gay and bisexual men in the COVID-19 era.

Strengthsand Limitations

There are some study limitationsthat are important to mention.
First, both the GMHR-4 and COVID-19 Disparities Survey
utilized online convenience samples, recruited through networks
of advocates, service providers, and online dating apps. The
study istherefore subject to selection bias for gay and bisexual
men who are connected through networks and for whom
internet-based technologies are more easily available. Study
participants may thus have greater access to information and
motivation to respond to surveys. Based on the
sociodemographic characteristics of the sample, participants
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may likely have been gay and bisexual men who were less
affected by the negative consequences of the COVID-19
pandemic. Consequently, findings reported here may reflect an
underestimation of the true magnitude of COVID-19’s impact.
In addition, the COVID-19 Disparities Survey was conducted
at different stages of the epidemic’s spread and the magnitude
of national responses likely varied from country to country.
Convenience sampling also violates the assumption of the data
fusion method that the two data sets were drawn as simple
random samples from the same population [16], which may
also bias our results. In addition, we note that our two data sets
had more pronounced differences from each other in education
and region. However, the matching procedure itself used to
impute values is based on matching to similar covariate val ues.
Moreover, results depended on our specification and
assumptions used in the partial correlation for imputation.
Nevertheless, we used estimates in our partial correlation
calculation that we expected to be close and further combined
over a range of partial correlation values [17]. Additional
research is needed to determine the accuracy of our assumptions
inthe partial correlationswe cal culated. Like other observational
studies, there may be other unmeasured confounders (eg, mental
health, socioeconomic status) that may be associated with our
exposures of interest and access to HIV services. Findly, the
results relied on data that are cross-sectional in nature, which
precludes our ability to examinetemporal changesin predictors
and outcomes measured. Further research, including qualitative
studies, are needed to fully explore: (1) unequal accessto HIV
services, including their causes; (2) factors that enable access
to both services and health; and (3) the impact COVID-19 is
having on gay and bisexual men worldwide.

Despite these limitations, our study underscores the continued
need to better understand and address impediments to service
access among gay and bisexual men, especially in the context
of the COVID-19 pandemic. Key strengths of thisstudy include
the range of domains used that can be harnessed for future
research related to the HIVV and COVID-19 pandemicsand their
impact on vulnerable populations. These include individual
financial security, mental and sexua health, accessto services,
and program utilization. Moreover, the data sets used include
samples from countries hardest hit by COVID-19, including
Brazil, France, Mexico, and Russia

Studies highlighting factors thought to enable access to HIV
services are rare among gay and bisexual men [29]. Further,
barriersto HIV services uniqueto international samples of gay
and bisexual men are only sporadically studied [5,6,30,31], and
are not universally and specifically addressed in national HIV
responses [32]. Understanding the enablers of and barriers to
HIV services accessis critically important to getting the world
back on track to achieving zero new infections, zero AIDS
deaths, and zero discrimination [33]. Having afull and nuanced
grasp of service enablers and barriers is especialy important
now, as we witness the impact of a second, unrelated global
pandemic. This is because pre-existing vulnerabilities may
become exacerbated during times of crisis, moderated to the
extent that enabling factors are consistently and strategically
buttressed with funding and technical support [34].
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Conclusions as critically and equally central to ensuring equitable HIV

Community-led research employing novel methodological ~ SErVices access among gay and bisexual men worldwide.

approaches are paramount during times of crisis. The use of A'thugh not new, the findings reported here suggest that
approaches such as data fusion to combine data sets can help addressing factors that enable and deter accessto HIV services

to quickly clarify salient enabling factors rapidly and Ma be especialy important in buffering against the mental
cost-efficiently, aswell as expose the economic, mental health, Nealth and economic impacts of new and unrelated pandemics.
and service impacts of sexual stigma and provider Moreover, our study raises the _queshon _of whether _the
discrimination. Such information can potentially lead totailored  COV1D-19 pandemic has resulted in worsening HIV services
responses delivered in real time, which can be criticaly ~2°CeSSamong gay and bisexua men, a question that remains
important during public health emergencies such as thar OPenandready for further research. Future research is needed,
represented by the COVID-19 pandemic. Community-led, including pros_pectlvestudles_of_gay and bisexua men that more
methodologically creative, and cost-efficient approachesshould  deeply examine the associations between exposures and

be encouraged and funded, especially during such times outcomes of interest within the same sample. Future studies
' ' should also examine the concerns of gay and bisexual men more

Our study specificaly highlights the importance of reinforcing  comprehensively, beyond those related to HIV, in a world
enabl ers such ascommunity engagement and comfort withon€'s  transfixed and transformed by COVID-19.
health care provider, while addressing stigmaand discrimination
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Abstract

Background: Inthe United States, COVID-19 isanationally notifiable disease, meaning cases and hospitalizations are reported
by states to the Centers for Disease Control and Prevention (CDC). Identifying and reporting every case from every facility in
the United States may not be feasible in the long term. Creating sustainable methods for estimating the burden of COVID-19
from established sentinel surveillance systemsis becoming more important.

Objective: We aimed to provide a method leveraging surveillance datato create along-term solution to estimate monthly rates
of hospitalizations for COVID-19.

Methods: We estimated monthly hospitalization ratesfor COVID-19 from May 2020 through April 2021 for the 50 states using
surveillance datafrom the COVID-19-Associated Hospitalization Surveillance Network (COVID-NET) and aBayesian hierarchical
model for extrapolation. Hospitalization rates were cal culated from patients hospitalized with alab-confirmed SARS-CoV-2 test
during or within 14 days before admission. We created a model for 6 age groups (0-17, 18-49, 50-64, 65-74, 75-84, and =85
years) separately. Weidentified covariates from multiple data sourcesthat varied by age, state, and month and performed covariate
selection for each age group based on 2 methods, L east Absolute Shrinkage and Selection Operator (LASSO) and spike and slab
selection methods. We validated our method by checking the sensitivity of model estimates to covariate selection and model
extrapolation as well as comparing our results to external data.

Results. We estimated 3,583,100 (90% credible interval [Crl] 3,250,500-3,945,400) hospitalizations for a cumulative incidence
of 1093.9 (992.4-1204.6) hospitalizations per 100,000 population with COVID-19 in the United States from May 2020 through
April 2021. Cumulativeincidence varied from 359 to 1856 per 100,000 between states. The age group with the highest cumul ative
incidence was those aged =85 years (5575.6; 90% Crl 5066.4-6133.7). The monthly hospitalization rate was highest in December
(183.7; 90% Crl 154.3-217.4). Our monthly estimates by state showed variations in magnitudes of peak rates, number of peaks,
and timing of peaks between states.

Conclusions: Our novel approach to estimate hospitalizations for COVID-19 has potential to provide sustainable estimates for
monitoring COVID-19 burden as well as aflexible framework leveraging surveillance data.

(JMIR Public Health Surveill 2022;8(6):€34296) doi:10.2196/34296
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Introduction

Monitoring disease burden and severity isacritical component
of public health research, communication, and response. The
current COVID-19 pandemic, which is caused by SARS-CoV-2,
has been ongoing since early 2020 and presentsnovel challenges
and barriersto monitoring due to the unique transmission, nature
of thevirus, and variety of symptom presentations. Inthe United
States, COVID-19 cases, hospitalizations, and deaths are
captured through the National Notifiable Disease Surveillance
System (NNDSS) and death certificates reported to the National
Vital Statistics System (NVSS) [1-3]. However, the
hospitalization status of cases reported by states through the
NNDSS is often incomplete and thus might inaccurately
represent the burden of COVID-19 hospitalization in the United
States. In addition, since July 15, 2020, hospitalizations known
or suspected to be related to COVID-19 have been reported
daily through the Department of Health and Human Services
(HHS) Protect, known as the unified hospital time-series data
[4]. This data collection is a burden on facilities that is likely
unsustainable in the long term.

Current research and methods for estimating hospitalizations
of COVID-19 arelimited. In mid-2020, the Centersfor Disease
Control and Prevention (CDC) developed a multiplier method
for estimating SARS-CoV-2 infections and hospitalizations for
COVID-19 based on state- and territory-reported line-level case
data [5]. To date, these COVID-19 burden estimates from this
case-based multiplier model are calculated and published on
the CDC's website [6]. Other papers have leveraged
seropreval ence surveysto estimate SARS-CoV-2 infectionsand
hospitalizations for COVID-19 [7,8]. These methods rely on
data systems such as case reporting or wide-scale, special
seropreval ence surveys that were initiated during the pandemic
but might not exist in the future, as the pandemic winds down.
Case count data and consistent, representative seroprevalence
data may eventualy be discontinued due to the pandemic
sowing down and resources and attention going elsewhere,
leaving aneed for longer-term systems that can be sustained.

Since March 2020, the COVID-19-Associated Hospitalization
Surveillance Network (COVID-NET) has collected data on
laboratory-confirmed SARS-CoV-2—positive patients from a
network of hospitalsin 14 US states [9]. Although this sentinel
surveillance system does not cover the entire United States, it
is expected to continue monitoring rates of COVID-19
hospitalization even after the pandemic ends. The COVID-NET
system was built off of the similar long-standing Influenza
Hospitalization Surveillance Network (FluSurv-NET), which
has been monitoring population-based rates of influenza
hospitalization for almost 20 years [10]. Although the network
does not currently make any further determination about the
relationship between apositive SARS-CoV-2 test and the reason
for hospitalization for each identified patient, this system and
data arethe best source available for the long-term surveillance
of COVID-19 hospitalizations.

https://publichealth.jmir.org/2022/6/€34296

We created a method to utilize COVID-NET data to provide
national and state-specific estimates of hospitalization to provide
a long-term, sustainable framework to generate estimates of
COVID-19 disease burden in the United States. The aim of this
study wasto estimate monthly COV ID-19 hospitalization rates,
defined as hospitalized patients with positive tests for
SARS-CoV-2 infections, for al 50 states from May 2020
through April 2021. We adapted a Bayesian hierarchical model
to estimate and extrapol ate hospitali zation rates, accounting for
uncertainty and variability between states and across time.

Methods

COVID-NET Surveillance Hospitalization Data and
Adjustments

We used COVID-19 hospitalization data from COVID-NET.
The network identifies hospitalized patients with a positive
SARS-CoV-2 test, including molecular assay and antigen
detection, during hospitalization or within 14 days prior to
hospitalization [9]. Hospitalization rates are calculated by the
number of residents in a catchment area, defined asthe areaor
population around the reporting hospital that the hospital
potentially services, of the COVID-NET sites who are
hospitalized with a confirmed, positive SARS-CoV-2 test
divided by the total population within that defined catchment
area. The network is made up of over 250 acute care hospitals
representing 99 counties in 14 states: California, Colorado,
Connecticut, Georgia, lowa, Maryland, Michigan, Minnesota,
New Mexico, New York, Ohio, Oregon, Tennessee, and Utah.
Overal, the network covers about 10% of the United States
population. For this analysis, case data were aggregated by
month of hospitalization, state reporting, and the following 6
age groups:. 0-17 years, 18-49 years, 50-64 years, 65-74 years,
75-84 years, and =85 years. Age groups were chosen based on
available data age groupingsaswell asinterest in breaking apart
older age groups, which have been impacted more by severe
CovVID-19.

Recognizing that all hospital patients are unlikely to be tested
for SARS-CoV-2 and, therefore, some true cases are not
classified as COVID-19 patients, COVID-19 hospitalization
rates are adjusted by weighting them for SARS-CoV-2 testing
practices (ie, the probability of being tested for SARS-CoV-2
during their hospitalization). In addition, testing practices
changed over the course of the pandemic. The probability of
being tested was caculated from the IBM Watson Health
Explorys electronic health record database (IBM Corporation),
which includes more than 39 health system partners across the
country. All states participating in COVID-NET, except
Connecticut, used the same testing probabilities cal culated from
IBM Watson data, which were aggregated testing practices of
al partners stratified by month and age group. The testing
probabilities for these 13 states ranged from 0.28 to 0.67.
Connecticut provided site-specific testing practice datathrough
COVID-NET, which ranged from 0.32 to 1.00. Rates were also
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adjusted to account for the SARS-CoV-2 assay sensitivity
because, depending on the sensitivity of the assay, some patients
could have false-negative test results (ie, would not beidentified
as a COVID-19 hogpitalization). The assay sensitivity was
assumed to be 0.885, which isthe midpoint for the range found
in a systemic review [11]. The adjusted hospitalization counts
were used to calculate rates using COVID-NET catchment
populations for each site. Due to the range in hospitalizations
by age groups over time, 6 models were run, 1 for each age

group:
@

wheres=1, ..., Sfor each COVID-NET stateand m=1, ..., M for
each month.

Covariate Data and Selection

To extrapolate COVID-19 hogspitalization rates from
COVID-NET sites to states not included in the COVID-NET
network, we incorporated model covariates based on state,
month, and age-specific demographic and epidemiol ogical data.
We used different data measures to account for differences
between stateswith COVID-NET sitesand those states without
COVID-NET sites from multiple sources (Table 1). Including
covariates in the model helps to quantify differences between
age groups, months, and states and allows for the model to
account for these differences when estimating how many
COVID-19 hospitalizations have occurred. We considered both
time-varying and time-invariant state-level covariates that
captured other COVID-19 disease trends, population
demographics, and population health indicators. For the

Couture et al

time-varying covariates, we considered the percent of
SARS-CoV-2 positive tests from commercial and public health
laboratories, percent of all-cause deaths that were coded as
COVID-19 desthsfrom the National Center for Health Statistics
and NV SS, and thefollowing hospital capacity variables: percent
patients with COVID-19 out of all inpatients and percent
intensive care unit (ICU) beds occupied out of al ICU beds
[12-16]. We incorporated a 1-week lag to the percent positive
COVID-19 tests to account for time between symptom onset
and hospitalization and a 1-week lead to the percent of
COVID-19 desths out of all deathsto account for time between
hospitalization and death. For the time-invariant covariates, we
considered the percent Native American and percent Black
American and the population prevalence of the following
conditions or diseases from the Behavioral Risk Factor
Surveillance System (BRFSS): obesity, heart disease, chronic
obstructive pulmonary disease, diabetes, chronic kidney disease,
and asthma[17,18]. Underlying medical and chronic conditions
were found to be highly prevalent in hospitalized patients with
COVID-19 and were therefore included as possible covariates
[18]. Time- and age-varying data for population prevalence of
underlying medical and chronic conditions were not available.
Table 1 summarizes all of the variablesthat were considered as
covariates. We used covariate selection methods to determine
which of the possible covariates to include in the model. For
the <18-year-old age group, only asthma was included as a
possible covariate from the chronic conditions or diseases
because of a lack of evidence that the prevalence of other
chronic conditions or diseases affected COVID-19
hospitalization in that age group [19].

Table 1. Variables considered to be covariates in our Bayesian model to extrapolate COVID-19 hospitalizations for all 50 US states with stratification

and source.

Variables

Stratified by

Source

Laboratory surveillance: SARS-CoV-2 % positive using rt-PCR?
tests

Vital records death: % of all-cause deaths that were coded as
COVID-19 deaths

Month, state, age

Month, state, age

Commercial lab and public health lab data

National Center for Health Statistics National Vital
Surveillance System

Hospital capacity: % COVID patients out of all inpatients, % ICUP Month, state HHS® Protect/National Center for Health Statistics

occupied out of al ICU beds

Race/ethnicity: % American Indian, % Black, % racial minorityd State, age Nationa Center for Health Statistics/National Vital Statis-
tics System

Chronic conditions/diseases: % obesity, % heart disease, % COPDE, State CDCI MMWR" Stacks/Behavioral Risk Factor Surveillance

% Diabetes, % CKD', % asthma

System

3t-PCR: reverse transcripti on—polymerase chain reaction.
biCU: intensive care unit

°HHS: Department of Health and Human Services.

dRacial mi nority was defined as non-White and non-Hispanic.
€COPD: chronic obstructive pulmonary disease.

fckD: chronic kidney disease.

9CDC: Centersfor Disease Control and Prevention.
PMMWR: Morbidity and Mortality Weekly Report.

Extreme values were detected for time-varying covariates and
subsequently transformed using Winsorization (ie, minimized
theinfluence of outliers by replacing them by the maximum or

https://publichealth.jmir.org/2022/6/€34296

minimum values at athreshold of distribution percentiles) [20].
We used the adjusted COVID-NET hospitalization rates as the
outcome to select covariates separately for each age group.
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Covariate selection methods assist with avoiding collinearity
and ensuring that the most relevant and impactful covariates
areincluded. Our method for covariate selection utilized L east
Absolute Shrinkage and Sel ection Operator (LASSO) and spike
and dab [21,22]. Covariates were included in the fina model
for the specific age group if they were selected by LASSO and
then the model incorporated spike and slab selection. The
LASSO chooses a subset of predictors by introducing an upper
bound for the sum of squares and minimizing the errors present
in the model. Spike and dlab is a Bayesian approach in which
we assigned priors to the regression coefficients to be zero or
nonzero, which is where the name comes from. From that, the
posterior distributions show a biseparation effect in the model
coefficients—those that peak at zero and those significantly
different from zero. Assumption for nonzero was high in the
model due to LASSO selection being donefirst.

Bayesian Hierarchical Model and Extrapolation

Weimplemented aBayesian hierarchical model for extrapolation
adapted from amodel to estimate global influenzaburden rates
[23]. Parameter estimation and inference were conducted under
afully Bayesian framework to better quantify uncertaintiesin
predicted hospitalization rates, including those that are
extrapolated to states without COVID-NET data.

We let Ay, denote the estimated, adjusted COVID-19
hospitalization count from the COVID-NET states during
monthsfrom the pandemic, startingin May 2020, wheres=1,...,
S, and S=14 states in COVID-NET, m=1,..., M, and M=12 for
each month included in the model (ie the observed data adjusted
in section COVID-NET Surveillance Hospitalization Data and
Adjustments). Because the observed hospitalization estimateis
a count, we can view them as deriving from a Poisson
probability [24]. Thisisused to account for the random variation
from the observed data. Those estimated, adjusted COVID-19
hospitalization counts, along with the COVID-NET catchment
populations and the selected covariates, were used as inputs
into the following Bayesian hierarchical model:

Level 1: A, ~Pois(6, * Populationy100,000)

where Ay, = Adjusted COVIDNET Countg, (the estimated

hospitalization count for state and month from COVID-NET
data), Population is the catchment population for state s, and

B4, is the unobserved true hospitalization rate.
Level 2: B, ~10gN(H + Y1 Xg gm + - + ViXigm0?)

where X isthe value of covariatei in state s at timem, k=1, ...,
K, K = the number of selected covariates, and covariates are
with mean O and variance 1.

Level 3: y~N(0,1000000%°% * 0,001)
o~Bern(0.9)

Priors; p~N(0,107°)

o2~Unif(0,1000)

where k=1, ..., K and K = the number of selected covariates.
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Inference was carried out utilizing Markov chain Monte Carlo
(MCMC) simulationswith 20,000 iterations. The model outputs
included samples from the posterior distribution of
COVID-19-associated hospitalizationsfor each state and month.
Using these samples, we cal cul ated the median and 90% credible
intervals (Crls) for hospitalization counts, rounded to the
hundreds due to MCMC errors, and used the state population
by age group to calculatefinal hospitalization rates. To calculate
overall age, age by month, age by state, and state by month
hospitalizations and rates, we first summed the posterior
samples. Since the median of sums does not equal the sum of
medians, this led to dightly different total hospitalizations
depending on which grouping was used to sum. For consistency,
we calculated total hospitalizations from overall age medians,
total monthly hospitalizations from age by month, and total
state hospitalizations by age by state. We chose 20,000 iterations
after starting with 2000 iterations and slowly increasing to obtain
stable estimates that also minimized simulation error.

Validation and Comparison

We conducted sensitivity analyses to assess the effect of
covariate selection and input data on the model. Multiple
combinations of covariates were examined for each age group
to assess how robust the hospitalization estimates were to
covariate selection. To validate and test the sensitivity of the
model, first, we compared how the model estimated
hospitalizations for each COVID-NET state with the observed
hospitalization rate from COVID-NET. In ancther sensitivity
analysis, we dropped data from each COVID-NET state, one
by one, and then compared the observed hospitalization rates
to the extrapol ated rates for each dropped state. Finally, we also
compared our COV1D-19 hospitalization estimates against other
public estimates and databases, including COVID-19
hospitalization rates reported through Heathdata.gov (The
Unified Hospital Timeseriesdata), the COVID Tracking project,
and from the CDC's case-based multiplier model [5,6,25-28].
The Unified Hospital Timeseries data and COVID Tracking
project are publicly available data sets providing
state-aggregated datafor COVID-19 hospitalizations over time.
According to Healthdata.gov, the Unified Hospital Timeseries
data had reliable counts of new hospitaizationswith COVID-19
starting in the fall of 2020 when over 95% reporting from all
hospitalsreported by the HHS. The Unified Hospital Timeseries
data are from reports at the facility level and do not account for
nonresponse or missingness. The COVID Tracking Project
compiled data taken directly from the websites of state or
territory public health authorities but stopped and switched to
reporting the Unified Hospital Timeseries on March 7, 2021.
The CDC's casebased multiplier modd estimates
hospitalization in 2-month incrementsand by HHS regions, not
by state. Our model output was aggregated appropriately for
comparisons.

Ethical Statement

This activity was reviewed by the Centers for Disease Control
and Prevention (CDC) and determined to be consistent with
nonhuman participant research activity (#0900f3eb81da6749).
Informed consent was waived, as data were deidentified and

aggregated.
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Results

The covariates selected for each age group varied (Multimedia
Appendix 1). The SARS-CoV-2 percent positive, the percentage
of inpatients with COVID-19 out of al inpatients, and the
percentage of hospitalizations that were ICU admissions were
selected for each of the age groups. The 18- to 49-year-old age
group had the most covariates selected, and the <18-year-old
age group had the fewest covariates selected.

From May 2020 through April 2021 in the United States, we
estimated there were 3,583,100 (90% Crl 3,250,500-3,945,400)
hospitalizations representing a rate of 1093.9 (90% Cirl
992.4-1204.6) hospitalizations per 100,000 population with
COVID-19. The estimated rates varied by age group, state, and
month. The highest rates of hospitalization were among those
aged =85 years, with arate of 5575.6 per 100,000 population
(90% Crl 5066.4-6133.7), and the lowest hospitalization rate

Couture et al

was for those <18 years of age, with arate of 83.9 per 100,000
population (90% Crl 76.8-91.4). Table 2 summarizes the final
estimated counts and rates of hospitalizations by age group from
May 2020 through April 2021.

Hospitalization rates for all age groups peaked in either
December 2020 or January 2021. Figure 1 shows the
epidemiologic curves of hospitalizations over time by age group.
During the study period, we observed the largest peak in
hospitalization rates in December 2020 (183.7/100,000),
followed by January 2021 (180.1/100,000). A second, smaller
peak in COVID-19 hospitalizations was observed for al age
groups in July 2020 (90.6/100,000). The lowest rate of
hospitalization was observed across age groups in September
2020 (46.9/100,000). Following the peak in COVID-19
hospitalization rates during the winter months, COVID-19
hospitalizations declined until the month of April 2021 (Figure
1).

Table 2. Cumulative COVID-19 hospitalization count (median) and rate per 100,000 population and accompanying 90% credible intervals (Crls) for
each age group and overall from May 2020 through April 2021 for 50 US states from our Bayesian model output.

Age group Hospitalization count 90% Crls Hospitalization rate per 100,000 90% Crl

<18 years 61,200 56,000-66,600 83.9 76.8-91.4
18-49 years 892,700 805,700-992,100 647.7 584.6-719.8
50-64 years 927,900 846,900-1,016,100 1477.1 1348.2-1617.6
65-74 years 709,800 645,200-776,500 2258.0 2052.5-2470.3
75-84 years 623,900 562,600-689,700 3912.7 3528.7-4325.7
285 years 367,600 334,000-404,400 5575.6 5066.4-6133.7
Total 3,583,100 3,250,500-3,945,400 1093.9 992.4-1204.6

Figure 1. COVID-19 hospitalization rates per 100,000 population and 90% credible intervals by age group over time from May 2020 through April
2021 for 50 US states from our Bayesian model output. The Y-axis limits are adjusted to the unique range for each age group (ie, they are not set to the

same scale).
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At astatelevel, cumulative hospitalization rates from May 2020
through April 2020 ranged from 359.3 (90% Crl 241.5-476.6)
hospitalizations per 100,000 peoplein Vermont to 1855.6 (90%
Crl 1184.3-2640.1) hospitalizations per 100,000 people in
Nebraska. Figure 2 showsthe overall cumulative hospitalization
rate per 100,000 people from May 2020 to April 2021 for all
states with a heat map (Figure 2A) and by bar graph (Figure
2B) to show the range of hospitalization burden across the
country. COVID-NET states are well distributed throughout
the highest to lowest rates by state.

Considering state-specific hospitalization rates over time, not
all states had the same peaks or magnitudes of peaks. Figure 3
shows the epidemiological curves across the study period for
the top 10 states with the highest upper 90% credible interval
for cumulative hospitalization rates from May 2020 through
April 2021. From these example states, we were ableto observe
differencesinthetimetrends between statesregarding thetiming
and number of peaks. Statesincluding Texas, Nevada, Alabama,
Arizona, and Tennessee have 2 peaks; however, they differed
by timing and magnitude of the peaks. In contrast, Nebraska,
Kansas, Virginia, Missouri, and Oklahoma experienced only 1
major peak, which also differed by timing and magnitude.
Hospitalization rates per 100,000 population from the final
output model over time are provided in Figure 3.

To assess the sensitivity of the selected covariates, we ran the
model using multiple combinations of the covariates, including
those selected by the LASSO method alone and those by the
spike and slab method alone. Hospitalization estimates did not

https://publichealth.jmir.org/2022/6/€34296
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vary greatly overall or by age depending on covariate
combinations and were almost 100% consistent between LASSO
alone, spike and slab alone, and when both were used, which
are the covariates used in the final model for each age group.
To validate the final model, we compared the observed
COVID-NET hospitalization ratesto the final model’s estimated
hospitalization rates. Therates are higher from the final model.
However, the trends over time and by age group follow the
observed, input rates (Multimedia Appendix 2). The
supplementary images are a plot of each COVID-NET state
comparing observed (input), estimated (final mode), and
extrapolated monthly  hospitalization rate in the
leave-one-state-out analysis, showing rates over time and by
age group. Model median results for other states were mostly
consistent whether the specific COVID-NET state was dropped
or not. Almost al of the COVID-NET states extrapolated
estimates (ie, when dropped) had a 90% Crl that included the
observed (input) estimate and estimated (final model) rate. The
older age groups were more consistent and had more overlap
between estimates than the younger age groups in the
leave-one-state-out analysis. Finally, we compared our output
with other hospitalization estimates and data for the final step
of our sensitivity analysis. We compared our results with the
Unified Hospital Timeseries data and data published on The
COVID Tracking Project [ 25,26]. Figure 4 shows acomparison
of hospitalization rate from each source over time. We also
compared our resultsto the current published numbersfrom the
CDC's case-based multiplier model (Multimedia Appendix 3)
[5,6,27].
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Figure 2. Cumulative COVID-19 hospitalization rate per 100,000 population by state from May 2020 through April 2021 in the United States from
our Bayesian model output: (A) heat map of the United States of cumulative hospitalization rate per 100,000 population from May 2020 through April
2021 and (B) bar chart of cumulative hospitalization rate per 100,000 population from May 2020 through April 2021, with 90% credible intervals and
states from COV1D-19-Associated Hospitalization Surveillance Network (COVID-NET) in blue.
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Figure 3. COVID-19 hospitalization rates per 100,000 population over time for the top 10 US states with the highest upper 90% credible interval for
cumulative COVID-19 hospitalization rates from May 2020 through April 2021 from the Bayesian model output: (A) Nebraska, (B) Texas, (C) Kansas,
(D) Nevada, (E) Alabama, (F) Arizona, (G) Tennessee, (H) Virginia, (I) Missouri, and (J) Oklahoma.
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Figure 4. Comparison of COVID-19 hospitalization rates per 100,000 population over time from May 2020 through April 2021 in the United States
from our Bayesian model output with 90% credible intervals, the Unified Hospital Timeseries data, and data from The COVID Tracking Project.
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Overall, our method estimated that 3,583,100 hospitalizations
occurred in the United States from May 2020 through April
2021, with estimated rates varying by age group, state, and
month. These estimates demonstrate the large burden of
COVID-19 hospitalizations in the United States and provide
visibility on variations in disease burden by age group, state,
and time. As expected, the most severe burden of COVID-19
hospitalizations occurred among ol der age groups, specifically
among people aged =65 years old. The largest peak in
hospitalizations occurred in December 2020 and January 2021,
aligning with the largest peak in reported case rates [28].

Our approach to estimating the burden of COVID-19
hospitalization using long-term surveillance data has severa
benefits. First, we designed our model to build on an existing
system that was initially started to track hospitalizations for
influenzaand has expanded to capture other respiratory viruses
including COVID-19. COVID-NET wasbuilt on along-standing
surveillanceinfrastructure that has been conducting surveillance
for respiratory infections, including influenza and respiratory
syncytial virus, for many years and is expected to continue
monitoring COV1D-19 hospitalization ratesinto the future [29].
Our model calculated estimates of state-level hospitalization
rates by month and age group, rather than assuming the 14
COVID-NET sentinel sites are representative of the United
States. Each US state has experienced the pandemic differently,
and our modelsallow usto capture the variationsin the number
and magnitude of pesks and state-specific trends in
hospitalization rates. Further, using covariates to extrapolate
datafrom the COVID-NET sitesto therest of the United States
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in hospitalization. The covariates add information to the input
hospitalization rates to then create a better story for the states
to which it extrapolates. This model helps preserve notable
differencesin the epidemiology of COVID-19 between states.

When we compared our model against the published Unified
Hospital Timeseries and the COVID-Tracking Project, our
COVID-19 hospitalization estimates were higher but showed
the same trends and included the Unified Hospital Timeseries
rates in our 90% Crls for a few months (Figure 4). We aso
compared our model to the case-based multiplier model. The
CDC devel oped the case-based multiplier model using nationally
notifiable COVID-19 case report data and assumptions for
underdetection of confirmed cases, which is still being used to
produce published burden estimates[5,6]. Our Bayesian model
offersan aternative method of estimation by leveraging sentinel
surveillance dataif or when case report data become unreliable
or unavailable. When we compared our model’s output to the
case-based multiplier model during time periodsthat overlapped,
wefound that our model generated more conservative estimates
of hospitalization. Our model’s output was lower than the
estimates from the case-based multiplier model (Multimedia
Appendix 3). From June 2020 to March 2021, our model
estimated a cumulative incidence of 904.3 per 100,000
population whereas the case-based multiplier estimated 1345.3
per 100,000 population. When comparing estimates by age
group, months, and HHS regions, specific differences are
highlighted. Our model had much lower estimates of
hospitalization rates per 100,000 for the O- to 17-year-old age
group (210.7 for the case-based multiplier model and 67.4 for
ours) and =65-year-old age group (4401.7 for the case-based
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multiplier model and 2800.8 for ours), while the other age
groups were only dlightly lower (Multimedia Appendix 3). In
addition, our February through March estimate and HHS regions
2 and 9 were much lower. However, our model had higher
estimates for afew HHS regions compared with the case-based
multiplier estimates. Our method has several advantages over
the case-based multiplier method. First, the case report data
used were often incomplete for hospitalization status and relied
on the imputation of hospitalization status. In our method, the
input hospitalization data were from a surveillance system that
actively  identified  laboratory-confirmed  COVID-19
hospitalizations. Thismay account for the differences observed
in the hospitalization estimates between the models. Imputation
could lead to more hospitalizations than those counted from the
surveillance system. For example, if those not missing in case
data have a bias toward being hospitalized, then those with
missing hospitalization status in the case data would a so have
a bias toward being hospitalized when imputed. A second
difference between the methods was that the case-based
multiplier method adjusted reported cases for factors that
influenced case detection, including health care-seeking
behaviors and testing practices at the HHS region level.
Therefore, they adjusted and estimated at the HHS region level
rather than the state level like our method. Estimating at the
regional versus the state level may also explain differencesin
estimates.

The case-based multiplier model relies on COVID-19 being a
nationally notifiable disease and continued case reporting by
states and jurisdictions, which may not continue long term. In
contrast, our method relies on routine sentinel surveillance data
and allows for extrapolation to places without data. Both the
case report data and seroprevalence data used by Angulo et al
[7] as the basis for their national COVID-19 disease burden
estimates were data sources created to inform the pandemic
response, but it is unclear how long these data will continue to
be collected.

Although we utilized this method for estimating state-level
hospitalization rates for COVID-19 in the United States from
May 2020 through April 2021, our method can be adapted for
different outcomes or measures of interest both domestically
and in international settings. The main components needed are
reliable surveillance data in enough areas to have diversity in
disease occurrence and covariatesthat help explain thevariation
between all areas of extrapolation. There are surveillance
systems set up that do not have complete coverage. For example,
this approach was adapted from an analysis using a Bayesian
Hierarchical model to extrapolate influenza yearly rates by
country [23]. This method provides an opportunity to leverage
surveillance dataand inform more accurate estimates of disease
burden. Efforts to further expand the method to other levels of
disease severity including infection, illness, or death are
ongoing.

Our method also has some limitations. First and foremost, we
are estimating hospitalizations with positive tests for
SARS-CoV-2 infections, as the contributing surveillance data
do not currently attribute whether patients were hospitalized
due to complications caused by the infection. Even for
hospitalizations that are incidental, like an elective surgery, the
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hospital still has to deal with cohorting and infection control
for that person, which adds burden on the hospital. Second,
since our goal was to use routine surveillance data, our time
frame for estimates began in May 2020 in states where we
believe the surveillance systems were established and providing
stable data after being set up in the early months of the
pandemic. Therefore, we cannot estimate cumulative
hospitalizations since the start of the pandemic. Third, we
assumethat COVID-NET capturesall patients who were tested
for COVID-19 and had a positive result. Although we adjusted
for testing practices (ie, those not tested), we could be
underestimating hospitalizations if this assumption is not true
and confirmed positives are not being reported. Fourth, we
assumed that testing practices did not differ by states, except
in Connecticut where testing practice data for COVID-NET
sites were available. This assumption could result in either an
over- or underestimation of hospitalizations. In addition, we
assumed testing sensitivity for COVID-19in COVID-NET was
0.885, which can lead to an over- or underestimation of
hospitalizations depending on true sensitivity. We also did not
adjust for false positives because the reported specificity for
tests in COVID-NET is extremely high [11]. However, this
could aso lead to an overestimation of hospitalizations. Fifth,
our method assumes that the COVID-NET sites are
representative of the entire state. In some states, such as
Maryland, COVID-NET includes al counties; in other states,
such as lowa, it includes only 1 county. Although the model
accounted for uncertainty and variability between states, weare
still limited by representativeness within a state between the
COVID-NET site and the truth of the entire state. As a resullt,
our model may be under- or overestimating hospitalizations at
the state level for COVID-NET states depending on how well
the particular catchment areareflects COVID-19 activity inthe
state. Sixth, our method assumes that COVID-NET states
capture enough diversity across the nation to extrapolate data
to al states, which may not betrue. Although the 14 statesfrom
COVID-NET vary in many ways, we cannot be sure that they
cover the variation in COVID-19 hospitalizations, including
variations in things that may impact hospitalizations like
mitigation strategies and vaccination rates. For example, we
could not extrapolate to Washington DC or New York City
appropriately due to the extreme variation between a state and
apurely metropolitan city. Seventh, although the covariates are
meant to inform the extrapolation, the covariates are limited by
the quality, completeness, and availability of the data. There
could be vital information around COVID-19 hospitalization
rates that are missing, such as other chronic conditions,
underlying risk factorsin the population, mitigation measures,
and vaccination rates. Although our model has time-varying
covariates that describe the COVID-19 impact in each state,
including percent positive, percent COVID-19 deaths, and
hospital capacity covariates, vaccination rates were not included
SO we may be under- or overestimating age groups and states
based on potential unaccounted variation from the correlation
to vaccination rates. Another limitation isthewide Crls. Median
estimates from the model’s output distributions of
hospitalizations seem to be reasonable through our sensitivity,
validation, and comparison analysis, but the 90% Crlsare wide
for some of the stateswhere extrapol ation was carried out. This
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limits the precision of true hospitalizations and inference of
medians presented. Finally, since we ran a different model for
each age group, we are limited in the interpretation of
hospitalization estimates by month and state since combining
models’ outputs may underestimate variability and does not
capture correl ations between age groups. Although we cal culated
hospitalizations by month and state, combined variance is
unknown, so Crls may be wider than reported.

In conclusion, we estimated that about 4 million COVID-19
hospitalizations occurred in the United States from May 2020
through April 2021. As COVID-19 continues to circulate and
cause illness, it will be important to develop a sustainable
method to continue to estimate the disease burden of COVID-19
that can account for regional variation in timing and incidence
of disease activity aswell as changesin detection and reporting

Couture et al

of COVID-19 and that utilizes ongoing surveillance data. With
an unknown future of COV1D-19, burden estimateswill continue
to be needed. Having a burden estimation method that uses a
sentinel surveillance system ensures we will have the ability to
create burden estimates despite changesin case data reporting.
Knowing disease burden helps us understand vaccine-averted
burden, post—COV I D-19 conditions, and moreimportant public
health research. Our method leverages routine surveillance data
that are expected to continue after the pandemic and aBayesian
hierarchical modeling approach as a novel way to continue
estimating COVID-19 hospitalizations. The model offers an
approach that will be useful not only to COVID-19
hospitalization estimations but al so to other level s of the disease
burden pyramid, including SARS-CoV-2 infections and
COVID-19 deaths.
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Multimedia Appendix 1

Covariates selected for each Bayesian model for extrapolation of COVID-19 hospitalizations for all 50 US states by age group
out of al covariates. For the 0-17 years age group, only asthma was included as a possible covariate from the chronic
conditions/diseases. CKD: chronic kidney disease, COPD: chronic obstructive pulmonary disease, | CU: intensive care unit, inpat:
inpatients.

[DOCX File, 18 KB - publichealth v8i6e34296_appl.docx ]

Multimedia Appendix 2

Comparison of COVID-19 hospitalization rates per 100,000 popul ation and 90% credibleintervals (error bars) from our Bayesian
model by age group for each US state in COVID-NET showing observed rate (COVID-NET input rate), estimated rate (final
model), and extrapolated rate (dropped). Y-axis limits adjust to the unique minimum and maximum rate for each age group.
[DOCX File, 2181 KB - publichealth_v8i6e34296 app2.docx ]

Multimedia Appendix 3

Comparison of COVID-19 hospitalization estimates between our Bayesian model and case-based multiplier model by age group,
months, and HHS regions, including distribution of hospitalization for each group from June 2020 through March 2021.
[DOCX File, 21 KB - publichealth v8i6e34296 app3.docx |
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Abstract

Background: Characterizing the experience and impact of the COVID-19 pandemic among various populations remains
challenging due to the limitations inherent in common data sources, such as electronic health records (EHRS) or cross-sectional
surveys.

Objective: This study aims to describe testing behaviors, symptoms, impact, vaccination status, and case ascertainment during
the COVID-19 pandemic using integrated data sources.

Methods: In summer 2020 and 2021, we surveyed participants enrolled in the Biobank at the Colorado Center for Personalized
Medicine (CCPM; N=180,599) about their experience with COVID-19. The prevalence of testing, symptoms, and impacts of
COVID-19 on employment, family life, and physical and mental health were calculated overall and by demographic categories.
Survey respondents who reported receiving a positive COVID-19 test result were considered a “ confirmed case” of COVID-19.
Using EHRs, we compared COVID-19 case ascertainment and characteristics in EHRs versus the survey. Positive cases were
identified in EHRs using the International Statistical Classification of Diseases, 10th revision (ICD-10) diagnosis codes, health
care encounter types, and encounter primary diagnoses.

Results: Of the 25,063 (13.9%) survey respondents, 10,661 (42.5%) had been tested for COVID-19, and of those, 1366 (12.8%)
tested positive. Nearly half of thosetested had symptoms or had been exposed to someone who wasinfected. Young adults (18-29
years) and Hispanics were more likely to have positive tests compared to older adults and persons of other racial/ethnic groups.
Mental health (n=13,688, 54.6%) and family life (n=12,233, 48.8%) were most negatively affected by the pandemic and more
S0 among younger groups and women; negative impacts on employment were more commonly reported among Black respondents.
Of the 10,249 individuals who responded to vaccination questions from version 2 of the survey (summer 2021), 9770 (95.3%)
had received the vaccine. After integration with EHR data up to the time of the survey completion, 1006 (4%) of the survey
respondents had a discordant COV1D-19 case status between EHRs and the survey. Using all longitudinal EHR and survey data,
weidentified 11,472 (6.4%) COVID-19-positive cases among Biobank participants. In comparison to COVID-19 casesidentified
through the survey, EHR-identified cases were younger and more likely to be Hispanic.
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Conclusions: Wefound that the COV1D-19 pandemic has had far-reaching and varying effects among our Biobank participants.
Integrated data assets, such asthe Biobank at the CCPM, are key resources for population health monitoring in responseto public

health emergencies, such as the COVID-19 pandemic.

(IMIR Public Health Surveill 2022;8(6):€37327) doi:10.2196/37327

KEYWORDS

COVID-19; surveillance; pandemic; biobank; EHR; public health; integrated data; population health; health monitoring; electronic
health record; eHealth; health record; emergency response; vaccination status; vaccination; testing; symptom; disease impact

Introduction

The COVID-19 globa pandemic has caused asignificant burden
on the health and well-being of our families and communities.
It has changed the way we work, socialize, and go about our
daily lives. To date, over 888,000 Americans have died from
COVID-19, and more than 49 million have been infected with
the virus, many of whom have been hospitalized or suffered
from a range of symptoms lasting from days to years [1].
Further, the burden of this disease, with respect to infection
rates, hospitalizations, deaths, and impacts on physical and
mental health, is not evenly distributed throughout the
population. Understanding the nature and magnitude of this
disease has been challenging due to the evolving nature of this
virus, changing recommendations from public health around
testing and self-quarantine, and our own health behaviors to
avoid exposure.

Aswe strive to understand this novel virusin terms of risk and
outcomes, it is important to assess the impact of COVID-19
among various popul ations, including those who may experience
serious versus mild effectsfrom infection, those who experience
symptoms but do not undergo testing, and those who never
contract the disease. This broad inquiry requires multiple data
sources. Electronic health records (EHRs) are useful for
capturing information about persons who seek medical care or
become hospitalized due to COVID-19, and thus may reflect
more severe cases [2-4]. However, due to incomplete and
unstructured data collection in EHRS, self-reported population
surveys can provide information about persons with more mild
disease who may opt not to seek medical care and those never
infected [5]. Combining data sources from EHRS and surveys
can mitigate limitations and biases inherent in each as well as
optimize capture of the COVID-19 experience in a broader
popul ation.

We sought to characterize the experience and impact of the
COVID-19 virus among a large and diverse group of persons
enrolled in the Biobank at the Colorado Center for Personalized
Medicine (CCPM), a collaborative initiative supported by
UCHealth and the University of Colorado Anschutz Medical
Campus. Specifically, we assessed the preval ence of testing and
positivetest results, the type and frequency of symptoms, health
care utilization, severity of disease, and the impacts of the
pandemic on mental and physical health, and employment.
Uniquely, for this analysis, we were able to combine clinical
data from EHRs with self-reported information collected via
an online survey that was offered to all Biobank participants.

https://publichealth.jmir.org/2022/6/€37327

We present hereresultsfrom our analysis of self-reported survey
dataand clinical datarecorded in EHRsfor Biobank participants.
By combining these unique data sources, we were ableto capture
more COVID-19-positive cases and assess population
differences in symptoms, health care utilization, severity
(hospitalization), and persona impact. We also highlight the
value of biobanks such as ours in facilitating rapid and
comprehensive inquiries about emerging public health threats
such as COVID-19.

Methods

Study Population

Enroliment in the CCPM Biobank is open to all UCHealth
patients who are 18 years of age or older and able to provide
consent for themselves through My Health Connection, the
mobile EHR patient portal for UCHealth. Enrolled participants
consent to use of their clinical data from EHRs and to being
recontacted about new research opportunities and to complete
surveys. To date, the Biobank has enrolled over 200,000 adult
participants from among the 2.5 million UCHealth patients
across Colorado. Biobank participants are representative of the
whole UCHealth population with respect to age, gender,
race/ethnicity, and comorbidity status (Multimedia Appendix
1). For this study, al living Biobank participants with a valid
email address were invited to complete an online survey about
their experience with the COVID-19 pandemic. Participants
were identified by a unique ID generated by Heath Data
Compass (HDC), the system-wide datawarehouse for UCHealth.
For thisanalysis, HDC linked survey responses to participants
clinical datain EHRs using this unique ID, removed personal
identifiers, and deposited the data into a datamart that was
accessible to the authors.

Survey Development and Administration

We devel oped our survey based on an instrument devel oped by
the International Common Disease Alliance (ICDA) [6] early
in the pandemic. Our survey included questions about testing
for COVID-19, test results, symptoms related to COVID-19
infection, health care utilization following a positive test or
symptoms, underlying health conditions, the impact of
COVID-19 on health and well-being, potential household
exposure to COVID-19, and current smoking behaviors
(Multimedia Appendix 2). Given the novelty of the COVID-19
pandemic, no validated questionnaires were available at the
time of our survey development and administration.

We created the survey in REDCap [7], a Health Insurance
Portability and Accountability Act of 1996 (HIPAA)-compliant
database and research management platform, and created unique
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survey links for each Biobank participant. Personal invitations
to complete the survey were sent by email to al participants
beginning in June 2020, with a follow-up reminder to
nonresponders within 2 weeks. We repeated the process in
October 2020 for all participants newly enrolled between June
and October 2020. We revised the survey in March 2021 to
include additional questions on vaccine uptake, adversereactions
to the vaccine, and long-term symptoms postinfection
(Multimedia Appendix 3). The revised survey was sent to all
participants who had not responded to the initial survey and
newly enrolled participants through May 2021. In total, survey
invites were sent to 180,599 individual participants over the
course of 15 months.

COVID-19 Case and Severity Definitions: Survey and
EHRs

A summary of available data and definitionsfrom the EHR and
survey is provided in Multimedia Appendix 4. Survey
respondents who reported receiving a positive COVID-19 test
result were considered a “confirmed case” of COVID-19.
Self-reported cases also reported whether the respondent tested
positive for COVID-19, saw a doctor in person or through
telehealth, visited the emergency room (ER), were hospitalized
overnight, stayed home/isolated, or did nothing different. We
looked at severity in terms of either hospitalization due to
COVID-19 or death after COVID-19. Respondentswho reported
having 1 or more overnight staysin the hospital were considered
to be “hospitalized.”

Positive cases were identified in EHRs using International
Satistical Classification of Diseases, 10th revision (ICD-10)
diagnosis codes, health care encounter types, and encounter
primary diagnoses. Participants who received an ICD-10
diagnosis code of UO7.1 or at least 1 of 11 COVID-19-specific
encounter primary diagnoses (Multimedia Appendix 5) were
considered an “EHR-confirmed case.” Participants who were
hospitalized in aUCHealth hospital overnight during the 3 days
before or up to 21 days after their COVID-19 diagnosis date
and who had at least 1 of 64 COVID-19-related encounter
primary diagnoses (Multimedia Appendix 6) were considered
to be“EHR hospitalized.” To compare positive casesidentified
from EHRs and the survey, we examined the number of
hospitalized cases that were discordant between these data
SOurces.

All-cause mortality data stored in the HDC clinical data
warehouseincludethe cause of death as certified by aphysician
or coroner/medical examiner, related ICD-10 cause of death
codes generated by Centersfor Disease Control and prevention
(CDC), and age at death. These dataare obtained through routine
linkage of UCHealth patients with the vital statisticsdeath
certificates provided by the Department of Vital Statistics at

https://publichealth.jmir.org/2022/6/€37327
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the Colorado Department of Public Health and the Environment
(CDPHE). Accounting for the ~3-month lag time to register
certificates, map |CD-10 cause of death codes, and update the
clinical databases, the ascertainment of mortality among
UCHealth patients for this analysisis nearly 95% complete.

Other Definitions

Age and race/ethnicity were determined from EHRs. Race and
ethnic indicators were extracted as encoded in EHRs and
categorized into 4 racia-ethnic groups to preserve >10
individualsin each group in al analyses, including non-Hispanic
White, non-Hispanic Black, any Hispanic, and other.

Statistical Analysis

We generated descriptive statistics to characterize our study
population and responses to survey questions using R version
4.0.5 (R Core Team) [8]. We also stratified respondents with
respect to COVID-19 infection status based on reported test
status and symptomology. We compared COVID-19-positive
individuals who were identified via the survey and via EHRs
by demographics and severity (overnight hospitalization and
death). We investigated case status and hospitalization
misclassification in both the survey and EHRs by comparing
those who were discordant in the survey and EHRs. We
calculated differences between groups using chi-sgquare and t
test dstatistics for categorical and continuous measures,
respectively. As expected, due to the large sample size in the
study, most comparisons were statistically significant at a
2-sided a of <.05. Therefore, we focused results and
interpretation on effect sizes and the corresponding SE of the
estimate.

Ethical Consider ations

The Colorado Multiple Institutional Review Board (COMIRB)
approved al CCPM Biobank study protocols (COMIRB
#15-0461), and thisresearch was performed in accordance with
relevant guidelines/regulations.

Results

Survey Response

Of 180,599 Biobank participants with valid email addresses,
25,063 (13.9% response rate) completed at least 1 survey and
had complete demographic information (Figure 1). Compared
to nonrespondents (Multimedia A ppendix 7), respondentswere
older (mean age 55.0 yearsvs 48.6 years, P<.001) and enriched
for a higher proportion of femaes (n=15,695, 62.6%, vs
n=91,707, 59.0%, P<.001) and individuals of non-Hispanic
White race/ethnicity (n=21,917, 87.4%, vs n=119,848, 77.1%,
P<.001).
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Figure1l. The CCPM Biobank COVID-19 survey population. CCPM: Colorado Center for Personalized Medicine.

The Biobank at the Colorado Center for

Personalized Medicine (5/31/2021)

n=12 Missing
demographics (sex or age)

N=184,021
P[ n=3422 Invalid or no email ]
Survey invitation
n=180,599
b[ n=155,524 No response ]
Responded to 21 surveys
h=25,075

Analysis
n=25,063

COVID-19 Testing

Among all survey respondents, 10,661 (42.5%) reported being
tested for COVID-19. The most common reasons for testing
were having symptoms (n=3148, 29.5%), exposure to someone
who tested positive for COVID-19 (n=1975, 18.5%), doctor
recommendation (n=1565, 14.7%), requirement of the employer
(n=950, 8.9%), and recent international travel (n=362, 3.4%).
An additional 4352 (40.8%) of individual stested reported other
reasonsfor testing that included having surgery or other medical
procedure, planned travel, a desire or need to be around large
groups or family members, and work site offerings for testing.

Of those tested, 1366 (12.8%) tested positive for COVID-19
(Table 1) and were considered confirmed cases. The
distributions of age, sex, race/ethnicity, college education,

https://publichealth.jmir.org/2022/6/€37327

number of symptoms, number of preexisting comorbidities,
overal health status, and exposure to a household member who
tested positivefor COVID-19 weredifferent acrossthe 3 groups
of those who tested positive, tested negative, and were not tested
(al P<.001). Young adults (aged 18-29 years) were
overrepresented among the tested-positive group, representing
146 (10.7%) of those who tested positive compared to 619
(6.7%) of those who tested negative and 738 (5.1%) of those
who were not tested (P for trend <.001). Similarly, individuals
of Hispanic race/ethnicity were overrepresented in the
tested-positive group at 125 (9.2%) compared to 528 (5.7%) of
those who tested negative and 619 (4.3%) of those who were
not tested. I ndividualswho tested positive were also morelikely
to report symptoms, household exposure to COVID-19, and
poor health status (Table 1; all P<.001).
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Table 1. COVID-19 testing in the Biobank among survey respondents.

Characteristics Total respondents  Tested (N=10,661) Not tested (N=14,402) Pvalue?
(N=25,063)
Tested positive Tested negative pvalue® Respondents Pvalues
(N=1366) (N=9295)

Age (years), mean (SD) 55.0 (15.8) 48.9 (14.6) 53.7 (15.6) <.001 56.5 (15.8) <.001 <.001

Age (years), n (%) <.001 N/AD <.001 <.001
18-29 1503 (6.0) 146 (10.7) 619 (6.7) N/A 738 (5.1) N/A N/A
30-64 15,049 (60.0) 1000 (73.2) 5890 (63.4) N/A 8159 (56.7) N/A N/A
65+ 8511 (34.0) 220 (16.1) 2786 (30.0) N/A 5505 (38.2) N/A N/A

Sex, n (%) .09 N/A <001  <.001
Female 15,695 (62.6) 902 (66.0) 5915 (63.6) N/A 8878 (61.6) N/A N/A
Male 9368 (37.4) 464 (34.0) 3380 (36.4) N/A 5524 (38.4) N/A N/A

Race/ethnicity, n (%) <.001 N/A <.001 <.001
Non-Hispanic White 21,916 (87.4) 1117 (81.8) 8072 (86.8) N/A 12,727 (88.4) N/A N/A
Non-Hispanic Black 308 (1.2) 24.0 (1.8) 133 (1.4) N/A 151 (1.0) N/A N/A
Hispanic 1272 (5.1) 125(9.2) 528 (5.7) N/A 619 (4.3) N/A N/A
Other 1567 (6.3) 100 (7.3) 562 (6.0) N/A 905 (6.3) N/A N/A

Bachelor’sdegree, n (%) <.001 A3 <.001
Yes 19407 (77.4) 973 (71.2) 7219 (77.7) N/A 11,215 (77.9) N/A N/A
No 5482 (21.9) 381 (27.9) 2008 (21.6) N/A 3093 (21.5) N/A N/A
Unknown 174.(0.7) 12.0(0.9) 68.0 (0.7) N/A 94.0 (0.7) N/A N/A

Number of acute symptoms, 0.261 (1.05) 2.09 (2.61) 0.393 (1.15) <.001 0.00222 (0.0897)  <.001 <.001

mean (SD)

Number of comorbidities, mean 1.51 (1.38) 1.46 (1.46) 1.59 (1.44) .004 1.46 (1.32) <001  <.001

(SD)

Health status, n (%) <.001 N/A <001  <.001
Excellent 5664 (22.6) 235(17.2) 1993 (21.4) N/A 3436 (23.9) N/A N/A
Very good 10,532 (42.0) 444 (32.5) 3784 (40.7) N/A 6304 (43.8) N/A N/A
Good 6558 (26.2) 440 (32.2) 2527 (27.2) N/A 3501 (24.9) N/A N/A
Fair 1859 (7.4) 196 (14.3) 793 (8.5) N/A 870 (6.0) N/A N/A
Poor 323(1.3) 45.0 (3.3) 151 (1.6) N/A 127 (0.9) N/A N/A
Unknown 127 (0.5) 6.00 (0.4) 47.0 (0.5) N/A 74.0 (0.5) N/A N/A

Questionnaireversion, n (%) <.001 N/A <.001 <.001
1-Summer-fall 2020 14,814 (59.1) 410 (30.0) 3718 (40.0) N/A 10,686 (74.2) N/A N/A
2-Summer-fall 2021 10,249 (40.9) 956 (70.0) 5577 (60.0) N/A 3716 (25.8) N/A N/A

EHR® COVID-19 case, n (%) <001 NIA <001 <001
Yes 717 (2.9) 519 (38.0) 125 (1.3) N/A 73.0(0.5) N/A N/A
No 24,346 (97.1) 847 (62.0) 9170 (98.7) N/A 14,329 (99.5) N/A N/A

Household member tested positive, n (%) <.001 N/A <.001 <.001
No 19,472 (77.7) 482 (35.3) 7268 (78.2) N/A 11,722 (81.4) N/A N/A
Yes 1519 (6.1) 691 (50.6) 517 (5.6) N/A 311(2.2) N/A N/A
Unknown 4072 (16.2) 193 (14.1) 1510 (16.2) N/A 2369 (16.4) N/A N/A

Genetic data, n (%) A7 N/A <.001 <.001
No 20,182 (80.5) 1157 (84.7) 7732 (83.2) N/A 11,293 (78.4) N/A N/A
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Characteristics Total respondents  Tested (N=10,661) Not tested (N=14,402) P value®
(N=25,063)
Tested positive Tested negative Pvalue® Respondents P vaue®
(N=1366) (N=9295)
Yes 4881 (19.5) 209 (15.3) 1563 (16.8) N/A 3109 (21.6) N/A N/A

8 rom chi-square or ANOVA, comparing tested positive versus tested negative versus not tested.
bFrom chi -square or ANOVA, comparing tested positive versus tested negative.

®From chi-square or ANOVA, comparing tested versus not tested.
dN/A: not applicable.
®EHR: electronic health record.

COVID-19 Case Symptomol ogy

Of the 1366 COV I D-19-positiveindividual sidentified from the
survey, 1154 (84.4%) individuals had at least 1 of thefollowing
COVID-19-related symptoms since February 2020: cough, fever
over 99.9°F, genera tiredness/fatigue, muscle/body aches, runny
nose, difficulty breathing/shortness of breath, loss of sense of
smell or taste, and stomach or gastrointestinal (Gl) problems
(Figure 2). However, only 661 (48.4%) reported at least 1
symptom 14 daysbefore or after apositive COVID-19test. The
number of symptoms individuals reported was relatively even
from 1 to 8 symptoms, ranging from 50 (3.7%) individuas
reporting all 8 symptomsand 115 (8.4%) reporting 4 symptoms
(Figure 2A). General tiredness/fatigue and muscle/body aches
were the most commonly reported symptoms within 14 days of
a positive COVID-19 test, at 517 (37.8%) and 439 (32.1%)

https://publichealth.jmir.org/2022/6/€37327

individuals, respectively (Figure 2B). The next most common
symptom was loss of sense of smell or taste, with 397 (29.1%)
individuals reporting within 14 days of a positive COVID-19
test (Figure 2B). However, an additional 283 (20.7%) individuals
reported this symptom outside the 28-day window. A quarter
of the individuals (=346, 25.3%) reported a cough within 14
days of a positive COVID-19 test, and 310 (22.7%) and 302
(22.1%) reported difficulty breathing/shortness of breath and a
runny nose, respectively (Figure 2B). Only 234 (17.1%) of
individuals reported stomach or GI problems (Figure 2B). The
remainder (n=705, 51.6%) reported no symptoms within 14
days before or after their COVID-19 positive test. There were
no significant differences in asymptomatic cases compared to
symptomatic cases (having at least 1 symptom) when comparing
by age, sex, or race/ethnicity (Figure 2C-E).
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Figure 2. Symptomology among COVID-19 cases. Each symptom was reported 14 days before or 14 days after a positive COVID-19 test. (A) Number
of symptoms reported among COVID-19 cases. (B) Percentage of COVID-19-positive cases that reported each symptom. Comparing asymptomatic
cases with symptomatic cases (at least 1 symptom) by (C) age, (D) sex, and (E) race/ethnicity. P value from the Pearson chi-square test for different
distributions across demographic groups. Error bars indicate the 95% Cl for the percentage point estimate. Gl: gastrointestinal.
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Health Behaviorsand I mpact on the Health Care
System

To assess health behaviors among COVID-19 cases and the
potential impact on the health care system, we asked these
individual s what they did as aresult of testing positive (Figure
3A). Of the 1366 respondents with positive tests, 1108 (81.1%)
stayed home and self-isolated, and 76 (5.6%) did not report any
changes in behavior (Figure 3A). Of those who did not change
behavior, 63 (82.9%) did not have any symptoms reported 14
days before or after their COVID-19 test. Of the 1366
individuals who tested positive, 625 (45.8%) sought out at |east
1form of medical care: 190 (13.9%) saw adoctor at anin-person
visit, 454 (33.2%) saw adoctor viatelehealth, 194 (14.2%) went
to the ER, and 108 (7.9%) had an overnight stay in a hospital
(Figure3A). A subset of 229 (16.7%) individual s reported being
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tested at a UCHealth facility versus 213 (15.6%) outside
UCHealth, with no response from 924 (67.6%) respondents. Of
the 229 (16.7%) respondents who said they tested positive at a
UCHealth facility, only 137 (59.8%) wereidentified asa“ case”
within EHRs. There was a high rate of missingness for the
guestion on who performed the test (n=924, 67.6%), so there
may be confusion by participants about who supplied the
COVID-19 test.

Among respondents who were not tested but reported having
at least 1 COVID-related symptom, 1901 (41.9%) said they did
nothing different, whereas 1920 (42.3%) stayed home and
self-isolated (Figure 3B). A third (n=1515, 30.4%) sought out
at least 1 form of medical care, 934 (20.6%) had an in-person
clinicvisit, 77 (17.1%) had atelehedlth clinic visit, 275 (6.1%)
went to the ER, and 90 (2.0%) had an overnight stay in the
hospital (Figure 3B).
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Figure 3. The impact of COVID-19 on the health care system. (A) Participants behavior after testing positive for COVID-19 and (B) participants’
behavior when having symptoms, among those with at least 1 symptom who did not get tested for COVID-19. Error bars indicate the 95% CI for the

percentage point estimate. ER: emergency room.
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Impact of the COVID-19 Pandemic

Theimpact of the COVID-19 pandemic on employment, family
life, mental health, or physical health waslargely negative, with
18,861 (75.3%) of respondents reporting anegative impact from
the COVID-19 pandemic in at least 1 of these domains
compared to 5856 (23.4%) of respondents reporting a positive
impact in at least 1 domain (P<.001). Mental health and family
life were most negatively affected by the pandemic, at 13,688
(54.6%) and 12,233 (48.8%) of respondents reporting anegative
impact, respectively. The negative impact in the other 2 domains
waslower at 7059 (28.2%) for physical health and 5320 (21.2%)
for employment (P<.001).

The impact of the COVID-19 pandemic was not equal across
groups by age, race/ethnicity, sex, and COVID-19 testing status
(maximum P=.006; Figure 4). A higher proportion of young
adults reported a negative mental health impact (1123/1499,
74.9%, 95% Cl 72.7%-77.1%) than adults aged 30-64 years
(9092/14,975, 60.7%, 95% Cl 59.6%-61.5%) and older adults
(65+ years; 3473/8445, 41.1%, 95% Cl 40.1%-42.2%). A similar
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linear trend across age groups was seen for the negative impact
of the pandemic on employment and physical health (Figure
4A). Using self-reported race/ethnicity as captured in EHRS, a
higher proportion of non-Hispanic Black respondents reported
a negative impact on their employment (108/302, 35.8%, 95%
Cl 30.4%-41.2%) compared to other race/ethnic groups
(non-Hispanic White: 4498/21,628, 20.8%; Hispanic: 328/1257,
26.1%; other: 386/1550, 24.9%; Figure 4B). Women reported
agreater negativeimpact of COV1D-19 compared to men across
all domains. employment (3625/15,470 [23.4%] versus
1695/9267 [18.3%)]), family life (7865/15,579 [50.5%)] versus
4368/9298 [47.0%)]), mental health (9407/15,609 [60.3%] versus
4281/9310[46.0%]), and physical health (4796/15,600 [30.7%]
Versus 2263/9293 [ 24.4%)]) (Figure4C, all P<.001). Respondents
who tested positive for COVID-19 reported a higher negative
impact on their physical heath (744/1353, 55.0%, 95% ClI
52.3%-57.6%) than those who tested negative (2854/9234,
30.9%, 95% CI 30.0%-31.9%) and those who did not report a
COVID-19 test (3461/14,306, 24.2%, 95% Cl 23.5%-24.9%,
Figure 4D).
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Figure 4. The impact of COVID-19 on employment, family life, and mental and physical health by (A) age, (B) race/ethnicity, (C) sex, and (D)
COVID-19 test status. P value from the Pearson chi-square test for different distributions across impact and demographic groups. Error bars indicate

the 95% ClI for the percentage point estimate.
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COVID-19 Vaccination

In our second round of the survey (administered in
spring/summer 2021), we added questions about COVID-19
vaccination. Of the 10,249 (40.9%) of the total overall survey
population (N=25,063) who responded to the second survey,
9770 (95.3%) received the vaccine. Younger people were less
likely to havereceived avaccine: 46 (7.6%) of those aged 18-29
yearsdid not receive avaccine compared to 303 (4.9%) of those
aged 30-64 years and 69 (2.0%) of those aged 65+ years
(P<.001, Figure5A). Women weredlightly lesslikely to receive
a vaccine (n=289, 4.6%, of women vs n=129, 3.3%, of men,
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P=.003, Figure 5B). The vaccination rate was similar across
race/ethnicity categories, with 368 (4.2%) non-Hispanic Whites,
<10 (4.4%) non-Hispanic Blacks, 23 (4.1%) Hispanics, and 21
(3.3%) in the other race category not receiving vaccines (P=.79,
Figure 5C). The median income of the home 3-digit zip code
was lower for unvaccinated participants: US $67,800 in the
unvaccinated compared to US $71,500 in the vaccinated group
(P<.001). The median percentage of the population that received
a bachelor's degree by 3-digit zip code was lower for
unvaccinated (37.7%) compared to vaccinated (47.3%)
participants (P<.001).
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Figure5. Vaccine uptake by (A) age, (B) sex, and (C) race/ethnicity. P value from the Pearson chi-square test for different distributions across impact
and demographic groups. Error bars indicate the 95% CI for the percentage point estimate.
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vsthe Survey
We identified 11,472 (6.4%) COVID-19 positive cases from
among 180,599 eligible Biobank participants: 1366 (11.9%)
from the survey and 10,639 (92.7%) from EHRS; 533 (4.6%)
cases were identified in both sources (Figure 6).

In comparing COVID-19 casesfrom EHRsto thosein the survey
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(Figure7), wefound that casesidentified in EHRswereyounger,

with 17.2% of individuals in the 18-29 age group compared to
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10.7% in the survey group (P<.001, Figure 7A). A higher
percentage of casesidentified in EHRswere Hispanic compared
to survey cases (14.7% vs 9.2%, respectively, P<.001, Figure
7B). EHR cases also had a dlightly lower proportion of women
(61.9%) compared to the survey group (66.0%; P=.003, Figure
7C). The median income for the 3-digit zip code was the same,
US $69,900 in both groups. The median percentage of the
population that received abachel or’'s degree by 3-digit zip code
was dightly lower in the EHR (41.3%) group compared to the
survey (45.7%) group (P<.001).
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Figure 6. COVID-19-positive CCPM Biobank participants identified through the UCHealth EHRs and the survey. CCPM: Colorado Center for

EHR Survey

Personalized Medicine; EHR: electronic health record.

Figure 7. Comparison of COVID-19 cases captured in the EHRs and the survey by (A) age, (B) racelethnicity, (C) sex, and (D) COVID-19-related
overnight hospitalization. P value from the Pearson chi-square test for different distributions acrossimpact and demographic groups. Error barsindicate
the 95% ClI for the percentage point estimate. EHR: electronic health record.
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COVID-19 Case Severity in EHRs and the Survey

A higher percentage of COVID-19-positive cases identified
from the survey were hospitalized overnight (8.3%) compared
to the EHR (6.5%) group (P=.01, Figure 7D). Using al-cause
mortality data obtained from CDPHE vital statistics, 130 (2.3%)
individuals in the EHR group died, leading to a death rate of
1.2%. In addition, 4 (0.29%) people in the survey group died,
with a death rate of 0.2%.

TheEHR isalongitudina datasource; therefore, we can capture
COVID-19 cases on a continuing basis, whereas the survey
reflects a point in time and can only identify individuals who
had COVID-19 before they took the survey. Of 907 COVID-19
cases identified in EHRs who completed the survey but did not
report a positive COVID-19 diagnosis in the survey, 379
(41.8%) reported receiving a negative COVID-19 test result
and 528 (58.2%) had not taken a COVID-19 test and were
presumed to be negative. The majority of these individuals
(n=732, 80.7%) completed the survey before they were
diagnosed with COVID-19in EHRs.

COVID-19 Case and Hospitalization Discor dance
Between EHRs and the Survey

To quantify discordance of the COVID-19 case status between
EHRs and the survey, we looked across our entire set of survey

Johnson et al

respondents (N=25,063). We only counted a participant as“EHR
COVID-19 positive” if the diagnosis made was prior to taking
the survey, not COV1D-19 cases that happened after the survey
was taken. Although neither the survey nor EHRs are a gold
standard for case classification, we can look at the discordance
between them to identify the potential for misclassification.
Overdll, therewere atotal of 1006 (4%b) respondents discordant
for COVID-19 case status. Of the 25,063 individual s who took
the survey, 173 (0.7%) were identified as COVID-19 positive
in EHRs but negative or not tested in the survey, leading to a
discordance rate of 0.7% (Table 2). In addition, 833 (3.3%)
individuals were identified as COVID-19 positive in the survey
but negative in EHRs, leading to a discordance rate of 3.3%.

To quantify discordance of the hospitalization status in both
EHRs and in the survey, we restricted it to individuals who
responded to the survey and were COVID-19 positive in either
EHRs or the survey (n=2273). EHR hospitalizations were only
considered if they were prior to taking the survey. There were
6 (0.3%) individuals who were positive for hospitalization in
EHRs but negative in the survey, a discordance rate of 0.3%
(Table 3). There were 59 (2.6%) individuals who were positive
for hospitalization in the survey who were negative in EHRS,
a discordance rate of 2.6%.

Table 2. Case status misclassification between the survey and EHRs? (N=25,063).

COVID-19 status

Survey COVID-19 positive, n (%)

Survey COVID-19 other (negative or

not tested), n (%) Total, n (%)

EHR COVID-19 positive 533 (2.1)
EHR COVID-19 other (negative or not tested) 833 (3.3)
Total 1366 (5.5)

173(0.7) 706 (2.8)
23,524 (93.9) 24,357 (97.2)
23,697 (94.4) 25,063 (100)

3EHR: electronic health record.

Table 3. Hospitalization misclassification between the survey and EHRS? (N=2273).

Survey hospitalization negative, n (%) Total, n (%)

Hospitalization Survey hospitalization positive, n (%)
EHR hospitalization positive 49 (2.2)

EHR hospitalization negative 59 (2.6)

Total 108 (4.8)

6(0.3) 55 (2.4)
2159 (95) 2218 (97.6)
2165 (95.2) 2273 (100)

3EHR: electronic health record.

Discussion

Principal Findings

We found that the COVID-19 pandemic has had far-reaching
and varying effects among our Biobank participants. Of the
25,063 survey respondents, 10,661 (42.5%) were tested for the
virus, 1366 (12.8%) of those tested were positive, and among
positive cases, 1154 (84.5%) reported having 1 or more
COVID-related symptoms since February 2020 and 625 (45.8%)
sought medical carefollowing their diagnosis. Thevast majority
of al survey respondents (n=18,861, 75%) reported a negative
impact from the COV1D-19 pandemic—most commonly around
mental health and family life. Differences between data captured
in EHRs versus those captured in the survey reveal the benefit
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of using both sources in combination. For example, mild cases
with subclinical manifestations of infection that did not result
in seeking care may be missing from EHRs but captured in a
survey.

Strengths and Limitations

EHRs are a longitudinal data source that collect clinical
information on all patients diagnosed with or treated for
COVID-19 within the UCHealth system irrespective of
proclivity to participate in research or respond to surveys. As
such, EHRs captured COVID-19 cases from Biobank
participants that the survey did not. However, akey strength of
thisstudy was our ability to leverage an existing, living resource
in the CCPM Biobank and survey engine to assess the health
and well-being of our participants in ways that are not
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highlighted by EHRSs. Because Biobank participants consent to
recontact, we have an opportunity to follow up with
subpopulations within our cohort to collect additional
information and monitor outcomes such as reinfection and
vaccine uptake. Although our overall response to the survey
was sizeable, we acknowledge that the composition of the
underlying patient popul ation at UCHealth who enrolled in the
Biobank and differential responses to the survey may have
introduced some bias—results may not generalize outside of
the CCPM Biobank and UCHealth population. However, our
ability to incorporate EHR data allowed us to build a research
population of Biobank participants that is more representative
of the entire patient popul ation.

There are benefits and limitations to COVID-19 case
ascertainment using either a survey or EHRs. Because both
methods of ascertainment draw from the CCPM Biobank, they
are both limited to individuals who have sought treatment at a
UCHealth facility and enrolled in the CCPM Biobank.
Furthermore, the survey isaconvenience sample of individuals
who responded to an email asking them to participate. The EHR
will capture any health care encounter at a UCHealth facility,
but it is an open system, and it will not capture all health care
encountersfor all every Biobank participant. The ascertainment
bias in both methods can be a challenge for future analytical
studies. We hope that by describing the demographics and case
severity in both these methods of collection, future analytical
studies will better be able to adjust for these biases.

Comparison With Prior Work

Our overall case positivity rate of 13% is comparable to those
reported by other EHR-based retrospective studies conducted
in 2020 and 2021 [9,10]. However, our finding of higher
positivity rates (20%) among our younger participants (aged
18-39 years) and Hispanics (19%) has not been reported
previously and may reflect differencesin reasonsfor testing in
these groups (eg, due to having symptoms or recent exposure
vsother reasons). Though not surprising that alarge proportion
of respondents reported having symptoms, given the breadth of
symptoms reported (eg, runny nose, fever, body aches), it is
notable that 3026 (34.4%) of those with symptoms did not
undergo testing nor seek medical care. It is likely that a
percentage of this group had COVID-19 and would not be
counted as such via public health surveillance efforts, which
could lead to substantial underestimates of the true infection
rate in the general population.

We found that females more often reported negative impacts
than malesin all domains—employment, family life, and mental
and physical health. This disproportionate negative impact on
femalesisconsistent with prior public health emergencies[11],
including the 2016 Zikaand 2014 Ebolaoutbreaks[12]. Among
US women, this has been described in several areas, including
the hedth care workforce, reproductive health, drug
development, gender-based violence, and mental health [13].
It is both notable and concerning that nearly 1123 (75%) of
younger adults (aged 18-29 years) reported negative impacts
on their mental health, which was higher than for any other
group. The younger end of this range captures members of
Generation Z, who are morelikely to report poor mental health
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compared to prior generations [14,15]. However, they are also
more likely to receive mental health therapy or treatment [14]
and, therefore, may accept interventionsto addressthe negative
mental health consequences of the COVID-19 pandemic.
Further, we found that negative impacts on employment were
more commonly reported among Black participants. These
findings highlight the breadth of negative impacts of this
pandemic in our community and reveal the disproportionate
impact experienced by certain subgroupsthat should be targeted
in future intervention efforts.

Our study population had a much higher vaccination rate
compared to Colorado overall and the general US population.
Over 95% of our survey participants are fully vaccinated
compared to 76% of adults throughout Colorado [16].
Vaccination directly reduces the likelihood of infection and
severity of disease, but it also has an indirect effect on society
viareduced viral transmission and herd immunity. Because of
this impact on others, getting vaccinated is considered a
prosocial behavior [17-19]. Being a participant in abiobank has
also been positively associated with prosocial behavior, as the
individuals who participate in biobanks tend to be motivated
by furthering research for the greater good [20,21]. Since our
study population only includes those who elected to be in the
Biobank and additionally those who responded to the survey,
these are likely individuals with high levels of prosocia
behaviors, which likely explains the high vaccination rate.

COVID-19 has variable clinical presentations ranging from
asymptomatic infections to severe symptoms that require
hospitalization. We expected that COVID-19 patientsidentified
in EHRs would be more likely to have severe COVID-19 and
lesslikely to have asymptomatic infections than those captured
by the survey [22,23]. However, we found that there was a
dightly higher percentage of COV1D-19 hospitalizationsamong
survey cases compared to EHR cases. This unexpected result
may be explained, in part, by the fact that individual swho were
hospitalized with COVID-19 may be highly motivated to
contribute to COVID-19 research by taking the survey. This
likely includesindividual swho went to non-UCHeal th hospitals,
which would not have been identified in EHRs. With respect
to participant demographics, it is notable that a higher
percentage of younger (18-29 years) and Hispanic/Latino
COVID-19-positive cases were identified via EHRs versus the
survey. Thismay, in part, be explained by lower survey response
rates in these groups. Hispanic/Latino individuals may have
been lesslikely to take the survey because of language barriers
(the survey was only in English), limited internet access, or
other structural barriers [24]. Lower participation among
Hispanic individuals is consistent with observations in other
outreach efforts [25] and is a limitation of the convenience
survey design. Additionally, the Hispanic population in
Colorado, as in many other states, had a higher incidence of
COVID-19 infections, hospitalizations, and death [4,26-29],
which may explain why they are more likely to be identified
through EHRSs.

Conclusion

The combination of EHR and survey data provides a powerful
opportunity to monitor and describe the ongoing effects of the

JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 |€37327 | p.146
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

COVID-19 pandemic in our communities. As the pandemic
continues, there is a critical need for optimal COVID-19 case
ascertainment in order to capture both mild and severe cases
and monitor specific long-term outcomes, such as postacute
sequelae of SARS-CoV-2 infection (PASC) or downstream
breakthrough infections postvaccination. In an open health
system, asis common in the United States, the devel opment of
a combined resource such as ours (with EHR and survey data)

Johnson et al

represents long-term potential for additional recruitment and
follow-up as a criticd complement to large-scale
informatics-focused investigations, such asthe National COVID
Cohort Collaborative [30]. As the pandemic continues, we
anticipate that resources such as the CCPM Biobank and other
biobanks will continue to be a key resource for ongoing data
collection relevant to population health monitoring during the
eraof COVID-19 and other emerging public health issues.
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Abstract

Background: COVID-19 wasfirst reported in 2019, and the Chinese government immediately carried out stringent and effective
control measuresin response to the epidemic.

Objective: Nonpharmaceutical interventions (NPIs) may haveimpacted incidences of other infectious diseases aswell. Potential
explanations underlying this reduction, however, are not clear. Hence, in this study, we aim to study the influence of the COVID-19
prevention policies on other infectious diseases (mainly class B infectious diseases) in China.
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Methods: Time series data sets between 2017 and 2021 for 23 notifiable infectious diseases were extracted from public data
sets from the National Health Commission of the People's Republic of China. Several indices (peak and trough amplitudes,
infection selectivity, preferred time to outbreak, oscillatory strength) of each infectious disease were calculated before and after
the COVID-19 outbresk.

Results: Wefound that the prevention and control policiesfor COVID-19 had a strong, significant reduction effect on outbreaks
of other infectious diseases. A clear event-related trough (ERT) was observed after the outbreak of COVID-19 under the strict
control policies, and its decreasing amplitude is related to the infection selectivity and preferred outbreak time of the disease
before COVID-19. We also calculated the oscillatory strength before and after the COVID-19 outbreak and found that it was
significantly stronger before the COVID-19 outbreak and does not correlate with the trough amplitude.

Conclusions: Our results directly demonstrate that prevention policies for COVID-19 have immediate additional benefits for

controlling most class B infectious diseases, and several factors (infection selectivity, preferred outbreak time) may have contributed
to the reduction in outbreaks. This study may guide the implementation of nonpharmaceutical interventions to control a wider

range of infectious diseases.

(JMIR Public Health Surveill 2022;8(6):€35343) doi:10.2196/35343

KEYWORDS

class B infectious disease; COVID-19; event-related trough; infection selectivity; oscillation; public health interventions; pandemic;
surveillance; health policy; epidemiology; prevention policy; public health; risk prevention

Introduction

Atypical pneumonia caused by a new coronavirus was first
reported in December 2019 [1-4] and was subsequently termed
“COVID-19" by the World Health Organization (WHO) on
February 12, 2020. Later, human-to-human transmission of
COVID-19 was confirmed, resulting in a pandemic outbreak
worldwide [5-13]. After the outbreak, the Chinese government
took immediate action to implement strict public health policies
[14], such as lockdown, quarantine measures, and social
distancing. Domestic and international travel was restricted,
mass gatherings were reduced, and public entertainment venues
and schools were closed. The government also asked people to
be more vigilant and take personal precautions, such as
sanitizing hands and wearing surgical masks. Under these
policies, the number of COVID-19 infections in China sharply
decreased, and this situation has lasted until recently [15-17].
In addition to the COVID-19 outbreak, other fatal infectious
diseases have aso had outbreaks [18], which may have been
overlooked. In China, the national infectious disease surveillance
system has been recording outbreaks of other diseases [19].
Infectious diseases are divided into notifiable classes A, B, and
C. In this classification, class B notifiable diseases have the
potential to cause severe epidemic outbreaks, such as hepatitis
B virus (HBV) [20], scarlet fever [21], measles[22], and rabies
[23-25]. Notably, COVID-19 isclassified as a class B disease.

During the COVID-19 pandemic, local and international
governments relied on nonpharmaceutical measures until
vaccines were available. Unlike vaccines or medicine, which
are restricted by supply and logistics [26], nonpharmaceutical
interventions (NPIs) could have a broader impact on multiple
infectious diseases. Take the influenza virus as an example.
Human beings have little immunity to it, which allows it to
spread rapidly from one person to another. In the absence of
effective vaccinesto immunize people, NPIsare one of the best
strategiesto control pandemics. Several studies have found that
policiesto prevent COVID-19 and other NPIs could reduce the
number of infections of influenza [17,27-29], tuberculosis

https://publichealth.jmir.org/2022/6/e35343

[30,31], and some other diseases[32,33] to alarge degree, while
the characteristics of an epidemic are not only limited to the
static number of the infected cases but also limited to the
temporal dynamics of the epidemic. The tempora features of
an infectious epidemic after NPIs is not precisely defined,
although common sense suggests that the number of cases may
decrease. The question whether under aconsistent and rigorous
prevention policy, this decrease would rebound or only fall to
O arises. New analysisindicators arerequired to defineit clearly.
There are some characteristics of temporal dynamics, such as
the tuning curve of theinfectious diseasein ayear [34-37] and
the spectrogram of the epidemic [38-42] analyzed by the Fourier
method. The tuning curve of monthly infected casesillustrates
the essential profile of each disease outbreak and gives adirect
picture of the monthly situation, but it lacks quantitative features
(eg, infection selectivity and preferred outbreak time) that were
highly summarized from the tuning curve and lack of further
analysis. Although these temporal indices have been mentioned
in previous studies, it remains unclear how they changed with
strict NPIs during the COVID-19 outbreak and to what extent
they contributed to the reduction in infectious cases under the
NPIs.

In the light of this, in this study, we investigated the impact of
NPIson other class B infectious diseases. We extracted thetime
seriesdatafor 23 class B notifiabl e infectious diseases between
2017 to 2021 from public data sets of the National Health
Commission of the People’'s Republic of China [43]. During
the COVID-19 pandemic, the strict NPIsin China have always
been existing, which can be described by the stringency index
taken from the Oxford COVID-19 Government Response
Tracker [44]. We expected to find a significant trough of most
class B infectious diseases after the outbreak and subsequent
interventions for COVID-19, which we defined as the
event-related trough (ERT). The ERT can be used to investigate
the fluctuations in several infections that are time-locked to an
event without intervention. We then explored how infection
selectivity and the preferred month of the outbreak of the
infectious diseases may affect the ERT. Finally, we calculated
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the oscillatory strength of each infectious disease and compared
the power before and after the COVID-19 outbreak.

Methods

Data and Sour ces

Time series data available for the monthly reported and
confirmed cases of 23 class B notifiable infectious diseasesin
China's mainland, from April 2017 to September 2021, were
obtained from the National Health Commission of the People's
Republic of China. The data set is open to the public around
the world and is reported by the Chinese Centre for Disease
Control and Prevention (CDC) each month. These 23 diseases
are HIV/AIDS, hepatitis (including hepatitis A virus, HAV;
HBV:; hepatitis C virus, HCV; and hepatitis E virus, HEV),
measles, hemorrhagic fever, dengue and severe dengue, rabies,
Japanese encephdlitis, anthrax, Shigella spp. or Entamoeba
histolytica, tuberculosis, typhoid and paratyphoid fever,
pertussis, neonatal tetanus, scarlet fever, brucellosis, gonorrhea,
Treponema pallidum, leptospirosis, schistosomiasis, and malaria
The data sampling rate was 1 time point per month (12 time
points per year) from the monthly report of the National Health
Commission of the People’s Republic of China. We used 2
criteriato select these diseases. First, the maximum number of
infectious cases each month in recent years should be larger
than 10. Second, the time points should be continuously publicly
reported within the years of interest. We were mainly interested
in how other class B infectious diseases might be influenced by
policies related to COVID-19, considering that COVID-19 is
also classified as class B. We did not include class A diseases
due to their low incidences. Class C diseases, such as the flu,
were not included, because they are less fatal and controllable
and would not have the same impact as class B diseases.

Indicators of government response in China were taken from
the Oxford COVID-19 Government Response Tracker [44]. In
this work, we use the stringency index (all closure indicators,
such as lockdown policies and travel bans, and health system
policies that record public information campaigns and contact
tracing), which recordsthe strictness of lockdown-style policies.
Theindex scoresthe level of government responses between 0
and 100. The higher the score is, the stricter the government
interventions were (Multimedia Appendix 1).

Ethical Considerations

For this study, we used public data from the National Health
Commission of the People's Republic of China. Our study did
not involve any intervention on human participants. This study
was approved by the Ethics Committee of Beijing Anding
Hospital, Capital Medical University, China.

Trough and Peak Amplitude Before and After the
COVID-19 Outbreak

We defined a new concept named the ERT, which originates
from the event-related potential (ERP) in neuroscience [45].
The ERT describes the direct impact of specific events on
reducing the number of infectious diseases. This event could
be a pharmaceutical or nonpharmaceutical intervention to
prevent the spread of infectious disease. In this study, the
specific event is the strong prevention and control policies

https://publichealth.jmir.org/2022/6/e35343
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implemented at the outbreak of the COVID-19 epidemic, which
are an NPI. The ERT is the lowest increase of an outbreak in
the period of 6 months after the outbreak of COVID-19. The
trough amplitude before COVID-19 is the lowest value of the
infection in the 3-year period before COVID-19 (Equation 1).
The peak amplitude (Equation 2) before and after the COVID-19
outbreak is the highest value of the infection before and after
COVID-19. We aso caculated the trough ratio index as the
ratio of troughs before and after the outbreak of COVID-19
(Equation 3).

Trough amplitude = arg min(infected cases after
outbreak of the epidemic) (1)

Peak amplitude = arg max(infected cases after
outbreak of the epidemic) (2)

Trough ratio index = arg min(infected cases before
outbreak of the epidemic)/arg min(infected cases after
outbreak of the epidemic) (3)

Tuning Curvesfor Monthly I nfected CasesBeforeand
After the COVID-19 Outbreak

The tuning curve of the monthly infected cases illustrates the
essential profile of the outbreak of each diseasein China, which
gives adirect picture of the situation each month based on the
historical data. We assumed that all infectious diseasesincluded
in this study have a similar trend each year for the years of
observation (Multimedia Appendix 2), similar to previous
studies [18]. Thus, we took the monthly average number of
infected cases and computed them into atuning curve (Equation
4). Each infectious disease in this study has a tuning curve
before and after the COVID-19 outbreak, and the oscillatory
pattern within ayear is clear.

Tuning CUrVe o = sum(infected caseS,onn)/N, (4)
where N isthe number of years.

Preferred Month and Selectivity of the Epidemic
Outbreak Beforeand After COVID-19

Two indices of the disease were defined: preferred month and
infection selectivity (Equation 5), which areimportant indicators
of the infectious property of the epidemics caused by a disease
inayear. The preferred month index is defined as the month in
a year that has the most cases of infections. The infection
selectivity index is defined as (1 — ratio of the minimum and
the maximum number of infected cases in a year). If the
selectivity index is closer to 1, it means outbreaks only occur
in specific months. If the selectivity index iscloser to 0, it means
that outbreaks occur throughout the year.

Selectivity index = 1 — [min(mean infected cases in
ayear)/max(mean infected casesin ayear)] (5)

Power Spectrum Analysis

Theoscillatory property of aninfectious diseaseisan important
indicator of the regular fluctuations and recurrence of epidemics.
To better quantify these fluctuations, we used spectrum analysis.
Similar methods have been used in classic and modern studies
in the field of infectious diseases [38-42] and some other
biological research [46,47]. Spectrum analysis is a technique
for decomposing complex signalsinto simpler signalsbased on
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Fourier transform (Equation 6). Many biological signalscan be
expressed as the sum of various simple signals of different
frequencies and produce information about asignal at different
frequencies (eg, amplitude, power, intensity, phase).

@

The power spectral density (PSD; Equation 7) for each infectious
disease before and after the outbresk of COVID-19 was
computed using the multitaper method with the Chronux toolbox
[48], an open source, data analysistoolbox [49]. Power spectra
of the time series data (infected cases of each disease) were
calculated in 2 time periods (2017-2020 and 2020-2021).

@

where W+(t) is 1 within the arbitrary period and O elsewhere,
and T is centered about some arbitrary time t=t,.

Correlation Analysis

We performed Pearson correlation to measure the relationship
of several indices (ERT, selectivity, oscillatory strength, and
mean infected number) before and after the COV1D-19 outbresk.
Pearson correlation was also performed in the correlation
analysis between trough ratio and selectivity, between the
change in power and change in infected numbers, and between
the changein power and changein trough amplitude. Spearman

Zhao et d

correlation was performed to measure the rel ationship between
the trough amplitude and the peak amplitude before and after
the COVID-19 outbreak. The significance (P value) of the
correlation was corrected with Bonferroni correction.

Statistical Analysis

We performed an independent-sample t test to compare the
difference between several indices (trough amplitude, peak
amplitude) before and after the COVID-19 outbreak and test
the difference in the trough ratio between diseases with a
different preferred time of outbreak. The pairwise t test was
performed to compare the oscillatory power and the average
infected number before and after the COVID-19 outbreak.

Results

Monthly Data

Thisstudy analyzed monthly datafrom April 2017 to September
2021 of confirmed cases of 23 class B notifiable infectious
diseases in China's mainland. After the COVID-19 outbresak,
most class B infectious diseases had an obvious sudden trough,
which we defined as the ERT (see Figure 1A for 3 typica
examples). The stringency index of China showed that during
the COVID-19 pandemic, the strict NPIs in China have always
been existing (Multimedia Appendix 1), which allows us to
analyze the long-term effect after the COV1D-19 outbreak.

Figure 1. Infectious disease before and after the COVID-19 outbreak (A) Monthly infected cases from 2017 to 2021 of three examples (HCV,
Tuberculosis, and Gonorrhea). The curve after the vertical dotted line shows specifically the infected cases after the COVID-19 outbreak. (B) The
normalized mean number of infected cases before and after the COVID-19 outbreak. (C) Trough amplitude (left) and peak amplitude (right) before and
after the COVID-19 outbreak (** isfor P<.01). (D) The relationship between the normalized trough (left) and peak (right) before and after the COVID-19
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We showed several examples of diseases that had an obvious
ERT after the COVID-19 outbreak (HCV, tuberculosis, and

https://publichealth.jmir.org/2022/6/e35343

RenderX

= 0 =088 LB = 015 .
£ P =001 e P=4g ® P
e~ _ Eh4 [ 2
=0 =2 n=23 - = .,

B2 - B3 ‘

NO ’ . HNO2 %)

TO —4 ‘. g © e

Es e % Es, e & .5
21':‘;_6 e . Si e ..'..

N

2
-6 =4 =2
Normalized trough
(before COVID-18)

o

=2 0 2 4 6
Normalized peak
(before COVID-19)

gonorrhea); see Figure 1A, and see Multimedia Appendix 3 for
all diseases. To compare the time series of al diseases on a
notionally common scale, we normalized the time series of the
number of infected people by subtracting the mean number of
infections before COVID-19 and dividing it by its SD. Hence,
the mean number of infections before COVID-19 was 0 for all
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the diseases (Figure 1B). The pattern shows an obvious and
sudden decrease in confirmed cases after the COVID-19
outbreak (see Figure 1B). To investigate whether the peak and
trough amplitudes may change dueto the outbreak, we compared
the differences between peak and trough amplitudes before and
after the event (policy in response to COVID-19). Results
showed that the amplitude of both peak (P<.01) and trough
(P<.01) significantly decreased, which indicated that the
outbreak strongly moderated the oscillation amplitude (see
Figure 1C). We then calculated the correlation between the
normalized trough before and after the outbreak event, and we
found that the trough after the outbreak was significantly
correlated (r=0.88, P<.001) to the trough before but the peak
was not correlated (r=—0.15, P=.48; see Figure 1D).

Infection Selectivity and Preferred Outbreak Time
Strongly Related tothe Trough Ratio Beforeand After
the COVID-19 Outbreak

The ERT might be affected by the basic properties (infection
selectivity and preferred outbreak time) of infectious disease
outbreaks. To further clarify potential factors that would cause
an ERT, we determined the property of oscillationsfor infectious

Zhao et d

diseasesin ayear by defining 2 indicators: infection selectivity
and preferred outbreak time of the infectious disease. We
selected 3 infectious diseases that have different selectivity as
examples (Figure 2A,B; see Multimedia Appendix 4 for all
diseases). Theinfection selectivity index isdefined as (1 —ratio
of the minimum and the maximum number of infected casesin
ayear). If the selectivity index is closer to 1, then the shape of
thetuning curveis sharper (eg, Japanese encephalitis), and vice
versa (eg, HEV). The preferred month index is defined as the
month in a year that has the most cases of infections. Results
showed that there was a significant increase in infection
selectivity after the outbreak of COVID-19, and infection
selectivity before and after the outbreak was positively
correlated (with Bonferroni correction; Figure 2C). When we
compared the selectivity before the outbreak and the trough
ratio, we found that the stronger the infection selectivity, the
smaller thetrough ratio (Figure 2D). We also conducted apartial
correlation analysis between infection selectivity and trough
ratio, controlling for the preferred time of outbreak, which was
significant (r=—0.58, P=.004). The association between infection
selectivity and trough ratio confounded by seasons was,
however, weak.

Figure 2. Relationship between selectivity and trough ratio before and after the COVID-19 outbreak (A) Monthly infected cases from 2017 to 2021
of three examples (Japanese encephalitis, Scarlet fever, and HEV). The curve after the vertical dotted line shows specifically the infected cases after
the COVID-19 outbreak. (B) The number of infected cases every month in a year calculated before (light-colored curve) and after the COVID-19
outbreak (dark-colored curve) corresponding to the time-series data of plot A. (C) The scatter plot of the selectivity before and after the COVID-19
outbreak. (D) The relationship between the selectivity (before) and trough ratio (post/pre).
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Relationship Between an | nfection and Its Oscillatory
Power Before and After the COVID-19 Outbreak

We quantified the oscillatory strength of outbreaks using power
spectrum analysis (Figures 3A and 3B; see Multimedia
Appendix 5 for all diseases). We then explored the relationship
between infected cases and their corresponding strength of
oscillatory power before and after the COVID-19 outbreak.
Resultsindicated that the oscillatory strength (r=0.83, P<.001)
and mean infected cases (r=0.95, P<.001) beforethe COVID-19
outbreak were significantly positively correlated to the indices
after the COVID-19 outbreak (Figure 3C), showing that the
stronger the oscillatory power was before the outbreak, the
stronger it was after the outbreak. The same was true for mean
infected cases.

To determine the differences between oscillatory power before
and after the COVID-19 outbreak and between mean infected

Zhao et d

cases before and after the COVID-19 outbreak, we also split
the data and compared the indices before and after the event.
Consistent with our hypothesis, results showed both decreases
in oscillatory power and mean infected cases after the
COVID-19 outbreak (Figure 3D). We further examined the
relationship between the change in power between the change
ininfected numbers and trough amplitude. Results showed that
the change in power and the change in infected numbers was
significantly correlated (r=0.92, P<.001). The more the change
in oscillatory power, the more changes in the number of
confirmed cases (Figure 3E). However, the change in power
was not related to the change in trough amplitude (r=—0.37,
P=.08 with Bonferroni correction; Figure 3F). In sum, the
COVID-19 outbreak reduced the outbreaks of classB notifiable
infectious diseases, asindicated by oscillatory power and mean
infected cases.

Figure 3. Relationship between theinfection and its oscillatory power before and after COVID outbreak (A) Infected cases from 2017 to 2021 of three

examples (Rabies, Dysentery, and Brucellosis). The curve after the vertical

dotted line represents specifically the infected cases after the COVID-19

outbreak. (B) The power spectrum calculated before (light-colored curve) and after the COVID-19 outbreak (dark-colored curve) corresponding to the
time-series data of plot A. (C) The scatter plot of the power (left) and mean infected number (right) before and after the COVID-19 outbreak. (D) The
histogram of the oscillatory power (left) and averaged infected cases (right) before and after the COVID-19 outbreak. (E) The scatter plot of the change
of power and change of infected number. (F) The scatter plot of the change of power and change of trough amplitude.
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Discussion

Principal Findings

In this study, we defined several novel concepts and robust
metrics (ERT, selectivity of infection, preferred timeto outbresk,
oscillatory strength of the infectious disease) to quantify and
capture the temporal characteristics of infectious disease
outbreaks and event-related fluctuations in China. Our results
showed that a clear ERT occurred for most class B infectious

https://publichealth.jmir.org/2022/6/e35343
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health policy. We further found that the ERT was related to the
nature of diseases, such as their infection selectivity and
preferred outbreak time. However, their oscillatory strength was
somehow unrelated. We also compared these indices of the
infectious diseases before and after the outbreak of COVID-19.
Theimpact of the COVI1D-19 outbreak influenced the infectious
diseases by reducing the trough amplitude, mean infected cases,
and oscillatory strength but increasing infectious selectivity (see
Figure 4).
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Figure4. A summary of the main finding. Asillustrated in the four plots, the impact of the COV ID-outbreak influenced the infectious diseasesin four
aspects: decreased the trough amplitude, the mean infected cases, and the oscillatory strength, but increased the seasonal selectivity.

Trough amplitude

Impact of COVID-19 outbreak
on the infectious diseases

P

Decreased

Outbreak of COVID-19

Comparison With Prior Work

To the best of our knowledge, this is the first study to
systematically investigate the influence of the COVID-19
outbreak on the tempora characteristics of other class B
infectious diseases in China, including both respiratory
infectious diseases and other types, such as those transmitted
through sex, body fluids, the digestive tract, contact, and
mosquitos. The key contribution of this study is that several
new concepts were purported, such as the ERT, selectivity of
infectious diseases, the preferred outbreak time, and the power
strength of infectious oscillation. Some previous studies have
investigated basic properties of a few infectious diseases in
China[18,22-25,50-52] and countriesworldwide[39,40,53-55],
and NPIs to mitigate COVID-19 could have affected the
transmission dynamics of influenza and other respiratory
diseases [17,27-29,56,57]. However, previous research did not
quantify the reduction using a specific temporal index. Wefirst
defined the ERT in the field of infectious diseases to capture
the immediate influence of the strong interventions related to
the public health events, such asthe prevention policy on disease
outbreaks. The ERT could measure the temporal feature when
studying the effect of some specific interventionsin the future,
which increases 1 dimension (temporal dynamics) compared
with a simple reduction number.

Another novel finding of this study is that we also built up a
connection between the ERT and some other important
indicators (selective property and oscillatory property), which
were neglected in prior works. In this study, we found that the
ERT is related to the selectivity (Figure 2D) of an infectious
disease, which gives a new understanding of how an epidemic
could be more easily controlled (when a disease has high
selectivity). In the future, infectious selectivity would play a
more important role than before, especially when combined
with the tuning curve of adisease. It would depict new pictures
of the basic property of each disease and give more practical
guidance on the prevention and control of epidemics. The
oscillatory properties of infectious diseases were also analyzed
in some previous studies [18,22-25,38-40,53-55,58-60], which
could be driven by both natural [11,61,62] and human [63-68]

Acknowledgments

Mean infected number

Decreased

Oscillatory strength Selectivity

Decreased Increased

factors. However, prior studiesdid not investigate the influence
of COVID-19 measures or other NPIs to control epidemics on
the oscillatory strength of infectious diseases systematically.
Our results indicate that the oscillatory strength significantly
decreased after the COVID-19 outbreak, which was
accompanied by adecreasein the mean infections. Thisfinding
supports the conceptual hybrid model [18]. We al so found that
the oscillatory strength before the COVID-19 outbresak did not
correlate to the change in trough, which further suggests that
the ERT is not related to some seasonal factors but more to the
measurement of the COVID-19 outbresk. The oscillatory
phenomenon of population-based epidemics would be the new
impetus for the study of public health. In the future, thisindex
could be connected to more natural and human factors, which
would contribute to constructing a more generic stimulated
model to explain history and predict the future situation.

Limitations

One limitation of our study is that the data we used are from
the entire mainland China but are not specific to different
provinces or cities, which may lack spatial resolution. Another
limitation of our study is that the results were based on a
macroscopic rather than a microscopic view of most class B
infectious diseases. Further studies are needed to clarify the
deeper underlying mechanisms of the COVID-19 pandemic.
With these findings, we could better provide the government
with recommendations on the optimal timing to intervene before
achieving herd immunity, thereby helping to design
fit-for-purpose policies.

Conclusion

In sum, the study developed a new and potentially universal
approach to revealing the dynamics of infectious diseases. The
transmissibility and severity of infectious diseases fluctuate
regularly. The introduction of the concept of the ERT in
infectious diseases can better capture the immediate influence
of interventions related to previous public health events. Our
results confirmed that early commencement of strong public
health interventions has additional benefits on other infectious
diseases.
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Abstract

Background: Promoting vaccination and eliminating vaccine hesitancy are key measures for controlling vaccine-preventable
diseases.

Objective: We aimed to understand the beliefs surrounding and drivers of vaccination behavior, and their relationships with
and influence on vaccination intention and practices.

Methods: We conducted a web-based survey in 31 provinces in mainland China from May 24, 2021 to June 15, 2021, with
guestions pertaining to vaccination in 5 dimensions. attitude, subjective norms, perceived behavioral control, intention, and
behavior. We performed hierarchical regression analysis and structural equation modeling based on the theory of planned
behavior—in which, the variabl es attitude, subjective norms, and intention each affect the variableintention; the variable intention
mediates the rel ationships of attitude and subjective normswith behavior, and the variable perceived behavioral control moderates
the strength of this mediation—to test the validity of the theoretical framework.

Results: A total of 9924 participants, aged 18 to 59 years, were included in this study. Vaccination intention mediated the
relationships of attitude and subjective norms with vaccination behavior. The indirect effect of attitude on vaccination behavior
was 0.164 and that of subjective norms was 0.255, and the difference was statistically significant (P<.001). The moderated
mediation analysis further indicated that perceived behavioral control would affect the mediation when used as moderator, and
theinteraction termsfor attitude (B=—0.052, P<.001) and subjective norms (3=—0.028, P=.006) with perceived behavioral control
were significant.

Conclusions:  Subjective norms have stronger positive influences on vaccination practices than attitudes. Perceived behavioral
control, as a moderator, has a substitution relationship with attitudes and subjective norms and weakens their positive effects on
vaccination behavior.

(JMIR Public Health Surveill 2022;8(6):€34666) doi:10.2196/34666
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Introduction

Yang et a

Methods

Vaccines play a crucia role in protection against infectious
diseases. Vaccination isan important component of both family
and public health. However, confusion and misunderstanding
still surround vaccines, even though they protect against awide
variety of organisms that cause disease, such as influenza,
cervical cancer, hepatitis B, COVID-19, pneumonia, and rabies.
A recent study [1] by the COVID-19 reaction team at Imperial
College London, found that high vaccine hesitancy rates can
significantly prolong thetime required for nondrug interventions
to maintain and decrease the mortality associated with
COVID-19. Therefore, exploring the mechanisms behind
vaccination behavior to reduce vaccine hesitancy and improve
vaccination rates has become a key research topic. Research on
vaccine acceptance suggests that individual decisions about
vaccination behavior are much more complex and may involve
emotional, cultural, social, spiritual, or political factors, aswell
as cognitive factors [2,3]. It has been demonstrated that
theory-based behavioral interventions are more effective [4-9].
However, rather than building on the premise of theoretical
models to test hypotheses, most studies [10-12] that have
collected data to conduct exploratory studies of knowledge,
attitudes, and beliefs or have focused on demographic factors
related to vaccination practices.

Currently, the theory of planned behavior, which is one of the
most commonly used psychological theories to explain health
behavior, is considered to be the most suitable for explaining
vaccination behavior [5,13-15], and has been used effectively
as a theoretical framework for designing health behavior
interventions [16,17]. Another framework—the health belief
model—isalso widely used in behavioral health fields; however,
studies [18-20] have shown that the health belief model ismore
suited to description rather than explanation of health behavior
and has weak predictive validity. Although Webb et al [21]
found that theory of planned behavior—based interventionswere
more effective than those based on other theories, existing
studies on theory of planned behavior have not been in-depth—a
systematic review [22] demonstrated that most researchers did
not address adaptive feedback, merely focused on intention as
the outcome, and ignored mediating effects between intentions
and behaviors. Yet, the purpose of the theory of planned
behavior wasto account for perceived behavioral control, which,
as arepresentative of actual behavioral control, should have an
impact on the overall model [23].

The beliefs and behavioral drivers of vaccination need to be
studied to be able to develop better targeted intervention
strategies. We aimed to confirm the theoretical validity and
ability of the theory of planned behavior to explain vaccination
practices.

https://publichealth.jmir.org/2022/6/e34666

Ethics Approval

The Wuxi Center for Disease Control and Prevention Ethics
Committee approved this study (2020N010).

Participants and Procedure

From May 24 to June 15, 2021, we conducted surveys in 31
provinces in mainland China using web-based questionnaires.
We used convenience sampling. The link to the questionnaire
was created through Wen Juan Xing, which is a platform
dedicated to the creation and dissemination of questionnaires,
and forwarded by the WeChat platform of the Jiangsu Provincial
Center for Disease Control and Prevention. Written information
was provided as a statement that could be read, which assured
participants that the study was conducted on a voluntary basis
and for research purposes only. All surveys were conducted in
Chinese. (The surveys were trandlated into English by 2
researchers only for the purpose of this paper.) Questionnaires
answered by people under 18 years and over 60 years were not
analyzed. To prevent repeated submission of questionnaires,
WeChat real name verification was required when using the
link to fill out the questionnaire, and an |P address could only
be used to submit a questionnaire once. Questionnaires
completed in lessthan 60 seconds were automatically discarded.
Questionnaires with selections at the same level of the Likert
scale were also considered invalid.

The questionnaire (Multimedia Appendix 1) was used to collect
demographic information (age, gender, ethnicity, usual place
of residence, education level, annual household income, and
whether respondents worked in the health care industry,
residential status), chronic disease history, and information on
self-assessment of health status.

Theoretical Background

The theory of planned behavior is widely used to study
intentions and behaviors. In thismodel, intentions are considered
the most direct predictor of behaviors and are weighted based
on attitudes, which is the degree to which behaviors are
positively or negatively eval uated, and subjective norms, which
is the pressure society places on implementing or not
implementing behaviors. The effects of attitudes and subjective
norms are mediated by perceived behavioral control, which is
peopl €'s perceptions of their ability to perform agiven behavior.
When perceived behavioral control isaccurate, it actsasaproxy
for actual behaviora control, that is, the extent to which aperson
has the ability, resources, and other conditions required to
perform the behavior.

In this study, the variable attitude represented people's positive
or negative perceptions of the vaccine. The variable subjective
norms referred to the expectations of family, friends, and
physicians. The variable perceived behavioral control
represented peopl€'s beliefs about barriers to vaccination (such
asthetime, cost, and side effects caused by vaccination). Each
item was assessed using a 5-point Likert scale (Table 1).

JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 |€34666 | p.163
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

Table 1. Trandation of the questionnaire.

Yang et a

Dimension and questions

Scale

Attitude
Q1. | think that vaccination is safe.
Q2. | think that vaccination is effective.
Q3. | think that vaccination is beneficial.
Q4. | think that vaccination is important.

Subjective norms

1 (strongly disagree) to 5 (strongly agree)

1 (strongly disagree) to 5 (strongly agree)

Q5. Did my family, doctors, and closefriendsthink | should be vaccinated?

Q6. Will | do what they think | should do?

Q7. Can vaccination can protect close relatives from relevant vaccine-

preventabl e diseases?

Per ceived behavior control

1 (strongly disagree) to 5 (strongly agree)

Q8. Thepossibility of still being infected after vaccination woul d discour-

age me from getting vaccinated.

Q9. The exorbitant cost of vaccinating would stop me from getting vacci-

nated.

Q10. Vaccination causes a decline in autoimmunity.

Q11. Concerns about side effects of the vaccine stop me from getting

vaccinated.

Q12. Difficulty in obtaining an appointment for vaccination would prevent

me from getting vaccinated.
Intention
Q13. The possihility of considering getting vaccinated.
Q14. The possihility of trying to get vaccinated.
Q15. The possibility of actually getting vaccinated.
Behavior
Q16. How likely are you to go for a COVID-19 vaccine?
Q17. What is the possibility of getting an influenza shot this year?
Q18. What isthe level of hesitation about vaccinating?

1 (completely impossible) to 5 (completely possible)

1 (completely impossible) to 5 (completely possible)

Hypotheses

Hypothesis 1

Attitude will have a positive association with vaccination
behavior.

Hypothesis 2

Subjective norms will have a positive association with
vaccination behavior.

Hypothesis 3

Vaccination intention will have a positive association with
vaccination behavior.

Hypothesis 4

Vaccination intention will mediate the relationships of attitude
(hypothesis 4a) and subjective norms (hypothesis 4b) with
vaccination behavior.

https://publichealth.jmir.org/2022/6/e34666

Hypothesis 5

Perceived behavior control will moderate the strength of the
mediated rel ationships of attitude (hypothesis5a) and subjective
norms (hypothesis 5b) with vaccination behavior viavaccination
intention.

Modéd Testing

Before structural equation modeling, confirmatory factor
analysis was conducted to assess the reliability and validity of
the constructs. Reliability was assessed by calculating the
sguared multiple correlation [24] and compositereliability [25].
We also examined parameter estimates and their associated t
values, factor |oadings, and the average variance extracted [26].
We established discriminant validity by calculating the square
root of the average variance extracted for each latent variable.
The error variances and modification indices of items were
estimated.
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Modéd Fitting

The goodness-of-fit index (GFI), adjusted GFI, comparative fit
index (CFI), and the root mean square error of approximation
(RMSEA) were used to evaluate the model fit [27]. For GFl,
CFl, and adjusted GFl, values closer to 1 are better, and values
greater than 0.95 indicate relatively good fit; RMSEA values
less than 0.06 indicate relatively good fit [27,28].

Statistical Analysis

We used bootstrapping (5000 trials) to test mediator effects
[29]. Hierarchica moderator regression was used to test
moderation effects, and all variableswere standardized to avoid
multicollinearity [30]. The control variableswere entered in the
block 1 (gender, education level, health care occupation, annual
household income, main living condition, self-evaluation of
health, chronic diseases, past behavior), followed by the
standardized value of the main effect (attitude, subjective norms,
and perceived behavioral control) in block 2, and finaly, the
interactions and moderators (subjective norms * perceived
behavioral control, attitude * perceived behavioral control) in
block 3.

AMOS software (version 23; IBM Corp) was used to estimate
the structural equation coefficients between latent variablesin

https://publichealth.jmir.org/2022/6/e34666
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the model. Hierarchical moderator regression analysis was
performed using SPSS software (version 23; IBM Corp).
Statistical significance was set at P<.05.

Results

Participant | nformation

A total of 9924 participants (male: 5407/9924, 54.5%; female:
4517/9924, 45.5%) wereincluded in this study (Table 2). Most
respondents had a college degree or higher (7589/9924, 76.4%),
and did not work in health care-related industries (7007/9924,
70.6%).

In this study, the proportion showing vaccine hesitancy
(respondents who selected not sure, hesitant, and very hesitant
for Q18) was estimated to be about 26.6% (2640/9924). Of the
total sample, 77% (7643/9924) reported that they had received
COVID-19 vaccinations, and 29.4% (2922/9924) had received
the influenza vaccinations in the previous year. Of the women,
22% (992/4517) had received human papillomavirus (HPV)
vaccinations. Of the total sample, of the mgjority believed that
they would choose to receive COVID-19 (8614/9924, 86.8%)
and influenza (3315/9924, 33.4%), vaccinations this year.
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Table 2. Participant information.
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Characteristic

Respondents (n=9924), n (%)

Age group (years)
18-24
25-34
35-44
45-54
55-59
Gender
Male
Female
Educational level
High school graduate or below
College or equivalent
Master’s diploma or above
Health care occupation
Yes
No
Annual household income (US $)
<16,000
16,000-32,000
32,000-80,000
>80,000
Main living condition
Living with others
Alone
Self-evaluation of health
Very bad
Bad
Genera
Well
Very well
Chronic diseases
Yes
No
Influenza vaccination history (last year)
Yes
No
COVID-19 vaccination history
Yes

No

HPV?vaccination history (n=4517)
Yes

No

2362 (23.8)
3963 (39.9)
2334 (23.5)
1125 (11.3)
140 (1.4)

5407 (54.5)
4517 (45.5)

2335 (23.5)
6822 (68.7)
767 (7.7)

2917 (29.4)
7007 (70.6)

4285 (43.2)
4259 (42.9)
1112 (11.2)
268 (2.7)

9145 (92.2)
779 (7.8)

359 (3.6)
242 (2.4)
3168 (31.9)
3816 (38.5)
2339 (23.6)

1275 (12.8)
8649 (87.2)

2922 (29.4)
7002 (70.6)

7643 (77.0)
2281 (23.0)

992 (22.0)
3525 (78.0)

https://publichealth.jmir.org/2022/6/e34666

RenderX

JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 |€34666 | p.166
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE

3HPV: human papillomavirus.

M easurement Model and Fitting

The 18 itemswere found to be reliable and valid based on each
item’s estimated error variance and modification index (Table
S1 and Table S2 in Multimedia Appendix 2). Composite

Yang et a

The squareroots of average variance extracted of the dimensions
attitude, subjective norms, intention, and perceived behavioral
control exceeded the related correlations (Table 4), indicating
discriminant validity in the structures in this study [25]. The
overall model achieved a good fit (GFI 0.991; CFl 0.992;

reliability values were greater than 0.6 and average variance  adjusted GFI 0.987; RMSEA 0.029); therefore, the
extracted values were greater than 0.5, except those for the  measurements and structural model were acceptable.
dimension behavior (Table 3).
Table 3. Item reliability.
Dimension Parameter significance estimation Factor loading Squaredmulti- Composterdi-  Average vari-
plecorrelation  ability anceextracted
Unstandard-  SE t value P value Standardized
ized estimate estimate
Attitude 0.902 0.698
Q1 1.000 0.831 0.691
Q2 1.020 0.011 96.496 <.001 0.837 0.701
Q3 0.968 0.010 96.319 <.001 0.836 0.699
Q4 0.988 0.010 96.319 <.001 0.836 0.699
Subjective norms 0.759 0.514
Q5 1.000 0.628 0.394
Q6 1.104 0.022 50.029 <.001 0.750 0.563
Q7 1.135 0.023 49.800 <.001 0.765 0.585
Perceived behavioral control 0.910 0.671
Q8 1.000 0.814 0.663
Q9 0.976 0.012 84.038 <.001 0.761 0.579
Q10 1.008 0.010 99.196 <.001 0.860 0.740
Q11 1.017 0.011 94.843 <.001 0.832 0.692
Q12 0.996 0.011 93.580 <.001 0.824 0.679
Intention 0.863 0.678
Q13 1.000 0.811 0.658
Q14 1.028 0.012 84.088 <.001 0.837 0.701
Q15 0.979 0.012 83.315 <.001 0.821 0.674
Behavior 0.549 0.300
Q16 1.000 0.434 0.188
Q17 2.062 0.083 24.826 <.001 0.453 0.205
Q18 3.069 0.156 19.664 <.001 0.712 0.507
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Table 4. Construct validity.

Yang et a

Dimension Averagevari-  Dimension, correlation
ance extracted
Perceived behavioral control Behavior Intention Subjective norms Attitude

Perceived behavioral control  0.671 0.819 _a — — —
Behavior 0.300 0.618 0.548 — — —
Intention 0.678 0.419 0.671 0.823 — —
Subjective norms 0.514 0.406 0.601 0.683 0.717 —
Attitude 0.698 0.486 0.639 0.587 0.551 0.835

@Repeated correlation coefficients are omitted. Thefirst occurrence valuein each column of dimension isthe squareroot of the average variance extracted

for each latent variable.

Hierarchical Moderator Regression Analysis

Annual household income, education, gender, health care
occupation, chronic diseases, health self-assessment, and past

vaccination behavior affected vaccination behavior (ARP=0.121,
P<.001); however, whether participants lived alone or not did
not significantly affect vaccination behavior asacontrol variable
(P=.08) (Table S3in Multimedia Appendix 2). In block 3, the
attitude * perceived behavioral control and subjective norms *
perceived behavioral control terms significantly changed the

model compared with block 2 (AR?=0.003, P<.001).

In block 3, perceived behavioral control was positively and
significantly correlated with vaccination behavior (= 0.274,
P<.001); however, attitude * perceived behavioral control
(B=—-0.052, P<.001) and subjective norms* perceived behavioral
control (B=-0.028, P=.006) had reverse inhibitory effects on

Table5. Model information in hierarchical moderator regression analysis.

vaccination behavior. This not only indicates that perceived
behavioral control moderatestheimpact of attitude on behavior
and that of subjective normson behavior, supporting hypotheses
Haand 5b, it also shows that there is a substitution relationship
between attitude, subjective norms, and perceived behavioral
control in their influence on vaccination behavior. Overall,
perceived behavioral control weakens the positive effects of
attitude and subjective norms on vaccination behavior, and
when perceived behavioral control islow, the promotion effects
of attitude and subjective norms on behavior are more
pronounced, but with increasesin perceived behavioral control,
the positive effects of attitude and subjective norms on behavior
gradually decrease. Specifically, the slope describing effect of
attitude on behavior will decrease by 0.050 SD and that of
subjective norms on behavior will decrease by 0.021 SD when
perceived behavioral control increasesby 1 SD (Table 5; Table
S3in Multimedia Appendix 2).

Model AR F value P value
Block 1 0.121 151.760 <.001
Block 2 0.233 1192.784 <.001
Block 3 0.003 23.348 <.001

Structural Equation M oddl of Vaccination Behavior

Both attitude (direct effect: 3=0.493, P<.001) and subjective
norms (direct effect: 3=0.244, P<.001) showed significant
positive associations with behavior. Hence, hypotheses 1 and
2 were confirmed. Intention also positively and significantly
affected vaccination behavior (direct effect: 3=0.462, P<.001);
therefore, hypothesis 3 was confirmed. In addition,
bootstrapping indicated that intention was present as a positive
and significant mediator between attitude and vaccination

https://publichealth.jmir.org/2022/6/e34666

behavior (indirect effect: f=0.159, P<.001). Similarly, the
mediating effect between subjective norms and vaccination
behavior was positive and significant (indirect effect $=0.258,
P<.001); therefore, hypotheses 4aand 4b were confirmed (Table
6). Furthermore, the difference between the indirect effect of
attitude on behavior and that of subjective norms on behavior
was statistically significant (difference=—0.091, P<.001), which
indicated that subjective norms had a greater influence on
vaccination behavior than attitude.
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Table 6. Direct, indirect, and total effects.
Effects Ur_lstandgrdi zed SE Bootstrapping Bootstrapping, bias-corrected P value
point estimate
95% Cl lower 95% Cl upper  95% CI lower 95% CI upper
Direct
Attitude---Intention 0.344 0.021 0.303 0.384 0.303 0.384 <.001
Subjective norms---Intention 0.558 0.025 0.510 0.609 0.510 0.609 <.001
I ntention---Behavior 0.462 0.030 0.404 0.522 0.403 0.521 <.001
Attitude---Behavior 0.493 0.029 0.437 0.550 0.437 0.551 <.001
Subjective norms---Behavior 0.244 0.032 0.182 0.307 0.182 0.307 <.001
Indirect
Attitude---Behavior 0.159 0.014 0.132 0.187 0.132 0.188 <.001
Subjective norms---Behavior 0.258 0.019 0.222 0.298 0.222 0.299 <.001
Total
Attitude---Behavior 0.652 0.030 0.594 0.710 0.594 0.710 <.001
Subjective norms---Behavior 0.501 0.030 0.443 0.562 0.443 0.562 <.001

Discussion

Principal Results

Our findings support the hypothesis that intentions mediate
vaccination behavior, attitudes, and subjective norms and
addresses concern about the mediating process of intention in
thetheory of planned behavior [31], whileal so justifyinginitial
theoretical claimsthat distal attitudes and subjective norms can
influence behavior, through proximal intention mediators[32].
In particular, perceived behavioral control was found to be a
moderator that influences the mediating processes
attitude — intention — behavior and subjective
norms— intention — behavior.

Comparison With Prior Work

A large meta-analysis[15] of applications of theory of planned
behavior showed that subjective norms were weak predictors
of intention and behavior. Recent studies [ 33,34] that have used
the theory of planned behavior empirically for health behavior
have suggested that subjective norms are not the most critical
predictor. In contrast, some argued that subjective norms are
strong predictors [35,36]. Our findings are similar to those in
[35,36], and the indirect effectsin our study further show that
subjective norms have greater impacts on behavior than
attitudes. This indicates that decisions about health issues are
more likely to be influenced by social surroundings. Debate
about whether subjective norms have astrong or weak influence
on behavior might due to differences in the types of behaviors
that have been targeted. In contrast to high-frequency health
behaviors, such as exercise, smoking cessation, when making
decisions about vaccination, people expect to be counseled by
someone close to them (eg, family members and close friends
[37]), or someonethey trust (eg, aphysician [38]). Additionally,
socially desirable responses likely contributed to our finding
that attitudes have less explanatory power for behavior. Socially
desirable responses are defined asthe tendency to give apositive
self-description, which is relatively common for potentially

https://publichealth.jmir.org/2022/6/e34666

sensitive problems. Korn [39] suggested that vaccination is a
prosocial behavior and demonstrated that it is part of the social
contract by showing that there is significant intergroup biasin
vaccinated and unvaccinated cohorts. Therefore, it isreasonable
that participants glorified attitudes toward the vaccine and
responded positively to the investigation, rather than providing
their true thoughts.

Our findings also show that high perceived behavioral control
weakens the effect between attitude, subjective norms, and
vaccination behavior, using intention as a mediator.
Additionally, perceived behavioral control has an alternative
relationship with attitude and subjective norms, when present
as a moderator in the model. These findings extend those in
existing literature on perceived behaviora control. However,
perceived behavioral control was considered to be a positive
predictor of intentions in many existing studies [40-42]. Our
findings (block 2 in the hierarchical regression analysis) also
confirm this view. It is important to consider that if a given
behavior is seen as positive and implementable, people tend to
engage in that behavior. However, the gap between intentions
and behavior exists precisely because intention is not sufficient
to ensure that a person convertsideas into actual behavior, due
to the limitations of actual capabilities. Thus, we find that the
mechanisms by which perceived behavioral control affect
intention and behavior are different. In other words, the
influence of perceived behavioral control on intention is as
positive as attitude and subjective norms. However, when using
perceived behavioral control to predict behavior, it should be
thought of as actual behavior control [23]. Therefore, it ismore
appropriate to use perceived behavioral control asamoderating
variable to influence the mediating effect of intention on
behavior.

Practical Applications

The moderated mediation model provides evidence for the
practical application of theory of planned behavior in
vaccination behavior. Future interventions for people who are
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unwilling to be vaccinated or subjectively postpone vaccination
should not only focus on changing their negative attitudes
toward the vaccine but should also pay attention to the ideas of
their families and close friends about vaccination and
intervention. This will facilitate positive intentions to get
vaccinated. In a study [43] that explored factory workers
vaccination behavior using the theory of planned behavior, it
was al so shown that a positive attitude and the support of health
careworkers, relatives, and friends can contributeto individuals
getting vaccinated, and in another study [44], it was found that
trusted individual s had a unique influence on young women in
encouraging them to get their HPV vaccination. In addition,
health authorities may need to take measures such as
communicating risk or giving rewards for vaccinations to
improve influenza and HPV vaccine uptake.

Limitations

This study was conducted in the form of a web-based survey;
thus, convenience sampling might have caused selection bias.
Additionally, we used a cross-sectional survey; thus, information
on respondents' vaccine-related behavior at the time of the
survey was used in behavior dimension. For this reason, the
values of composite reliability and average variance extracted
for the behavior dimension were below the idea vaue.
However, the overall model fit was ideal, with GFI, adjusted
GFl, and CFl >0.9 and RMSEA <0.06.

Data from 1 month after the survey showed that the actual
COVID-19 vaccination rate (having completed at least one
shot), in Chinawas 74% [45], approximating the self-reported
behavioral datain this study (8614/9924, 86.8%). Although the

Yang et a

self-reported data of this study are credible, cautious
interpretation of the sampl€’s representativeness of vaccination
behavior is needed.

The behavior dimension was measured with 3
items—self-reported COVID-19 vaccination behavior and
influenza vaccination behavior, as well as overall vaccine
hesitancy. This is because according to the schedule of
immunization in China[46], there are 5 main vaccinesfor adults
18 to 59 years of age—COVID-19, influenza, HPV, hepatitis
B, and rabies. Yearly influenza and the recent COVID-19
vaccinewere the used to examine vaccination behavior because
the administration of the other 3 types are limited—hepatitis B
vaccinations are valid for along period, rabies vaccinations are
for emergency use after possible exposure, and HPV
vaccinations are mainly target the female population in China.

Conclusions

Our findings showed that subjective norms have a stronger
influence than attitudes on this particular vaccination practice.
Moreover, perceived behavioral control not only is a positive
facilitator of intention but also has an alternative relationship
with attitudes and subjective norms. As amoderator, perceived
behavioral control conversely weakens the positive effects of
attitudes and subjective norms on vaccination behaviors. When
perceived behavioral control is low, the positive influence of
attitudes and subjective norms are evident. However, when
perceived behavioral control is high, the positive effects of
attitudes and subjective norms gradually decrease. In particular,
asamoderator, perceived behavioral control has more predictive
power for vaccination behavior.
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Abstract

Background: The Omicron variant of SARS-CoV-2 is more transmissible than prior variants of concern (VOCs). It has caused
thelargest outbreaks in the pandemic, with increasesin mortality and hospitalizations. Early data on the spread of Omicron were
captured in countries with relatively low case counts, so it was unclear how the arrival of Omicron would impact the trajectory
of the pandemic in countries already experiencing high levels of community transmission of Delta.

Objective: The objective of this study isto quantify and explain the impact of Omicron on pandemic trajectories and how they
differ between countries that were or were not in a Delta outbreak at the time Omicron occurred.

Methods: We used SARS-CoV-2 surveillance and genetic sequence data to classify countriesinto 2 groups: those that were in
aDelta outbreak (defined by at least 10 novel daily transmissions per 100,000 popul ation) when Omicron was first sequenced in
the country and those that were not. We used trend analysis, survival curves, and dynamic panel regression models to compare
outbreaks in the 2 groups over the period from November 1, 2021, to February 11, 2022. We summarized the outbreaks in terms
of their peak rate of SARS-CoV-2 infections and the duration of time the outbreaks took to reach the peak rate.

Results: Countries that were already in an outbreak with predominantly Delta lineages when Omicron arrived took longer to
reach their peak rate and saw greater than a twofold increase (2.04) in the average apex of the Omicron outbreak compared to
countries that were not yet in an outbreak.

Conclusions: These results suggest that high community transmission of Delta at the time of the first detection of Omicron was
not protective, but rather preluded larger outbreaks in those countries. Outbreak status may reflect a generally susceptible
population, due to overlapping factors, including climate, policy, and individual behavior. In the absence of strong mitigation
measures, arrival of a new, more transmissible variant in these countries is therefore more likely to lead to larger outbreaks.
Alternately, countries with enhanced surveillance programs and incentives may be more likely to both exist in an outbreak status
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and detect more cases during an outbreak, resulting in a spurious relationship. Either way, these data argue against herd immunity
mitigating future outbreaks with variants that have undergone significant antigenic shifts.

(JMIR Public Health Surveill 2022;8(6):€37377) doi:10.2196/37377
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Introduction

Background

Omicron, or B.1.1.529, the latest SARS-CoV-2 variant of
concern (VOC), was first sequenced in Botswana in early
November 2021 [1]. South Africa reported Omicron to the
World Health Organization (WHO) on November 24, 2021,
and the WHO designated it as a VOC on November 26, 2021
[2,3]. Early reports of Omicron from South Africa aarmed
infectious disease scientists due to both its rapid spread in the
population and the high degree of molecular divergence in the
spike protein [4,5]. Omicron spread quickly through South
Africa's population despite serological evidence of prior
SARS-CoV-2 infections or vaccinations in 60%-80% of its
population [6]. Omicron was better able to evade natural and
vaccine-induced immunity compared to previousvariants[7,8].
Ultimately, it was found to be less severe in terms of infection
and symptomsthan other VOCs[9], especially for those persons
who received 2 messenger RNA (mRNA) vaccines and abooster
[10]. However, estimated vaccine effectiveness in terms of
transmissions was still lower against Omicron compared to
Delta[11]. Full mRNA vaccinations plus booster caused a 70%
reduction in deaths and hospitalizations compared to no vaccine
[12-14]. With higher transmissibility, case counts began setting
daily records[15] and health systemswere overwhelmed asthe
Omicron VOC spread SARS-CoV-2 [2,16].

Omicron shifted the course of the pandemic because of its
increased transmissibility and its relatively enhanced ability to
evade immunity from vaccination or prior infection [17,18].
Early research demonstrated that the Omicron VOC gave fewer
days of warning leading up to an outbreak compared to Delta,
Alpha, Beta, and the original reference strain (D614) [19]. By
early 2022, it was evident that Omicron was setting 2-year
record highs in the number of daily new transmissions,
displacing Deltaasthe most transmissible VOC [19]. Moreover,
Omicron infections had a significant growth advantage over
Delta, with adoubling period of new casesof 1.5-3 days[20,21].
The magnitude of the outbreak, as measured by its apex, was
1.5to 2-fold higher than prior outbreaks[19].

Early observations in sub-Saharan Africa showed a consistent
trend where Omi cron cases quickly accelerated, and then quickly
decelerated after peaking with only a dight tail [19]. However,
these countries had relatively low cases counts prior to the
arrival of Omicron. As Omicron spread to countries already
experiencing high community transmission of Delta, it was
unclear whether the trajectory of the outbreak would be altered.
Onthe one hand, policy mitigation efforts put in place to combat
ongoing outbreaks, combined with a higher frequency of natural
immunity in the population, could reduce the magnitude of a
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subsequent outbreak [22]. On the other hand, a preexisting
outbreak may signal underlying factors (stringency of mitigation
measures, weather, etc) that are favorable to larger outbreaks
with more transmissible variants [23-25]. In this study, we
compared the trajectoriestrends in the Omicron outbreak
between countries that had low levels of community
transmission of Delta and those that were dready in a
Delta-driven outbreak [19].

Objective

The objective of thisstudy isto quantify and explain theimpact
of Omicron on pandemic trajectories and how they differ
between countries that were or were not in a SARS-CoV-2
outbreak with Delta at the time Omicron arrived.

Methods

Data Collection

We used SARS-CoV-2 surveillance datato identify the duration
and apex of outbreaks [26] and GISAID (Global Initiative on
Sharing Avian Influenza Data) to identify VOCs [27]. We
modeled the data using trend analysis [28-37], survival curves
[38,39], and dynamic panel regression [40,41]. We conducted
the analysis in R version 4.1.1 (R Foundation for Statistical
Computing) with the plm (version 2.4-1), survival (version
3.2-13), and survminer (version 0.4.9) packages [42-45]. The
sample period covered November 1, 2021, to February 11, 2022.

To estimate the date Omicron first appeared in a country, we
used publicly available dataon sequenced SARS-CoV-2 variants
from GISAID [27]. We used Nextclade nomenclature [46] to
collect clade designations from sequences and Pangolin
nomenclaturefor lineage designations of SARS-CoV-2[47,48].
We also contrasted prevalence data with data compiled from
outbreak.info [49]. We classified countries into 2 groups: (1)
outbreak countries that exceeded a threshold of 10 novel daily
SARS-CoV-2 transmissions per 100,000 popul ation at the onset
date of Omicron, defined by the first instance of an Omicron
clade in GISAID, and (2) nonoutbreak countries below this
transmission threshold at thefirst instance of an Omicron clade.
The outbreak threshold follows the convention adopted by the
US Centers for Disease Control and Prevention (CDC).

To maximize comparability across outbreaks, we restricted the
sample to dates between November 1, 2021, and February 11,
2022. Within thisperiod, surveillance sequencinginal countries
consisted predominantly of Delta and Omicron variants, with
all other variants comprising lessthan 0.03% of total sequences.

We excluded island countries with populations below a half
million people because their outbreaks follow distinct
trajectories [40]. Sequencing data are not available for every
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country [27], so our sample was restricted to 80 countries. Of
them, 42 (52.5%) were already in an outbreak at the onset of
Omicron, and 38 (47.5%) were not.

Statistical Analysis

We estimated Kaplan-Meier survival curves for the outbreak
and nonoutbreak groupsto compare the length of time acountry
takes to reach its apex speed after the onset of Omicron [39].
We consider any country whose apex speed occurred on the
final date of the sample to be censored. We aso provided a
trend comparison for several neighbor countries, at least 1 of
whom was in the outbreak group and 1 of whom was not.

We used linear trend analysisto compare apex speed acrossthe
outbreak and nonoutbreak groups. To control for differencesin
population vaccination rates, prior infection rates, time since
the onset of Omicron, and any time-invariant, country-specific
heterogeneity, we estimated a dynamic panel regression model
with the Arellano-Bond method [40,41]. We modeled the daily
rate of novel transmissions as a function of 1-day and 1-week
lagged transmissions, cumulative infection and vaccination
rates, a binary weekend indicator, the number of days since the
onset of Omicron, the number of days since a Delta outbreak
began, abinary indicator for whether the date is after the earliest
sequenced Omicron variant isolated in the country, and an
interaction between the latter and an indicator for whether the
country wasin the outbreak group. Theinteraction term provides
atest for whether Omicron generated larger increases in speed
for the outbreak countries versus the nonoutbreak countries.

We tested the possibility of a weather-driven spurious effect
that resulted in different outbreak trajectorieswith an extension
of the survival analysis. We compared Kaplan-Meier survival
curves for outbreaks in countriesin the Northern and Southern
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Hemispheres. To addressthe possibility of SARS-CoV-2 policy
response as a confounder, we cal cul ated the average stringency
index for each country over the sample period [50]. We
conducted a Welch t test to compare the average index scorein
countries in the outbreak versus nonoutbreak groups.

Results

Omicron and Outbreak Trajectory

Figure 1 isamap of SARS-CoV-2 outbreaks on December 15,
2022. At this point in time, we can see countries already in a
Delta outbreak, countriesin an Omicron outbreak in the South
of sub-Saharan Africa, and countries with exponentia growth
dueto theintroduction of Omicron to the genetic pool. Countries
in blue are not in an outbreak. Countriesin orange are not in an
outbreak but are experiencing aarming growth across 7
consecutive days that will likely go into an outbreak if left
unabated. Countriesin red in North America, Europe, Central
Asia, and some of East Asia and the Pacific are aready in an
outbreak, primarily driven by Delta.

Table 1 presents both speed (or the number of daily new
SARS-CoV-2 transmissions per 100,000 popul ation) at the onset
of Omicron and peak speed for all countriesin the sample. The
countries experiencing high levels of community transmission
of Deltaat thetime of Omicron’sarrival (“aready in outbreak™)
averaged a speed of 52.6 at the onset of Omicron, while the
countries experiencing low levels of transmission at the onset
of Omicron (“not in outbreak™) averaged a speed of 3.2. The
respective average peak speeds were 308.7 and 128.6. Thus,
even after controlling for the initia differences in speed, the
countries aready in an outbreak saw greater than a twofold
increase (2.04=[308.7 —52.6]/[128.6 — 3.2]) in the average apex
of an outbresk.

Figure 1. Map of Deltaand Omicron outbreaks. Note that countriesin red were in an outbreak on December 15, 2022, as defined by adaily rate of at
least 10 novel SARS-CoV-2 transmissions per 100,000 population. Countries in orange were not in an outbreak but displayed 7 consecutive days of an
increase in the rate of novel SARS-CoV-2 transmissions per 100,000 population.
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Table 1. Outbreak status when index Omicron case sequenced.

Country Speed at Omicron Peak speed Average speed Average peak speed
Already in outbreak 52.6 308.7
Austria 1545 374.8 N/A2 N/A
Belgium 119.3 449.9 N/A N/A
Bosnia and Herzegovina 13.1 73.9 N/A N/A
Botswana 39 63.9 N/A N/A
Bulgaria 18.7 128.7 N/A N/A
Chile 124 186.2 N/A N/A
Croatia 108.4 217 N/A N/A
Czech Republic 85.2 355.5 N/A N/A
Denmark 67.1 807.5 N/A N/A
Estonia 384 520.9 N/A N/A
Finland 19.8 152.3 N/A N/A
France 135 562.3 N/A N/A
Georgia 83.2 543.7 N/A N/A
Germany 58.7 231.4 N/A N/A
Greece 61.6 347.6 N/A N/A
Ireland 90.3 481 N/A N/A
Italy 158 300.7 N/A N/A
Jordan 47.9 192.9 N/A N/A
Lebanon 22 121 N/A N/A
Liechtenstein 141.3 380.7 N/A N/A
Lithuania 64.5 402.5 N/A N/A
Luxembourg 61.6 369.9 N/A N/A
Maaysia 17.9 4.7 N/A N/A
Malta 19.7 258.8 N/A N/A
Montenegro 38.1 393.6 N/A N/A
Netherlands 78.1 707.1 N/A N/A
North Macedonia 12.8 84.6 N/A N/A
Norway 453 376.5 N/A N/A
Poland 61.7 129.7 N/A N/A
Portugal 18.6 546.8 N/A N/A
Russia 224 124.2 N/A N/A
Serbia 17 220.8 N/A N/A
Singapore 204 178.7 N/A N/A
Slovakia 200.4 4139 N/A N/A
Slovenia 106 730.3 N/A N/A
Spain 144 308 N/A N/A
Switzerland 53.1 419.1 N/A N/A
Turkey 27.7 122.6 N/A N/A
Ukraine 16.8 85.5 N/A N/A
United Kingdom 60.1 291.7 N/A N/A
United States 228 2454 N/A N/A
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Country Speed at Omicron Peak speed Average speed Average peak speed
Vietnam 18.8 20.8 N/A N/A
Not in outbreak 32 128.6
Argentina 4.2 252.3 N/A N/A
Armenia 25 114.7 N/A N/A
Australia 55 428.3 N/A N/A
Azerbaijan 51 69.5 N/A N/A
Brazil 4.9 89 N/A N/A
Brunei 25 116.4 N/A N/A
Canada 6.4 126 N/A N/A
Colombia 4.2 60.1 N/A N/A
CostaRica 17 1441 N/A N/A
Ecuador 33 52.1 N/A N/A
Guatemala 12 194 N/A N/A
India 0.8 22.6 N/A N/A
Indonesia 0.1 13.7 N/A N/A
Iran 2.8 42 N/A N/A
Irag 0.8 18.1 N/A N/A
Israel 53 1177.3 N/A N/A
Japan 0.1 74.2 N/A N/A
Kazakhstan 2.6 74 N/A N/A
Kuwait 0.6 147 N/A N/A
Mexico 17 38.3 N/A N/A
Moldova 74 110.7 N/A N/A
Morocco 0.4 20.2 N/A N/A
Nepal 1 29.3 N/A N/A
Oman 0.2 44 N/A N/A
Panama 57 247.9 N/A N/A
Peru 4.2 152.7 N/A N/A
Philippines 0.5 31.9 N/A N/A
Qatar 4.9 142.4 N/A N/A
Romania 82 156.1 N/A N/A
Saudi Arabia 0.1 16.1 N/A N/A
South Africa 0.6 395 N/A N/A
South Korea 6.4 90.1 N/A N/A
Suriname 4.9 169.1 N/A N/A
Sweden 8.9 405.2 N/A N/A
Thailand 9.2 18.7 N/A N/A
Tunisia 13 79.8 N/A N/A
Zambia 0.06 211 N/A N/A
Zimbabwe 0.2 324 N/A N/A

8N/A: not applicable.

Figure 2 plots Kaplan-Meier survival curves for the 2 groups  the outbreak. We chose peak speed over the end of an outbreak
of countries[39]. An “event” was defined as the peak speed of  because a substantial majority of sample countriesremained in
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outbreak at the time of thiswriting. The survival curves present
the probability a country will have reached its peak (y axis) for
any given number of days since the onset of Omicron (x axis).

A key advantage of the Kaplan-Meier survival curve is its
accommodation of countries that may not have hit their peak
speed yet [38]. We considered any country whose peak speed
occurs on the most recent day of available data “censored,”
which means we only know it took at least as long as the
observation period for the country to reach its peak. The
Kaplan-Meier method includes these countries in its survival
curve estimates until they are censored, at which point they exit
the sample. The vertical hash marks in Figure 2 denote these
exit points.

From Figure 2, countries already in an outbreak clearly take
longer to reach their eventual peak than countries not initially
in an outbreak. A log-rank test rejects the null hypothesis of
equality between the 2 survival curves at the .10 significance
level but not at the .05 level (P=.09) [51].

The survival analysis answers the question of how long the
Omicron outbreak takesto peak in countries that were or were
not in an outbreak at the time of Omicron’s arrival. However,
the survival curves provide no information on the relative
magnitudes of the peaks. To that end, Figure 3 presents a scatter
plot of the difference between the eventual peak speed and the
Omicron onset speed (y axis) as a function of the onset speed
(x axis). Thelinear best fit line, in dashed gray, showsapositive
association between the onset speed and the additional speed
accrued after the onset of Omicron. The estimated slope
coefficient is 1.62, which is statistically significant at the .01
level with a P value of .002.

Lundberg et a

Figure 3 plots the difference between onset and peak speed on
they axis because peak speed alone is mechanically afunction
of onset speed. The onset speed cannot exceed peak speed. If
an outbreak immediately contracted upon thearrival of Omicron,
then peak speed is simply equal to onset speed. Figure 3
therefore showsthat countriesthat had high onset speeds at first
isolation of Omicron tended to have higher peak speeds after
the onset of Omicron. Higher initial speeds are correlated with
higher growth after Omicron.

Figures 2 and 3 show that the Omicron-driven outbreaks took
longer to build to relatively higher peak speeds in countries
already experiencing outbreaks of Delta. Neither figure controls
for potentially important confounders, such as population size
and vaccination rates. Furthermore, neither figure controls for
the length of time since the onset of Omicron. Some outbreaks
may have yet to reach their apex.

To control for these confounders, Table 2 presents the results
of a dynamic panel regression [41]. The model was adapted
from an empirically validated system to provide novel
SARS-CoV-2 surveillance metrics [35,52,53]. The dependent
variableistherate of novel SARS-CoV-2 transmissions, which
is a function of transmissions on the previous day and in the
past week. Unsurprisingly, these 1-day lag and 7-day lag
variables are positive and statistically significant predictors of
current transmissions. The coefficient estimate for 1-day _lag
is 0.1, which means, after controlling for the other covariates,
every 10 SARS-CoV-2 transmissions today predict 1
transmission tomorrow. The coefficient estimate for 7-day_lag
is0.7, which meansevery 1 transmission thisweek predictsjust
under 1 transmission next week.

Figure 2. Time from arrival of Omicron until peak of outbreak. Note: Countries are considered censored if their peak speed occurred on the final day
of the sample period. The cross hashes in the figure denote these censor points.
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Figure3. Peak of outbreak asafunction of speed at Omicron arrival. Note: Not depicted, but included in thetrend line calculation, isthe outlier country
of Israel, which reached a peak speed of 1177.3 daily novel transmissions per 100,000 population, up from a speed of 5.3 when Omicron was first
sequenced in the country. The peak speed in Israel was approximately 4.5 SDs above the mean for all countries.
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Table 2. Arellano-Bond dynamic panel data estimatesa.
Variable Coefficient (SE) P value
1-day lag 0.1(0.03) <.001
7-day_lag 0.7 (0.15) <.001
after_omi —62.9(35.1) .07
aft_omi-in_brk 84.1 (40.2) .04
days since_omi 0.8(0.4) .05
days _since_del_outbrk 0.4 (0.2 .06
weekend -13.5(4.7) .004
total_cases rate —-1.1e-03 (2.2e-03) .61
total_vacc rate 1.3e-04 (9.4e-05) 17

3Balanced panel: n=80, t=98 — 99, N=7868; Sargan test: x2(842)=80 (P>.99); autocorrelation test 1: normal=—1.94 (P=.05); autocorrelation test 2:

normal=—3.20 (P=.01).

The after_omi and aft_omi-in_brk variables provide a test for
whether daily speeds during the Omicron outbreak were higher
in those countries already experiencing a Delta outbreak. The
former variable is an indicator set to 1 for any date after the
onset of Omicron, and the latter is an interaction between
after_omi and in_brk, an indicator set to 1 if a country wasin
a Delta outbreak at the onset of Omicron. The coefficient
estimate for aft_omi-in_brk is 84.1 and significant at the .05
level. For theinterpretation, those countriesthat werein aDelta
outbreak saw daily speedsincrease by an average of 21.2 (=84.1
— 62.9) novel transmissions per 100,000 population after the
onset of Omicron.

The negative coefficient of —62.9 on the after_omi predictor
might seem counterintuitive, but 2 factors explainthe sign. First,
the model controlsfor days since_omi, which isthe number of
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days since the onset of Omicron and the end of the sample
period. The expected daily speed rises by 0.8 novel
transmissions per 100,000 population for each day since the
onset of Omicron, and thisresult is significant at the .05 level.
Thus, astime passes, days since_omi will eventually outweigh
after_omi. The second factor isthetail end of Delta outbreaks.
The negative effect of after_omi only applies to countries that
were not in an outbreak at the onset of Omicron. Those countries
tended to have recently exited a Delta outbreak, and after_omi
partly captures the deceleration in speed before Omicron
outbreaks gathered momentum. For the countries that were
aready in an outbreak at the onset of Omicron, the
days since del_outbrk variable controls for how long ago the
Delta outbreak began. The coefficient of 0.4 means those
countries saw an average additional 0.4 transmissions per
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100,000 population for each day after the Delta outbreak began.
The variable is significant at the .10 level but not the .05 level.

The model aso controls for weekend dates. The coefficient on
the indicator variable for weekend dates, weekend, is negative
and statistically significant at the .01 level. This result is
expected because many countries fail to report complete data
over weekends.

Lastly, total_cases rate and total _vacc rate, respectively,
contain cumulative prior infections and vaccinations, as
measured in rates per 100,000 population. The coefficient on
total_cases rateis not statistically significant at the .10 level,
which isexpected because prior infections offer little protection
against Omicron [54]. The coefficient ontotal_vacc rateisalso
not significant at the .10 level, which is expected from the
considerabl e vaccine escape of Omicron [55]. The positivesign
on the coefficient is explained by the differential vaccination
rates across countries. Theworst Omicron outbreaks have tended
to occur in countries with higher vaccination rates. In the
sample, countriesalready in an outbreak at the onset of Omicron
had an average vaccination rate over 40% higher than the rate
for countries not in an outbreak.

On amore subtle point, the technical feat of the Arellano-Bond
dynamic panel is its ability to control for time-invariant,
country-specific factors [41]. Examples include public health
policies, demographics, popul ation density, culture, and history.
The dynamic panel estimates automatically control for these
factorsto the extent they remain stable over the sample period.
Thus, even after controlling for vaccinations, time since the
onset of Omicron, time a country had been in a Delta outbreak
(if one existed at the onset of Omicron), and time-invariant,
country-specific factors, the Omicron outbreak in countrieswith

Lundberg et a

high community transmission of Delta reached larger peaks
than in countries with low transmission of Delta.

Country Comparisons

To further examine the difference between Omicron-and-Delta
outbreaks and Omicron outbreaks, we compared the outbreak
trajectory of several neighbor countries, at least 1 of which was
in aDeltaoutbreak at the onset of Omicron and 1 of which was
not.

Figure 4 plotstherate of novel SARS-CoV-2 transmissions per
100,000 population for Canada and the United States over the
sampleperiod. Thevertical gray linesindicate the date Omicron
was first sequenced in each country (dashed for Canada, solid
for the United States). The horizontal gray line depictsthe CDC
outbreak threshold for reference. A country is in a state of
outbreak when its speed exceeds 10 cases per day per 100,000
population. At the onset of Omicron, Canada was not in an
outbreak but the United States was.

When Omicron was first sequenced in Canada, the country had
a speed of 6.4, while the speed for the United States was 22.8
at the onset date. The subseguent peak speeds for the countries
were 126 and 245.4, respectively. The United Statestook |onger
to reach its peak from the date Omicron arrived, and its peak
was nearly twice as high as Canada’s.

Figure 5 plots the sequencing results of SARS-CoV-2 samples
from Canada and the United States from May 2021 until
February 2022. Over this period, the Deltaand Omicron VOCs
were the primary contributors to outbreaks in both countries.
The United States sequenced 10 times as many SARS-CoV-2
samples as Canada, but both countries follow roughly similar
trends.

Figure4. Outbreaksin Canadaand the United States. Note: The vertical linesindicate the date Omicron was first sequenced in each country. The solid

and dashed lines correspond to those of each country in the legend.
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Figure5. Theevolution of Deltaand Omicron VOCsin Canadaand the United States. Note: They axis denotes the total number of sequences for each
VOC on agiven date. VOCs other than Delta and Omicron were too infrequent to depict on the plot. VOC: variant of concern.
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In the late summer and early fall of 2021, predominantly Delta
cladeswere identified as part of the viral pool of SARS-CoV-2
casesin both Canadaand the United States. Canadahad aminor
Delta outbreak, where the daily number of Delta cases dightly
surpassed 10 per 100,000 population between September 15,
2021, and October 7, 2021. Canadawaswell below the threshold
of an outbreak when Omicron was first sequenced. In contrast,
the United States went into an outbreak largely driven by the
Delta variant on July 19, 2021, and remained in an outbreak
through the Omicron peak. Canada later went into an outbresk,
largely driven by Omicron, in December, but the magnitude
was roughly half that of the US outbresk. Although both
countries are now only reporting sporadic new Delta cases,
Deltaoverlapped with Omicron for the majority of the Omicron
outbreak that began in December 2021. Canadacleared its Delta
outbreak before the United States and before the advent of
Omicron.

Figure 6 providesasimilar illustration for Armenia, Azerbaijan,
and Georgia. Neither Armenianor Azerbaijan wasin a state of
outbreak when Omicron was first sequenced in the countries,
but Georgia was. The subsequent peak in Georgia was 543.7,
far larger than the peaks of 114.7 and 69.5, respectively, in

https://publichealth.jmir.org/2022/6/€37377

RenderX

Armeniaand Azerbaijan. Although the outbreak in Azerbaijan
continues to grow, the recent decrease in acceleration indicates
the country is near its apex.

Figure 7 provides a similar plot for Kazakhstan and Russia
Kazakhstan was not in an outbreak at the onset of Omicron, but
neighbor Russia was. The peak in Russia was 124.2, and the
peak in Kazakhstan was 74.0. Russia continues to see an
escalation in new transmissions, but the recent decrease in
acceleration indicates the country is near its apex.

Taken together, Figures 4-7 support the broader findings in
Figures2 and 3 that countries already in an outbresk at thetime
of Omicron’s arrival had longer durations and reached higher
peaks in cases compared to countries where community
transmission of Delta was aready low. However, this pattern
does not always hold. Israel is the most extreme exception.
Despite not beginning in an outbreak, the country reached a
peak speed of 1177.3 novel transmissions per 100,000
population, as shown in Figure 8. Still, these specific country
illustrations provide a context and guidance for a discussion of
why outbresks in countries already in a Delta outbreak at the
onset of Omicron had different trgjectories than outbreaks in
countries with low initially community transmission.
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solid and dashed lines correspond to those of each country in the legend.
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Figure 6. Outbreaksin Armenia, Azerbaijan, and Georgia. Note: The vertical linesindicate the date Omicron was first sequenced in each country. The

dashed lines correspond to those of each country in the legend.
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Figure 8. Outbreaksin Israel, Jordan, and Lebanon. Note: The vertical linesindicate the date Omicron was first sequenced in each country. The solid,

dashed, and dotted lines correspond to those of each country in the legend.
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Discussion

Principal Findings

In this study, we measured the tragjectory of the pandemic for
every country, beginning on the first day that Omicron was
seguenced, and we compared the magnitude and speed of the
subsequent outbreak in countriesthat had high versuslow levels
of preexisting Delta transmission. These countries were
determined to bein an outbreak or not in an outbreak at thetime
of their first reported Omicron seguence based on a threshold
of 10 daily new SARS-CoV-2 transmissions per 100,000
population.

Our analysisof epidemiological curvetrajectoriesfor countries
not in an outbreak at the time of Omicron’s arrival, such as
sub-Saharan African countries and India, showed these
outbreaks escalate, peak, and de-escalate rapidly, ending the
outbreak with asmall tail [19]. In contrast, Omicron outbreaks
in countriesaready experiencing aDeltaoutbresk take relatively
longer to peak and attenuate. This observation holds regardless
of whether the Delta outbreak peaked before Omicron was
introduced or whether the Delta outbreak was still trending
upward. For example, Canada had peaked before Omicron was
seguenced, whilethe United States peaked afterward. The apex
of the Omicron-driven peak was over twofold higher in countries
already in aDelta-driven outbreak. The former countriesreached
an average apex of 308.7 daily new cases per 100,000
population, while the latter countries reached an average apex
of 128.6 (see Table 1). Even after controlling for the daily speed
of the pandemic when Omicron was first identified in a
particular country, we find that the magnitude of Omicron
outbreaksin countries not already in an outbreak isslightly less
than half the magnitude of Omicron outbreaksin countrieswith
high levels of Deltatransmission.

https://publichealth.jmir.org/2022/6/€37377

Prior to the emergence of Omicron, the Delta VOC made up
over 97% of cases worldwide, with several countries
experiencing Delta-driven outbreaks at the time of Omicron’s
emergence in November 2021. Omicron subsequently led to
outbreaks and outcompeted Delta in every country where
genomic surveillance data are available, now accounting for
over 97% of cases worldwide [56]. Although it was initialy
thought that high levels of Deltatransmission in some countries
could blunt the impact of Omicron, our data strongly suggest
that outbreaks reached higher peak speeds and magnitudes in
countries aready experiencing Delta outbreaks.

The propensity of countries already in a Delta-driven outbreak
to have more intense Omicron-driven outbreaks could be
explained by at least 4 overlapping (and not mutually exclusive)
factors: (1) policy, (2) climate, (3) epidemiologic trends, and
(4) public health infrastructure.

First, apreexisting Deltaoutbreak may have signaled ineffective
policiesthat underlay epidemiological trends, which took longer
to build, peak, and attenuate during the Omicron outbreak. For
example, countries already in a Delta outbreak already may
have had less stringent public health measures that could have
resulted in the significantly higher speedsand larger peaks upon
thearrival of Omicron. To explore the possibility, we cal culated
the average stringency index for each country over the sample
period [50]. The daily index takes a value between 0 and 100,
with higher scores indicating stricter national or subnational
SARS-CoV-2 palicy responses. The index was unavailable for
Armenia, Montenegro, and North Macedonia, which left 77
(96.3%) countries for comparison. The average score for
countriesin apreexisting Delta outbreak was 49.4 compared to
an average of 48.2 for countries not in an outbreak at the time
of Omicron’s arrival. A Welch t test failed to reject the null
hypothesis of equal means acrossthe 2 groups (P=.68). Because
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the number of countries in each group was greater than 30, the
test passes the conventional guideline for approximate
convergence in the centra limit theorem [57]. If a P value
provides aroughly graded measure of strength against the null
hypothesis, the value suggests that other hypotheses may be
more compatible with the data[58,59]. The Pearson correlation
coefficient between the average score and abinary variable for
the country group was a so low, at —.04, with a95% CI of -0.26
to 0.19. The Pearson coefficient is a measure of linear
dependence between variables, which makes it the appropriate
choicefor an examination of policy intervention asaconfounder
inthe linear dynamic panel regressions[60,61]. To summarize,
policy differences seem to have limited explanatory power for
the different trajectories of the Omicron outbreaks in these
countries. Notwithstanding, although the enacted policies might
not differ, thewillingness of each country’s population to adhere
to these policies might, with “COVID fatigue” resulting in
relaxed implementation.

A second explanation could be climate or socioeconomic
conditions. Most countries that were still in a Delta outbreak
reside in the Northern Hemisphere, and Omicron arrived over
the winter months. If weather can affect the spread of
SARS-CoV-2, then countries in colder regions might tend to

Lundberg et a

have larger outbreaks of any variant [23-25]. Indeed, large
outbreaks were observed in these countries during the winter
of 2020-2021 prior to the emergence of the Delta or Omicron
VOC, suggesting aseasonal trend independent of variant. Figure
9 provides survival curves analogous to those in Figure 2 but
for countries that lie entirely in the Northern Hemisphere and
those that do not. The curves cross at several points, which
means sometimes outbreaks in the Northern Hemisphere take
longer to reach their peak (from the onset date of Omicron),
and sometimes outbreaks in the Southern Hemisphere do. The
P value from alog-rank test is also higher than it was for the
comparison between outbreak and nonoutbreak countries (P=.40
vs .09). Still, a portion of the Northern Hemisphere survival
curve lies beyond the Southern Hemisphere curve, which
suggests weather may partly explain why countries aready in
an outbreak were more adversely impacted by the arrival of
Omicron. There is some visual evidence in Figure 9 that
outbreaks in the Northern Hemisphere lasted longer. The
Arellano-Bond method, however, controls for time-invariant,
country-specific factors [41]. Climate is one such factor to the
extent it remains constant for each country inthe sample. Inthe
regression estimates, temperature confounders would have to
be caused by variable weather conditions over the sample period.

Figure9. Timefrom arrival of Omicron until peak of outbreak by hemisphere. Note: Countries are included in the Northern Hemisphere group if their
geographical arealies entirely in the Northern Hemisphere. All other countries are included in the Southern Hemisphere group.
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A third possible explanation is that the enhanced ability of
Omicrontoinfect vaccinated individuals resulted in overlapping
outbreakswith Deltain dlightly different populations, increasing
overall case counts. Rather than an Omicron-driven outbreak,
a better description would be a Delta outbreak and an Omicron
outbreak, at least until Delta was outcompeted. Omicron does
have a higher potential for immune escape compared to prior
VOCs|8,62-66]. Natural infection from SARS-CoV-2 generated

https://publichealth.jmir.org/2022/6/€37377

astrong protection against reinfection with Alpha[67,68], Beta
[67], and Delta [69], but this protection was somewhat
diminished, though still robust, against Omicron [70,71]. People
infected with prior VOCs remain at risk for contracting the
Omicron variant [70]. Furthermore, the vaccines developed to
prevent contracting SARS-CoV-2 are somewhat less effective
at protection against contracting the Omicron variant [72,73].
However, athough Omicron has some advantage in causing
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breakthrough or reinfections, it is aso highly transmissible in
individuals with no prior immunity, just like the Delta VOC.
Therefore, it isunlikely that the 2 variants existed in independent
populations and caused overlapping outbreaks. The 2 VOCs
were more likely in direct competition. Omicron’'s fitness
advantage allowed it to quickly outcompete Delta, which is
reflected in the genomic surveillance data (eg, Figure 5).

A fourth potential explanation is that the public health
infrastructure in the outbreak countries better enabled them to
(2) track casesinreal time, (2) accurately determinethe earliest
date of Omicron arrival, and (3) track major surges in cases.
First, given the outbreak threshold of 10 daily SARS-CoV-2
transmissions per 100,000 population, a country with better
case tracking would be more likely to be in an outbreak state.
Second, higher sampling for genomic surveillance is likely to
result in an earlier detection of Omicron relative to the eventual
peak. Third, a country with better testing infrastructure can
process more tests in the context of a case surge, while other
countries might be prematurely capped by capacity. Taken
together, these 3 factors could explain the observed results in
outbreak versus nonoutbreak countries.

Regardless of the reason for higher peaks and speeds of the
Omicron outbreak in countrieswith preexisting Delta outbreaks,
it is clear that high levels of community transmission of Delta
did not substantially decrease population-level susceptibility to
Omicron. First, countries in Delta outbreaks at the time of
Omicron emergence still had case countswell below what would
be required to elicit herd immunity. Second, even if
vaccine-based immunity or natural immunity were long-lasting
enough to reach herd immunity against a particular variant, an
antigenic shift of SARS-CoV-2 will likely continue to drive
immune evasion, as has been well documented for other RNA
viruses. That being said, athough Omicron resulted in many
breakthrough infections and reinfections, a vast majority of
these resulted in only mild disease. Thus, although case counts
in many countries reached record peaks, an increasingly
protected population from severe disease will likely result in a
transition from a pandemic virus to an endemic virus.

Limitations

Sequencing dataare unavailable for many countries, which were
not included in this study. However, enough countriesremained
(N=80) to datistically examine why Omicron outbreaks in
countries already experiencing a Delta outbreak were
significantly larger in magnitude and duration than
Omicron-only outbreaks.

We also know that sequencing the index case of Omicron in
each country may not capture the earliest date Omicron first
arrived or a sustained transmission that led to the eventual
outbreak of cases [74]. This assignment provides a proxy for
when the Omicron outbreaks began. Aslong astheinaccuracies
in the date of assignment from sequencing data are random and
small, they should not cause significant bias in the dynamic
panel estimates. For most countries, reassignment of the
Omicron onset date causes negligible changesin the estimates.

Lundberg et a

We acknowledge that the CDC classification threshold for an
outbreak is somewhat arbitrary. Small deviationsfromthe CDC
threshold rate of 10 daily SARS-CoV-2 transmissions per
100,000 population would neither reclassify most countriesin
the sample nor cause a significant change in estimates. Larger
deviations naturaly would. To address this point, we aso
included Figure 3 to show a broader association between the
initial rate of daily SARS-CoV-2 transmissions and later peak
rates, which is independent of the outbreak classification
threshold.

Because we are writing this study in as close to rea time as
possible, the Kaplan-Meier survival curves may contain some
inaccuracies. Specifically, if the peak speed occurred beforethe
last date of the sample period, an outbreak might reverse its
de-escalation in the future and reach a new, higher peak speed.

The second-order autocorrelation test for the dynamic panel
estimates rejected the null hypothesis of zero autocorrelation
in the unobservable error component. Although rejection in the
first-order autocorrelation test is a common feature of the
Arellano-Bond first-difference operation, rejection in the
second-order test indicates a possible bias in coefficient
estimates caused by autocorrelation in the error component [75].

Lastly, although we addressed several possible confounders,
the Arellano-Bond method controls for time-invariant,
country-specific variables[41]. Unobserved variationsin human
behavior over the sample period, for example, might remain as
a source of omitted variable bias. Furthermore, the analysis of
climate through hemisphere distinction is unable to capture all
the nuances of local weather conditions. Temperature, wind,
and humidity can all affect the spread of SARS-CoV-2
[24,25,76-78]. Likewise, the analysis of local risk factors and
management capacity through the stringency index isunableto
capture all the nuances of local risk and interventions [ 79-81].

Comparison With Prior Work

This study builds on prior work of the Omicron VOC by
Lundberg et a [19]. Theoriginal study wasthefirst to compare
singular Omicron outbreaks to previous outbreaks driven by
the origina SARS-CoV-2 variant, Beta, Alpha, and Delta in
sub-Saharan Africa. Thisstudy comparesthe Omicron outbreaks
in countries with high versus low community transmission of
the Delta VOC at the time of Omicron’s arrival.

Conclusion

Although it may be years before we fully understand the
interplay between different SARS-CoV-2 variants, these data
arelikely to inform trends among groups of countriesthat could
help predict thetrajectories of future variants, given differences
in preexisting case counts. Although Omicron has been
emphasized as a less harmful variant, it has caused annual
records of morbidity and mortality due to enhanced
transmissibility and rapid spread. High community spread of
Delta prior to the arrival of Omicron in some countries did not
interfere with the spread of Omicron but rather portended a
larger outbreak upon the arrival of the more transmissible
variant.

https://publichealth.jmir.org/2022/6/€37377

JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 |€37377 | p.186
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Lundberg et a

Acknowledgments

This study was supported by Feed the Future through the United States Agency for International Devel opment (USAID), under
the terms of Contract 7200LA 1800003 to Northwestern University from the Feed the Future Innovation Lab for Collaborative
Research on Sustainable Intensification (Grant AID-OAA-L-14-00006) and Kansas State University. The opinions expressed
herein are those of the author(s) and do not necessarily reflect the views of the USAID or any other organization.

Conflictsof I nterest
None declared.

References

1. Kanded M, Mohamed MEM, Abd El-Lateef HM, VenugopalaKN, El-Beltagi HS. Omicron variant genome evolution and
phylogenetics. JMed Virol 2022 Apr 15;94(4):1627-1632 [ FREE Full text] [doi: 10.1002/jmv.27515] [Medline: 34888894]

2. CDC COVID-19 Response Team. SARS-CoV-2 B.1.1.529 (Omicron) variant - United States, December 1-8, 2021. Morb
Mortal Wkly Rep 2021 Dec 17;70(50):1731-1734 [FREE Full text] [doi: 10.15585/mmwr.mm7050el] [Medline: 34914670]

3. VianaR, Moyo S, Amoako DG, Tegally H, Scheepers C, Althaus CL, et al. Rapid epidemic expansion of the SARS-CoV-2
Omicron variant in southern Africa. Nature 2022 Mar;603(7902):679-686 [ FREE Full text] [doi:
10.1038/s41586-022-04411-y] [Medline: 35042229]

4.  VanBlargan L, Errico J, Hafmann P, Zost S, Crowe J, Purcell L, et a. An infectious SARS-CoV-2 B.1.1.529 Omicron
virus escapes neutralization by therapeutic monoclonal antibodies. Nat Med 2021 Dec 27:1-6 [FREE Full text] [doi:
10.21203/rs.3.rs-1175516/v1] [Medline: 34981042]

5. Poudd S, Ishak A, Perez-Fernandez J, GarciaE, Ledn-FigueroaDA, Romani L, et al. Highly mutated SARS-CoV-2 Omicron
variant sparks significant concern among global experts - what isknown so far? Travel Med Infect Dis 2022 Jan;45:102234
[FREE Full text] [doi: 10.1016/j.tmaid.2021.102234] [Medline: 34896326]

6. Karim SSA, Karim QA. Omicron SARS-CoV-2 variant: anew chapter in the COVID-19 pandemic. Lancet 2021
Dec;398(10317):2126-2128. [doi: 10.1016/50140-6736(21)02758-6]

7. Madhi SA, Kwatra G, Myers JE, Jassat W, Dhar D, Mukendi CK, et al. South African population immunity and severe
Covid-19 with omicron variant. Medrxiv Preprint posted online December 21, 2021. [doi: 10.1101/2021.12.20.21268096]

8. HuJ, Peng P, Cao X, Wu K, Chen J, Wang K, et al. Increased immune escape of the new SARS-CoV-2 variant of concern
Omicron. Cell Mol Immunol 2022 Feb 11;19(2):293-295 [FREE Full text] [doi: 10.1038/s41423-021-00836-z] [Medline:
35017716]

9.  Wolter N, Jassat W, Walaza S, Welch R, Moultrie H, Groome M, et a. Early assessment of the clinical severity of the
SARS-CoV-2 Omicron variant in South Africa. Medrxiv Preprint posted online December 21, 2021. [doi:
10.1101/2021.12.21.21268116]

10. Gruell H, VanshyllaK, Tober-Lau P, Hillus D, Schommers P, Lehmann C, et a. mRNA booster immunization elicits potent
neutralizing serum activity against the SARS-CoV-2 Omicron variant. Nat Med 2022 Mar;28(3):477-480 [ FREE Full text]
[doi: 10.1038/s41591-021-01676-0] [Medline: 35046572]

11. UK Health Security Agency. SARS-CoV-2 Variants of Concern and Variants under Investigation in England: Technical
Briefing 34. URL: https://assets.publishing.service.gov.uk/government/upl oads/system/upl oads/attachment_data/file/
1050236/techni cal-briefing-34-14-january-2022.pdf [accessed 2022-05-27]

12.  Nyberg T, Ferguson N, Nash S, Webster H, Flaxman S, Andrews N, et al. Comparative analysis of the risks of hospitalisation
and death associated with SARS-CoV-2 omicron (B.1.1.529) and delta (B.1.617.2) variants in England: a cohort study.
Lancet 2022 Apr;399(10332):1303-1312. [doi: 10.1016/S0140-6736(22)00462-7]

13. Andrews N, Stowe J, Kirsebom F, Toffa S, Rickeard T, Gallagher E, et a. Covid-19 vaccine effectiveness against the
Omicron (B.1.1.529) variant. N Engl JMed 2022 Apr 21;386(16):1532-1546 [FREE Full text] [doi:
10.1056/NEJM 0a2119451] [Medline: 35249272]

14. Post LA, Lorenzo-Redondo R. Omicron: fewer adverse outcomes come with new dangers. Lancet 2022
Apr;399(10332):1280-1281. [doi: 10.1016/50140-6736(22)00514-1]

15. Nirappil K, Keating D. Covid Deaths Highest in a Year as Omicron Targets the Unvaccinated and Elderly. URL: https./
Iwww.washingtonpost.com/heal th/2022/02/08/omi cron-deaths-covid/ [accessed 2022-05-27]

16. Del RioC, Omer SB, Maani PN. Winter of Omicron-the evolving COVID-19 pandemic. JAMA 2022 Jan 25;327(4):319-320.
[doi: 10.1001/jama.2021.24315] [Medline: 34935863]

17. Hoffmann M, Kriiger N, Schulz S, Cossmann A, Rocha C, Kempf A, et al. The Omicron variant is highly resistant against
antibody-mediated neutralization: implicationsfor control of the COVID-19 pandemic. Cell 2022 Feb 03;185(3):447-456.e11
[FREE Full text] [doi: 10.1016/j.cell.2021.12.032] [Medline: 35026151]

18. Pérez-ThenE, LucasC, MonteiroVS, MiricM, BracheV, Cochon L, et a. Neutralizing antibodies against the SARS-CoV-2
Delta and Omicron variants following heterologous CoronaVac plus BNT162b2 booster vaccination. Nat Med 2022 Mar
20;28(3):481-485 [ FREE Full text] [doi: 10.1038/s41591-022-01705-6] [Medline: 35051990]

https://publichealth.jmir.org/2022/6/e37377 JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 |e37377 | p.187
(page number not for citation purposes)


http://europepmc.org/abstract/MED/34888894
http://dx.doi.org/10.1002/jmv.27515
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34888894&dopt=Abstract
https://doi.org/10.15585/mmwr.mm7050e1
http://dx.doi.org/10.15585/mmwr.mm7050e1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34914670&dopt=Abstract
http://europepmc.org/abstract/MED/35042229
http://dx.doi.org/10.1038/s41586-022-04411-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35042229&dopt=Abstract
https://doi.org/10.21203/rs.3.rs-1175516/v1
http://dx.doi.org/10.21203/rs.3.rs-1175516/v1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34981042&dopt=Abstract
http://europepmc.org/abstract/MED/34896326
http://dx.doi.org/10.1016/j.tmaid.2021.102234
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34896326&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(21)02758-6
http://dx.doi.org/10.1101/2021.12.20.21268096
http://europepmc.org/abstract/MED/35017716
http://dx.doi.org/10.1038/s41423-021-00836-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35017716&dopt=Abstract
http://dx.doi.org/10.1101/2021.12.21.21268116
http://europepmc.org/abstract/MED/35046572
http://dx.doi.org/10.1038/s41591-021-01676-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35046572&dopt=Abstract
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1050236/technical-briefing-34-14-january-2022.pdf
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/1050236/technical-briefing-34-14-january-2022.pdf
http://dx.doi.org/10.1016/S0140-6736(22)00462-7
http://europepmc.org/abstract/MED/35249272
http://dx.doi.org/10.1056/NEJMoa2119451
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35249272&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(22)00514-1
https://www.washingtonpost.com/health/2022/02/08/omicron-deaths-covid/
https://www.washingtonpost.com/health/2022/02/08/omicron-deaths-covid/
http://dx.doi.org/10.1001/jama.2021.24315
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34935863&dopt=Abstract
http://europepmc.org/abstract/MED/35026151
http://dx.doi.org/10.1016/j.cell.2021.12.032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35026151&dopt=Abstract
http://europepmc.org/abstract/MED/35051990
http://dx.doi.org/10.1038/s41591-022-01705-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35051990&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Lundberg et a

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

Lundberg AL, Lorenzo-Redondo R, Ozer EA, Hawkins CA, Hultquist JF, Welch SB, et a. Has Omicron changed the
evolution of the pandemic? JIMIR Public Health Surveill 2022 Jan 31;8(1):e35763 [FREE Full text] [doi: 10.2196/35763]
[Medline: 35072638]

Saxena SK, Kumar S, Ansari S, Paweska JT, Maurya VK, Tripathi AK, et al. Transmission dynamics and mutational
prevalence of the novel severe acute respiratory syndrome coronavirus-2 Omicron variant of concern. JMed Virol 2022
May;94(5):2160-2166 [FREE Full text] [doi: 10.1002/jmv.27611] [Medline: 35050521]

Vaughan A. Omicron emerges. New Scientist 2021 Dec;252(3363):7. [doi: 10.1016/50262-4079(21)02140-0]

Ariful Kabir K, Tanimoto J. Analysis of individual strategies for artificial and natural immunity with imperfectness and
durability of protection. J Theor Biol 2021 Jan 21;509:110531. [doi: 10.1016/j.jtbi.2020.110531] [Medline: 33129951]
Mecenas P, BastosRTDRM, Vallinoto ACR, Normando D. Effects of temperature and humidity on the spread of COVI1D-19:
a systematic review. PL0oS One 2020 Sep 18;15(9):€0238339 [ FREE Full text] [doi: 10.1371/journal.pone.0238339]
[Medline: 32946453]

Gandmeier M, Furceri D, Ostry JD. The impact of weather on COVID-19 pandemic. Sci Rep 2021 Nov 11;11(1):22027
[FREE Full text] [doi: 10.1038/s41598-021-01189-3] [Medline: 34764317]

Chen S, Prettner K, Kuhn M, Geldsetzer P, Wang C, Bérnighausen T, et a. Climate and the spread of COVID-19. Sci Rep
2021 Apr 27;11(1):9042 [FREE Full text] [doi: 10.1038/s41598-021-87692-z] [Medline: 33907202]

Post L, Lundberg A, White J. The Global SARS-CoV-2 Surveillance System Project (GASSP). URL: https:/sites.
northwestern.edu/covidglobal surveillance/ [accessed 2022-05-27]

GISAID Initiative. URL: https://www.gisaid.org/ [accessed 2022-05-27]

Post L, Culler K, Moss CB, Murphy RL, Achenbach CJ, Ison MG, et a. Surveillance of the second wave of COVID-19in
Europe: longitudinal trend analyses. IMIR Public Health Surveill 2021 Apr 28;7(4):e25695 [FREE Full text] [doi:
10.2196/25695] [Medline: 33818391]

Post LA, Lin JS, Moss CB, Murphy RL, Ison MG, Achenbach CJ, et al. SARS-CoV-2 wave two surveillance in East Asia
and the Pacific: longitudinal trend analysis. J Med Internet Res 2021 Feb 01;23(2):e25454 [EREE Full text] [doi:
10.2196/25454] [Medline: 33464207]

Post L, Marogi E, Moss CB, Murphy RL, Ison MG, Achenbach CJ, et al. SARS-CoV-2 surveillance in the Middle East
and North Africa: longitudinal trend analysis. J Med Internet Res 2021 Jan 15;23(1):e25830 [FREE Full text] [doi:
10.2196/25830] [Medline: 33302252]

Post L, Ohiomoba RO, Maras A, Watts SJ, Moss CB, Murphy RL, et a. Latin America and the Caribbean SARS-CoV-2
surveillance: longitudinal trend analysis. IMIR Public Health Surveill 2021 Apr 27;7(4):e25728 [FREE Full text] [doi:
10.2196/25728] [Medline: 33852413]

Post LA, Argaw ST, Jones C, Moss CB, Resnick D, Singh LN, et al. A SARS-CoV-2 surveillance system in sub-Saharan
Africa: modeling study for persistence and transmission to inform policy. JMed Internet Res 2020 Nov 19;22(11):€24248
[FREE Full text] [doi: 10.2196/24248] [Medline: 33211026]

Post LA, Benishay ET, Moss CB, Murphy RL, Achenbach CJ, Ison MG, et a. Surveillance metrics of SARS-CoV-2
transmission in Central Asia: longitudinal trend analysis. JMed Internet Res 2021 Feb 03;23(2):25799 [FREE Full text]
[doi: 10.2196/25799] [Medline: 33475513]

Post LA, IssaTZ, Boctor MJ, Moss CB, Murphy RL, Ison MG, et al. Dynamic public health surveillance to track and
mitigate the US COVID-19 epidemic: longitudina trend analysis study. JMed Internet Res 2020 Dec 03;22(12):e24286
[FREE Full text] [doi: 10.2196/24286] [Medline: 33216726]

Oehmke JF, Oehmke TB, Singh LN, Post LA. Dynamic panel estimate-based health surveillance of SARS-CoV-2 infection
rates to inform public health policy: model development and validation. JMed Internet Res 2020 Sep 22;22(9):€20924
[FREE Full text] [doi: 10.2196/20924] [Medline: 32915762]

Oehmke TB, Post LA, Moss CB, Issa TZ, Boctor MJ, Welch SB, et a. Dynamic panel data modeling and surveillance of
COVID-19 in metropolitan areasin the United States: longitudinal trend analysis. JMed Internet Res 2021 Feb
09;23(2):€26081 [FREE Full text] [doi: 10.2196/26081] [Medline: 33481757]

Welch SB, Kulasekere DA, Prasad PVV, Moss CB, Murphy RL, Achenbach CJ, et al. Theinterplay between policy and
COVID-19 outbreaks in South Asia: longitudinal trend analysis of surveillance data. IMIR Public Health Surveill 2021
Jun 17;7(6):€24251 [FREE Full text] [doi: 10.2196/24251] [Medline: 34081593]

Rich JT, Neely JG, Paniello RC, Voelker CCJ, Nussenbaum B, Wang EW. A practical guideto understanding Kaplan-Meier
curves. Otolaryngol Head Neck Surg 2010 Sep 01;143(3):331-336 [FREE Full text] [doi: 10.1016/j.0tohns.2010.05.007]
[Medline: 20723767]

Stalpers LJA, Kaplan EL. Edward L. Kaplan and the Kaplan-Meier survival curve. Br JHist Math 2018 May
18;33(2):109-135. [doi: 10.1080/17498430.2018.1450055]

Anderson T, Hsiao C. Formulation and estimation of dynamic models using panel data. J Econom 1982 Jan;18(1):47-82.
[doi: 10.1016/0304-4076(82)90095-1]

Arellano M, Bond S. Some tests of specification for panel data: Monte Carlo evidence and an application to employment
equations. Rev Econ Stud 1991 Apr;58(2):277. [doi: 10.2307/2297968]

R Core Team. The R Project for Statistical Computing. 2021. URL: https://www.r-project.org/

https://publichealth.jmir.org/2022/6/e37377 JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 |€37377 | p.188

(page number not for citation purposes)


https://publichealth.jmir.org/2022/1/e35763/
http://dx.doi.org/10.2196/35763
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35072638&dopt=Abstract
http://europepmc.org/abstract/MED/35050521
http://dx.doi.org/10.1002/jmv.27611
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35050521&dopt=Abstract
http://dx.doi.org/10.1016/s0262-4079(21)02140-0
http://dx.doi.org/10.1016/j.jtbi.2020.110531
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33129951&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0238339
http://dx.doi.org/10.1371/journal.pone.0238339
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32946453&dopt=Abstract
https://doi.org/10.1038/s41598-021-01189-3
http://dx.doi.org/10.1038/s41598-021-01189-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34764317&dopt=Abstract
https://doi.org/10.1038/s41598-021-87692-z
http://dx.doi.org/10.1038/s41598-021-87692-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33907202&dopt=Abstract
https://sites.northwestern.edu/covidglobalsurveillance/
https://sites.northwestern.edu/covidglobalsurveillance/
https://www.gisaid.org/
https://publichealth.jmir.org/2021/4/e25695/
http://dx.doi.org/10.2196/25695
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33818391&dopt=Abstract
https://www.jmir.org/2021/2/e25454/
http://dx.doi.org/10.2196/25454
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33464207&dopt=Abstract
https://www.jmir.org/2021/1/e25830/
http://dx.doi.org/10.2196/25830
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33302252&dopt=Abstract
https://publichealth.jmir.org/2021/4/e25728/
http://dx.doi.org/10.2196/25728
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33852413&dopt=Abstract
https://www.jmir.org/2020/11/e24248/
http://dx.doi.org/10.2196/24248
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33211026&dopt=Abstract
https://www.jmir.org/2021/2/e25799/
http://dx.doi.org/10.2196/25799
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33475513&dopt=Abstract
https://www.jmir.org/2020/12/e24286/
http://dx.doi.org/10.2196/24286
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33216726&dopt=Abstract
https://www.jmir.org/2020/9/e20924/
http://dx.doi.org/10.2196/20924
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32915762&dopt=Abstract
https://www.jmir.org/2021/2/e26081/
http://dx.doi.org/10.2196/26081
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33481757&dopt=Abstract
https://publichealth.jmir.org/2021/6/e24251/
http://dx.doi.org/10.2196/24251
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34081593&dopt=Abstract
http://europepmc.org/abstract/MED/20723767
http://dx.doi.org/10.1016/j.otohns.2010.05.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20723767&dopt=Abstract
http://dx.doi.org/10.1080/17498430.2018.1450055
http://dx.doi.org/10.1016/0304-4076(82)90095-1
http://dx.doi.org/10.2307/2297968
https://www.r-project.org/
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Lundberg et a

43.

44,

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.

62.

63.

65.

66.

Croissant Y, Millo G. Panel data econometricsin R: the plm package. J Stat Softw 2008;27(2):1-43. [doi:
10.18637/jss.v027.i02]

Therneau TM, Lumley T, Atkinson E, Crowson C. survival: Survival Analysis. URL: https://cran.r-project.org/web/packages/
survival/index.html

Kassambara A, Kosinski M, Biecek B, Scheipl F. survminer: Drawing Survival Curves using 'ggplot2'. 2022. URL: https:/
[cran.r-project.org/web/packages/survminer/index.html

Huddleston J, Hadfield J, Sibley T, Lee J, Fay K, llcisin M, et al. Augur: abioinformaticstoolkit for phylogenetic analyses
of human pathogens. J Open Source Softw 2021 Jan;6(57):2906 [ FREE Full text] [doi: 10.21105/j0ss.02906] [Medline:
34189396]

Rambaut A, Holmes EC, O'Toole A, Hill V, McCrone JT, RuisC, et al. A dynamic nomenclature proposal for SARS-CoV-2
lineages to assist genomic epidemiology. Nat Microbiol 2020 Nov 15;5(11):1403-1407 [FREE Full text] [doi:
10.1038/s41564-020-0770-5] [Medline: 32669681]

O'Toole A, Scher E, Underwood A, Jackson B, Hill V, McCrone JT, et al. Assignment of epidemiological lineagesin an
emerging pandemic using the pangolin tool. Virus Evol 2021;7(2):veab064 [ FREE Full text] [doi: 10.1093/ve/veab064]
[Medline: 34527285]

Singh J, Rahman SA, Ehtesham NZ, Hira S, Hasnain SE. SARS-CoV-2 variants of concern are emerging in India. Nat Med
2021 Jul 27;27(7):1131-1133. [doi: 10.1038/s41591-021-01397-4] [Medline: 34045737)

Hale T, Angrist N, Goldszmidt R, KiraB, Petherick A, Phillips T, et al. A global panel database of pandemic policies
(Oxford COVID-19 Government Response Tracker). Nat Hum Behav 2021 Apr 08;5(4):529-538. [doi:
10.1038/s41562-021-01079-8] [Medline: 33686204]

Bland JM, Altman DG. The logrank test. BMJ 2004 May 01;328(7447):1073 [FREE Full text] [doi:
10.1136/bmj.328.7447.1073] [Medline: 15117797]

Oehmke JF, Moss CB, Singh LN, Oehmke TB, Post LA. One COVID, three Americas. dynamic panel surveillance to
inform health policy. JMed Internet Res 2020 Oct 5;22(10):€21955. [doi: 10.2196/21955]

Oehmke JF, Moss CB, Singh LN, Oehmke TB, Post LA. Dynamic panel surveillance of COVID-19 transmission in the
United Statesto inform health policy: observational statistical study. JMed Internet Res 2020 Oct 05;22(10):€21955 [FREE
Full text] [doi: 10.2196/21955] [Medline: 32924962]

Pulliam JRC, van Schalkwyk C, Govender N, von Gottberg A, Cohen C, Groome MJ, et al. Increased risk of SARS-CoV-2
reinfection associated with emergence of the Omicron variant in South Africa. Medrxiv Preprint posted online December
2, 2021. [doi: 10.1101/2021.11.11.21266068]

Nemet I, Kliker L, Lustig Y, Zuckerman N, Erster O, Cohen C, et a. Third BNT162b2 vaccination neutralization of
SARS-CoV-2 Omicron infection. N Engl JMed 2022 Feb 03;386(5):492-494. [doi: 10.1056/nejmc2119358]

Nextstrain. Genomic Epidemiology of Novel Coronavirus - Global Subsampling. URL: https://nextstrain.org/ncov/gisaid/
global [accessed 2022-05-27]

Kwak SG, Kim JH. Central limit theorem: the cornerstone of modern statistics. Korean JAnesthesiol 2017 Apr;70(2):144-156
[FREE Full text] [doi: 10.4097/kjae.2017.70.2.144] [Medline: 28367284]

Amrhein V, Korner-Nievergelt F, Roth T. The earth isflat ( > 0.05): significance thresholds and the crisis of unreplicable
research. PeerJ 2017;5:€3544 [FREE Full text] [doi: 10.7717/peerj.3544] [Medline: 28698825]

Greenland S, Senn SJ, Rothman KJ, Carlin JB, Poole C, Goodman SN, et al. Statistical tests, P values, confidenceintervals,
and power: a guide to misinterpretations. Eur J Epidemiol 2016 Apr 21;31(4):337-350 [FREE Full text] [doi:
10.1007/s10654-016-0149-3] [Medline: 27209009]

Schober P, Boer C, Schwarte LA. Correlation coefficients. Anesth Analg 2018;126(5):1763-1768. [doi:
10.1213/ane.0000000000002864]

RovettaA. Raiders of the lost correlation: aguide on using Pearson and Spearman coefficientsto detect hidden correlations
inmedical sciences. Cureus 2020 Nov 30;12(11):e11794 [FREE Full text] [doi: 10.7759/cureus.11794] [Medline: 33409040]
Sigal A. Milder disease with Omicron: isit the virus or the pre-existing immunity? Nat Rev Immunol 2022 Feb 19;22(2):69-71
[FREE Full text] [doi: 10.1038/s41577-022-00678-4] [Medline: 35046570]

Ai J, Zhang H, Zhang Y, Lin K, Zhang Y, Wu J, et al. Omicron variant showed lower neutralizing sensitivity than other
SARS-CoV-2 variants to immune sera elicited by vaccines after boost. Emerg Microbes Infect 2022 Dec 24;11(1):337-343
[FREE Full text] [doi: 10.1080/22221751.2021.2022440] [Medline: 34935594]

Zhang L, Li Q, Liang Z, Li T, Liu S, Cui Q, et a. The significant immune escape of pseudotyped SARS-CoV-2 variant
Omicron. Emerg MicrobesInfect 2022 Dec 21;11(1):1-5[FREE Full text] [doi: 10.1080/22221751.2021.2017757] [Medline:
34890524]

Cele S, Jackson L, Khoury DS, Khan K, Moyo-Gwete T, Tegally H, Network for Genomic Surveillancein, COMMIT-KZN
Team, et al. Omicron extensively but incompletely escapes Pfizer BNT162b2 neutralization. Nature 2021 Dec
23;602(7898):654-656. [doi: 10.1038/d41586-021-03824-5]

Callaway E. Beyond Omicron: what's next for COVID's viral evolution. Nature 2021 Dec 07;600(7888):204-207. [doi:
10.1038/d41586-021-03619-8] [Medline: 34876665]

https://publichealth.jmir.org/2022/6/e37377 JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 |€37377 | p.189

(page number not for citation purposes)


http://dx.doi.org/10.18637/jss.v027.i02
https://cran.r-project.org/web/packages/survival/index.html
https://cran.r-project.org/web/packages/survival/index.html
https://cran.r-project.org/web/packages/survminer/index.html
https://cran.r-project.org/web/packages/survminer/index.html
http://europepmc.org/abstract/MED/34189396
http://dx.doi.org/10.21105/joss.02906
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34189396&dopt=Abstract
http://europepmc.org/abstract/MED/32669681
http://dx.doi.org/10.1038/s41564-020-0770-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32669681&dopt=Abstract
https://academic.oup.com/ve/article-lookup/doi/10.1093/ve/veab064
http://dx.doi.org/10.1093/ve/veab064
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34527285&dopt=Abstract
http://dx.doi.org/10.1038/s41591-021-01397-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34045737&dopt=Abstract
http://dx.doi.org/10.1038/s41562-021-01079-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33686204&dopt=Abstract
http://europepmc.org/abstract/MED/15117797
http://dx.doi.org/10.1136/bmj.328.7447.1073
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15117797&dopt=Abstract
http://dx.doi.org/10.2196/21955
https://www.jmir.org/2020/10/e21955/
https://www.jmir.org/2020/10/e21955/
http://dx.doi.org/10.2196/21955
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32924962&dopt=Abstract
http://dx.doi.org/10.1101/2021.11.11.21266068
http://dx.doi.org/10.1056/nejmc2119358
https://nextstrain.org/ncov/gisaid/global
https://nextstrain.org/ncov/gisaid/global
https://ekja.org/journal/view.php?doi=10.4097/kjae.2017.70.2.144
http://dx.doi.org/10.4097/kjae.2017.70.2.144
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28367284&dopt=Abstract
https://doi.org/10.7717/peerj.3544
http://dx.doi.org/10.7717/peerj.3544
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28698825&dopt=Abstract
http://europepmc.org/abstract/MED/27209009
http://dx.doi.org/10.1007/s10654-016-0149-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27209009&dopt=Abstract
http://dx.doi.org/10.1213/ane.0000000000002864
http://europepmc.org/abstract/MED/33409040
http://dx.doi.org/10.7759/cureus.11794
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33409040&dopt=Abstract
http://europepmc.org/abstract/MED/35046570
http://dx.doi.org/10.1038/s41577-022-00678-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35046570&dopt=Abstract
https://www.tandfonline.com/doi/full/10.1080/22221751.2021.2022440
http://dx.doi.org/10.1080/22221751.2021.2022440
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34935594&dopt=Abstract
https://www.tandfonline.com/doi/full/10.1080/22221751.2021.2017757
http://dx.doi.org/10.1080/22221751.2021.2017757
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34890524&dopt=Abstract
http://dx.doi.org/10.1038/d41586-021-03824-5
http://dx.doi.org/10.1038/d41586-021-03619-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34876665&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Lundberg et a

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

Chemaitelly H, Bertollini R, Abu-Raddad L J. Efficacy of natural immunity against SARS-CoV-2 reinfection with the Beta
variant. N Engl JMed 2021 Dec 30;385(27):2585-2586. [doi: 10.1056/nejmc2110300]

Abu-Raddad LJ, Chemaitelly H, Ayoub HH, Coyle P, Malek JA, Ahmed AA, et a. Introduction and expansion of the
SARS-CoV-2 B.1.1.7 variant and reinfections in Qatar: a nationally representative cohort study. PLoS Med 2021
Dec;18(12):€1003879 [FREE Full text] [doi: 10.1371/journal.pmed.1003879] [Medline: 34914711]

Kim B, Gordon SM, Sheehan MM, Rothberg MB. Duration of SARS-CoV-2 natural immunity and protection against the
Deltavariant: aretrospective cohort study. Clin Infect Dis 2021 Dec 03:ciab999 [FREE Full text] [doi: 10.1093/cid/ciab999]
[Medline: 34864907]

Altarawneh HN, Chemaitelly H, Hasan MR, Ayoub HH, Qassim S, AIMukdad S, et al. Protection against the Omicron
variant from previous SARS-CoV-2 infection. N Engl JMed 2022 Mar 31;386(13):1288-1290. [doi: 10.1056/nejmc2200133]
Accorsi EK, Britton A, Fleming-Dutra KE, Smith ZR, Shang N, Derado G, et a. Association between 3 doses of mRNA
COVID-19 vaccine and symptomatic infection caused by the SARS-CoV-2 Omicron and Delta variants. JAMA 2022 Feb
15;327(7):639-651. [doi: 10.1001/jama.2022.0470] [Medline: 35060999]

Mahase E. Covid-19: Do vaccineswork against omicron-and other questions answered. BMJ2021 Dec 10;375:n3062. [doi:
10.1136/bmj.n3062] [Medline: 34893476]

Buchan S, Chung H, Brown KA, Austin PC, Fell DB, Gubbay JB, et al. Effectiveness of COVID-19 vaccines against
Omicron or Delta symptomatic infection and severe outcomes. Medrxiv Preprint posted online January 28, 2022.
Chappell B. The Omicron Variant Was in Europe a Week before South Africa Reported It. URL: http://npr.org/2021/11/
30/1060025081/omicron-variant-netherlands-europe-south-africa [accessed 2022-05-27]

Roodman D. A note on the theme of too many instruments. Oxford Bull Econ Stats 2009;71(1):135-158. [doi:
10.1111/j.1468-0084.2008.00542.X]

Fontal A, BoumaMJ, San-José A, Lopez L, Pascual M, Rodd X. Climatic signatures in the different COVID-19 pandemic
waves across both hemispheres. Nat Comput Sci 2021 Oct 21;1(10):655-665. [doi: 10.1038/s43588-021-00136-6]
Christophi CA, Sotos-Prieto M, Lan F, Delgado-Velandia M, Efthymiou V, Gaviola GC, et al. Ambient temperature and
subsequent COVID-19 mortality in the OECD countries and individual United States. Sci Rep 2021 Apr 22;11(1):8710
[FREE Full text] [doi: 10.1038/s41598-021-87803-w] [Medline: 33888744]

Ganegoda NC, WijayaKP, Amadi M, Erandi KKWH, AldilaD. Interrelationship between daily COVID-19 cases and
average temperature as well as relative humidity in Germany. Sci Rep 2021 May 28;11(1):11302 [FREE Full text] [doi:
10.1038/s41598-021-90873-5] [Medline: 34050241]

Pluchino A, Biondo AE, GiuffridaN, Inturri G, LatoraV, LeMali R, et a. A novel methodology for epidemic risk assessment
of COVID-19 outbreak. Sci Rep 2021 Mar 05;11(1):5304 [FREE Full text] [doi: 10.1038/s41598-021-82310-4] [Medline:
33674627)

Pegoraro V, Heiman F, Levante A, Urbinati D, Peduto I. An Italian individual-level data study investigating on the association
between air pollution exposure and Covid-19 severity in primary-care setting. BMC Public Health 2021 May 12;21(1):902
[FREE Full text] [doi: 10.1186/s12889-021-10949-9] [Medline: 33980180]

Haug N, Geyrhofer L, Londel A, Dervic E, Desvars-Larrive A, Loreto V, et a. Ranking the effectiveness of worldwide
COVID-19 government interventions. Nat Hum Behav 2020 Dec 16;4(12):1303-1312. [doi: 10.1038/s41562-020-01009-0]
[Medline: 33199859]

Abbreviations

CDC: Centersfor Disease Control and Prevention
GISAID: Glabal Initiative on Sharing Avian Influenza Data
MRNA: messenger RNA

VOC: variant of concern

WHO: World Health Organization

Edited by G Eysenbach, T Sanchez, submitted 03.03.22; peer-reviewed by S Nagavally, A Rovetta; comments to author 24.03.22;
revised version received 25.03.22; accepted 29.04.22; published 03.06.22.

Please cite as:

Lundberg AL, Lorenzo-Redondo R, Hultquist JF, Hawkins CA, Ozer EA, Welch SB, Prasad PVV, Achenbach CJ, White JI, Oehmke
JF, Murphy RL, Havey RJ, Post LA

Overlapping Delta and Omicron Outbreaks During the COVID-19 Pandemic: Dynamic Panel Data Estimates

JMIR Public Health Surveill 2022;8(6):€37377

URL.: https://publichealth.jmir.org/2022/6/€37377

doi: 10.2196/37377

PMID: 35500140

https://publichealth.jmir.org/2022/6/e37377 JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 |€37377 | p.190

RenderX

(page number not for citation purposes)


http://dx.doi.org/10.1056/nejmc2110300
https://dx.plos.org/10.1371/journal.pmed.1003879
http://dx.doi.org/10.1371/journal.pmed.1003879
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34914711&dopt=Abstract
http://europepmc.org/abstract/MED/34864907
http://dx.doi.org/10.1093/cid/ciab999
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34864907&dopt=Abstract
http://dx.doi.org/10.1056/nejmc2200133
http://dx.doi.org/10.1001/jama.2022.0470
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35060999&dopt=Abstract
http://dx.doi.org/10.1136/bmj.n3062
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34893476&dopt=Abstract
http://npr.org/2021/11/30/1060025081/omicron-variant-netherlands-europe-south-africa
http://npr.org/2021/11/30/1060025081/omicron-variant-netherlands-europe-south-africa
http://dx.doi.org/10.1111/j.1468-0084.2008.00542.x
http://dx.doi.org/10.1038/s43588-021-00136-6
https://doi.org/10.1038/s41598-021-87803-w
http://dx.doi.org/10.1038/s41598-021-87803-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33888744&dopt=Abstract
https://doi.org/10.1038/s41598-021-90873-5
http://dx.doi.org/10.1038/s41598-021-90873-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34050241&dopt=Abstract
https://doi.org/10.1038/s41598-021-82310-4
http://dx.doi.org/10.1038/s41598-021-82310-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33674627&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-021-10949-9
http://dx.doi.org/10.1186/s12889-021-10949-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33980180&dopt=Abstract
http://dx.doi.org/10.1038/s41562-020-01009-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33199859&dopt=Abstract
https://publichealth.jmir.org/2022/6/e37377
http://dx.doi.org/10.2196/37377
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35500140&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Lundberg et a

©Alexander L Lundberg, Ramon Lorenzo-Redondo, Judd F Hultquist, Claudia A Hawkins, Egon A Ozer, Sarah B Welch, PV
Vara Prasad, Chad J Achenbach, Janine | White, James F Oehmke, Robert L Murphy, Robert J Havey, Lori A Post. Originally
published in IMIR Public Health and Surveillance (https://publichealth.jmir.org), 03.06.2022. 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 IMIR Public
Health and Surveillance, is properly cited. The complete bibliographic information, a link to the original publication on
https://publichealth.jmir.org, as well as this copyright and license information must be included.

https://publichealth.jmir.org/2022/6/e37377 JMIR Public Health Surveill 2022 | vol. 8 | iss. 6 [€37377 | p.191

(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR PUBLIC HEALTH AND SURVEILLANCE Lietd

Original Paper

Enhancing COVID-19 Epidemic Forecasting Accuracy by
Combining Real-time and Historical Data From Multiple
Internet-Based Sources: Analysis of Social Media Data, Online
News Articles, and Search Queries

Jingwei Li*?, PhD; Wei Huang®*°, PhD; Choon Ling Sia?, PhD; Zhuo Chen®’, PhD; Tailai WU, PhD; Qingnan Wang",
PhD

Lschool of Management, Xi’an Jiaotong University, Xi‘an, China

2Department of Information Systems, City University of Hong Kong, Hong Kong, China

SNational Center for Applied Mathematics Shenzhen, Shenzhen, China

4College of Business, Southern University of Science and Technology, Shenzhen, China

5Department of Information Systems and Intelligent Business, School of Management, Xi’an Jiaotong University, Xi'an, China
6College of Public Health, University of Georgia, Athens, GA, United States

’School of Economics, University of Nottingham Ningbo China, Ningbo, China

8school of Medicine and Heslth Management, Tongji Medical College, Huazhong University of Science and Technology, Wuhan, China

Corresponding Author:

Wei Huang, PhD

National Center for Applied Mathematics Shenzhen
No. 1088, Xueyuan Avenue

Nanshan District

Shenzhen, 518055

China

Phone: 86 15129077179

Email: waynehuangwe @163.com

Abstract

Background: The SARS-COV-2 virus and its variants pose extraordinary challenges for public health worldwide. Timely and
accurate forecasting of the COVID-19 epidemic is key to sustaining interventions and policies and efficient resource allocation.
Internet-based data sources have shown great potential to supplement traditional infectious disease surveillance, and the combination
of different Internet-based data sources has shown greater power to enhance epidemic forecasting accuracy than using a single
Internet-based data source. However, existing methods incorporating multiple Internet-based data sources only used real-time
data from these sources as exogenous inputs but did not take all the historical datainto account. Moreover, the predictive power
of different Internet-based data sources in providing early warning for COVI1D-19 outbreaks has not been fully explored.

Objective: Themainaim of our study isto explore whether combining real-time and historical datafrom multiple Internet-based
sources could improve the COVID-19 forecasting accuracy over the existing baseline models. A secondary aim isto explore the
COVID-19 forecasting timeliness based on different Internet-based data sources.

Methods: Wefirst used core terms and symptom-rel ated keyword-based methods to extract COVID-19-related Internet-based
data from December 21, 2019, to February 29, 2020. The Internet-based data we explored included 90,493,912 online news
articles, 37,401,900 microblogs, and all the Baidu search query data during that period. We then proposed an autoregressive
model with exogenous inputs, incorporating rea-time and historical data from multiple Internet-based sources. Our proposed
model was compared with baseline models, and all the modelswere tested during the first wave of COVID-19 epidemicsin Hubei
province and the rest of mainland Chinaseparately. We also used lagged Pearson correlationsfor COVID-19 forecasting timeliness
analysis.

Results: Our proposed model achieved the highest accuracy in all 5 accuracy measures, compared with all the baseline models
of both Hubei province and therest of mainland China. In mainland China, except for Hubel, the COV1D-19 epidemic forecasting
accuracy differences between our proposed model (model i) and all the other baseline modelswere statistically significant (model
1, t;65=8.722, P<.001; model 2, t;95=—5.000, P<.001, model 3, t;453=1.882, P=.06; model 4, t;95=—4.644, P<.001; model 5,
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t,9g=4.488, P<.001). In Hubei province, our proposed model's forecasting accuracy improved significantly compared with the
baseline model using historical new confirmed COVID-19 case counts only (model 1, t;5=—1.732, P=.09). Our results also

showed that Internet-based sources could provide a 2- to 6-day earlier warning for COVID-19 outbreaks.

Conclusions:

Our approach incorporating real-time and historical data from multiple Internet-based sources could improve

forecasting accuracy for epidemics of COVID-19 and its variants, which may help improve public health agencies interventions
and resource allocation in mitigating and controlling new waves of COVID-19 or other relevant epidemics.

(JMIR Public Health Surveill 2022;8(6):€35266) doi:10.2196/35266

KEYWORDS

SARS-CoV-2; COVID 19; epidemic forecasting; disease surveillance; infectious disease epidemiology; social medial; online

news; search query; autoregression model

Introduction

COVID-19 poses extraordinary challenges for public health
systemsworldwide. As of November 26, 2021, COVID-19 had
affected 222 countriesand territories [1] and caused 259,502,031
confirmed cases, including 5,183,003 deaths worldwide [2].
Moreover, variants of the COVID-19 virus led to further
challengesfor public health. After the highly contagious Alpha
variant swept across Europe and the United Statesin early 2021,
the Delta variant replaced Alpha and became the dominant
COVID variant worldwide[3]. The Deltavariant is around 60%
more transmissible than the Alpha variant, is moderately
resistant to vaccines [4], and caused a new wave of the
COVID-19 epidemic in Europein late 2021 [5,6]. Omicron, an
even more worrying variant, was reported from South Africa
on November 24, 2021; it is said to out-compete the Delta
variant and has been identified in Botswana, Belgium, Hong
Kong, and Israel [7,8]. More timely and accurate forecasting of
theincidence of COVID-19 and itsvariantsiskey to improving
the efficiency of resource allocation and timeliness of
intervention policy implementation [9-11].

Internet-based data sources, such as social media data (like
microblogs), online news article data, and search query data,
accumulate huge amounts of data all the time and have been
proven to be an effective supplement to traditional infectious
disease surveillance systems[12,13]. The underlying mechanism
is that, before experiencing serious symptoms and going to a
sentinel hospital, patients with symptoms may search for
disease-related information on search engineslike Google[14],
complain about disease-related symptoms on social medialike
microblogs [15], or even share disease-related personal
experiences on personal news articles platforms like instant
articles[16]. Thisgives Internet-based datathe ability to provide
early warning for disease outbreaks [17,18] or provide
supplemental information to enhance epidemic forecasting
accuracy [14,16]. For instance, Wilson and Brownstein [19]
retrieved official public health emergency—related onlinearticles
to support the early warning of Listeria outbreaks. Yang et a
[14] proposed an autoregression model with Google search
guery data (AGRO) to improve the forecasting accuracy for
influenza epidemics [14]. McGough et a [20] produced an
improved estimation for the Zika virus in Latin America with
al-week lead time. They used amultivariable linear regression
model, combining real-time search query data, social media
data (Twitter), outbreak news report counts, and historical

https://publichealth.jmir.org/2022/6/35266

officialy reported case counts[20]. Internet-based data contain
alarge volume of unstructured text data [21] accompanied by
noise caused by linguistic errors or misinformation [22]. To
deal with Internet-based data, researchers have adopted a
combination of methods, which include, but are not limited to,
natural language processing, classification or clustering
algorithms based on machine learning, and time-series models
[12,23,24].

As COVID-19 has been and continues to be the most
consequential infectious disease worldwide in this century,
many researchers have used various I nternet-based data sources
to supplement COVID-19 surveillance[4,10,25]. Like previous
research on other infectious diseases, COVID-19 forecasting
research based on Internet-based data focuses mainly on 2
aspects: improving forecasting accuracy and improving
forecasting timeliness. To improve COVID-19 forecasting
accuracy, Shen et al [26] used the Granger causality test and
showed that adding COVID-19 symptom—related microblogs
could help enhance the COVID-19 predictive power. Liu et al
[11] adopted a multivariable model and showed that adding
real-time search query data and news article data into the
traditional COVID-19 forecasting model could lead to more
accurate forecasting results. The combination of different
Internet-based data sources has shown greater power to enhance
the forecasting accuracy of infectious diseases (including
COVID-19) than using asingle Internet-based data source [20].
However, existing methods incorporating more than one
Internet-based data source used only real-time data from these
sources as exogenousinputs but did not use historical datafrom
all possible sources.

As for improving COVID-19 forecasting timeliness, Yuan et
al [10] examined the lagged correlation between COVID-19
symptoms and core term—related search queries and daily new
COVID-19 cases in the United States. They found that
COVID-19—elated search queries could providea 12- to 14-day
earlier warning for COVID-19 epidemics[10]. Similarly, Li et
al [27] [26] proved that the Baidu search index and Weibo (social
media platform similar to Twitter) index could both provide
warning for COVID-19 outbreaks in China 8 days to 12 days
earlier. However, the power of different Internet-based data
sourcesto improve COVID-19 epidemic forecasting timeliness
has not been fully explored [16]. The length of early warning
time that Internet-based data could provide is not consistent
across studies, varying from 0 [28] to 21 days [29]. Moreover,
even though unofficial online news articles have shown great
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potential in supplementing COVID-19 surveillance [16,30,31],
few studies have explored using unofficial online news articles
to improve COVID-19 forecasting timeliness.

Our study explored whether combining real-time and historical
data from multiple Internet-based sources could improve
COVID-19 forecasting accuracy over the existing baseline
models. We also compared COVID-19 forecasting timelines
based on different Internet-based data sources.

Methods

Data Collection and Processing

We focused on the first wave of the COVID-19 epidemic in
mainland China and compiled data on daily new confirmed
COVID-19 case counts, online news articles, microblogs, and
search queriesfrom various sources. Following aprevious study
[26], we collected data from mainland China, with separate
analyses for Hubel province and the remaining provinces. The
officia laboratory-confirmed case counts in mainland China,
except Hubei province, can beretrieved since January 19, 2020
[21], while the official laboratory-confirmed case counts in
Hubei province can be retrieved since January 10, 2020 [11].
The max time lags we explored were 20 days, following the
example from previous studies [10,26]. Thus, we traced the
Internet-based sources to December 21, 2019. We chose the
end of our study period as February 29, 2020, when the primary
wave of the COVID-19 epidemic in China had passed and the
new confirmed case number decreased to single figures [21].

Daily new confirmed COVID-19 case counts were collected
from the Chinese Center for Disease Control and Prevention
(China CDC) website [32], which started collecting data on
January 16, 2020. Earlier counts in Hubei province between
January 10, 2020, and January 16, 2020, were compiled based
on reports from the Health Commission of Hubei Province[33].
We then collected online news article data and microblog data
from Sina Network Opinion Surveillance System (SNOSS)
[34], acommercially available web-based platform that collects
various Internet-based data in mainland China. Search query
datawere collected from the Baidu Index website [35]. Wewere
the first to identify online news articles about COVID-19 and
COVID-19—elated microblogs using an approach based on
COVID-19 coreterms and symptom-rel ated keywords. We al so
used COVID-19—elated symptoms and core terms to extract
COVID-19-elated search queries, following a previous study
[36]. Detailed Internet-based data extraction and filtering
methods are described in Multimedia Appendix 1.

Statistical Analysis

We first described the Internet-based data we retrieved and the
COVID-19-elated data we extracted. We then summarized all
the COVID-19 forecasting-related data in 1 figure, including
thefraction of online newsarticles and microblogs, search query
counts, and lab-confirmed new case countsin mainland China,
except Hubei, and Hubei province. All the datawere normalized
into an interval of O to 100 for better comparison. The figures
aimed to show the Internet-based data sources’ potential to
provide warnings for COVID-19 epidemics.

https://publichealth.jmir.org/2022/6/35266
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We aso conducted lagged Pearson correlation analyses to
evaluate the strength of relationships between different
Internet-based data sources and daily new confirmed COVID-19
case counts. The max time lag explored was 20 days [26].
Because outliers can have a large influence on the Pearson
correlation [37], we replaced the outlier data in Hubel on
February 12, 2020, with the average of the 2 nearest neighbors
[38]. A high correlation threshold of 0.7 was used, based on
previous research [27].

M odel Formulation

Following previous infectious disease surveillance research
[14,15,39], including COVID-19 forecasting research [11,26],
we proposed an autoregressive model with exogenous inputs
[40,41]. We used the proportion of daily new confirmed
COVID-19 case counts as a dependent variable. For the
proportions of daily new confirmed case counts bounded
between 0 and 1, we used logit transformation on the variable
toturnit into unbounded scores[14,39,42]. The proportion was
calculated by dividing the number of new confirmed COVID-19
case counts over the related population, which was based on
the latest Chinese national population census [43]. We then
proposed our model by adding log-transformed
COVID-19—elated Internet-based data as exogenous inputs,
including the fraction of online news article, microblogs, and
search query counts. Let p, be the new confirmed COVID-19
case proportion. For dayswhen p, = 0, we added asmall positive
number, A, in the logit transformation. A was calculated by
dividing the square of the first quantile by the third quantile of
all the proportions [44]. Let y, = logit(p,A) be the
logit-transformed new confirmed COVID-19 case proportion
a day t. Let x, be the log-transformed fraction of
COVID-19—~elated online news articles at day t, z be the
log-transformed fraction of COVID-19-related microblogs at
day t, and s be the log-transformed COVID-19-related search
volume at day t. We chose “fever” to represent search queries,
for it showed the highest correlations with new confirmed
COVID-19 counts.

We proposed our autoregressive model with exogenous inputs,

denoted as
E

Incorporating the real-time and historical datafrom online news
articles, microblogs, and search query volume:

]

Where g quantifies the contribution from the historical new
confirmed COVID-19 case counts, b; quantifiesthe contribution
from the historical fraction of COVID-19-related online news
articles, ¢, quantifiesthe contribution from the historical fraction
of COVID-19—~elated online news articles, d, quantifies the
contribution from the historical COVID-19—elated search
queries, M is a binary variable that equals 1 when data are in
Hubei and equals 0 when data are outside Hubel, f is a constant
term, and , isavector of independent random disturbance. I, is
a time-varying binary variable that equals 1 on February 12,
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2020, when Hubei adopted the fifth edition of the diagnostic
criteria. 1; controls for the exogenous shock of case counts on

that day [26]. lagnc, |adnews [89mbiog: @A 1a0guery ranged from
1 to 20 and were the optimal values that led to the highest
forecasting accuracy (lowest root-mean-square error [RM SE])
for related baseline models described in the next paragraph
using a single Internet-based data source (see Table S1 in
Multimedia Appendix 2 for detailed lag selections).

We considered 5 baseline models, including (1) AR(lagyc):
autoregression model based on historical new confirmed
COVID-19 case counts only [16,26], (2)
AR(lagyc)tNews(lagneys): autoregression model adding the
fraction of COVID-19—elated online news articles as an
exogenous input [16], (3) AR(lagnc)+Mblog(lagmpieg):
autoregression model adding the fraction of microblogs as an
exogenous input [26], (4) AR(lagnc)+Query(lagoyery):
autoregression model adding search volume as an exogenous
input [36], and (5) AR(lagyc)+News(1)+Mblog(1)+Query(1):
multivariablelinear model adding thefraction of redl-timeonline
news articles, the fraction of microblogs, and search query
volume into historical official COVID-19 report data [11,20]
(see Multimedia Appendix 3 for detailed model formulations).

Retrospective estimations of the daily proportion of confirmed
COVID-19 counts were produced through the proposed model
and baseline models. The estimation period was from January
19, 2020, to February 29, 2020, for mainland China, except for
Hubei. For Hubel province, even though the official
laboratory-confirmed COVID-19 cases can be retrieved since
January 10, 2020, there was a severe lack of laboratory testing
capacity at the beginning of this unexpected epidemic.
Specifically, there were thousands of COVID-19-suspected
cases that could not be confirmed due to the lack of testing
capacity before January 27, 2020, and the daily test capacity in
Hubei had to be extended 10 times on January 27, 2020 to
address this issue [45]. The officialy reported daily new
confirmed COVID-19 case counts before January 27, 2020
reflected the testing capacity rather than the evolution of the
epidemic. Thus, wetested the proposed model and other baseline
modelsfrom January 27, 2020, to February 29, 2020, in Hubei.

We used the variance inflation factor (VIF) to measure
multicollinearity in the independent variables. A VIF over 4
indicates a moderate level of multicollinearity, and a VIF
exceeding 10 shows severe multicollinearity [46]. A repeated
k-fold cross-validation [47,48] was adopted to evaluate the
proposed model and baseline models. In this study, we split the
data into 10 folds and repeated the cross-validation procedure
10times[47]. We adopted the 5 most commonly used accuracy
measures to compare the models’ forecasting results with the
actual daily new confirmed COVID-19 case counts. The
accuracy measures included the RMSE, mean absolute error
(MAE), mean absolute percentage error (MAPE), correlation
with forecasting target, and correlation of increment with
forecasting target (the formulas for the accuracy indexes are
presented in Multimedia Appendix 4) [14,49]. We conducted
theanalyseswith the R version 4.0.2 statistical software package
caret [50] version 6.0-86 and DAAG [51] version 1.24.

https://publichealth.jmir.org/2022/6/35266
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Results

Internet-Based Data Statistics

Overall, we extracted 608,335 (out of 75,431,068) and 123,955
(out of 15,062,844) COVID-19—+elated online news articlesfor
mainland China, except Hubei, and Hubei province separately,
respectively. Unofficial online news articles accounted for about
92.8% (83,966,946/90,493,912) of all the news articles traced.
We aso identified 476,932 (out of 32,475,162) and 191,296
(out of 4,926,738) COVID-19—~elated microblogs posted in
mainland China, except Hubei, and Hubei province, respectively.
For the COVID-19-related search queries, we retrieved
24,165,139 queries in mainland China, except Hubei, and
988,402 related queries in Hubel province. The daily new
confirmed COVID-19 case counts, the fraction of
COVID-19—~¢elated online news articles, the fraction of
COVID-19-related microblogs, and COVID-19-related search
guery counts are displayed in Figures 1 and 2.

Figure 1 showsthat thefirst peak of daily confirmed COVID-19
case counts was reached on January 30, 2020, in provinces
except Hubei. Compared with the official COVID-19 case
counts, the peak in COVID-19-related online news articleswas
2 days earlier (January 28, 2020), the peak in microblogs was
3 daysearlier (January 27, 2020), and the peaksin search queries
were4 daysto 7 daysearlier (from January 23, 2020, to January
26, 2020).

Figure 2 shows that the highest peak of daily new confirmed
COVID-19 case counts was reached on February 4, 2020, in
Hubei province. Compared with the peak of official COVID-19
case counts, the peak in COVID-19—related online newsarticles
was 12 daysearlier (January 23, 2020), peak in microblogswas
13 days earlier (January 22, 2020), and peaksin search queries
were 10 days to 12 days earlier (from January 23, 2020, to
January 25, 2020). An outlier of incidence was found on
February 12, 2020, when the new confirmed COVID-19 case
counts increased dramatically as Hubei province started
implementing the fifth edition of the COVID-19 diagnostic
criteria. The new diagnostic criteria introduced more flexible
diagnostic standards and turned many previously suspected
cases into confirmed cases. This outlier could impact the
forecasting accuracy and has been dealt with carefully in the
model formulation and data analysis.

Lagged Pearson correlation analyses between different
I nternet-based data sources and daily new confirmed COVID-19
case counts were also conducted to illustrate the predictive
power. The highest correlations for different sources with
different time lags are summarized in Table 1 (see Tables S2
and S3 in Multimedia Appendix 2 for more details).

Table 1 showsthat, in mainland Chinaexcept Hubel, the highest
correlation for online news articleswas 0.619 with 2 days' time
lag, the highest correlation for microblogs was 0.613 with 2
days time lag, and the highest correlations for search queries
ranged from 0.831 to 0.949 with time lags of 3 daysto 6 days.
In Hubei province, the highest correlation for online news
articleswas 0.667 with 14 days' timelag, the highest correlation
for microblogswas 0.632 with 7 days' timelag, and the highest
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correlationsfor search queriesranged from 0.750 to 0.826 with  the high correlation threshold (0.7), these correlations were all
time lags of 10 days to 12 days. Although the highest above 0.6, which wasrelatively high.

correlationsfor online news articles and microbl ogs were bel ow

Figure 1. Daily time series of new confirmed COVID-19 case counts (NC), the fraction of COVID-19 related microblogs (Mblog), the fraction of

COVID-19—elated online news articles (News), and numbers of COVID-19—related search queries with the keyword “fever,” “dry cough,” “chest
distress,” “pneumonia,” or “coronavirus’ in mainland China, except Hubei province, from December 21, 2019 to February 29, 2020.
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Figure 2. Daily time series of new confirmed COVID-19 case counts (NC), the fraction of COVID-19 related microblogs (Mblog), the fraction of
COVID-19—elated online news articles (News), and numbers of COVID-19-related search queries with the keyword “fever,” “dry cough,” “chest
distress,” “pneumonia,” or “coronavirus’ in Hubei province from December 21, 2019 to February 29, 2020.
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Table 1. Strongest correlation coefficients, P values, and related time lag between new confirmed COVID-19 case counts and the fraction of
COVID-19-related microblogs, fraction of COVID-19—elated online news articles, and numbers of COVD-19-related search queries between December

21, 2019, and February 29, 2020.

Source Outside Hubei Hubei
Highest correlation Pvalue  Daysearlier Highest correlation Pvalue  Daysearlier

News articles 0.619 <.001 2 0.667 <.001 14
Microblogs 0.613 <.001 2 0.632 <.001 7

Search for “fever” 0.949 <.001 4 0.826 <.001 12

Search for “dry cough” 0.831 <.001 6 0.775 <.001 12

Search for “chest distress’ 0.867 <.001 3 0.806 <.001 10

Search for “ pneumonia’ 0.854 <.001 5 0.750 <.001 11

Search for “coronavirus’ 0.831 <.001 6 0.765 <.001 12

Model Evaluation

The forecasting results for our proposed model and baseline
modelsare presented in Tables 2 and 3. Optimal lags of different
data sources, which result in the lowest RMSE for related

baseline models incorporating a single Internet-based data
source, are shown (see Table S1 in Multimedia Appendix 2 for
the optimal lag selection). The last 2 columns show the paired
t test results comparing our proposed model with the baseline
models.

Table 2. COVID-19 epidemic forecasting model comparison for mainland China, except Hubei, between January 19, 2020, and February 29, 2020.

Incremental
Model (lag) Model number RMSE2  MAEP MAPE®  Correlation  correlation t198 P value
AR(7)+News(1)+ Mblog(10)+Query(1)  model i 87.461 47780 0154  0.960 0.435 N/A N/A
AR(7) model 1 152.182  97.852 0.579 0.852 0.006 -8.722 <.001
AR(7)+News(1) model 2 117223 68158 0374 0911 0.066 5000 <001
AR(7)+Mblog(10) model 3 93.754 51.375 0.185 0.948 0.403 -1.882 .06
AR(7)+Query(1) model 4 138724 85024 0421 0905 0.168 4644 <001
AR(7)+News(1)+ Mblog(1)+Query(l)  model 5 90494 53332 0306 0954 0.167 4488 <001

3RM SE: root-mean-square efror.

BMAE: mean absolute error.

°MAPE: mean absolute percentage error.
dN/A: not applicable.

Table 3. COVID-19 epidemic forecasting model comparison for Hubei province, China, between January 27, 2020, and February 29, 2020.

Incremental

Model (lag) (model no.) Model number RMSE?  MAEP MAPE®  Correlation  correlation t108 P value
AR(1)+News(3)+ Mblog(1)+Query(3) model i 325.216  225.620 0.168 0.990 0.984 N/AD N/A
AR(2) model 1 658.238  403.665 0.267 0.963 0.958 -1.732 .09
AR(1)+News(2) model 2 488.974 325731 0.226 0.978 0.976 -1.196 .24
AR(1)+Mblog(1) model 3 431457 311196 0228 0983 0.977 0252 .80
AR(1)+Query(3) model 4 437.368 286.900 0.201 0.983 0.976 -0.364 12
AR(1)+News(1)+ Mblog(1)+Query(l)  mode 5 360.725 272602 0206 0988 0.981 0965 .34

8RM SE: root-mean-square efror.

BMAE: mean absolute error.

°MAPE: mean absol ute percentage error.
IN/A: not applicable.

Theresultsfrom the 5 accuracy measureswereinterpreted. The
resultsin Tables 2 and 3 show that our proposed model (model
i) achieved the highest accuracy in all 5 accuracy measures,
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resultsand estimation errorsfor the proposed model and baseline
models are also shown in Figures 3 and 4.

We then assessed the statistical significance of the forecasting
accuracy improvement between different model sbased on paired
t tests on the models RMSEs. For mainland China, except
Hubei, Table 2 and Figure 3 show that our proposed model
(model i) could significantly improve the forecasting accuracy,
compared with al the other baseline models (model 1,
t19g=8.722, P<.001; model 2, t;45=—5.000, P<.001; model 3,
t195=—1.882, P=.06; model 4, t,55=4.644, P<.001; model 5,
t,9g=4.488, P<.001). For Hubei province, Table 3 and Figure
4 show our proposed model's (model i) forecasting accuracy
improved significantly (at asignificancelevel of .10) compared
with the forecasting model using historical new confirmed
COVID-19 case countsonly (model 1, t;qg=1.732, P=.09) and
no significant differences compared with other baseline models
(model 2, t65=—1.196, P=.24; model 3, t;5s=—0.252, P=.80;
model 4, t;9g=—0.364, P=.72; model 5, t,45=0.965, P=.34). The
forecasting accuracy differences between other baseline models
using I nternet-based data sources and model 1 are not significant
(model 2, t;4=0.900, P=.37; model 3, t;gs=—1.630, P=.11,
model 4, t;55=—1.324, P=.19; model 5, t;gs=—0.786, P=.43).

Lietd

We also evaluated the practical significance of the forecasting
models from the perspective of MAPE. For provinces outside
Hubei of mainland China in Table 2, our proposed model
showed significant accuracy improvement. Specifically, our
proposed forecasting model's unexplained error percentage was
15.4%, while the unexplained error percentages for the other
models were as follows: forecasting model based on historical
new confirmed COVID-19 case counts only (model 1), 57.9%;
model incorporating COVID-19—elated online news articles
(model 2), 37.4%; model incorporating COVID-19—related
microblogs (model 3), 185%; model incorporating
COVID-19—elated search queries (model 4), 42.1%; model
combining real-time Internet-based sourcesinto historical new
COVI1D-19 case counts (model 5), 30.6%. Meanwhile, for Hubei
province in Table 3, the improvement in accuracy with our
proposed model was also nearly significant. The unexplained
error percentage for our proposed model was 16.8%, while the
unexplained error percentages for the other models were as
follows: model 1, 26.7%; model 2, 22.6%; model 3, 22.8%;
model 4, 20.1%; model 5, 20.6%.

The collinearity diagnostics revealed that real-time social media
data, online news articles, and search queries are independent
of each other in supplementing COVI1D-19 surveillance. More
detailed results and discussions are presented in Multimedia
Appendix 5.

Figure3. (A) Forecasting results for mainland China, except Hubei, between January 19, 2020 and February 29, 2020, during which thedaily estimations
of our proposed model and baseline models were compared against the daily new confirmed COVID-19 case counts (NC), and (B) the estimation error,
defined as the estimated value minus the daily new confirmed COVID-19 case counts.
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Figure 4. (A) Forecasting results for Hubei province between January 27, 2020 and February 29, 2020, during which the daily estimations of our
proposed model and baseline model swere compared against the daily new confirmed COVID-19 case counts (NC), and (B) the estimation error, defined
as the estimated value minus the daily new confirmed COVID-19 case counts.
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Discussion

Principal Findings

The SARS-COV-2 virus and its variants pose extraordinary
challengesfor public health systemsworldwide. More accurate
forecasting of COVID-19 epidemics is key to improving the
efficiency of resource alocation and the implementation of
intervention policies[11,26]. Our proposed model innovatively
incorporates both real-time and historical data from multiple
Internet-based sources for COVID-19 epidemic forecasting.
Tested during the first wave of the COVID-19 epidemic in
mainland China, except Hubei, our proposed model showed
statistically significant improved forecasting accuracy compared
with the other baseline models. Tested in Hubei province, our
proposed model outperformed al the baseline modelsin all 5
accuracy indexes, revealed significant practical influence, and
showed statistically significant improved forecasting accuracy
compared with baseline model 1 using the lab-confirmed case
count only. Other baseline models incorporating different
I nternet-based data sources did not show significant differences
compared with baseline model 1. This may be because people
knew little of the disease at first and all talked online about the
novel coronavirus pneumonia in Wuhan, Hubei, which could
lead to disturbances in the Internet-based data sources [52]. In
this condition, a single Internet-based data source or real-time
dataonly may not be ableto improvethe COVID-19 forecasting
accuracy, and our proposed model shows the ability to mitigate
the disturbance and enhance COVID-19 surveillance by
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combining real-time and historical data from multiple
Internet-based data sources.

Thisstudy aso explored COVID-19 forecasting timelinessusing
different Internet-based data sources. Unlike previous studies
that mainly focused on official online news articles, our study
also took into account unofficial online news articles, which
accounted for about 92.5% of all online news articles. The
results show that COV1D-19—elated online news articles could
provide a warning for the COVID-19 epidemic in mainland
China, except Hubai, about 2 days earlier and in Hubai about
12 daysto 14 days earlier. A similar early warning ability was
also shown for microblogs and search queries. We found
significant differences in the lag in an early warning for
mainland China, except Hubel, and Hubei province, which may
be caused by 2 reasons. First, Hubei experienced an extreme
shortage of testing capacity in the beginning [26], which could
have delayed the pesk of lab-confirmed new case counts.
Second, at the beginning of thefirst COVID-19 epidemic, people
were curious about this unknown disease and tended to search
or post related information even when they did not have
associated symptoms[52]. Thiscould advancethe corresponding
peak in Internet-based sources. As of the time of this writing,
people werefamiliar with COVID-19—elated information, and
Internet-based sources, including online news articles, are
supposed to provide a 2- to 6-day early warning for COVID-19
outbreaks.

Our study innovatively proposes core terms and
symptom-related  keyword-based approaches to extract
COVID-19—~elated Internet-based data sources. The
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keyword-based approaches alow us to constantly and
conveniently update the core terms and symptoms to keep up
with the mutation of the COVID-19 virus. For example, people
infected with the Deltavariant are morelikely to have a“ runny
nose,” “headache,” or “ sorethroat” and lesslikely to experience
“loss of smell” [53]. Researchers then could focus more on the
coreterm of “ Deltavariant” and the symptoms of “runny nose,”
“headache” and “sore throat” in online public data—based
COVID-19 surveillance for this new round of epidemic in
Europe [6]. We thus argue that our proposed model could help
governments better prepare and respond to a new wave of
COVID-19 and its variants.

Another interesting finding of our study isthat the peak of daily
new confirmed case counts in Hubei was reached on February
4, 2020, while the peak in the rest of mainland China was
reached on January 30, 2020 (5 days earlier than Hubei
Province). Thisfinding was contrary to our common sense, for
Hubei was the epicenter of the initial outbreak, and the rest of
mainland China was influenced by this epidemic later. One
possible reason for the delay of the COVID-19 epidemic peak
in Hubei was the extreme shortage of medical resources at the
beginning of the epidemic, including testing ability and hospital
beds [26,45]. Many suspected cases could not be tested until
the testing ability was extended 10 times on January 27 [45].
And until 15 mobile cabin hospitalswerebuilt in early February
2020, many confirmed cases with no or mild symptoms had to
be quarantined at home rather than stay in the hospital, which
increased the risk of COVID-19 transmission [54]. Different
from Hubei, the rest of mainland China experienced a much
smaller number of COVID-19 cases and had much more
adequate medical resources[26], which madeit possibleto test
and quarantine all the COV1D-19 suspected casesintime. Thus,
even though the rest of mainland China was influenced by the
COVID-19 epidemic later than Hubei province, it is possible
that the rest of mainland China could control the disease and
reach the peak of daily new confirmed case counts earlier than
Hubei. Future research could explore the factors contributing
to the delay or advance of the epidemic peaks.

Overall, the results show that incorporating both real-time and
historical data from multiple Internet-based sources into the
COVID-19 forecasting model could significantly improve the
forecasting accuracy, compared with other baseline models.
Internet-based data sources, including online news articles,
microblogs, and search queries, could provide early warning
for COVID-19 outbreaks. These findings have broad public
health implications. Internet-based data are timely, low-cost,
and richin information, making them critical in the surveillance
of COVID-19 outbreaks. This application is even more
important in rural areas, where the health infrastructure does
not alow for widespread screening. COVID-19 surveillance
using Internet-based data could provide much-needed
information to help the government trace the outbreak and more
effectively all ocate resources, including testing capacity, oxygen
cylinders, and hospital beds. Internet-based platforms allow
users to capture detailed real-time snapshots of
COVID-19elated events that happen to them or near them.
As the COVID-19 virus continues to mutate, Internet-based

https://publichealth.jmir.org/2022/6/35266
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sources with richer information have the potential to identify
novel COVID-19 variantsthrough deeper information analysis.

Limitations

There are several limitations and potential future directions of
this study that we would like to mention. First, our study only
used retrospective data from mainland China and did not test
the proposed model in countriesthat are currently experiencing
an epidemic of COVID-19 and its variants. This is mainly
because of data accessibility. We could not find available
databases or online platforms that allowed us to access alarge
volume of real-time and historical microblogs and unofficial
online news articles in other countries. We encourage future
work to use the proposed method in different countries to test
its generalizability and robustness.

Second, our study did not incorporate machine learning methods
in the datafiltering process. In this study, we explored the full
database of Internet-based sources in mainland Chinafrom the
SNOSS and Baidu Search Index, where the raw data are not
availablefor downloading and further analysis. Future research
could apply advanced machine learning methodsto the raw data
of various Internet-based sources to achieve more accurate
epidemic-related data extraction and deeper information
analyses. For example, future research can use the support vector
machine to help extract COVID-19—elated online data [55] or
use atopic modeling algorithm to generate major themes about
the COVID-19 epidemic [56]. Deeper content analyses could
help identify rea-time characteristics of the COVID-19
epidemic, which may act as early warning signals for new
emerging COVID-19 variants or other epidemics.

Finally, our study mainly used symptom- and coreterm-—related
keywords to extract COVID-19-related Internet-based data,
which has been proven to provide the most accurate predictions
compared with other types of keywords[9,15]. Our underlying
assumption is that, before getting severe symptoms and going
to asentinel hospital, patientswith mild symptomswould likely
search for or post COVID-19—+elated symptoms or core terms
online. Our Internet-based method could identify patients with
COVID-19 symptoms but lose sight of patientsin theincubation
period with no symptoms, which meant our method could only
provide warning 2 days to 6 days earlier for the epidemic
outbreaks. As our study’s major aim was to improve the
COVID-19 forecasting accuracy, we did not explore new
methodsto improve the forecasting timeliness of Internet-based
data in our study. We call for future studies to explore novel
I nternet-based sources, like traffic data and weather [21,57], to
help improve the forecasting timeliness for COVID-19
epidemics.

Conclusions

COVID-19 and its variants have been and continue to beamajor
public health threat worldwide. COVID-19 core term— and
symptom-related | nternet-based data could provide invaluable
warning signals to the public and supplement existing
COVID-19 surveillance systems. This study showed that our
proposed COVID-19 forecasting method, incorporating both
real-time and historical data from multiple Internet-based
sources, could significantly improve the forecasting accuracy
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compared with other baseline models. Our results also show provide a warning 2 days to 6 days earlier for COVID-19
that Internet-based sources, including online newsarticles, could  outbreaks.
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Abstract

Background: COVID-19 vaccines are in short supply worldwide. China was among the first countries to pledge supplies of
the COVID-19 vaccine as a global public product, and to date, the country has provided more than 600 million vaccinesto more
than 200 countries and regions with low COVID-19 vaccination rates. Understanding the public’s attitude in China toward the
global distribution of COVID-19 vaccines could inform global and national decisions, policies, and debates.

Objective: The aim of this study was to determine the attitudes of adults living in China regarding the global allocation of
COVID-19 vaccines devel oped in Chinaand how these attitudes vary across provinces and by sociodemographic characteristics.

Methods: We conducted a cross-sectional online survey among adults registered with the survey company KuRunData. The
survey asked participants 31 questions about their attitudes regarding the global allocation of COVID-19 vaccines developed in
China. We disaggregated responses by province and sociodemographic characteristics. All analyses used survey sampling weights.
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Results: A total of 10,000 participants completed the questionnaire. Participants generally favored providing COVID-19 vaccines
to foreign countries before fulfilling domestic needs (75.6%, 95% Cl 74.6%-76.5%). Women (3778/4921, 76.8%; oddsratio 1.18,
95% CI 1.07-1.32; P=.002) and those living in rural areas (3123/4065, 76.8%; odds ratio 1.13, 95% CI 1.01-1.27; P=.03) were
especialy likely to hold this opinion. Most respondents preferred providing financial support through international platforms
rather than directly offering support to individual countries (72.1%, 95% Cl 71%-73.1%), whilefor vaccine productsthey preferred
direct provision to relevant countries instead of via adelivery platform such as COVAX (77.3%, 95% Cl 76.3%-78.2%).

Conclusions:  Among our survey sample, we found that adults are generally supportive of the international distribution of
COVID-19 vaccines, which may encourage policy makers to support and implement the distribution of COVID-19 vaccines
devel oped in Chinaworldwide. Conducting similar surveysin other countries could help aign policy makers' actionson COVID-19
vaccine distribution with the preferences of their constituencies.

(JMIR Public Health Surveill 2022;8(6):€33484) doi:10.2196/33484
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Introduction

Vaccination isapromising approach to achieving global control
of COVID-19. It isestimated that over 14 million future deaths
could be prevented if COVID-19 vaccines could be delivered
sufficiently [1-3]. Asof December 31, 2021, over 70% of people
in high-income countries are fully vaccinated against
COVID-19; whilein low-income countries, that number isonly
4% [4]. Inequitable allocation of vaccines may lead to avoidable
death, socia dissatisfaction, and adverse mental health
consequences [5,6].

Expanding vaccine coverageto low-income countriesisdifficult
due to insufficient COVID-19 vaccine production and supply;
at present, only 22 countries have the capacity to produce
COVID-19 vaccines [7]. For most countries, the available
vaccinesthat they can acquire depend on internationa assistance
provided by procurement or purchasing from foreign vaccine
companies, bilateral aid between countries, or multilateral aid
viainstitutions (eg, COVAX, aglobal risk-sharing mechanism
for pooled procurement and equitabl e distribution of COVID-19
vaccines coled by the World Health Organization [WHO], The
Global Alliance for Vaccines and |mmunizations [GAVI], and
the Codlition for Epidemic Preparedness Innovations, with
GAVI responsible for vaccine delivery).

Understanding population-level attitudes toward the global
alocation of vaccines is important for several reasons. First,
international organizations such asthe WHO, which coordinates
and allocates COVID-19 vaccines at the global level, need to
ensure fair alocation and delivery of vaccines with minimal
conflicts and dissatisfactions [8-10]. Knowing the public’'s
attitudes toward the global delivery of vaccines can inform
policy making and can support global policy makers to
effectively mobilize international communities through their
widespread support. Second, public attitudes can have a
substantial impact on a country’s national foreign aid policies
[11]. National governments may avoid formulating foreign
policies that contradict public opinions for political reasons.
Third, identifying population groups with high and low support
for globa COVID-19 vaccine allocation is crucia for
developing targeted education and communication campaigns
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to enhance the recognition and support for a more equitable
distribution of vaccines worldwide.

We are not aware of studies exploring public attitudes toward
the global alocation of locally produced COVID-19 vaccines
(ie, the alocation of COVID-19 vaccines from a domestic
population to aglobal community). Existing research on public
attitudes has focused exclusively on domestic allocation of
COVID-19 vaccines (ie, priority setting among population
groups locally). That literature highlights the public’s broad
support for vaccinating medical staff first [12-16]. Within China
[12], the United States [13], and Italy [14], further research
suggests public support for vaccination among older adults,
although a study drawing upon Belgian perspectives found
support instead for those who are chronically ill, hold essential
professions, or who are most likely to spread the virus [15].

Chinese COVID-19 vaccines manufactured by Sinopharm and
Sinovac were listed for emergency use by the WHO in 2021
(on May 7 [17] and June 1 [18], respectively). The WHO
Strategic Advisory Group of Experts has thoroughly assessed
the data on quality, safety, and efficacy of the vaccine, and has
recommended itsusefor people 18 yearsand older [19,20]. The
immunogenicity and safety of the Chinese recombinant
COVID-19 vaccine (adenovirus type 5 vector) codevel oped by
CanSinoBIO and the Beijing Institute of Biotechnology have
been confirmed through randomized controlled trials [21,22].
The Chinese government was among the first to pledge
COVID-19vaccinesasaglobal public good[23]. Asof October
17, 2021, China has provided more than 1.5 billion doses to
more than 100 countries and international organizations as
donationsor asapurchased export [24]. At the sametime, China
is under intense pressure to meet a sizable domestic demand.
To achieve an 80% vaccination rate by the end of 2021, an
average of 230 million doses is required each month [25-27].

This study exploresthe Chinese public’s attitudes toward global
COVID-19 vaccineallocation. In doing so, we provide evidence
to policy makers in China for formulating future strategies of
global COVID-19 vaccine distribution. Furthermore, work such
as this can guide similar public surveys in other COVID-19
vaccine-producing countries.
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Methods

Sampling Process

The survey was implemented by KuRunData, an online private
survey platform that maintains a database of potential survey
participants and delivers surveys. KuRunDatarecruits members
through its own platform [28] and partnerships with other
websites, and by encouraging registered membersto recruit new
members through the popular mobile app WeChat Mini.
KuRunData verifiesthat members have access to mobile phones
and the internet, and are capable of navigating online surveys.
For this study, we used KuRunData to sample approximately
the same number of participants in each of China's
provincia-level administrative units, with the total sample size
goal being 10,000 adults. Potential participants were unable to
access the questionnaire once this sampl e size goal wasreached.
Within each province, KuRunDataaimed to sample aproportion
of participants that was reflective of the demographic
composition of the province's population (as per the 2020 China
Statistical Yearbook [29]) by sex and urban-rura residence.
Adults in the survey pool were invited to participate in the
survey by KuRunDatds own platfform on a
first-come-first-served basis. They were informed that they
would receive between ¥2 and ¥5 (equivalent to US $0.30-$0.80)
for completing the questionnaire, according to their membership
level. Before filling in the questionnaire, participants had to
provide their informed written consent with signature
confirmation. Theinformed consent page described the project’s
background and purpose, the possible risks, the payment after
completing the questionnaire, and the confidentiality of
information and records. To be ableto accessthe questionnaire,
participants must have opened and scrolled through theinformed
consent description for at least 15 seconds and self-declared
understanding the purpose and risks of the study before signing.
The survey was administered between February 19 and March
28, 2021.

Questionnaire

The questionnaire included 31 questions, partitioned into the
following sections: informed consent and introduction, attitudes
toward delivery and distribution of COVID-19 vaccines, and
sociodemographic characteristics. The questionnaire waswritten
in standard simplified Chinese and is shown in Multimedia
Appendix 1. Participants had to answer a question to reach the
next question.

Data Quality Checks

First, we made sure that the KuRunData platform verified the
time taken to complete the questionnaire to ensure that
participants read questions before answering. Specificaly,
survey samples were deleted if the participant took less than
240 seconds or more than 900 seconds to complete the
guestionnaire. Second, questionsincluded stringsthat tested for
whether there was conflict in the respondents’ logic, for
example, if the age selected by the respondent is too small to
match the situation of marriage, education, and occupation
selected by the respondent in any possible way. A total of 243
samples were deleted because of these reasons.

https://publichealth.jmir.org/2022/6/e33484
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Data Analysis

All analyses used sampling weights to account for the complex
survey design. The sampling weights were the inverse of the
probability of selecting participants given the following
variables. sex, rural versus urban residence, and province. These
probabilities were cal culated using population counts from the
2020 China Statistical Yearbook within each province. In the
second part of the questionnaire (on attitudes toward delivery
and distribution of COVID-19 vaccines), questionswith multiple
options were combined as binary variables. For each question,
we computed the percentage of participantswho selected certain
options to summarize the survey findings. For binomial
proportions, we constructed 2-sided 95% Cls using the Wilson
scoreinterval. To examine how attitudes varied by participants
characteristics, we regressed the binary response onto age
(10-year age groups); sex; household income; educational
attainment; rural versus urban residence; vocation; and whether
aparticipant had afamily member, friend, or acquaintance who
they knew had been infected with COVID-19. All regressions
were logistic regressions and included only one of these
variables plus a binary indicator for each province
(province-level fixed effects). We al so performed multivariable
regression to demonstrate the results with all these variables
included in Multimedia Appendix 2, Table A2. In a separate
analysis, we used ordinal probit regression asarobustness check
and treated the response to Q4 and Q9 as ordinal variables,
which takes on the values 1 to 4 for Q4 and 1 to 5 for Q9. For
Q4, those with a rank of 1 have the highest willingness to
provide COVID-19 vaccines to foreign countries, while those
with arank of 4 have the lowest. For Q9, those with a rank of
1 have the highest price, while those with a rank of 5 have the
lowest. The related results are listed in Multimedia Appendix
2, Table A3.

Ethics

The study was approved by the Research Ethics Commission
of the Ingtitute of Basic Medical Sciences, Chinese Academy
of Medical Sciences (001-2021), and the Research Ethics
Commission of Zhgjiang University (003-2020).

Results

Sample Characteristics

A total of 10,000 participants were invited to take the survey.
All respondents completed the whole survey. Selected
participants’ sociodemographic characteristics are shown in
Table 1, and the full tableis listed in Multimedia Appendix 2,
Table Al. A total of 4921 females and 5079 males completed
the questionnaire. In the survey sample, 9% (900) of the
participants were aged 18 or 19 years, the mgjority (n=7250,
72.5%) were aged 20-59 years, and 18.5% (n=1850) were 60
years or older. Only one-tenth (n=1063, 10.6%) of participants
had never been to school or only been to elementary school.
About one-third (n=3512, 35.1%) of participants had received
high school or technical secondary school education, and
one-third (n=3371, 33.7%) had completed an undergraduate
degree. Most the of participants (n=9444, 94.4%) were of Han
ethnicity. A mgjority of participants (n=5935, 59.4%) lived in
urban areas. About 1.7% (n=171) of participants worked as a
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health care provider, including nurses (n=35, 0.4%), physicians
(n=46, 0.5%), community health workers (n=51, 0.5%),

Table 1. Sociodemographic characteristics of the survey participants.

Yuet a

pharmacists (n=13, 0.1%), and “other” health care providers
(n=26, 0.3%).

Characteristic Survey participants Population of China® (%)
Proportion (weighted %)b Participants, n (%)
Sex
Female 48.9 4921 (49.2) 48.9
Age group (years)
<20 10.1 900 (9.0) 21.9
20-29 17.2 1645 (16.5) 131
30-39 174 1895 (19.0) 15.7
40-49 20.3 1890 (18.9) 15.8
50-59 17.7 1820 (18.2) 153
>60 17.3 1850 (18.5) 181
Rural-urban residency
Urban 61.1 5935 (59.4) 60.6
Works as a health care provider
No 98.3 9829 (98.3) 99.1
Nurse 04 35(0.4) 0.3
Physician 0.5 46 (0.5) 0.3
Community health worker 04 51 (0.5) <0.1
Pharmacist 0.1 13(0.2) <0.1
Other health care provider 0.3 26 (0.3) 0.2

8As per the 2020 China Statistical Yearbook.
bWeighted using survey sampling weights.

Attitude Toward Global Allocation of Chinese
COVID-19 Vaccines

As shown in Table 2, about three-quarters of participants
(75.6%, 95% Cl 74.6%-76.5%) agreed to provide COVID-19
vaccinesto foreign countriesbefore fulfilling all domestic needs.
Most participants (64.4%, 95% Cl 63.3%-65.4%) preferred
providing COVID-19 vaccines as a more appropriate way to
aid foreign countries compared with offering financial support
or sending medical teams. In terms of financia support,
participants preferred providing assi stance through international
platforms (72.1%, 95% Cl 71%-73.1%) rather than directly
offering assistance to the foreign countries. If COVID-19

https://publichealth.jmir.org/2022/6/e33484

vaccineswere provided to foreign countries, countriesthat have
diplomatic relations with Chinawere considered asthe priority
by 56.6% (95% Cl 55.5%-57.7%) of participants. Considering
the way to deliver vaccines to foreign countries, 77.3% (95%
Cl 76.3%-78.2%) of participants preferred to provide vaccine
products (finished vaccine products or transferring vaccine
technology) directly to relevant countries instead of providing
vaccines via a deivery platform like COVAX. Less than
one-quarter of participants (22.7%, 95% Cl 21.8%-23.7%)
agreed to provide COVID-19 vaccines to foreign countries at
the same or even lower than the cost, and over one half (56.5%,
95% CI 55.4%-57.6%) kept the view that the Chinese
government should bear a larger proportion of the cost.
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Table 2. Summary of survey findings.

Survey question, combined response, and original response Proportion, % (95% CI)

In your opinion, if thereisa shortage of Chinese COVID-19 vaccines, how should the domestic and international demand first be met?
Provideto foreign countries before satisfying all domestic needs

The vaccination needs of global (both domestic and abroad) high-risk and high-danger groups should be met  19.9 (19.0-20.8)
first before other needs are taken into consideration.

The vaccination needs of domestic high-risk and high-danger groups should be met first beforethe vaccination  55.7 (54.6-56.8)
needs abroad are supported.

Satisfy the vaccination needs of all Chinese people before providing to others

The vaccination needs of all domestic groups should be met first before the vaccination needs abroad are 22.7 (21.8-23.6)
supported.

Only the domestic vaccination needs should be met, and the remaining vaccines should be taken asnational 1.8 (1.5-2.1)
strategic reserves without supporting the vaccination needs abroad.

In response to the COVID-19 global pandemic, what do you think China should first consider in providing assistance to relevant countries?

To provide COVID-19 vaccines developed by Chinese scientific research institutions and enter prises

Providing COVID-19 vaccines 64.3 (63.3-65.4)
To providefinancial support, medical teams, or others

Providing financid aid 13.5(12.8-14.3)

Send medical teams 18.6 (17.7-19.5)

Others, please specify 1.0(0.8-1.3)

None of the above 25(2.2-29)

If COVID-19 vaccinesthat are developed by Chinese research institutions and companies areto support foreign countries, which countries
do you think should be most supported?

Friendly countriesthat have diplomatic relationswith China

Countries with friendly diplomatic relations 56.7 (55.4-57.7)

L ow-income countries, countriesin need, or countries suggested by the WHO? to support

L owest-income countries 6.0 (5.5-6.6)
Any countriesin need 21.0(20.1-21.9)
Countries recommended to be supported by the WHO 16.4 (15.6-17.2)

In response to the COVID-19 global pandemic, what do you think China should first consider if it wereto provide financial aid to other
countries?

To providefinancial support directly to foreign countries

Donate the funds to the designated country, and the government of the recipient country will arrangeitsown  27.9 (26.9-29.0)
pandemic prevention efforts

To provide financial support via authoritative international organizations or specialized or ganizations

Donate the fundsto international organizations (eg, the WHO) for comprehensive arrangement and coordination  42.6 (41.5-43.8)
of the response to the pandemic

Donate the fundsto specialized vaccine organizations (eg, the GAV I b Alliance) to purchase COVID-19 vaccines 29.4(28.4-30.5)
for less-devel oped countries

What plan do you think China should prioritizeif it wereto provide the Chinese COVID-19 vaccinesto other countries?

To providefinished vaccine products directly to foreign countries, or to transfer vaccine technology to relevant countriesto allow local
production

Plan A: Directly providing vaccine products to relevant countries 61.2 (60.1-62.3)

Plan B: Provide vaccine technology transfer to relevant countries and have their local enterprises producethe 16.1 (15.3-16.9)
vaccines

To provide vaccines via the delivery platform of authoritative international organizations

Plan C: Leverage the vaccine delivery platforms of international professional organizations 22.7(21.8-23.7)
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Survey question, combined response, and original response

Proportion, % (95% CI)

In your opinion, at what price should the COVID-19 vaccines developed by the Chinese scientific institutions and enterprises be provided

to foreign countries?
At market priceor asmall profit
Market price
A price with meager profits
At or even lower than cost price
Cost price
A price with meager loss

Free of charge

39.9 (38.8-41.0)
37.4(36.3-38.5)

18.0 (17.1-18.9)
1.4 (1.2-1.7)
3.3(2.9-38)

If the Chinese COVID-19 vaccines are priced below cost, who should bear the priceloss when the vaccines are foreigner swho arereceiving

foreign aid?

The government should bear alarger proportion of the lossthan the enterprise.

All borne by the enterprises

Most borne by the enterprises and partially borne by the Chinese government

Equally borne by the enterprises and the Chinese government

3.1(2.8-35)
19.2 (18.3-20.1)
21.2(20.3-22.1)

Theenterprise should bear alarger proportion of the loss than the government.

Most borne by the Chinese government and partially borne by the enterprises

All borne by the Chinese government

36.9 (35.8-38.0)
19.7 (18.8-20.6)

AVHO: World Health Organization.
bGAVI: Global Alliance for Vaccines and Immunizations.

Variation in Attitude Toward I nternational Delivery
of COVID-19 Vaccines by Sociodemographic
Characteristics

Regarding the willingness to provide COVID-19 vaccines to
foreign countries, participants who were female and living in a
rural area tended to agree that COVID-19 vaccines can be
provided to foreign countries beforefulfilling all domestic needs
(Table 3). Females were 1.18 (95% CI 1.07-1.32) times more
likely than males to agree to provide COVID-19 vaccines to
foreign countries. The probability that urban residents agreed
was 0.89 (95% CI 0.79-0.99) that of rural residents. Multivariate
regression and ordered logistic regression results showed the
same results (see Multimedia Appendix 2, Tables A2 and A3).

In terms of COVID-19 vaccine pricing, urban residents and
higher annual household income groups were more inclined to

https://publichealth.jmir.org/2022/6/e33484

believe that COVID-19 vaccines should be provided abroad at
market price, instead of at alower price or free of charge (Table
3). The probability that urban residents agreed to provide
COVID-19 vaccines abroad at alow price or free of charge was
0.88 (95% CI 0.78-0.98) that of rural residents. The probability
that people whose annual household income was
¥90,000-¥119,999 (US $14,229-$18,972) agreed to provide
COVID-19 vaccines abroad at alow price or free of charge was
0.62 (95% Cl 0.49-0.80) that of the <¥ 30,000 (US $4743)
income group. In multivariate regression, rural-urban residency
was not significant, which might be explained by the collinearity
between annua household income and rural-urban residency
(see Multimedia Appendix 2, Table A2). The ordered logistic
regression result showed the same results (see Multimedia
Appendix 2, Table A3).
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Table 3. Variation in attitude toward international delivery of COVID-19 vaccines by sociodemographic characteristics.?
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Characteristic Supporting COVID-19 vaccine provisionto foreign  Supporting COV1D-19 vaccines as |ow-priced or
countries before fulfilling all domestic needs’ free global public goods®
Participants, n (%) OR¢ (95% CI) Pvaue Participants, n(%) OR (95% Cl) P value
Sex
Male (n=5079) 3779 (74.4) 1 (ref) N/A® 1110 (21.9) 1 (ref) N/A
Female (n=4921) 3778 (76.8) 1.18(1.07-1.32) .002 1147 (23.3) 1.10(0.98-1.22) .10
Age group (years)
18-19 (n=900) 724 (80.4) 1 (ref) N/A 227 (25.2) 1 (ref) N/A
20-29 (n=1645) 1299 (79.0) 0.84 (0.67-1.05) .13 371 (22.6) 0.87(0.70-1.08) .21
30-39 (n=1895) 1400 (73.9) 0.67 (0.54-0.84) <001  441(23.3) 0.88(0.71-1.09) .24
40-49 (n=1890) 1400 (74.1) 0.69 (0.55-0.85) .001 437 (23.1) 0.89(0.73-1.10) .29
50-59 (n=1820) 1375 (75.5) 0.72 (0.58-0.90) .004 383 (21.0) 0.75(0.61-0.93) .009
>60 (n=1850) 1359 (73.5) 0.64 (0.52-0.80) <.001 398 (21.5) 0.80(0.65-0.99) .04
Annual household income (¥)
<30,000 (N=572) 419 (73.3) 1 (ref) N/A 173 (30.2) 1 (ref) N/A
30,000-59,999 (n=1307) 1013 (77.5) 1.25(0.97-1.61) .09 306 (23.4) 0.72(0.56-0.93) .01
60,000-89,999 (n=1929) 1458 (75.6) 1.18(0.93-151) .18 459 (23.8) 0.72(0.57-0.92) .008
90,000-119,999 (n=1726) 1311 (76.0) 1.25(0.98-1.60) .07 386 (22.4) 0.62 (0.49-0.80) <.001
120,000-149,999 (n=1726) 1317 (76.3) 1.25(0.97-1.60) .08 385 (22.3) 0.64 (0.50-0.82) <.001
150,000-199,999 (n=1882) 1407 (74.8) 1.17(0.91-1.49) .22 364 (19.3) 0.56 (0.44-0.72)  <.001
>200,000 (n=858) 632 (73.7) 1.08(0.82-1.43) .58 184 (21.4) 0.56 (0.42-0.75)  <.001
Education
Never been to school (n=526) 398 (75.7) 1 (ref) N/A 123 (23.4) 1 (ref) N/A
Elementary school (n=537) 391 (72.8) 0.79 (0.57-1.10) .16 119 (22.2) 1.10(0.78-1.54) .59
Middle school (n=1753) 1318 (75.2) 0.97 (0.74-1.27) .83 384 (21.9) 1.04(0.79-1.37) .77
High school/technical secondary school 2679 (76.3) 1.02(0.79-1.32) .87 831 (23.7) 114 (0.88-1.47) .32
(n=3512)
College/undergraduate (n=3371) 2534 (75.2) 1.00(0.78-1.29) .99 731 (21.7) 0.96 (0.74-1.24) .76
Graduate and above (n=301) 237 (78.7) 1.20(0.80-1.81) .37 69 (22.9) 1.03(0.69-1.53) .89
Rural-urban residency
Rural (n=4065) 3123 (76.8) 1 (ref) N/A 970 (23.9) 1 (ref) N/A
Urban (n=5935) 4434 (74.7) 0.89(0.79-0.99) .03 1287 (21.7) 0.88(0.78-0.98) .02
Works as a health care provider
No (n=9829) 7418 (75.5) 1 (ref) N/A 2212 (22.5) 1 (ref) N/A
Nurse (n=35) 30(85.7) 2.44(0.89-6.66) .08 12 (34.3) 1.72(0.79-373) .17
Physician (n=46) 38 (82.6) 1.00 (0.43-2.36) .99 10 (21.7) 1.09 (0.49-2.43) .83
Community health worker (n=51) 40 (78.4) 1.06 (0.49-2.26) .89 13 (25.5) 1.28(0.63-2.61) .49
Pharmacist (n=13) 10 (76.9) 1.13(0.30-4.30) .86 4(30.8) 1.25(0.34-456) .74
Other health care provider (n=26) 21(80.8) 1.40(051-3.88) .51 6(23.1) 0.79(0.30-2.12) .64
K nows someone with a confirmed SARS-CoV-2 infection
No (n=9972) 7537 (75.6) 1 (ref) N/A 2253 (22.6) 1 (ref) N/A
Self (n=3) 2(66.7) 1.22(0.11-14.11) .87 0(0.0) 0.00 (0.00-0.00)  <.001
Family member (n=3) 2(66.7) 0.48 (0.04-557) .56 0(0.0) 0.00 (0.00-0.00)  <.001
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Characteristic Supporting COVID-19 vaccineprovisiontoforeign  Supporting COV1D-19 vaccines as |ow-priced or
countries before fulfilling all domestic needs” free global public goods®
Participants, n (%) OR¢ (95% ClI) Pvaue Participants, n(%) OR (95% CI) P value
Friend (n=8) 6 (75.0) 1.00(0.19-5.23) >.99 3(37.5) 1.85(0.39-873) .44
Neighbor (n=3) 2(66.7) 1.03(0.08-13.07) .98 0(0.0) 0.00 (0.00-0.00)  <.001
Coworker (n=3) 1(33.3) 0.05 (0.00-0.56) .02 1(33.3) 3.16(0.29-34.90) .35
Others (n=8) 7(87.5) 8.43(1.03-69.13) .047 0(0.0) 0.00 (0.00-0.00)  <.001

8A|l regressions included only one of the variables (sex; age group; income; education; rural-urban residency; vocation; whether or not a participant
has a family member, friend, or acquaintance who they know to have been infected with SARS-CoV-2) shown in the table and a binary indicator for

each province (province-level fixed effects).

b St sfy the vaccination needs of al Chinese people before providing to others’ is the reference response.

G At market price or asmall profit” is the reference response.
d0OR: odds ratio.
EN/A: not applicable.

Geographical Differencesin People' sAttitude Toward
International Delivery of COVID-19 Vaccines

There was a moderate degree of geographical variation in
peoples’ attitudes toward international delivery of COVID-19
vaccines. The percentage of the population that supported
provision of COVID-19 vaccines to foreign countries before
fulfilling al domestic needs ranged from 69.7% (95% CI
64.8%-74.3%) in Jiangsu Province to 81% (95% CI
76.2%-85.1%) in Hainan Province (Figure 1a), and the
percentage of the population that favored provision of

COVID-19 vaccines at a low-price or as a free global public
good ranged from 17.3% (95% Cl 13.4%-22.1%) in Fujian
Province to 31.2% (95% Cl 26.2%-36.7%) in Shanxi Province
(Figure 1b). Asfor Hubei Province, which wasfirst exposed to
serious COVID-19 prevalence in early 2020, the proportion of
the above two questions were 74.4% (95% Cl 69.1%-79%) and
22% (95% Cl 17.7%-27%), respectively, and were among the
middle of the geographical difference. There was alow degree
of regional variation in peopl€e’s attitudes toward other questions
oninternational delivery of COVID-19 vaccines, asdetailed in
Multimedia Appendix 2, Figure Al.

Figure 1. The proportion of the population by province (A) supporting COV1D-19 vaccine provision to foreign countries before fulfilling all domestic
needs and (B) supporting COVD-19 vaccines as low-priced or free global public goods.
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Discussion

This study investigated population-level attitudes toward the
global alocation of Chinese COVID-19 vaccines based on a
large-scale online survey. Our study has four main findings.
First, in general, the Chinese public strongly supports the
provision of domestic vaccinesasinternational assistance—even
if herd immunity has not been achieved domestically. Second,
participants had mixed preferences regarding multilateral and
bilateral international assistance. In terms of financial support,
most people preferred donation to international organizations
such as the WHO rather than directly to specific countries;
regarding COVID-19 vaccines on the other hand, most
participants preferred direct bilateral provision of vaccines to
relevant countries. Third, female participants and those living

https://publichealth.jmir.org/2022/6/e33484

(B)
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in arural area tended to state a higher willingness to provide
Chinese COVID-19 vaccines abroad. Thismay be becauserural
areas are vast, and participants from rural areas face a lower
risk of COVID-19 than urban areas, but further research is
necessary to determine a rationale. Fourth, participants with a
high household income had a lower willingness to provide
Chinese COVID-19 vaccinesto foreign countries at low prices
or free of charge compared to lower-income individuals.

Several factors may explain Chinese adults support for
international vaccine assistance. First, China has thus far
contained the epidemic through a series of nonpharmaceutical
interventions such as prompt physical distancing [30,31]; an
effective test, trace, and isolate system [32]; the adoption of
facility-based isolation, widely used in Asia, but not in Western
countries [33-36]; and clear communication and education
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[37,38]. Assuch, existing research has highlighted how Chinese
residents often do not view themselves as* desperately needing”
vaccination [39]. Second, the Chinese public receive messages
from domestic key opinion leaders[40,41] aswell asnewsfrom
the national media and the WHO [42] that the virus causing
COVID-19 will not disappear in the short term and islikely to
circulate worldwide [43,44], and that the only way to end the
global pandemic is through global collaboration to jointly
contain the epidemic in all countries. Third, China has
committed at the 2020 World Health Assembly to make Chinese
vaccines a global public good and to ensure that they are
provided to low- and middle-income countries at an affordable
price [45]. This announcement that was widely reported via
domestic channels [46-48] may have affected the attitudes of
the Chinese public.

Participantsin this study preferred providing funding viaglobal
institutions such asthe WHO instead of direct bilateral economic
aid during the pandemic, but in terms of COVID-19 vaccines,
they preferred direct support to foreign countries. Scholars have
used principal-agent theory to explain people's preference
toward multilateral or bilateral foreign aid and found that people
often prefer multilateral foreign aid because they think it is a
way to share responsibilities mutually with partner countries
through the platform of international organizations. On the other
hand, people often prefer bilateral aid because they think their
country can have more control over the aid [11]. However,
previous studies did not distinguish people’s attitudes on
different aid categories such asdirect economic aid or products.
Based on these findings, we suggest that the Chinese public
may recognize the benefit of providing financial support to the
WHO becauseinternational health assistance requires collective
action. However, the Chinese public may regard providing
vaccines as aspecific task, such that the advantage of delegation
does not appear to outweigh the cost of foregoing the
opportunity of choosing recipient countries.

Although people from different countries may have divergent
views, the evidence from China suggests public support for
international vaccine assistance. This finding has important
policy implications for current global vaccine delivery and
allocation work that could be particularly relevant for global
policy makers within the WHO and in countries with
considerable capability to produce vaccines. Although some
policy approaches reflect a desire to complete domestic

Yuet a

vaccination first before considering international assistance and
exports [49], the evidence from China implies that the public
may have different views—preferring instead to address
international demand regardless of whether domestic herd
immunity has been reached. Scientists and academics in other
countries or anybody who isneutral in this matter could conduct
national surveys to explore the public’'s view. If the public
supports the international assistance or export of COVID-19
vaccines, politicians may feel encouraged to stop stockpiling
vaccines.

In addition, this research provides evidence for global policy
makers such as the WHO to encourage and call on more
countries to provide vaccine assistance in the name of public
support. To date, the WHO and other global leaders working
within COVAX have called on governments and the private
sector to facilitate the global distribution and contribution of
COVID-19 vaccinesin an equitable way [50,51], but they have
not yet appealed to the public. This research suggests that a
majority of the Chinese public support international assistance
with COVID-19 vaccination and that the public sees merit in
financial support to the WHO during the pandemic. Regular
global surveyson such preferences among the public of different
nations could inform global leaders when making decisions
about financial or in-kind support.

While a strength of this study is its nationwide coverage and
relatively large sample size of 10,000 participants, it also has
several important limitations. First, the survey wasrestricted to
China, and thus, our findings may not be transferable to other
countries or regions. Second, our sample of participants is
unlikely to be representative of the general population in China
because individuals had to be registered with KuRunData to be
eligible for this study and were invited to participate on a
first-come-first-served basis. Third, social desirability biascould
haveinfluenced participantsto answer in waysthat they thought
they should, rather than how they truly felt.

In conclusion, participantsin this online survey were generally
supportive of the national government’'s provision of
domestically produced vaccines to other countries. However,
preferences varied somewhat between population subgroups.
Our findings could be useful for global and nationa policy
makers as they seek to facilitate an equitable global allocation
of COVID-19 vaccines.
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Abstract

Background: Over the course of the COVID-19 pandemic, avariety of COVID-19-related misinformation has spread and been
amplified online. The spread of misinformation can influence COVID-19 beliefs and protective actions, including vaccine
hesitancy. Belief in vaccine misinformation is associated with lower vaccination rates and higher vaccine resistance. Attitudinal
inoculation is a preventative approach to combating misinformation and disinformation, which leverages the power of narrative,
rhetoric, values, and emotion.

Objective: This study seeks to test inoculation messages in the form of short video messages to promote resistance against
persuasion by COVID-19 vaccine misinformation.

Methods: We designed a series of 30-second inoculation videos and conducted a quasi-experimental study to test the use of
attitudinal inoculation in apopulation of individualswho were unvaccinated (N=1991). The 3 intervention videos were distinguished
by their script design, with intervention video 1 focusing on narrative/rhetorical (“Narrative’) presentation of information,
intervention video 2 focusing on delivering a fact-based information (“Fact”), and intervention video 3 using a hybrid design
(“Hybrid"). Analysis of covariance (ANCOVA) model swere used to compare the main effect of the intervention on the 3 outcome
variables; ahility to recognize misinformation tactics (* Recognize”), willingnessto share misinformation (“ Share”), and willingness
to take the COVID-19 vaccine (“Willingness”).

Results: There were significant effects across all 3 outcome variables comparing inoculation intervention groups to controls.
For the Recognize outcome, the ability to recognize rhetorical strategies, there was a significant intervention group effect (P<.001).
For the Share outcome, support for sharing the mis- and disinformation, the intervention group main effect was statistically
significant (P=.02). For the Willingness outcome, there was a significant intervention group effect; intervention groups were
more willing to get the COVID-19 vaccine compared to controls (P=.01).

Conclusions: Across al intervention groups, inoculated individuals showed greater resistance to misinformation than their
noninoculated counterparts. Relative to those who were not inocul ated, inocul ated parti ci pants showed significantly greater ability
to recognize and identify rhetorical strategies used in misinformation, werelesslikely to share false information, and had greater
willingness to get the COVID-19 vaccine. Attitudinal inoculation delivered through short video messages should be tested in
public health messaging campaigns to counter mis- and disinformation.
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Introduction

The study of misinformation and disinformation and how to
counter them is not new. There are centuries-old examples of
the challenges in rebutting misleading or manipulative
information [1-3]. However, athough false and manipulative
media are not new, “the digital age has changed how such
messages are created, circulated, and interpreted, aswell astheir
potential effects’ [4]. As features of the COVID-19 media
ecosystem, misinformation and disinformation are functionally
similar, in that both either contradict or distort the current
scientific and public health consensus as to the nature of the
virus and appropriate steps to combat it [5,6]. However, the 2
terms refer to separate phenomenainsofar as concerns motive.
“Misinformation” is unintentionally inaccurate, while
“disinformation,” is intentionally inaccurate and meant to
mislead [7]. Inthe context of public health, theterm “infodemic”
was coined to refer to “an overflow of information of varying
quality that surges across digital and physical environments
during an acute public health event” [8]. Infodemiology, as a
field of study and intervention, dates back to 1996 [9,10].
Eysenbach definesinfodemiology asthe“ science of distribution
and determinants of information in an electronic medium,
specifically the Internet, or in a population, with the ultimate
am to inform public hedth and public policy” [9]. As
Eysenbach describesit, infodemiology rests on the premise that
public health and patterns of communication are correlated, and
perhaps even causally connected.

Since the pandemic’s beginning, avariety of COVID-19-related
misinformation and disinformation has spread and been
amplified online[11]. The content and spread of misinformation
caninfluence COVID-19 beliefsand protective actions[12,13].
Despitethe availability of the COVID-19 vaccine in the United
States, hesitancy among the general population remains a
challenge. In their review of 39 nationally representative polls
taken in the first half of 2021, Steelfisher et a [14] found that
nearly 30% of the population remains hesitant to get the
COVID-19 vaccine. Belief in vaccine misinformation is
associated with lower vaccination rates and higher vaccine
resistance[15]. The spread of misinformation and disinformation
online can increase COVID-19 vaccine hesitancy [16]. Studies
conducted at varying time points in 2020 have found that
reliance on social media is associated with higher levels of
holding both conspiracy beliefs and higher levels of vaccine
hesitancy [17-20].

Studies of how to address the current infodemic are nascent.
The inaugura World Hedth Organization (WHO)
Infodemiology Conference of 2021 called for moreresearch on
interventions to address the infodemic [11]. Countering
misinformation is a critical piece of infodemic management
because misinformation impacts protective actions and vaccine

https://publichealth.jmir.org/2022/6/e34615

hesitancy. Infodemiology research has shown that quality health
information can be elusive to the public, especially in evolving
situations, such as a pandemic [21]. One common approach
used by public health risk communicators focuses on “facts.”
However, as Eysenbach [21] points out, in times of evolving
science, factual information can be hard to determine, and initial
reports and decisions are made based on the best information
available at any given time. Currently, the most common
approach to countering misinformation is to engage in fact
checking. Research evaluating the utility of online fact checking
suggests that even under less uncertain conditions, it remains
an uneven but relatively effective counterstrategy to
disinformation [22-26]. However, fact checking carries with it
2 challenges. asymmetry and volume. Feelings of social
ostracism are shown to decrease receptivity to counter
disinformation fact checking [27]. Media consumers with less
overal political knowledge are likewise less receptive, as are
political conservatives more generally [28]. Meanwhile, the
sheer volume with which bad actors are increasingly equipped
to “flood the zone” with mis- and disinformation [29] can
exhaust most audience’s ability to sift good information from
bad, apart from more formal, time-and-resource-intensive
fact-checking projects. Human moderators cannot match the
speed and volume of fal seinformation and, furthermore, require
an ever-changing range of subject expertise that content
moderators cannot reasonably be expected to acquire [30,31].
Studies into the relative efficacy of logic-based versus
emotionally based public health communi cation have suggested
that the use of narrative [32-34], appealsto values [35,36], and
rhetoric of personal, lived experience [37-39] yield better
persuasive outcomes than more abstract, fact-based, or logical
counterparts. Per Maertens et a [40], this might relate to the
“broad spectrum” of potentia viewpointsthat such approaches
address. That is, fact checking’'s narrower focus on specific
content addresses fewer points of persuasive vulnerability than
a broader focus on form offered by rhetoric, narrative, and
values.

Attitudinal inoculation (or, simply, “inoculation”) is a
preventative approach to combating misinformation and
disinformation that leverages the power of narrative, rhetoric,
values, and emotion. Inoculation theory promises that people
can becomeresistant to persuasion if they percelve athreat from
an attempt to changetheir beliefs or attitudes and if they receive
information to refute this attempt [41]. It originates in the
midcentury work of William McGuire [41-43]. It uses the
biologica metaphor of viral inoculation to propose that
“[t]hrough exposing individuals to messages containing a
weakened argument against an attitude they hold, it is possible
to ‘inoculate’ the individuals against future attacks on the
attitude” [44]. Inoculation consists of exposing someone to a
persuasive message that contains weakened arguments against
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an established attitude, which develops resistance against
stronger persuasive attacks in the future [41].

Inoculationis preemptive, addressing audiences holding “ healthy
(ie, preferred) positions,” or agnostic and undecided [45]. It
scales against the “flooded zone” of information, allowing
individuals to bypass entire categories of misleading,
manipulative, or smply distracting information. Inoculation is
suited to address the needs of low-information audiences,
ideologically polarized and conspiratorial groups, and groups
that aretraditionally difficult audiencesto reach with corrections
[46]. Inoculation may partially overcomethe post hoc correction
challenges of asymmetry and volume, while accounting for
variations in the efficacy of fact-based versus
narrative/rhetoric-based approaches.

Studies have supported the effectiveness of attitudinal
inoculation as atool for strengthening resistance to persuasion
on public health topics, such as underage alcohol consumption,
adolescent smoking initiation, deceptive nutrition-related food
claims, unprotected sex, and child vaccine safety claims[47,48].
Additionally, attitudinal inoculation has been shown as an
effective strategy for counterradicalization. In a foundational
study, inocul ation conferred resistance to persuasion by far-right
and far-left extremist propaganda by reducing the credibility of
the extremist groups that produced the propaganda and
increasing reactance (the combination of anger and
counterarguing) against the propaganda itself. By reducing
source credibility and increasing reactance, inoculation
ultimately reduced participant intentions to support the group
that produced the propaganda[49].

The potential for attitudinal inoculation to combat COVID-19
vaccine misinformation was proposed by van der Linden et a
[50]. Although attitudinal inoculation enjoys a rich body of
literature, and infodemiology likewise can claim extensive
source material, the specific application of both approaches to
the crisisof the COVID-19 pandemicis scant at best. This study
isamong thefirst to answer the call made by van der Linden et
al [50]. It not only sought to test the effectiveness of attitudinal
inoculation against COVID-19 misinformation and
disinformation but also attempted to address questions relating
to persuasive communication, which bear direct relevance to
the matter of public health communication in the pandemic. As
described before, the relative efficacy of fact versus narrative
or rhetoric in persuasive messaging has been studied across
many dimensions of public health. Our study testing the use of
video-based attitudinal inoculation to inocul ate viewers against
misinformation on COVID-19 vaccine injury is the first of its
kind to compare the effectiveness of using facts versus
narrative-rhetoric approachesto attitudinal inocul ation messages
relating to COVID-19 vaccine misinformation and
disinformation. The goal of our research was to build upon the
work of Braddock, van der Linden, and other inoculation
theorists by using inoculation messages in the form of short
video messages to promote resistance against persuasion by
COVID-19 vaccine misinformation.
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Methods

Identification of Antivax Narratives

This study was built upon our formative evaluation work that
identified common rhetorical strategiesand COVID-19 vaccine
misinformation narratives and used formative surveysto explore
their prevalence and validate select survey itemsthat were used
in this study [20,51,52]. The narratives were identified by
analyzing 6 months of content from 10 online channels of
antivaccine or COVID-19 denidlist propaganda. Thesetook the
form of Twitter accounts, amateur videos, documentaries,
Facebook groups, blogs, and |nstagram pages. From these media
sources, we created a list of 22 key narrative tropes and 16
rhetorical strategies, which represented the discursive foundation
of the antivaccine and COVD-19 denialist mediadatacollected,
and created a codebook [53]. Narratives ranged from general
claims that the COVID-19 vaccine could cause physical injury
to the theory it was a bioweapon promoted by intelligence
agencies for shadowy and perhaps even supernatural purposes.
Somerrhetorics framed their arguments along the lines of bodily
autonomy by co-opting the language of women'’s reproductive
rights, while others relied on audio-visual cues, such as
nauseating colors and low-frequency sounds, to cue unease in
their audience.

Development of Inoculation M essages

Based on theidentification of the antivax narratives, we selected
a prominent metanarrative related to vaccine injury that was
used to develop 3 different inoculation messages: (1) a
fact-based video, focused on countering false statistics about
the science and safety of vaccines, (2) a narrative and
rhetoric-focused video, which “prebunked” (ie, practice of
countering potential misinformation by warning people against
it beforeit isdisseminated) common antivaccine misinformation
strategies; and (3) a hybrid video that tested a combination of
factual rebuttal with narrative/rhetorical prebunking. These 3
approaches were selected in order to deepen understanding of
the relative efficacy of fact-based and narrative/rhetoric-based
persuasion. As discussed before, the relative efficacy of each
approach has been addressed across a variety of fields, from
extremist deradicalization to public health.

Development of I noculation Videos

We designed a series of 30-second inoculation videos and
conducted a quasi-experimental study to test the use of
attitudinal inoculation in a population of individuals who were
unvaccinated. We developed 3 inoculation videos. Each
30-second video contained a* microdose,” aweskened example
of manipulation, which has been shown not to cause harmin a
controlled research setting. The microdoses, while weakened,
constitute an “active threat” that let people generate cognitive
“antibodies’” [40,54,55]. The differences between the 3
inoculation videos are shown in Table 1.
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Table 1. Description of video types.
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Video types Purpose

Example of video script

Narrative and
rhetoric inoculation

Inoculate viewersagainst vaccinemisinforma-  «
tion strategies, such as manipul ation, scapegoat-
ing, or conspiratorial reasoning.

Factud rebuttal inoc-
ulation

Counter false information about scienceand ~ «
safety about vaccines.

Hybrid Combine fact-based information and inocula-  «

tion against misinformation strategies.

“ Sometimes, people trying to change your mind this way will show pic-
tures of needles, crying babies, or extreme close-ups of viruses. Some-
times, they’ll make videos with sounds that are scientifically proven to
provoke afeeling of unease in humans. Strange, but true!”

“ Sometimes, these people talk about ‘vaccine injury’. Actual injuriesre-
lated to vaccines are extremely rare. Only two out of every one million
people who received vaccine results even claimed to have been injured.
Of those claims, about athird turned out not to be actual injuries related
to vaccines.”

“Sometimes, these people talk about ‘vaccine injury’. Actual injuriesre-
lated to vaccines are so rare, you are nearly twice as likely to be struck
by lightning.”

“Actual injuriesrelated to vaccines are extremely rare. You are 769 times
more likely to die from COVID than to experience any vaccine injury.”

“ Sometimes, people trying to change your mind this way will show pic-
tures of needles, crying babies, or extreme close-ups of viruses. Some-
times, they’ll make videos with sounds that are scientifically proven to
provoke afeeling of unease in humans. Strange, but true!”

Study Hypothesis

Based upon our prior research on the relationship between
knowledge, attitude, and behavior, we posited 3 hypotheses:

« Hypothesis 1: Relative to noninoculated participants,
inoculated participantswill demonstrate agreater ability to
identify rhetorical strategies typically used in mis- and
disinformation videos.

« Hypothesis 2: Relative to noninoculated participants,
inoculated participantswill belesslikely to report engaging
in behaviorsthat support the spread of COVID-19 mis- and
disinformation videos.

« Hypothesis 3: Relative to noninoculated participants,
inoculated participants will report greater intention to get
vaccinated against COVID-19.

Study Design

We conducted a quasi-experimental study with a pre-post
intervention questionnaire and control group using an organic
sampling survey method between June 3 and 5, 2021 [56]. Using
this method, 4 separate surveys were conducted for each of the
video exposure interventions, and as such, randomization was
not possible. We conducted our surveys through the Pollfish
(an online survey company) survey platform. Participants were
eligible to participate if they indicated they had not received a
COVID-19 vaccine, were over the age of 18 years, and lived in
the United States. In total, 500 US adults were recruited into

https://publichealth.jmir.org/2022/6/e34615

each study arm by Pollfish viamobile technology. Respondents
were recruited into 1 of 4 study arms, 1 for each type of
inoculation message, plus a control group that received avideo
unrelated to inoculation or vaccines using the design outlined
Figure 1.

All  participants first answered questions about their
demographics, social media and information consumption,
exposure to and trust of information about COV1D-19 vaccines,
and perceptions of vaccine harm. Then, participants in the 3
treatment groups were “inoculated” by showing them a
30-second scripted video that highlights narrative or rhetorical
tactics used in vaccine misinformation (intervention group 1,
“Narrative,” n=500), contains factual rebuttal of vaccine
misinformation (intervention group 2, “Fact,” n=500), or a
hybrid of both (intervention group 3, “Hybrid,” n=500). The
control group (n=500) watched a neutral video that described
how to make a paper airplane. Participants were then asked a
series of questions on their perceptions of the video.

After watching the inoculation video, participants were shown
a video stimulus that utilizes the manipulation techniques
participants were alerted to in the inoculation video. The same
stimulus video was displayed to participantsin the control group
and all treatment groups. Participants were then asked the same
series of questions on their perceptions of the video. The same
guestions were asked following the intervention/control video
and the stimulus video in order to avoid alerting the respondent
asto the type of video being assessed.
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Figurel. Study design.

Piltch-Loeb et d

vaccine will be screened out.

Vaccine Hesitancy Screener Question

Participants who indicate they have already received a COVID-19

Pre-Intervention Questions

Respondent demographics, Reason for vaccine hesitation, Level of
concern of contracting/transmitting COVID, social media and

information consumption habits - including exposure to and trust of
information about COVID-18 vaccines, Perceptions of vaccine harm

Intervention Group #3

Control Group
Similar length video, but
no inoculation or vaccine

related content

Intervention Group #1
Marrative and rhetoric
inoculation video,
including anti-vaccine
microdose

Intervention Group #2
Factual rebuttal
inoculation video,
including anti-vaccine
microdose

Hybrid (narrative,
rhetorical and factual)
inoculation video,
including anti-vaccine

microdose

Post-Intervention Questions
Emotional reactance, Credibility of
narrator and information in treatment

Stimulus
Manipulative anti-vax video

l

COVID-19 vaccine

Post-Stimulus Questions

Emotional reactance, Credibility of narrator and information in
manipulative video, Discernment of strategies used in manipulative
video, Support/sharing of manipulative video, Likelihood of taking a

Debrief

Ethical Considerations

The study protocol was approved by the American University
Institutional Review Board (IRB-2022-295).

Variables of Interest

We had 3 hypotheses of interest. Each hypothesis corresponded
to a different dependent variable below. The first hypothesis
was related to the ability to identify misinformation, the second
was related to willingness to share information, and the third

https://publichealth.jmir.org/2022/6/€34615
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was related to willingness to get vaccinated. The measures
described below were designed to correspond to these 3 research
guestions, though the survey also included other items related
to emotional reactance to the content.

Dependent Variables (Question Number - Variable
Name)

We selected 3 particular outcomes of interest:
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- The ability to recognize rhetorica strategies in a video
containing misinformation about the COVID-19 vaccine,
such as unusual colors, scary music, and vague language
(Q25 - Recognize)

«  Willingness to share the video containing misinformation
about the COVID-19 vaccine (Q24 - Share)

«  Willingness to get vaccinated (Q26 - Willingness)

I ndependent Variables
We had the following independent variables:

« Demographic variables. gender (mae, femae), age
(continuous), race (non-Hispanic White, non-Hispanic
Black, Hispanic, non-Hispanic Asian, other), income
(continuous), education (less than high school, high
school/General Educational Development (GED), some
college, bachelor’s degree, postgraduate degree, other)

«  General vaccine attitude covariates: “Most vaccines do not
cause immediate injuries or side effects,” “Most vaccines
do not lead to long-term side effects,” “Vaccines cause
more harm than benefit,” “Taking avaccineislikely to give
me adisease,” “Vaccination can protect me from getting a
disease” “Vaccines cause autism,” and “Vaccines are
designed as a form of government control,” which was
tested and then analyzed as a factor that controlled for
vaccine attitudes (see analysis plan)

Statistical Analyses

The analyses included 3 steps: first, to conduct descriptive
statistics of baseline sample characteristics; second, to analyze
multi-item scal e development; and third, to test the effect of the
3 interventions in comparison to controls on the endpoints
collected after the second video. All final model swere adjusted
for demographics (age, gender, race, education, and income);
baseline value, if available; and mean scores calculated about
general attitudes toward vaccines.

Descriptive Statistics of Baseline Sample Characteristics

Baseline characteristics of the sample, including age, gender,
race, income, education, and attitudinal variables, were described
using means and SDs for continuous variables and counts and
percentages for categorical variables. Descriptive statisticswere
calculated for the entire sample and by intervention group.

Multi-1tem Scale Devel opment

Principal component analysis (PCA) was used to test the
dimensionality of multi-item scales, which included the scales
for prior general vaccine attitudes and the 3 primary study
outcomes, namely Recognize, Share, and Willingness. We
planned to retain components associated with eigenvalues

https://publichealth.jmir.org/2022/6/e34615
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greater than 1 aslong asfactor loadingsand internal consistency
within components, as measured by Cronbach o, were
acceptable (>.7). When more than 1 component was retained,
the varimax rotation was applied to the model to aid in the
interpretation of the factor loadings. For retained components,
scores were created as the mean of their items.

Statistical Analysis of Effects of I nterventionson
Outcomes

Anaysis of covariance (ANCOVA) models were used to
compare the main effect of the intervention on the 3 outcome
variables. Themodel for each outcomeincluded the main effect
of the intervention adjusted for age, gender, race, education,
income, and the scores for prior genera attitudes toward
vaccinesthat wasformed in the second step of our analysis. For
the Share scale, the model also included the baseline Share score
from after thefirst video. For the 3 outcomes, we were interested
in testing the null hypothesis of no difference between
intervention groups using a 2-tailed statistical test. To control
thetype 1 error rate resulting from multiple endpoints, we used
the Holm method. For outcomes with a significant intervention
group F test, we tested paired differences between the
intervention groups and the control group and controlled for
multiple comparisons using the Dunnett test. The power of the
statistical test for an ANOVA with 3 intervention groups and
1 control group where the Dunnett test is used to compare each
treatment mean with the control mean, one would require 477
subjects in each group in order to achieve 81% power to detect
amean difference of 0.33 between at least 1 pair of intervention
and control groups, assuming an SD of 1.8 within each group
and afamily-wise type 1 error rate of .017, which corresponds
to the first rejection level of the Holm method for this study.

Results

Sample Characteristics

This analysis included 1991 subjects. Although 500 (25.1%)
subjects were enrolled in each intervention group, not all
subjects completed the survey questionnaire, leaving an analysis
population of 495 (24.9%) participantsin the control group and
480 (24.1%) in the narrative-rhetorical, 489 (24.6%) in the
factual, and 489 (24.6%) in the hybrid video intervention groups.
Overall, the study population had amean age of 40.7 (SD 11.8)
years, and 968 (50%) were female, 1439 (74%) were
non-Hispanic White, 1173 (60%) had a bachelor’s degree or
higher education, and 773 (40%) reported an income of US
$100,000 or more. A summary of baseline characteristics for
the entire sample and by intervention group is given in Table
2.
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Table 2. Baseline characteristics.
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Narrative (N=495) Fact (N=489)  Hybrid(N=489) p yque?

Characteristic All groups(N=1953) Controls (N=495)
Age (in years), mean (SD) 40.8 (11.8) 41.0(11.7)
Female gender, n (%) 968 (50) 248 (50)
Race, n (%)
Non-Hispanic White 1439 (74) 380 (77)
Non-Hispanic Black 206 (11) 29 (6)
Hispanic/Latino 98 (5) 35(7)
Non-Hispanic Asian 73 (4) 13(3)
Other 137 (7) 38(8)
Income (US$), n (%)
<25,000 238 (12) 76 (15)
25,000-49,999 245 (12) 75 (15)
50,000-74,999 273 (14) 48 (10)
75,000-99,999 310 (16) 74 (15)
100,000-124,999 170 (9) 42 (8)
125,000-149,999 200 (10) 51 (10)
>150,000 403 (21) 83 (17)
Prefer not to say 114 (6) 46 (9)
Education, n (%)
L ess than high school 164 (8) 17 (3)
High school /GED® 290 (15) 103 (21)
Some college 254 (13) 104 (21)
Bachelor's degree 405 (21) 105 (21)
Postgraduate degree 768 (39) 166 (34)
Other 72 (4) 0(0)

36.6 (11.6) 416 (11.4) 436 (11.4) <.001
234 (49) 243 (50) 243 (50) 98
03
347 (72) 356 (73) 356 (73) N/AD
59 (12) 59 (12) 59 (12) N/A
21 (4) 21 (4) 21 (4) N/A
20 (4) 20 (4) 20 (4) N/A
33(7) 33(7) 33(7) N/A
02
54 (11) 54 (11) 54 (11) N/A
56 (11) 57 (12) 57 (11) N/A
75 (15) 75 (15) 75 (15) N/A
78 (16) 79 (16) 79 (16) N/A
42 (9) 43 (9) 43 (9) N/A
47 (10) 51 (10) 51 (10) N/A
106 (22) 107 (22) 107 (22) N/A
22 (5) 23 (5) 23 (5) N/A
<.001
49 (10) 49 (10) 49 (10) N/A
61 (13) 63 (13) 63 (13) N/A
50 (10) 50 (10) 50 (10) N/A
100 (21) 100 (20) 100 (20) N/A
196 (41) 203 (42) 203 (42) N/A
24 (5) 24.(5) 24 (5) N/A

#Test of significant intervention group effect using ANOVA model for Age and Pearson chi-square test for categorical variables.

BN/A: not applicable.
CGED: General Educational Development.

Results of Statistical Analysis of Scales

PCA of the 7 items measuring prior attitudes toward vaccines
retained 2 factors that accounted for 65% of the variancein the
data. All items had a high factor loading on 1 of the 2 factors,
with loading in the range of 0.71-0.83, while also having small
factor loadings of less than 0.2 on the other factor (Table 3).
Items loading most heavily on the first component asked the
level of agreement to the statements “Most vaccines do not
cause immediate injuries or side effects,” “Most vaccines do
not lead to long-term side effects,” and “ Vaccination can protect
me from getting adisease,” whilethe remaining itemsthat asked
“Vaccines cause more harm than benefit,” “Taking a vaccine
is likely to give me a disease,” “Vaccines cause autism,” and
“Vaccinesare designed asaform of government control” loaded

https://publichealth.jmir.org/2022/6/e34615

highly onto the second component. Cronbach a for the 3 items
loading on the first component was .70, while the 4 items
loading on the second component had a Cronbach a of .83,
indicating good internal consistency within each set of items.
Because these 7 items formed 2 distinct constructs with good
reliability, we created 2 scores for general attitudes toward
vaccines by taking a subject’s mean response to the questions
that loaded highly onto each factor.

For the 3 questions measuring the Recognize outcome, PCA
showed the items to be unidimensional, with a single factor
accounting for 72% of the variance. Factor loadings were all
greater than 0.84, and Cronbach a was .81. PCA of the 5 items
measuring the Share outcome also retained a single factor that
accounted for 70% of the variance in the data. Factor loadings
were high (0.70-0.89), and Cronbach a was .89.
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Table 3. PCA®factor structure.
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Construct items

Factor 1 loading Factor 2 loading

General attitudes toward vaccines
Most vaccines do not cause immediate injuries or side effects.
Most vaccines do not |lead to long-term side effects.
Vaccines cause more harm than benefit.
Taking avaccineislikely to give me a disease.
Vaccination can protect me from getting a disease.
Vaccines cause autism.
Vaccines are designed as aform of government control.
Recognize
Scary music
Weird colors
Vague language (words that are unclear or not specific)

Sharing

How likely are you to share this second video with people in your social media network?
How likely are your friends to share this second video on their social media networks?

If you could, how likely would you be to support the producer of this second video by following

them (receiving future posts from them) on social media?

If you could, how likely would you be to financially support the producer of this second video?

How likely are you to check the facts on the second video you just watched?

0.79 0.13
0.69 0.11
0.09 0.74
0.09 0.75
0.49 0.10
0.19 0.75
0.14 0.66
0.78 N/AP
0.78 N/A
0.73 N/A
0.83 N/A
0.81 N/A
0.88 N/A
0.82 N/A
0.60 N/A

3PCA: principal component analysis.
BN/A: not applicable.

Effect of I nterventions on Outcomes of I nterest

Hypothesis 1. The Ability to Recognize Rhetorical
Strategiesin a Video Containing Misinformation About
the COVID-19 Vaccine (Recognize)

For the Recognize score, the ability to recognize rhetorical
strategies, there was a significant intervention group effect
(F(3,1929=8.5, P<.001); see Table 4. Since this was the smallest
of the intervention group effect P values among the 3 study
endpoints, the Holm method rejected the null hypothesis of the
no-intervention-group effect when P<.05/3=.02, which was
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achieved. The least squares (LS) means (SE) of the Recognize
scalefor controlsand the 3 video intervention groupswere 3.67
(0.09), 3.98 (0.09), 4.10 (0.09), and 4.14 (0.09), respectively.
The LS mean differences between intervention groups
(Narrative, Fact, and Hybrid) and controls were 0.31 (P=.01),
0.43 (P<.001), and 0.47 (P<0.001), respectively, with al P
values being significant after adjusting for multiple comparison
using the Dunnett test. These tests indicated that each
intervention group had a statistically significant greater
awareness of the tactics used to gain attention in the second
video compared to controls.
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Table4. ANCOVAZmodels estimated intervention effects, mean scores, and differences.

Intervention LSP means and SEs

Differences from control intervention

Outcome by intervention F statistic P value® LS mean (SE)° LS mean (SE) Adjusted P value®
Recognition of rhetorical strategies (“ Recognize”)
Intervention effect <.001 N/AC N/A N/A
Control N/A 3.67(0.09) N/A N/A
Narrative N/A 3.98 (0.09) 0.31(0.11) 01
Fact N/A 4.10 (0.09) 0.43 (0.10) <.001
Hybrid N/A 4.14 (0.09) 0.47 (0.10) <.001
Willingness to share misinformation content (“ Share”)
Intervention effect .017 N/A N/A N/A
Control N/A 4.11 (0.08) N/A N/A
Narrative N/A 3.90 (0.07) -0.21(0.09) .03
Fact N/A 3.90 (0.07) -0.22(0.09) 022
Hybrid N/A 3.89(0.07) -0.22 (0.09) .019
Willingness to get vaccinated (“ Willingness’)
Intervention effect .006 N/A N/A N/A
Control N/A 2.77 (0.09) N/A N/A
Narrative N/A 3.05 (0.09) 0.28 (0.10) 012
Fact N/A 3.05 (0.09) 0.28 (0.10) 011
Hybrid N/A 3.05 (0.09) 0.28 (0.10) 01

8ANCOVA: analysis of covariance.
BLS: least sguares.

CF statistic, LS mean, and SE were obtained from an ANCOVA model for each outcome, with the intervention group as the main effect and adjusting
for age, gender, race, education, income, and scores from 2 scales of general attitudes toward vaccines.

9P value adjusted for multiple comparisons between controls and intervention groups using the Dunnett test after finding a significant main effect for

intervention.
EN/A: not applicable.

Hypothesis 2. Support for Sharing the Video Containing
Misinformation About the COVID-19 Vaccine (Sharing)

For the Share scale, support for sharing the mis- and
disinformation, the intervention group main effect was
stetistically significant (F 3 1905=3.4, P=.02) using the Holm P
value threshold of .05. For the control and intervention groups
(Narrative, Fact, and Hybrid), the LS means (SE) were 4.11
(0.08), 3.90 (0.07), 3.90 (0.07), and 3.89 (0.07), respectively.
The LS meansfor the difference between the control group and
the 3intervention groupswere 0.21 (P=.03), 0.22 (P=.022), and
0.22 (P=.019) lower than that for the control group, respectively,
indicating lower support for sharing/supporting the second video
in each intervention group compared to controls.

Hypothesis 3. Willingnessto Get vaccinated (Willingness)

The intervention group effect for the Willingness scale,
willingness to get the vaccine, had the second smallest P value
(F(3,1929=4-1, P=.01) among the 3 study endpoints, which was
significant at the Holm method adjusted cut-off of 0.05/2=.03.
The LS means (SE) for the willingness scale for the control and
3intervention groupswere 2.77 (0.09), 3.05 (0.09), 3.05 (0.09),
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and 3.05 (0.09), respectively. The difference between the control
groups and the 3 intervention groups (Narrative, Fact, and
Hybrid) were 0.28 (P=.012), 0.28 (P=.011), and 0.28 (P=.01)
points higher than that for the controls, respectively, indicating
that subjects in the intervention groups were more willing to
get the COVID-19 vaccine compared to controls.

Discussion

Principal Findings

The purpose of this study wasto identify the effect of attitudinal
inoculation videos on the ability to identify misinformation,
willingness to share misinformation, and willingness to
vaccinate. We found there was a significant effect of having
been exposed to an inoculation video compared to a control
video across each outcome of interest. Our results support our
initial hypotheses that inoculation messaging can increase the
ability to identify misinformation, decrease willingnessto share
misinformation, and increase willingness to vaccinate.

Our study explored not only whether there is an effect of
inoculating participants but also whether inoculating against a
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narrative/rhetorical strategy or against factual misinformation
is more effective. We al so tested a hybrid video that combined
fact-based and narrative/rhetorical strategies within the
inoculation message. Past studies into the relative efficacy of
narrative/rhetoric compared to fact-based appeal s have suggested
that narrative approaches are more likely to be persuasive to
viewers[32-34,37-39,55]. However, we did not find significant
differences across the 3 active intervention groups, suggesting
that the content of the intervention video (narrative/rhetoric,
fact based, or hybrid) does not impact the effect of the
intervention. Thismay be attributabl e to the nuanced differences
in the scripts used, which might have been difficult to distinguish
in such ashort timeframe. Additionally, because there was only
1 video for each video script strategy, it is nhot possible to say
whether there may be differencesin other videosthat used these
same strategies. It is even possible that the cinematographic and
casting choices behind each video (ie, the production and the
medical workerswho narrated them) themselves made indirect
narrative and rhetorical appeals to viewers. These appeals
include, for example, clean sets, approachable body language,
hopeful music, and other emotionally engaging features of the
videos. This, in turn, might have produced a“flattening” effect,
rendering the appeals of the videos more uniform.

Theintervention videos were designed to protect people against
being misled by flawed argumentation used in common online
mis- and disinformation, such as conspiracy theories [57,58].
In practice, this meansthat watching avideo with an inoculation
message and aweakened microdose of manipulation techniques
allows viewers to discern more readily subsequent
misinformation that makes use of similar flawed argumentation
techniques. In this study, we were able to achieve thisin videos
that were only 30 seconds in duration. This is critical because
30 seconds is consistent with short attention spans for online
video consumption on social media and the length of many ads
online, enabling such a video to be shown in ad dots. Prior
inoculation studies have tested longer-form videos or text
[49,51,58]. These findings for the effects of 30-second videos
have implications for the ability to disseminate inoculation
messages in social media ad dlots.
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Furthermore, online platforms are aviable placeto disseminate
these interventions to affect perceptions and behavior, because
information on vaccine injury is viewed and spread on social
mediaand exposure to online misinformation is associated with
lower vaccination intentions[17,59,60]. Social mediaplatforms
that may hesitate at the prospect of hosting inoculation videos
containing a microdose of misinformation might be reassured
that in the proper context of an inoculation message, these
microdosesarevital to the overall discrediting of misinformation
and disinformation.

Limitations

This study has limitations. First, the study sample was not
representative of the general population but rather was more
highly educated, mobile app users. Testing the effects of the
intervention with a broader audience and determining whether
there are differential effects among particular subsamples of
the population will add to the understanding of the effect of
these types of videos. Second, as described before, further
investigation is needed to explore whether there may be
meaningful differences in narrative versus fact versus hybrid
models that could not be detected in this study due to the study
design; however, in general, our results suggest that fact-based
rhetorical strategies can be as effective as a narrative-rhetoric
or hybrid approach.

Conclusion

As an infodemic management strategy, approaches that go
beyond fact checking, and do not simply focus on countering
1 piece of content, may be valuable. We found that attitudinal
inoculation in video-based messages may be an intervention
strategy that can be used in designing public health messaging
campaigns to counter mis- and disinformation. Online
dissemination of these videos could be a viable strategy to
increase vaccine uptake and can be tried more broadly. Videos
that use attitudinal inoculation to combat COVID-19 vaccine
misinformation should be tested with abroader audience beyond
the United States and on social media platforms, such as
YouTube and TikTok. More research is needed to understand
how videos with attitudinal inoculation perform when
individuals are in a typica information consumption
environment and faced with competing demands for attention.
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Abstract

Background: Many countries and organizations recommended people living with HIV/AIDS (PLWHA) receive the COVID-19
vaccine. However, vaccine hesitancy still exists and becomes a barrier for promoting COVID-19 vaccination among PLWHA.

Objective: Thisstudy aimsto investigate factors that contributed to COVID-19 vaccine hesitancy among PLWHA.

Methods: The study used a multicenter cross-sectional design and an online survey mode. We recruited PLWHA aged 18-65
years from 5 metropolitan cities in China between January 2021 and February 2021. Participants completed an online survey
through Golden Data, awidely used encrypted web-based survey platform. Multiple linear regression models were used to assess
the background characteristics in relation to COVID-19 vaccine hesitancy, and structural equation modeling was performed to
assess the relationships among perceived benefits, perceived risks, self-efficacy, subjective norms, and COVID-19 vaccine
hesitancy.

Results: Among 1735 participants, 41.61% (722/1735) reported COV I D-19 vaccine hesitancy. Older age, no other vaccinations
in the past 3 years, and having chronic disease history were positively associated with COVID-19 vaccine hesitancy. Structural
equation modeling revealed a direct relationship of perceived benefits, perceived risks, and subjective norms with self-efficacy
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and vaccine hesitancy and an indirect relationship of perceived benefits, perceived risks, and subjective norms with vaccine
hesitancy. Moreover, self-efficacy toward COVID-19 vaccination was low. PLWHA had concerns of HIV disclosure during
COVID-19 vaccination. Family member support could have an impact on COV1D-19 vaccination decision-making.

Conclusions: COVID-19 vaccine hesitancy was high among PLWHA in China. To reduce COVID-19 vaccine hesitancy,
programs and strategies should be adopted to eliminate the concernsfor COV1D-19 vaccination, disseminate accurate information
on the safety and efficacy of the COVID-19 vaccine, encourage family member support for COVID-19 vaccination, and improve

PLWHA's trust of medical professionals.

(JMIR Public Health Surveill 2022;8(6):€33995) doi:10.2196/33995

KEYWORDS

COVID-19 vaccine; vaccine hesitancy; PLWHA; structural equation modeling

Introduction

The COVID-19 pandemic has become aglobal health challenge
and poses a serious health threat [1]. Compared with the
HIV-negative population, people living with HIV/AIDS
(PLWHA) with a weakened immune condition or with
comorhidities have anincreased risk of having poorer outcomes
from COVID-19 [2]. Moreover, PLWHA who are
immunocompromised are more likely to have a more severe
illnessand alonger disease course from COVID-19 [3-5]. Some
longitudinal studies have reported that PLWHA have higher
COVID-19 mortality than the HIV-negative population [6-8].
Therefore, it is critical for PLWHA to receive vaccines to
prevent COVID-19. Many countries and organizations
recommended PLWHA to receive a COVID-19 vaccine [9-14].
The Joint United Nations Programme on HIV/AIDS has declared
that the COVID-19 vaccines authorized by regulators can
significantly reduce the risks of savere COVID-19 illness and
death and are safe for most people, including PLWHA [11].
The UK Department of Health and US Centers for Disease
Control and Prevention released guidance that recommended
PLWHA, regardless of CD4 count, should be vaccinated against
COVID-19[12,13]. InMarch 2021, Chinalaunched an updated
COVID-19 guideline that also recommended PLWHA receive
COVID-19 vaccines[14].

Although the evidence on the side eff ects and protective efficacy
of COVID-19 vaccination in PLWHA is insufficient, some
studies have shown that COVID-19 vaccine hesitancy is higher
among PLWHA than HIV-negative people[15,16]. For example,
a study in British Columbia, Canada, showed that 65.2% of
PLWHA reported intending to receive a COVID-19 vaccine
recommended and available to them, which was lower than
HIV-negative people (79.6%). That isto say, COVID-19 vaccine
hesitancy is higher among PLWHA than HIV-negative people
[15]. Inacross-sectional study conducted in Beijing, China, the
rate of COVID-19 vaccine hesitancy of the PLWHA population
was 27.5%, which was higher than HIV-negative people
(17.75%) [16]. Hence, vaccine hesitancy exists and becomes a
barrier for promoting COV I D-19 vaccination among PLWHA.
Vaccine hesitancy was defined by the World Health
Organization asthe delay in acceptance or refusal of vaccination
despite the availability of vaccination services [17]. Vaccine
hesitancy was listed as one of the top 10 global health threats
in 2019 [18].

https://publichealth.jmir.org/2022/6/€33995

It isurgently needed to eliminate COVID-19 vaccine hesitancy
and improvethe coverageratefor PLWHA who might encounter
more barriers and have more concerns about COVID-19
vaccination. A recent study reported that vaccine hesitancy was
influenced by various factors, such as perceived benefits and
risks of avaccine, perceived safety of avaccine, confidencein
a vaccine, attitudes toward a vaccine, and an individual’'s
demand [17,19-21]. Perceived vaccine safety was reported as
an essential factor that can lead to a vaccination decision [22].
In other words, people who perceive a vaccine as unsafe are
more likely to refuse or delay vaccination (vaccine hesitancy)
[23]. Perceived risks of a vaccine could also result in vaccine
hesitancy [24]. Moreover, arecent French study that investigated
COVID-19 vaccine hesitancy in PLWHA indicated a high
hesitancy rate of 28.7%, and PLWHA had concerns about
serious side effects of COVID-19 vaccination [25]. Another
study that investigated vaccine hesitancy among African
American PLWHA demonstrated that people trusted some
COVID-19 vaccination sources, such associal serviceand health
care providers, more than others [26].

Although previous studies determined some factors that were
associated with PLWHA's vaccine hesitancy, complex
relationships among multiple factors might exist but remain
unassessed. A structural equation modeling (SEM) approach
that provides aflexible framework to analyze multiple variables
and takesinto consideration rel ationships among variables could
provide a more compelling explanation of COVID-19 vaccine
hesitancy. However, thereisalack of research investigating the
factors correlated with PLWHA's vaccine hesitancy through
SEM. Therefore, we designed a survey that investigated factors
associated with COVID-19 vaccine hesitancy among PLWHA
using SEM. Some factors that were reported in the literature
were assessed and included in the model, such as perceived
benefits, perceived risks, self-efficacy, and subjective norms.
The findings of the study aimed to provide valuable evidence
for a deep understanding of COVID-19 vaccine hesitancy,
therefore contribute to policy making and programming efforts
with the goals of addressing vaccine hesitancy and promoting
COVID-19 vaccination among PLWHA.

Methods

Study Design

The study used a multicenter cross-sectional design and an
online survey mode. Recruitment was conducted in 5 large cities
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from 4 regions of China between January 2021 and February
2021. Thesecitiesincluded 2 in the North (Tianjin and Beijing),
1 in the Northeast (Hohhot), 1 in the East (Nanjing), and 1 in
the South (Nanning). To achieve the study objectives, we have
set up the following criteria for cities to be quaified and
included in this study: (1) must have community-based
organizations (CBOs) providing servicesto PLWHA; (2) each
city has a minimum of 3000 reported PLWHA; (3) COVID-19
vaccination was first scaled up in these sites; and (4) there is
an adequate supply of vaccinesin these sites.

We used 2 methods to calcul ate the sample size.

The first one was based on the estimation of the rate of
COVID-19 vaccine hesitancy among the PLWHA population
based on the clustering sample method. According to a
cross-sectional study conducted in Beijing, China, the rate of
COVID-19 vaccine hesitancy of the PLWHA population was
27.5% [16]. We first estimated the sample size using the
following sample size formula from a simple randomized
sampling method. The a isthe significancelevel; if a was0.05,
Z4.4» could be assumed to be 1.96. d isthe allowable error, and
was considered to be 0.05. The p, or the estimated COVID
hesitancy rate in the PLWHA population, was considered to be
27.5%. Then, we used the design effect (deff) to further calculate
the sample size based on a clustering sampling method. The
deff was defined asthe ratio of the variance, taking into account
the clustering sample design and the variance of a simple
random sample design with the same number of observations,
deff was considered to be 2 based on previous studies [27-29].
Eventually, a sample size of 613 was initially generated based
on a clustering sample study design. A minimum sample size
of 852 was acquired after taking into consideration the no
response rate of participants (20%) and the portion of
unacceptable responses (10%). The sample size formula was

expressed as:
E

For the second sampl e size calculation, Nunnally [30] believed
that the minimum sample size should be at least 10 times the
analyzed variables to conduct a SEM analysis. There are 23
variables in this study without considering background
characteristics, so a sample size of 230 was initially needed. A
minimum sample size of 320 was acquired after taking into
consideration the no response rate of participants (20%) and the
portion of unacceptable responses (10%).

Last, we used 852 as the minimum sample size of this study.

Participants

Eligible participants were individuals aged 18-65 years who
had been diagnosed with HIV or AIDS and wereliving in 1 of
the 5 cities. Exclusion criteriaincluded (1) being illiterate and
unable to complete the online questionnaire and (2) PLWHA
who had been vaccinated against COVID-19.

Recruitment and Data Collection

We recruited participants mainly through CBOs, which provide
services mainly to PLWHA and have been cooperating closely
with HIV clinical service providersinthe 5 study sites. In China,
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HIV outreach services to PLWHA have been transferred from
government agencies to CBOs [31]. At present, CBOs are the
primary providers of these routine tasks. In addition, a large
portion of PLWHAsisfollowed up by CBOs. The questionnaire
survey was carried out using Golden Data, a commonly used,
encrypted, web-based survey platform. Each participant took
about 13-15 minutes to complete this survey. An electronic
coupon with avalue of 20 Chinese yuan (US $3.10) was sent
to the participant upon completion. The database we used was
protected by a password and could only be accessed by
designated research team members. More detailed information
about recruitment and data collection can be found in
Multimedia Appendix 1.

Instrumentation

A panel consisting of public health researchers, psychologists,
clinicians, CBO staff, and participant representatives was
assembled to develop the questionnaire for the study. Ten
participant representatives responded to the online survey and
provided feedback for improvement. The pand revised and
finalized the questionnaire based on the pilot responses and the
feedback. The 10 participants were not included in the final
analyses of the study.

The questionnaire included the following sections. (1)
background characteristics (eg, including sociodemographic
characteristics, presence of chronic conditions, history of other
vaccination in the past 3 years, HIV disease information), (2)
vaccine hesitancy, (3) perceived risks, (4) self-efficacy, (5)
perceived benefits, and (6) subjective norms. Constructs (2) to
(6) were assessed using a 5-point Likert scale. Latent variables
that may have direct or indirect relationships with COVID-19
vaccine hesitancy were also measured according to the
hypotheses.

In this study, vaccination hesitancy was defined as the
proportion of respondents who reported “definitely not” or
“probably not” or “unsure’” to undergo the COVID-19
vaccination program based on arecent peer-reviewed study by
Fisher et al [32].

Study Hypotheses

Based on the literature, we proposed the following study
hypotheses:

« Hypothesis 1: Perceived benefit is negatively associated
with COV1D-19 vaccine hesitancy (the higher the perceived
benefits, the lower the degree of COVID-19 vaccine
hesitancy).

« Hypothesis 2: Perceived risk is positively associated with
COVID-19 vaccine hesitancy (the higher the perceived
risks, the higher the degree of COVID-19 vaccine
hesitancy).

«  Hypothesis 3: Subjective norms are negatively associated
with COV1D-19 vaccine hesitancy (the higher the subjective
norms, the lower the degree of COVID-19 vaccine
hesitancy).

« Hypothesis 4: Self-efficacy is negatively associated with
COVID-19 vaccine hesitancy (the higher the self-efficacy,
the lower the degree of COVID-19 vaccine hesitancy).
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- Hypothesis 5: Self-efficacy is positively associated with
perceived benefits (the higher the self-efficacy, the higher
the degree of perceived benefits).

- Hypothesis 6: Self-efficacy is negatively associated with
perceived risks (the higher the self-efficacy, the lower the
degree of perceived risks).

- Hypothesis 7: Self-efficacy is positively associated with
subjective norms (the higher the self-efficacy, the higher
the degree of subjective norms).

Statistical Analysis

Descriptive statistics were performed to summarize the
background characteristics associated with and frequencies of
COVID-19 vaccine hesitancy. The total average scores and
dimensional average scores for vaccine hesitancy, perceived
benefits, perceived risks, self-efficacy, and subjective norms
were generated. A 1-way ANOVA test was used to identify the
factors predicting COV1D-19 vaccine hesitancy. SPSS software
(version 24.0; IBM Corporation) was used to perform al data
analyses. The significance level was set at a 2-tailed P value of
<.05.

Mode Analysis

First, means and standard deviations were generated to describe
the basic information; skewness and kurtosis were computed
to describe the distribution of the data. Furthermore, we used
Amos 24.0 to construct the SEM and used the nonparametric
percentile bootstrap method of bias correction to test theindirect
relationships.

https://publichealth.jmir.org/2022/6/€33995
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Ethics Approval

Theingtitutional review boards of the Changzhi Medical College
(RT2021003) approved this study. Respondents were informed
that their participation was voluntary, and consent was implied
by completion of the questionnaire.

Results

Background Characteristics

A total of 1883 PLWHA completed the online survey from the
5 metropolitan cities. We excluded 148 participants who had
been vaccinated for COVID-19. A total of 1735 participants
were included in this study. The majority of the participants
were 18-39 years old (1285/1735, 74.06%) and identified
themselves as male (1638/1735, 94.41%; Table 1). In terms of
relationship status, education, and employment status, 67.44%
(1170/1735) of participants were currently single, 62.25%
(1080/1735) had received a college education or higher, and
69.91% (1213/1735) had a full-time job. Only 77.22%
(1339/1735) of the participants had basic health insurance.
Moreover, 17.35% (301/1735) of the participants received their
HIV diagnosis within 1 year prior, 97.58% (1693/1735) of the
participants were on antiretroviral therapy (ART), 70.55%
(1224/1735) reported they had an undetectable viral load, and
46.86% (813/1735) reported their CD4 T cell countswere above
500 cells/pL.
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Table 1. Background characteristics of participants (n=1735).

Yao et a

Sociodemographic characteristics and chronic disease and HIV-related indicators

Results, n (%)

Age group (years)
18-29
30-39
40-49
=250
Gender at birth
Male
Female
Gender identity
Male
Female
Transgender
Others
Relationship status
Currently single
Cohabited/married with a same-sex partner
Cohabited/married with an opposite-sex partner
Highest education level attained
Junior high or below
Senior high or equivalent
College and above
Employment status
Full-time
Part-time/unemployed/retired/students/others
Monthly personal income (Chinese yuan/US $)
No fixed income
<1000/154
1000-2999/154-462
3000-4999/462-770
5000-6999/770-1078
7000-9999/1078-1540)
>10,000/1540)
Type of health insurance
No
Basic health insurance only
Commercia health insurance only
Both basic and commercial health insurance
Others
Study site
Beijing
Tianjin

Nanjing

523 (30.14)
762 (43.92)
325 (18.73)
125 (7.20)

1638 (94.41)
97 (5.59)

1420 (81.84)
164 (9.45)
146 (8.41)
5(0.29)

1170 (67.44)
236 (13.60)
329 (18.96)

277 (15.97)
378 (21.79)
1080 (62.25)

1213 (69.91)
522 (30.09)

204 (11.76)
94 (5.42)

230 (13.26)
501 (28.88)
338(19.48)
174 (10.03)
194 (11.18)

197 (11.35)
1339 (77.18)
35(2.02)
157 (9.05)
7(0.40)

495 (28.53)
320 (18.44)
313 (18.04)
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Sociodemographic characteristics and chronic disease and HIV-related indicators

Results, n (%)

Hohhot
Nanning
Current tobacco use
No
Yes
Current alcohol use
No
Yes
Self-reported BM1 (kg/m?)
<185
18.5-23.9
24.0-27.9
>28
Presence of chronic disease conditions (not including HI1V)
No
Yes
Medication usefor treating chronic diseases (not including HIV)
No
Yes
History of other vaccinationsin the past 3 years
No
Yes
Timesince HIV diagnosis (years)
<1
2-5
>5
On antiretroviral therapy
No
Yes
HIV viral load in the most recent episode of testing (copies/mL)
Undetectable (<50)
Detectable (=50)

Not sure

CD4+ T cell count in the most recent episode of testing, cellsmm?3
>500
350-499
200-349
<200

Unknown

315 (18.16)
292 (16.83)

1253 (72.22)
482 (27.78)

1395 (80.40)
340 (19.60)

155 (8.93)
1128 (65.01)
364 (20.98)
88 (5.07)

1157 (66.69)
578 (33.31)

1639 (94.47)
96 (5.53)

1324 (76.31)
411 (23.69)

301 (17.35)
806 (46.46)
628 (36.20)

42 (2.42)
1693 (97.58)

1224 (70.55)
197 (11.35)
314 (18.10)

813 (46.86)
354 (20.40)
177 (10.20)
59 (3.40)

332 (19.14)

Attitudes Toward COVID-19 Vaccines

Regarding the responses to the statement “the likelihood of
receiving free COVID-19 vaccination in the future,” 58.4%
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(1013/1735) of the participants responded that they would
accept. Only 2.2% (38/1735) of the participants responded that
they would definitely not get vaccinated, 6.7% (116/1735) of
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the participants said they would probably not get vaccinated,
and 32.7% (568/1735) of the participants said they were unsure.
Intotal, 41.6% (722/1735) of participants had vaccine hesitancy
(Table S1 in Multimedia Appendix 2).

Among the 722 participants who hesitated to be vaccinated,
when they were asked about factors affecting their vaccine
willingness, a majority (482/722, 66.8%) of participants
demonstrated concerns about a possible influence on ART, and
65% (469/722) had concerns about a possibleinfluence on HIV
disease tatus, that is the HIV disease would progress
abnormally, including arebound of viral load, or a decrease of

Yao et a

absolute CD4+ T cell counts after COVID-19 vaccination.
Moreover, 57.6% (416/722) of participants had concerns about
the possible side effects of the COVID-19 vaccine. Nearly
one-half of the participants (332/722, 46%) demonstrated fear
of HIV disclosure. Many participants (308/722, 42.7%) had
concernsthat ART might affect the effectiveness of the vaccine,
40.3% (291/722) of participants worried that their HIV status
might affect the effectiveness of the vaccine, and 22.9%
(165/722) had concerns about the vaccine effectiveness alone.
A small number of participants (15/722, 2.1%) reported other
factorsthat were associated with their vaccine hesitancy (Figure
1).

Figure 1. Self-reported reasons of COVID-19 vaccine hesitancy in people living with HIV/AIDS (PLWHA; n=722). ART: antiretroviral therapy.
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The factors affecting vaccination

Vaccine Hesitancy and Background Char acteristics

A 1-way ANOVA was used to assess differencesin COVID-19
vaccine hesitancy scores among participants with different
demographic characteristics. Compared with the group aged
18-29 years old, participants over 29 years old were more
hesitant to get the COVID-19 vaccine (P=.009; Table S2 in
Multimedia Appendix 2). Participants who had chronic diseases
or achronic disease history were more hesitant than those who
did not have (PLWHA without chronic diseases. 2.62 vs
PLWHA with chronic diseases or history: 2.42; P<.001).
PLWHA who did not have other vaccinationsin the past 3 years
were more hesitant than the ones who did (eg, without other
vaccinations: 2.35 vs with other vaccinations: 2.21; P=.01).

https://publichealth.jmir.org/2022/6/€33995

The significant variables in the univariate analyses were
included in the multiplelinear regression model. Multiplelinear
regression analyses identified that the tolerance of independent
variableswas greater than 0.1, and the variance expansion factor
ranged from 1.01 to 1.40. All werelessthan 10, which indicated
there was no multicollinearity and the results of the linear
regression model were reliable.

Theresultsof the multivariate linear regression analyses showed
that, in general, older age (except for the group aged 40-49
years) was positively associated with COVID-19 vaccine
hesitancy. Having received another vaccination in the past 3
years was negatively correlated with COVID-19 vaccine
hesitancy (f=—0.07, P=.01; Table 2). Having chronic diseases
or a chronic disease history was positively correlated with
COVID-19 vaccine hesitancy (=2.77, P=.01).
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Table 2. Multivariate analyses of vaccine hesitancy by background characteristics.

Characteristics Unstandardized coefficient Standardized coefficient (B) tvalue(df) Pvalue  Collinearity statistics
B SE Tolerance VIF2
Intercept 2.22 0.04 N/AD 50.23 <001  N/A N/A
Age (years)
18-29 Ref® Ref Ref Ref (3) Ref Ref Ref
30-39 0.12 0.05 0.06 223(1) .03 0.71 1.40
40-49 0.10 0.07 0.04 1.47 (1) 14 0.73 1.37
=250 0.23 0.10 0.06 235(1) .02 0.83 1.20
Presence of chronicdiss  0.14 0.05 0.07 277 (1) .01 0.93 1.07
ease conditions
History of other vaccina= —0.15 0.05 -0.07 -2.86 (1) <.001 1.00 101

tionsin the past 3 years

3/|F: variance inflation factor.
BNI/A: not applicable.
CRef: reference.

Correlation Matrix

The results showed a negative correlation between perceived
benefits and vaccine hesitancy and a positive correlation
between perceived risks and vaccine hesitancy (both P<.001,
Table S3 in Multimedia Appendix 2). Self-efficacy and
subjective norms were negatively correlated with vaccine
hesitancy (both P<.001).

M easurement Scores

Generally, when the absolute value of the skewness coefficient
of an observation variable is <3 and the absolute value of the
kurtosis coefficient is <8, the data can be regarded as having a
normal distribution. According to the kurtosis results (from
—1.29 to 1.45) and skewness (from —1.23 to 0.72), the study
data were normally distributed.

The mean self-efficacy score was the lowest of al indicators;
in other words, participants confidence of COVID-19
vaccination was generaly low. The mean perceived risk was
the highest. In addition, the concern about HIV disclosure
showed the highest mean score among al perceived risks.
Moreover, PLWHA would accept the suggestions of family
members on  COVID-19  vaccination. However,
recommendations from a HIV-positive peer and medical
professionals had less influence on the acceptance of a
COVID-19 vaccine (Table $4 in Multimedia Appendix 2).

https://publichealth.jmir.org/2022/6/€33995

Results of Confirmatory Factor Analysisand SEM

Thisstudy hypothesized that perceived risks, perceived benefits,
self-efficacy, and subjective norms were associated with
COVID-19 vaccine hesitancy; therefore, these 4 factors were
included in the SEM to explore their direct or indirect
relationships with vaccine hesitancy.

Confirmatory Factor Analysis

Confirmatory factor analysis was used to confirm that each
latent factor was being measured appropriately. We used the
root mean square error of approximation, normed fit index
(NFI), incremental fit index (IFI), Tucker-Lewis index (TLI),
and comparative fit index (CFl) to assess whether the model
wasfit appropriately. Thevaluesof NFI, IFI, TLI, and CFl were
0.93, 0.94, 0.93, and 0.94, respectively (al >0.90). The results
showed that the hypothesized model had an adequate fit (Table
S5 in Multimedia Appendix 2).

Table 3 showed that the factor loadings for the items were
between 0.52 and 0.92 (above 0.5), and the Cronbach a values
were between 0.85 and 0.92. It indicated that this online survey
had good reliability. The average variance extracted (AVE) and
the construct reliability were above 0.5 and 0.7, respectively,
which indicated that the convergent validity and internal
consistency of this survey were good. According to the
discriminant validity analysis, all square roots of AVE were
higher than the correlation values, which indicated a good
evaluation (Table 4).
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Table 3. Results of reliability and convergent validity analyses.
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Congiructsanditems  Measures Estimate P value Cronbach o AVE2 CR®
Per ceived benefits 0.86 0.53 0.87
PB1 COVID-19vaccinationiseffectiveinimprov-  0.65 <.001
ing immune function.
PB2 COVID-19 vaccination is effectivein reduc-  0.75 <.001
ing your risk of SARS-CoV-2 infection.
PB3 COVID-19 vaccination is effectivein reduc-  0.86 <.001
ing mortality caused by COVID-19.
PB4 COVID-19 vaccination is effectivein reduc-  0.81 <.001
ing the severity of COVID-19.
PB5 COVID-19 vaccination is effectivein reduc-  0.70 <.001
ing therisk of spreading.
PB6 Getting COVID-19 vaccination can makeyou 0.52 <.001
feel relieved.
Perceived risks 0.90 0.58 0.91
PR1 COVID-19 vaccination has severe sideef-  0.81 <.001
fects.
PR2 COVID-19 vaccination uptake has asignifi-  0.76 <.001
cant negative influence on the effectiveness
of ARTS,
PR3 COVID-19 vaccination uptake can reduce  0.70 <.001
immunity.
PR4 You have concernsabout therisk of exposing  0.69 <.001
your PLWHAY identity when taking up the
COVID-19 vaccine.
PR5 COVID-19 vaccination uptake can bring 0.84 <.001
trouble/psychological pressure.
PR6 COVID-19 vaccination uptake may not pro- 0.80 <.001
duce protective antibodies due to HIV infec-
tion.
PR7 The side effects of COVID-19 vaccination ~ 0.70 <.001
are severer for PLWHA than those without
HIV infection.
Self-efficacy 0.92 0.70 0.92
SFE1 Youwill take up the COVID-19 vaccineeven 0.79 <.001
if it interrupts your daily routine.
SFE2 You will get the COVID-19 vaccine even 0.81 <.001
when you do not feel well.
SFE3 You will get the COVID-19 vaccineevenif  0.92 <.001
the side effectswould affect your daily activ-
ities.
SFE4 You will get the COVID-19 vaccineevenif  0.84 <.001
HIV infection would reduce its effectiveness.
SFE5 You will get the COVID-19 vaccineevenif  0.82 <.001
it reduces the effectiveness of ART.
Subjective norms 0.85 0.60 0.86
SN1 Your family memberswill support youtoget 0.88 <.001
the COVID-19 vaccine.
SN2 Your HIV-infected friends will supportyou 0.84 <.001
to get the COVID-19 vaccine.
SN3 Medical professionalswill support youtoget 0.74 <.001

the COVID-19 vaccine.
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Congtructsanditems  Measures Estimate P value Cronbach o AVE?R CRP
SN4 CBO® workerswill support youto getthe ~ 0-62 <.001
COVID-19 vaccine.
BAVE: average variance extracted.
bCR: construct reliability.
CART: antiretrovira therapy.
dPLWHA.: person living with HIV/AIDS.
€CBO: community-based organization.
Table 4. Display discriminant validity analysis.
Constructs Perceived benefits Perceived risks Self-efficacy Subjective norms
Perceived benefits 0.53 0.32 0.34 0.19
Perceived risks 0.32 0.58 -0.16 -0.19
Self-efficacy 0.34 -0.16 0.70 041
Subjective norms 0.19 -0.19 0.41 0.60
The square root of AVE® 0.72 0.76 0.84 0.78

8AVE: average variance extracted.

Structural Equation Modeling

Table 5 shows that the results supported hypothesis 1 (H1) to
hypothesis 7 (H7). In other words, respondents who had higher
perceived benefits, lower perceived risks, higher self-efficacy,
and more support from social networks were more willing to
receive the COVID-19 vaccine or were less hesitant to be
vaccinated against COVID-19. Perceived benefits, perceived
risks, and subjective normsyielded significant direct effectson
self-efficacy (B=0.35; P=-0.25; (=0.30, respectively; all
P<.001). The relationship between perceived benefits and

Table 5. Estimation results of the COVID-19 vaccine hesitancy model.

vaccine hesitancy was partialy mediated by self-efficacy
(B=0.03, P<.001). Therelationship between perceived risksand
vaccine hesitancy also was partially mediated by self-efficacy
(B=0.08, P<.001). Similarly, the rel ationship between subjective
norms and vaccine hesitancy was partially mediated by
self-efficacy (3=—0.29, P<.001). Furthermore, there were direct
relationships between perceived benefits, perceived risks, and
subjective norms and COVID-19 vaccine hesitancy (f=—0.15;
[3=—0.08; B=-0.29; B=-0.20, respectively; al P<.001). SEM
results are visualized in Figure 2.

Hypothesis U_nstandardized path coeffi- S_tandardi zed path coeffi- SE CR? P vaue Support
cient cient
H1:PRP-VHC -0.17 -0.15 0.03 -5.33 <.001 Yes
H2-PRL-VH 0.07 0.08 0.02 2.96 <.001 Yes
H3:SNE&VH -0.44 -0.29 0.04 -11.00 .003 Yes
H4:SFE-VH -0.17 -0.20 0.02 -7.37 <.001 Yes
H5:PB-SFE 0.49 0.35 0.00 12.20 <.001 Yes
H6:PR-SFE -0.24 -0.22 0.03 -8.21 <.001 Yes
H7:SN-SFE 0.56 0.30 0.05 11.72 <.001 Yes
8CR: critical ratio.

bpB: perceived benefits.
SV H: vaccine hesitancy.
IpR: perceived risk.
€SN: subjective norms.
fSFE: self-efficacy.
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Figure 2. Structural equation modeling results on relationships of perceived benefits (PB), perceived risks (PR), subjective norms (SN), self-efficacy

(SFE), and COVID-19 vaccine hesitancy (VH).

Discussion

Principal Findings

This study utilized SEM to investigate relationships among
perceived benefits, perceived risks, self-efficacy, subjective
norms, and COVID-19 vaccine hesitancy. The study found a
high COVID-19 vaccine hesitancy rate among PLWHA in
China. Factors associated with vaccine hesitancy were age, a
history of chronic diseases, and other vaccinations in the past
3 years. In addition, confidence in COVID-19 vaccination
showed the lowest mean of all measured indicators, while
perceived risks had the highest mean score. People were highly
concerned about possible HIV disclosure during the COVID-19
vaccination. The findings of this study provided valuable
information on designing a COVID-19 vaccination campaign
addressing possible barriers and improving COVID-19
acceptance among PLWHA.

In this study, 41.61% (722/1735) of participants reported
COVID-19 vaccine hesitancy. The rate was higher than the
result of 16.4% generated by a previous nationwide online
survey in China [33]. Although the updated Chinese guideline
included PLWHA for COVID-19 vaccination, PLWHA might

https://publichealth.jmir.org/2022/6/€33995
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have ahigher vaccine hesitancy rate than the general population
because of concerns about HIV disclosure, interactions with
ART and HIV disease, side effects, and others. Moreover, the
vaccine hesitancy rate was higher than that of PLWHA in other
nations and regions. Various factors might contribute to the
difference, such as sociocultural factors, national policy and
guidance, and types of vaccines.

This study found that vaccine hesitancy was associated with
age, and the relationship showed an inverted U-shaped curve.
Except for the group aged 40-49 years, older partici pants showed
higher vaccine hesitancy than the younger group. This finding
was consistent with a recent French study [34]. Moreover, we
found other vaccinations in the past 3 years and a history of
chronic diseases were significant predictors of COVID-19
vaccine hesitancy. PLWHA who did not have other vaccinations
in the past 3 years and had a history of chronic diseases were
more hesitant be vaccinated against COVID-19. The findings
could help promote COVID-19 vaccination among PLWHA.
More detailed guidelines on COVID-19 vaccination for people
with chronic diseases could be widely disseminated to the public
and health care providers. PLWHA and HIV doctors must work
on managing chronic diseases and eliminating concerns on
COVID-19 vaccination.
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We found perceived benefits, perceived risks, and subjective
norms yielded significant direct effects on self-efficacy and
COVID-19 vaccine hesitancy. The relationships between
perceived benefits, perceived risks, subjective norms, and
vaccine hesitancy were partially mediated by self-efficacy. The
SEM results showed that the higher the perceived benefits, the
higher the self-efficacy and the lower the degree of hesitation.
Therefore, in order to reduce vaccine hesitation in PLWHA, an
education campaign could be devel oped to provide evidence of
the safety and effectiveness of the vaccine, highlighting the
latest COVID-19 vaccination guidelines for PLWHA, and
informing about the benefits of COVID-19 vaccination from
both population and individual perspectives. Previous studies
also have highlighted that the safety and efficacy of the
COVID-19 vaccine were associated with individuals vaccine
hesitancy [35,36].

Perceived risks included participants' perceptions on vaccine
safety and the fear of HIV disclosure. The SEM results showed
that the higher the perceived risks, the lower the self-efficacy
and the higher the degree of hesitation. Moreover, the fear of
HIV disclosure during COVID-19 vaccination was a major
concern. HIV stigmaexists, and people might hesitateto disclose
their HIV status when they receive a COVID-19 vaccine.
Unintentional HIV disclosure and related stigmamight aggravate
their psychological burden [8,37,38]. Some strategies could be
proposed to address COVD-19 vaccine hesitancy; for example,
HIV clinicscould collaborate with COV1D-19 vaccination sites
to provide COVID-19 vaccines to PLWHA. Health care
providers at COVID-19 vaccination sites could underline and
inform people about a protocol while protecting individuas
information and privacy.

Subjective norms included the support of family members,
HIV-infected friends, medical professionals, and CBO workers.
The SEM analysis results showed that, with a higher score for
subjective norms, the higher the self-efficacy and the lower the
degree of hesitation. PLWHA would prefer to accept suggestions
regarding COVID-19 vaccination from the support of their
family members. On the other hand, the support of an
HIV-positive person and medical professionals showed less

Yao et a

influence on PLWHA’s decision making. It showed that
PLWHA need the strength of their families. COVID-19
vaccination programs based on PLWHA families could be
implemented to improve self-efficacy and reduce vaccine
hesitancy in PLWHA through family support and mobilization.
Although professional medical providers were one of the most
trusted groups that could influence vaccine decision making
[39], PLWHA could distrust medical staff because of
HIV-related stigma and other reasons [40].

Thisstudy had limitations. First, thiswas across-sectional study,
so no causality was established. Second, this survey was
conducted in PLWHA from 5 large Chinese cities; therefore,
the results may not be generalizable to PLWHA in China as
COVID-19 vaccine availability, COVID-19 vaccine education,
and regional policies and programs might be different among
citiesand regions. Third, because most of the reported PLWHAS
in the 5 selected cities were male, the participants were also
majority male. Thismay influence medical hesitancy, aswomen
aremorelikely to access medical care. Fourth, because policies
and guidelines related to the COVID-19 vaccine have been
changing frequently, people's attitudes about COVID-19
vaccination may vary. Therefore, the findings were sensitive to
some factors, such as politicd and vaccine-related
circumstances. Fifth, most measurements in this study were
self-constructed and adopted from existing measurements in
the general population. Theinternal validity of these scaleswas
acceptable. However, external validation datawere unavailable.
Finally, this study did not use random sampling based on the
sampling framework, which cannot represent the current
situation regarding the vaccination willingness of the entire
PLWHA population in China. The extrapolation of the research
results needs to be cautious.

Conclusions

COVID-19 vaccine hesitancy was high among PLWHA in
China. To reduce vaccine hesitation and increase vaccine
coverage in PLWHA, social sectors, health facilities, and local
communities must work on joint efforts and collaborations to
implement strategies and programs that increase COVID-19
vaccination efficacy and eliminate barriers.
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Abstract

Background: Mobile phone ownership among women of reproductive age in western Kenya is not well described, and our
understanding of its link with care-seeking behaviors is nascent. Understanding access to and use of mobile phones among this
population as well as willingness to participate in mobile health interventions are important in improving and more effectively
implementing mobile health strategies.

Objective: This study aims to describe patterns of maobile phone ownership and use among women attending cervical cancer
screening and to identify key considerations for the use of SM'S text message—guided linkage to treatment strategies and other
programmatic implications for cervical cancer screening in Kenya.

Methods: This analysis was nested within a cluster randomized trial evaluating various strategies for human papillomavirus
(HPV)—based cervical cancer screening and prevention in arural areain western Kenya between February and November 2018.
A total of 3299 women were surveyed at thetime of screening and treatment. Questionnairesincluded items detailing demographics,
health history, prior care-seeking behaviors, and patterns of mobile phone ownership and use. We used bivariate and multivariable
log-binomial regression to analyze associations between independent variables and treatment uptake among women testing
positive for high-risk HPV.

Results: Rates of mobile phone ownership (2351/3299, 71.26%) and reported daily use (2441/3299, 73.99%) were high among
women. Most women (1953/3277, 59.59%) were comfortabl e receiving their screening results via SM S text messages, although
the most commonly preferred method of notification was via phone calls. Higher levels of education (risk ratio 1.23, 95% CI
1.02-1.50), missing work to attend screening (risk ratio 1.29, 95% CI 1.10-1.52), and previous cervical cancer screening (risk
ratio 1.27, 95% Cl 1.05-1.55) were significantly associated with a higher risk of attending treatment after testing high-risk
HPV—positive, although the rates of overall treatment uptake remained low (278/551, 50.5%) among this population. Those who
shared a mobile phone with their partner or spouse were less likely to attend treatment than those who owned a phone (adjusted
risk ratio 0.69, 95% CI 0.46-1.05). Treatment uptake did not vary significantly according to the type of notification method, which
were SM S text message, phone call, or home visit.

Conclusions: Although the rates of mobile phone ownership and use among women in western Kenya are high, we found that

individual preferencesfor communication of messages about HPV results and treatment varied and that treatment rates were low
across the entire cohort, with no difference by modality (SMS text message, phone call, or home visit). Therefore, athough
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text-based results performed as well as phone calls and home visits, our findings highlight the need for more work to tailor
communication about HPV results and support women as they navigate the follow-up process.

(JMIR Public Health Surveill 2022;8(6):€28885) doi:10.2196/28885
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Introduction

Background

Cervical cancer disproportionately affects women in low- and
middle-income countries (LMICs). It isthe fourth most common
cancer worldwide [1], with nearly 90% of cervica
cancer—elated deaths occurring in LMICs [1-3]. The vast
majority of these deaths are preventable, as advances in
screening methodologies, including cytology-based testing,
have hel ped to decrease cervical cancer mortality in high-income
countries [4,5]. Although the World Health Organization has
recommended simplified and lower-cost screening strategies
for LMICs, many countries such as Kenya till face a range of
challenges in implementing and scaling cervical cancer
prevention programs. These challenges include low numbers
of trained health care providers, lack of physical and financia
resources, complicated screening logistics, low community
awareness of disease risk and screening opportunities, and
personal health beliefs [6,7]. According to Kenya's 2014
Demographic and Health Surveys (DHS), only 14% of women
surveyed had ever been screened for cervical cancer; however,
the country experiences the highest cervical cancer incidence
rate within the East African region (33.8 per 100,000 women)
and one of the highest in the world [1,8]. Thus, new and
innovative approaches are required to overcome the current
shortcomings in screening and linkage to treatment.

Human papillomavirus (HPV)—-based screening, recently
endorsed by the World Health Organization for use in
screen-and-treat strategiesin LMICs [9], can be collected via
self-sampling, facilitating the decentralization of care from
hedlth facilitiesinto community settings. In addition, HPV-based
screening can be offered by nonphysician clinicians. Thiscould
increasethe availability and acceptance of testing among women
in low-resource settings. However, to be effective, HPV-based
screening programs must be accompanied by effective
counseling and education and electronic tracking systems for
laboratory results and patient follow-up. One strategy to bridge
these system-, provider-, and patient-level gaps is through the
use of mobile phone technology. Mobile phone-based health
(mobile health [mHealth]) interventions appear to be promising
solutions to many of the infrastructure- and access-related
challengesfaced by L MICsand nonurban communities[10,11].
Many approaches to using telecommunications technology,
including the collection of client data, medication adherence
notifications, service reminders, and knowledge sharing
campaigns, have been implemented in a variety of settings
[12-15].

The efficacy of mHealth interventions relies, in part, on the
level of accessto and ownership of mobile phonesamong target
populations. Improvements in cell phone network capability,

https://publichealth.jmir.org/2022/6/€28885

decreasing costs of mobile phone ownership, and urbanization
have led to growing mobile phone ownership throughout
sub-Saharan Africa[16,17]. In recent decades, there has been
a significant increase in mobile phone access in Kenya, with
mobile subscription rates increasing from 0.02 to 86.1 per 100
people between 1997 and 2017 [16,18,19]. However, disparities
in cell phone ownership and access by gender, residence type
(urban or rural), educational attainment, and wealth remain [20].
Women constitute more than half of those currently unreached
by the mobile phone market, and those who are poorer and less
educated tend to be even less connected [21,22]. An analysis
of mobile phone access from Kenya's 2014 DHS revealed that
86.7% of women reported having a mobile phone in their
household but did not provide insight into personal ownership,
which is important to consider if potentially sensitive
information isto be shared during an mHealth intervention [23].
M obile phone ownership among women of reproductive agein
western Kenyais not well described, and our understanding of
its link with care-seeking behaviors is nascent. Understanding
access to and use of mobile phones among this population as
well as willingness to participate in mHealth interventions is
important in improving and more effectively implementing
mHealth strategies.

A recent cluster randomized trial in rural western Kenya showed
that HPV testing via self-collection within community health
campaigns (CHCs) was an acceptabl e and well -attended strategy
for cervical cancer screening. However, the study found that
treatment uptake among HPV-positive women was <50% [24].
Consequently, we used an enhanced strategy to link women to
treatment, which used SM'S text messages to provide women
with screening results, educational content, and treatment
reminders.

Study Objectives

The objectives of this study were (1) to describe patterns of
mobile phone ownership and use among women attending
cervical cancer screening, (2) to identify key considerationsfor
the use of SMS text message—guided linkage to treatment
strategies and other programmatic implications for cervical
cancer screening in Kenya, and (3) to determine whether mobile
phone ownership or the method of results notification are
independent predictors of treatment uptake among women who
tested positive for HPV.

Methods

Study Setting and Sample

This analysis was nested within a cluster randomized tria
evaluating various strategies for HPV-based cervical cancer
screening and prevention in arural area of western Kenya[24].
The cluster randomized trial enrolled women €ligible for
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screening based on the Kenya Ministry of Health guidelines
(aged 25-65 years with an intact uterus and cervix). High-risk
human papillomavirus (hrHPV)—based screening was offered
free of charge via self-sampling to women in health facilities
or CHCs. To address levels of treatment uptake of <50%, the
study staff engaged key stakeholders to develop an enhanced
linkage-to-treatment ~ strategy. The strategy included
decentralized treatment sites with increased frequency and
educational content via mobile phone messaging for women
who had been screened for HPV. This study analyzed mobile
phone ownership data and treatment uptake from the trial after
the implementation of the enhanced strategy, which was
identical across arms.

Study Design

A total of 6 CHCs were conducted in Migori County, Kenya,
between February and November 2018. Each CHC lasted 2
weeks and took place at different sites around the community
with a predetermined schedule that was promoted during
community mobilization. After self-collection and laboratory
processing, the study staff notified women of their results via
their preferred notification method: phone calls, SMS text
messages, or home visits. Those who tested positive for hrHPV
were referred to atreatment site deemed most accessible based
on their community, where cryotherapy was available 5 days
per week at no charge to the participants.

Data for this anaysis originated from questionnaires
administered at the time of screening and treatment (Multimedia
Appendices 1 and 2). After informed consent was obtained,
trained study staff verbally delivered the questionnaires and
recorded participant responses el ectronically with tabletsusing
OpenDataKit. The questionnaires included items detailing
demographics, health history, prior care-seeking behaviors, and
patterns of mobile phone ownership and use. Methods for data
privacy and storage as well as specimen collection and storage
have been described elsewhere [24].

Quantitative Analysis

Women who attended one of the CHCs during the study period,
consented to participate, completed the prescreening
guestionnaire, and were screened wereincluded in thisanalysis.
Basic descriptive statistics were used to characterize the study
population. These included frequencies and percentages of
demographic factors. In addition, we analyzed factors related
to the implementation of SM S text messaging in screening and
treatment strategies and their association with mobile phone
ownership, compared using the chi-square test of independence.
We considered women who reported personal ownership of
their most frequently used mobile phone as mobile phone owners
and those who did not report personal ownership but did report
the use of a mabile phone as mobile phone sharers. Women
who reported never having used amobile phone were considered
as nonusers. We carried out bivariate log-binomial regression
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to analyze associ ations between independent variables, including
mobile phone ownership and chosen method of result
notification, and the main outcome variable, attendance at
treatment after having screened positive for hrHPV. We
dichotomized treatment attendance, defined as attending a
designated treatment facility within 3 months (not self-reported),
as no=0 (did not attend treatment) and yes=1 (attended or
attempted treatment). This distinction was made regardless of
whether participants actually received treatment, as some were
deemed ineligible for treatment because of pregnancy at the
time of presentation, menses, or suspicion of cervical cancer.
To control for potential confounding factors, age and all
variables associated with the outcome (significant at the P<.10
level) inthe bivariate analysiswereincluded in the multivariable
log-binomial regression analyses. We reported adjusted risk
ratios and 95% CI resulting from multivariable log-binomial
regression analysis and considered statistical significance at the
5% significance level (two-sided P<.05) for al tests. All
aforementioned analyses were performed using STATA/SE 17
software (Stata Corporation).

Ethics Approval

We obtained ethics approval for this study from the ethics
review unit of the Kenya Medical Research Institute (protocol
#2918) and the ingtitutional review board of Duke University
(protocol #Pro00077442). The parent cluster randomized trial
was registered at ClinicaTrials.gov (NCT02124252). All
participants provided written consent at the time of screening.
The participants provided verbal affirmation during al follow-up
visits.

Results

Overal, 3299 women attended and were screened for HPV at
one of the study CHCs. The average age was 38.2 (SD 11.3)
years, with 60.02% (1980/3299) of the women aged between
25 and 39 years (Table 1). A large mgjority of the participants
(2779/3299, 84.24%) reported having a primary school
education or less, and very few participants (102/3299, 3.09%)
had completed a collegiate degree. Nearly all women
(3212/3299, 97.36%) who were screened were either married
or widowed, and most (2364/2521, 93.77%) of those who
reported having a partner lived with that person. The majority
of women (1893/3299, 57.38%) worked outside of the home,
and overal, women had an average of 4.9 (SD 2.9) children.
Few women (497/3299, 15.06%) had previously been screened
for cervical cancer, whereas amost al women (3185/3299,
96.54%) had previoudy been tested for HIV, and 24.29%
(773/3182) of women self-reported that they were living with
HIV. Although nearly all women (3252/3299, 98.58%) reported
being sexually active, less than half of them (1328/3299,
40.25%) reported using modern family planning methods. The
overdl hrHPV positivity rate during CHCs was 16.70%
(551/3299; Table 1).
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Table 1. Demographic characteristics of the study population by mobile phone ownership in a prospective study of mobile phone ownership in Migori,
Kenya, between February and November 2018.

Characteristic Total (N=3299) Owners (n=2351) Sharers (n=394) Nonusers (n=554)
Age (years), mean (SD) 38.2(11.3) 38.0(10.9) 35.4(10.9) 40.5 (12.6)
Age (years; n=3295), n (%)

25-29 955 (29) 647 (27.5) 162 (41.1) 146 (26.5)

30-39 1025 (31.1) 765 (32.6) 112 (28.4) 148 (26.8)

40-49 686 (20.8) 520 (22.1) 67 (17.0) 99 (17.9)

50-59 453 (13.8) 312(13.3) 39 (9.9) 102 (18.5)

60-65 176 (5.3) 105 (4.5) 14 (3.6) 57 (10.3)
Relationship status, n (%)

Single 37(1.1) 27(1.1) 5(1.3) 5(0.9)

Single with partner 11 (0.3) 9(0.4) 1(0.2) 1(0.2)

Married 2510 (76.1) 1779 (75.7) 348 (88.3) 383(69.1)

Widowed 702 (21.3) 502 (21.3) 39 (9.9) 161 (29.1)

Separated or divorced 39(1.2) 34(15) 1(0.3) 4(0.7)
Livewith partner (n=2521), n (%)

Yes 2364 (93.8) 1655 (92.6) 341 (97.7) 368 (95.8)

No 157 (6.2) 133 (7.4) 8(2.3) 16 (4.2)
Education level, n (%)

Primary school or less 2779 (84.2) 1900 (80.8) 346 (87.8) 533 (96.2)

Some secondary school 520 (15.8) 451 (19.2) 48 (12.2) 21(3.8)
Work outside of home, n (%)

Yes 1893 (57.4) 1442 (61.3) 194 (49.2) 257 (46.4)

No 1406 (42.6) 909 (38.7) 200 (50.8) 297 (53.6)
Number of children, mean (SD) 4.9(2.9) 4.8(2.8) 48(3.1) 5.4(3.1)
Previous cervical cancer screening, n (%)

Yes 497 (15.1) 413 (17.6) 41(10.4) 43(7.8)

No 2799 (84.8) 1937 (82.4) 353 (89.6) 509 (91.9)

Unsure 3(0.1) 1(0) 0(0) 2(0.3)
Previoustesting for HIV, n (%)

Yes 3185 (96.5) 2288 (97.3) 379 (96.2) 518 (93.5)

No 102 (3.1) 57 (2.4) 14 (3.6) 31 (5.6)

Unsure 12 (0.9) 6(0.3) 1(0.2 5(0.9

HIV status (n=3182)2 n (%)

Positive 773 (24.3) 587 (25.7) 63 (16.6) 123 (23.7)
Negative 2390 (75) 1688 (73.8) 313(82.6) 389 (75.1)
Unsure 19 (0.6) 10 (0.4) 3(0.8) 6(1.2)
Currently using family planning or contraception, n (%)
Yes 1328 (40.3) 996 (42.4) 165 (41.9) 167 (30.1)
No 1921 (58.2) 1323 (56.3) 221 (56.1) 377 (68.1)
Unsure 3(0.2) 2(0.2) 0(0) 1(0.2)
Not sexually active 47 (1.4) 30(1.3) 8(2) 9(1.6)

Human papillomavirusresult, n (%)
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Characteristic Total (N=3299) Owners (n=2351) Sharers (n=394) Nonusers (n=554)
Positive 551 (16.7) 393 (16.7) 66 (16.8) 92 (16.6)
Negative 2748 (83.3) 1958 (83.3) 328(83.2) 462 (83.4)

@A total of 3 participants refused to answer.

Among the 83.21% (2745/3299) of participants who reported
having ever used amabile phone, 85.64% (2351/2745) reported
owning a mobile phone, and 14.31% (394/2745) reported
sharing a mobile phone with their partner, child, family
members, friends, neighbors, or other individuals. Compared
with those who shared or did not use a mobile phone, mobile
phone owners tended to be more highly educated, more
commonly did not live with their partner, worked outside of the
home at a greater proportion, and had fewer children. In
addition, these women demonstrated greater health seeking
behavior, as they had previously screened for HPV, tested for
HIV, and used modern family planning methods at a higher
proportion than mobile phone sharers and nonusers. Proportions
of previous cervical cancer screening, HIV testing, and
contraceptive use were the lowest among women who had never
used a mobile phone. Self-reported HIV-positive status was
more common among those who owned a mobile phone as
compared with those who did not. No appreciable differencein
hrHPV positivity was observed according to mobile phone
ownership (Table 1).

Nearly three-quarters of women who shared their mobile phones
did so with a spouse or partner, whereas few shared with
children, other family members, friends, and neighbors.
Although most women who reported having used a mobile
phone said they used the device 7 days a week, a greater
proportion of mobile phone owners used their device daily when
compared with sharers (Table 2). Frequent technical issueswere
reported by both owners and sharers. A total of 56.81%
(1559/2744) of women reported encountering challenges with
use on a weekly basis, whereas just over approximately 13%
(350/2744) reported daily issues. Approximately 15%
(412/2744) of the participants stated that they never faced
challenges using their device. Nearly two-thirds of women felt
comfortable reading and receiving SM Stext messages, whereas
aquarter said they were unableto do so. Similarly, the majority
of women were comfortable writing and sending SMS text
messages. As expected, comfort with SM S text messages was
not commonly reported by nonusers.

Most women (1953/3277, 59.60%) said that they would be
comfortablereceiving hrHPV test resultsvia SM Stext message,
with 20.48% (671/3277) being very comfortable and 39.12%
(1282/3277) being comfortable. Mobile phone owners and
sharers dominated this majority, as only approximately 14% of
nonusers reported comfort with SMS text message for
notification of results (Table 3). However, when given the choice
between different notification types, only 1 out of 4 women
(25.98%) said that they would prefer to receive their results by
SMS text message if negative, with 22.52% (743/3299) of
women preferring SMS text message if their HPV result was
positive. Of the 3.46% (114/3299) of participants whose
preference for SMS text message changed based on possible
HPV results, the overwhelming majority preferred aphone call
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for their results, whereas very few indicated a preference for
home visitsif their HPV result was positive. SM Stext message
was the only notification method that showed such variation
based on potential screening outcome (Table 3). Preference for
home visit result notification remained the same regardless of
the hypothetical HPV result, whereas the proportion of women
preferring a phone call decreased dlightly if the result was
positive. Regardless of mobile phone ownership, most women
willing to receive results via SMS text message preferred
notifications in Dholuo or English.

Overall, half of the surveyed women preferred to receive a
phone call for results, either positive or negative, with the second
most common method being home visits if positive and SMS
if negative. However, notification method preferences varied
significantly by mobile phone ownership. Nearly all women
who reported personal ownership of a mobile phone preferred
a phone-based method for notification of results (2100/2351,
89.32% if hrHPV-positive, and 2171/2351, 92.34% if
hrHPV-negative). A lower proportion of mobile phone sharers
preferred a phone-based notification (243/394, 61.7% if
hrHPV-positive, and 251/394, 63.7% if hrHPV-negative).
Unsurprisingly, very few nonusers preferred a phone-based
notification (68/554, 12.3% if hrHPV-positive, and 71/554,
12.8% if hrHPV-negative; P<.001 if negative or positive).

In bivariable analysis, at least a secondary education, having
missed work to attend screening, and previous cervical cancer
screening resulted in a significantly higher risk of treatment
uptake (cruderisk ratio 1.23, 95% CI 1.02-1.50; cruderisk ratio
1.29, 95% Cl 1.10-1.52; and crude risk ratio 1.27, 95% Cl
1.05-1.55, respectively; Table 4). In addition, the unadjusted
risk of treatment uptake among women who shared a mobile
phone with their spouse or partner was significantly lower than
that among those who owned their own phone (cruderisk ratio
0.65, 95% Cl 0.43-0.97; Table 5). The unadjusted risk of
treatment uptake was highest among those who received an
SMS text message for result notification, athough not
significantly higher than phone calls or home visits in the
bivariable analysis (Table 6). Number of children, working
outside of the home, use of modern family planning methods,
being told to attend screening by a family member, and
frequency of mobile phone use were not significantly associated
with treatment uptake, and therefore, they were not considered
in multivariable analysis (Table 4). In multivariable analysis,
the risk of treatment uptake for women who shared a mobile
phone with their spouse or partner waslower than that for those
who owned a maobile phone (adjusted risk ratio 0.69, 95% Cl
0.46-1.05); however, the difference was not statistically
significant. There was no appreciable difference in the risk of
treatment uptake between mobile phone owners and nonusers
(Table 5). In addition, when accounting for at | east a secondary
education, having missed work to attend screening, previous
cervical cancer screening, and mobile phone ownership, therisk
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of treatment uptake did not vary significantly by notification type.

Table 2. Patterns of mobile phone ownership and use among women attending community-based cervical cancer screening in a prospective study in
Migori, Kenya, between February and November 2018.

Technology use characteristics Total (N=3299), n (%) Owners (n=2351), n (%) Sharers (n=394), n (%)
Owner of commonly used mobile phone (n=2745)

My own 2351 (85.6) 2351 (100) N/A2

Spouse or partner 288 (10.5) N/A 288 (73.1)

Child 34(12) N/A 34 (8.6)

Other family 30(1.1) N/A 30(7.6)

Others 42 (15) N/A 42 (10.7)
Freguency of mobile phone use among users (n=2745)

<7 days aweek 304 (11.1) 138 (5.9) 166 (42.1)

7 days aweek 2441 (88.9) 2213 (94.1) 228 (57.9)

Frequency of technical issues(n=2744)b

Never 393 (14.3) 346 (14.7) 47 (11.9)
At least once per month 313 (11.4) 274 (11.6) 39(9.9)
At least once per week 1559 (56.8) 1379 (58.7) 180 (45.7)
At least once per day 350 (12.8) 305 (13.0) 45 (11.4)
Unsure 115 (4.2) 35(1.5) 80 (20.3)
Other 15 (0.5) 11 (0.5) 3(0.8)
Comfort reading and receiving SM S text message
Not able 814 (24.7) 384 (16.3) 87 (22.1)
Very uncomfortable 68 (2.1) 39(1.7) 7(1.8)
Uncomfortable 295 (8.9) 149 (6.3) 45 (11.4)
Comfortable 1453 (44.0) 1197 (50.9) 190 (48.2)
Very comfortable 650 (19.7) 580 (24.7) 57 (14.5)
Unsure 19 (0.6) 2(0.1) 8(2.0)

Comfort writing and sending SM S text message (N=3298)b

Not able 912 (27.6) 465 (19.8) 95 (24.1)
Very uncomfortable 68 (2.1) 39(1.7) 6(1.5)
Uncomfortable 372 (11.3) 215(9.2) 54 (13.7)
Comfortable 1275 (38.7) 1046 (44.5) 176 (44.7)
Very comfortable 644 (19.5) 576 (24.5) 55(14.0)
Unsure 27 (0.8) 10 (0.4) 7(1.8)

3N/A: not applicable.
bone participant refused to answer.
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Table 3. Considerations for programmatic implementation and an SM S text message—guided linkage to treatment strategy based on a study of mobile
phone ownership in Migori, Kenya, between February and November 2018.

Programmatic considerations Total (N=3299), n (%) Owners(n=2351),n(%) Sharers (n=394), n (%) Nonusers (n=554), n (%)

Comfort receiving screening results via SM S text message (n=3277)2

Very uncomfortable 327 (10) 153 (6.5) 25(6.3) 149 (27.9)
Uncomfortable 892 (27.2) 508 (21.6) 133(33.8) 251 (47)
Comfortable 1282 (39.1) 1058 (45) 165 (41.2) 59 (11)
Very comfortable 671 (20.5) 604 (25.7) 55 (14) 12(2.2)
Unsure 105 (3.2) 27 (12) 15(3.8) 63 (11.8)

Preferred notification method if HPVb-negativec

SM'S text message 857 (26) 777 (33) 61 (15.5) 19 (3.4)
Phone call 1636 (49.6) 1394 (59.3) 190 (48.2) 52 (9.4)
Home visit 806 (24.4) 180 (7.7) 143 (36.3) 483 (87.2)

Preferred notification method if HPV-positive®

SM S text message 743 (22.5) 666 (28.3) 59 (15) 18 (3.2)

Phone call 1668 (50.6) 1434 (61) 184 (46.7) 50 (9)

Home visit 888 (26.9) 251 (10.7) 151 (38.3) 486 (87.7)
Preferred language of SM S notification (n=897)

English 184 (20.5) 174 (21.5) 7 (10.4) 3(15)

Kiswahili 164 (18.3) 142 (17.5) 20 (29.9) 2(10)

Dholuo 549 (61.2) 494 (61) 40 (59.7) 15 (75)

8A total of 22 participants refused to answer (20 of which were nonusers).
PHPV: human papillomavirus.

CParti cipantswere asked about notification preferences at thetime of screening, beforeknowing their HPV status. These areintended to convey women's
preferencesin the event of a positive or negative result. Thisis not a comparison of method preference based on actual screening results.
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Table 4. Factors associated with treatment uptake in bivariate analysis among women in a prospective study in Migori, Kenya, between February and
November 2018 (n=551).

Characteristic Treatment uptake No treatment uptake Crude risk ratio (95% ClI)
Age (years), mean (SD) 36.4 (10.6) 35.5(10.6) 1.00 (1.00-1.01)
Education level, n (%)

Primary school or less 224 (48.6) 237 (51.4) _a

Some secondary school 54 (60) 36 (40) 1.23 (1.02-1.50)
Number of children, mean (SD) 45 (2.8) 4.1 (2.7) 1.02 (1.00-1.05)

Work outside of home, n (%)

No 110 (46.6) 126 (53.4) —

Yes 168 (53.3) 147 (46.7) 1.14 (0.96-1.36)
Missed work to attend screening, n (%)

No 165 (45.8) 195 (54.2) —

Yes 113 (59.2) 78 (40.8) 1.29(1.10-1.52)
Told by family to attend screening, n (%)

No 96 (46.2) 112 (53.8) —

Yes 182 (53.1) 161 (46.9) 1.15(0.96-1.37)

Previous cervical cancer screening, n (%)

No 228 (48.5) 242 (51.5) —

Yes 50 (61.7) 31(38.3) 1.27 (1.05-1.55)
Currently using family planning or contraception, n (%)

No 151 (49.5) 154 (50.5) —

Yes 124 (52.5) 112 (47.5) 1.06 (0.90-1.25)

Not sexually active 2(22.2) 7(77.8) 0.45 (0.13-1.53)

Freguency of mobile phone use, n (%)

<7 days aweek 18(38.3) 29 (61.7) —
7 days aweek 212 (51.5) 200 (48.5) 1.34(0.92-1.95)
8Reference category.

Table5. Effect of mobile phone ownership on treatment uptake among women in Migori, Kenya, between February and November 2018 (n=551).

Mobile phoneownership  Treatment uptake, n (%) No treatment uptake, n (%) ~Cruderisk ratio (95% CI)  adjusted risk ratio? (95% Cl)

Owners 207 (52.7) 186 (47.3) _b —
Sharers
Spouse or partner 16 (34) 31 (66) 0.65 (0.43-0.97) 0.69 (0.46-1.05)
Other® 7(36.8) 12 (63.2) 0.70 (0.39-1.27) 0.69 (0.38-1.25)
Nonusers 48 (52.2) 44 (47.8) 0.99 (0.80-1.23) 1.06 (0.84-1.32)

3Adjusted for having missed work to attend screening, prior cervical cancer screening, age, and education.
bReference category.
CIncludes children, other family, friends, neighbors, and others.
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Table 6. Effect of notification type on treatment uptake among women in Migori, Kenya, between February and November 2018 (n=551).

Notification type Treatment uptake, n (%)

No treatment uptake, n (%) Cruderisk ratio (95% CI)

Adjusted risk ratio® (95% Cl)

SM S text message 72 (56.3) 56 (43.7)
Phone call 135 (48.7) 142 (51.3)
Home visit 71 (48.6) 75 (51.4)

b —

0.87 (0.71-1.05)
0.86 (0.69-1.08)

0.92 (0.76-1.12)
0.89 (0.67-1.19)

8adjusted for having missed work to attend screening, prior cervical cancer screening, age, education, and mobile phone ownership (owner, sharer, and

nonuser).
bReference category.

Discussion

Principal Findings

This study examined patterns of mobile phone ownership and
use among women screening for cervical cancer in western
Kenya. Mobile phone ownership rates and reported daily use
were high, with more than three-quarters of women having ever
used a mobile phone and =7 in 10 women owning their own
phone. Most women were comfortable receiving their screening
results via SMS text messages, although the most commonly
preferred method of notification was via phone calls. Those
who shared a mobile phone with their spouse or partner were
less likely to attend treatment than those who owned a phone;
however, overall, the method by which women received their
screening results did not significantly impact their treatment
uptake.

Understanding mobile phone ownership and comfort with use
are essential for planning mHealth interventions. We observed
rates of mobile phone ownership and use consistent with similar
studies of women of reproductive age in sub-Saharan Africa,
namely, Ethiopia, Burkina Faso, and Nigeria, which reported
rates between 46% and 77% [25-27]. Although a recent study
from northern Kenya reported mobile phone access at 99%
among a small sample of women (n=104), our results seem
more aligned with an analysis of mobile phone access conducted
by Lee et a [23], who analyzed Kenya's 2014 DHS mobile
phonedatain relation to contraceptive knowledge and use[28].
Thisnationally representative survey of 31,059 women reported
mobile phone access of 87%, which is consistent with our data
[23]. However, women surveyed for the DHS were asked about
household-level access rather than personal-level ownership
[23]. Such a distinction and related differences in women's
access are important to consider, especially given the sensitive
nature of information that may be shared regarding HPV test
results, treatment plans, and posttreatment instructions around
sexual activity. Women who share amobile phone with apartner
or child may be less willing to engage in such interventions
because of fear of unwanted disclosure or breach of privacy.

Many studies have identified links between mobile phone access
and care-seeking behaviors[23,26,27,29]. Although the results
of this study did not show arelationship between mobile phone
ownership and treatment uptake, our data highlight many
important considerations for the use of mHealth interventions.
First, the ability to read, write, send, and receive SMS text
messages among one' starget population isimportant to consider
when designing text-based mHealth interventions. If populations

https://publichealth.jmir.org/2022/6/€28885

have high levels of comfort with such tasks, as demonstrated
by this survey, additional avenues of communication may be
available between clients and providers. In addition to the
unidirectional transmission of information, such as treatment
or medication reminders, two-way communication is made
possible, which could increase communication between client
and provider and potentially reduce unnecessary visitsto health
facilities, freeing up time and space for health care workers.
Such channels of communication can be maintained by live
health workers or by automated chatbots and other algorithms.
Given the high reported comfort with screening resultsviaSM S
text message, aswell ascomfort with reading, writing, sending,
and receiving SM Stext messages, such strategies appear feasible
within western Kenya. Second, although mHealth has shown
promise in bridging logistical gaps in similar situations,
programs must ensure alternative means of communication or
contact between health facilities and target populations to
provide adequate and equitable access to women with varying
levels of mobile connectivity or mobile phone access. In their
work in BurkinaFaso, Greenleaf et a [26] refer to such variance
inaccessas" selective ownership” and argue that this can create
an “ownership bias’ in mHealth intervention uptake, making it
difficult to reach populations most as risk. Such pitfalls can
decrease intervention efficacy and alienate women who do not
own or have accessto amobile phone, which based on our data,
would exclude women with lower levels of educational
attainment and poorer health seeking behaviors, putting them
at risk for worse health outcomes. “ Pre-intervention assessment,”
as suggested by Jennings et al [27] conducting research in
Nigeria, could illuminate such issues and allow health officials
to preempt and address problems of equity for women in the
intervention setting.

In addition to the aforementioned mHealth intervention
considerations, thisstudy illustrated the need for further research
on avariety of topicsrelated to the implementation of mHealth
for cervical cancer screening. More information is needed to
understand the lack of preference for text notification and why
preferences change depending on the hrHPV status. The
decreasein preference for SM Stext message result notification
if a participant was to screen hrHPV-positive compared with
hrHPV-negative is likely a result of a desire for increased
privacy, which could be related to cultural factors such as
stigma. However, our data do not allow us to draw concrete
conclusions on this, as we did not ask about factors that
influenced preference, or lack thereof. Further studies should
be conducted to survey women of reproductive ageto help better
understand these barriers and facilitators of SMS text message
use and privacy as well as strategies for messaging at the time
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of screening, which would make SMS text messages more
appealing. Second, frequent challenges and technical difficulties
when using mobile phones were reported among the study
population. These challenges could limit the feasibility and
efficacy of an SM Stext message—based system, astesting results
and treatment reminders may be missed or not received owing
to technical issues. Further examination of the nature of
technical challenges and how they might impact the receipt of
SMSS text messages from program implementors is needed to
further tailor thiscampaign. Third, regardless of the differences
in treatment access by mobile phone ownership, the overall
uptake remained low, even after the implementation of the
enhanced linkage to the treatment strategy. Although this low
level of treatment uptake (50.5%) improves upon treatment
rates observed before implementation of the enhanced linkage
strategy (between 31% and 39% uptake), the consistently low
levels highlight the need for further exploration of opportunities
for multipronged approaches to increasing uptake and access
to care[24]. Identifying and bridging gapsin the cervical cancer
prevention cascade is necessary to address the inequitable and
preventable deaths caused by this disease. Findly, given the
potential health benefits and increases in autonomy, there is a
need to support increasesin access to mobile phones and mobile
phone networks for women of reproductive age [22].

Limitations

Although we achieved a large sample size among the target
population of women in rural Kenya, the study had a number
of limitations. First, although treatment uptake was measured
at the time of presentation to the clinic, the self-reported nature
of our survey data limited our ability to make strong claims
about the observed patterns of mobile phone ownership and use
and how they impacted uptake. In addition, social desirability
bias could have led to measurement errors, with women not

Stocks et d

accurately reporting health behaviors or mobile phone use given
societal expectations. In addition, as services confirming receipt
or review of SMS text messages would have imparted costs to
the participants, we did not collect this information and were
not able to report on how this may have affected treatment
uptake. Although socioeconomic status was relatively
homogenous among our study population, there was no strong
operationalization of socioeconomic status within the survey.
Therefore, it is difficult to conclude whether the observed
associations are because of mobile phone ownership or amore
upstream effect of economic status. Finally, our data may lack
generalizability as we only considered women who attended a
CHC, which is a self-selective action and could be affected by
many factors. If such factors systematically inhibit asignificant
portion of women from these locations, the results of this study
would be biased and not generalizable to the target population
asawhole. A random, community-based, representative survey
iswarranted to evaluate the validity and generalizability of the
findings of this study.

Conclusions

This study examined the rates of mobile phone ownership,
access, and the patterns of daily use among women of
reproductive age in western Kenya. In addition, we highlighted
many key considerations for the implementation of mHealth
interventions in resource-limited settings, specifically those
using SMS text messaging. Although rates of mobile phone
ownership and use among women in western Kenya are high,
we found that individual preferences for communication of
messages about HPV resultsand treatment varied, and treatment
rates were low across the entire cohort, with no difference by
modality (SM Stext message, phonecall, or homevisit). Further
work is needed to tailor communication about HPV results and
to support women as they navigate the follow-up process.
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