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Abstract

Background: The COVID-19 pandemic has resulted in an unprecedented impact on the day-to-day lives of people, with several
features potentially adversely affecting mental health. There is growing evidence of the size of the impact of COVID-19 on mental
health, but much of this is from ongoing population surveys using validated mental health scores.

Objective: This study investigated the impact of the pandemic and control measures on mental health conditions presenting to
a spectrum of national health care services monitored using real-time syndromic surveillance in England.

Methods: We conducted a retrospective observational descriptive study of mental health presentations (those calling the national
medical helpline, National Health Service [NHS] 111; consulting general practitioners [GPs] in and out-of-hours; calling ambulance
services; and attending emergency departments) from January 1, 2019, to September 30, 2020. Estimates for the impact of
lockdown measures were provided using an interrupted time series analysis.

Results: Mental health presentations showed a marked decrease during the early stages of the pandemic. Postlockdown,
attendances for mental health conditions reached higher than prepandemic levels across most systems—a rise of 10% compared
to that expected for NHS 111 and 21% for GP out-of-hours service—while the number of consultations to GP in-hours service
was 13% lower compared to the same time previous year. Increases were observed in calls to NHS 111 for sleep problems.

Conclusions: These analyses showed marked changes in the health care attendances and prescribing for common mental health
conditions across a spectrum of health care provision, with some of these changes persisting. The reasons for such changes are
likely to be complex and multifactorial. The impact of the pandemic on mental health may not be fully understood for some time,
and therefore, these syndromic indicators should continue to be monitored.
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Introduction

Previous infectious disease outbreaks have been shown to
worsen mental health [1]. For example, the severe acute
respiratory syndrome (SARS) outbreak in 2003 resulted in
increased incidence of posttraumatic stress disorder and
depressive illness in health care workers [2]. The COVID-19
pandemic has resulted in an unprecedented impact on peoples’
day-to-day lives, with several features potentially adversely
affecting mental health. Features include the direct effects of
the disease, impact on employment and income, and the
prolonged time of restrictions on activities and normal life for
the majority of the population.

There is growing research on the size of the impact of
COVID-19 on mental health [3-8], much of this from ongoing
population surveys using validated mental health scores
demonstrating significant impact and that the effect varies across
population groups. Young women have been particularly
impacted, with higher levels of clinically significant distress
[6]. The impacts of previous major coronavirus outbreaks,
including the COVID-19 pandemic, on health and social care
workers demonstrated a high risk of posttraumatic stress disorder
among emergency health care workers [2]. A systematic review
of available longitudinal cohort studies concluded a small rise
in mental health symptoms immediately after the onset of the
pandemic, which dropped to prepandemic levels by mid-2020.
A further study examined the impact of the pandemic on primary
care–recorded mental health disorders and described a drop in
reported illness during March/April 2020. Selected mental health
disorders had returned to similar levels by September 2020 in
England [3].

However, there is little evidence about how the current pandemic
has affected the presentation of mental health conditions to a
spectrum of health care settings. We are not aware of work
examining the impact of COVID-19 on mental health care usage
across multiple health care settings and using routinely available
health care data. We hypothesized that common mental health
conditions, including depression, anxiety, and sleep disorders,
would have been adversely impacted by the first 9 months of
the COVID-19 pandemic, and investigated the impact on health
care seeking behavior.

Here, we investigated the impact of the COVID-19 pandemic
on mental health conditions presenting to a variety of health
care services monitored using syndromic surveillance in
England. The syndromic surveillance systems use a variety of
categorizations to describe the reasons for people presenting,
and we tried to identify those presentations that are relevant to
mental health. Based on these findings, we proposed a
surveillance package of indicators to monitor trends in mental
health conditions in real time to provide timely information for
action for future events.

Methods

Syndromic Surveillance Systems: Background
Syndromic surveillance systems aim to detect outbreaks, to
provide situational awareness on the impact of events on the
population, and to provide reassurance about the lack of impact
of events such as mass gatherings. Real-time syndromic
surveillance (using data on patients’ symptoms) is a helpful
adjunct to laboratory surveillance and is being used to monitor
the impact of COVID-19 on health care–seeking behavior for
respiratory illness [9]. The UK Health Security Agency
(UKHSA) coordinates a suite of national syndromic surveillance
systems that are able to monitor attendances to health care
settings in England in near real time (Multimedia Appendix 1,
Table S1) [10]. These syndromic surveillance systems are used
mainly to monitor the impact of infections (eg, COVID-19 and
seasonal influenza) [11,12] and the impact of environmental
hazards (eg, heatwaves and flooding). However, the utility of
syndromic surveillance systems to monitor changes in the
presentation of other diseases or conditions (eg, mental health)
in the event of a major incident is being explored.

The primary care database of the Oxford-Royal College of
General Practitioners (RCGP) Clinical Informatics Digital Hub
(ORCHID) is a database from one of the longest-established
primary care sentinel networks worldwide [13,14]. The Oxford
RCGP network is able to monitor a wide range of diagnoses,
in addition to notifiable diseases and other infections. We used
a subset of ORCHID, the Oxford-RCGP Research and
Surveillance Centre (RSC) UKHSA COVID-19 Vaccine
Effectiveness cohort with good data quality (which was
developed to support COVID-19 surveillance [15,16]) to explore
recent trends in general practitioner (GP) in-hours consultations
for common mental health conditions (Multimedia Appendix
1, Table S1).

Study Design and Period
We conducted a retrospective observational descriptive study
using UKHSA real-time syndromic surveillance systems
covering the population of England [12] and the ORCHID GP
in-hours data set [16]. We estimated the impact of national
lockdown measures using an interrupted time series approach
and generalized linear modeling. We extracted data for the
period of January 1, 2019, to September 30, 2020.

Surveillance Data
National Health Service (NHS) 111 calls were extracted from
the UKHSA Remote Health Advice syndromic surveillance
system. NHS 111 uses “pathways” to triage calls [17]. The data
extracted included the number of daily calls that were triaged
by the NHS 111 call handlers for the “mental health problems”
and “sleep difficulties” pathways and the total number of daily
calls in the UKHSA data set. The pathways included in the data
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set for this study were the first pathway selected by the call
handler during the triage process (Multimedia Appendix 1,
Table S2).

GP in-hours consultations were based on a total of 504 practices,
which included 7,057,447 registered patients during the period
of this study. We extracted daily counts of consultations and
prescriptions for commonly occurring mental health conditions,
including depression and anxiety. Prescriptions included
antidepressants, anxiolytics, and hypnotics extracted using lists
generated based on the British National Formulary (BNF) [18].
We used a case definition of common mental health problems
(CMHPs) developed for the evaluation of community
psychology services [19,20], which we subsequently updated
from a Read code to the Systematized Nomenclature of
Medicine (SNOMED) Clinical Terms [21]. The SNOMED
clinical terms are listed in Multimedia Appendix 1, Table S2.

Daily GP out-of-hours consultations were extracted from the
UKHSA GP out-of-hours syndromic surveillance system [10,22]
for the following: total consultations, all consultations with a
clinical (Read) code, consultations with a mental health
diagnosis (based on Read code chapter E, “Mental Disorders”;
Multimedia Appendix 1, Table S2), consultations for anxiety,
and consultations for depression.

The UKHSA National Ambulance Surveillance System (NASS)
syndromic data set includes data on specified syndromes and
does not represent all ambulance calls. There was no overarching
mental health indicator for this system, and thus, we extracted
the daily number of ambulance calls for
overdoses/ingestion/poisoning based on the chief complaint
codes used by the ambulance services (Multimedia Appendix
1, Table S2; we assumed that these were all deliberate
overdoses/poisonings but acknowledge that some may have
been accidental).

Emergency department (ED) attendances were extracted from
the UKHSA Emergency Department Syndromic Surveillance
System (EDSSS) for all mental health attendances (as identified
in the Emergency Care Data Set diagnosis coding list) [23],
acute alcohol intoxication, and drug overdoses (Multimedia
Appendix 1, Table S2). In total, 94 type 1 EDs were eligible
for inclusion as they had provided data to the UKHSA EDSSS
every day for the period of the study.

The diagnosis/triage descriptors were not the same across the
syndromic systems. For some of the syndromic surveillance
systems (eg, the GP in-hours system), there are validated
diagnostic codes describing mental health conditions, whereas
for others (eg, NHS 111 and ambulance), calls are based on
triage groupings. For each system, we tried to identify an
overarching mental health categorization or a description for a
condition relevant to mental health (eg, sleep disorders). For
each surveillance system included in the study, counts of
calls/consultations/attendances were extracted by day and by
gender.

Statistical Analysis
Data were visualized graphically as daily counts and 7-day
moving averages (7dma, adjusted for public [bank] holidays)
for each of the mental health conditions and surveillance systems

from January 1 to September 30, 2019, compared to the
equivalent dates in 2020. Data were presented graphically by
International Organisation for Standardisation (ISO) week (ISO
weeks 1-40).

Data were subdivided into 3 periods: prelockdown (before
March 23, 2020), lockdown (March 23-May 31, 2020; ISO
weeks 13-22), and postlockdown (June 1-September 30, 2020;
ISO weeks 23-40). Generalized linear models (GLMs) were
used to model the data, and an interrupted time series approach
was used to estimate the impact of national lockdown measures
and the changes in health care–seeking behavior since pre- and
postlockdown compared to 2019. Count data were modeled
using a negative binomial distribution to account for
overdispersion, which is common in health data. Systematic
differences in the daily data caused by weekends and public
holidays were accounted for by including a binary variable for
working days versus weekends and public holidays. Annual
seasonality was modeled by including a harmonic term using
Fourier transforms. For each of the 3 periods (pre-, during, and
postlockdown), variables were included to model step changes
and trends separately. The resulting models were compared with
the actual data, and the residuals for signs of bias were checked.

To estimate the impact of lockdown and changes postlockdown,
GLMs were used to create counterfactual models of what would
have been expected if the pandemic and lockdown had not
occurred. The lockdown period (March 23-May 31, 2020) was
characterized by a sudden sharp decrease in health care–seeking
activity, followed by an increasing trend; therefore, the estimate
for the impact of lockdown was based on a single date (March
23, 2020) to show the full extent of the impact. Postlockdown
(June 1-September 30, 2020), trends were more stable, so
comparing average activity across the whole period provided
an estimate for the longer-term impacts. First, the actual data
on March 23, 2020, were compared with the counterfactual
model for March 23, 2020, setting the variables for the step
change and trend during lockdown, to lockdown not having
occurred. Second, to estimate how activity has changed
postlockdown compared to what we would expect at this time
of year, actual activity postlockdown was compared with the
counterfactual model.

The advantage of using an interrupted time series approach over
simply comparing with the previous year’s data is that we could
account for any long-term trends and lessen the impact of any
short fluctuations in data that would make 2019 incomparable
with 2020, thus providing less biased estimates for the direct
effects of lockdown. To provide 95% CIs around our estimates
for the change in postlockdown activity, a bootstrap method
was used to calculate the bias-corrected and accelerated
bootstrap interval. The model and formulae used are included
in Multimedia Appendix 1.

All statistical analyses were completed in R software (R
Foundation for Statistical Computing) using the Modern Applied
Statistics with S (MASS), tsModel, and boot packages [24-28].

Ethical Considerations
All data used in this study were anonymized. The UKHSA has
access to a range of data sources under Regulation 3 (Health
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Protection) of the Health Service (Control of Patient
Information) Regulations 2002. The use of ORCHID data was
specifically approved by the UKHSA Caldicott Guardian as an
addendum to the data sharing agreement with the University of
Oxford. Patients or the public were not involved in the design,
conduct, reporting, or dissemination plans of our research.

Results

Calls/Consultations/Attendances
From January 1, 2019, to September 30, 2020, the syndromic
data included 25,718,106 total calls to NHS 111 (an average of
40,247 daily calls); 1,427,507 GP in-hours mental health
consultations (including telephone consultations) in the sentinel
network (an average of 2199 daily consultations); 16,090,272
total GP out-of-hours consultations (an average of 25,180 daily
consultations), of which 6,307,387 (39.2%) had a clinical code;
9,284,990 total ambulance calls (an average of 14,531 daily
calls); and 13,821,306 total ED attendances (an average of
21,630 daily attendances). These figures represent the data
routinely available through the syndromic surveillance systems,
though coverage of England for each of the systems varies
(Multimedia Appendix 1, Table S3).

All Mental Health Presentations and GP Prescriptions
for Mental Health Medications
Calls to NHS 111 triaged using the mental health problem
pathways occurred at a slightly increased level at the beginning
of 2020 compared to the same time in 2019 and showed an
initial peak in mid-February 2020 (ISO week 8); see Figure 1A.
Call numbers thereafter decreased to the lowest level on March
19, 2020 (ISO week 12), just before the lockdown commenced
(on March 23, 2020; Table 1), and then increased throughout
the lockdown and remained elevated throughout the
postlockdown period (Figure 1A). Call levels, as estimated by
the interrupted time series model, during the postlockdown
period (June 1-September 30, 2020) were approximately 10%
above expected levels of the counterfactual model (additional
daily mean of 62 calls; 95% CI 51-73; Figure 2 and Table 2).

GP in-hours consultations for all mental health conditions began
to drop sharply in the week commencing March 2, 2020 (ISO
week 10), and continued to fall until the week commencing
April 6, 2020 (ISO week 15), when consultations started to rise
again, though they remained at reduced levels (Figure 1B).
Mean daily levels of GP in-hours consultations for all mental
health conditions reduced by 13% in the postlockdown period
(June 1-September 30, 2020) compared to those modeled if the
pandemic had not occurred (Table 2). Consultations during the
whole period were higher in females compared to males (Figure
1B). GP in-hours prescriptions for mental health medications
showed a sharp spike just prior to lockdown (Figure 1C),
increasing by 27% on March 23, 2020, compared to those
expected if the pandemic had not occurred (Table 1), and
reduced by 13% compared to those expected for the
postlockdown period (Table 2).

Mean daily GP out-of-hours consultations for all mental health
conditions occurred at a slightly reduced level at the beginning
of 2020 compared to 2019 and then started to decrease from
late February 2020 (ISO week 9) to levels on March 23, 2020,
approximately 12% below that expected from the model (Table
1). Levels subsequently started to increase, and postlockdown
remained elevated until early June (ISO week 23), after which
the levels were similar to 2019 (Figure 1D). Mean daily levels
of GP out-of-hours consultations for all mental health conditions
increased by 21% compared to those expected in the
postlockdown period (June 1-September 30, 2020), with an
additional daily mean of 23 consultations (95% CI 19-27; Table
2).

ED attendances for all mental health diagnoses occurred at
slightly higher levels during the first part of 2020 compared to
2019 (Figure 1E) and, as for other systems, decreased during
March and remained low for the first half of the lockdown period
(Figure 1E). The number of attendances on March 23, 2020,
was 38% below that expected from the counterfactual model
(Table 1). Following the period of lockdown (March 23-May
31, 2020), levels returned to those similar to those expected
(Figure 2 and Table 2), while total ED attendances reduced by
17%.
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Table 1. Interrupted time series analysis illustrating a comparison of modeled versus measured call, consultation, attendance, and prescription counts

presenting to a number of health care systems: NHSa 111, GPb in-hours and out-of-hours consultations, ambulance services, and EDsc on the first day
of lockdown (March 23, 2020).

Percentage change (%)Estimated change on first day
of lockdown (actual number
– modeled number)

Actual number on
first day of lock-
down

Modeled (ie, if pandemic had
not happened) number on first
day of lockdown

System and syndrome

NHS 111 calls

13446837,57233,104Total calls

–61336214550Mental health problems

–49121224Sleep difficulties

GP in-hours consultations or prescriptions

–929628593155Mental health problems

27549626,13720,639Mental health prescriptions

–913914211560Depression

–1–814201428Anxiety

GP out-of-hours consultations

–1–23320,62820,861Total consultations

–12–117687Mental health

–60–11718Depression

425149Anxiety

Ambulance calls

17245117,15614,705Total syndromic calls

–29–147362509Overdose/ingestion/poisoning

ED attendances

–44–10,56713,19123,758Total attendances

–38–165269434Mental health

–47–8597182Overdose

-47–7686162Excess alcohol use

aNHS: National Health Service.
bGP: general practitioner.
cED: emergency department.
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Figure 1. Calls, consultations, and attendances for mental health conditions presenting to NHS 111, GP in-hours and GP out-of-hours and EDs, and
GP in-hours mental health medications in comparison to selected key dates in the pandemic. (A) NHS 111 calls for mental health problems, (B) GP
in-hours consultations for mental health conditions, (C) GP in-hours prescriptions for mental health medications, (D) GP out-of-hours consultations for
all mental health conditions, and (E) ED attendances for mental health conditions. Daily calls/consultations/attendances/prescriptions presented as 7dma
adjusted for bank holidays (BH) and by gender. The start of lockdown (March 23, 2020) and the start of the postlockdown period (June 1, 2020) are
indicated by vertical lines. 7dma: 7-day moving averages; ED: emergency department; GP: general practitioner; ISO: International Organisation for
Standardisation; NHS: National Health Service.
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Figure 2. Summary of changes in syndromic indicators for the postlockdown period across systems compared to that expected. GP: general practitioner;
NHS: National Health Service.
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Table 2. Interrupted time series analysis illustrating a comparison of modeled versus measured call, consultation, attendance, and prescription counts

presenting to a number of health care systems: NHSa 111, GPb in-hours and out-of-hours consultations, ambulance services, and EDsc during the
postlockdown period (June 1-September 30, 2020).

Percentage change (%)Estimated difference due to
pandemic in daily mean post-
lockdown period, estimate
(95% CI)

Actual daily mean
number in postlock-
down period

Modeled (ie, if pandemic had
not happened) daily mean
number in postlockdown peri-
od, estimate (95% CI)

System and syndrome

NHS 111 calls

155465 (4653-6295)43,07137,606 (35,553-39,532)Total calls

1062 (51-73)661599 (585-613)Mental health problems

257 (5-8)3427 (26-28)Sleep difficulties

GP in-hours consultations or prescriptions

–13–275 (–317 to –232)19032178 (1963-2414)Mental health problems

–13–1870 (–2342 to –1392)1272214,592 (13,093-16,197)Mental health prescriptions

–19–202 (–229 to –176)8871090 (978-1210)Depression

–14–144 (–166 to –122)8781022 (920-1134)Anxiety

GP out-of-hours consultations

–4–1053 (–1562 to –512)23,39124,444 (23,149-25,634)Total consultations

2123 (19-27)132109 (101-116)Mental health

133 (2-4)2220 (18-21)Depression

1510 (7-12)7162 (58-66)Anxiety

Ambulance calls

–7–1041 (–1194 to –889)13,84214,883 (14,827-14,938)Total syndromic calls

–6–37 (–45 to –28)535571 (566-577)Overdose/ ingestion/ poisoning

ED attendances

–17–3940 (–4201 to –3681)19,92523,865 (23,776-23,959)Total attendances

15 (–1 to 11)433428 (426-431)Mental health

59 (6-12)188179 (178-180)Overdose

–6–13 (–17 to –8)186198 (192-205)Excess alcohol use

aNHS: National Health Service.
bGP: general practitioner.
cED: emergency department.

Depression
GP in-hours consultations for depression showed a similar
pattern to all mental health conditions (Figure 3A). Mean daily
levels of GP in-hours consultations for depression showed a
decrease of 19% in the postlockdown period (June 1-September
30, 2020) compared to that expected had the pandemic not

occurred (Table 2). GP out-of-hours consultations for depression
showed a similar pattern to all mental health conditions (Figure
3B). Mean daily levels of GP out-of-hours consultations for
depression showed an increase of 13% in the postlockdown
period, although daily numbers were small (Figure 2 and Table
2).
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Figure 3. Consultations for depression and anxiety presenting to GP in-hours and out-of-hours in comparison to selected key dates in the pandemic.
(A) GP in-hours consultations for depression, (B) GP out-of-hours consultations for depression, (C) GP in-hours consultations for anxiety, and (D) GP
out-of-hours consultations for anxiety. Daily consultations presented as 7dma adjusted for bank holidays (BH) and by gender. The start of the lockdown
(March 23, 2020) and the start of the postlockdown period (June 1, 2020) are indicated by vertical lines. 7dma: 7-day moving averages; GP: general
practitioner; ISO: International Organisation for Standardisation.

Anxiety
GP in-hours consultations for anxiety reduced as the lockdown
approached with the introduction of social distancing measures
and remained below levels seen in 2019 for the remainder of
the study period (Figure 3C). In the postlockdown period (June

1-September 30, 2020), total consultations for anxiety were
14% below modeled expected levels if the pandemic had not
occurred (Figure 2 and Table 2). GP out-of-hours consultations
for anxiety were below levels seen in 2019 but relatively stable
until mid-March (ISO week 11), after which levels rose until a
peak on April 9, 2020 (ISO week 15; Figure 3D). Overall
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anxiety consultations remained 15% above expected levels (had
the pandemic not occurred) during the postlockdown period
(Figure 2 and Table 2). GP consultations (in-hours/out-of-hours)
for anxiety were higher in females than in males in both 2019
and 2020 (Figures 3C and 3D).

Sleep Difficulties
Calls to NHS 111 triaged for sleep difficulties fell sharply in
January 2020, a trend also seen in January 2019. Calls to NHS
111 for sleep difficulties rose slightly in mid-February 2020

(ISO week 8; Figure 4) and then reduced to a low of
approximately 50% of expected levels at the start of lockdown
on March 23, 2020 (Table 1). Thereafter, calls for sleep
difficulties increased to 25% above modeled expected levels in
the postlockdown period (June 1-September 30, 2020; Table
2). Calls for sleep difficulties for males were higher than those
for females, but calls by both genders peaked just before
lockdown easing commenced at the beginning of June 2020
(ISO week 23; Figure 4).

Figure 4. Calls to NHS 111 for sleep difficulties in comparison to selected key dates in the pandemic. Daily numbers of calls presented as bank holiday
(BH)-adjusted 7dma and by gender. The start of the lockdown (March 23, 2020) and the start of the postlockdown period (June 1, 2020) are indicated
by vertical lines. 7dma: 7-day moving averages; ISO: International Organisation for Standardisation; NHS: National Health Service.

Measures of Self-Harm

Overdose
From January 2020 to the announcement of stay-at-home and
social distancing advice on March 11, 2020 (ISO week 11),
ambulance calls for overdose/ingestion/poisoning increased and
then sharply decreased until the start of lockdown (March 23,

2020; Figure 5A), when calls reduced by 29% compared to
those expected from the model (Table 1). From the start of
lockdown, the number of calls gradually increased, and during
the postlockdown period (June 1-September 30, 2020), calls
were slightly reduced at 6% lower than estimated had the
pandemic not occurred (37 fewer mean daily call-outs; 95% CI
–45 to –28; Table 1).
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Figure 5. Ambulance calls and ED attendances for indicators of self-harm (overdose and excess alcohol use) in comparison to selected key dates in
the pandemic. (A) Ambulance calls for overdose, (B) ED attendances for overdose, and (C) ED attendances for excess alcohol use. Daily numbers of
call-outs/attendances presented as bank holiday (BH)-adjusted 7dma and by gender (ED only). The start of lockdown (March 23, 2020) and the start of
the postlockdown period (June 1, 2020) are indicated by vertical lines. 7dma: 7-day moving averages; ED: emergency department; ISO: International
Organisation for Standardisation.

Attendances at EDs for overdoses markedly increased during
January and February 2020 (particularly in females) compared
to 2019 (Figure 5B). Attendances showed a sharp drop following
the introduction of social distancing advice on March 11, 2020
(ISO week 11), and by the start of lockdown (March 23, 2020),
levels reduced by 47% compared to those expected using the
model (Table 1). This was followed by a gradual increase to
levels similar to 2019 (and for both genders) during the
postlockdown period (June 1-September 30, 2020; Figure 5B).

Excess Alcohol Use
Attendances to EDs for excess alcohol use showed a drop
following the introduction of social distancing advice in early
March 2020 (ISO week 11) and continued to drop at the start
of lockdown (March 23, 2020; Figure 5C). The interrupted time
series model estimated that there were 47% fewer attendances
than expected on March 23, 2020 (Table 1). During lockdown

(March 23-May 31, 2020), there was a gradual increase, with
levels postlockdown (June 1-September 30, 2020) only slightly
reduced (6%) compared to those expected using the model
(Table 2). Attendances were consistently higher in males than
in females.

Discussion

Principal Findings
Looking across the health care systems, all showed an initial
dip in attendance for mental health conditions after the
introduction of social distancing advice in early March 2020
and the first lockdown and then increased. This pattern mirrored
total (all cause) activity in each system and attendances for other
non-COVID-19 conditions [10]. For NHS 111 and GP
out-of-hours services, mental health activity levels postlockdown
increased (by 10% for NHS 111 and 21% for GP out-of-hours
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services). The levels of GP in-hours consultations for mental
health remained approximately 13% lower compared to modeled
levels expected if the pandemic had not occurred. It is possible
that there has been a shift in consulting on mental health
conditions from GP in-hours services to other health services,
such as NHS 111 and GP out-of-hours services.

GP in-hours health care contacts for depression mirrored those
for all mental health attendances, showing a decrease during
the prelockdown (before March 23, 2020) and lockdown periods
and then returning to levels approximately a fifth lower than
those expected. GP out-of-hours health care contacts for
depression mirrored those for other attendances, showing a
decrease during the prelockdown (before March 23, 2020) and
lockdown periods and then returning to levels about 13%
increased to those expected (although daily numbers were low).

The number of GP contacts for anxiety showed different patterns
in-hours and out-of-hours. GP in-hours contacts decreased and
remained 14% lower compared to those expected during the
postlockdown period. GP out-of-hours health care contacts for
anxiety increased during lockdown and remained at about 15%
above expected levels during the postlockdown period.

Health care contacts to NHS 111 for sleep disorders increased
during lockdown and then remained elevated until the end of
the study period. Daily numbers of calls to NHS 111 about sleep
difficulties increased by approximately a quarter in the
postlockdown period to those expected; thus, there was a
persisting and notable continuing impact.

Surveillance of Mental Health During COVID-19
The COVID-19 pandemic has resulted in several surveillance
initiatives to monitor the impact of the pandemic on mental
health. The UKHSA publishes a regular overview of such impact
(particularly using population surveys, longitudinal studies, and
results from academic studies) [29]. Analysis using the Clinical
Practice Research Datalink (CPRD) showed similar trends as
our study, with a marked reduction in GP in-hours consultations
for a variety of mental health conditions and a persisting impact
with reduced levels of consultations lasting until July 2020 [5].
The authors used an interrupted time series approach using
weekly data, taking the exposure as the introduction of lockdown
and comparing back to 2017. The authors described the likely
unmet need for mental health services and highlighted the need
to prepare for increased demand. Reports from the Nuffield
Trust and the NHS Confederation found evidence that fewer
people were able to access mental health services during the
first lockdown. New referrals for treatment and support for
common mental health conditions, such as depression and
anxiety, provided by the Improving Access to Psychological
Therapies (IAPT) program fell by 61% over the first lockdown
[30,31]. This was reflected in a survey of 130 countries by the
World Health Organization (WHO) during June-August 2020,
which reported widespread disruptions to many critical mental
health services [32,33].

A further study used primary care electronic health records to
examine the impact of the pandemic on mental health conditions
presenting to GPs and showed a drop in reported illness during
March/April 2020. Selected mental health disorders had returned

to similar levels by September 2020 in England; however, the
rates of incident depression and anxiety disorder remained a
third lower in the rest of the United Kingdom (UK), consistent
with the sustained reduction we noted in presentations to GP
in-hours consultations [3].

Results from 2 longitudinal UK population cohorts showed that
anxiety and lower well-being, but not depression, increased
during the COVID-19 pandemic compared to prepandemic
assessments. The percentage of individuals with probable
anxiety disorder was almost double during the COVID-19
pandemic [4]. Our study, focusing on health care–seeking
behavior, showed similar increases in anxiety presenting to GP
out-of-hours service but, conversely, reductions in anxiety
presenting to GP in-hours service (again likely reflecting the
overall reduction in people presenting for all causes).

The marked and continuing impact of the pandemic on good
sleep is described in other studies (our work suggesting a 25%
increase in calls, as monitored by NHS 111); in the UK, those
experiencing sleep problems increased from 16% to 25% in
April 2020 [29]. In Italy, during the period of lockdown, 42%
people reported sleep disturbances, with 17% [34] disturbances
described as moderate or severe; and in a cross-sectional survey
in France, 19% people were categorized as having insomnia
[35]. A study in the United States using ED syndromic
surveillance showed a similar reduction in consulting for a
variety of mental health conditions in early March, but the
median visit rates for suicide attempts and overdoses for the
period of mid-March 2020 to October 2020 were higher than
the rates for the same period in 2019 [36]. Finally, real-time
surveillance used Google trend data to assess the impact of the
pandemic on mental health in the United States, identifying
pandemic-associated spikes in anxiety [37].

Syndromic Surveillance of Mental Health Following
Incidents
There are examples of syndromic surveillance systems being
used to monitor the impact on mental health after public health
incidents. Such systems have been predominantly using a single
data source rather than across health care services and include
the use of ED [38] and Twitter (social media) [39] analysis
following terrorist attacks in France. ED surveillance for mental
health in New York State was conducted post–Hurricane Sandy
[40], and ED surveillance of attendances for mental health and
substance use presenting to Californian EDs concluded that
mental health data from syndromic systems are uniquely
available in real time as an indicator of service utilization and
thus particularly useful for emergency events [41].

Although not included in our study, the Improved Access to
Psychological Therapies (IAPT) program in England also offers
a service to people with CMHPs. IAPT principally offers
cognitive behavioral therapies, and people can be referred or
can self-refer. IAPT reports a reduction in referral (including
self-referral), entering and completing therapy, postlockdown
(Multimedia Appendix 1, Figure S1) [42].

Strengths and Limitations
This work has several strengths. It describes impact on health
care–seeking behavior for mental health conditions across a
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variety of health care provisions ranging from NHS telephone
help lines to ED attendances. The surveillance systems used
here are well established and cover England (although several
are sentinel systems). Such diversity of surveillance systems
enables us to triangulate and describe both consistent trends
across systems and to look for changes in severity.

The multiple health care systems on which these surveillance
systems are based use various coding systems/triage
mechanisms, and thus, we have established different data sets
but similar diagnostic/syndromic groupings to enable a multiple
cross-condition “snapshot” for monitoring the impact of future
major public health incidents. Although we analyzed these data
retrospectively, we now have a “common mental health”
presentation surveillance package, including an ontology of
relevant codes across the multiple systems, which can be
prospectively incorporated into routine monitoring, thus enabling
the real-time use for mental health surveillance with validated
baselines for future events. Such a suite of indicators will
provide timely information for incident directors and those
managing incidents as to where resources may be needed at the
time of an incident and subsequently. Such analyses could
additionally include assessing the impact by age, sex, severity,
and geography. These data are available in near real time (daily
except for the ORCHID system, which is twice weekly), and
further work includes establishing which of the indicators are
most useful in assessing the impact of differing types of
incidents (eg, epidemics, deliberate incidents, and flooding) and
exploring inequalities in access.

There are, however, several limitations to this work: The
changes in health care provision and guidance issued to the
public on which services to use during the pandemic will have
impacted on established baselines, causing difficulties in
interpretation of changes in consulting. For example, the
observed change in consulting numbers may have been driven
either by true changes in incidence or by the national advice
not to consult in person with a GP. It is also possible that other

changes in the scheduled GP service, such as greater use of text
messaging or online consultations, may have meant that not all
encounters were captured or be recorded as “clinical
administration” within the GP computerized medical record.
The move to 15-minute appointments may have also contributed
to the fall in consultation numbers [43].

Using routinely available health care data, it is difficult to
disentangle true changes in the incidence of mental health
conditions from the effect of public health messaging, health
care–seeking behavior, and changes in health care provision.
These multiple and complex drivers of change have made
interpretation of surveillance data difficult during the COVID-19
pandemic [11]. We focus here on the cross–health care usage
for syndromes associated with mental health and describe trends,
rather than directly inferring changes in community incidence.

The changing trends we have observed are likely to reflect the
“tip of the iceberg” in terms of mental health impact on the
community. It is known that most patients with mental health
conditions or poor well-being are likely to self-care or not seek
help from a health care provider [44-46]. Further work is needed
to understand the impact of this pandemic on mental health and
well-being. This work has established a surveillance package
that can be applied to routine public health surveillance
programs to undertake real-time surveillance of mental health
presentations during future major health protection incidents.

Conclusion
These analyses showed marked changes in the health care
attendances and prescribing for common mental health
conditions, across a spectrum of health care provision, with
some of these changes persisting. The reasons for such changes
are likely to be complex and multifactorial. The impact of the
pandemic on mental health may not be fully understood for
some time, and therefore, these syndromic indicators should
continue to be monitored.
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Abstract

Background: Injury is an increasingly pressing global health issue. An effective surveillance system is required to monitor the
trends and burden of injuries.

Objective: This study aimed to identify a set of valid and context-specific injury indicators to facilitate the establishment of an
injury surveillance program in Hong Kong.

Methods: This development of indicators adopted a multiphased modified Delphi research design. A literature search was
conducted on academic databases using injury-related search terms in various combinations. A list of potential indicators was
sent to a panel of experts from various backgrounds to rate the validity and context-specificity of these indicators. Local hospital
data on the selected core indicators were used to examine their applicability in the context of Hong Kong.

Results: We reviewed 142 articles and identified 55 indicators, which were classified into 4 domains. On the basis of the ratings
by the expert panel, 13 indicators were selected as core indicators because of their good validity and high relevance to the local
context. Among these indicators, 10 were from the construct of health care service use, and 3 were from the construct of
postdischarge outcomes. Regression analyses of local hospitalization data showed that the Hong Kong Safe Community certification
status had no association with 5 core indicators (admission to intensive care unit, mortality rate, length of intensive care unit stay,
need for a rehabilitation facility, and long-term behavioral and emotional outcomes), negative associations with 4 core indicators
(operative intervention, infection rate, length of hospitalization, and disability-adjusted life years), and positive associations with
the remaining 4 core indicators (attendance to accident and emergency department, discharge rate, suicide rate, and hospitalization
rate after attending the accident and emergency department). These results confirmed the validity of the selected core indicators
for the quantification of injury burden and evaluation of injury-related services, although some indicators may better measure
the consequences of severe injuries.

Conclusions: This study developed a set of injury outcome indicators that would be useful for monitoring injury trends and
burdens in Hong Kong.

(JMIR Public Health Surveill 2022;8(8):e36861)   doi:10.2196/36861
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Introduction

Injuries, including both unintentional injuries and violence, are
serious public health threats that accounts for approximately
10% of the world’s fatalities [1]. Similar to other countries,
injuries are a significant public health problem in Hong Kong.
Injuries have consistently been among the top 5 causes of
mortality since 2001 and accounted for approximately 1850
registered deaths in 2019 [2]. In addition, at least 6.2% of the
population has experienced functional impairment resulting
from at least one episode of unintentional injury [3]. Injuries
were also found to be the leading cause of death in the age group
of 1 to 14 years over the past decades [2].

Thus, it is important to develop robust strategies to monitor and
prevent injuries. However, quantification of the injury burden
is a challenging process because of considerable variations in
injury mechanisms, duration, and outcomes [4,5]. This process
should be guided by a set of measurable injury indicators [6,7].
Broadly, indicators are defined as derivatives of primary data
that provide information and describe the state of a phenomenon
to a degree of significance beyond raw measurements [8].
Establishing a set of injury indicators would provide a
standardized tool to estimate the local injury burden and increase
the validity and comparability of these estimates between
populations [9].

As the occurrence of injuries partly depends on environmental
and social factors [4,5], injury patterns could vary substantially,
even within the same population and across regions [10]. The
use of local context-specific indicators is recommended to
standardize the definitions of injuries and increase the reliability
and representativeness of the results in reflecting the injury
situation at the population level [11]. Country-specific sets of
indicators have been established in Western countries, including
Canada, the Netherlands, and the United Kingdom [6,12,13].
However, there has been no comprehensive review of the injury
indicators specific to Hong Kong. Hong Kong has 18 districts,
each with unique demographic, environmental, and
socioeconomic characteristics. It is also known for extremely
high–living density multistory apartments, and thus, its injury
patterns could be different from those in other regions.
Therefore, this study aimed to develop a valid set of Hong
Kong–specific injury indicators through a multi-phased modified
Delphi research design. The resulting insights would be
beneficial for the planning, implementation, and evaluation of
injury surveillance and prevention programs [14]. The
surveillance system, in turn, can provide information for the
early identification of warning signs of injuries and timely
intervention for individuals who may be at risk of a physical or
psychological injury, ultimately reducing health care use and
spending at both individual and societal levels [6,7].

Methods

Ethics Approval
The study protocol was approved by the Institutional Review
Board of the Hospital Authority, Hong Kong West Cluster
(reference UW 15-549). Informed consent was not required

from participants as all data provided by the Clinical Data
Analysis and Reporting System (CDARS) were deidentified.

Study Design

Overview
The development of injury indicators adopted a multiphase
modified Delphi research design, as described in previous
studies [6,7]. Individuals can first express their opinions
impersonally, followed by a whole-group discussion to reach
a consensus [15]. The Delphi process emphasizes collective
expert opinions rather than precise analytical techniques [16],
which makes it particularly suitable for studying
population-level research questions or problems. Although the
original Delphi process includes a series of iterative steps to
collect aggregated expert opinions through multiple rounds of
questionnaires, the modified version adopted in our study
initiated the discussion with a list of carefully preselected items
to facilitate the process of reaching consensus. Following the
modified Delphi process protocol, 5 phases were involved: (1)
searching and reviewing relevant studies from academic
databases, (2) extracting potential indicators from identified
studies, (3) achieving a consensus opinion among experts on
locally relevant indicators, (4) specification of the selected
indicators, and (5) applicability testing of the selected indicators
using local health data.

Phase 1: Searching and Reviewing Relevant Studies
A scoping review was conducted to identify previously adopted
valid injury indicators by summarizing the evidence from the
included studies that met the prespecified inclusion criteria [17].
This is an evidence-based method to create a rich database as
groundwork for further research or review and has been used
in previous studies to investigate different research questions
and topics [18,19]. Specifically, a literature search was
conducted to identify existing outcome indicators for all types
of injuries that require medical attention, both intentional and
unintentional, from academic databases, including ProQuest,
Web of Science, PubMed, Ovid, PsycINFO, and Google Scholar.
Guided by the International Classification of Diseases-9), which
focuses on the consequences of injuries, the following search
terms were combined in various ways to perform the search:
burns, poisoning, dislocations, drowning, road traffic accident,
facial trauma, head trauma, internal injury of thorax, abdomen
and pelvis, fracture, internal injury, injury to nerves, injury to
spinal cord, open wounds, falls, blunt injury, suicide, self-harm,
self-inflicted injury, injury, outcome, consequence, intentional,
unintentional, psychological, mental health, mental disorders,
Abbreviated Injury Scale, Glasgow Coma Score, Injury Severity
Scale, and disability.

The articles included in this review met the following inclusion
criteria: (1) having an injury case definition, (2) including at
least one indicator of outcome after injury, (3) providing
possible data source or sources for the indicator or indicators,
(4) being published in an academic peer-reviewed journal, and
(5) written in English.
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Phase 2: Extracting Potential Indicators From Selected
Studies
The aim of this phase was to extract relevant information from
the selected studies for subsequent expert reviews. The extracted
information included the study year, type of injury, severity of
the injury, study population, outcome indicators, and type of
study. All the data were recorded and compiled in a spreadsheet
for further analysis. Data extraction was conducted by trained
research assistants under the supervision of experienced
researchers from various fields, including social sciences,
medicine, statistics, and biology. The purpose of including a
cross-disciplinary and diverse research team was to ensure the
accuracy of extracted information. On the basis of their
characteristics and measurement purpose, the indicators
identified from the literature were grouped into 4 constructs:
health care service use, functional and psychological outcomes,
biological and physiological outcomes, and postdischarge
outcomes.

Phase 3: Achieving Consensus Opinion Among Experts
on Locally Relevant Indicators
The indicators identified in the literature were considered
suitable for potential use in Hong Kong. The list of potential
indicators identified by the research team was sent to a panel
of 18 experts in the field of injury for evaluation. Experts from
different sectors, including the government, academia, health
care, and the community, are well recognized for their work
and contributions to injury measures, data management, and
community safety and prevention programs. A 22-item checklist
adopted from Pike et al [6] and the Child Health Indicators of
Life and Development project [20] was used to evaluate the
validity, consistency, local relevance, and sensitivity of the
potential indicators. The evaluation process involves 2 steps.
The first step was a web-based survey inviting experts to view
and rate the indicators according to checklist criteria. The second
step was face-to-face discussion to resolve disagreements among
experts [21]. For each indicator, the response of YES denotes
satisfactory fulfillment of the specific criterion, whereas the
response of NO denotes a failure to fulfill that criterion.
Indicators receiving YES for ≥11 prespecified criteria from more
than half of the panel members were deemed as the core locally
relevant injury indicators. In addition, panel members were
asked to propose other suitable indicators to be included in the
list. The newly proposed indicators are then circulated among
the panel members for a second round of review.

Phase 4: Specification of Selected Indicators
In this phase, core indicators were clearly defined and specified
by the research team according to the specification format
adopted from previously published reports on injury indicators
[22-24]. Each indicator has its own specification items, including
the definition of the indicator and relevant terms, justification
for its inclusion, operational definition of a case, method and
tools for calculation, data sources and availability, units of
measurement, and limitations.

Phase 5: Applicability Testing of Selected Indicators
Using Local Health Data
The applicability of these core indicators was evaluated through
a series of regression analyses using local health data.
Regression analyses were conducted to test the associations
between core indicators and certification of the Hong Kong Safe
Community in different districts in Hong Kong. The Safe
Community model aims to promote safety through the
prevention of accidents and injuries through cross-sectorial
collaboration in the community [25]. To be certified as a Hong
Kong Safe Community, the district must fulfill the following
six criteria: (1) establishment of community safety policy, (2)
establishment of Safe Community organization, (3) identification
of community safety needs, (4) implementation of community
safety programs, (5) evaluation of community safety programs,
and (6) sharing of safety community experience [25]. Previous
studies have demonstrated a reduction in injury incidence after
the implementation of the Safe Community model [26,27]. To
test the applicability of the core indicators for the quantification
of injury burden, all data concerning accident and emergency
department (AED) attendance (based on a trauma flag entered
by nurses) and hospitalization (based on International
Classification of Diseases-9 codes) attributable to injuries during
the period from January 1, 2001, to December 31, 2016, were
extracted from the CDARS. The CDARS is a territory-wide
electronic health record database managed by the Hospital
Authority, which is the official governing body of all public
hospitals in Hong Kong. All AED attendance and inpatient
records of the Hong Kong local public hospitals are housed in
the CDARS. A difference-in-differences comparison was
adopted in our multivariable regression models to examine the
effects of the Hong Kong Safe Community model. The
time-varying injury indicator variables were the outcomes. The
rate indicators were modeled using a negative binomial model
with the log-transformed population during that period to be
the offsets. Continuous indicators were modeled using linear
regression models. The primary independent variable of interest
was a time-varying binary variable with 0 and 1 indicating pre
and post–Safe Community implementation. The overall year
trend was adjusted for in the model as a continuous variable.
This approach can help minimize the temporal influences on
injury incidence in Hong Kong.

Results

Phase 1 to Phase 2
The initial literature search in phase 1 identified 3525 records.
Among these 3525 records, 142 (4.03%) met our prespecified
inclusion criteria and were included in the review process
(Figure 1). From the 142 reviewed articles, we identified 55
injury outcome indicators and categorized them into 4 constructs
based on their characteristics: functional and psychological
outcomes (19/55, 35% indicators), health care service use
(17/55, 31% indicators), postdischarge outcomes (10/55, 18%
indicators), and biological and physiological outcomes (9/55,
16% indicators). Owing to the high heterogeneity of information
within the construct of functional and psychological outcomes,
indicators in this construct were further divided into 5
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subcategories: integrated outcomes (6/19, 32% indicators),
lower limbs (5/19, 26% indicators), cognitive (3/19, 16%
indicators), psychiatric (3/19, 16% indicators), and upper limbs
(2/19, 11% indicators). In contrast, as most indicators in the
construct of biological and physiological outcomes were injury

specific, they were further regrouped into 9 broad categories
based on their similarities to expedite the expert review process.
Table 1 displays all indicators identified from the literature by
the research team.

Figure 1. Flow diagram of the scoping review.
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Table 1. Potential injury outcome indicators under the 4 constructs.

DefinitionIndicator

Health care service use indicators

The percentage of cases that requires operative intervention
within a particular year

Operative intervention [28-44]

The percentage of cases that have any type of infection within
a particular year

Infection rates [28,45-53]

The percentage of cases admitted to the ICU within a particular
year

Admission rate to ICUa [30,32,33,35,38,44,54-67]

The cause-specific death rate per 100,000 population within
a particular year

Immediate mortality rate [32,33,35-41,44-46,50,54-60,62,64-66,68-105]

The average number of days spent in the ICU within a partic-
ular year

Length of ICU stay [40,44,61,62,64,67,90,98,103,106]

The average number of days spent in hospital for a particular
year

Length of hospitalization
[30,31,33,34,36,40-42,44-48,50,52,54-56,61-64,68,71,72,75,76,78,87,90,98,99,103-117]

The cause-specific admission rate to the AED per 100,000
population for a particular year

Admission rate to AEDb [43,66,69,100-102,117-121]

Average amount of time required for the healing of injury-in-
duced open wounds within 1 particular year

Time for wound healing [50,109]

Total number of cases that need to be referred to an inpatient
rehabilitation facility within a particular year

Need for rehabilitation facility [30]

The percentage of cases that require inpatient hospital admis-
sions after leaving AED per 100,000 population within a par-
ticular year

Hospitalization rate after leaving AED
[30,35,38,53-55,58,60,61,66,69,77,83,100-102,105,107,108,111,117-120,122,123]

The average number of days that the cases require intubation,
a process of inserting through the mouth into the airway to
assist with their breathing, within a particular year

Intubation duration [30,52,62,64,80,90,103]

The percentage of cases that need secondary surgical proce-
dures within a particular year

Need for secondary procedures [31-34,48,115]

The average amount of time needed for the operative interven-
tion conducted within a particular year

Mean duration of operation [37]

The percentage of cases that have injury-induced complications
within a particular year

Presence of complications
[32,33,36,37,46,49,51,58,63,78,86,92,106,109,113-115,124,125]

The frequency of having any injury-induced disease or medical
condition within a particular year

Morbidity [46,60,83-85,88,95]

The percentage of cases discharged from the hospital within
a particular year

Discharge rate [70,80,97-99,105,117,120,126]

Total number of cases discharged to a nursing facility within
a particular year

Need for nursing facility [89]

Functional and psychological outcome indicators

Cognitive outcomes

An efficient and objective measure of growth in oral reading
fluency and comprehension and an aid in the diagnosis of oral
reading difficulties

Gray Oral Reading Test [127]

A scale used for accessing patients’ loss in everyday cognitive
performance from independent to full dependency based on

Cognitive Performance Scale [89,106]

5 domains: daily decision-making, eating self-performance,
ability to make self-understood, short-term memory, and being
comatose

A cognitive ability and intelligence test used to diagnose de-
velopmental or intellectual deficiencies based on 5 factors:

Stanford-Binet Intelligence Scale [127]

knowledge, quantitative reasoning, visual-spatial processing,
working memory, and fluid reasoning

Psychiatric outcomes
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DefinitionIndicator

A semistructured interview guide for making DSM-5 diagnoses
or other mental health scales not stated

Structured Clinical Interview for DSM-5c or other related mental health scales
[112,117,121,128-131]

A screening device for identifying minor psychiatric disorders
in the general population and within the community or
nonpsychiatric clinical settings such as primary care or general
medical outpatients

General Health Questionnaire [132]

A scale for measuring health-related quality of life, including
physical functioning, role limitations owing to physical prob-
lems, bodily pain, general health perceptions, vitality, social
functioning, role limitations because of emotional problems,
and mental health

Health Status Questionnaire [29,109,133-135]

Upper limb outcomes

A standardized method for assessing patient-rated shoulder
pain and function or disability

American Shoulder and Elbow Surgeons Evaluation [136]

A region-specific outcome instrument developed as a measure
of physical function and symptoms in patients with any or
several musculoskeletal disorders of the upper limb

Disabilities of the Arm, Shoulder, and Hand Questionnaire [137]

Lower limb outcomes

A research tool in clinical trials to measure improvements in
walking in person with acute and chronic spinal cord injury

Walking Index for Spinal Cord Injury [138]

A scale used for measuring patients’ everyday activity limita-
tions and participation restrictions before and after arthroscopic
knee surgery

Lysholm score and Tegner Activity scale [139]

A scale used with patients with osteoarthritis or who have
undergone total knee arthroplasty for measuring patients’
functionality and their knee clinically through physical exam-
ination

American Knee Society score [140]

A scale used with patients with lateral ankle instability,
Achilles tendinosis, and plantar fasciitis for assessing foot and
ankle pain, symptoms, function in daily living, sport and
recreation, and foot- and ankle-related quality of life

Foot and Ankle Outcome score [28,141]

A scale used by the rehabilitation team to assess the sensory
and motor levels that were affected by the spinal cord injury

American Spinal Injury Association Impairment scale [28]

Integrated outcomes

A broad group of disorders in which the central nervous system
does not function properly and leads to some form of physical
or mental problems

Neurological impairment [59,60,83,142,143]

An instrument used with a range of patients with musculoskele-
tal disorders for measuring their health status, including lower
and upper mobility, activity level and satisfaction, social sup-
port, pain, emotional status, and quality of life, in clinical
practice

Musculoskeletal Function Assessment [29,124,137]

A basic indicator of patient disability and the amount of assis-
tance required for the patient to conduct activities of daily
living in 18 categories, focusing on motor and cognitive
function

Functional Independence Measure [98,127,135,144]

Grading rules used for assessing the medical impairment and
functional reduction originating from an injury using patients’
medical records before and after the injury

Grading Medical Impairment [145]

A global scale used with patients with brain injuries for rating
function outcomes into 5 ordered categories: dead, vegetative
state, severe disability, moderate disability, or good recovery

Glasgow Outcome Scale [41,81,94,96,125-127,146-149]

The measurement of movement around a specific joint or body
part

Range of motion [89,98,114,137,139,141]

Biological and physiological outcome indicators
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DefinitionIndicator

The number of days in which individuals are prescribed to
receive antibiotic treatment because of injury

Duration of antibiotic use [34]

Laboratory tests on examining the blood content such as hor-
mones, ions, lactates, and inflammatory mediators in the blood

Hematological findings [32,58,70,113]

Any measures or tests performed related to heart or blood
vessels, such as arterial blood pressure, heart rate, and initial
heart rhythm

Cardiovascular findings [32,39,50,81,86,91,92,95,106,113]

Results of examination of tissue specimens under a microscope
to study the manifestations of a disease

Histological findings [45]

Laboratory tests on evaluating kidney function using blood
or urine samples, mainly blood urea nitrogen and creatinine

Renal findings [45,58,150]

Laboratory tests on the type and quantity of substances present
in an individual’s body, such as urine toxicology screening

Toxicological findings [52,116,125,150-152]

Measurements related to individuals’ metabolism, such as
resting energy expenditure and rewarming speed

Metabolic measurements [32,45,70,116,125,152-154]

Laboratory tests on the structure and function of bones, such
as bone measurements and bone mineral density test

Osteological signs [28,48,49,62,88,104,118,124,137,155,156]

A series of tests and measures in examining the function of
the brain and the central and autonomic nervous systems, such
as intracranial pressure, computed tomography scans, magnetic
resonance imaging scans, and cerebral angiography

Neurological signs and findings
[41,42,51,52,58,59,63,80,83,86,92,97,104,106,116,142-144,148,157]

Postdischarge outcomes

The long-term outcomes of emotions and behaviors character-
ized by alteration of feeling tone and by physiological behav-
ioral changes

Long-term behavioral and emotional outcomes [67,135,147,155,158-162]

Capacities necessary for the performance of everyday self-
care competence, mobility competence, and social competence

Social dependency [163,164]

The possibility of having mental illnesses that affect one’s
mood, thinking, and behavior after experiencing a shocking,
scary, or dangerous event

Possibility of posttraumatic stress disorder or other mental disorders
[55,67,97,131,132,135,148,151,159,162,164-166]

The presence of disabilities, which refer to impairments, activ-
ity limitations, and participation restrictions

Presence or absence of disabilities [32,48-50,56,66,74,82,93,101,103,134,135,167]

The number of people taking their own life after injury per
100,000 population in a period

Suicide rate [43,121,159]

The consequences of the injury on one’s work life and study
life

Effect on employment or studies [79,106,134,135,140,147,159,161,168]

The distance a person is able to walk in a period, such as the
6-minute walk test

Walking distance [28,138]

The overall enjoyment of life, including aspects of an individ-
ual’s sense of well-being, ability to perform various activities,
and quality of life with domains of physical functioning, role
physical, bodily pain, general health, vitality, social function-
ing, role emotional, and mental health

Quality of life [28,67,70,88,110,111,124,133-136,144,151,162,163,167,169]

A measure expressed as the number of years lost because of
ill health, disability, or early death used to reflect the overall
disease burden

Disability-adjusted life year [67,135,162]

A measure used to reflect the overall disease burden by con-
sidering both the quality and quantity of the life lived

Quality-adjusted life year [67,135,162]

aICU: intensive care unit.
bAED: accident and emergency department.
cDSM-5: Diagnostic and Statistical Manual of Mental Disorders (fifth edition).
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Phase 3 to Phase 4
After review and discussion among the expert panel members,
13 core indicators were identified from the list. The core
indicators included the need for operative intervention, infection
rate, admission to the intensive care unit (ICU), mortality rate,
length of ICU stay, length of hospitalization, AED attendance
rate, need for a rehabilitation facility, hospitalization rate after
AED, discharge rate, long-term behavioral and emotional
outcomes, suicide rate, and disability-adjusted life years
(DALYs) per 100,000. Among these 13 indicators, 10 (77%)
were from the construct of health care service use and 3 (23%)
were from the construct of postdischarge outcomes.

Phase 5
Table 2 displays the results of the multivariable regression
analyses of the associations between core indicators and certified

Hong Kong Safe Community status. Applicability tests showed
that the Hong Kong Safe Community certification status was
not associated with 5 core indicators (admission to ICU,
mortality rate, length of ICU stay, need for a rehabilitation
facility, and long-term behavioral and emotional outcomes),
negatively associated with 4 core indicators (operative
intervention, infection rate, length of hospitalization, and
DALYs), and positively associated with the remaining 4 core
indicators (attendance to AED, discharge rate, suicide rate, and
hospitalization rate after attending AED). For example, the Safe
Community model implementation was found to reduce the risk
of AED attendance (risk ratio=0.65; P<.001) and to lower the
DALYs per 100,000 (β=−1.91; P=.046). These results confirmed
the data availability, applicability, and local relevance of the
selected core indicators.

Table 2. Applicability testing of injury outcome indicators (illustrated by multivariable regression analyses).

Certified Hong Kong Safe CommunityInjury outcome indicators

P valueEffect (95% CI)a

.007b−.23 (−0.40 to −0.07)Operative intervention, β

.03e−.18 (−0.33 to −0.02)Infection rates, β (ICD-9CMc 680-686d)

.21.04 (−0.02 to 0.11)Admission to ICUf, β

.071.29 (0.98 to 1.69)Mortality rate, risk ratio

.54−0.02 (−0.08 to 0.04)Length of stay in ICU, β

<.001g−1.09 (−1.63 to −0.54)Length of hospitalization, β

<.001g0.65 (0.64 to 0.65)Attendance to AEDh, risk ratio

.38.00 (0.00 to 0.00)Need for a rehabilitation facility, β (based on discharge destinationi)

.003b1.34 (0.47 to 2.22)Hospitalization rate after attending AED, β

.001b.09 (0.04 to 0.15)Discharge rate, β

.64−0.03 (−0.17 to 0.10)Long-term behavioral and emotional outcomes, β (proxy measure: ICD-9CM 905-909j)

.045e1.23 (1.00 to 1.50)Suicide rate, risk ratio

.046e−1.91 (−3.79 to −0.04)DALYsk per 100,000, β

aAdjusted for sex and year of attendance as covariates and district and age groups as random intercepts.
bP<.01.
cICD-9CM: International Classification of Diseases, Ninth Revision, Clinical Modification.
dInfections of skin and subcutaneous tissue.
eP<.05.
fICU: intensive care unit.
gP<.001.
hAED: accident and emergency department.
iDestination to MacMehose Medical Rehabilitation Centre, Cheshire House (Sha Tin, Chun Hom Kok).
jLate effects of injuries, poisonings, toxic effects, and other external causes.
kDALY: disability-adjusted life year.
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Discussion

Principal Findings
This study used a multiphased modified Delphi approach to
develop a set of core injury outcome indicators specific to the
Hong Kong population. These identified indicators have the
potential to become standardized tools for the surveillance and
evaluation of injury burden and management services in Hong
Kong. Specifically, we identified 55 injury outcome indicators
from the literature and categorized them into 4 domains: health
care service use, functional and psychological outcomes,
biological and physiological outcomes, and postdischarge
outcomes. On the scoring and ranking by panel experts on data
availability, applicability, and validity, 13 indicators were ranked
as core indicators because of their high local relevance and
reflectiveness of the injury burden in Hong Kong. In addition,
we used local hospitalization data to perform applicability
testing analyses. These findings support the applicability of
these core indicators in local contexts. They would serve as the
groundwork for the future establishment of a comprehensive
injury surveillance system in Hong Kong, as well as an example
of a systematic approach for developing and validating
indicators for injury surveillance.

By reviewing the relevant literature, we found that the most
common injury outcome construct was health care service use.
Approximately 57.7% (82/142) of the reviewed articles used
measures of health care service use as indicators of injury
outcomes compared with 31.7% (45/142) for functional and
psychological outcomes, 21.8% (31/142) for postdischarge
outcomes, and 14.8% (21/142) for biological and physiological
outcomes. This could be because most measures included in
the health care service use construct, such as length of
hospitalization, length of stay in ICU, and immediate death
status, are frequently used as injury indicators in many countries
[54,55,68,69].

It should be noted that other outcome indicator constructs also
have their own characteristics. From a clinical perspective,
functional and psychological and biological and physiological
outcomes can provide information on the holistic impact of an
injury on patients. Notably, many functional and psychological
outcomes were measured using standardized and
psychometrically validated scales or indexes such as the General
Health Questionnaire and Glasgow Outcome Scale, which can
increase the comparability of results between studies and across
countries [170]. Conversely, the biological and physiological
construct is difficult to compare, because of its injury-specific
and heterogeneous nature. For example, Kraft et al [45] assessed
the level of blood hormones in patients with burn injuries,
whereas Alanazi et al [153] assessed the level of blood ions in
poisoned patients. Owing to these between-study differences
in biological outcome measures, we could not compare and
determine which injury type may have caused a greater
physiological burden on the patient. Thus, it is important to
reach a consensus on the most appropriate and readily
measurable injury indicators at the biological and physiological
level. For instance, some evidence has suggested that
injury-associated inflammation is a potentially universal

phenomenon among injuries [171-173]. Future research should
identify the injury type associated with severe biological and
physiological damage and compare inflammatory marker levels
(eg, interleukins) between injuries to characterize their
respective inflammatory profiles and to examine whether
postinjury functional and inflammatory changes would correlate
with each other.

Moreover, injury outcome indicators can be time specific. For
example, previous studies measured quality of life as an
indicator of patients’ perceived outcomes immediately after
injury [28,70]. However, considering the fluctuation in the
quality of life over time, local experts recommended DALYs
and quality-adjusted life years as indicators of outcomes after
discharge from the hospital. In addition, there could be overlaps
between the domains of injury outcome indicators. More studies
are needed to clarify the associations among functional and
psychological outcomes, biological and physiological outcomes,
and other long-term postinjury outcomes.

From the list of potential indicators, 13 indicators were rated
by a panel of experts as suitable for local use. Surprisingly,
certification of a Safe Community was associated with higher
suicide rates, perhaps as the primary goal of the Safe Community
program was to prevent unintentional injuries [25,174], and
therefore might be less effective in reducing intentional injuries
such as suicidal behaviors. The increase in suicide rate may
affect the patterns of estimates of other indicators, as it is often
related to more serious consequences and complications [175].
For example, the rate of hospitalization following AED
attendance was higher in districts with a Safe Community
certification, which could be because of the increased number
of suicide cases. In addition, although the estimates of universal
injury indicators (eg, length of hospitalization) were reduced
in certified Hong Kong Safe Communities, severe injury
indicators (eg, mortality rate and ICU admission) showed no
differences between districts with and without Safe Community
certification. These results suggest that the estimates of severe
injury indicators could be influenced by other unmeasured
factors than safety measures.

This study developed a set of injury indicators that can be used
to evaluate and monitor injury trends and services in Hong
Kong. It is evident that a well-established injury surveillance
system integrating different data sources can be a valuable tool
to assist health care professionals in making better decisions
regarding injury trends and preventive services [174,176].
Having demonstrated their functionality and applicability to the
context of Hong Kong, health care professionals can use these
indicators to develop a better understanding of local injury
trends and obtain a more accurate estimate of the impact of
injuries on the local health care system. However, challenges
exist because of the lack of reliable, sensitive, and standardized
data sources for some indicators in Hong Kong [177]. Although
the literature review identified indicators in 4 constructs (health
care service use, functional and psychological outcomes,
biological and physiological outcomes, and postdischarge
outcomes), only health care service use and postdischarge
outcome indicators were found to have limited applicability as
severe injuries are relatively rare in Hong Kong. These findings
indicate a lack of postinjury data in local surveillance systems.
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Moreover, functional and psychological and biological and
physiological measures should be integrated as part of routine
clinical care for injured patients in Hong Kong. The inclusion
of these indicators can help establish a more comprehensive
surveillance system to evaluate and monitor injury trends and
services more accurately in Hong Kong. Furthermore,
assessment methods and tools should be standardized to enhance
comparability with other regions.

This study had several limitations. First, gray literature such as
government reports was not searched in the review process;
hence, we may have missed some relevant indicators, although
we consulted experts to confirm whether our list included all
important indicators. Second, the Hong Kong Safe Community
model was not the most appropriate model for testing the
validity of the core injury outcome indicators, as the model
cannot address issues related to intentional injuries such as
suicide and abuse, which often result in severe consequences
and complications. Third, owing to the lack of appropriate data
sources in Hong Kong, we could not include all identified injury

outcome indicator constructs in the final list of core indicators,
which limits the generalizability of the results to other
populations.

Conclusions
This study used a multiphased modified Delphi method to
develop a set of indicators to monitor injury trends and burdens
in Hong Kong. A total of 55 injury outcome indicators were
identified through a literature review and discussed among local
experts from different sectors, including the government, health
care, community, and academia. A total of 13 indicators were
included in the final list of core indicators; however, biological
and physiological and functional and psychological outcomes
were not included because of the lack of data sources. Model
testing results based on a set of core indicator data showed that
these core indicators can be applied to Hong Kong settings. The
approach used in this study will be a useful example for other
cities and regions that aim to systematically tackle the injury
burden.
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Abstract

Background: Most studies of long COVID (symptoms of COVID-19 infection beyond 4 weeks) have focused on people
hospitalized in their initial illness. Long COVID is thought to be underrecorded in UK primary care electronic records.

Objective: We sought to determine which symptoms people present to primary care after COVID-19 infection and whether
presentation differs in people who were not hospitalized, as well as post–long COVID mortality rates.

Methods: We used routine data from the nationally representative primary care sentinel cohort of the Oxford–Royal College
of General Practitioners Research and Surveillance Centre (N=7,396,702), applying a predefined long COVID phenotype and
grouped by whether the index infection occurred in hospital or in the community. We included COVID-19 infection cases from
March 1, 2020, to April 1, 2021. We conducted a before-and-after analysis of long COVID symptoms prespecified by the Office
of National Statistics, comparing symptoms presented between 1 and 6 months after the index infection matched with the same
months 1 year previously. We conducted logistic regression analysis, quoting odds ratios (ORs) with 95% CIs.

Results: In total, 5.63% (416,505/7,396,702) and 1.83% (7623/416,505) of the patients had received a coded diagnosis of
COVID-19 infection and diagnosis of, or referral for, long COVID, respectively. People with diagnosis or referral of long COVID
had higher odds of presenting the prespecified symptoms after versus before COVID-19 infection (OR 2.66, 95% CI 2.46-2.88,
for those with index community infection and OR 2.42, 95% CI 2.03-2.89, for those hospitalized). After an index community
infection, patients were more likely to present with nonspecific symptoms (OR 3.44, 95% CI 3.00-3.95; P<.001) compared with
after a hospital admission (OR 2.09, 95% CI 1.56-2.80; P<.001). Mental health sequelae were more strongly associated with
index hospital infections (OR 2.21, 95% CI 1.64-2.96) than with index community infections (OR 1.36, 95% CI 1.21-1.53;
P<.001). People presenting to primary care after hospital infection were more likely to be men (OR 1.43, 95% CI 1.25-1.64;
P<.001), more socioeconomically deprived (OR 1.42, 95% CI 1.24-1.63; P<.001), and with higher multimorbidity scores (OR
1.41, 95% CI 1.26-1.57; P<.001) than those presenting after an index community infection. All-cause mortality in people with
long COVID was associated with increasing age, male sex (OR 3.32, 95% CI 1.34-9.24; P=.01), and higher multimorbidity score
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(OR 2.11, 95% CI 1.34-3.29; P<.001). Vaccination was associated with reduced odds of mortality (OR 0.10, 95% CI 0.03-0.35;
P<.001).

Conclusions: The low percentage of people recorded as having long COVID after COVID-19 infection reflects either low
prevalence or underrecording. The characteristics and comorbidities of those presenting with long COVID after a community
infection are different from those hospitalized. This study provides insights into the presentation of long COVID in primary care
and implications for workload.

(JMIR Public Health Surveill 2022;8(8):e37668)   doi:10.2196/37668

KEYWORDS

medical record systems; computerized; Systematized Nomenclature of Medicine; post–acute COVID-19 syndrome; phenotype;
COVID-19; post–COVID-19 syndrome; long COVID; ethnicity; social class; general practitioners; data accuracy; data extracts;
biomedical ontologies; SARS-CoV-2; hospitalization

Introduction

Background
Long COVID (LC) is defined as fatigue, breathlessness,
cognitive dysfunction, and a variety of other symptoms
occurring after COVID-19 infection [1,2]. More than 1 million
people in the United Kingdom are estimated to have prolonged
symptoms after COVID-19 infection, with 60% of the patients
with long COVID reporting extended symptoms lasting months
and 240,000 people reporting symptoms that limit day-to-day
activity [3,4]. The spectrum of symptoms implies widespread
involvement of organs, and there is a recognizable pattern of
long COVID disease resulting from autonomic dysfunction and
mast cell disorder [5]. The Office for National Statistics (ONS)
suggests that the prevalence of long COVID is greater in women,
middle-aged people, those from the most deprived areas, and
those with an activity-limiting health condition or disability [4].
Symptoms are wide ranging, but fatigue, shortness of breath,
and cognitive difficulties (termed brain fog by patients) are
most commonly reported [6-8]. In late 2020, there was a release
of International Classification of Disease and Systematized
Nomenclature of Medicine Clinical Terms (SNOMED CT) to
support long COVID coding (termed post–COVID-19 condition)
but recording in primary care electronic records varied [9,10].
However, primary care data remain the most useful source of
epidemiological data outside hospital records and bespoke
surveys to understand the symptoms that patients with long
COVID present to primary care after documented COVID-19
infection [6]. There is a need to characterize the prevalence,
risk factors, and symptom patterns in patients with long COVID
using routine clinical data to understand the symptoms that
people present with at primary care facilities after COVID-19
infection and whether presentation and postacute mortality differ
in people who were not hospitalized.

This Study
This study reports the symptoms, sociodemographic profile,
and outcomes of people identified as having long COVID in
English primary care. Our study has four components: (1) a
comparison of clinical symptoms of people with long COVID
before and after COVID-19 infection, (2) a description of the
characteristics of people with long COVID compared with those
without long COVID, (3) a comparison of those with long
COVID who were hospitalized with COVID-19 infection versus

those who were not, and (4) an analysis of all-cause mortality
in people with long COVID.

Methods

Overview
This study was conducted as part of the Predicting Risk of
Hospital Admission in Patients With Suspected COVID-19 in
a Community Setting (Remote COVID-19 Assessment in
Primary Care) project [11-13]. The project included creating a
phenotype for LC through an observational study. The
population characteristics, baseline data, and our LC phenotype
were published in the study protocol [14]. The protocol also set
out the details of the comparisons undertaken in this study.
These were as follows: (1) undertaking a before-and-after
comparison of the number of symptoms identified by the ONS
as more common in LC; (2) comparing sociodemographic,
comorbid, and exposure characteristics of people who had
received a coded diagnosis of LC from their general practitioner
(GP) with those of people who had not; (3) comparing
characteristics of people with LC who had contracted their index
infection in hospital with those of people who had contracted
a community infection; and (4) an analysis of all-cause mortality
in people with LC. The study period included COVID-19
infection cases between March 1, 2020, and April 1, 2021, with
a follow-up period of a further 6 months, up to September 30,
2021.

Study Population
We used pseudonymized data extracted from the primary care
sentinel cohort (PCSC) of the Oxford–Royal College of General
Practitioners Research and Surveillance Centre [15]. The PCSC
includes 743 practices (N=7,396,702) that were recruited to be
nationally representative of the English population, and it is one
of Europe’s oldest sentinel systems [11]. PCSC data have been
widely used in COVID-19 research [16]. Practices are
encouraged to have high-quality records and to record cases of
LC [10]. Key diagnoses in primary care in England are recorded
in computerized medical records (CMRs) using SNOMED CT
[17]. This includes COVID-19 test results and vaccination. Over
the period of the study, all community COVID-19 test and
vaccination data were posted electronically back into patients’
CMRs. We have previously found that 7.81% (58/743) of the
practices did not have any LC cases recorded in their CMR
systems, and these practices were excluded from the study. The
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registered population of the PCSC was 7,396,702 patients at
the time of the study; after exclusions, approximately 6.9 million

patients were included, and 6.15% (428,588/6,968,114) had
COVID-19 infection recorded in their CMR (Figure 1).

Figure 1. CONSORT (Consolidated Standards of Reporting Trials) diagram of the English primary care sentinel cohort population, the people with
COVID-19 infection, those with long COVID, and the numbers of people with index community infection and those hospitalized for treatment for their
index infection. Oxford–RCGP RSC: Oxford–Royal College of General Practitioners Research and Surveillance Centre.

Long COVID Cases
LC cases were defined using our phenotype, with LC cases
being defined by a clinical term for a case, referral to an LC
service, or a symptom score suggestive of LC based on the ONS
set of possible LC symptoms. The phenotype also differentiated
community cases from hospital cases. Using this phenotype,
1.83% (7623/416,505) of the population who had been exposed
to COVID-19 infection were recorded in the GP CMR as having
LC; 82.85% (6316/7623) were index community COVID-19
infection cases, and 17.15% (1307/7623) had been hospitalized
for treatment for their primary COVID-19 infection; and 0.3%
(23/7623) of the people with a prior record of LC diagnosis had
died. Most (7347/7623, 96.38%) of our LC cases had not
received a vaccination dose before their diagnosis, 3.49%
(266/7623) had received a single vaccine dose, and 0.13%
(10/7623) had received 2 doses. We have set out how the PCSC
population was subdivided to identify people with LC in Figure
1. Sociodemographic details included age, sex, use of the Index
of Multiple Deprivation as a measure of deprivation, ethnicity,

population density, obesity, and smoking. The Index of Multiple
Deprivation score was dichotomized into the top 3 (least) and
bottom 2 (most) deprived quintiles. Ethnicity was also
dichotomized into White and non-White. Population density
categories were based on the ONS national figures and
categorized into conurbation (highest density), town and city
(medium density), and rural (lowest density). Obesity was

reported based on BMI>30 kg/m2 or a term for obesity from
SNOMED CT. Symptoms associated with LC were those present
>28 days after the index infection.

Before-and-After Study
We compared the recording of symptoms associated with LC
in the period between 1 and 6 months after the index COVID-19
infection. We made a historical comparison matched by month
in the year before the index COVID-19 infection. We did this
to make allowance for seasonality in symptom presentations in
primary care.

Reporting frequencies and underreporting are likely to be similar
to unrecorded cases of patients with LC. The comparisons
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between before-and-after symptoms reported among patients
with LC before the pandemic were matched by month, provided
that an acute COVID-19 infection code was present; for
example, patients with a COVID-19 infection code entered on
January 1, 2021, would have a follow-up period beginning from
February 1, 2021, to July 31, 2021, with a historic comparator
period from February 1, 2019, to July 31, 2019. This
comparative method demonstrated the clinical phenotype
variation.

Comparing LC and Uncomplicated COVID-19
Infection
We compared people with LC with those with COVID-19
infection uncomplicated by subsequent LC. We made this
comparison across all variables of interest, identified through
a literature review reported in our protocol [14]. In addition, we
included the Cambridge Multimorbidity Score (CMS) as an
overall measure of comorbidity; although CMS was initially
developed using the Read clinical terminology, we have
subsequently validated it using SNOMED CT [17]. An
increasing CMS is associated with greater levels of comorbidity
and associated with increased risk of mortality [18]. We
conducted a multivariate logistic regression analysis to
characterize people with LC.

Comparison of Hospitalized and Community Initial
Infections
We used the same variables to make comparisons between
patients who were hospitalized with their index COVID-19
infection and those who were not. We compared people with
posthospitalization LC with those who had index community
COVID-19 infection followed by LC.

All-Cause Mortality as an Outcome for LC
We measured all-cause mortality as an outcome for all patients
with LC drawn from the hospitalized and community groups.
We conducted a multivariate analysis using age, sex,
geographical location, CMS, and whether the patients had
received their vaccination doses before or after their COVID-19
infection diagnosis.

Statistical Methods
We conducted this secondary analysis of routine data from the
PCSC, and full details are available in our protocol [18]. We
reported descriptive statistics of mean, median, and proportion,
with measures of dispersion such as SD and IQR for normally

distributed data and nonparametric data, respectively. We
conducted a univariate analysis reporting odds ratios (ORs) and
95% CIs. We used the Bonferroni correction to correct for
multiple testing in our before-and-after study of symptoms
associated with LC. The probability of an observed difference
happening by chance (P values) were reported for categorical
variables using chi-square tests. ANOVA was used for
continuous variables.

Multivariate logistic regression modelling was used to identify
comorbidities, demographics, and exposure covariates associated
with (1) LC diagnosis, (2) hospitalization, and (3) all-cause
mortality as binary outcomes in separate models. For each
model, relevant risk factors identified in the literature underwent
univariate analysis, and all covariates were then included in a
3-step backward elimination using thresholds of α levels of .20,
.10, and .05 in each step respectively, where a 2-sided α value
of .05 was considered statistically significant. Age and sex were
forced into the model at each step. Results were presented
through forest plots.

Ethics Approval
Retrospective pseudonymized routine data were used for this
study. These data are held at the Oxford–Royal College of
General Practitioners Clinical Informatics Digital Hub, a trusted
research environment [19] that meets the NHS Digital Data
Security and Protection standards [20]. Ethics approval was
granted by the North West–Greater Manchester East Research
Ethics Committee and Health Research Authority on May 27,
2021 (Integrated Research Application System number: 283024;
Research Ethics Committee reference number: 20/NW/0266).

Results

Cohort Summary
A total of 416,505 people had a record of acute COVID-19
infection between March 1, 2020, and April 1, 2021. Baseline
characteristics of the population are reported in Table 1. The
mean age of the patients was 44.5 (SD 21.7) years, with a
majority being women (232,775/416,505, 55.89%). The most
common comorbid conditions were obesity, anxiety, depression,
eczema, hypertension, and asthma. The all-cause mortality rate
within the study population was 4.08% (16,993/416,505). Only
1.81% (7531/416,505) of the deaths were attributable to
complications related to COVID-19 infection.
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Table 1. Frequencies of baseline characteristics and univariate odds ratios for people with COVID-19 infection stratified by long COVID status in the
primary care sentinel cohort in England (March 1, 2020, to April 1, 2021; N=416,505).

P valueUnadjusted odds ratio (95% CI)Long COVID, n=7623COVID-19 infection,
n=408,882

Variable and category

Sociodemographic characteristics

Age (years), mean (SD)

<.0011.01 (1.01-1.01)47.7 (14.82)44.5 (21.77)Continuous

Sex, n (%)

N/A1.00 (N/Aa)4926 (64.6)227,849 (55.7)Female (reference)

<.0010.69 (0.66-0.72)2697 (35.4)181,033 (44.3)Male

Deprivation, n (%)

N/A1.00 (N/A)3048 (40)164,001 (40.1)Least deprived (reference)

.831.01 (0.96-1.05)4575 (60)244,881 (59.9)Most deprived

Ethnicity, n (%)

N/A1.00 (N/A)5529 (72.5)268,624 (65.7)White (reference)

.060.94 (0.88-1.00)1094 (14.4)56,645 (13.9)Non-White

<.0010.58 (0.54-0.62)1000 (13.1)83,613 (20.4)Missing

Population density, n (%)

N/A1.00 (N/A)3191 (41.9)205,159 (50.2)City (reference)

<.0011.50 (1.42-1.57)3196 (41.9)137,378 (33.6)Conurbation

<.0011.20 (1.12-1.28)1236 (16.2)66,345 (16.2)Rural

BMI, n (%)

N/A1.00 (N/A)4522 (59.3)252,114 (61.7)Nonobese (reference)

<.0011.42 (1.35-1.49)2575 (33.8)101,386 (24.8)Obese

<.0010.53 (0.48-0.58)526 (6.9)55,382 (13.5)Missing

Smoker, n (%)

N/A1.00 (N/A)4458 (58.5)210,505 (51.5)Nonsmoker (reference)

<.0010.93 (0.89-0.97)2945 (38.6)149,583 (36.6)Smoker or former smoker

<.0010.21 (0.19-0.24)220 (2.9)48,794 (11.9)Missing

Comorbidities

Depression, n (%)

N/A1.00 (N/A)4862 (63.8)315,510 (77.2)No (reference)

<.0011.92 (1.83-2.01)2761 (36.2)93,372 (22.8)Yes

Anxiety, n (%)

N/A1.00 (N/A)4969 (65.2)313,782 (76.7)No (reference)

<.0011.76 (1.68-1.85)2654 (34.8)95,100 (23.3)Yes

Asthma, n (%)

N/A1.00 (N/A)5821 (76.4)333,083 (81.5)No (reference)

<.0011.36 (1.29-1.43)1802 (23.6)75,799 (18.5)Yes

Chronic lung disease, n (%)

N/A1.00 (N/A)7429 (97.5)394,414 (96.5)No (reference)

<.0010.71 (0.62-0.82)194 (2.5)14,468 (3.5)Yes

COPDb, n (%)

N/A1.00 (N/A)7473 (98)396,024 (96.9)No (reference)
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P valueUnadjusted odds ratio (95% CI)Long COVID, n=7623COVID-19 infection,
n=408,882

Variable and category

<.0010.62 (0.53-0.73)150 (2)12,858 (3.1)Yes

Hypertension, n (%)

N/A1.00 (N/A)6001 (78.7)328,025 (80.2)No (reference)

<.0011.10 (1.04-1.16)1622 (21.3)80,857 (19.8)Yes

Ischemic heart disease

N/A1.00 (N/A)7283 (95.5)387,015 (94.7)No (reference)

<.0010.83 (0.74-0.92)340 (4.5)21,867 (5.3)Yes

Atrial fibrillation, n (%)

N/A1.00 (N/A)7490 (98.3)395,170 (96.6)No (reference)

<.0010.51 (0.43-0.61)133 (1.7)13,712 (3.4)Yes

Congestive heart failure, n (%)

N/A1.00 (N/A)7558 (99.1)400,573 (98)No (reference)

<.0010.41 (0.32-0.53)65 (0.9)8309 (2)Yes

CKDc, n (%)

N/A1.00 (N/A)7350 (96.4)385,985 (94.4)No (reference)

<.0010.63 (0.55-0.71)273 (3.6)22,897 (5.6)Yes

Type 2 diabetes, n (%)

N/A1.00 (N/A)7042 (92.4)378,258 (92.5)No (reference)

.671.02 (0.94-1.11)581 (7.6)30,624 (7.5)Yes

Type 1 diabetes, n (%)

N/A1.00 (N/A)7581 (99.4)406,311 (99.4)No (reference)

.380.88 (0.64-1.19)42 (0.6)2571 (0.6)Yes

Cirrhosis, n (%)

N/A1.00 (N/A)7607 (99.8)407,827 (99.7)No (reference)

.400.81 (0.50-1.33)16 (0.2)1055 (0.3)Yes

Eczema, n (%)

N/A1.00 (N/A)5891 (77.3)318,124 (77.8)No (reference)

.281.03 (0.98-1.09)1732 (22.7)90,758 (22.2)Yes

CMSd, mean (SD)

<.0010.94 (0.92-0.95)0.29 (1.12)0.45 (1.59)Continuous

Exposures

ICUe admission, n (%)

N/A1.00 (N/A)7351 (96.4)406,302 (99.4)No (reference)

<.0015.83 (5.13-6.62)272 (3.6)2580 (0.6)Yes

Vaccination at any time, n (%)

N/A1.00 (N/A)872 (11.4)84,094 (20.6)No vaccine (reference)

<.0011.40 (1.24-1.58)371 (4.9)25,571 (6.3)One dose

<.0012.06 (1.92-2.21)6380 (83.7)299,217 (73.2)Two doses

Pre– long COVID vaccination, n (%)

N/A1.00 (N/A)7347 (96.4)392,324 (96)No vaccine (reference)

.080.90 (0.79-1.01)266 (3.5)15,832 (3.9)One dose
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P valueUnadjusted odds ratio (95% CI)Long COVID, n=7623COVID-19 infection,
n=408,882

Variable and category

.310.74 (0.39-1.37)10 (0.1)726 (0.2)Two doses

Outcomes

All-cause mortality, n (%)

N/A1.00 (N/A)7600 (99.7)391,912 (95.8)No (reference)

<.0010.07 (0.05-0.11)23 (0.3)16,970 (4.2)Yes

aN/A: not applicable.
bCOPD: chronic obstructive pulmonary disease.
cCKD: chronic kidney disease.
dCMS: Cambridge Multimorbidity Score.
eICU: intensive care unit.

Before-and-After Study
Overall, symptomatic presentations to primary care increased
in people after their diagnosis compared with a matched historic
period. The odds of presenting with these symptoms more than
doubled. The increased ORs were 2.66 (95% CI 2.46-2.88) and
2.42 (95% CI 2.03-2.89) for community and hospitalized
patients, respectively (Figure 2).

There were no differences between people who had been
hospitalized with COVID-19 infection and those who had
contracted community infections by category, other than the
differences in general and mental health symptoms. Patients
presented with more general symptoms after an index
community infection (OR 3.44, 95% CI 3.00-3.95) than after
an index hospital infection (OR 2.09, 95% CI 1.56-2.80;
P<.001). Presentations with mental health sequelae were

associated more with index hospital infections (OR 2.21, 95%
CI 1.64-2.96) than with index community infections (OR 1.36,
95% CI 1.21-1.53).

There was an overall increase in reporting individual symptoms
for 95% (20/21) of the symptoms monitored in both the index
hospital and community infection groups. Among those
hospitalized, shortness of breath (OR 15.8, 95% CI 9.5-26.4),
loss of taste (OR 6.0, 95% CI 0.73-50.0), and memory loss and
confusion (OR 5.0, 95% CI 0.58-43.32) were the symptoms
that showed a higher increase after LC. For the community
group, difficulty concentrating (OR 11.7, 95% CI 3.6-38.0),
loss of taste (OR 8.7, 95% CI 3.4-21.7), and loss of smell (OR
7.5, 95% CI 4.2-13.2) showed a higher increase after LC. Only
abdominal pain in the hospitalized group saw a decrease after
LC versus before LC (Table 2).

Figure 2. Change in long COVID symptom presentation by symptom category for people who contracted a posthospitalization and index community
COVID-19 infection. Univariate odds ratios (ORs) and 95% CIs are presented for COVID-19 infection cases in the primary care sentinel cohort in
England between March 1, 2020, and April 1, 2021. ONS: Office for National Statistics.
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Table 2. Change in symptoms in the hospitalized and community groups before and after developing long COVID for people presenting with COVID-19
infection in the primary care sentinel cohort in England between March 1, 2020, and April 1, 2021 (N=7609).

P

value

Unadjusted
OR (95% CI)

Long COVID: community
(n=6315)

P

value

Unadjusted

ORb (95% CI)

Long COVID: hospitalized
(n=1294)

ONSa symptom variables

Differ-
ence, %

After, n
(%)

Before,
n (%)

Differ-
ence, %

After, n
(%)

Before, n
(%)

<.0012.66 (2.46-
2.88)

20.432616
(41.43)

1326
(21)

<.0012.42 (2.03-
2.89)

19.48567
(43.82)

315
(24.34)

Overall, one or more ONS

symptomc

<.0012.44 (2.09-
2.86)

5.19578
(9.15)

250
(3.96)

.0041.64 (1.2-
2.24)

2.94103
(7.96)

65 (5.02)Central nervous systemc

.033.51 (1.15-
10.71)

0.1614
(0.22)

4 (0.06).225.02 (0.58-
43.32)

0.315 (0.39)1 (0.08)Memory loss and confu-
sion

<.00111.73 (3.62-
38.01)

0.3235
(0.55)

3 (0.23).04Infd0.466 (0.46)0Difficulty concentrating

<.0017.46 (4.23-
13.17)

1.41103
(1.63)

14
(0.22)

.502 (0.5-8.06)0.236 (0.46)3 (0.23)Loss of smell

<.0012.43 (1.43-
4.13)

0.4346
(0.73)

19 (0.3).052.36 (1.08-
5.16)

0.9221 (1.62)9 (0.7)Trouble sleeping

<.0011.98 (1.63-
2.41)

2.35306
(4.85)

158
(2.5)

.281.31 (0.85-
2.01)

0.8548 (3.71)37 (2.86)Headache

<.0018.65 (3.44-
21.74)

0.643
(0.68)

5 (0.08).126.02 (0.73-
50.02)

0.386 (0.46)1 (0.08)Loss of taste

<.0012.1 (1.56-
2.82)

1.17137
(2.17)

66 (1).051.9 (1.03-
3.48)

1.0830 (2.32)16 (1.24)Vertigo and dizziness

<.0012.95 (2.62-
3.32)

10.651088
(17.24)

416
(6.59)

<.0012.93 (2.32-
3.71)

13.6294
(22.72)

118
(9.12)

Respiratoryc

.710.93 (0.68-
1.27)

–0.0977
(1.22)

83
(1.31)

.860.36 (0.21-
0.62)

0.1518 (1.39)16 (1.24)Sore throat

<.0015.24 (4.39-
6.25)

8.93714
(11.31)

150
(2.38)

<.00115.83 (9.51-
26.35)

12.75214
(16.54)

49 (3.79)Shortness of breath

<.0012.29 (1.96-
2.68)

4.65544
(8.61)

250
(3.96)

.0021.69 (1.23-
2.31)

3.4114
(8.81)

70 (5.41)Cough

<.0012.88 (2.41-
3.43)

4.7468
(7.41)

171
(2.71)

<.0012.6 (1.82-
3.69)

5.18113
(8.73)

46 (3.55)Cardiovascularc

<.0013.42 (2.35-
4.96)

1.41128
(2.01)

38 (0.6).0072.93 (1.36-
6.29)

1.326 (2)9 (0.7)Palpitations

<.0012.69 (2.21-
3.28)

3.61371
(5.87)

143
(2.26)

.0012.68 (1.81-
3.96)

4.697 (7.5)38 (2.94)Chest pain

<.0013.44 (3-3.95)11.021037
(16.42)

341
(5.4)

<.0012.09 (1.56-
2.8)

5.79153
(11.82)

78 (6.03)Generalc

<.0017.16 (5.88-
8.71)

10.5786
(12.45)

123
(1.95)

.0013.86 (2.51-
5.95)

5.3395 (7.34)26 (2.01)Weakness and tiredness

<.0012.21 (1.55-
3.14)

0.9105
(1.66)

48
(0.76)

.161.83 (0.87-
3.86)

0.720 (1.55)11 (0.85)Fever

<.0013.72 (2.51-
5.5)

1.4121
(1.92)

33
(0.52)

.0043.04 (1.36-
6.79)

1.2324 (1.85)8 (0.62)Muscle aches

.301.13 (0.91-
1.4)

0.32178
(2.82)

158
(2.5)

.830.92 (0.59-
1.45)

–0.2337 (2.86)40 (3.09)Abdominal pain

<.0012.65 (1.98-
3.56)

1.63167
(2.64)

64
(1.01)

.011.99 (1.2-
3.31)

1.745 (3.48)23 (1.78)Gastrointestinalc

<.0012.69 (1.71-
4.22)

0.7172
(1.14)

27
(0.43)

.0063.33 (1.43-
7.73)

1.2423 (1.78)7 (0.54)Nausea and vomiting
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P

value

Unadjusted
OR (95% CI)

Long COVID: community
(n=6315)

P

value

Unadjusted

ORb (95% CI)

Long COVID: hospitalized
(n=1294)

ONSa symptom variables

Differ-
ence, %

After, n
(%)

Before,
n (%)

Differ-
ence, %

After, n
(%)

Before, n
(%)

<.0013.9 (1.89-
8.06)

0.4135
(0.55)

9 (0.14).293.01 (0.6-
15.01)

0.316 (0.46)2 (0.15)Loss of appetite

<.0012.34 (1.55-
3.53)

0.7179
(1.25)

34
(0.54)

.211.57 (0.84-
2.95)

0.6925 (1.93)16 (1.24)Diarrhea

<.0011.36 (1.21-
1.53)

2.37607
(9.61)

457
(7.24)

<.0012.21 (1.64-
2.96)

5.8145
(11.21)

70 (5.41)Mental healthc

<.0011.52 (1.3-
1.78)

2.1407
(6.44)

274
(4.34)

<.0012.59 (1.71-
3.9)

3.7982 (6.34)33 (2.55)Worry and anxiety

<.0011.35 (1.16-
1.58)

1.54389
(6.16)

292
(4.62)

.0021.76 (1.26-
2.45)

3.197 (7.5)57 (4.4)Low mood and not en-
joying anything

aONS: Office for National Statistics.
bOR: odds ratio.
cThe P values by category of symptoms have had the Bonferroni correction applied for multiple testing.
dInf: infinite.

Comparison of People With COVID-19 Infection
Without LC and Those With LC
The frequencies of baseline characteristics and univariate ORs
for people with COVID-19 infection stratified by LC status are
shown in Table 1 (n=416,505). The mean age was 44.5 (SD
21.77) years for the COVID-19 infection group and 47.7 (SD
14.8) years for the LC group. A higher proportion of those with
LC was found among women (4926/7623, 64.62%), and male
sex was associated with a lower odds of an LC diagnosis (OR
0.69, 95% CI 0.66-0.72). The proportion of those with a record
of intensive care unit (ICU) admission was 0.63%
(2580/408,882) in people with COVID-19 infection and 3.57%
(272/7623) in people with LC, and a record of ICU admission
was associated with a higher odds of an LC diagnosis (OR 5.83,
95% CI 5.13-6.62). A moderate association with LC was found
for history of depression, anxiety, living in a conurbation, and
COVID-19 vaccination at any time. A lower association was
found for people with obesity, asthma, and hypertension.

The multivariate logistic regression analysis using LC as an
outcome (Figure 3) showed that a greater odds of having LC
was associated with increasing age, higher population density

(conurbation), mental health problems (anxiety and depression),
and ICU admission. By contrast, male sex, being more deprived,
chronic kidney disease (CKD), and a higher comorbidity score
(measured using the CMS) were not.

An additional year of age was associated with a 5% increase in
odds of an LC diagnosis (OR 1.05, 95% CI 1.04-1.05). After
adjusting for confounders, the demographic factors associated
with a decreased odds of an LC diagnosis among people with
COVID-19 infection included male sex (OR 0.9, 95% CI
0.85-0.94) and higher deprivation (OR 0.94, 95% CI 0.9-0.99).
However, residing in a conurbation was associated with
increased odds of an LC diagnosis (OR 1.46, 95% CI 1.39-1.53).
Among the history of comorbidities and exposures, depression
(OR 1.55, 95% CI 1.47-1.64), anxiety (OR 1.35, 95% CI
1.28-1.35), asthma (OR 1.28, 95% CI 1.21-1.35), type 2 diabetes
(OR 1.18, 95% CI 1.07-1.29), eczema (OR 1.06, 95% CI
1-1.12), and a record of ICU admission (OR 5.74, 95% CI
5.02-6.53) were associated with increased odds of an LC
diagnosis. By contrast, history of CKD (OR 0.76, 95% CI
0.67-0.87) and a higher CMS (OR 0.54, 95% CI 0.52-0.56)
were associated with lower odds of an LC diagnosis (Figure 3).
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Figure 3. Multivariate logistic regression analysis showing associations with long COVID among people with COVID-19 infection diagnosed in the
primary care sentinel cohort in England (March 1, 2020, to April 1, 2021). Results are shown as odds ratios (ORs) with 95% CIs. CKD: chronic kidney
disease; CMS: Cambridge Multimorbidity Score; ICU: intensive care unit; Q: quintiles.

Comparison of Posthospitalization- and
Postcommunity Infection With LC
The frequencies of baseline characteristics and univariate ORs
for people with LC stratified by community versus hospital
index infection are shown in Table 3 (n=7623). Among baseline
characteristics, the mean age was 54.8 (SD 14.3) years for the
posthospitalization-infection LC group and 46.2 (SD 14.5) years
for the postcommunity-infection LC group, whereas the
proportion of female patients was 53.94% (705/1307) in the
posthospitalization-infection LC group and 66.83% (4221/6316)
in the postcommunity-infection LC group. Demographic factors
associated with higher odds of hospitalization included male
sex, higher deprivation, and non-White ethnicity. Among
comorbidities, congestive heart failure, type 2 diabetes, CKD,
ischemic heart disease, hypertension, chronic lung disease,
obesity, and atrial fibrillation were all significantly associated
with higher odds of a posthospitalization LC diagnosis.

The multivariate logistic regression analysis using
posthospitalization LC as an outcome produced results (Figure
4) that contrasted with the previous analysis. Although
increasing age, asthma, and type 2 diabetes remained associated

with LC after both index community infection and
hospitalization for the index COVID-19 infection, people who
had received a diagnosis of LC after hospitalization were more
likely to be men, more deprived, of non-White ethnicity, and
have CKD and higher comorbidity scores (Figure 4).

An additional year of age was associated with a 1% increase in
odds of having been hospitalized for COVID-19 infection (OR
1.01, 95% CI 1-1.02). After adjusting for confounders, the
demographic factors associated with an increased odds of an
LC diagnosis after hospitalization for COVID-19 infection
included male sex (OR 1.43, 95% CI 1.25-1.64), higher
deprivation (OR 1.42, 95% CI 1.24-1.63), non-White ethnicity
(OR 1.78, 95% CI 1.5-2.12), and obesity (OR 2.18, 95% CI
1.9-2.5). Asthma (OR 1.27, 95% CI 1.1-1.47), CKD (OR 1.44,
95% CI 1.08-1.09), and type 2 diabetes (OR 1.66, 95% CI
1.35-2.02) were also associated with LC after hospitalization
for COVID-19 infection. An increase in CMS was also
associated with a 41% increase in odds of a posthospitalization
LC diagnosis (OR 1.41, 95% CI 1.26-1.57). Only history of
depression was associated with lower odds (OR 0.84, 95% CI
0.73-0.96).
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Table 3. Frequencies of baseline characteristics and univariate odds ratios (ORs) for people with long COVID stratified by community versus hospital
index infection in the primary care sentinel cohort in England (March 1, 2020, to April 1, 2021; N=7623).

P valueUnadjusted odds ratio (95% CI)Hospitalized, n=1307Community, n=6316Variable and category

Sociodemographic characteristics

Age (years), mean (SD)

<.0011.04 (1.04-1.05)54.8 (14.3)46.2 (14.49)Continuous

Sex, n (%)

N/A1.00 (N/Aa)705 (53.94)4221 (66.83)Female (reference)

<.0011.72 (1.52-1.94)602 (46.06)2095 (33.17)Male

Deprivation, n (%)

N/A1.00 (N/A)409 (31.29)2639 (41.78)Least deprived (reference)

<.0011.58 (1.39-1.79)898 (68.71)3677 (58.22)Most deprived

Ethnicity, n (%)

N/A1.00 (N/A)910 (69.63)4619 (73.13)White (reference)

<.0011.50 (1.28-1.76)250 (19.13)844 (13.36)Non-White

.160.87 (0.72-1.06)147 (11.25)853 (13.51)Missing

Population density, n (%)

N/A1.00 (N/A)552 (42.23)2639 (41.78)City (reference)

.471.05 (0.92-1.19)575 (43.99)2621 (41.5)Conurbation

.030.81 (0.68-0.98)180 (13.77)1056 (16.72)Rural

BMI, n (%)

N/A1.00 (N/A)565 (43.23)3957 (62.65)Nonobese (reference)

<.0012.58 (2.28-2.92)693 (53.02)1882 (29.8)Obese

.030.72 (0.53-0.98)49 (3.75)477 (7.55)Missing

Smoker, n (%)

N/A1.00 (N/A)762 (58.3)3696 (58.52)Nonsmoker (reference)

.251.07 (0.95-1.21)534 (40.86)2411 (38.17)Smoker or former smoker

<.0010.26 (0.14-0.47)11 (0.84)209 (3.31)Missing

Comorbidities

Depression, n (%)

N/A1.00 (N/A)833 (63.73)4029 (63.79)No (reference)

.971.00 (0.89-1.13)474 (36.27)2287 (36.21)Yes

Anxiety, n (%)

N/A1.00 (N/A)875 (66.95)4094 (64.82)No (reference)

.140.91 (0.80-1.03)432 (33.05)2222 (35.18)Yes

Asthma, n (%)

N/A1.00 (N/A)952 (72.84)4869 (77.09)No (reference)

<.0011.25 (1.10-1.44)355 (27.16)1447 (22.91)Yes

Chronic lung disease, n (%)

N/A1.00 (N/A)1244 (95.18)6185 (97.93)No (reference)

<.0012.39 (1.76-3.25)63 (4.82)131 (2.07)Yes

COPDb, n (%)

N/A1.00 (N/A)1255 (96.02)6218 (98.45)No (reference)

<.0012.63 (1.87-3.70)52 (3.98)98 (1.55)Yes
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P valueUnadjusted odds ratio (95% CI)Hospitalized, n=1307Community, n=6316Variable and category

Hypertension, n (%)

N/A1.00 (N/A)833 (63.73)5168 (81.82)No (reference)

<.0012.56 (2.25-2.92)474 (36.27)1148 (18.18)Yes

Ischemic heart disease, n (%)

N/A1.00 (N/A)1181 (90.36)6102 (96.61)No (reference)

<.0013.04 (2.42-3.82)126 (9.64)214 (3.39)Yes

Atrial fibrillation, n (%)

N/A1.00 (N/A)1262 (96.56)6228 (98.61)No (reference)

<.0012.52 (1.75-3.63)45 (3.44)88 (1.39)Yes

Congestive heart failure, n (%)

N/A1.00 (N/A)1275 (97.55)6283 (99.48)No (reference)

<.0014.78 (2.93-7.80)32 (2.45)33 (0.52)Yes

CKDc, n (%)

N/A1.00 (N/A)1195 (91.43)6155 (97.45)No (reference)

<.0013.58 (2.79-4.60)112 (8.57)161 (2.55)Yes

Type 2 diabetes, n (%)

N/A1.00 (N/A)1060 (81.1)5982 (94.71)No (reference)

<.0014.17 (3.50-4.98)247 (18.9)334 (5.29)Yes

Type 1 diabetes, n (%)

N/A1.00 (N/A)1299 (99.39)6282 (99.46)No (reference)

.751.14 (0.53-2.46)8 (0.61)34 (0.54)Yes

Cirrhosis, n (%)

N/A1.00 (N/A)1302 (99.62)6305 (99.83)No (reference)

.172.20 (0.76-6.35)5 (0.38)11 (0.17)Yes

Eczema, n (%)

N/A1.00 (N/A)1020 (78.04)4871 (77.12)No (reference)

.470.95 (0.82-1.09)287 (21.96)1445 (22.88)Yes

CMSd, mean (SD)

<.0011.75 (1.66-1.84)0.95 (1.33)0.16 (1.03)Continuous

Exposures

ICUe admission, n (%)

N/A1.00 (N/A)1035 (79.19)6316 (100)No (reference)

<.001Inff272 (20.81)0 (0)Yes

Vaccination at any time, n (%)

N/A1.00 (N/A)129 (9.87)743 (11.76)No vaccine (reference)

.210.80 (0.55-1.14)45 (3.44)326 (5.16)One dose

.031.24 (1.02-1.52)1133 (86.69)5247 (83.07)Two doses

Pre–long COVID vaccination, n (%)

N/A1.00 (N/A)1239 (94.8)6108 (96.71)No vaccine (reference)

<.0011.66 (1.25-2.20)67 (5.13)199 (3.15)One dose

.540.55 (0.07-4.33)1 (0.08)9 (0.14)Two doses

Outcomes
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P valueUnadjusted odds ratio (95% CI)Hospitalized, n=1307Community, n=6316Variable and category

All-cause mortality, n (%)

N/A1.00 (N/A)1290 (98.7)6310 (99.91)No (reference)

<.00113.9 (5.5-35.2)17 (1.3)6 (0.09)Yes

aN/A: not applicable.
bCOPD: chronic obstructive pulmonary disease.
cCKD: chronic kidney disease.
dCMS: Cambridge Multimorbidity Score.
eICU: intensive care unit.
fInf: infinite.

Figure 4. Multivariate logistic regression analysis showing associations with long COVID acquired after hospitalization. Results are shown as odds
ratios (ORs) with 95% CIs. CKD: chronic kidney disease; CMS: Cambridge Multimorbidity Score; Q: quintiles.

LC and All-Cause Mortality
The frequencies of baseline characteristics and univariate ORs
for people with LC stratified by vital status are shown in Table
4 (n=7623). We paired data for people with LC who died
(23/7623, 0.3%) and those who remained alive within the study
period (7600/7623, 99.7%). Demographic factors associated
with a higher risk of mortality include male sex (OR 4.19, 95%
CI 1.72-10.21) and age, where the mean age was 75.7 (SD 8.23)
years in the mortality group and 47.6 (SD 14.75) years in the
living group. Every additional year of age was associated with
a 10% increased risk of death (OR 1.15, 95% CI 1.11-1.19).
Among comorbidities, all cardiovascular comorbidities were
associated with a higher risk of mortality, particularly congestive
heart failure (OR 26, 95% CI 8.60-78.74) and atrial fibrillation

(OR 20.8, 95% CI 8.06-53.54). Pulmonary conditions, including
chronic obstructive pulmonary disease (OR 14.3, 95% CI
5.23-38.99) and chronic lung disease (OR 13.9, 95% CI
5.43-35.69) were also associated with higher mortality. Among
metabolic and inflammatory conditions, cirrhosis, type 1
diabetes, type 2 diabetes, and eczema were associated with
all-cause mortality. Finally, ICU admission (OR 7.63, 95% CI
2.81-20.70) was associated with a higher risk of death.

The results for the multivariate logistic regression analysis for
people with LC using all-cause mortality as an outcome are
presented in Figure 5. Age (OR 1.08, 95% CI 1.02-1.14), male
sex, and a higher CMS were all associated with higher odds of
mortality. By contrast, COVID-19 vaccination at any time and
living in a conurbation were associated with lower odds of
mortality (Figure 5).
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Table 4. Frequencies of baseline characteristics and univariate odds ratios for people with LC stratified by vital status in the primary care sentinel
cohort in England (March 1, 2020, to April 1, 2021; N=7623).

P valueUnadjusted odds ratio (95% CI)All-cause mortality, n=23Alive, n=7600Variable and category

Sociodemographic characteristics

Age (years), mean (SD)

<.0011.15 (1.11-1.19)75.7 (8.23)47.6 (14.75)Continuous

Sex, n (%)

N/A1.00 (N/Aa)7 (30.43)4919 (64.72)Female (reference)

<.0014.19 (1.72-10.21)16 (69.57)2681 (35.28)Male

Deprivation, n (%)

N/A1.00 (N/A)6 (26.09)3042 (40.01)Least deprived (reference)

.161.89 (0.74-4.80)17 (73.9)4558 (59.97)Most deprived

Ethnicity, n (%)

N/A1.00 (N/A)20 (86.96)5509 (72.49)White (reference)

.310.50 (0.12-2.16)2 (8.7)1092 (14.37)Non-White

.120.28 (0.04-2.06)1 (4.35)999 (13.14)Missing

Population density, n (%)

N/A1.00 (N/A)12 (52.17)3179 (41.83)City (reference)

.080.42 (0.15-1.18)5 (21.74)3191 (42)Conurbation

.611.29 (0.48-3.45)6 (26.09)1230 (16.18)Rural

BMI, n (%)

N/A1.00 (N/A)16 (69.57)4506 (59.29)Nonobese (reference)

.550.77 (0.32-1.87)7 (30.43)2568 (33.79)Obese

.060.26 (0.02-4.33)0 (0)526 (6.92)Missing

Smoker, n (%)

N/A1.00 (N/A)11 (47.82)4447 (58.51)Nonsmoker (reference)

.231.65 (0.73- 3.75)12 (52.17)2933 (38.59)Smoker or former smoker

.300.88 (0.05-14.93)0 (0)220 (2.89)Missing

Comorbidities

Depression, n (%)

N/A1.00 (N/A)19 (82.61)4843 (63.72)No (reference)

.050.37 (0.13-1.09)4 (17.39)2757 (36.28)Yes

Anxiety, n (%)

N/A1.00 (N/A)17 (73.91)4952 (65.16)No (reference)

.370.66 (0.26-1.68)6 (26.09)2648 (34.84)Yes

Asthma, n (%)

N/A1.00 (N/A)19 (82.61)5802 (76.34)No (reference)

.470.68 (0.23-2.00)4 (17.39)1798 (23.66)Yes

Chronic lung disease, n (%)

N/A1.00 (N/A)17 (73.91)7412 (97.53)No (reference)

<.00113.91 (5.43-35.69)6 (26.09)188 (2.47)Yes

COPDb , n (%)

N/A1.00 (N/A)18 (78.26)7455 (98.09)No (reference)

<.00114.28 (5.23-38.99)5 (21.74)145 (1.91)Yes

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 |e37668 | p.51https://publichealth.jmir.org/2022/8/e37668
(page number not for citation purposes)

Meza-Torres et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

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


P valueUnadjusted odds ratio (95% CI)All-cause mortality, n=23Alive, n=7600Variable and category

Hypertension, n (%)

N/A1.00 (N/A)8 (34.78)5993 (78.86)No (reference)

<.0016.99 (2.96-16.52)15 (65.22)1607 (21.14)Yes

Ischemic heart disease, n (%)

N/A1.00 (N/A)18 (78.26)7265 (95.59)No (reference)

<.0016.02 (2.22-16.32)5 (21.74)335 (4.41)Yes

Atrial fibrillation, n (%)

N/A1.00 (N/A)17 (73.91)7473 (98.33)No (reference)

<.00120.77 (8.06-53.54)6 (26.09)127 (1.67)Yes

Congestive heart failure, n (%)

N/A1.00 (N/A)19 (82.61)7539 (99.2)No (reference)

<.00126.02 (8.60-78.74)4 (17.39)61 (0.8)Yes

CKDc, n (%)

N/A1.00 (N/A)18 (78.26)7332 (96.47)No (reference)

<.0017.60 (2.80-20.62)5 (21.74)268 (3.53)Yes

Type 2 diabetes, n (%)

N/A1.00 (N/A)14 (60.87)7028 (92.47)No (reference)

<.0017.90 (3.40-18.33)9 (39.13)572 (7.53)Yes

Type 1 diabetes, n (%)

N/A1.00 (N/A)22 (95.65)7559 (99.46)No (reference)

.128.38 (1.10-63.64)1 (4.35)41 (0.54)Yes

Cirrhosis, n (%)

N/A1.00 (N/A)22 (95.65)7585 (99.8)No (reference)

.0422.98 (2.91-181.62)1 (4.35)15 (0.2)Yes

Eczema, n (%)

N/A1.00 (N/A)13 (56.52)5878 (77.34)No (reference)

.032.63 (1.15-6.00)10 (43.48)1722 (22.66)Yes

CMSd, mean (SD)

<.0013.24 (2.55-4.11)3.37 (1.1)0.28 (1.11)Continuous

Exposures

ICUe admission, n (%)

N/A1.00 (N/A)18 (78.26)7333 (96.49)No (reference)

<.0017.63 (2.81-20.70)5 (21.74)267 (3.51)Yes

Vaccination at any time, n (%)

N/A1.00 (N/A)5 (21.74)867 (11.41)No vaccine (reference)

.351.89 (0.50-7.08)4 (17.39)367 (4.83)One dose

.090.38 (0.14-1.06)14 (60.87)6366 (83.76)Two doses

Pre– long COVID vaccination, n (%)

N/A1.00 (N/A)21 (91.3)7326 (96.39)No vaccine (reference)

.252.64 (0.62- 11.33)2 (8.7)264 (3.47)One dose
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P valueUnadjusted odds ratio (95% CI)All-cause mortality, n=23Alive, n=7600Variable and category

N/AInff0 (0)10 (0.13)Two doses

aN/A: not applicable.
bCOPD: chronic obstructive pulmonary disease.
cCKD: chronic kidney disease.
dCMS: Cambridge Multimorbidity Score.
eICU: intensive care unit.
fInf: infinite.

Figure 5. Multivariate logistic regression analysis of risk factors for all-cause mortality in people with long COVID. Results are shown as odds ratios
(ORs) with 95% CIs. CMS: Cambridge Multimorbidity Score.

Discussion

Principal Findings
Although rates of recording of LC are low, an LC diagnosis
was associated with an odds of more than twice as many
consultations with ONS-defined LC-related symptoms in the 6
months after contracting the index infection compared with a
historical control period. The increase in symptoms did not
differ between those who had their initial COVID-19 infection
managed in the hospital and those who were a community case.
However, people with LC after hospitalization had greater odds
of presenting with mental health problems, and those with LC
after community infection had greater odds of presenting with
general symptoms (weakness and tiredness, fever, myalgia, and
abdominal pain).

There were some similarities, but there were marked contrasts
between the characteristics of people who had been diagnosed
with LC after a hospital infection and those who had been
diagnosed with LC after a community infection. The similarities
were associations with increasing age, asthma, and type 2
diabetes. The differences in the posthospitalization LC group
were male sex, more deprivation, history of CKD, and higher
multimorbidity scores, whereas those in the postcommunity LC
group were female sex, less deprived, and more likely to have
depression and anxiety as well as lower levels of comorbidities.

All-cause mortality in people with LC was higher in older men
and those with higher multimorbidity scores, associations that
were similar to those with hospitalized patients. COVID-19

vaccination was associated with lower odds of all-cause
mortality in patients with LC.

Comparison With the Literature
Posthospitalization LC was associated with higher deprivation,
non-White ethnicity, obesity, CKD, and type 2 diabetes
compared with postcommunity LC. There are similarities
between our study, Living Risk Prediction Algorithm
(QCOVID) study [21], and other studies [6,7] that reported the
same risk factors, although with different outcomes. Data from
the UK Health Security Agency and ONS indicated economic
disadvantage to the prevalence of sex, obesity, diabetes,
hypertension, and cardiovascular disease. These disparities may
have been exacerbated because of the COVID-19 pandemic,
especially among ethnic groups. However, there remains
uncertainty regarding the degree to which the risk of developing
posthospitalization LC in more deprived segments is linked to
the severity of the disease (COVID-19) and more comorbidities
[22] or to the propensity to consult in primary care, as reported
for other respiratory conditions [23]. Disentangling the
relationship between LC and hospital versus community is
confounded by the presence of post-ICU syndrome in patients
admitted to the ICU, many of the features of which (anxiety,
cognitive difficulties, and breathlessness) overlap with LC. It
is possible that the differences in the 2 groups are due to this
confounding.

There are similarities between our study, Living Risk Prediction
Algorithm (QCOVID) study [21], and other reports [3,24]
regarding sociodemographic and comorbidity variables
associated with mortality. These include cardiometabolic
conditions (eg, CKD, type 2 diabetes, ischemic heart disease,
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and atrial fibrillation), chronic obstructive pulmonary disease,
and asthma. However, we additionally report on vaccination
status and conurbation as associated with lower odds of death.
A UK Health Security Agency report indicated twice the risk
of death due to COVID-19 infection among people from
Bangladesh in comparison with White British people. Caribbean,
Indian, Pakistani, Chinese, and Black ethnic groups were
identified to have a 10% to 50% higher risk of mortality in
comparison with White British people. We do not report
differences on mortality per ethnicity because the number of
deaths in the LC group was too small to enable us to find
differences across groups.

We identified a lower prevalence of LC compared with
self-report population surveys (eg, ONS) [4], but the prevalence
was higher than those reported by other studies using routine
data [9]. The OpenSAFELY study found that 27% of practices
had no LC recording compared with 7.8% in our sentinel cohort
[9]. Low rates of clinical coding of LC and interpractice
variation are a national problem. COVID-19 coding evolved
over the course of the pandemic, and the United Kingdom also
has a region-specific version of SNOMED CT, which further
complicates the issue [19,25]. LC clinical codes were introduced
to SNOMED CT in January 2021; therefore, primary care staff
did not have access to these until February 2021 [9,10]. Levels
recorded in GP CMRs are dependent both on patients consulting
their GP (many do not) and the GP both recognizing LC and
coding it; therefore, our estimate of 1.83% (7623/416,505) will
be very conservative. In addition, vaccination has been shown
to decrease the risk of developing LC by approximately half;
therefore, risks will have fallen over time (ONS).

Strengths and Limitations
The data were sourced from a representative network (PCSC)
where practices have received feedback throughout the
pandemic. Data on COVID-19 infection diagnoses and
comorbidity are likely to be of good quality [17,26]. Linkage
to hospital and mortality data adds reliability compared with
only using coded data. Clinicians may well be underrecording
LC, either by not recognizing it or by coding it with a presenting
symptom code. The ONS symptoms are the most well-validated
set of LC symptoms available at present; however, a validation
study is pending. In addition, LC may be diagnosed as other
conditions and coded as such; for example, a patient with
pre-existing anxiety may well have their LC-related tachycardia
and breathlessness diagnosed as worsening anxiety. It is known
that GPs tend not to record symptoms reliably in the record and
tend to only record symptoms that support their working

diagnosis, introducing bias [27]. As a result, vital data may not
be coded and included in this study because of these being
available as free text within CMRs. Considerable care needs to
be taken in interpreting these very granular data from the CMR.

Implications of the Findings
It is very likely that LC was underrecorded, and clinicians should
continue to be encouraged to record this condition in clinical
records. LC is an important comorbidity that needs to be
captured so that it can be taken into consideration in health
service planning and assessment of vaccine benefit risk.

The differences between those presenting to community and
hospital care may have represented the propensity of different
groups to consult (eg, women more than men in primary care)
and the possibility that some groups experienced more serious
disease (eg, men and increasing age), as well as the potential
for disparities in presentation.

As COVID-19 continues to circulate in the community, albeit
with lower death and morbidity rates because of vaccines and
a current less-virulent strain, learning to recognize groups of
patients at greatest risk of acquiring LC and managing associated
risk factors may affect presentations and disease impact.
Comorbid conditions that increase the risk of acquiring LC,
such as asthma, may shed light on possible etiological risk
factors.

Call for Further Research
LC case identification within primary care requires improved
data recording. Better case identification will enable successful
interventions to be implemented. A range of incentives to
improve case ascertainment and data quality have been
successfully implemented in primary care. This would further
aid in understanding communicable disease risk and to develop
better controls in the future.

Conclusions
LC recording in primary care records was low, reflecting either
low prevalence or underrecording. There are differences between
the sociodemographic profiles and comorbidities of LC
symptoms presented after an index community infection
compared with those hospitalized with a COVID-19 infection.
Factors associated with hospital presentation are also associated
with higher all-cause mortality, although vaccination is
protective. This suggests that the disparities flagged throughout
the COVID-19 pandemic may also apply to LC, where better
tools to identify and intervene are needed in those at greatest
risk.
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Abstract

Background: Adding additional bicycle and pedestrian paths to an area can lead to improved health outcomes for residents
over time. However, quantitatively determining which areas benefit more from bicycle and pedestrian paths, how many miles of
bicycle and pedestrian paths are needed, and the health outcomes that may be most improved remain open questions.

Objective: Our work provides and evaluates a methodology that offers actionable insight for city-level planners, public health
officials, and decision makers tasked with the question “To what extent will adding specified bicycle and pedestrian path mileage
to a census tract improve residents’ health outcomes over time?”

Methods: We conducted a factor analysis of data from the American Community Survey, Center for Disease Control 500 Cities
project, Strava, and bicycle and pedestrian path location and use data from two different cities (Norfolk, Virginia, and San
Francisco, California). We constructed 2 city-specific factor models and used an algorithm to predict the expected mean
improvement that a specified number of bicycle and pedestrian path miles contributes to the identified health outcomes.

Results: We show that given a factor model constructed from data from 2011 to 2015, the number of additional bicycle and
pedestrian path miles in 2016, and a specific census tract, our models forecast health outcome improvements in 2020 more
accurately than 2 alternative approaches for both Norfolk, Virginia, and San Francisco, California. Furthermore, for each city,
we show that the additional accuracy is a statistically significant improvement (P<.001 in every case) when compared with the
alternate approaches. For Norfolk, Virginia (n=31 census tracts), our approach estimated, on average, the percentage of individuals
with high blood pressure in the census tract within 1.49% (SD 0.85%), the percentage of individuals with diabetes in the census
tract within 1.63% (SD 0.59%), and the percentage of individuals who had >2 weeks of poor physical health days in the census
tract within 1.83% (SD 0.57%). For San Francisco (n=49 census tracts), our approach estimates, on average, that the percentage
of individuals who had a stroke in the census tract is within 1.81% (SD 0.52%), and the percentage of individuals with diabetes
in the census tract is within 1.26% (SD 0.91%).

Conclusions: We propose and evaluate a methodology to enable decision makers to weigh the extent to which 2 bicycle and
pedestrian paths of equal cost, which were proposed in different census tracts, improve residents’ health outcomes; identify areas
where bicycle and pedestrian paths are unlikely to be effective interventions and other strategies should be used; and quantify
the minimum amount of additional bicycle path miles needed to maximize health outcome improvements. Our methodology
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shows statistically significant improvements, compared with alternative approaches, in historical accuracy for 2 large cities (for
2016) within different geographic areas and with different demographics.

(JMIR Public Health Surveill 2022;8(8):e37379)   doi:10.2196/37379

KEYWORDS

bicycle paths; pedestrian paths; bicycling; walking; diabetes; high blood pressure; physical health; factor analysis; digital
neighborhoods; data analysis

Introduction

The addition of bicycle and pedestrian paths to an area is a
theoretically valuable resource for city-level planners, public
health officials, and decision makers to increase physical activity
and improve health outcomes. Most existing research has found
a negative association between the prevalence of bicycle and
pedestrian paths and poor health outcomes (ie, diabetes, stroke,
obesity, heart disease, high blood pressure, and ailments to
physical and mental health) [1-10].

Objectives
Our objective is to provide and evaluate a methodology for
officials addressing the question “To what extent will adding
specified bicycle and pedestrian path mileage to a census tract
improve residents’ health outcomes over time?” The
methodology we propose uses factor analysis to filter and
organize variables from publicly available data sets at the census
tract level within a given city. The data sets included (1) the US
Census [11], (2) the American Communities Survey (ACS)
[12], (3) Centers for Disease Control and Prevention (CDC)
500 Cities project data [13], (4) municipality data [14,15], and
(5) the GPS walking, running, and cycling tracking social
network app, Strava [16,17].

The result of this analysis is a city-specific factor model
describing the relationship among variables related to
individuals, bicycling and walking behaviors, and health
outcomes. Then, the factor model, built using past data, is used
in an algorithm to predict the extent to which adding a future
specified number of bicycle and pedestrian path miles to a
certain location in the city quantitatively impacts certain health
outcomes.

Background
We are not aware of any other applications of factor analysis
to develop predictive algorithms related to the placement and
efficacy of bicycle and pedestrian paths with respect to health
outcomes. However, there are researchers who approach bicycle
and pedestrian path planning from a similar perspective. Smith
and Haghani [18] proposed an approach that adds bicycle and
pedestrian paths within a city such that the length of the average
trip within the bicycle and pedestrian path network is minimized,
and the level of service of the bicycle and pedestrian paths is
maximized. Mesbah et al [19] explored the addition of bicycle
and pedestrian paths within a city by identifying locations that
minimized the total travel time of automobiles within the city.
Researchers assume that bicycle and pedestrian paths take road
space from cars. Although this assumption may occasionally
be true, in most instances, bicycle and pedestrian paths narrow
car lanes but do not reduce the total number available. Duthie

and Unnikrishnan [20] identified instances within a city where
the addition of bicycle and pedestrian paths maximized the
connectivity of the existing bicycle and pedestrian path network.
This approach ignores the use of the current bicycle and
pedestrian path network and aims to “open up” as many new
routes as possible regardless of current demand [21].

Although they are not prevalent in identifying bicycle and
pedestrian path placement, optimization techniques have also
been explored for choosing existing routes rather than
developing new ones. Allen-Munley et al [22] developed a
model that rates bicycle routes based on predictions of injury
severity [18]. Other researchers have proposed allowing users
to select multiple criteria and then eliminate certain routes (ie,
steep slopes and heavy traffic) before providing a set of
suggestions [23,24]. More recently, researchers have explored
the use of multiobjective optimization as a means of retrofitting
the existing cycling infrastructure for commuter cyclists. The
objective of the formulation is to maximize the network for a
number of different criteria, including accessibility,
minimization of the number of intersections, maximization of
bicycle level of service, and minimization of total construction
cost subject to space-time constraints and monetary budget
[25-27].

Ospina et al [28] addressed a similar problem but framed it as
a maximal covering bicycle network design problem. The
maximal covering bicycle network design problem involves
making investment decisions to build a cycling network aimed
at maximizing the coverage of cyclists while maintaining a
minimum total network cost. The derived network is subject to
budget and accounts for the entire connectivity and directness
as fundamental bicycle network design criteria. This approach
focuses only on the network and not on the health outcomes.
There is no consideration of the extent to which each path in
the network improves any health outcome within an area.

It is important to note that there are arguments against defining
the placement of bicycle and pedestrian paths as a systems
engineering problem. Szimba and Rothengatter [29]
demonstrated that interdependencies between infrastructure
projects can create cost incentives to place bicycle and
pedestrian paths in certain areas, even if the payoff of the
addition is not optimal with respect to the use, connectivity, or
health benefits of the bicycle and pedestrian path. In addition,
in areas where congestion and the propagation of congestion
along bicycle and pedestrian paths occur, researchers have
demonstrated that optimizing the use and distance of bicycle
and pedestrian paths would only exacerbate traffic within the
network and not produce effective results [30-32].

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 |e37379 | p.59https://publichealth.jmir.org/2022/8/e37379
(page number not for citation purposes)

Gore et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

http://dx.doi.org/10.2196/37379
http://www.w3.org/Style/XSL
http://www.renderx.com/


Furthermore, significant work has been conducted to estimate
demand [33,34] and understand why people choose to use
bicycle and pedestrian paths [35-40]. Our work also considers
motivation related to bicycle and pedestrian path use but does
not directly attempt to optimize bicycle and pedestrian path use.
We made this design choice because adding bicycle and
pedestrian paths based only on the existing demand can lead to
a chicken-and-egg problem. Here, areas with advanced bicycle
and pedestrian path infrastructure improve, and areas without
bicycle and pedestrian path infrastructure are neglected. These
dynamics can create inequitable living conditions and produce
enormous health and environmental disparities within a city
[41].

In summary, the algorithm used in this study is unique from
previous approaches used for estimating demand, evaluating
network efficacy, and optimizing the placement of bicycle and
pedestrian paths. The problem examined here focuses on
understanding what health outcomes can be improved by adding
bicycle and pedestrian paths, in which census tracts will adding
bicycle and pedestrian paths improve health outcomes the most,
and finally, how many miles of bicycle and pedestrian paths
within a given census tract need to be added to have an impact
on the residents’ health outcomes.

The remainder of this paper is organized as follows. First, we
review the data and methods used in our approach to construct
city-specific models. Next, we apply the approach to two
different cities: Norfolk, Virginia, and San Francisco, California.
We then evaluate our approach for the 2 different cities. In the
evaluation, our approach was tested against 2 alternate
approaches for predicting improvements in health outcomes by
adding bicycle and pedestrian paths. The evaluation shows that
our approach offers more accurate predictions than both

alternatives and that the superior difference in accuracy is
statistically significant (P<.001 in all cases). Finally, we identify
several limitations to our work and threats to its validity and
review other avenues of related research.

Methods

Ethical Considerations
Our work uses publicly-available data related to urban
infrastructure and resident demographics and health outcomes.
The data sets reflect aggregate variables measured at the census
tract level of a city and do not contain any personally identifiable
information. Therefore, they do not involve human subjects as
defined by federal regulations and their use does not require
ethics board review or approval [42].

Data Sets

Overview
Our approach to modeling the health effects of adding bicycle
and pedestrian paths at the census tract level uses data from (1)
census tract boundaries used in the US Census [11]; (2)
demographic variables from the ACS [12]; (3) census tract–level
estimates for health outcomes, health statuses, healthy behaviors,
and disease prevention from the CDC [13]; (4) bicycle and
pedestrian path location and use data from Norfolk, Virginia,
and San Francisco, California [14,15]; and (5) bicycle and
pedestrian path use data from the GPS walking, running, and
cycling tracking social network app, Strava. Combining these
data sets resulted in >400 variables for each census tract in
Norfolk, Virginia, and San Francisco, California [16,17]. An
overview of all the data sets and other supplementary materials
supplied in the multimedia appendices of this paper is shown
in Figure 1.
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Figure 1. An overview of the data sets and other supplementary materials supplied in the multimedia appendices. ACS: American Communities Survey;
BPP: bicycle and pedestrian path; CDC: Centers for Disease Control and Prevention; NOR: Norfolk; SF: San Francisco; SME: subject matter expert.

US Census and ACS
Census tracts are small, contiguous, and relatively permanent
statistical subdivisions of a county or an equivalent entity. The
populations in census tracts vary from 1200 to 8000. Census
tracts provide a stable geographic unit for statistical analysis in
the US Census and ACS [43].

The ACS is an ongoing national survey that samples a subset
of individuals within the same geographic areas in the US
Census. Using the same questions, data were collected each
month throughout the year. In contrast, the US Census provides
a more comprehensive sample of individuals in the United
States, collecting data from more individuals during a particular
period (March to August) but administered only once every 10
years. A metaphor helps elucidate the differences between the
2 surveys. The US Census serves as a high-resolution

photograph of the US population once every 10 years, whereas
the ACS serves as many low-resolution continually updated
videos over the same period [43]. Multimedia Appendix 1
provides the data included in the ACS for this study.

CDC 500 Cities Project
The census tract–level estimates and methodology for estimating
health outcomes, health statuses, healthy behaviors, and disease
prevention are provided by the CDC 500 Cities project. The
500 Cities project is a collaboration between the CDC and the
Robert Wood Johnson Foundation. The small area estimates
provided by the project allow policymakers and local health
departments to better understand the burden and geographic
distribution of health-related variables in their jurisdictions and
assist them in planning public health interventions [13]. The
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data included in the CDC 500 Cities project for this study are
provided in Multimedia Appendix 2.

City-Supplied Bicycle and Pedestrian Path Data
The bicycle and pedestrian path data for Norfolk, Virginia, and
San Francisco, California include the latitude and longitude
location of bicycle lanes, routes, and paths built and maintained
in each city. Bicycle use data were taken from bicycle counters
used in each city [14,15]. The data included from Norfolk,
Virginia, and San Francisco, California, for this study are
provided in Multimedia Appendix 3.

Strava Data
We used the Strava Metro rollup data set for Norfolk, Virginia,
and San Francisco, California. This data set contains walking,
running, and bicycling activity counts per road segment for a
given year. These counts can then be aggregated at the census
tract level. The road count segment is referred to as edge within
Strava. Each edge is associated with a latitude and longitude
bounding box using the Strava application programming
interface [16,17]. The Strava data for Norfolk, Virginia, and

San Francisco, California for this study are provided in
Multimedia Appendix 4. There are limitations to using the
Strava data, which we describe in the Discussion section.

Data Selection
Our data set included a wide range of variables collected from
multiple sources. From this data set, we selected a subset of the
variables that individuals with domain expertise identified as
possibly contributing to the use of bicycle and pedestrian paths
and the impact of bicycle and pedestrian paths on health
outcomes when additional mileage was added to a geographic
area (ie, census tract). The expertise of these individuals spanned
social work, health science and nutrition, community health,
public health, and transportation. Textbox 1 shows the categories
of variables identified by domain experts for each census tract
in Norfolk, Virginia, and San Francisco, California. Multimedia
Appendix 5 provides the list of observed variables for each
category. These variables can be combined using common
Geographical Information System attributes to align data at the
census tract level. The approach for joining these data together
at the census travel level is shown in Figure 2.

Textbox 1. The categories of variables from our data sets that are included in our factor analysis for Norfolk, Virginia, and San Francisco, California.

Data set and variable category

• American Communities Survey

• Race

• Educational attainment

• Employment status

• Income and benefits

• Marital status

• Sex and age

• Commuting to work

• Citizenship

• Health insurance

• Occupation

• Household by type

• Relationship

• Centers for Disease Control and Prevention 500 Cities project

• Health outcomes

• Health risk behaviors

• Prevention

• Health status

• City Bicycle and Pedestrian Path data

• Bicycle and Pedestrian Path use data

• Bicycle and Pedestrian Path mileage data

• Strava Bicycle and Pedestrian Path data

• Bicycle and Pedestrian Path use data
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Figure 2. The approach to joining together the data sets at the census tract level. ACS: American Communities Survey; BPP: bicycle and pedestrian
path; CDC: Centers for Disease Control and Prevention; GIS: Geographical Information System.

Factor Analysis

Overview
Next, we applied factor analysis to reduce these observed
variables into latent variables (ie, factors). Factor analysis
generates a model that measures how changes in one factor
predict changes in another by reducing a large number of
observed variables to a handful of comprehensible underlying
factors. The result is an interpretable and actionable model of
concepts that are otherwise difficult to measure [44].

The Honesty-Humility (H), Emotionality (E), Extraversion (X),
Agreeableness (A), Conscientiousness (C), and Openness to
Experience (O) 6D model of the human personality structure is
a widely known result of the application of factor analysis. The
ability of factor analysis to reduce the many observed variables
related to personality into 6 distinct factors has pushed the state
of the art in psychological research [45]. Our goal of applying
factor analysis was similar.

We applied exploratory factor analysis (EFA) to filter the
observed variables from the data described in Textbox 1 and
reduced them into a model composed of factors that include
residents’ (1) demographics and background characteristics
(DBC), (2) health, and (3) bicycling and pedestrian habits
(BPH). Using this model, we can understand how changes in
one factor predict changes in others.

EFA Summary
In our approach, EFA was used to fit a factor model. Before the
EFA began, data corresponding to half of a given city’s census
tracts were selected at random. In the application of our
approach, data from 2011 to 2015 were used. Then, using these
data, an EFA model was fitted.

Figure 3 shows the fitting of the model using EFA. The process
is iterative, and each iteration comprises 3 stages. Figure 3A
shows the observed variables that underwent analysis for a given
iteration. These observed variables are organized into a number
of factors that optimize the fit of the model in Figure 3B. The
optimization constructs a model with the minimum number of
factors such that the observed variables associated with each
factor have maximum commonality with one another and
minimal commonality with the observed variables in all other
factors. Commonality reflects the amount of variance an
observed variable shares with other variables in a factor [44,46].

Finally, the model was assessed. The assessment tests if all
factors are composed of variables with high communality (>0.5)
with respect to the factor they are associated with and low
communality (<0.5) with all other factors. If this is true, the
process terminates. Otherwise, variables that do not meet the
communality requirement are discarded and the process is
repeated for another iteration. Figure 3C shows the assessment
stage of the iteration. The requirements imposed in this stage
are consistent with the established factor analysis guidelines
[46].
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Figure 3. The process of generating a factor model for a city and verifying that it meets our defined restrictions. BPH: bicycling and pedestrian habits;
BPP: bicycle and pedestrian path; CFA: confirmatory factor analysis; DBC: demographics and background characteristics; EFA: exploratory factor
analysis.

Confirmatory Factor Analysis Summary
Next, the fit of the hypothesized model was confirmed or
rejected by applying confirmatory factor analysis (CFA) using
the other half of the data from 2011 to 2015. The goal of CFA
is to confirm or reject the hypothesized model. As a result, (1)
only observed variables were included, (2) the variables were
loaded onto the same factors as in the CFA, and (3) the
communality of the variables in the model was assessed. The
model was confirmed if it satisfied the same requirements as
specified for EFA [46].

Factor Restrictions and Limitations
The application of factor analysis imposes several limitations
on our approach for estimating the health effects of adding
bicycle and pedestrian paths to the city-specific factor model.
First, a model that meets our requirements must be generated
using EFA and confirmed using CFA. Furthermore, to apply
our algorithm, the model must consist of at least three factors
reflecting residents’ (1) DBC, (2) health, and (3) BPH. Finally,
the health factor must include at least one observed variable

related to a health outcome, and the BPH must include an
observed variable related to the amount of bicycle and pedestrian
path mileage in the census tract. The process of generating a
factor model and determining whether it meets these restrictions
is illustrated in Figure 4.

We imposed these restrictions because our health outcome
prediction algorithm computes the factor scores for each census
tract in a city based on these factors. Factor scores are
continuous numbers reflecting the extent to which each census
tract manifests each factor. For each factor, the scores were
distributed normally, with a mean of 0 and an SD of 1. Large
positive values reflect census tracts where the factor is heavily
present, and large negative values reflect census tracts where
the factor is not present at all [47].

Without these factors, the proposed algorithm could not be
applied. It does not have sufficient data or structure to produce
estimates of the health effects of adding bicycle and pedestrian
paths. This is a limitation of the proposed approach. This
limitation is discussed in more detail in the Discussion section.

Figure 4. The three stages of an EFA iteration—(A) observed variable identification, (B) organization of variables into factors, and (C) assessment of
the communality of variables within and between each of the identified factors. EFA: exploratory factor analysis.

Estimating the Health Effects of Adding Bicycle Paths
at the Census Tract Level

Overview
Given a factor model hypothesized by EFA and confirmed by
CFA, we proposed an algorithm to predict the health effects of
adding bicycle and pedestrian paths at the census tract level.
For this purpose, we defined the input as an observed variable
identified from the factor model. The variable then progressed
through a sequence of steps that were applied to each census

track and resulted in a predicted health outcome change for each
identified health factor. The steps of this algorithm are
enumerated in the following sections. Finally, the output from
the algorithm was a list of hypothesized health improvement
outcomes.

Input
In our problem statement, there was only one observed variable
in the model that could be changed directly by a city-level
planner, public health official, or decision maker. This variable
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represented the additional bicycle and pedestrian path mileage
for a census tract within a city. This was the input to our
algorithm, along with the factor model generated for the city.

Algorithm
The algorithm proceeded as follows, as conveyed visually in
Figure 5.

1. The algorithm adds the bicycle and pedestrian path mileage
to the specified census tract in the data set for the city.

2. Factor scores are computed for the following three factors:
DBC, health, and BPH.

3. Given the DBC factor score for the input census tract, the
algorithm identifies all other census tracts in the city with
a DBC factor score within the threshold value—x. This list
of census tracts reflects those that are similar to the input
census tract with respect to the DBC factor. Recall that the
factor scores are normally distributed, with an SD of 1.
Thus, a census tract within a factor score x of the tract being

analyzed reflects a census tract within SDs of the input tract
[47].

4. Given the BPH factor score for the input census tract (which
includes the newly added bicycle and pedestrian path
mileage), the algorithm identifies all other census tracts in
the city with BPH factor scores within x. This list of census
tracts reflects those that are similar to the input census tract
with respect to the BPH factor.

5. For each observed health outcome within the health factor,
the algorithm creates a list that stores the difference between
the value of the health outcome for each census tract
identified in steps 3 and 4 and the value of the health
outcome for the input census tract. This list of differences
is a distribution of hypothesized improvements in a health
outcome by adding a specified amount of bicycle and
pedestrian path mileage to a census tract. Any differences
that are <0 are discarded because these differences indicate
that adding bicycle and pedestrian path mileage to the
census tract will degrade health outcomes.

Figure 5. Instantiation of the algorithm for predicting how much additional BPP mileage in a census tract will improve health outcomes. BPH: bicycling
and pedestrian habits; BPP: bicycle and pedestrian path; DBC: demographics and background characteristics.

Output
For each list of hypothesized improvements for health outcomes
generated in step 5, the algorithm output the minimum, mean,
median, and maximum values of the improvements to the user.
The algorithm could also report the entire distribution of possible
improvements and SD of the distribution for each health
outcome.

Results

Overview
The accuracy of our algorithm was elucidated through an
empirical evaluation of alternative approaches for two different
cities (Norfolk, Virginia, and San Francisco, California). In our
evaluation, we computed how accurately each approach
predicted the health outcome improvements of the bicycle and
pedestrian paths added in each city in 2016. Specifically, for a
given census tract, in each city that added bicycle and pedestrian
paths miles in 2016, we evaluated how accurately our algorithm
estimated an improvement in health outcomes in 2020. We
chose to use a 5-year time-lapse period for our evaluation
because research has shown that is the expected amount of time
for a fully realized change in health outcomes given outdoor
exercise infrastructure interventions [48,49].

Factor Analyses
Applying the process described in the Methods section and
shown in Figures 3 and 4 with the data from half the census

tracts in each city for each year from 2011 to 2015 yields the
EFA models shown in Figure 6A (n=195) and Figure 7A
(n=490). Confirmation of these models using the remaining half
of the census in each city for each year from 2011 to 2015 is
shown in Figure 6B (n=190) and Figure 7B (n=485). Within
the figures, the numbers labeled with single-headed arrows
reflect the commonality of an observed variable with the
associated factor. The double-headed arrows reflect the shared
variance between factors [44,46]. The goodness-of-fit statistics
corresponding to the CFA for each model are provided in
Multimedia Appendix 6 (Norfolk, Virginia) and Multimedia
Appendix 6 (San Francisco, California) along with guidelines
on how to interpret the goodness-of-fit statistics.

Figures 6 and 7 show that the factor models for each city met
our requirements. These models served as inputs for our
estimation algorithm in the evaluation. It is important to note
that although each model had the three required factors (DBC,
health, and BPH), there were differences in the observed
variables that form the factors. The factor analysis showed that
changes in high blood pressure, diabetes, and poor physical
health were predicted by changes in DBC and BPH in Norfolk,
Virginia, whereas changes in stroke and diabetes were predicted
by changes in DBC and BPH in San Francisco, California. This
was not unexpected or a violation of the requirements of our
approach. Although we required the 3 factors to be present, we
anticipated that different observed variables would form these
3 factors for different cities.
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Figure 6. Exploratory factor analysis and confirmation factor analysis models for Norfolk, Virginia, using data sets from 2011 to 2015. Single-headed
arrows reflect the commonality of an observed variable with a factor. Double-headed arrows reflect the value of the shared variance between factors.
BPH: bicycling/pedestrian habits; BPP: bicycle and pedestrian path; DBC: demographics and background characteristics.

Figure 7. Exploratory factor analysis and confirmation factor analysis models for San Francisco, CA, using data sets from 2011 to 2015. Single-headed
arrows reflect the commonality of an observed variable with a factor. Double-headed arrows reflect the value of the shared variance between factors.
BPH: bicycling and pedestrian habits; BPP: bicycle and pedestrian path; DBC: demographics and background characteristics.

Evaluation
Recall that our algorithm took an input: (1) the factor model for
a given city and (2) the census tract and amount of bicycle and
pedestrian path mileage to be added. It then output the minimum,
mean, median, and maximum estimated improvements by adding
the bicycle and pedestrian path mileage to the input census tract.
In the evaluation, we only used the median improvement
estimate from the algorithm.

In our evaluation, we used our factor model constructed using
data from 2011 to 2015 to estimate the accuracy of our approach
and 2 alternative approaches with respect to the improvements
in health outcomes provided by bicycle and pedestrian paths
installed in 2016. The evaluation included 31.58 miles (50.81
km) of bicycle and pedestrian paths added in Norfolk, Virginia,
across 31 census tracts and 52.36 miles (84.25 km) of bicycle
and pedestrian paths added tracts in San Francisco, California,
across 49 census tracts. Table 1 provides additional details
regarding the setup of the evaluation.

Table 1. Evaluation setup metadata for Norfolk, Virginia, and San Francisco, California, in 2016.

San Francisco, CaliforniaNorfolk, Virginia

52.36 (84.25)31.58 (50.81)BPPa miles (km) added

4931Census tracts with paths added, n

19577Census tracts in city, n

Diabetes %; stroke %Diabetes %; poor physical health %; high
blood pressure %

Health outcomes evaluated

aBPP: bicycle and pedestrian path.

Alternative Approaches
We evaluated our algorithm using 2 alternative approaches. The
first alternative assumed that each health outcome within a
census tract in the future would be same as the average value

for that health outcome for the census tract from 2011 to 2015.
This approach mirrored the prediction that the temperature
tomorrow would be the same as the average temperature of the
previous 5 days.
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The second alternative used linear regression modeling [50].
This approach used regression to predict future changes in each
health outcome using a weighted linear combination of the (1)
DBC factor and (2) BPH factor scores of the census tract based
on the constructed factor model using data from 2011 to 2015,
after the specified increase in mileage.

Approach
We evaluated our approach by using x=0.50. Recall that x is
the threshold used to identify similar census tracts in terms of
the (1) DBC factor and (2) BPH factor scores. In addition, our
evaluation approach is an extension of the algorithm described

in the Methods section. For our evaluation, given a specified
number of bicycle and pedestrian path miles to be added and a
census tract, we ran the algorithm for every 0.10-mile increment
of bicycle and pedestrian paths up to the specified number of
miles.

Each time the algorithm was executed, the median improvement
from the algorithm was collected. The largest improvement
over all the runs was reported. A version of our approach is
shown in Figure 8. It implemented the assumption that adding
more bicycle and pedestrian path mileage (ie, 1.0 miles as
opposed to 0.5 miles) to a given census tract would not be
detrimental to the expected improvement in a health outcome.

Figure 8. The specific version of our algorithm included in the applied evaluation. BPP: bicycle and pedestrian path; BPH: bicycling and pedestrian
habits; DBC: demographics and background characteristics.

Measures of Effectiveness
For a given city and a given approach to estimating the
improvement in a health outcome for bicycle and pedestrian
paths added in 2016, we computed the following two measures
of effectiveness (MOEs): (1) the root mean squared error
(RMSE) and (2) the mean absolute error (MAE). These are 2
established metrics used to measure the accuracy of continuous
variables. MAE measures the average magnitude of the errors
in a set of predictions without considering their direction. It
reflects the average over the evaluation of the absolute
differences between the prediction and actual observation where
all individual differences have equal weight. RMSE also
measures the average magnitude of the error. However, it
reflects the square root of the average squared differences
between the predicted and actual observations. Within the
RMSE, the errors were squared before they were averaged. As
a result, the RMSE gives a relatively high weight to large errors
[51]. By using both metrics as MOEs, we could capture the
accuracy of each approach for decision makers who (1) view
all errors equally (MAE) and (2) view large errors as particularly
undesirable (RMSE).

Measures of Success
We deem our approach successful if, for each city included in
our evaluation, our approach is more accurate across every MOE
than the best alternative approach, and these differences are all
statistically significant at P<.01, when a 1-tailed paired sample
t test is applied. We used a 1-tailed paired sample t test to
determine whether the mean paired difference between the
MOEs of our approach and an alternate approach was <0 (ie,
our approach was more accurate). In this procedure, paired

observations reflected the MOEs for a given census tract. Within
the pair, one observation corresponded to our approach, and the
other corresponded to an alternative approach [52].

Discussion

Principal Findings
In our evaluation, we compare the accuracy of our factor model
approach, a linear regression approach, and predict no change
approach. Each approach estimates the improvements in health
outcomes provided by bicycle and pedestrian paths installed in
2016 in 31 census tracts in Norfolk, Virginia and 49 census
tracts in San Francisco, California. The results of the evaluation
are shown in Table 2.

Table 3 shows that our approach is more accurate than the
alternatives, and Table 4 shows that those improvements in
accuracy over the best alternative are statistically significant
because P<.001 for every health outcome in each city when the
1-tailed paired t test is applied.

We expected our approach to outperform the “predict no change
approach” because the CDC 500 Cities project and bicycle and
pedestrian path data for both cities show that most of the time
when a bicycle path of any length is added, the health outcomes
identified by the factor analysis improve within 5 years.
However, we did not know whether our approach outperformed
the linear regression approach.

The results of the evaluation showed that our approach
outperformed the linear regression models because it assumed
that critical thresholds within the DBC and BPH factors existed
(parameter x in steps 3 and 4 of the algorithm). The linear
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regression approach did not make this assumption [50]. By
accounting for this threshold, our approach ensured that it did
not overpredict the improvement offered by additional bicycle
path miles when the DBC or BPH factor for the census tract
indicated that the additional path miles would be ineffective.

By not accounting for this threshold, the linear regression
approach could overpredict the expected improvement in health

outcomes within a census tract. This was because the linear
regression approach assumed that some amount of bicycle and
pedestrian paths in each census tract would yield a population
without any negative health outcomes. This is unrealistic. Our
evaluation results in Tables 3 and 4 demonstrate that linear
regression yields statistically significant inferior accuracy, as
measured by our 1-tailed paired t test.

Table 2. Evaluation of approaches for bicycle and pedestrian paths added in Norfolk, Virginia, in 2016.

Our approach (census tract:
n=31), mean (SD)

Linear regression (census
tract: n=31), mean (SD)

Predict no change (census
tract: n=31), mean (SD)

Health outcome and MOEa (% of individuals who experi-
ence a negative health outcome)

Diabetes

1.63 (0.59)2.14 (0.67)2.33 (0.66)MAEb

1.67 (0.55)2.29 (0.61)2.41 (0.62)RMSEc

Poor physical health

1.83 (0.57)2.21 (0.69)2.69 (0.72)MAE

1.94 (0.56)2.27 (0.66)2.64 (0.69)RMSE

High blood pressure

1.49 (0.85)2.27 (1.07)2.95 (1.17)MAE

1.55 (0.82)2.38 (0.92)3.18 (1.13)RMSE

aMOE: measure of effectiveness.
bMAE: mean absolute error.
cRMSE: root mean squared error.

Table 3. Evaluation of approaches for bicycle and pedestrian paths added in San Francisco, California, in 2016.

Our approach (census tract:
n=49), mean (SD)

Linear regression (census
tract: n=49), mean (SD)

Predict no change (census
tract: n=49), mean (SD)

Health outcome and MOEa (% of individuals who experi-
ence a negative health outcome)

Diabetes

1.24 (0.91)2.18 (1.18)2.32 (1.19)MAEb

1.35 (0.90)2.41 (1.11)2.44 (1.11)RMSEc

Stroke

1.81 (0.52)2.78 (0.68)2.68 (0.58)MAE

1.88 (0.49)2.97 (0.64)3.19 (0.52)RMSE

aMOE: measure of effectiveness.
bMAE: mean absolute error.
cRMSE: root mean squared error.
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Table 4. Assessment of whether the improved accuracy of bicycle and pedestrian paths added in 2016 is statistically significant.

Statistical significance of our approach MOE versus best alternative MOE, P valueCity, health outcome, and MOEa

Norfolk, Virginia (census tract: n=31)

Diabetes

<.001MAEb

<.001RMSEc

Poor physical health

<.001MAE

<.001RMSE

High blood pressure

<.001MAE

<.001RMSE

San Francisco, California (census tract: n=49)

Diabetes

<.001MAE

<.001RMSE

Stroke

<.001MAE

<.001RMSE

aMOE: measure of effectiveness.
bMAE: mean absolute error.
cRMSE: root mean squared error.

Comparison With Prior Work
Our study builds on a significant amount of previous research.
Numerous researchers have used statistical analyses to (1)
explore the health effects of commuting via bicycle or by foot
[4,53-62] and (2) assess the health benefits of bicycling and
bicycle and pedestrian paths versus the risk of injury or death
[63-67]. This study captured data related to walking and
bicycling using telephone and web-based surveys [53,54,68],
GPS, accelerometers, heart rate monitors [6,58,69-77], bicycling
shares [78-80], and social media [17,81].

Predicting which bicycle and pedestrian paths residents will
choose is also related to our work. Within this arena, researchers
have found different results with respect to the extent to which
bicycle and pedestrian path users prefer to take paths that
minimize the total travel distance. For example, Broach et al
[71,82] used data from Portland, Oregon, to formulate a model
that estimated that preferred routes were <10% longer than the
shortest path distance. Similarly, Winters et al [39] found that
75% of trips in Vancouver, British Columbia, Canada, were
within 10% of the shortest path distance. However,
Aultman-Hall et al [83] found no clear relationship between the
shortest path distance and percent route deviation in Ontario,
Canada, and Krizek et al [84] looked at data in Minneapolis,
Minnesota, and found that the average path traveled was roughly
twice as long as the shortest path available.

There is also significant research focused on understanding the
rate at which future use of bicycle and pedestrian paths will

change, as commuters who currently do not use bicycle and
pedestrian paths start to transition into commuting by foot or
bicycle. Waldykowski et al [85] developed a simulation that
explored the conditions under which motor vehicle commuters
switch over to commute by bicycle and pedestrian path [85].
Similarly, Mahfouz et al [86] combined distance decay, route
calculation, and network analysis methods to examine (1) where
future bicycle and pedestrian path commuter demand is within
a city, (2) if it is likely to rise, and (3) how such demand could
be accommodated within existing bicycle and pedestrian path
networks. Finally, Liu et al [87] proposed a connectivity measure
that captures the importance of a link in connecting the origins
of cyclists and nearby subway stations and incorporated it into
a statistical model.

In addition, researchers have attempted to better understand the
impact of bicycle and pedestrian paths on health outcomes. This
work includes (1) cost-benefit analysis of bicycle and pedestrian
paths with respect to health improvements [10,88]; (2) lessons
learned from cities with especially enthusiastic cycling culture
such as Amsterdam, the Netherlands; Barcelona, Spain; and
Chicago, Illinois [49,89,90]; and (3) understanding what type
of bicycle and pedestrian paths cyclists and pedestrians prefer
[69].

These studies demonstrate the need for granular analysis with
actionable outcomes with respect to bicycle and pedestrian
paths. Furthermore, although the studies have had a significant
impact on the research community, none of them constructed
a city-specific model to advise decision makers about the extent
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to which adding bicycle and pedestrian paths to a census tract
would improve residents’health outcomes. Our study addresses
this problem within a larger bicycle and pedestrian path research
area.

Limitations

Data Limitations
Strava has emerged as a tool of interest for collecting data on
bicycling, running, and walking, understanding the effects of
new interventions for users, and promoting safety among riders.
However, this crowdsourced data are biased toward recreational
riders, who are frequent users of GPS-enabled fitness apps.
Thus, there is a need to quantify and correct the inherent bias
in crowdsourced data to better represent all residents across
various demographics. Strava users tend to be more frequently
identified as male, be older, and have more income than the
general population [17]. In addition, there are limitations to how
well the data counted by municipalities reflect the actual volume
of bicycle and pedestrian traffic on bicycle and pedestrian paths
[91,92]. Research has shown that accounting for biases in
placement, time, and day of the week needs to be performed to
address these issues [93,94].

Controlling for these biases in the Strava and municipal count
data is beyond the scope of our work. However, it is important
to note that there were biases in the data. Ultimately, these
limitations mean that the Strava data sets that informed our
study are nonuniform subsamples of the traffic of cyclists,
walkers, and runners in Norfolk, Virginia, and San Francisco,
California.

It is also important to note that the use of e-bikes has changed
significantly during the period of our study [6]. e-Bikes present
a potential opportunity to encourage active transportation while
reducing personal barriers to active transportation [95,96].
Survey results suggest that e-bikes may reduce some personal
barriers to traditional cycling and allow riders to travel greater
distances [97,98]. In addition, e-bikes may have the added
benefit of promoting health among individuals who are
otherwise reluctant to engage in physical activity [99] and
improve metabolic fitness [100] and enjoyment [101]. Exploring
how the increased use of e-bikes affects our approach is an
opportunity for future work.

Approach Limitations
Recall that our approach uses 5 years of past data to fit a factor
model and requires the factor model to consist of at least three
factors where unique factors reflect residents’ (1) DBC, (2)
health, and (3) BPH. In addition, the health factor must include
at least one observed variable related to a health outcome, and
the BPH factor must include an observed variable related to the
amount of bicycle and pedestrian path mileage in the census
tract. For cities in which these requirements cannot be met, our
approach cannot be applied. This limits its utility and geographic
area of applicability. However, related research has shown that
these factors are important to account for and often present when
understanding who chooses to use bicycle and pedestrian path
and how effective bicycle and pedestrian paths are in improving
health outcomes [2,56,78,102-104]. Furthermore, these factors

provide a structure that enables our approach to predict
improvements in health outcomes more accurately than the
alternative approaches.

Validity Threats
Threats to internal and external validity affected our study.
Threats to internal validity arose when factors affected the
dependent variables without evaluators’ knowledge. It is
possible that some flaws in the implementation of our model
could have affected the evaluation results. However, our
approach used established libraries to conduct factor analysis,
and the source code passed internal reviews [105,106].

Threats to external validity occur when evaluation results cannot
be generalized. Although the evaluation was performed using
more than 83 miles of added bicycle paths in 80 census tracts
across the 2 cities, the factor models and accuracy results cannot
necessarily be generalized to other areas. In addition, the factor
analysis that generates our models assumes that each pair of
variables follows a bivariate normal distribution. Although we
verified that this assumption was true in our data, it may not be
generalizable to other data sets and other cities where the
approach is applied. However, it is very important to note that
our approach, which yielded models producing these results,
can be applied to other cities assuming that factor models that
meet our requirements exist [105,106].

Conclusions
Our work is directly actionable for policy makers, public health
professionals, and urban planners in Norfolk, Virginia, and San
Francisco, California, by providing concrete insight into the
question “To what extent will adding specified bicycle and
pedestrian path mileage to a census tract improve residents’
health outcomes over time?” Specifically, it enables them to
(1) weigh the extent to which 2 bicycle and pedestrian paths of
equal cost proposed in 2 different census tracts improve the
health outcomes of the residents, (2) identify areas where bicycle
and pedestrian paths are unlikely to be effective public health
interventions and other strategies should be used to help
residents, and (3) quantify the minimum amount of bicycle path
miles that need to be added in a given census tract to maximize
the improvement in health outcomes for residents. Our results
demonstrate that for 2 different cities, our approach estimates
improvements in health outcomes more accurately than alternate
approaches, and these improvements are statistically significant.

A web application that implements our algorithm and
summarizes its findings in an actionable manner is available
[107]. Multimedia Appendix 7 provides the source code for the
web application. This application was used to identify a
recommended set of bicycle and pedestrian paths across census
tracts in Norfolk, Virginia. A time series forecast of the expected
improvements in health outcomes for these recommendations
was also conducted. These artifacts, which are examples of the
types of analyses enabled by our approach, are available in
Multimedia Appendix 8. A similar web application that
implements our algorithm for San Francisco, California, is
available [108]. The source code for it is provided in Multimedia
Appendix 9.
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Abstract

Background: The human papillomavirus (HPV) vaccine is recommended for adolescents and young adults to prevent HPV-related
cancers and genital warts. However, HPV vaccine uptake among the target age groups is suboptimal.

Objective: The aim of this infodemiology study was to examine public online searches in the United States related to the HPV
vaccine from January 2010 to December 2021.

Methods: Google Trends (GT) was used to explore online searches related to the HPV vaccine from January 1, 2010, to
December 31, 2021. Online searches and queries on the HPV vaccine were investigated using relative search volumes (RSVs).
Analysis of variance was performed to investigate quarterly differences in HPV vaccine searches in each year from 2010 to 2021.
A joinpoint regression was used to identify statistically significant changes over time; the α level was set to .05.

Results: The year-wise online search volume related to the HPV vaccine increased from 2010 to 2021, often following federal
changes related to vaccine administration. Joinpoint regression analysis showed that HPV vaccine searches significantly increased
on average by 8.6% (95% CI 5.9%-11.4%) across each year from 2010 to 2021. Moreover, HPV vaccine searches demonstrated
a similar pattern across years, with search interest increasing through August nearly every year. At the state level, the highest
12-year mean RSV was observed in California (59.9, SD 14.3) and the lowest was observed in Wyoming (17.4, SD 8.5) during
the period of 2010-2021.

Conclusions: Online searches related to the HPV vaccine increased by an average of 8.6% across each year from 2010 to 2021,
with noticeable spikes corresponding to key changes in vaccine recommendations. We identified patterns across years and
differences at the state level in the online search interest related to the HPV vaccine. Public health organizations can use GT as
a tool to characterize the public interest in and promote the HPV vaccine in the United States.

(JMIR Public Health Surveill 2022;8(8):e37656)   doi:10.2196/37656
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Introduction

Human papillomavirus (HPV) is the most common sexually
transmitted infection in the United States, and certain strains
are associated with the majority of cancers of the cervix (90%),
anus (90%), vagina and vulva (70%), penis (60%), and
oropharynx (71%) [1]. In the United States, with nearly 80
million people currently infected with HPV and an estimated
14 million new cases each year, there is a significant burden of
HPV-associated cancers [2]. Vaccination against HPV is highly
effective at preventing HPV-related cancers, and the US
Advisory Committee on Immunization Practices (ACIP)
recommends two doses of the HPV vaccine for males and
females aged 9-14 years, with catch-up doses recommended up
to age 26 [3]. The US Department of Health and Human
Services has set a goal to increase the proportion of adolescents
who receive the recommended doses of the HPV vaccine to
80% by 2030 [4]. In 2020, up-to-date HPV vaccine coverage
among adolescents remained below this mark at 58.6%;
however, coverage was up from 54.2% in 2019 [5]. Although
the HPV vaccine is safe, effective, and widely available, rates
of HPV vaccine coverage in the United States remain
suboptimal.

In the internet age, Google searches represent a common
approach for discovering information online [6] and the HPV
vaccine is one of the most widely discussed vaccinations on the
internet [7]. Existing research on the HPV vaccine and social
media using various platforms such as YouTube [7,8], Facebook
[9], Instagram [10], and Twitter [11,12] have shown that a
sizable proportion of HPV vaccine–related misinformation has
created a negative perception of the HPV vaccine by the public
[13]. During the first decade of HPV vaccine availability,
research suggests that its representation on the internet is both
positive and negative, with a growing number of false
conspiracies and myths circulating [14].

Google Trends (GT) is a popular tool used to analyze online
search behavior and search queries in the field of big data
analytics in health care and public health research [15]. GT can
show changes in online interest for any selected term in any
country or region over a selected time period, and can also
compare different regions simultaneously [16]. Data from GT
have proven to be valuable to monitor health
information–seeking behavior trends, often contributing to
predictions or detection of outbreaks [17-21]. The emerging
discipline of “infodemiology” focuses on these online behaviors,
examining data from the internet, including GT, and is defined
as “the science of distribution and determinants of information
in an electronic medium, specifically the Internet, or in a
population, with the ultimate aim to inform public health and
public policy” [22].

To date, several studies have examined HPV vaccine–related
misinformation [6-11], vaccine hesitancy [23], and arguments
circulating on the internet [10,12]. However, there has been
little to no research that has used the data of GT to look
exclusively at online interest in the HPV vaccine based on search
behavior. The purpose of this study was to characterize US
public online searches and queries related to the HPV vaccine

from 2010 to 2021, and determine the year-over-year changes
in searches as well as differences across US states.

Methods

Data Collection
We collected monthly search volumes and search queries for
the term “HPV vaccine” from GT between January 1, 2010,
and December 31, 2021; the GT data retrieval period was from
November 1, 2021, to January 31, 2022. GT provides a public
database of the proportion of searches of a selected query
performed on Google Search, and presents the data as a relative
search volume (RSV) in a normalized format. The data can be
delineated by specific topics and search terms, time and year,
and location. Specific to each search term, the RSV value ranges
from 0 (minimal to no interest) to 100 (high popularity) based
on the term’s search volume. An RSV value of 100 indicates
the maximum search interest for the time and location selected
relative to that specific term.

GT enables exploring online searches at different time intervals
and retrieval queries for any keywords entered in the Google
search engine. Using this technique, we retrieved monthly online
search queries and normalized RSVs related to the HPV vaccine
across states in the United States. GT allows for queries of both
“search terms” and “search topics.” The “search terms” query
provides the results for all keywords that fall within the category
and the “search topic” query renders the results of a group of
terms that share the same concept in any language [16]. We
used both search terms and search topics to query results for
“HPV vaccine.”

We used the framework described by Mavragani and Ochoa
[24] for the region selection and time period selection to retrieve
query data from GT. Briefly, we searched for the keyword “HPV
vaccine” at the country level (ie, the entire United States) to
understand the overall RSVs in each year. Subsequently, using
this information, we retrieved RSVs at the state level. All queries
were searched between January 1, 2010, and December 31,
2021. The time periods demonstrating high-value RSVs were
further investigated by checking with news bulletins or the
scientific literature to identify any events associated with these
same time periods.

Statistical Analysis
We plotted a line chart to describe “HPV vaccine” search trends
from January 1, 2010, to December 31, 2021. The annual mean
(SD) is used to summarize the online searches for each year
between 2010 and 2021. One-way analysis of variance followed
by the Tukey posthoc test was performed to identify overall and
quarterly differences in HPV vaccine searches in each year
between 2010 and 2021. A joinpoint regression analysis was
performed for each year to analyze the time trend in the GT
data using the Joinpoint Regression program (version 4.9.1.0)
developed by the National Cancer Institute [25]. This software
analyzes trends by regression modeling while searching for
temporal trend changes at time points called “joinpoints,” and
estimates the regression function from previous joinpoints [26].
The number of joinpoints is obtained using a permutation test
via Monte Carlo resampling [26] and the analysis criteria were
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set to find up to three joinpoints. The monthly percentage
changes (MPCs) or annual percentage changes (APCs) between
trend-change points were determined with their 95% CIs.

Results

Trends in RSVs Related to HPV Vaccine
Figure 1 shows the trends in HPV vaccine online searches from
2010 to 2021, including both the monthly and annual mean
RSVs, as well as the up-to-date HPV vaccine rates among 13-17
year-olds in the United States from 2016 to 2020. An increase
in searches was observed in October 2011, when the ACIP
recommended routine use of the quadrivalent HPV vaccine for
boys aged 11-12 years [27]. Between January 2012 and June

2016, there were minimal increases in HPV vaccine searches.
The RSV for HPV vaccine reached the highest peak value of
100% (ie, the most popular time the search term was used in
our data set from 2010 and 2021) in late 2016, when the ACIP
updated the HPV vaccination recommendation to use a 2-dose
schedule for boys and girls who initiate the vaccination series
at ages 9-14 years [28]. In June 2019, the ACIP recommended
a catch-up HPV vaccination for all individuals aged up to 26
years, and the RSV on HPV vaccine reached 81% at this time
[3]. Further, in 2020, there was a dramatic decrease in the RSV
(28%) during the early COVID-19 pandemic and a comparable
situation was observed in the latter half of 2021. The highest
annual mean RSVs were recorded in 2018 (62.3%) and 2021
(60.7%), and the lowest annual mean RSVs were recorded in
2010 (20.7%).

Figure 1. Human papillomavirus (HPV) vaccine–related relative search volumes (RSVs) on Google Trends from 2010 to 2021 in the United States
with the corresponding timeline of Centers for Disease Control and Prevention (CDC) guidelines for HPV vaccine administration.

Quarterly HPV Searches From 2010 to 2021
Table 1 demonstrates the quarterly RSVs of HPV vaccine
searches in each year from 2010 to 2021. Online search interest
differed significantly across quarters in the years 2014, 2016,
and 2017. In 2014, the search interest in the third quarter (July

1-September 30) was significantly higher than that in the second
quarter (April 1-June 30) and fourth quarter (October
1-December 31). In 2016, search interest in the third quarter
was significantly higher than that in the first, second, and fourth
quarters. In 2017, third-quarter search interest was significantly
higher than that in the first and fourth quarters.
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Table 1. Quarterly differences in relative search volumes on Google Trends for the term “HPV vaccine” from 2010 to 2021 in the United States.

P valueFa (df=3)Relative search volume point estimate, mean (SD)Year

October 1-December 31
(group 4)

July 1-September 30
(group 3)

April 1-June 30
(group 2)

January 1-March 31
(group 1)

.720.46320.3 (3.7)22.0 (2.6)21.0 (2.0)19.6 (0.5)2010

.361.24240.6 (10.0)41.0 (31.3)21.0 (2.6)23.6 (4.9)2011

.271.58827.3 (6.5)32.3 (2.1)27.3 (1.1)32.0 (2.6)2012

.341.30642.3 (11.9)43.0 (8.1)36.3 (17.127.0 (1.7)2013

.02b, c6.59330.6 (4.5)42.3 (5.2)30.6 (1.5)36.0 (2.6)2014

.122.65935.0 (5.2)45.6 (8.5)36.3 (2.5)35.0 (3.6)2015

.005b, c, d9.01442.0 (7.5)79.3 (18.8)39.3 (7.5)37.6 (3.0)2016

.03c, d5.19242.0 (7.8)63.0 (11.8)53.3 (5.5)42.0 (2.6)2017

.540.78054.3 (16.6)60.0 (8.8)49.6 (2.0)49.3 (4.9)2018

.211.91457.0 (7.0)68.3 (5.0)67.3 (12.0)56.6 (5.7)2019

.172.16652.6 (3.2)62.6 (7.0)42.0 (16.3)47.0 (10.4)2020

.093.14655.0 (6.9)71.0 (11.5)62.6 (2.3)54.3 (6.8)2021

aOne-way analysis of variance followed by Tukey posthoc test for multiple comparisons.
bSignificant (P<.05) difference between group 2 and group 3.
cSignificant (P<.05) difference between group 2 and group 4.
dSignificant (P<.05) difference between group 3 and group 1.

State-Level HPV Vaccine Searches and Changes in
HPV Vaccine Searches
Table 2 describes the average RSV of HPV vaccine searches at
the state level for each year from 2010 to 2021 as well as the

average across all 12 years. The highest 12-year mean RSVs
were observed in California, New York, Texas, Florida, and
Massachusetts, whereas Delaware, North Dakota, South Dakota,
Vermont, and Wyoming recorded the lowest HPV vaccine
searches.
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Table 2. “HPV vaccine” relative search volume on Google Trends by US states for each year from 2010 to 2021.

Mean (SD)202120202019201820172016201520142013201220112010State

36.0 (12.6)40.143.353.958.63235.24235.329.425.517.918.5Alabama

24.3 (7.5)28.826.823.934.923.836.719.222.228.918.216.911Alaska

39.9 (10.2)55.145.248.842.83540.741.736.445.34519.722.8Arizona

31.7 (7.3)41.239.937.730.235.732.1352330.931.727.215.5Arkansas

59.9 (14.3)79.47464.560.361.853.467.861.342.87026.257.8California

42.9 (12.3)5351.956.351.253.840.648.948.227.336.42224.7Colorado

40.3 (11.0)454054.357.74740.65031.732.736.223.125.6Connecticut

23.1 (7.3)32.633.329.72528.819.924.319.420.215.520.88.2Delaware

34.1 (10.6)31.524.931.726.142.244.156.634.523.941.518.534.2District of Columbia

52.5 (11.3)53.963.460.138.549.147576749.360.126.557.6Florida

48.6 (8.3)50.657.8575252.750.841.84848.154.327.342.5Georgia

33.8 (5.9)34.540.533.339.434.732.232.34327.229.137.521.9Hawaii

27.5 (8.1)28.831.936.835.824.832.626.237.123.625.118.19.7Idaho

47.2 (10.8)60.733.959.451.950.848.356.639.741.65626.141Illinois

43.9 (8.2)5058.552.54343.64142.639.252.837.729.836.1Indiana

33.8 (9.9)38.34240.136.135.9443542.82928.126.38.4Iowa

33.9 (10.1)38.344.74149.22932.730.718.344.733.61827.1Kansas

37.5 (6.6)38.44748.133.939.826.14237.335.839.529.332.2Kentucky

40.5 (10.9)53.847.550.257.733.838.836.341.438.840.318.728.5Louisiana

25.0 (8.9)33.115.132.534.924.634.62512.422.227.230.18.6Maine

44.9 (10.1)64.551.656.74335.64339.945.946.548.42539.1Maryland

51.4 (10.2)65.451.464.758.350.145.852.456.746.554.127.343.8Massachusetts

47.5 (13.4)64.862.35858.253.546.757.535.932.841.224.334.4Michigan

44.1 (10.5)53.750.657.643.345.736.53850.95340.518.540.8Minnesota

30.7 (9.5)49.334.139.438.631.134.722.421.132.528.718.518.2Mississippi

41.9 (8.6)4738.150.947.631.734.452.748.237.949.425.340Missouri

24.0 (6.6)30.632.834.724.525.2262020.620.424.317.711.2Montana

33.1 (9.6)43.742.144.541.435.420.32633.239.33218.321.3Nebraska

36.5 (11.2)59.73841.542.33938.139.738.435.229.214.721.8Nevada

28.5 (6.4)31.528403528.5283025.429.43115.819.2New Hampshire

46.1 (8.3)59.744.951.846.648.547.158.33944.239.529.743.3New Jersey

29.2 (7.3)33.820.130.740.541.135.127.12629.921.620.724New Mexico

55.9 (11.9)72.460.656.462.662.155.666.651.458.747.325.351.2New York

49.2 (12.3)61.653.85456.754.344.461.448.751.451.417.634.7North Carolina

22.8 (5.7)23.921.229.130.224.625.326.71718.425.122.79.5North Dakota

45.3 (10.6)55.554.657.658.444.240.738.641.23352.424.443.5Ohio

37.7 (9.9)4338.941.150.534.24346.639.739.537.514.623.2Oklahoma

38.6 (9.7)40.543.650.829.754.933.538.248.431.238.531.721.6Oregon

51.0 (13.0)69.861.469.351.155.246.152.943.224.953.43550.1Pennsylvania

27.2 (8.9)3237.439.530.327.337.910.8212228.71821Rhode Island

40.2 (9.2)5350.645.343.243.731.437.739.34739.332.319.9South Carolina

22.4 (6.2)2627.526.131.428.125.816.420.514.723.616.712South Dakota
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Mean (SD)202120202019201820172016201520142013201220112010State

41.9 (10.0)5849.752.250.539.242.833.446.941.435.226.327.6Tennessee

53.6 (11.1)61.560.553.66552.55063.851.255.252.722.155Texas

35.4 (9.1)48.349.346.1214132.8333128.836.325.231.4Utah

21.3 (6.2)33.816.716.624.927.821.325.322.123.315.115.612.6Vermont

49.8 (12.9)62.858.959.358.855.144.838.23043.461.525.859.1Virginia

47.6 (12.5)57.951.4645654.737.751.147.641.353.316.740Washington

29.9 (9.4)39.433.741.543.829.32923.133.929.816.826.112.8West Virginia

42.2 (11.2)62.244.244.355.339.842.445.120.84744.728.731.4Wisconsin

17.4 (8.5)23.526.731.525.413.913.522.21417.33.57.99.5Wyoming

Trends in HPV Vaccine Searches 2010-2021
The joinpoint regression plots are provided in Figure 2 and
Table 3 gives the corresponding MPCs in the HPV vaccine
searches in each full year from 2010 to 2021. Four out of the
12 years examined had no joinpoints (2010, 2011, 2012, 2013),
suggesting no changes in search trends across the year. Five of
the 12 years (2015, 2017, 2018, 2019, and 2021) had one
joinpoint, suggesting two distinct time trends (one increasing
and one decreasing) in searches during that year period. Three
of the 12 years (2014, 2016, and 2020) had two joinpoints,
suggesting three distinct trends, or changes, in searches. With
respect to HPV vaccine searches, a common increasing trend
across years in search volume (ie, search interest) was observed
leading up to August.

Two joinpoints were noted in 2014, 2016, and 2020, all
demonstrating similar patterns: a decrease in search interest
early in the year, followed by an increase from April/May to
August, and finishing with a decrease through December.
Specifically, in 2014, there was a significant increase in the
RSVs by 17.8% (P<.001) from May to August, followed by a
significant decrease in the RSVs by 13.1% (P<.001) from

August until December. The RSV search interest in 2016
demonstrated a very similar pattern. The beginning of 2020
demonstrated the largest significant downward trend of all time
periods in the joinpoint regression, decreasing by 20% (P<.001)
from January to April (ie, corresponding to the early COVID-19
pandemic time period). This sharp decrease was followed by
an increase from April to July, although it was not significant.

To explore annual temporal changes in trends in HPV vaccine
RSVs in the United States from 2010 to 2021, we estimated the
APCs using joinpoint regression analysis and fit three models,
allowing for no joinpoints, one joinpoint, and two joinpoints,
respectively (Table 4). Model 1 showed that from 2010 to 2021,
there was a significant annual average increase of 8.6% in RSVs.
In Model 2, the joinpoint regression identified two trends: from
2010 to 2018 there was a significant annual average increase
of 11.6% in RSVs, with an annual average decrease of –2.2%
in RSVs from 2018 to 2021, although the decrease was not
significant. In Model 3, the joinpoint regression analysis
identified three separate trends, with only the period from 2012
to 2018 demonstrating a significant annual change in RSVs.
Model 1 was the best-fitting model based on the permutation
method [29].
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Figure 2. Joinpoint regression analysis indicating trends in "HPV vaccine" relative search volume (RSV) on Google Trends from 2010 to 2021 in the
United States. Monthly percentage changes (MPCs) in the HPV vaccine RSVs are described in Table 2. The number of slopes is determined by the
number of joinpoints identified by the analysis. Joinpoints are the time points when statistically significant changes in the linear slopes are noted.
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Table 3. Monthly percentage changes (MPCs) in the “HPV vaccine” relative search volumes (RSVs) corresponding to the regression graphs (a–i) in
Figure 2.

MPC in RSVsbSpecified monthly periodaYearRegression graph in Figure 2

7.801-122011a

5.131-122013b

7.501-52014c

17.775-82014c

–13.128-122014c

40.734-72016d

–16.147-122016d

8.051-82017e

–15.448-122017e

3.911-102018f

–21.7310-122018f

6.131-72019g

–6.997-122019g

–20.041-42020h

5.511-82021i

–10.058-122021i

aNonsignificant monthly periods are not displayed.
bThe MPC is significantly different from 0 at α=.05 in all periods.

Table 4. Joinpoint regression analysis showing changes in “HPV vaccine” relative search volume on Google Trends over time in the United States.

P valuebt valueAnnual percentage change (95% CI)Change yearPeriodSegment

<.0017.28.6 (5.9 to 11.4)None2010-2021Model 1a

<.0016.611.6 (7.3 to 16.1)20182010-2018Model 2

.78–0.3–2.2 (–18.4 to 17.2)20212018-2021Model 2

.261.317.9 (–16.8 to 67.0)20122010-2012Model 3

.033.510.3 (2.0 to 19.3)20182012-2018Model 3

.85–0.2–1.3 (–17.1 to 17.5)20212018-2021Model 3

aFinal selected model, best fitting based on the permutation method.
bP<.05 indicates that the annual percentage change is significantly different from zero.

Discussion

Main Findings
To our knowledge, this is one of the first studies to examine US
public online searches regarding the HPV vaccine using GT
data. In analyzing the data on HPV vaccine–related online
searches in the period from January 2010 to December 2021,
we identified important trends, including an overall increase in
online searches with noticeable spikes corresponding to key
changes in vaccine recommendations. Overall, the joinpoint
regression showed a significant average annual percentage
increase of 8.6% in HPV vaccine search interest from 2012 to
2021, along with various time trends in HPV vaccine searches
across years as well as within years. At the state level, the
12-year average annual HPV vaccine search interest in the

United States was the greatest in California (59.9, SD 14.3),
New York (55.9, SD 11.9), and Texas (53.6, SD 11.1), while
Wyoming (17.4, SD 8.5) recorded the lowest interest in HPV
vaccine searches.

Comparison With Prior Studies
Although previous studies in the United States have explored
the influence of social media on HPV vaccine communication
[30-34], misinformation [10-14], social interactions, and HPV
vaccination behavior [35-37], they also highlighted the need
for specific strategies to counter misinformation spreading on
the HPV vaccine. In our study, we documented an upward trend
in HPV vaccine–related searches following federal changes
related to vaccine administration. Despite the consistent
evidence that the HPV vaccine is safe and effective, the
up-to-date HPV vaccination coverage in 13-17–year-old
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adolescents was only 59% in 2020 [4]. Moreover, the percentage
of parents who refused the HPV vaccine due to safety concerns
nearly doubled [38]. Results from a recent study by Sonawane
et al [39] showed that HPV vaccine safety concerns are
increasing in 30 states. However, much of the information
available on social media is not peer-reviewed or
evidence-based, and researchers indicated that the information
warning about the HPV vaccine is often comprised of innuendos,
half-truths, or baseless propaganda [40]. Therefore, continuous
monitoring of the trends specific to HPV vaccination across the
national and regional landscape is essential to document online
health information–seeking behaviors and potential safety
concerns.

By using joinpoint regression, we found significant variation
in the HPV vaccine RSVs trend by month and year. In nearly
every year (8 out of 12), we saw a similar pattern with a
significant rise in searches (ie, RSVs) leading up to July and
August, followed by a drop in searches, suggesting that HPV
vaccine interest was short-lived. This pattern of RSV peaks in
July/August syncs with the annual school calendar and the
back-to-school period. This is worth noting, as many states and
school districts continue to weigh the benefits and costs of
vaccine mandates, and whether the HPV vaccine will be required
for school attendance [41]. Moreover, public health campaigns
can partner with schools during this period to raise public
awareness, strengthen parental knowledge, and offer HPV
vaccination to all eligible students. This also has important
implications, as public health authorities can use this period to
promote public health campaigns through internet-based media.
There was a considerable decrease in RSVs at the beginning of
2020, corresponding to the start of the COVID-19 pandemic,
which could have diverted public interest away from the HPV
vaccine onto COVID-19. Nevertheless, our findings showed a
positive trend in the online interest of HPV vaccine
health–seeking behavior from 2010 to 2021.

HPV vaccine searches differed by US states and demonstrated
wide variations in year-over-year searches. All of the US states
showed a positive trend in annual HPV vaccine searches from
2010 to 2021; however, some states such as Delaware (mean
23.1, SD 7.3), North Dakota (mean 22.8, SD 6.2), South Dakota
(mean 22.4, SD 6.2), Vermont (mean 21.3, SD 6.2), and
Wyoming (mean 17.4, SD 8.5) recorded lower RSVs. Although
the underlying reasons for these differences are not clear, the
changing trend in HPV vaccine searches indicates a positive
impact on health-seeking behavior. In this regard, information
technology interventions may consider targeting states with
lower search volumes to raise awareness, or, alternatively,
targeting states with higher search volumes to provide resources
for action. Overall, targeted health education materials are
needed to ensure that accurate, reliable, and updated information
on the HPV vaccine is available online for parents, caregivers,
adolescents, and young adults.

Our study identified variations in HPV vaccine search volume
by time and geography. These findings could be used to inform
targeted search engine advertisements that describe the benefits
of the HPV vaccine and how it can prevent cancers, tailoring

to different times, geographies, and topics. This approach builds
upon prior work using Google Ads to deliver health education
materials based on keyword searches [42,43] and geography
[44]. For example, our findings demonstrate sharp increases in
search volume after changes to HPV vaccine administration,
such as making the vaccine available to boys or altering to a
2-dose series. When future changes or announcements arise,
we may anticipate a large increase in online searches and create
targeted and tailored messaging, utilizing Google Ads, to
provide health education materials in the same space people are
using to seek information. This approach can be tailored by
geography (ie, targeting ads to searches from specific states) or
even by topic (ie, tailoring ads to address vaccine safety, age
eligibility, or misinformation, to name a few). Targeted online
ads may also be utilized to link online searches to community
resources or health care providers in local areas.

Limitations
This study has several limitations. First, GT data are
observational data; therefore, making causal inferences (eg,
more HPV vaccine searching leads to greater HPV vaccine
coverage) is not possible. However, we can use these
infodemiology data, demonstrating variation in online searches
by time and topic, to tailor health education and promotion
materials related to HPV vaccination. These materials may be
made available online and even targeted as search engine
advertisements during periods of high search volume. Second,
our study’s units of analysis were at the national and state levels.
While these data provide overall indicators for online searches
and vaccine coverage, they do not capture the relationship that
may be present at other levels of analysis, such as at the
community or county level. Third, we are unable to determine
the true causes behind changes in search volume; that is, we do
not know exactly what prompted increases or declines in
searches, but we are able to surmise potential associations based
on known federal guideline changes and other information.
Fourth, our findings are biased in that they only represent
individuals who have internet access and who use Google as
their search engine. While most internet users use Google as
their search engine (90%) [45], this does not represent the entire
US population and may overrepresent certain types of
individuals. Finally, variability in the data in specific years may
have resulted in the statistical software incorrectly identifying
joinpoints.

Conclusions
This study supports the growing body of work examining online
and other digital data, and their application to health care and
public health research. Specific to the HPV vaccine, we
examined GT data to document online search trends from 2010
to 2021. Our observational findings can be used to inform online
intervention points such as event-based opportunities (ie,
back-to-school night) and state-specific programs. Notably, we
observed a marked decline in online searches during the start
of the 2020 COVID-19 pandemic. Further investigation is
needed to understand whether the significant factors and
variations observed in our study hold to HPV vaccination trends
outside of the United States.
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Abstract

Background: Twitter is becoming an increasingly important avenue for people to seek information about HIV prevention.
Tweets about HIV prevention may reflect or influence current norms about the acceptability of different HIV prevention methods.
Therefore, it may be useful to empirically investigate trends in the level of attention paid to different HIV prevention topics on
Twitter over time.

Objective: The primary objective of this study was to investigate temporal trends in the frequency of tweets about different
HIV prevention topics on Twitter between 2014 and 2019.

Methods: We used the Twitter application programming interface to obtain English-language tweets employing #HIVPrevention
between January 1, 2014, and December 31, 2019 (n=69,197, globally). Using iterative qualitative content analysis on samples
of tweets, we developed a keyword list to categorize the tweets into 10 prevention topics (eg, condom use, preexposure prophylaxis
[PrEP]) and compared the frequency of tweets mentioning each topic over time. We assessed the overall change in the proportions
of #HIVPrevention tweets mentioning each prevention topic in 2019 as compared with 2014 using chi-square and Fisher exact
tests. We also conducted descriptive analyses to identify the accounts posting the most original tweets, the accounts retweeted
most frequently, the most frequently used word pairings, and the spatial distribution of tweets in the United States compared with
the number of state-level HIV cases.

Results: PrEP (13,895 tweets; 20.08% of all included tweets) and HIV testing (7688, 11.11%) were the most frequently mentioned
topics, whereas condom use (2941, 4.25%) and postexposure prophylaxis (PEP; 823, 1.19%) were mentioned relatively less
frequently. The proportions of tweets mentioning PrEP (327/2251, 14.53%, in 2014, 5067/12,971, 39.1%, in 2019; P≤.001), HIV
testing (208/2251, 9.24%, in 2014, 2193/12,971, 16.91% in 2019; P≤.001), and PEP (25/2251, 1.11%, in 2014, 342/12,971,
2.64%, in 2019; P≤.001) were higher in 2019 compared with 2014, whereas the proportions of tweets mentioning abstinence,
condom use, circumcision, harm reduction, and gender inequity were lower in 2019 compared with 2014. The top retweeted
accounts were mostly UN-affiliated entities; celebrities and HIV advocates were also represented. Geotagged #HIVPrevention
tweets in the United States between 2014 and 2019 (n=514) were positively correlated with the number of state-level HIV cases
in 2019 (r=0.81, P≤.01).

Conclusions: Twitter may be a useful source for identifying HIV prevention trends. During our evaluation period (2014-2019),
the most frequently mentioned prevention topics were PrEP and HIV testing in tweets using #HIVPrevention. Strategic responses
to these tweets that provide information about where to get tested or how to obtain PrEP may be potential approaches to reduce
HIV incidence.
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Introduction

Globally, 1.5 million (1.1-2.0 million) people became infected
with HIV in 2021 [1]. In the United States, an estimated 34,800
new HIV infections occurred in 2019, representing an 8%
decline from 2015 [2]. An estimated 13% of HIV-infected
individuals in the United States in 2019 did not know they were
infected [3,4]. Levels of awareness of prevention methods such
as preexposure prophylaxis (PrEP) are low among some high
risk populations and there is substantial room for improvement
in knowledge of HIV prevention across many states [5,6].

Social media sites are becoming increasingly important avenues
for people of all age groups to seek information about health
issues, including HIV [7]. Social media may be a particularly
important avenue for promoting HIV prevention among younger
people, given that younger people have a higher likelihood of
using social media for health communication and they represent
the highest burden of new HIV infections [2,8].

Previous research on social media and HIV information suggests
that social media may be an effective avenue for spreading and
consuming HIV information because it allows for anonymity
and reduces stigma-related barriers to information seeking [7,9].
This may occur in part because discussing sexual health on
social media mitigates the feelings of discomfort that can occur
when discussing sexual health topics in-person among some
population groups [7]. Yet, other research describes how a lack
of privacy and the potential for bullying may deter individuals
from sharing or interacting with sexual health content on social
media [10,11].

Some research suggests that social media may have a beneficial
effect on the adoption of HIV prevention behaviors. For
example, social support provided by social media engagement
prevention-specific messages have been associated with
improved access to and uptake of HIV prevention and testing
[7,12-15]. Moreover, interventions deployed via social media
have been shown to increase HIV testing among men who have
sex with men (MSM) [16] and to promote knowledge of sexually
transmitted infections among young adults [17]. Support for
the beneficial effect of HIV prevention communication on social
media on HIV prevention behaviors is enhanced by evidence
suggesting that higher rates of HIV-specific tweet activity per
capita have been associated with lower HIV incidence in the
following year [18].

Despite these positive findings, it has also been shown that
Twitter can be used to propagate messages that perpetuate
HIV-related stigma and endorse risky sexual behaviors [19].
These types of messages may also influence HIV incidence: in
one study, the authors used an index of the proportion of Twitter
users who posted risk behavior tweets (eg, “alcohol”, “without
condom”) among all Twitter users to operationalize behavioral
risk. They found that higher scores on the index were positively
correlated with a higher rate of new HIV diagnoses across US
counties [20]. Overall, this body of research suggests that social

media messages about HIV can play an important role in HIV
prevention and risk behavior.

Taggart and colleagues [21] further advance the view that
“messaging matters” by providing a historical analysis of the
evolution of public health messaging about HIV/AIDS. They
provide evidence to suggest that initial public health
communication about HIV was fear based, which transitioned
to a focus on individual risk behaviors, and later, to
empowerment and structural factors [21]. They also described
the evolution of messaging about specific prevention methods.
In the 1980s, HIV prevention messaging focused on harm
reduction, such as safe sex and HIV testing. In response to
innovations in HIV testing and treatment, messaging in the
2000s maintained focus on HIV testing while also promoting
early detection and initiation of antiretroviral treatment. By the
2010s, PrEP was being promoted for high-risk individuals and
later expanded to more general populations [21].

Importantly, Taggart and colleagues [21] described how
messaging about prevention methods shifted social norms about
the acceptability of HIV prevention methods over time. For
example, PrEP was initially promoted only for individuals at a
high risk of HIV, which may have contributed to PrEP-related
stigma and slower-than-expected uptake of the drug [21]. Further
research across other health issues corroborates the idea that
social media can influence social norms about healthy behaviors,
including with respect to sexual health [22-26].

This study was designed based on the same reasoning employed
by Taggart and colleagues [21]: that is, there is utility in
examining trends in how people talk about HIV prevention over
time, as these trends may both reflect and influence changes in
the acceptability and uptake of these prevention methods
[13,16,27]. Trends in how individuals use social media to search
for and provide health information can be studied using
infodemiological approaches, which involve using information
available on the internet to inform efforts to improve public
health [28]. In this study, we used an infodemiological approach
to examine temporal trends in the relative attention paid to
different HIV prevention methods on Twitter. To the best of
our knowledge, this is the first study to compare tweet activity
about different HIV prevention topics and to investigate how
tweet activity about HIV prevention topics has changed over
time. Describing trends in the relative attention paid to different
HIV prevention topics may provide public health professionals
valuable insights about the acceptability and popularity of
different HIV prevention methods; these insights could be used
to inform strategic health communication efforts about HIV
prevention.

We employed a passive, retrospective infodemiology approach
in which we collected tweets that included #HIVPrevention
(n=69,197) during a 6-year timeframe (2014-2019)
corresponding to a critical period related to the uptake of PrEP
in the United States and globally. We examined trends in the
frequency of mentions of 10 different HIV prevention topics
and assessed changes in the proportion of tweets mentioning
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each topic in 2019 as compared with 2014. We also report
descriptive information on the spatial distribution of geotagged
#HIVPrevention tweets in relation to the number of state-level
HIV cases in the United States, the most frequently used word
pairings in the tweets, the accounts posting the most original
tweets, and the accounts retweeted most frequently. We
conclude by discussing the implications of our findings and
suggesting the opportunities for leveraging HIV prevention
communication on Twitter to reduce HIV incidence.

Methods

Study Design
We conducted a retrospective infodemiology study using
publicly available tweets employing #HIVPrevention between
2014 and 2019.

Data
We utilized the Twitter application programming interface to
collect all tweets (including original tweets, retweets, quote
tweets, and replies) written in the English language that
employed #HIVPrevention between January 1, 2014, and
December 31, 2019 (n=69,197). We selected the timeframe
2014-2019 because it corresponds to a period following Food
and Drug Administration (FDA) approval of PrEP for HIV
prevention in the United States (occurring in 2012) [29].
Moreover, during this period, the World Health Organization
(WHO) issued several expansions to its recommendations of
population groups that should consider using PrEP [30].
Therefore, this is an interesting period to examine not only to
understand changes in the attention paid to PrEP on Twitter,
but also to understand how attention to other prevention methods
may have changed during this time. We did not apply any
geographical constraints to our sample as most tweets are not
geotagged and individuals can be easily exposed to tweets
generated in various regions of the world. We selected the
hashtag #HIVPrevention as a proxy for HIV prevention-related
tweets because it was the hashtag used by the Joint United
Nations Programme on HIV/AIDS (UNAIDS) in 2016 to
promote World AIDS Day (WAD) [31], and was used
throughout the entire study period within tweets that discussed
HIV prevention topics. WAD is an international day organized
by UNAIDS to raise awareness about HIV [31]. In 2016,
UNAIDS used #HIVPrevention to promote awareness of 9
different HIV prevention topics in the 9 weeks leading up to
WAD; the topics were condoms, harm reduction, voluntary
medical male circumcision (VMMC), elimination of
mother-to-child transmission of HIV (EMTCT), PrEP,
empowerment of young girls/women, testing viral suppression,
targeting key populations, and investing in HIV prevention [31].

Descriptive Analyses
We performed several descriptive analyses (eg, tabulation,
Pearson correlation) to investigate the characteristics of the data.
All analyses were conducted in R statistical software (version
4.0.3; R Foundation for Statistical Computing).

To investigate the change in activity related to tweets using
#HIVPrevention over the study period, we tabulated original
tweets (including replies and relevant quote tweets) and retweets

(including relevant quote tweets) by month and year to identify
trends.

To determine the Twitter accounts that generated the highest
proportion of original #HIVPrevention tweets during the study
period, we tabulated the number of original tweets as a function
of unique account usernames.

To determine which Twitter accounts’ #HIVPrevention tweets
were retweeted at the highest frequencies, we tabulated the
number of retweets associated with #HIVPrevention tweets that
each unique account username received.

To identify the most frequently used word pairings, also known
as bigrams, we used the tidytext package (version 0.3.1) in R.
This method allows for an indication of the context in which
words are used. For example, a tweet containing the text “PrEP
is an effective tool” will correspond to the following 2 bigrams:
(1) PrEP and effective, and (2) effective and tool. Using Gephi
(version 0.9.2), we created a visual word network of the top 50
bigrams found in our sample.

To understand the relationship between geotagged tweets and
the number of HIV cases, we performed a Pearson correlation
to assess the relationship between the number of geotagged
tweets at the state level between 2014 and 2019 and the number
of HIV cases in 2019 at the state level [32]. We mapped the
geotagged tweets in the United States (n=514) and 2019 HIV
cases at the state level using the leaflet package (version 2.0.4.1)
in R.

Analysis of the HIV Prevention Topics Referenced
Most Often in #HIVPrevention Tweets
To determine the frequency at which various HIV prevention
topics were mentioned in #HIVPrevention tweets and retweets
and whether this changed over the study period, we first
developed a list of 10 prevention topics and relevant keywords.
We selected prevention topics based on the topics identified by
the UNAIDS 2016 WAD campaign and our review of the
literature. The 10 selected prevention topics were PrEP,
postexposure prophylaxis (PEP), condom use, abstinence,
VMMC, EMTCT, HIV testing, harm reduction, gender inequity
and violence against women, and sex work.

We developed a keyword list for these 10 prevention topics by
drawing on the initial stages of summative qualitative content
analysis [33], in which text is explored to identify how words
are used in context. For example, we were able to identify that
the term “daily blue” was used to refer to PrEP without naming
PrEP explicitly. We believe this process helped us to identify
keywords that would have been otherwise overlooked and
improved the accuracy of our tweet categorization.

Following initial development of our keyword list, we iteratively
refined it using a manual inspection process to ensure that our
keyword list had a high level of sensitivity and an acceptable
level of specificity. That is, we sought to identify all tweets
mentioning a particular prevention method (true positives) while
minimizing any miscategorization (false positives). An example
of a false positive would be a tweet referring to the US
President’s Emergency Plan for AIDS Relief (PEPFAR) that
was categorized under PEP. As some miscategorization was
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inevitable, we accepted an error level that was ≤5% (ie, in our
manual inspection, ≤25 of the 500 inspected tweets were not
related to the respective prevention method). If greater than 5%
error was detected, we made appropriate modifications to our
keyword list to fix the inaccuracies. We similarly inspected
samples of the tweets which were uncategorized to determine
if we missed any keywords that were relevant to a particular
category (ie, to minimize false negatives). When these were
discovered, we refined our keyword list to include the relevant
keyword. If a tweet mentioned keywords related to more than
1 prevention topic (eg, “PrEP”, “condom”), then that tweet was
categorized in each respective category. If a tweet mentioned

multiple keywords related to the same prevention category, that
tweet was counted in the respective category only once. The
manual inspection process was conducted by the first author
(RB) and the final list of keywords (Multimedia Appendix 1)
was further verified by the senior author (YR), a content expert
in HIV. A depiction of our iterative manual inspection process
for refining our keyword list is presented in Figure 1.

To evaluate how attention to each topic changed over the study
period, we compared the proportion of tweets related to each
respective topic in 2019 with the proportion of tweets related
to each respective topic in 2014 using chi-square and Fisher
exact tests.

Figure 1. Manual inspection process for refining the keyword list.

Ethical Considerations
The study was granted an Ethics Exemption by the Yale
University Institutional Review Board (#2000028381).

Results

Descriptive Analyses
Our sample consisted of 25,031 original tweets and 44,166
retweets, totaling 69,197 tweets. Geotagged tweets represented
1.81% (n=1253) of the sample and were tweeted from 76
countries.

Figure 2 presents the number of tweets (including retweets) and
unique accounts employing #HIVPrevention between 2014 and
2019 as a function of the year. The number of tweets and
accounts using #HIVPrevention is lowest in 2014, at
2251/69,197 tweets (3.25% of the total sample) generated by

1097 accounts. A substantial increase in tweet activity is
observed in 2016 as compared with 2014 and 2015, with
28,254/69,197 tweets (40.83%) posted in 2016 from 13,109
accounts. A closer inspection of the data confirmed that the
2016 tweets were primarily related to WAD. This substantial
increase in activity was not sustained in 2017 (10,811/69,197
tweets, 15.62%; 5188 accounts), although the number of
#HIVPrevention tweets posted in 2017 was higher than the
number posted in 2015 (3209/69,197 tweets, 4.64%; 1215
accounts). This likely reflects higher usage of the term
#HIVPrevention following the 2016 campaign rather than an
actual increase in the number of tweets addressing HIV
prevention, although it could reflect both factors. The number
of users utilizing #HIVPrevention follows a similar pattern to
the number of total tweets over the study period.

The 10 accounts that generated the most original
#HIVPrevention tweets between 2014 and 2019 are presented
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in Table 1. The individual who is responsible for the account
@HIV_Insight also reports being responsible for
@Sex_Worker_Hlth and @Hlth_Literacy, suggesting that they
are responsible for 66.37% (4072/6135) of the original content
provided by the top 10 content contributing accounts.
@DrMbere, @Health_HIV2030, and @himmoderator also

identify as individual-run accounts in their Twitter account
descriptions, whereas the remaining accounts were identified
as run by institutions. In total, individuals are responsible for
80.84% (4960/6135) of the original content provided by the top
10 content contributing accounts.

Figure 2. Annual frequency of #HIVPrevention tweets between 2014 and 2019.

Table 1. Accounts with the most original and retweeted #HIVPrevention tweets between 2014 and 2019.

Number of retweets per accountAccounts whose #HIVPrevention tweets
were retweeted at the highest frequencies

Number of original tweets per
account

Accounts with the most original
#HIVPrevention tweets

11,239@UNAIDS3144@HIV_Insight

1880@HIV_Insight484@Sex_Worker_Hlth

1551@MichelSidibe465@DrMbere

908@UN444@Hlth_Literacy

705@MissUniverse396@HIVIreland

687@UNAIDS_AP296@UNAIDS

499@HIVpxresearch262@EPICBrowardOrg

493@accphivprn240@Health_HIV2030

470@AniShakari221@HopeandHelpInc

468@HIVIreland183@himmoderator

The 10 accounts whose #HIVPrevention tweets were retweeted
at the highest frequencies between 2014 and 2019 are presented
in Table 1. The United Nations is responsible for 3 of these
accounts (@UN, @UNAIDS, and @UNAIDS_AP [UNAIDS
Asia-Pacific]) and the accounts @MichelSidebe and
@AniShakari publicly identify themselves as current or former
employees of UNAIDS. The remaining accounts are also run
by institutions that work on the HIV/AIDS epidemic, with the
notable exceptions of @HIV_Insight and @MissUniverse; the
latter ran a campaign on HIV prevention in 2016 for WAD,
which involved promotion of various HIV prevention methods
by Miss Universe contestants. The accounts @UN (12,047,848

followers), @MissUniverse (1,022,563), and @UNAIDS
(258,322) corresponded to the largest numbers of followers at
the time of data collection (March 2020).

Figure 3 presents a word network depicting the 50 most
frequently used bigrams seen in #HIVPrevention tweets between
2014 and 2019. The most frequently used words (not listed in
the order of frequency) were PrEP, testing, treatment, prevent,
access, strategy, transmission, HIV, health, and free.

Figures 4 and 5 display the geographic distribution of geotagged
#HIVPrevention tweets between 2014 and 2019 and the number
of state-level HIV cases in 2019, respectively. The data set
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presented in Figure 5 is publicly available from the Centers of
Disease Control and Prevention [32]. The number of
#HIVPrevention tweets per state was positively correlated with

the number of state-level HIV cases in 2019 (r=0.81, P<.01;
Figure 6).

Figure 3. A visual word network of the 50 most frequently used bigrams (word-pairings) in #HIVPrevention tweets between 2014 and 2019.
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Figure 4. Geographic distribution of geotagged English #HIVPrevention tweets (n=514) in the United States between 2014 and 2019. The numbers
in the figure correspond to the number of tweets geotagged to the respective locations indicated on the map. The mapping data presented here is available
under the Open Database (CC-BY-SA) License [34].

Figure 5. Geographic distribution of the number of HIV cases in the United States in 2019, displayed at the state level. The mapping data presented
here is available under the Open Database (CC-BY-SA) License [34].
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Figure 6. Relationship between the total number of geotagged #HIVPrevention tweets at the state level between 2014-2019 and the number of 2019
HIV cases by state.

Analysis of the HIV Prevention Topics Being
Referenced Most Often in #HIVPrevention Tweets
Of the total 69,197 #HIVPrevention tweets in the sample, 28,135
tweets (40.66%) were categorized into 1 or more of the 10
identified prevention topics. The highest proportion of mentions
were seen for PrEP (13,895/69,197 tweets, 20.08% of all
tweets). This was followed by the proportion of mentions related
to HIV testing (7688/69,197, 11.11%), condoms (2941/69,197,
4.25%), harm reduction (2173/69,197, 3.14%), gender equity
and violence against women (1695/69,197, 2.45%), VMMC
(969/69,197, 1.40%), sex work (872/69,197, 1.26%), PEP
(823/69,197, 1.19%), EMTCT (277/69,197, 0.40%), and
abstinence (180/69,197, 0.26%). Categorized tweet totals do
not add to 28,135, given that some tweets were categorized in
more than 1 category.

Figure 7 illustrates the proportion of annual topic-specific tweets
(original and retweets) as a function of total annual tweets for
the following direct prevention topics: abstinence, condoms,
PEP, testing, VMMC, EMTCT, and PrEP. The bottom panel
of Figure 7 is presented on a smaller scale so the reader can
better see the trends in the frequency of mentions of condom
use, VMMC, PEP, EMTCT, and abstinence.

Table 2 displays the results of our chi-square and Fisher exact
tests. The proportion of tweets mentioning PrEP, HIV testing,
and PEP significantly increased between 2014 and 2019 (P≤.01
for all cases), whereas the proportion of tweets mentioning
abstinence, condom use, VMMC, harm reduction, and gender
equity significantly decreased in this period (P≤.01 for all cases).
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Figure 7. Annual frequency of mentions of keywords related to abstinence, condom use, elimination of mother-to-child transmission, HIV testing,
post-exposure prophylaxis, pre-exposure prophylaxis, and voluntary medical male circumcision as a proportion of total annual #HIVPrevention tweets
between 2014 and 2019.

Table 2. Results of the chi-square and Fisher exact testsa evaluating the overall change in the proportion of tweets related to each topic area in 2014
versus 2019.

Direction of changeP value2019 tweets (n=12,971), n (%)2014 tweets (n=2251), n (%)Prevention topic

Lower≤.01b4 (0.03)8 (0.36)Abstinence

Lower≤.01b421 (3.25)138 (6.13)Condom use

Higher≤.01b5067 (39.06)327 (14.53)Preexposure prophylaxis

Lower≤.01b295 (2.27)78 (3.47)Voluntary medical male circumcision

Higher≤.01b342 (2.64)25 (1.11)Postexposure prophylaxis

Lower≤.01b336 (2.59)93 (4.13)Harm reduction

Lower≤.01b251 (1.94)74 (3.29)Gender inequity and violence against women

N/Ac.9651 (0.39)9 (0.40)Elimination of mother-to-child transmission

N/A.47198 (1.53)39 (1.73)Sex work

Higher≤.012193 (16.91)208 (9.24)HIV testing

aFisher exact test used when expected frequencies are less than 5.
bItalicized values are statistically significant.
cN/A: not applicable.

Discussion

Principal Findings
In this study, we investigated temporal trends in the frequency
of mentions of 10 different HIV prevention topics in
#HIVPrevention tweets between 2014 and 2019. Our findings
describe how attention to different HIV prevention methods on

Twitter has changed over time, which may provide insight into
changes in the acceptability and uptake of these prevention
methods. We also report useful descriptive information about
our sample, such as the characteristics of accounts receiving
the most retweets of #HIVPrevention tweets. These findings
may assist public health professionals in identifying strategic
approaches to improving the dissemination of HIV prevention
information on Twitter.
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Key findings from our analysis include the following: both PrEP
and HIV testing were discussed at relatively high frequencies
during the study period as compared with other HIV prevention
methods such as condom use, VMMC, EMTCT, and PEP.
Moreover, there were significantly higher proportions of
#HIVPrevention tweets mentioning PrEP, HIV testing, and PEP
in 2019 as compared with 2014, although the largest changes
are seen for PrEP and testing. There were significantly lower
proportions of #HIVPrevention tweets mentioning abstinence,
VMMC, condom use, harm reduction, and gender inequity and
violence against women in 2019 as compared with 2014. The
increases in the proportion of tweets related to PrEP in 2017,
2018, and 2019 likely reflect approvals of PrEP for use in
countries around the world between 2016 and 2018, including
South Africa, South Korea, and the European Union [35], and
updates to the WHO recommendations on which populations
should use PrEP [30]. The relatively lower proportion of
PrEP-related tweets in 2016 may reflect a larger representation
of other prevention methods in comparison to PrEP during the
WAD campaign. The significant decrease in the proportion of
tweets mentioning condom use in 2019 as compared with 2014
might reflect the decrease in condom use which has been
associated with uptake of PrEP in some populations [36,37].
The decline in abstinence-related tweets likely reflects the shift
away from limited efficacy abstinence-based approaches to HIV
prevention [38].

The high proportion of #HIVPrevention tweets related to PrEP
and HIV testing is promising given that PrEP is highly effective
at preventing HIV transmission [39] and research suggests that
social media messages about PrEP directly or indirectly (through
communication about PrEP use) correlate with HIV testing and
PrEP use in regions with higher populations of MSM [12].
Moreover, a recent modeling study found that a scale-up of
targeted PrEP and HIV testing in 6 US cities is expected to yield
the largest reduction in new HIV infections as compared with
other strategies such as harm reduction and initiation and
retention of individuals diagnosed with HIV in antiretroviral
therapy [40].

However, optimal adherence to PrEP can be a challenge for
at-risk individuals; barriers include stigma, health system
inaccessibility, and competing life stressors [41]. The efficacy
of PrEP decreases as adherence decreases and with 2 doses per
week, PrEP efficacy is similar to that of consistent condom use
[39,42]. Moreover, the cost of PrEP (estimated at around US
$24,000 a year) may pose a barrier to uptake by populations
who do not have health insurance; even with insurance,
out-of-pocket costs can be substantial [43]. For some
populations, strong advocacy surrounding PrEP use for HIV
prevention may deflect attention from more economically
feasible or individually preferred prevention methods such as
condoms [40,44]. It may also divert attention from the
underlying social determinants of health relevant to HIV such
as addiction, sex work, poverty, racial inequities, and gender
inequity [13]; both gender equity and harm reduction represented
proportionally less #HIVPrevention tweets (although higher
absolute numbers) in 2019 compared with 2014. Scholars
suggest that a combination of prevention options is required to
effectively combat the HIV epidemic [22], as any one prevention

method is unlikely to be a panacea. Our analysis suggests that
condom use and especially PEP, EMTCT, and VMMC have
received relatively little attention compared with PrEP on this
platform; it may prove advantageous to ensure that information
about these prevention topics is disseminated widely on Twitter
to increase uptake and acceptability [5,40].

Secondary Findings
Although our analysis reveals that individuals are responsible
for the majority of accounts that correspond to the highest
number of original #HIVPrevention tweets, UN-affiliated
institutions and individuals appear to be reaching the most
people as indicated by their retweet and follower counts, an
unsurprising finding given the 2016 WAD campaign. However,
the analysis of content generating and retweeted accounts also
reveals the importance of informal advocates (eg,
@HIV_Insight) and celebrity endorsements (eg,
@MissUniverse); the latter may be particularly effective given
the sheer number of users following celebrity accounts and the
influence celebrities can have on health promotion [45].

Finally, our analysis of geotagged tweets suggests that
#HIVPrevention tweets at a state level between 2014 and 2019
are positively correlated with the number of state-level HIV
cases in the United States in 2019. This finding should be
interpreted with caution given the small number of tweets in
our sample that were geotagged. However, this finding is aligned
with other research that suggests that tweet content such as
discussing HIV risk-related behavior (eg, drug use) is associated
with the geographic distribution of HIV [18,20].

Study Strengths and Implications
To the best of our knowledge, this study is the first to investigate
temporal trends in the relative attention received by different
HIV prevention methods on Twitter. We are hopeful that the
findings provide useful insight into how attention to HIV
prevention methods on Twitter has changed over time, which
may reflect or influence changes in the acceptability of these
methods.

Some of the findings may be useful in informing strategic
approaches to the dissemination of HIV prevention information
on Twitter. For example, the findings indicate that a large
portion of #HIVPrevention tweets mention PrEP and HIV
testing. These tweets could be responded to by providing
specific information about where to obtain an HIV test or how
to access PrEP, which may empower individuals to engage in
these behaviors. Furthermore, public health entities could
consider leveraging celebrities as HIV advocates on Twitter
given their wide reach and popularity, especially with young
people. Finally, public health institutions may consider
increasing communication about certain HIV prevention
methods on Twitter such as condom use to ensure that
populations with diverse needs and resources are aware of the
HIV prevention options available to them.

Study Limitations
There are some limitations of our study. First, we were limited
to results procured from a single Twitter hashtag. Although this
was a necessary methodological decision to define a sample of
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tweets focused on HIV prevention, it omits tweets that discuss
HIV prevention but do not employ #HIVPrevention and it is
possible that these tweets differ importantly from those that do
employ the hashtag. Although we examined tweets
corresponding to a critical period in the evolution of the
acceptability of PrEP, resource and feasibility constraints limited
us from investigating tweets posted immediately after PrEP was
approved in the United States in 2012. We point the reader to
previous research that yields insights into earlier periods [46-48]
and encourage other researchers to investigate HIV prevention
discussion on Twitter during the COVID-19 pandemic. Some
prevention topics, such as gender inequity and harm reduction,
are relatively more abstract and difficult to capture than others
(eg, PrEP). Moreover, our analysis was restricted to tweets that
are written in English, which obscures insights about HIV
prevention discussions in other languages. This limits the
validity of our map of geotagged #HIVPrevention tweets as a
marker of overall discussion about HIV prevention on Twitter
in the United States, as does the relatively small proportion of
#HIVPrevention tweets that were geotagged. Moreover,
disparities in access to internet services across the United States
[49] may have influenced the characteristics of individuals who

were tweeting about HIV prevention in our sample and the
regions the tweets originated from. We were unable to ascertain
the age or other demographic characteristics of the users in our
data as a variable in our analysis.

Conclusions
Twitter is an important avenue for information seeking about
HIV prevention and may be a particularly important platform
for disseminating information to young adults who represent a
large burden of new infections [2,50]. Previous evidence
suggests that public health messaging shapes the ways in which
we conceptualize and respond to the HIV epidemic and thus
examining trends in communication about HIV prevention over
time is an important step for better understanding the course of
the epidemic and planning effective strategies for the future
[21]. The findings of our study indicate that PrEP and HIV
testing have received the most attention in #HIVPrevention
tweets between 2014 and 2019 as compared with other HIV
prevention topics and that attention to PrEP and HIV testing in
#HIVPrevention tweets increased over that period. Public health
professionals may wish to leverage the findings to inform
multifaceted efforts toward reducing HIV incidence.
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Abstract

Background: Men who have sex with men (MSM) are at high risk for HIV infection. Accurate estimation of the population
size and monitoring the risk sexual behavioral change of MSM is of great importance to develop targeted HIV prevention and
interventions.

Objective: The goal of the research was accurate estimation of the population size and monitoring the risk sexual behavioral
change of MSM.

Methods: Street interception investigation methods were conducted among males aged 16 years and older in selected sites in
Shenzhen in 2014 and 2019. A population survey was used to estimate the population size of MSM. Logistic regression analysis
was applied to evaluate the difference in behavioral characteristics in MSM from 2014 to 2019.

Results: In this study, we surveyed 10,170 participants in 2014, of whom 448 (4.41%, 95% CI 4.01%-4.80%) participants were
men who have ever had sex with another man (MSMe) and 229 (2.25%, 95% CI 1.96%-2.54%) were men who had sex with
another man in the previous 6 months (MSMa). A total of 10,226 participants were surveyed in 2019, of which 500 (4.90%, 95%
CI 4.47%-5.31%) and 208 (2.03%, 95% CI 1.76%-2.31%) participants were MSMe and MSMa, respectively. The results showed
that the population size of MSM who are active (MSMa) in Shenzhen was 155,469 (2.29%, 95% CI 2.28%-2.30%) in 2014 and
167,337 (2.05%, 95% CI 2.04%-2.06%) in 2019. It was estimated that there were about 12,005,445 (2.04%, 95% CI 2.04%-2.04%)
MSMa in China in 2019. Compared with 2014, the MSMa in 2019 were more likely to seek sex partners through mobile phone
apps and less likely to have male and female sex partners in addition to having inconsistent condom use and more than 6 sex
partners in the previous 6 months.

Conclusions: In Shenzhen, the proportion of MSMa among the general male population was lower in 2019 than in 2014, and
the prevalence of HIV risk behavior was reduced in 2019. Although the preferred platform to find male sex partners among MSM
has changed, intervention with high–HIV risk MSM could still help to reduce HIV risk behaviors among the whole MSM group.
Because MSM prefer to seek sex partners through mobile phone apps, further study is needed to strengthen internet interventions
with high–HIV risk MSM to curb the spread of HIV.
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Introduction

Men who have sex with men (MSM) are at high risk of HIV
infection [1]. Previous studies suggested that the prevalence
rate of HIV among MSM increased from 0.9% in 2003 to 6.3%
in 2019 in China [2,3], and the proportion of MSM among newly
diagnosed HIV/AIDS cases increased from 13.7% in 2011 to
23.3% in 2019 [4,5]. In Shenzhen, of the 99.6% of newly
diagnosed HIV/AIDS cases in 2020 infected through sexual
transmission, 62.6%were infected through male-to-male sexual
transmission [6]. Accurate estimation of the prevalence of HIV
among MSM depends on the precise population size of MSM,
which remains underinvestigated in China. Accurate estimation
of the precise population size of MSM could help us assess our
progress toward the World Health Organization HIV testing
and condom use targets of 95% coverage by 2030 [7].

Guidelines released by the Joint United Nations Programme on
HIV and AIDS and the World Health Organization on estimating
the size of populations most at risk of HIV infection recommend
several methods (census and enumeration, capture-recapture,
and multiplier) for estimating the MSM population size using
data collected from the population at risk in addition to methods
based on the general population (eg, population survey, network
scale-up) [8]. In China, previous studies have mostly used the
capture-recapture [9], multiplier [10], and network scale-up
methods [11] to estimate the size of the MSM population;
population survey has never been reported. The
capture-recapture and multiplier methods mostly collect data
from MSM venues, MSM websites, and social media, which
may introduce sample selection bias by ignoring MSM who
seek sex partners through other ways. MSM completing online
surveys are more likely to be socially and sexually active [12].
Using the network scale-up method to estimate the size of the
MSM population may introduce transmission error [8], meaning
participants may be unaware that some of their network
members are MSM because most MSM tend to conceal their
homosexual status from family, relatives, and friends due to the
stigma against homosexuality [13,14]. All methods mentioned
above may contribute to underestimation of the size of the MSM
population.

In recent years, social media has changed the way of social
networking among MSM [15], especially for their homosexual
partners [16]. Data on sentinel surveillance showed that HIV
prevalence of MSM in some Chinese metropolises has been
stable or slightly declining in the past several years [17], which
might be attributed to the persistent and intensive HIV
intervention and education focusing on MSM [18]. However,
previous surveillance and intervention were implemented in
MSM venues or their social network. The same sampling
sources might lead to poor representativeness and exaggerate
the effects of intervention. Whether similar change in behavioral
patterns could be observed in all MSM needs further

investigation. In this study, we used population survey with a
quantifiable sampling frame to screen MSM samples from the
general population, which is more representative and reliable
for estimating MSM population size than other methods [19].

Shenzhen, the first city of reform and opening up in China, has
shown high acceptance of homosexual culture and diverse MSM
social venues [20]. A previous study suggested that Shenzhen
is one of the most popular gathering places for MSM in China,
with about 90% of MSM in Shenzhen being a floating
population from all over the country [21]. Accurate estimation
of the population size of MSM and evaluation of their behavioral
changes are imperative for effective decision-making on public
health resources allocation and planning and management of
HIV prevention programmed to MSM. Therefore, we conducted
a population survey among MSM in Shenzhen with aims to
estimate the population size of MSM in Shenzhen and examine
the changes of HIV risk behavioral characteristics of MSM in
2014 and 2019.

Methods

Data Collection
We selected investigation sites in Shenzhen in 2014 and 2019
according to the population, business district distribution, and
the personnel migration (Figure 1, Table 1). Sites in the vicinity
of MSM social venues were excluded. A street interception
investigation method was conducted among males aged 16 years
and older in selected sites. We adjusted the age and spatial
distribution of the sample according to the age and spatial
distribution of the total male population.

Each participant was required to complete a self-administered
questionnaire on the tablet computer or paper questionnaire in
2014 and in 2019 by tablet computer or online questionnaire
by scanning a QR code at designated sites. Duplicate
participation was rejected after automated phone number check.
Participants were reimbursed with a random amount ranging
from 5 to 100 RMB (US $0.80-$16.00) by scanning one-time
QR code in WeChat Pay after completing the questionnaire.
The questionnaire consists of 2 sections: sociodemographic
characteristics and HIV risk behaviors. Sociodemographic
characteristics include age, educational level, household
registration, length of time staying in Shenzhen, marital status,
sexual orientation, and gender of sex partners. Participants who
answered the gender of sex partners question male or male and
female were asked to complete the section about HIV risk
behaviors, which included preference for ways of social
networking, number of male sex partners in the previous 6
months, frequency of sex with men in the previous 6 months,
frequency of condom use during sex with regular/nonregular
male sex partners in the previous 6 months, history of sexually
transmitted infections (STIs), and HIV testing in the previous
year.
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Figure 1. Distribution of investigation sites in Shenzhen.

Table 1. Types of investigation sites in Shenzhen in 2014 and 2019.

2019, n2014, nSites

1622Recreational business area or shopping center

115Residential area

710Park

11Transportation hub

23University

33Hospital

54Industrial area

4548Total

Ethics Approval
This study was performed in line with the principles of the
Declaration of Helsinki. Approval (SZCDC2019-010A) was
granted by the ethics committee of the Shenzhen Center for
Disease Control and Prevention.

Calculation of Sample Size
The formula for calculating the sample size was computed as

α is type I error, α=.05, then Uα=1.96. P1 is the proportion of
MSM in the sample, estimated to be 4% according to experts
from the Chinese Center for Disease Control and Prevention
and the Shenzhen Center for Disease Control and Prevention.
δ is the tolerance error, take δ=0.1P1. The sample size was 9220.
Assuming the refusal rate is 10%, sample size was 10,245
participants in 2014. After the presurvey, we found that the

actual refusal rate was less than 10%, so in 2019, we reduced
the sample size to 10,000.

Definition and Measure
Participants who had lived in Shenzhen longer than 6 months
were considered local residents, while those who had been in
Shenzhen for less than 6 months were considered part of the
floating population. Men who had ever had sex with another
man in their lifetime were designated MSM ever (MSMe), and
men who had sex with another man in the previous 6 months
were designated MSM active (MSMa). Participants were asked
to estimate the frequency of condom use in sex with regular
male sex partners in the previous 6 months and the frequency
of condom use in sex with nonregular male sex partners in the
previous 6 months, with these values totaling 100%.

Population Size of MSM Estimation Methods
The formula for estimating the population size of MSM was
computed as
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PN is the proportion of MSM in the census population of males
aged 16 years and older, p is the proportion of MSM in
participants, n is the population of the different age groups in
the census population, N is the census population of males aged
16 years and older in Shenzhen, i is the population category
(1=local, 2=floating), and j is the age group.

Weighting
Considering the deviation of distribution in age and residence
category (eg, local residents and floating population) between
the sampled male participants and the census population of
males aged 16 years and older in Shenzhen, weight adjustment
was applied to control the confounding effect. The formula for
calculating weight was computed as

ns is the population of different age groups in the sample, Ns is
the population of different residence categories in the sample,
n is the census population of different age group, N is the census
population of male aged 16 years and older of different residence
categories in Shenzhen, i is the residence category (1=local,
2=floating), and j is the age group. The distribution of MSMe
and MSMa in different age groups and population categories
and the final weights are shown in Multimedia Appendix 1,
Table S1.

Statistical Analysis
The raw dataset was used to estimate the population size of
MSM using equation 2, and other statistical analyses were
conducted with the weighted data. A chi-square test was
performed to examine the difference in frequency distribution.
Logistic regression analysis was used to evaluate the difference
in characteristics of MSM in 2019 versus 2014. Univariate
analyses were further included in the multivariate analyses with
forward stepwise selection (P≤.05 to enter, P>.10 to remove).
All statistical analyses were performed in SPSS (version 20,
IBM Corp). Odds ratio, adjusted odds ratio, and 95% confidence
intervals were presented in the results. The significance level
was .05.

Results

Descriptive Analysis
Of the men recruited in 2014, 41.3% (4200/10,170) were aged
21 to 30 years, 48.5% (4936/10,170) were married, and 82.9%
(8438/10,170) were heterosexual. A total of 49.1%
(4996/10,170) of participants had a household registration in
other domestic provinces or regions, 79.9% (8128/10,170) were
local residents, and 45.0% (4571/10,170) had attained an
educational level of college or above. Of the men recruited in
2019, 36.9% (3775/10,226) were aged between 21 and 30 years,
48.6% (4970/10,226) were married, and 86.3% (8826/10,226)
were heterosexual. A total of 46.5% (4751/10,226) of

participants had a household registration in other provinces or
regions, 77.9% (7966/10,226) were local residents, and 52.9%
(5414/10,226) had an educational level of college or above
(Multimedia Appendix 2).

In general, the proportion of MSMe and MSMa varied
significantly (P<.001) by population categories, educational
levels, marital status, and sexual orientation in 2014. The
proportion of MSMe varied significantly by age (P<.001), and
the proportion of MSMa varied significantly by household
registration (P=.02, Multimedia Appendix 2). Of the MSMe in
2014 (Table 2), 58.0% (260/448) had both male and female sex
partners, 17.6% (79/448) had been diagnosed with an STI,
23.9% (107/448) had HIV test in the previous year, and 33.9%
(152/448) preferred to seek sex partners in MSM venues. Among
the MSMa (Table 2), 55.9% (128/229) had both male and female
sex partners, 27.1% (62/229) had been diagnosed with an STI
in the previous year, 37.1% (85/229) had had an HIV test in the
previous year, 42.4% (97/229) reported a preference for seeking
sex partner in MSM venues, 80.8% (185/229) were non-100%
condom use during the previous 6 months, 70.6% (161/229)
reported 2 or more sex partners, and 72.9% (167/229) reported
a frequency of sex with men 2 to 4 times per month in the
previous 6 months. Multivariate logistic regression analysis
showed that compared to the general male population, MSMe
were less educated, more likely to be floating population, have
unmarried status (divorced, widowed, separation, etc), and
self-identify as homosexual or bisexual. The MSMa were more
likely to be floating population, have other marital status, and
self-identify as homosexual or bisexual compared to the general
male population (Multimedia Appendix 1, Table S2).

As shown in Multimedia Appendix 2, the proportion of MSMe
in 2019 varied significantly (P<.05) by age, population category,
educational level, household registration status, marital status,
and sexual orientation. The proportion of MSMa varied
significantly (P<.001) by population category, marital status,
and sexual orientation. Among the MSMe in 2019 (Table 2),
42.4% (212/500) had both male and female sex partners, 10.2%
(51/500) had been diagnosed with an STI in the previous year,
and 24.6% (123/500) had an HIV test in the previous year.
Among the MSMa (Table 2), 31.7% (66/208) reported that they
had both male and female sex partners, 16.8% (35/208) had
been diagnosed with an STI in the previous year, 40.2% (84/208)
had an HIV test in the previous year, 28.4% (59/208) reported
preference to seek sex partner through mobile phone apps,
57.7% (120/208) were non-100% condom use, 56.7% (118/208)
reported 2 or more sex partners, and 44.2% (92/208) reported
sex with men 2 to 4 times every month in the previous 6 months.
The result of multivariate logistic regression analysis showed
that compared to the general male population, MSMe were less
likely to be unmarried, aged 16 to 20 years, and more likely to
be floating population and self-identify as homosexual or
bisexual. The MSMa were more likely to be floating population,
in unmarried status, and self-identify as homosexual or bisexual
(Multimedia Appendix 1, Table S3).
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Table 2. Prevalence of risk behaviors among men who have ever had sex with another man (MSMe) and men who had sex with another man in the
previous 6 months (MSMa) in 2014 and 2019.

20192014

MSMa (n=208), n (%)MSMe, (n=500), n (%)MSMa (n=229), n (%)MSMe (n=448), n (%)

Gender of sex partner

142 (68.27)288 (57.60)101 (44.10)188 (41.96)Male only

66 (31.73)212 (42.40)128 (55.90)260 (58.04)Male and female

STIa history

35 (16.75)51 (10.20)62 (27.07)79 (17.63)Yes

174 (83.25)449 (89.80)167 (72.93)369 (82.37)No

HIV testing history

84 (40.19)123 (24.60)85 (37.12)107 (23.88)Yes

125 (59.81)377 (75.40)144 (62.88)341 (76.12)No

Preferred platform to find male sex partners

55 (26.44)90 (18.00)97 (42.36)152 (33.93)Venue frequented by MSMb

39 (18.75)87 (17.40)68 (29.69)127 (28.35)Internet

59 (28.37)119 (23.80)39 (17.03)71 (15.85)Mobile phone app

55 (26.44)197 (39.40)25 (10.92)98 (21.88)Other

100% condom use when having sex with men

120 (57.69)—185 (80.79)—cNo

88 (42.31)—44 (19.21)—Yes

Number of male sex partners

90 (43.1)—67 (29.4)—1

40 (19.4)—68 (29.7)—2

43 (20.5)—32 (14.1)—3-5

35 (17.0)—61 (26.8)—≥6

Frequency of sex with men

74 (35.58)—62 (27.07)—≤1 time a month

92 (44.23)—122 (53.28)—2-4 times a month

42 (20.19)—45 (19.65)—≥2 times a week

aSTI: sexually transmitted infections.
bMSM: men who have sex with men.
cNot applicable.

Estimating the Population Size of MSM
In 2014, 448 (4.41%, 95% CI 4.01%-4.80%) participants were
MSMe, and 229 (2.25%, 95% CI 1.96%-2.54%) were MSMa.
In 2019, 500 (4.90%, 95% CI 4.47%-5.31%) were MSMe, and
208 (2.03%, 95% CI 1.76%-2.31%) participants were MSMa.
Proportions of MSMe (P=.10) and MSMa (P=.28) were not
significantly different between 2014 and 2019.

The proportion of MSMe in the male population aged 16 years
and older was 4.51% (305,984/6,782,813, 95% CI
4.50%-4.53%) and 4.91% (400,689/8,158,157, 95% CI
4.90%-4.93%) in Shenzhen in 2014 and 2019, respectively. The
proportion of MSMa in the male population aged 16 years and
older was 2.29% (155,469/6,782,813, 95% CI 2.28%-2.30%)

and 2.05% (167,337/8,158,157, 95% CI 2.04%-2.06%) in
Shenzhen in 2014 and 2019, respectively.

In 2019, there were about 587.8 million males aged 16 years
and older in China. Based on the proportion of MSM in
Shenzhen in 2019, we estimated that the MSMe and MSMa
population sizes in China were 30,434,062 (5.72%, 95% CI
5.72%-5.72%) and 12,005,445 (2.04%, 95% CI 2.04%-2.04%),
respectively.

Change in Characteristics of MSMe
Figure 2 summarized the difference in the characteristics of
MSMe in 2014 and 2019. Based on the results of univariate
logistic regression analysis, the variables age, length of stay in
Shenzhen, educational level, gender of sex partner, preferred
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ways of seeking sex partners, and having been diagnosed with
an STI in the previous year (P<.05) were included in
multivariate logistic regression analysis. Compared to MSMe
in 2014, MSMe in 2019 were more likely to be aged 41 years
and older (aOR 2.42, 95% CI 1.40-4.18), preferred to seek sex
partners through mobile phone apps (aOR 2.77, 95% CI

1.84-4.15) or other ways (aOR 3.30, 95% CI 2.29-4.76),were
less likely to have an educational level of high school (aOR
0.44, 95% CI 0.31-0.63) or junior middle school or below (aOR
0.54, 95% CI 0.38-0.76), and reported having both male and
female sex partners (aOR 0.57, 95% CI 0.43-0.74).

Figure 2. Changes in characteristics among men who have ever had sex with another man—2019 versus 2014. OR: odds ratio; ref: reference; MSM:
men who have sex with men; STI: sexually transmitted disease.

Change in Characteristics of MSMa
Figure 3 summarized the difference in characteristics of MSMa
in 2014 and 2019. Variables including educational levels, gender
of sex partner, non-100% condom use in the previous 6 months,
being diagnosed with an STI in the previous year, preferred
ways of social networking, and number of sex partners in the
previous 6 months (P<.05) were added in the multivariate
logistic regression model based on the results of univariate

logistic regression analysis. The result showed that in 2019,
MSMa were more likely to seek sex partner through mobile
phone apps (aOR 2.31, 95% CI 1.32-4.06) and were less likely
to have male and female sex partners (aOR 0.41, 95% CI
0.27-0.63), non-100% condom use (aOR 0.33, 95% CI
0.21-0.52), and more than 6 sex partners reported in the previous
6 months (aOR 0.53, 95% CI 0.28-0.98) compared to MSMa
in 2014.
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Figure 3. Changes in characteristics among men who had sex with another man in the previous 6 months—2019 versus 2014. OR: odds ratio; ref:
reference; MSM: men who have sex with men; STI: sexually transmitted disease.

Discussion

Principal Findings
Accurate estimation of the population size of MSM is of great
importance to develop HIV prevention and intervention and the
strategy to achieve the 90-90-90 goals. As far as we know, this
is the first study to estimate the MSM population size by
population survey with random sampling in China. Based on
this study, the population size of MSMa was estimated to be
154,059 in 2014 and 166,464 in 2019 in Shenzhen, higher than
the 70,000 MSM estimated to be in Shenzhen in 2014 [20]; the
population of MSMa in China was 12,005,445 in 2019, and the
population of MSM in China was 8,288,536 in 2018 [9].
However, previous studies estimating the population size of
MSM were based on the MSM venues [20] or social media [9]
by capture-recapture, which recruited the sample from a specific
group of MSM and might not fully represent the whole MSM
population. In addition, the estimation of MSM population size
based on social media may result in a high risk of bias because
of duplicate registration in the app. For example, in Blued, the
largest homosexual social media in China, the actual population
size of MSM could be lower than the number of monthly active
user (12 million in 2016) due to duplicate registration [22].
Furthermore, a previous study based on this social media only
recruited Blued users as MSM, which might ignore the MSM
who did not use this app and underestimate the population size
of MSM in China [9]. In this study, we used a population survey
with a large sample size of the general population to recruit

MSM. It represented the whole MSM population and reduced
the bias of estimation. Therefore, the results of this study could
be reliable to reflect the actual population size of MSM.

The higher proportion of MSMe in 2019 compared to that in
2014 could mainly be attributed to the cumulative effect of time.
Unlike MSMe, MSMa were sexually active and the main risky
population in HIV prevention and control [23]. Since the reform
and opening-up policy completed in the 1980s in China, the
concept of sex among Chinese people has changed [24]. Casual
sexual behavior has become more acceptable [25]. However,
due to the lack of sex education, some teenagers learn about
sexual orientation on their own, which may lead them to be
induced to be homosexual [26,27]. The Chinese government
has paid more attention to sex education since 2015 [28].
Teenagers can acquire sexual knowledge from school since
2015, and the whole society has become tolerant of homosexual
behavior [29]. Consequently, teenagers can through the correct
channels to learn sexual knowledge, including sexual orientation,
which led to the proportion of MSMa being lower in 2019 than
it was in 2014. Additionally, the prevalence of bisexual
behaviors among MSMa was lower in 2019 than it was in 2014.
With increasing tolerance of homosexuals in society [30], MSM
would no longer have to get married to avoid stigma and social
pressure. Therefore, the proportion of bisexual behavior was
decreased accordingly, which helps reduce the risk of HIV
transmission from MSM to women.

The epidemic of HIV/AIDS has been getting worse in China in
the past decade [31] but declined in Shenzhen since 2017. This
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might be attributed to China’s HIV treatment strategies and the
reduced prevalence of HIV risk behavior among MSM in
Shenzhen. China’s HIV treatment strategy includes universal
access to HIV Voluntary Counseling and Testing Clinics and
free HIV treatment, which allows for greater access to testing
and higher treatment adherence for people living with HIV in
China than in other countries, thus facilitating our ability to
reach the Undetectable=Untransmittable goal and even the 2030
goal of ending AIDS [32,33]. Shenzhen Center for Disease
Control and Prevention has applied cross-sectional surveys on
MSM annually by collecting samples in MSM venues or through
social networks of these venue-based MSM since 2008 [34]
and has implemented venue-specific interventions covering all
the MSM venues in Shenzhen since 2015 [35]. The results of
surveillance on MSM suggested that the prevalence of HIV risk
behavior among the MSM who prefer to seek sex partners in
specific venues was reduced after implementation of the
venue-specific intervention [36]. However, because the series
of cross-sectional studies only covered venue-based MSM and
other MSM within their social network, the results cannot be
extrapolated to the whole MSM group in Shenzhen. In this
study, we found that prevalence of non-100% condom use,
bisexual behavior, and more than 5 sex partners in the previous
6 months among MSMa in 2019 were much lower than that in
2014 and lower than in other countries [37]. In addition, the
prevalence of HIV risk behavior was significantly lower in 2019
than it was in 2014 for MSM who preferred to seek sex partners
in venues and other MSM subgroups. This finding indicates
that the venue-specific interventions can not only directly
influence MSM who preferred to seek sex partners in venues
but also indirectly influence the whole population of MSM. The
results of continuous surveillance based on MSM venues could
help to deduce HIV risk behavior changes in the whole MSM
population.

Data from annual MSM surveillance and this study suggested
that the preferred way of seeking sex partners among MSMa
changed from MSM venue to mobile phone apps from 2014 to
2019. A study in the United States suggested that gay app users
had a higher risk of HIV infection and reported more sex
partners and non-100% condom use than nonusers [38].
However, our study found that the prevalence of multiple sex
partners among MSM who preferred to seek sex partners in
venues was higher than other MSM, consistent with a series of
cross-sectional studies [36] indicating that in Shenzhen, MSM
who preferred to seek sex partners in venues have a higher risk
than others of HIV infection. Furthermore, this study showed
that 26.4% of MSMa sought sex partners in other ways
(other-than-MSM venues, internet, and mobile phone apps) in
2019, increased by 3.3 times compared to that in 2014. That

means MSM social networking preferences have become more
diverse and private, leading to the increase of hidden MSM.
This finding further verified that samples only from MSM
venues, MSM websites, or social media might have selection
bias and limit the representativeness of the whole MSM
population.

In this study, we also found weak positive correlation between
the prevalence of diagnosed STIs in the previous year and the
prevalence of non-100% condom use among MSMa. The
prevalence of diagnosed STIs in the previous year among MSMa
was significantly decreased in univariate analysis from 2014 to
2019. However, the difference was not significant in the
multivariate analysis; this may be attributed to the collinearity
between the prevalence of diagnosed STIs in the previous year
and the prevalence of non-100% condom use. Nevertheless, the
causal relationships need to be validated in future studies.

Limitations
Our study had several limitations. First, the result only reflected
the population of Shenzhen, which might not be generalizable
to the whole country. However, we have controlled the
confounders and made a weight adjustment according to the
census population, so the results of this study could offer a
reference for other cities or areas in China. Second, MSM might
conceal having sex with men because of the stigma and therefore
induce reporting bias. We did our best to allow for this
possibility by using self-administered questionnaires to elicit
self-reported behavior and beliefs, which may have reduced the
underreporting of sensitive behavior. All participants were
informed that their contents were not visible to the field
investigators and the questionnaire would not collect any
personal identifiable information, which could prompt
respondents to complete the questionnaire truthfully. Third,
because of the sensitivity of the survey content, this study had
a certain rate of rejection. Still, we calculated the population
size by weighting on age and residence status. We also roughly
assessed the age distribution of respondents and nonrespondents
and found that they are similar.

Conclusions
In Shenzhen, the proportion of MSMa among the general male
population in 2019 was lower than in 2014, and the prevalence
of HIV risk behavior was reduced in 2019. Although the
preferred platform to find male sex partners among MSM has
changed, the intervention on high HIV risk MSM could still
help to reduce HIV risk behaviors among the whole MSM group.
And because the MSM preferred to seek sex partners through
mobile phone apps, further study is needed to strengthen internet
intervention on high HIV risk MSM to curb the spread of HIV.
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Abstract

Background: Neurocognitive impairments are prevalent among older people in China. It is more problematic among older
people living with HIV.

Objective: This study aims to compare neurocognitive performance between older people living with HIV and HIV-negative
controls, and to explore whether the association between HIV status and neurocognitive performance was mediated by depressive
symptoms and level of physical activity.

Methods: A cross-sectional study was conducted in Yongzhou, China. All people living with HIV aged ≥50 years listed in the
registry were invited. Frequency matching was used to sample HIV-negative controls from the general population according to
the distribution of age, sex, and years of formal education of older people living with HIV. A total of 315 older people living
with HIV and 350 HIV-negative controls completed the face-to-face interview and comprehensive neuropsychological assessment
of seven domains (learning, memory, working memory, verbal fluency, processing speed, executive function, and motor skills).

Results: As compared to HIV-negative controls, older people living with HIV performed worse in global score and all seven
domains (P<.05). HIV infection was associated with higher depressive symptoms (P<.001) and lower level of physical activity
(P<.001). Depressive symptoms and physical activity were negatively correlated (P<.001). Depressive symptoms and level of
physical activity mediated the association between HIV status and global z-score and four domain z-scores of neurocognitive
performance (learning, memory, verbal fluency, and processing speed).

Conclusions: Change in mental health and physical activity after HIV infection may partially explain why older people living
with HIV are more susceptible to neurocognitive impairment. Promoting mental health and physical activity are potential entry
points to slow down the progress of neurocognitive impairment among older people living with HIV.

(JMIR Public Health Surveill 2022;8(8):e32968)   doi:10.2196/32968
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Introduction

The Centres for Disease Control and Prevention specify the age
of older people living with HIV as 50 and above [1,2]. Globally,
the size of older people living with HIV has been increasing
rapidly due to the advancement in the efficacy and coverage of
antiretroviral therapy (ART) [3-5]. Take the United States as
an example; the proportion of people living with HIV aged 50
years or above was about 45% in 2014 and was projected to
exceed 75% in 2030 [6]. In China, such proportion has increased
by 20% from 2001 (1.94%) to 2011 (21.1%) [7]. Older people
living with HIV are more likely to have aging-related conditions
due to HIV infection [8,9].

HIV infection is a risk factor of neurocognitive impairment.
Studies showed older people living with HIV had poorer
neurocognitive function as compared to HIV-negative
individuals [10-12]. Neurocognitive impairment is prevalent
and consequential among older people living with HIV [13].
The Central Nervous System HIV Antiretroviral Therapy Effects
Research study reported that nearly half of people living with
HIV suffered from neurocognitive impairment [13]. Other
studies showed that 37.0%-69.9% of older people living with
HIV in some western countries had such condition [14,15].
Neurocognitive impairment results in poorer adherence to ART,
faster disease progression, poorer quality of life, and higher
all-cause mortality among people living with HIV [16-20].

Mental health problems (eg, depression) are the most commonly
reported comorbid conditions of people living with HIV [21].
Studies consistently showed that mental health problems are
more common among older people living with HIV as compared
to their younger counterparts [22]. Across countries, the
prevalence of depression among older people living with HIV
ranged from 39.1% to 60.5% [23-26]. There are potential
reasons that may contribute to the elevated risk of mental health
problems among older people living with HIV. Studies showed
that age-related reduction in immune responses, impaired
physical function, greater difficulties to cope with HIV-related
stress, and reduced social support might contribute to or
exacerbate existing mental health problems among older people
living with HIV [22,25]. Studies suggest that depression is
associated with brain vascular disease, which damages critical
cortico-striatal circuits and results in neurocognitive impairment
[27]. Depression is a strong risk factor of neurocognitive
impairment among both general populations [28] and people
living with HIV [11,29,30].

Physical activities are beneficial and recommended for older
people living with HIV [31]. Studies showed that higher level
of physical activity was associated with lower odds of
neurocognitive impairment among older people living with HIV
[32,33]. However, older people living with HIV encountered
more barriers to perform physical activities as compared to their
HIV-negative counterparts. Many barriers are related to their
HIV-positive status. First, older people living with HIV are

more likely to develop age-related chronic conditions, including
cardiovascular diseases, lung diseases, and cancer, which have
been shown to negatively affect physical function and the ability
to perform physical activities [34]. Second, side effects of ART,
reduced social support due to HIV infection, and social stigma
or discrimination also hinder older people living with HIV to
do physical activities [35,36]. Therefore, there is a large body
of literatures showing that older people living with HIV, even
when virally suppressed by ART, exhibit much lower level of
physical activity when compared to age-matched HIV-negative
controls [37-39]. A recent study showed that 86% of older
people living with HIV did not achieve the recommended
physical activity level, as measured by accelerometer [40].

Given depressive symptoms and physical activities were
associated with both HIV infection and neurocognitive function
among older people living with HIV, it is possible that
depressive symptoms and level of physical activity would
mediate the association between HIV infection and
neurocognitive function. Identifying mediators is important to
explain the difference in neurocognitive function between older
people living with HIV and their HIV-negative counterparts.
The path analysis has significant implications for interventions,
and health workers can alleviate the adverse effect of HIV
infection on neurocognitive function among older people. To
our knowledge, no study has tested such a mediation hypothesis.

In this study, we compared neurocognitive performance (global
score and seven domains), depressive symptoms, and level of
physical activity between older people living with HIV and
HIV-negative controls matched by age, gender, and education
in China. We further test the hypothesis that depressive
symptoms and level of physical activity would mediate the
association between HIV infection and neurocognitive
performance.

Methods

Study Design
A cross-sectional study was conducted in Yongzhou city in
southern China from March to December 2017. The city has a
population size of 6.3 million and a disposable income per capita
of 15,292 RMB (US $2438) in 2015 (median in China was
22,408 RMB [US $3573]). The city consists of 2 districts and
9 counties. One district (Lingling) and 4 counties (Ningyuan,
Lanshan, Qiyang, and Dao) were conveniently selected as the
study sites.

Participants
Participants were older people aged ≥50 who received
confirmatory HIV diagnosis. Exclusion criteria included the
following: (1) severe hearing loss or impaired vision observed
by the interviewers, (2) history of brain injury with or without
loss of consciousness (>30 minutes), brain tumor, stroke, or
brain opportunistic infection; and (3) major psychiatric illnesses
(schizophrenia and bipolar disorder). The second and third
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exclusion criteria were self-reported information or based on
clinicians’ assessments according to their medical records.

Data Collection
Provincial or local Centres for Disease Control and Prevention
and HIV clinics of local hospitals facilitated the recruitment of
older people living with HIV. These institutions serve all people
living with HIV in the selected district and counties and are
responsible for HIV testing and diagnosis, CD4 (cluster of
differentiation 4) testing, and management of the ART. The
staff of these institutions contacted all older people living with
HIV listed in the registries of the selected district and counties.
With verbal consent, they screened prospective participants’
eligibilities to join the study, briefed them about the purpose
and logistics of the study, and invited them to be interviewed
at the HIV clinics. The participants were assured that their
information would be kept confidential, and refusal to participate
would not affect their right to use future services. Written
informed consent was obtained before conducting the
face-to-face interviews and the neurocognitive assessments.
The whole process took 1.5-2 hours to complete, with breaks
in between. Upon completion, a monetary incentive of 50 RMB
(US $7.96) was given to the participants for their time.

HIV-negative controls were recruited from general population
in the corresponding study sites. In these study sites, health
service centers provide comprehensive health-related services
to local residents. These centers keep contact information of all
residents living in the area. In this study, these health service
centers facilitated the recruitment of HIV-negative controls. We
used frequency matching to sample HIV-negative controls
according to the distribution of age (SD 3 years), sex, and years
of formal education of older people living with HIV. Staff of
the health service centers approached households in person or
via telephone, screened eligibility, and invited eligible residents
to participate. The procedures for obtaining written informed
consent and conducting face-to-face interview and
neurocognitive assessment were the same as those for older
people living with HIV. These participants were then invited
to take a finger-prick HIV rapid test (Alere Determine HIV-1/2
rapid HIV screening test, Alere Inc, Watham, MA, United
States; sensitivity: 99.75%, specificity: 100%).

Ethics Approval
Ethics approval was obtained from the Survey and Behavioral
Research Ethics Committees of the Chinese University of Hong
Kong and the joint Chinese University of Hong Kong—New
Territories East Cluster Clinical Research Ethics Committee
(Ref# 2017.550).

Neurocognitive Assessments
The comprehensive neuropsychological test battery was used
in this study. It comprised of neuropsychological tests of seven
domains. Learning and memory were assessed by the Chinese
Auditory Verbal Learning Test [41]. Attention or working
memory was measured by the digit span (forward and backward)
and visual span (forward and backward) methods [42].
Information processing speed was assessed by the performance
on the Chinese Trail Making Test Part A [43]. Executive
function was assessed by the Chinese Trail Making Test Part

B [44]. Verbal fluency was assessed by the category verbal
fluency tests (animal, fruit, and vegetable) [45]. Motor skills
were evaluated by the grooved pegboard for both dominant
hand and nondominant hand [46]. These tests were commonly
used in studies targeting people living with HIV [47] and were
validated in the Chinese population [48].

PQ received intensive training on neurocognitive assessment
from an experienced and practicing neuropsychologist. She
completed neurocognitive assessments for ten older people
living with HIV in the study sites. All practice assessments were
audiotaped and sent to the neuropsychologist for review and
competence assessment, which were found to be satisfactory.
The first author then conducted a 2-week training workshop
including guided practice and competence assessment for 4
other interviewers. They were deployed in fieldwork after they
achieved satisfactory level of competence. During the first 2
weeks of fieldwork, PQ supervised neurocognitive assessments
conducted by these 4 interviewers and provided individual
feedback.

Raw scores of the aforementioned seven domains were
transformed into standardized z-score, based on the mean and
SD of the HIV-negative controls using the following formula:
z-score = (raw test score – mean test score among HIV-negative
controls) / SD of the test score among HIV-negative controls.
Domain z-score was calculated by averaging the z-scores of
tests in each domain, while global z-score was calculated by
averaging the seven-domain z-scores. The same approach to
calculate the domain and global score for neurocognitive
performance has been used in published studies [49-51].

Measurements

Depressive Symptoms
Depressive symptoms were assessed by the 20-item validated
Chinese version of the Center for Epidemiological
Studies-Depression scale (CES-D-20) [52,53]. This scale has
been used among people living with HIV in China [54]. Scores
of CES-D-20 range from 0 to 60, with higher scores indicating
more severe depressive symptoms. In this study, Cronbach alpha
of the CES-D-20 was .93.

Physical Activities
The 7-item International Physical Activity Questionnaire was
used to measure walking as well as moderate- and
vigorous-intensity activities in the past week [55]. Physical
activity metabolic-equivalent tasks (METs) per week were
computed [55]. High physical activity level was defined as (1)
vigorous-intensity activity on at least 3 days and accumulating
at least 1500 MET minutes per week, or (2) at least 5 days of
any combination of walking and moderate-intensity or
vigorous-intensity activities, achieving a minimum total physical
activity of at least 3000 MET minutes per week. Moderate level
was defined as meeting any one of the following criteria: (1) at
least 3 days of vigorous activity of at least 20 minutes per day,
(2) at least 5 days of moderate-intensity activity or walking of
at least 30 minutes per day, or (3) at least 5 days of any
combination of walking and moderate-intensity or
vigorous-intensity activities, achieving a minimum total physical
activity of at least 600 MET minutes per week. Individuals who
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did not meet the criteria for moderate or high levels of physical
activity were considered as those with low physical activity or
inactive.

Potential Confounders
Sociodemographic characteristics of age, sex, years of formal
education, marital status, personal annual income, and living
arrangement (whether living alone or not) were obtained.

Blood pressure was measured twice at 5-minute intervals in the
right arm and in the sitting position by some nurses or doctors
with a mercury sphygmomanometer. Systolic and diastolic
blood pressure were calculated by averaging the 2
measurements. The use of antihypertensive drugs was asked in
the questionnaire. Hypertension was defined as systolic blood
pressure of ≥140 mmHg or diastolic blood pressure of ≥90
mmHg or self-reported antihypertensive drugs use. Self-reported
diabetes was determined by a positive response to the question
“Have you ever been told by a health professional that you have
diabetes?”. Similar questions were used to measure the presence
of hyperlipidemia, myocardial infarction, coronary heart disease,
cerebrovascular disease, hepatitis B virus infection, hepatitis C
virus infection, chronic bronchitis, chronic obstructive
pulmonary disease, chronic liver disease, chronic kidney disease,
peptic ulcer, stroke, cancer, peripheral vascular diseases, and
connective tissue disease.

The participants were asked whether they are taking other
medications, including diabetes medication, lipid-lowering

drugs, aspirin, warfarin, drugs for heart disease, antidepressants,
antidementia drugs, and nonsteroidal anti-inflammatory drugs.
Two composite variables were constructed in this study by
counting the number of affirmative item responses reflecting
the number of chronic conditions and number of medications.

Statistical Analysis
Descriptive statistics were presented. Between-group
comparisons (depressive symptoms, physical activity level, and
potential) were performed using the chi-square test or
independent samples 2-tailed t test as appropriate. Potential
confounders were controlled when comparing the differences
in raw scores of neurocogitive tests and global- or
domain-specific z-scores between older people living with HIV
and HIV-negative controls using multivariable linear regression.
Crude P values and adjusted P values were presented.

Path analysis was conducted to test the mediation model (Figure
1). HIV status was used as independent variable, while raw
score of a neurocognitive test, or global or a domain z-score
was included as a dependent variable in each mediation model.
Standardized path coefficients (β) and unstandardized path
coefficients (B) were reported. Bootstrapping analyses tested
the mediation hypotheses. The 95% CIs of the indirect effects
would be obtained from 5000 bootstrap samples. A statistically
significant mediation effect would be observed when the CI did
not include zero. SPSS 21.0 for Windows and AMOS 17.0 (IBM
Corp) were used for data analysis; the level of significance was
set to P<.05.
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Figure 1. Mediation effects of physical activity and depressive symptoms in the association between HIV status and cognitive function (z-score); *:
P<.05; **: P<.01; ***: P<.001. The path analysis presented the standardized regression weights and P value of each path.

Results

Descriptive Statistics
Of the 433 eligible older people living with HIV invited, 83
(19.2%) refused to join the study due to lack of time or interest.
The response rate was 80.8% (350/433). Among the 350
participants consented to join the study, 14 (4%) and 21 (6%)
did not complete the face-to-face interview and neurocognitive
assessments, respectively; 315 (90%) completed both parts. Out
of 434 controls being invited, 350 (80.6%) completed the
face-to-face interview and neurocognitive assessments. None
of the controls were screened to be HIV positive.

The mean age of the older people living with HIV was 61.3 (SD
6.8) years; 73.0% (230/315) were male; 52.1% (164/315) had
an education level of primary school or below. Most of them
were of Han ethnicity (307/315, 97.5%), were married (215/315,

68.3%), had an annual personal income of no more than 10,000
RMB (US $1507; 163/315, 52.1%), and were living with
someone else (224/315, 71.1%). The number of chronic
conditions and mediation use was 1.3 (SD 1.2) and 0.3 (SD
0.6), respectively. 79.4% (250/315) had received HIV diagnosis
within 4 years, 56.4% (177/315) had a current CD4 level of
<350 cells/µL, and 59.0% (186/315) had a CD4 nadir lower
than 350 cells/µL. Of the 308 participants who were on ART,
21.9% (67/308) reported any missing dose in the last month,
and 60.7% (187/308) were taking efavirenz.

Distributions of age (P=.62), sex (P=.53), and years of formal
education (P=.48) did not differ between older people living
with HIV and HIV-negative controls, reflecting successful
matching. However, HIV-negative controls were less likely to
be widowed (P<.001) and living alone. The between-group
difference in mean number of chronic conditions was of
marginal statistical significance (P=.07; Table 1).
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Table 1. Characteristics of older people living with HIV and HIV-negative controls.

P valuesHIV-negative controls
(n=350)

Older people living with HIV
(n=315), mean (SD)

Characteristics

Sociodemographics

.6261.1 (6.4)61.3 (6.8)Age (years), mean (SD)

.53Sex, n (%)

257 (73.4)230 (73.0)Male

83 (23.6)85 (27.0)Female

.485.5 (3.4)5.7 (3.6)Years of education, mean (SD)

.09Ethnicity, n (%)

347 (99.1)307 (97.5)Han

3 (0.9)8 (2.5)Others

<.001Marital status, n (%)

303 (86.8)215 (68.3)Married

29 (8.3)72 (22.9)Widowed

17 (4.9)28 (8.9)Divorced or single

.59Annual personal income (RMB), n (%)

187 (54.2)163 (52.1)≤10,000a

158 (45.8)150 (47.9)>10,000

<.001Living alone, n (%)

310 (88.8)224 (71.1)No

39 (11.2)91 (28.9)Yes

Depressive symptoms

<.0019.4 (9.4)17.4 (13.0)Score of CES-D-20b, mean (SD)

<.001Level of physical activity, n (%)

32 (9.2)61 (19.4)Low

115 (32.9)140 (44.4)Moderate

202 (57.7)114 (36.2)High

Presence of chronic conditions, n (%)

.24196 (56.0)162 (51.4)Hypertension

.8124 (6.9)23 (7.3)Diabetes

.8412 (3.4)12 (3.8)Hyperlipidemia

.2921 (6.0)26 (8.3)Chronic bronchitis

.274 (1.1)7 (2.2)Chronic obstructive pulmonary disease

.9424 (6.9)22 (7.0)Cerebrovascular disease

.4821 (6.0)15 (4.8)Coronary heart disease

.633 (0.9)1 (0.3)Myocardial infarction

<.0012 (0.6)23 (7.3)Hepatitis B

.470 (0.0)1 (0.3)Hepatitis C

.0023 (0.9)15 (4.8)Liver dysfunction

.020 (0.0)5 (1.6)Liver cirrhosis

.096 (1.7)12 (3.8)Chronic kidney disease

.3327 (7.7)31 (9.9)Peptic ulcer disease

.026 (1.7)15 (4.8)Cancer
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P valuesHIV-negative controls
(n=350)

Older people living with HIV
(n=315), mean (SD)

Characteristics

.035 (1.4)13 (4.1)Peripheral vascular disease

.3923 (6.6)26 (8.3)Connective tissue disease

.071.1 (1.2)1.3 (1.2)Number of chronic conditions, mean (SD)

Use of medication

.120.3 (0.7)0.3 (0.6)Number of medication usec, mean (SD)

HIV-related disease characteristics

Duration since HIV diagnosis, n (%)

N/AN/Ad100 (31.7)<1 year

N/A150 (47.6)1-3 years

N/AN/A65 (20.6)≥4 years

Most recent CD4e count (cells/uL)

N/AN/A177 (56.4)<350

N/AN/A70 (22.3)350-500

N/AN/A67 (21.3)>500

CD4 nadir, cells/μL

N/AN/A109 (34.6)<200

N/AN/A77 (24.4)200-350

N/AN/A20 (6.4)350-500

N/AN/A8 (2.5)>500

N/AN/A101 (32.1)Missing

On ARTf, n (%)

N/AN/A298 (97.8)Yes

N/AN/A7 (2.2)No

Missing of any ART doses in the last month (among those who were on ART; n=308), n (%)

N/AN/A67 (21.9)Yes

N/AN/A241 (78.1)No

a10,000 RMB= US $1507.
bCES-D-20: 20-item Center for Epidemiological Studies-Depression.
cThe number of medications were constructed by counting the number of affirmative item responses on whether they are taking other medications,
including diabetes medication, lipid-lowering drugs, aspirin, warfarin, drugs for heart disease, antidepressants, antidementia drugs, and nonsteroidal
anti-inflammatory drugs.
dN/A: not applicable.
eCD4: cluster of differentiation 4.
fART: antiretroviral therapy.

Between-Group Differences in Neurocognitive
Performance, Depressive Symptoms, and Physical
Activities
After being controlled for age, sex, years of formal education,
marital status, personal annual income, living arrangement
(whether living alone or not), and number of chronic conditions
and mediation use, older people living with HIV had poorer
performance in all neurocognitive tests, with the exception of

visual span—backward (P=.08). Older people living with HIV
had poorer performance in all seven domains (P<.001 to P=.01)
and global neurocognitive function (P<.001) compared with
HIV-negative controls (Table 2).

As compared to HIV-negative controls, older people living with
HIV had more severe depressive symptoms (CDS-D-20 score
17.4, SD 13.0 versus 9.4, SD 9.4; P<.001) and lower physical
activity level (high physical activity level 36.2% versus 57.7%;
P<.001; Table 1).
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Table 2. Difference in raw scores of neurocognitive tests and z-scores of global or domain of neurocognitive performance between older people living
with HIV and HIV-negative controls.

Adjusted P

valuesb
Crude P valuesaHIV-negative controls

(n=350), mean (SD)
Older people living with HIV
(n=315), mean (SD)

Neurocognitive domains

Learning

<.001<.00136.65 (9.38)30.41 (10.54)CAVLTc–total learning (raw score)

<.001<.0010 (1)–0.66 (1.12)Domain z-scored

Memory

<.001<.0017.59 (2.85)5.64 (3.06)CAVLT–delayed recall (raw score)

<.001<.0010 (1)–0.68 (1.08)Domain z-scored

Verbal fluency

.02.0613.45 (3.07)12.97 (3.51)Animal (raw score)

<.001.0039.65 (2.63)8.98 (2.77)Fruits (raw score)

.001.00211.34 (3.16)10.60 (3.17)Vegetable (raw score)

<.001.0010 (0.77)–0.21 (0.85)Domain z-scored

Attention or working memory

<.001<.0018.64 (2.60)7.87 (2.61)Digit span—forward (raw score)

.01.024.13 (2.75)3.71 (1.83)Digit span—backward (raw score)

.004.0037.07 (1.59)6.69 (1.67)Visual span—forward (raw score)

.08.084.89 (1.78)4.63 (2.03)Visual span—backward (raw score)

.002<.0010 (0.69)–0.21 (0.70)Domain z-scored

Processing speed

<.001<.00116.40 (10.99)22.82 (20.27)CTMT-Ae (raw score)

<.001<.0010 (1)–0.58 (1.84)Domain z-scored

Executive function

.001.001110.01 (94.46)140.70 (123.69)CTMT-Bf (raw score)

.001.0010 (1)–0.32 (1.31)Domain z-scored

Motor skills

.02.02104.36 (43.55)113.99 (48.68)Dominant hand (raw score)

.01.01108.57 (38.65)123.04 (101.07)Non-dominant hand (raw score)

.01.010 (0.96)–0.30 (1.62)Domain z-scored

<.001<.0010 (0.58)–0.36 (0.73)Global cognitive z-scoreg

aP values obtained by univariate linear regression models.
bAdjusted for confounders—age, sex, years of formal education, marital status, personal annual income, living arrangement (whether living alone or
not), number of chronic conditions, and mediation use.
cCAVLT: Chinese Auditory Verbal Learning Test.
dz-scores of individual tests were calculated by using the following formula: (raw test score – mean test score among HIV-negative control) / SD of test
score among HIV-negative controls. Domain z-scores were calculated by averaging z-scores of the tests within the respective domain.
eCTMT-A: Chinese Trail Making Test Part A.
fCTMT-B: Chinese Trail Making Test Part B.
gGlobal z-scores were calculated by averaging z-scores in all tests used in this study.

Testing the Mediation Hypotheses
The models fitted the data well (chi-square=136.33; degree of
freedom=54; comparative fit index: 0.90 to 0.92; root mean

square error of approximation=0.05; Table 3). After being
controlled for potential confounders (age, sex, years of formal
education, marital status, personal annual income, whether living
alone or not, number of chronic conditions, and mediation use),
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path analyses showed that positive HIV status was associated
with higher depressive symptoms (β=.33, P<.001) and lower
level of physical activity (β=–.23, P<.001). Depressive
symptoms and physical activity were negatively correlated
(β=–.14, P<.001). Depressive symptoms were negatively
associated with the global z-score (β=–.10, P=.002) and three
domain z-scores, which were learning (β=–.12, P<.001),
memory (β=–.11, P=.001), and processing speed (β=–.10,
P=.02). The level of physical activity was positively associated
with three domain z-scores, including learning (β=.08, P=.03),
memory (β=.09, P=.01), and verbal fluency (β=.10, P=.01;
Table 3 and Figure 1).

Significant indirect effects of HIV status were found on global
z-score (β=–.06, 95% CI –0.10 to –0.03, P<.001) and four
domain z-scores of learning (β=–.13, 95% CI –0.20 to –0.07,
P=.001), memory (β=–.12, 95% CI –0.18 to –0.06, P=.001),
verbal fluency (β=–.07, 95% CI –0.13 to –0.02, P=.002), and
processing speed (β=–.10, 95% CI –0.22 to –0.02, P=.05; Table
3 and Figure 1).

Path analysis using raw scores of neurocognitive test as
dependent variable and HIV status as independent variables
were presented in Multimedia Appendix 1.

Table 3. Model fit and indirect effects of the proposed mediation model

PMcIndirect effect (depres-
sion), β (95% CI)

Indirect effect (physical ac-
tivity), β (95% CI)

Indirect effect, β
(95% CI)

Total effect, β
(95% CI)b

CFIaDependent variable

19%–.09 (–.15, –.04)–.04 (–.09, –.01)–.13 (–.20, –.07)–.68 (–.83, –.55)0.93Learning (domain z-score)

17%–.08 (–.13, –.03)–.04 (–.08, –.01)–.12 (–.18, –.06)–.70 (–.84, –.56)0.92Memory (domain z-score)

31%–.03 (–.08, .01)–.04 (–.08, –.01)–.07 (–.13, –.02)–.23 (–.35, –.11)0.91Verbal fluency (domain
z-score)

11%–.02 (–.06, .006).001 (–.02, .02)–.02 (–.06, .01)–.22 (–.31, –.13)0.93Attention or working memory
(domain z-score)

17%–.10 (–.22, –.02)–.001 (–.05, .05)–.10 (–.22, –.02)–.61 (–.84, –.41)0.92Processing speed (domain
z-score)

9%–.04 (–.13, .03).01 (–.03, .04)–.03 (–.13, .04)–.35 (–.53, –.17)0.91Executive function (domain
z-score)

18%–.04 (–.10, .03)–.01 (–.06, .04)–.05 (–.13, .07)–.29 (–.55, –.13)0.91Motor skills (domain z-score)

17%–.04 (–.08, .02)–.02 (–.04, .002)–.06 (–.10, –.03)–.35 (–.44, –.26)0.93Global z-score

aCFI: Comparative Fit Index.
b95% bias-corrected confidence intervals were presented (bootstrap sample size=2000), which did not include 0, showing the mediation effect was
statistically significant (P<.05). The results were reported after controlling for significant background variables (P<.10) and other potential confounders.
cPM: percent mediated.

Discussion

Principal Results
Our results confirmed that older people living with HIV
performed more poorly in global and all domains of
neruocognitive performance compared to HIV-negative controls.
The prevalence of neurocognitive impairment may be high
among older people living with HIV in China [56]. Integrating
prevention, screening, and management of neurocognitive
impairment with existing HIV services is hence important for
older people living with HIV in China.

Older people living with HIV had more severe depressive
symptoms compared with their HIV-negative counterparts. Such
finding was consistent with those from previous studies [57-59].
As compared to HIV-negative controls, a higher proportion of
older people living with HIV were unmarried or living alone.
Such between-group differences might contribute to higher
depression among older people living with HIV. Previous studies
suggested that older adults who lived alone were more likely
to report feeling of depression compared with those who live
with a spouse or other family member [60]. Since the
implementation of the treat-all policy, the overall ART coverage

in China has increased sharply [61]. The target to have 90% of
people living with HIV on ART to achieve viral suppression
has been already achieved in China [61]. The life expectancy
of people living with HIV in China will largely increase. It is
time to pay more attention to improve the mental health
well-being of people living with HIV. The Joint United Nations
Program on HIV and AIDS proposes adding a 4th “90” to the
HIV testing and treatment target, which is to have 90% of people
living with HIV with viral load suppression to have good
health-related quality of life [62]. However, there is a dearth of
mental health services targeting older people living with HIV
in China. Improvements are greatly needed.

Consistent with previous studies among people infected with
HIV [11,29,30] and HIV-negative populations [28], more severe
depressive symptoms were negatively associated with
neurocognitive function. Our findings suggested that, among
older people aged ≥50, deficits in learning, memory, and
processing speed were sensitive to depressive symptoms. Since
depression is modifiable through interventions, mental health
promotion will contribute to preventing or slowing down the
progression of neurocognitive impairment among older
individuals. Given that pharmacological treatment
(antidepressant medication) may negatively affect
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neurocognitive function [63], psychological interventions may
have a priority. Positive psychological interventions are
recommended because they have some advantages compared
to traditional psychological interventions, such as being less
dependent on psychologists or psychiatrists and having longer
effects [64,65]. They are potentially suitable in resource-limiting
regions such as China.

Older people living with HIV have lower levels of physical
activity compared with HIV-negative controls, as they may
have more barriers to perform physical activities, probably due
to HIV-positive status. Consistent with the findings of previous
studies [33,66], higher levels of physical activity were associated
with better neurocognitive performance among older individuals,
especially in domains such as learning as well as memory and
verbal fluency. Previous studies have shown that Tai chi resulted
in greater improvements in neurocognitive function compared
to the attention-control groups, and Western exercises including
aerobics incorporated endurance, resistance or strength, and
flexibility exercises [67]. Since Tai chi is slow and gentle, it is
suitable for older individuals. It is also highly acceptable by the
Chinese population. Health workers should consider promoting
Tai chi to prevent or slow down neurocognitive impairment
among both HIV-positive and HIV-negative older individuals.

Depressive symptoms and level of physical activity partially
mediated the associations between HIV status and global and
four domains of neurocognitive function. It suggested that
change in mental health and physical activity after HIV infection
may partially explain why older people living with HIV are
more susceptible to neurocognitive impairment. Therefore,
promoting mental health well-being and physical activity are
potential entry points to slow down the progress of
neurocognitive impairment among older people living with HIV
and should be incorporated into routine care for this group.
Future studies should explore factors associated with depressive
symptoms and physical activities among older people living
with HIV in China to develop culturally appropriate
interventions.

Limitations
The strengths of this study included the use of comprehensive
neurocognitive tests and well-matched HIV-negative controls.
However, it also had some limitations. First, the cross-sectional
study design limited the ability to establish the causality of
depressive symptoms or physical activities on neurocognitive
functions. Second, we did not obtain sociodemographic
characteristics of individuals who refused to participate in the
study, and hence were not able to compare the difference in
these characteristics between participants and nonparticipants.
A selection bias thus might exist. Third, since the participants
all came from 1 Chinese city, caution should be taken when
generalizing the results to older people living with HIV in China.
Fourth, we did not measure high-risk behaviors among the study
participants. Fifth, we did not measure survey satisfaction in
this study. Moreover, we did not measure anxiety, another
important psychological well-being indicator, in this study.
Furthermore, because some exclusion criteria and disease
conditions were based on self-reported data, reporting bias might
exist. Finally, this study only used 1 test to measure the
information processing speed (Chinese Trail Making Test Part
A) and executive function (Chinese Trail Making Test Part B).

Conclusions
Older people living with HIV performed more poorly in global
and all specific domains of neruocognitive performance
compared with the HIV-negative controls. They also reported
more severe depressive symptoms and lower levels of physical
activity compared with their HIV-negative counterparts.
Depressive symptoms and level of physical activity partially
mediated the associations between HIV status and
neurocognitive function. Change in mental health and physical
activity after HIV infection may partially explain why older
people living with HIV are more susceptible to neurocognitive
impairment. Promoting mental health well-being and physical
activity are potential entry points to slow down the progress of
neurocognitive impairment among older people living with
HIV.
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Abstract

Background: Following COVID-19, up to 40% of people have ongoing health problems, referred to as postacute COVID-19
or long COVID (LC). LC varies from a single persisting symptom to a complex multisystem disease. Research has flagged that
this condition is underrecorded in primary care records, and seeks to better define its clinical characteristics and management.
Phenotypes provide a standard method for case definition and identification from routine data and are usually machine-processable.
An LC phenotype can underpin research into this condition.

Objective: This study aims to develop a phenotype for LC to inform the epidemiology and future research into this condition.
We compared clinical symptoms in people with LC before and after their index infection, recorded from March 1, 2020, to April
1, 2021. We also compared people recorded as having acute infection with those with LC who were hospitalized and those who
were not.

Methods: We used data from the Primary Care Sentinel Cohort (PCSC) of the Oxford Royal College of General Practitioners
(RCGP) Research and Surveillance Centre (RSC) database. This network was recruited to be nationally representative of the
English population. We developed an LC phenotype using our established 3-step ontological method: (1) ontological step (defining
the reasoning process underpinning the phenotype, (2) coding step (exploring what clinical terms are available, and (3) logical
extract model (testing performance). We created a version of this phenotype using Protégé in the ontology web language for
BioPortal and using PhenoFlow. Next, we used the phenotype to compare people with LC (1) with regard to their symptoms in
the year prior to acquiring COVID-19 and (2) with people with acute COVID-19. We also compared hospitalized people with
LC with those not hospitalized. We compared sociodemographic details, comorbidities, and Office of National Statistics–defined
LC symptoms between groups. We used descriptive statistics and logistic regression.
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Results: The long-COVID phenotype differentiated people hospitalized with LC from people who were not and where no index
infection was identified. The PCSC (N=7.4 million) includes 428,479 patients with acute COVID-19 diagnosis confirmed by a
laboratory test and 10,772 patients with clinically diagnosed COVID-19. A total of 7471 (1.74%, 95% CI 1.70-1.78) people were
coded as having LC, 1009 (13.5%, 95% CI 12.7-14.3) had a hospital admission related to acute COVID-19, and 6462 (86.5%,
95% CI 85.7-87.3) were not hospitalized, of whom 2728 (42.2%) had no COVID-19 index date recorded. In addition, 1009
(13.5%, 95% CI 12.73-14.28) people with LC were hospitalized compared to 17,993 (4.5%, 95% CI 4.48-4.61; P<.001) with
uncomplicated COVID-19.

Conclusions: Our LC phenotype enables the identification of individuals with the condition in routine data sets, facilitating
their comparison with unaffected people through retrospective research. This phenotype and study protocol to explore its face
validity contributes to a better understanding of LC.

(JMIR Public Health Surveill 2022;8(8):e36989)   doi:10.2196/36989

KEYWORDS

medical record systems; computerized; Systematized Nomenclature of Medicine; postacute COVID-19 syndrome; phenotype;
COVID-19; long COVID; ethnicity; social class; general practitioners; data accuracy; data extracts; biomedical ontologies;
SARS-CoV-2; hospitalization; epidemiology; surveillance; public health; BioPortal; electronic health record; disease management;
digital tool

Introduction

Background
Postacute COVID-19 syndrome, otherwise known as long
COVID (LC), is a complex, multisystem disease that follows
SARS-CoV-2 infection and often follows a relapsing and
remitting course [1]. The postacute sequelae of LC could
manifest with mild symptoms or asymptomatically. Although
a distinct clinical phenotype remains to be defined, current
evidence suggests that fatigue with postexertional symptom
exacerbation is the most prominent, followed by shortness of
breath, muscle aches, and cognitive impairment (brain fog)
[2-4]. Risk factors are not well understood, and it appears that
the characteristics that increase the risk of developing a severe
COVID-19 infection (older age, male sex, non-White ethnicity,
and certain pre-existing comorbidities) do not translate into an
increased risk of developing LC [5]. Current research indicates
that the prevalence of LC is greater amongst females, those aged
20-70 years, and those with prepandemic mental health
conditions and asthma [6]. As the symptom pattern varies widely
between individuals and risk factors have not been defined [7],
it is difficult to establish an evidence-based framework for the
recognition, assessment, and management of this condition.

In the United Kingdom, the Office for National Statistics (ONS)
has estimated that 1.3 million people continue to have ongoing
health issues after COVID-19 infection, with over 800,000
people reporting at least some limitation to their daily lives [2],
although cases remain underrecorded in primary care electronic
health records (EHRs) [8]. In December 2020 (updated in
December 2021), the United Kingdom’s National Institute for
Health and Care Excellence (NICE) recognized the lack of a
clinical definition and released a rapid guideline [9]. NICE
defines acute COVID-19 (symptoms lasting <4 weeks), ongoing
symptomatic COVID-19 (symptoms lasting 4-12 weeks), and
postacute COVID-19 syndrome (symptoms lasting >12 weeks),
with the latter 2 considered as LC [3]. However, there remain
limited treatment options or evidence-based rehabilitation
guidance available for this condition, although research projects,
such as the Long Covid Multidisciplinary Consortium:

Optimising Treatments and Services across the National Health
Service (NHS; LOCOMOTION), have been set up to address
this [10].

Research on LC is confusing due to heterogenous study methods
with minimal phenotypic information, and patient-reported
symptoms often remain uncaptured [7]. Phenotypes are a
standardized method for case definition and identification from
routine data and are usually machine-processable. Computable
phenotypes have become increasingly important in EHRs as
they allow identification of patient characteristics using data
that are generated during routine patient interactions [11]. An
EHR-based phenotype definition is constructed by characterizing
the disease in terms of its demographic profile, symptomatology,
laboratory tests, and other clinically relevant data, such as
referrals to specialist services [12]. This information can be
displayed in the form of clinical codes or abstractly represented
in the form of a logical data flow diagram [13]. In the United
Kingdom, we use a national information standard, the
Systematized Nomenclature of Medicine Clinical Terms
(SNOMED-CT) and Read version 2 codes. It can then be written
into a computational algorithm, which can be applied to EHRs
to identify a specific cohort of patients. However, such a
phenotype has to work within the constraints of data quality
and clinical terminology used.

Aims
The aim of this study is to develop a phenotype for LC using
pseudonymized individual-level EHR data from English general
practice that will enable the monitoring and evaluation of
interventions for this condition. The specific objectives are:

• To develop a phenotype for LC
• To make this phenotype available in standard online formats

in BioPortal and the PhenoFlow library
• To compare the symptoms reported by people with LC

identified by the phenotype in the year prior to the pandemic
with those they experienced during the pandemic

• To compare the symptoms of people with LC identified by
the phenotype to those with acute COVID-19
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• To compare people with LC identified by the phenotype
who were hospitalized with those who were managed in
the community

Methods

Data Source
The LC phenotype was piloted in an observational retrospective
database analysis of the English Primary Care Sentinel Cohort
(PCSC), which used data from the Oxford Royal College of
General Practitioners (RCGP) Research and Surveillance Centre
(RSC) sentinel network. This database is derived from
pseudonymized patient data from EHRs and is recruited to be
representative of the English population in terms of both
demographic and clinical factors [14].

Comparisons
This protocol piloted an LC phenotype in the PCSC and
described the baseline characteristics and outcomes of those
with LC. All people registered within the PCSC were eligible
for inclusion in the study. The developed phenotype was used
as a detailed reference for the inclusion and exclusion criteria.
The study described further aspects of the epidemiology through
3 comparisons:

• Before-and-after symptom comparison in people with LC:
We compared the presence of symptoms listed by the ONS
between 1 and 6 months after index infection. We matched
the period with the equivalent months for the previous year.
The list of 21 symptoms developed by the ONS is broad
and includes central nervous system symptoms, such as
fatigue; respiratory symptoms; cardiovascular symptoms;
general symptoms; gastrointestinal symptoms; and mental
health symptoms (Figure 1). We defined an index date of
COVID-19 hierarchically using our application ontology,
which prioritized virologically proven cases (definite
COVID-19) over clinical terms for a COVID-19–specific
disease (probable COVID-19) over less definite clinical
diagnoses (possible COVID-19) [15].

• Comparison of people with LC with those with acute
COVID-19 uncomplicated by LC: We compared
sociodemographic features, a range of comorbidities,
vaccination status, and mortality between those who had
LC and those who had a COVID-19 infection.
Sociodemographic features included age; gender; ethnicity
using 5 categories (Asian, Black, White, mixed, and others)
[16]; socioeconomic status (SES), measured using the Index
of Multiple Deprivation (IMD) [17]; population density
divided into rural, town, city, and conurbation; the English
Health Region; obesity, categorized by the BMI or the
diagnostic clinical term into underweight, normal weight,
overweight, obese, or severely obese; and, finally, smoking
status, categorized into current smoker, ex-smoker, and
nonsmoker. We conducted a literature review and identified
a range of chronic diseases associated with the risk of
COVID-19 complications (Figure 2) and an extended list
differentiating long COVID and COVID-19 [1,5,8,18,19].
We reported the vaccination status stratified by the
Cambridge Multimorbidity Score (CMMS) as an overall
measure of multimorbidity [20]. The CMMS uses 37
conditions to predict primary care consultations, unplanned
hospital admissions, and death as primary outcomes; it is
useful to identify people who are at higher risk of specific
outcomes based on their comorbidity profiles, as recorded
in primary care EHR data.

• Comparison of those with LC who were hospitalized with
those who were not: We used the same variables to compare
people who were hospitalized and subsequently had LC
with those who were not hospitalized but had LC diagnosed
in the community. We conducted a sensitivity analysis
where we subdivided the community cases into 2 groups:
people who had an index COVID-19 infection either
virologically confirmed or sometimes clinically diagnosed
and those who have an LC diagnosis, a referral to an LC
service, or a LC disability rating score compatible with an
LC diagnosis (eg, Yorkshire LC score) [21].

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 |e36989 | p.130https://publichealth.jmir.org/2022/8/e36989
(page number not for citation purposes)

Mayor et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

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


Figure 1. Symptoms identified by the UK Office for National Statistics (ONS) that are associated with long COVID (LC).

Figure 2. Summary of comorbidities included in our analyses.

Phenotype Development
We used a 3-step ontological approach to create our phenotype
[12], considering ontological, coding, and logical layers.

Ontological Layer
The key concept identified in our ontological layer was an index
date for COVID-19, noting that not all cases had virological
confirmation (especially in the early part of the pandemic up to
July 2020). Hence, some LC cases might only have been flagged
on referral or later presentation. We wanted to also include
whether cases were hospitalized, as hospitalization can be
associated with poor outcomes [22]. Additionally, we included
vaccination status to explore if protective.

Coding Layer
We applied our existing ontology to identify COVID-19 cases.
We included key outcomes related to hospital admissions. These
were any hospitalization, admission to intensive care, or death
in the hospital. To be a case of LC, we included disease codes,
primarily recorded with SNOMED-CT or the World Health
Organization’s (WHO) International Classification of Diseases

(ICD). The clinical term could be a diagnosis, a referral (eg,
referral to post–COVID-19 assessment clinic), or completion
of a rating scale that implied LC (eg, the Yorkshire
Rehabilitation Scale, which records symptom severity,
functional disability, and health status) [23].

Logical Data Extraction Model
We planned our data extraction using pseudonymized primary
care data. We supplemented these data with national data sets.
The national data sets used were the Second Generation
Surveillance System (SGSS) to capture any missing test data,
the National Immunisation Management System (NIMS) to
capture any missing vaccine recording, and Hospital Episode
Statistics (HES) to add hospital outcome data. The ONS also
provided death data. We pseudonymized all data as close to the
source as possible using an NHS Digital–approved method. We
used the same pseudonymization method to link primary care
data to other data sources.

Our phenotype definition is presented as a structured multistep
model (Figure 3) and as a logic model (Figure 4). This omitted
the reporting of vaccine exposure by group.

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 |e36989 | p.131https://publichealth.jmir.org/2022/8/e36989
(page number not for citation purposes)

Mayor et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

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


Figure 3. PhenoFlow multilayer model describes each step within the multistep phenotype definition contained within the phenotype.

Figure 4. Logic model for the LC phenotype. LC: long COVID.

Formal Ontologies: BioPortal and PhenoFlow
From the logic model, we created 2 formal ontologies. We used
Protégé, an open source ontology editor, to construct a domain
ontology, which we placed online via BioPortal. Protégé
supports Ontology Web Language (OWL) version 2 and
Resource Description Frameworks (RDFs) from the World
Wide Web Consortium (W3C) [24]. BioPortal is part of the
National Center for Biomedical Ontology (in the United States)
that supports the creation of interoperable ontologies.

We also created a version within the PhenoFlow library [13].
The PhenoFlow library imports and standardizes abstract
definitions under a workflow-based multilayer model, which is

later used as the basis for autonomously generating a computable
form of the definition. This can then be downloaded and
executed locally to identify a patient cohort. Standardizing a
definition under the PhenoFlow model also assists with manual
phenotype translation as it supplements the use of clinical
terminology and simplifies the representation of logical
structures, thus increasing intelligibility (Figure 3). The model
allows greater flexibility in updating phenotypes and also
increases portability.

The model consisted of 3 layers and included the type or
classification of the step’s logic, with detailed information
regarding inputs and outputs at each relevant step. This

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 |e36989 | p.132https://publichealth.jmir.org/2022/8/e36989
(page number not for citation purposes)

Mayor et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

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


information was combined with 1 or more implemented units
(eg, a piece of Python code) in order to realize a computable
phenotype.

Statistical Analysis
This study is a secondary analysis of existing pseudonymized
data within the PCSC of the RSC. Although we noted that 58
(7.8%) of 743 practices had not recorded any LC cases in their
EHR system, they were included in the analysis as it is likely
that recording would improve during the course of the study,
with increased interest in this condition [25].

The distribution of baseline characteristics among the study
groups was summarized through descriptive statistics (eg, mean,
median, and proportion) with measures of dispersion (eg, SD
and IQRs). Univariate analyses included the calculation of odds
ratios (ORs) for categorical risk factors versus outcome levels
with 95% CIs by using the log(p/1 – p) link function.
Logarithmic transformation of the outcome variable allowed a
nonlinear association in a linear manner. P values were obtained
from a chi-square test for categorical variables and one-way
ANOVA for continuous variables. Data that were not
documented in our database were reported as missing.

The primary outcome measure was the association with LC
using our phenotype. Multivariate logistic regression modeling
was used to identify factors associated with LC as a binary
outcome within the study population. Relevant risk factors
identified in the literature underwent univariate analysis and
were included in multivariate logistic regression using a 3-step
backward elimination procedure with of α threshold levels of
0.20, 0.10, and 0.05. A 2-sided α value of 0.05 was considered
statistically significant. Missing data were presented as a
separate category in univariate statistics and compared to the
reference category. Missing data categories were imputed to
the reference category if no significant differences were found
in the reference category. Missing data categories were
otherwise included in multivariate regression as a separate
category, under the assumption that they may not be missing at
random.

The following 3 comparisons were made, reporting frequencies
between groups with P values obtained from the chi-square test:

• Symptoms reported by people with LC in the year prior to
the pandemic versus those they experienced during the
pandemic. The study period included COVID-19 cases from
March 1, 2020, to April 1, 2021, with a follow-up period
of a further 6 months up to, latest, September 30, 2021.
This historical comparator period was month-matched; for
example, if a patient had an acute COVID-19 code entered
on February 1, 2021, their follow-up period was March
1-July 31, 2021, and the historic comparator period was
March 1-July 31, 2019. This allowed the comparison of
rates of relevant symptoms prior to having acute COVID-19
with after having acute COVID-19. The in-pandemic period
was between 1 and 6 months after their index COVID-19
date. For those without a COVID-19 index date, we
compared the 5 months prior to their LC recording with a
matched period in the previous year.

• Symptoms of people with LC versus those with acute
COVID-19. Although we accepted that LC is
underrecorded, we considered this analysis of importance
as the phenotype of those recorded was likely to be similar
to those unrecorded, although potentially with more
prominent or debilitating symptomatology.

• Those hospitalized with LC versus those managed in the
community. A final comparison was then made between
people requiring hospital admission for acute COVID-19
and those who were managed in the community and people
who had no documented evidence of acute COVID-19. We
also included a comparison between community cases with
and without an index infection.

These comparisons enabled us to explore how the clinical
phenotype varies. We also reported the vaccination uptake
between people with and without LC diagnosis.

Ethical Considerations
This study used existing data, and no subjects were recruited.
RSC data used to create this phenotype were pseudonymized
as close to the source as possible and sent in an encrypted format
to the Oxford Royal College of General Practitioners Clinical
Informatics Digital Hub (ORCHID) [15], which is recognized
as a trusted research environment.

This study was part of the RECAP (Predicting Risk of Hospital
Admission in Patients with Suspected COVID-19 in a
Community Setting) study sponsored by the Imperial College
London [26]. Although primarily a study to develop a risk
prediction tool, it also included the creation of an LC phenotype.
Ethical approval was granted by the North West–Greater
Manchester East Research Ethics Committee and Health
Research Authority on May 27, 2021 (Integrated Research
Application System #283024, Research Ethics Committee
reference #20/NW/0266).

Results

Phenotype: Logic Model
The logic model for the phenotype is shown in Figure 4. It
depicts the hierarchical structure for identifying LC cases from
the ontological layer of EHR data. The ontology logic runs
hierarchically, first screening the population for COVID-19
cases (ie, firm diagnosis of acute COVID-19). Those with an
index COVID-19 case were then screened for
COVID-19–related hospital admissions. When no index
COVID-19 cases were documented, the model still allowed for
LC cases to be included as long as they had an entry within their
EHRs, implying they had LC (ie, clinically defined LC).

Phenotype: BioPortal and PhenoFlow
The LC phenotype definition was built in Protégé, which is an
open source ontology editor that supports the latest OWL. This
phenotype was then uploaded to BioPortal. The LC phenotype
definition (Figure 5) can be accessed online [27] and provides
a framework for researchers wanting to develop their own
executable script to apply to databases.

Within BioPortal, the ontological layer of the structured
phenotype is described within a class and subclass structure,

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 |e36989 | p.133https://publichealth.jmir.org/2022/8/e36989
(page number not for citation purposes)

Mayor et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

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


while the coding layer is represented by individuals within each
class and subclass. BioPortal ontologies can be readily updated.

The PhenoFlow library was used to transform the LC phenotype
into a computable form (Figure 6). The LC phenotype can be

accessed online with authorization [28], it can be downloaded,
and, unlike BioPortal, it is ready for researchers to apply to
EHR databases.

Figure 5. Individual steps of the LC phenotype definition logic. LC: long COVID.

Figure 6. LC PhenoFlow model. (A) Individual steps of LC structured phenotype definition with and without implementation units and (B) individual
steps of a structured phenotype using ORCHID-themed variable (TADDS) codes and implementation units. LC: long COVID; ORCHID: Oxford Royal
College of General Practitioners Clinical Informatics Digital Hub.

Primary Care Sentinel Cohort
The PCSC of the RSC has a registered population of over 7
million (N=7,382,775). At the time of our data extraction,
428,479 (5.8%) of this population had an acute episode of
COVID-19 recorded. Of this group, 42,321 (9.9%) were lost to
follow-up; 40% (n=16,993) of this loss to follow-up was due
to deaths, with just under half of these deaths (7531/16,993,
44.3%) being COVID-19 related. A total of 403,151 (94.1%)

cases were included in the analysis, of whom 19,002 (4.7%)
were hospitalized and 384,149 (95.3%) were not.

People With LC
We identified 7471 (1.8%) of 428,479 people recorded as having
LC within this included group (Figure 7). A greater proportion
were hospitalized in the LC group compared to the overall
hospitalization rate (1009/7471, 13.5%, P<.001). Within this
group, there were a small number of deaths (23/7471, 0.3%,
P<.001).
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Figure 7. Consolidated Standards of Reporting Trials (CONSORT) diagram for the study population.

Comparison of People With Acute COVID-19 and LC
We paired data for people with COVID-19 (n=395,680, 98.1%)
and LC (n=7471, 1.9%), expecting to perform comparisons of
baseline characteristics between both groups. Among the main
preliminary findings, the mean age was 44.6 (SD 21.75) years
for the COVID-19 group and 47.7 (SD 14.8) years for the LC
group. A significantly higher proportion of those with LC were
found among females (4836/7471, 64.7%), where the male
gender was associated with lower odds for LC (OR 0.68, 95%
CI 0.65-0.72). The proportion of those with a record of intensive
care unit (ICU) admission was 0.6% (2523/395,680) in people
with COVID-19 and 3.5% (261/7471) in people with LC, where

a record of ICU admission was associated with higher odds of
LC (OR 5.64, 95% CI 4.96-6.42). Sociodemographic
characteristics reporting higher odds for LC in the univariate
analysis included living in a conurbation (OR 1.49, 95% CI
1.42-1.57) and obesity (OR 1.40, 95% CI 1.34-1.48).
Comorbidities associated with higher odds of LC included
depression, anxiety, asthma, and hypertension. In contrast,
chronic lung disease, chronic obstructive pulmonary disease
(COPD), chronic kidney disease (CKD), ischemic heart disease,
atrial fibrillation, and congestive heart failure were associated
with lower odds of LC.

The baseline characteristics of the population are shown in
Tables 1-4.
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Table 1. Frequencies of baseline characteristics and univariate ORsa (sociodemographics) for people with COVID-19 stratified by long COVID (LC)

status in the PCSCb in England (March 1, 2020-April 1, 2021).

P valueOR (95% CI)LC (n=7471)COVID-19 (n=395,680)Overall (N=403,151)Variable and category

<.0011.01 (1.01-1.01)47.74 (14.81)44.56 (21.75)44.62 (21.65)Age (years; continuous), mean (SD)

Gender, n (%)

N/A1.00 (N/Ad)4836 (64.7)220,098 (55.6)224,934 (55.8)Female (Ref.c)

<.0010.68 (0.65-0.72)2635 (35.3)175,582 (44.4)178,217 (44.2)Male

Deprivation, n (%)

N/A1.00 (N/A)2917 (39.0)153,198 (38.7)156,115 (38.7)Least deprived (Ref.)

.431.02 (0.97-1.07)4378 (58.6)225,608 (57.0)229,986 (57.0)Most deprived

<.0010.55 (0.47-0.64)176 (2.4)16,874 (4.3)17,050 (4.2)Missing

Ethnicity, n (%)

N/A1.00 (N/A)5371 (71.9)257,507 (65.1)262,878 (65.2)White (Ref.)

.040.93 (0.87-1.00)1060 (14.2)54,549 (13.8)55,609 (13.8)Non-White

<.0010.60 (0.56-0.64)1040 (13.9)83,624 (21.1)84,664 (21.0)Missing

Ethnicity point, n (%)

<.001N/A627 (8.4)34,587 (8.7)35,214 (8.7)Asian

N/AN/A264 (3.5)11,022 (2.8)11,286 (2.8)Black

N/AN/A169 (2.3)8940 (2.3)9109 (2.3)Other

N/AN/A1040 (13.9)83,624 (21.1)84,664 (21.0)Unknown

N/AN/A5371 (71.9)257,507 (65.1)262,878 (65.2)White

Population density, n (%)

N/A1.00 (N/A)3130 (41.9)198,709 (50.2)201,839 (50.1)City (Ref.)

<.0011.49 (1.42-1.57)3126 (41.8)132,942 (33.6)136,068 (33.8)Conurbation

<.0011.20 (1.13-1.29)1215 (16.3)64,029 (16.2)65,244 (16.2)Rural

NHSe region, n (%)

<.001N/A1470 (19.7)53,721 (13.6)55,191 (13.7)London

N/AN/A970 (13.0)66,405 (16.8)67,375 (16.7)Midlands

N/AN/A1214 (16.2)93,995 (23.8)95,209 (23.6)North and east

N/AN/A1443 (19.3)65,768 (16.6)67,211 (16.7)Northwest

N/AN/A2374 (31.8)115,791 (29.3)118,165 (29.3)South

BMI, n (%)

N/A1.00 (N/A)4437 (59.4)243,520 (61.5)247,957 (61.5)Nonobese (Ref.)

<.0011.40 (1.34-1.48)2525 (33.8)98,669 (24.9)101,194 (25.1)Obese

<.0010.52 (0.48-0.57)509 (6.8)53,491 (13.5)54,000 (13.4)Missing

Smoker, n (%)

N/A1.00 (N/A)4366 (58.4)203,422 (51.4)207,788 (51.5)Nonsmoker (Ref.)

<.0010.93 (0.89-0.97)2889 (38.7)144,930 (36.6)147,819 (36.7)Smoker/ex-smoker

<.0010.21 (0.19-0.24)216 (2.9)47,328 (12.0)47,544 (11.8)Missing

aOR: odds ratio.
bPCSC: Primary Care Sentinel Cohort.
cRef.: reference category.
dN/A: not applicable.
eNHS: National Health Service.
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Table 2. Frequencies of baseline characteristics and univariate ORsa (comorbidities) for people with COVID-19 stratified by LCb status in the PCSCc

in England (March 1, 2020-April 1, 2021).

P valueOR (95% CI)LC (n=7471)COVID-19 (n=395,680)Overall (N=403,151)Variable and category

Depression, n (%)

N/A1.00 (N/Ae)4765 (63.8)305,486 (77.2)310,251 (77.0)No (Ref.d)

<.0011.92 (1.83-2.02)2706 (36.2)90,194 (22.8)92,900 (23.0)Yes

Anxiety, n (%)

N/A1.00 (N/A)4874 (65.2)303,878 (76.8)308,752 (76.6)No (Ref.)

<.0011.76 (1.68-1.85)2597 (34.8)91,802 (23.2)94,399 (23.4)Yes

Asthma, n (%)

N/A1.00 (N/A)5699 (76.3)322,434 (81.5)328,133 (81.4)No (Ref.)

<.0011.37 (1.30-1.44)1772 (23.7)73,246 (18.5)75,018 (18.6)Yes

Chronic lung disease, n (%)

N/A1.00 (N/A)7281 (97.5)381,651 (96.5)388,932 (96.5)No (Ref.)

<.0010.71 (0.61-0.82)190 (2.5)14,029 (3.5)14,219 (3.5)Yes

COPDf, n (%)

N/A1.00 (N/A)7325 (98.0)383,219 (96.9)390,544 (96.9)No (Ref.)

<.0010.61 (0.52-0.72)146 (2.0)12,461 (3.1)12,607 (3.1)Yes

Hypertension, n (%)

N/A1.00 (N/A)5884 (78.8)317,094 (80.1)322,978 (80.1)No (Ref.)

<.0031.09 (1.03-1.15)1587 (21.2)78,586 (19.9)80,173 (19.9)Yes

CKDg, n (%)

N/A1.00 (N/A)7203 (96.4)373,496 (94.4)380,699 (94.4)No (Ref.)

<.0010.63 (0.55-0.71)268 (3.6)22,184 (5.6)22,452 (5.6)Yes

Ischemic heart disease, n (%)

N/A1.00 (N/A)7135 (95.5)374,450 (94.6)381,585 (94.7)No (Ref.)

<.0010.83 (0.74-0.93)336 (4.5)21,230 (5.4)21,566 (5.3)Yes

Atrial fibrillation, n (%)

N/A1.00 (N/A)7341 (98.3)382,408 (96.6)389,749 (96.7)No (Ref.)

<.0010.51 (0.43-0.61)130 (1.7)13,272 (3.4)13,402 (3.3)Yes

Congestive heart failure, n (%)

N/A1.00 (N/A)7409 (99.2)387,625 (98.0)395,034 (98.0)No (Ref.)

<.0010.40 (0.31-0.52)62 (0.8)8055 (2.0)8117 (2.0)Yes

Type 2 diabetes, n (%)

N/A1.00 (N/A)6906 (92.4)365,912 (92.5)372,818 (92.5)No (Ref.)

.901.01 (0.92-1.10)565 (7.6)29,768 (7.5)30,333 (7.5)Yes

<.0010.51 (0.43-0.61)130 (1.7)13,272 (3.4)13,402 (3.3)Yes

Type 1 diabetes, n (%)

N/A1.00 (N/A)7429 (99.4)393,196 (99.4)400,625 (99.4)No (Ref.)

.470.89 (0.66-1.22)42 (0.6)2484 (0.6)2526 (0.6)Yes

Cirrhosis, n (%)

N/A1.00 (N/A)7455 (99.8)394,663 (99.7)402,118 (99.7)No (Ref.)

.460.83 (0.51-1.37)16 (0.2)1017 (0.3)1033 (0.3)Yes
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P valueOR (95% CI)LC (n=7471)COVID-19 (n=395,680)Overall (N=403,151)Variable and category

Eczema, n (%)

N/A1.00 (N/A)5772 (77.3)307,931 (77.8)313,703 (77.8)No (Ref.)

.251.03 (0.98-1.09)1699 (22.7)87,749 (22.2)89,448 (22.2)Yes

aOR: odds ratio.
bLC: long COVID.
cPCSC: Primary Care Sentinel Cohort.
dRef.: reference category.
eN/A: not applicable.
fCOPD: chronic obstructive pulmonary disease.
gCKD: chronic kidney disease.

Table 3. Frequencies of baseline characteristics and univariate ORsa (exposures) for people with COVID-19 stratified by LCb status in the PCSCc in
England (March 1, 2020-April 1, 2021).

P valueOR (95% CI)LC (n=7471)COVID-19 (n=395,680)Overall (N=403,151)Variable and category

Hospitalized, n (%)

N/A1.00 (N/Ae)6462 (86.5)377,687 (95.5)384,149 (95.3)No (Ref.d)

<.0013.28 (2.95-3.38)1009 (13.5)17,993 (4.5)19,002 (4.7)Yes

ICUf admission, n (%)

N/A1.00 (N/A)7210 (96.5)393,157 (99.4)400,367 (99.3)No (Ref.)

<.0015.64 (4.96-6.42)261 (3.5)2523 (0.6)2784 (0.7)Yes

COVID-19 vaccination at any point, n (%)

N/A1.00 (N/A)852 (11.4)80,229 (20.3)81,081 (20.1)No vaccine (Ref.)

<.0011.39 (1.23-1.57)363 (4.9)24,655 (6.2)25,018 (6.2)One dose

<.0012.03 (1.89-2.18)6256 (83.7)290,796 (73.5)297,052 (73.7)Two doses

First vaccination brand, n (%)

<.001N/A3792 (50.8)164,652 (41.6)168,444 (41.8)AstraZeneca

N/AN/A2681 (35.9)143,647 (36.3)146,328 (36.3)Pfizer-BioNTech

N/AN/A143 (1.9)6843 (1.7)6986 (1.7)Other

N/AN/A855 (11.4)80,538 (20.4)81,393 (20.2)None

Second vaccination brand, n (%)

<.001N/A3,665 (49.1)159,541 (40.3)163,206 (40.5)AstraZeneca

N/AN/A2444 (32.7)124,604 (31.5)127,048 (31.5)Pfizer-BioNTech

N/AN/A129 (1.7)6150 (1.6)6279 (1.6)Other

N/AN/A1233 (16.5)105,372 (26.6)106,605 (26.4)None

N/AN/A013 (0)13 (0)N/A

aOR: odds ratio.
bLC: long COVID.
cPCSC: Primary Care Sentinel Cohort.
dRef.: reference category.
eN/A: not applicable.
fICU: intensive care unit.
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Table 4. Frequencies of baseline characteristics and univariate ORsa (mortality) for people with COVID-19 stratified by LCb status in the PCSCc in
England (March 1, 2020-April 1, 2021).

P valueOR (95% CI)LC (n=7471)COVID-19 (n=395,680)Overall (N=403,151)Variable and category

All-cause mortality, n (%)

N/A1.00 (N/Ae)7448 (99.7)378,710 (95.7)386,158 (95.8)No (Ref.d)

<.0010.07 (0.05-0.10)23 (0.3)16,970 (4.3)16,993 (4.2)Yes

aOR: odds ratio.
bLC: long COVID.
cPCSC: Primary Care Sentinel Cohort.
dRef.: reference category.
eN/A: not applicable.

Comparison of Those Hospitalized and Those Not
Hospitalized
For the group of people with LC, we paired data for people with
a record of hospitalization (n=1009, 13.5%) and without
hospitalization (n=6462, 86.5%). The mean age was 54.6 (SD
13.69) years for the hospitalized group and 46.7 (SD 14.7) years
for the nonhospitalized group, while the proportion of females
was 66.5% (4297/6462) in the nonhospitalized group and 53.4%
(539/1009) in the hospitalized group. Factors associated with
greater odds of hospitalization were the male gender (OR 1.73,
95% CI 1.51-1.98) and type 2 diabetes (OR 3.8, 95% CI
3.15-4.59).

Discussion

Principal Findings
We created a phenotype for LC and made it publicly available
with the aim of facilitating research in this area. Our phenotype
is straightforward but based on the presence of a postacute
COVID-19 syndrome code being present in the EHR. The
definition allows comparison of hospitalized and nonhospitalized
groups and the inclusion of people with no baseline COVID-19
test data. Our phenotype’s logical model can also allow vaccine
exposure to be compared between groups.

Based on our network data, LC recording within primary care
appears to be low and we noted interpractice variability, with
some practices (8%) having no recorded cases. It was not
possible to generate a symptom-related definition that might
help close the gap between the level of recording in primary
care and that identified through the ONS surveys [2].

Many different conditions have been associated with LC, and
we made pragmatic, literature-based choices regarding which
groups we should contrast where we make LC comparisons.
We consider that before-and-after, acute COVID-19 compared
with LC and hospitalized compared with nonhospitalized LC
analyses will provide an assessment of our phenotype’s
performance and face validity.

Digitization of health systems worldwide has led to the
emergence of EHR repositories for the study of both established
and emerging diseases and trends. Phenotyping algorithms allow
identification of patients within EHRs who share characteristics,
and therefore play an important role in medical cohort studies.

High-quality phenotypes must be portable, accessible, and
reproducible. A number of phenotype libraries have been
developed or are undergoing development [29] in order to collect
and store validated phenotype definitions. Our LC phenotype
is available to download from BioPortal, where researchers can
use it to produce their own executable script. By additionally
applying the phenotype using the PhenoFlow model with
“functional” and “computational” layers, our phenotype goes
1 step further with the capability for immediate execution in
EHRs. As the characteristics of LC change with more data,
vaccines, and treatments becoming available, the flexibility of
the PhenoFlow model allows the phenotype to be readily
updated and reapplied.

Comparison With Prior Work
Applying the phenotype within the RSC, we identified 7471
patients with LC. The LC group was older overall, more likely
to be female, obese, and suffering from anxiety, depression, or
asthma. These findings are in keeping with studies using
patient-reported data and EHRs [5,6]. In the acute COVID-19
group, 17,993 (4.5%) of 395,680 patients were hospitalized.
The number of patients hospitalized with COVID-19 in the LC
group was much higher (1009/7471, 13.5%). Furthermore,
patients with LC were more likely to have had an ICU
admission: 261/7471 (3.5%) versus 2523/395,680 (0.6%).
Similar findings were reported by O’Connor et al [23] in an
observational study of 187 patients with 15% hospitalized and
5.4% admitted to the ICU. The Zoe Symptom Study app [5]
reports even higher rates of patients attending the hospital (up
to 44% of those experiencing symptoms for more than 56 days)
but does not clarify whether these patients were admitted to the
hospital. Survey studies such as these may also suffer from
selection bias and are not necessarily representative of the wider
population. Nevertheless, hospital attendance during the acute
infection appears to be a risk factor for LC, and further work is
required to address this.

Strengths and Limitations
Our study used the PCSC of the RSC, 1 of Europe’s oldest
sentinel systems and one widely involved in pandemic research
[14,15,30]. Data quality is good, and linkage to national
registries ensured reliable data, including mortality [31].
Additionally, UK primary care is universal and a
registration-based system. Nearly all emergency care is provided
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by the NHS, and national systems enable capture of COVID-19
tests and vaccination data.

The complexity of LC and its multiple symptoms and
associations made this analysis challenging. We were selective
based on the literature available on the conditions we compared.
The statistical analysis was limited to establishing associations
between known covariates and outcomes, testing the face
validity our LC phenotype against other reports in the United
Kingdom. Further research should explore causality of the
reported findings under appropriate study designs.

We likely underestimated the frequency of ongoing symptoms
following acute infection, because many people do not seek
medical care for these. There were also, like all studies using
routine data, some issues with data quality. For example,
clinicians may have “coded” (used clinical terms) based on
symptoms (eg, fatigue) rather than using a “long COVID-19”
clinical term to “code” this illness. It is also possible that key
data were not coded at all but were included in the free-text
narrative within EHRs. Our study aimed to compare LC in the
hospitalized and nonhospitalized groups. It is possible that these
represent 2 separate populations with different symptom clusters.
Those hospitalized with acute COVID-19 are more likely to
suffer from respiratory and other organ damage, whereas those
managed in the community may suffer from a potentially

different range of LC symptoms with a lower risk of end-organ
damage and mortality. The lack of fine-detailed symptom
categorization in EHRs may have limited this comparison.
Symptom coding was also impacted by clinicians’ cognitive
biases, a known limitation of epidemiological research using
routinely recorded data [32].

Finally, LC clinical terms were only added to SNOMED in
January 2021 and thus would not have become available in
EHRs until around February 2021, almost a year after the onset
of the pandemic. The United Kingdom also has its own version
of SNOMED-CT, and there are a range of different clinical
terms available internationally.

Further research is required to explore symptom clusters and
assess key differences in those hospitalized compared to those
managed in the community.

Conclusion
Developing and validating an LC phenotype will enable the
identification of individuals with the condition and facilitate
comparison between affected and unaffected people. However,
LC is a complex condition with a wide variety of symptoms
that will require further research to understand. This phenotype
and study protocol to explore its face validity should contribute
to a better understanding of LC.
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Abstract

Background: Obesity is a global epidemic causing at least 2.8 million deaths per year. This complex disease is associated with
significant socioeconomic burden, reduced work productivity, unemployment, and other social determinants of health (SDOH)
disparities.

Objective: The objective of this study was to investigate the effects of SDOH on obesity prevalence among adults in Shelby
County, Tennessee, the United States, using a geospatial machine learning approach.

Methods: Obesity prevalence was obtained from the publicly available 500 Cities database of Centers for Disease Control and
Prevention, and SDOH indicators were extracted from the US census and the US Department of Agriculture. We examined the
geographic distributions of obesity prevalence patterns, using Getis-Ord Gi* statistics and calibrated multiple models to study
the association between SDOH and adult obesity. Unsupervised machine learning was used to conduct grouping analysis to
investigate the distribution of obesity prevalence and associated SDOH indicators.

Results: Results depicted a high percentage of neighborhoods experiencing high adult obesity prevalence within Shelby County.
In the census tract, the median household income, as well as the percentage of individuals who were Black, home renters, living
below the poverty level, 55 years or older, unmarried, and uninsured, had a significant association with adult obesity prevalence.
The grouping analysis revealed disparities in obesity prevalence among disadvantaged neighborhoods.

Conclusions: More research is needed to examine links between geographical location, SDOH, and chronic diseases. The
findings of this study, which depict a significantly higher prevalence of obesity within disadvantaged neighborhoods, and other
geospatial information can be leveraged to offer valuable insights, informing health decision-making and interventions that
mitigate risk factors of increasing obesity prevalence.

(JMIR Public Health Surveill 2022;8(8):e37039)   doi:10.2196/37039

KEYWORDS

obesity; obesity surveillance; disease surveillance; machine learning; geographic information systems; social determinants of
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Introduction

Obesity is a global epidemic with increasing prevalence from
3% to 11% among men and 6% to 15% among women within
the past 40 years [1]. Obesity is responsible for at least 2.8
million deaths per year [2] and is defined by the Centers for
Disease Control and Prevention (CDC) as “weight that is higher
than what is considered healthy for a given height” with a BMI

of 30 kg/m2 or higher [3]. It is a noncommunicable disease
(NCD) that could have a profound, lifelong adverse impact on
individuals’ overall life expectancy, quality of life, and other
clinical outcomes. Moreover, obesity increases susceptibility
to developing other NCDs such as diabetes mellitus,
hypertension, heart disease, myocardial infarction, stroke, fatty
liver disease, and cancers. According to the CDC, obesity is
associated with the top leading causes of death in the United
States. With over 42% of individuals living with obesity, there
is a significant US $147 billion financial burden placed on the
United States [4].

Although genetic and behavioral factors increase susceptibility,
studies have shown that social determinants of health (SDOH)
risk factors adversely affect health outcomes and are major
contributing factors to the increasing occurrence of obesity and
other NCDs [5-9]. Evidence suggests that the pattern of
distribution for societal resources and socioeconomic status are
correlated with the quality-of-life attributes as well as physical
and psychosocial characteristics [10]. SDOH indicators
including education attainment, financial security, health
literacy, access to healthy food, poverty level, employment
conditions, and health care access are determined to be the most
significant predictors of an individual’s health status. Moreover,
SDOH indicators are perceived to be among major driving forces
behind systematic social inequalities [11]. As a result, certain
susceptible populations are more likely to be affected by
obesity-associated SDOH stressors than other groups and

populations [12]. The ongoing global pandemic caused by
COVID-19 has further worsened SDOH burdens, since
individuals diagnosed with preexisting conditions such as
obesity have been disproportionately affected by COVID-19
morbidity and mortality [13]. Tailored and effective obesity
prevention interventions should be implemented within the
context of sociocultural, socioeconomical, environmental,
psychosocial, and demographic indicators that influence
population health.

There is a dearth of studies that have leveraged geospatial
intelligence to examine SDOH indicators associated with
obesity. In this study, we examined the geographical variations
and prevalence patterns of obesity in Shelby County in the
United States, using Getis-Ord Gi* statistics and calibrated
multiple models to study the association between SDOH and
adult obesity. We also adopted unsupervised machine learning
to conduct grouping analysis and investigate the distribution of
obesity prevalence and the associated SDOH indicators. In
addition to facilitating the surveillance of obesity and other
NCDs within Shelby County, our findings could inform
innovative health strategies to tackle SDOH disparities and
other adverse influences on health outcomes.

Methods

Data Source
In this study, data from well-known, publicly available
multidimensional sources were merged at the census tract level.
We used CDC 500 Cities data (2019) [14], which represents
city-level data originating from 500 largest US cities, to
determine obesity prevalence. The CDC 500 Cities data were
merged with SDOH data extracted from the American
Community Survey and the US Department of Agriculture
(2018-2020) estimates [15,16]. Table 1 shows the summary
statistics for variables included in the study.
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Table 1. Summary statistics for obesity and related risk factors in census tracts of Shelby County, Tennessee.

Values, mean (SD)SourceOperationalizationVariables

35.77 (7.84)CDCaModel-based estimate for the crude prevalence of obesity among adults aged ≥18
years, 2018

Obesity

102.54 (108.37)USDAbCount of housing units without a vehicle and greater than half a mile from supermarket
in the census tract

Low access to supermarket

58.02 (17.31)US censusPercentage of the Black or African American population living in the census tractBlack population

24.89 (17.35)USDAPercentage of the population living below the federal poverty line in the census tractPoverty

4.32 (3.04)US censusPercentage of the unemployed population living in the census tractUnemployment

9.33 (6.59)US censusPercentage of the population aged ≥25 years without a high school diploma in the
census tract

High school diploma

18.87 (11.85)US censusPercentage of the population renting their homesRenters

2.57 (0.52)US censusAverage household size in a census tractAverage household size

53,746 (29,335)US censusMedian household income in a census tract (US $)Median household income

7.75 (4.23)US censusPercentage of the households with a female head in a census tractFemale head of the house-
hold

18.84 (7.16)CDCModel-based estimate for the crude prevalence of uninsured adults aged ≥18 years,
2018

Uninsured

32.88 (10.52)CDCModel-based estimate for the crude prevalence of lack of physical activity among
adults aged ≥18 years, 2018

Lack of physical activity

21.89 (7.81)US censusPercentage of the population aged ≥55 years in a census tractAged 55 years and older

13.70 (8.62)US censusPercentage of the population who are single in a census tractSingle

aCDC: Centers for Disease Control and Prevention.
bUSDA: The United States Department of Agriculture.

Obesity Clusters
We explored the geospatial clustering and hot spots of adult
obesity prevalence in Shelby County. We conducted this analysis
by using Getis-Ord Gi* statistics with first order queen
contiguity and applied the false discovery rate correction
parameter to account for multiple testing and spatial dependence.

Regression Modeling

Data Wrangling
To prepare the data set for predictive modeling, we scaled our
features such that columns had a mean of 0 and a SD of 1 [17].
Relative scales have been shown to reduce heterogeneity and
allow for variable comparison [18].

Model Selection
The predictor variables that were considered were the 13-census,
tract-level risk factor variables, and the outcome variable was
the adult obesity prevalence in the census tract (Table 1). We
used the “forward and backward” stepwise regression to depict
a subset of the variables and Akaike’s information criterion
(AIC) as the metric [19,20]. Variance inflation factor (VIF) was
applied to assess redundancy between predictor variables to
prevent multicollinearity. VIF factors that exceeded 10 were
removed [21]. Predictor variable values that were not significant
(P<.05) were removed.

Models
In this study, we applied multiple modeling techniques. Ordinary
least squares (OLS) regression modeling was amongst these
techniques, represented by the following equation:

Y = Xβ + ε (1)

Equation 1 shows the regression model in matrix notation, where
Y is an n×1 vector of n observations on the dependent variable;
X is an n×q design matrix of n observations on q explanatory
variables (first column in X matrix will consist of a vector of n
ones for the intercept); β is a q×1 vector of regression
coefficients; and ε represents an n×1 vector of random error
terms (independently and identically distributed). To assess and

compare the performance of the models, we used adjusted R2

and AIC. To assess the heteroskedasticity of random error terms,
we used the Koenker-Bassett test. To assess the normality of
error distribution, the Jarque-Bera test was applied. We assessed
the multicollinearity of the entire model using the condition
number. To examine the independence of the terms Robust
Lagrange Multiplier (error) and Robust Lagrange Multiplier
(lag) methods were applied. First, order queen contiguity
weights were constructed for spatial testing. Queen contiguity
was chosen because areas sharing all boundaries and vertices
are considered as neighbors, which yields more neighbors per
area than the rook contiguity. If dependence was found among
the terms, we incorporated the terms that accounted for
autocorrelation in the model. Thus, we applied spatial
autoregressive models: spatial lag or spatial error model (SEM)
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[22]. The spatial lag model includes a spatially lagged dependent
variable and is represented by equation 2:

Y= Xβ+ ρWY + ε (2)

In equation 2, Y is an n×1 vector of n observations on the
dependent variable; ρ is a scalar spatial lag parameter; WY is
the spatially lagged dependent variable for an n×n weights
matrix W; X is an n×q design matrix of n observations on q
explanatory variables; β is an q×1 vector of regression
coefficients; and ε represents an n×1 vector of error terms.

The spatial error model includes a spatial autoregressive error
term and is represented by equation 3:

Y = Xβ + u, u = λWu + ε (3)

In equation 3, Y is an n×1 vector of n observations on the
dependent variable; X is an n×q design matrix of n observations
on q explanatory variables; β is an q×1 vector of regression
coefficients; λ is a scalar spatial error parameter; W represents
the n×n spatial weights matrix; u represents an n×1 vector of
error terms; Wu denotes a spatially lagged error term; and the
represents an n×1 vector of error terms. OLS regression and
spatial autoregressive models will be assessed and compared
to depict the optimal performance.

Grouping Analysis
In order to understand the dependent variable and significantly
associated SDOH across the region, we used the hierarchical
clustering unsupervised machine learning algorithm [23-25] in
the “stats” package embedded in R software (version 4.0.3;

RStudio, PBC) [25] to conduct an exploratory grouping analysis.
Ward’s Method was used to minimize the increase in the error
sum of squares [26].

Lack of Physical Activity, Obesity, and SDOH
We explored the geographical distribution of lack of physical
activity, obesity, and the top four features significantly
associated with obesity in Shelby County.

Visualization and Tools
ArcGIS Pro software (version 2.9.0; Esri) was used to produce
spatial distributions to investigate patterns (ie, spatial clustering).
R Studio (version 4.0.3; RStudio, PBC) and GeoDa software
(version 1.16.0.12; Luc Anselin) were used for statistical
analyses.

Results

Obesity Clusters
Figure 1 reflects adult obesity prevalence geospatial distribution
and adult obesity prevalence significant clusters in the study
region.

Figure 1A shows a high percentage of the population in the
central and southwestern regions diagnosed with adult obesity,
and Figure 1B shows that the central western region is also a
significant hot spot for adult obesity. Conversely, significant
cold spots are clustered along the eastern region of the Shelby
County.
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Figure 1. (A) represents geospatial distribution of adult obesity prevalence in Shelby County; (B) represents significant hot and cold spots of adult
obesity prevalence in Shelby County.

Model Selection
After conducting the analytical modeling techniques in the
“Regression Modeling“ section, the percentage of population
that lacks physical activity was removed during the VIF
assessment (VIF=46.7), and the percentage of population with
a female head of the household and the percentage of the
population aged 25 years and older without high school
education were removed during the AIC process (they were
also found to be nonsignificant after conducting further
experimental analysis). In addition, the average household size
and households with low access to supermarkets were not
significantly associated with obesity. However, there were 8
variables from Table 1 that were significantly associated with
obesity prevalence: median household income, percentage of
the Black population, poverty level, percentage of the uninsured

population, percentage of the population aged 55 years or older,
percentage of the population who are single, percentage of the
unemployed population, and percentage of home renters. The
significant variables each had a VIF ≤10.0.

The Final OLS Model Results
The final OLS regression model results are shown in Table 2,
which displays the predictor variables that best describe the

model. The adjusted R2 was 0.963, indicating that 96% of the
variation in the outcome variable was explained by the predictors
with an AIC of –88.34. There was a multicollinearity condition
number of 6.99, which is less than 20, thus not suspected of
multicollinearity. The Jarque-Bera test had a P value <.001.
Koenker-Bassett test had a P value of .17, indicating the
presence of constant variance in error terms. The P value (F
statistics) less than .05 was deemed as significant or meaningful.
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Table 2. Ordinary least squares regression results.

CoefficientVariable

–0.000Constant

–0.046aMedian household income

0.184bPoverty

–0.134bRenters

0.043aAged 55 years and older

0.091cSingle

0.445bUninsured

0.042aUnemployment

0.438bBlack population

aP<.05.
bP<.001.
cP<.01.

However, Robust Lagrange Multiplier (error) had a test value
of 10.72 (P=.001), which was significantly higher than Robust
Lagrange Multiplier (lag) with a test value of 8.449 (P=.003).
OLS model results are not reliable due to significant spatial
dependency. A spatial error term will be incorporated into the
model.

Spatial Error Model
Table 3 shows the SEM results. In the model, the percentage
of the Black population, the percentage of the population below
poverty rate, the percentage of the population who are single,
the percentage of uninsured population, and the percentage of

the population aged 55 years or older are positively associated
with obesity, showing an increase in obesity. On the other hand,
the median household income and the percentage of home
renters are negatively associated with obesity, showing a
decrease in obesity.

Since our variables are measured on the same scale, we were
able to compare the strength of the effect of each predictor
variable on obesity prevalence. We found that the percentage
of uninsured population, the percentage of the Black population,
the percentage of the population below poverty level, and the
percentage of home renters were the most important variables
when predicting obesity prevalence in Shelby County.

Table 3. Spatial Error Model results.

CoefficientVariable

–0.001Constant

0.488aLambda

–0.056aMedian household income

–0.106aRenters

0.146aPoverty

0.051bAged 55 years or older

0.066cSingle

0.466aUninsured

0.027Unemployment

0.423aBlack population

aP<.001.
bP<.01.
cP<.05.

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 |e37039 | p.149https://publichealth.jmir.org/2022/8/e37039
(page number not for citation purposes)

Brakefield et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

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


Overall Model Performance Comparison
After calibrating both models, we found that SEM outperformed

the OLS model. Table 4 shows that the R2 value improved to
0.968 after incorporating the error term in the model, and the
AIC improved to –108.09, indicating a better model fit.

Table 4. Model performance.

Akaike’s information criterionAdjusted R2Model

–88.340.963Ordinary least squares

–108.090.968Spatial error model

Grouping Analysis
Our grouping analysis divided the study area into 5 distinct
groups across the Shelby region, based on the top four features
that were significantly associated with obesity (Figure 2).

Figure 2. Grouping analyses results.
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Group 1 spans the fourth largest area of the region (47 census
tracts) and was quantified as being below average in obesity
prevalence, percentage of the Black population, percentage of
the population with an income below the poverty level, and
percentage of the uninsured population; however, this group is
around average in the percentage of renters.

Group 2 is the largest area in the region, comprising of 62 census
tracts. This region is far above average in obesity prevalence,
percentage of renters, percentage of the Black population,
percentage of the population with an income below the poverty
level, and percentage of the uninsured population.

Group 3 comprises of 52 census tracts. This region is above
average in obesity prevalence, percentage of renters and
percentage of the uninsured population, and it is far above
average in percentage of the Black population; however, this
group is around average in percentage of the population with
an income below the poverty level and below average in
percentage of renters.

Group 4 comprises of 52 census tracts and is quantified as being
far below average in obesity prevalence, percentage of the Black
population, percentage of the population with an income below
the poverty level, percentage of renters, and percentage of the
uninsured population.

Group 5 spans the smallest area of the region (6 census tracts)
and is characterized as being average in obesity prevalence and
percentage of the uninsured population; however, this group is
far above average in percentage of the Black population,

percentage of the population with an income below the poverty
level, and percentage of renters.

Lack of Physical Activity, Obesity, and SDOH
Even though lack of physical activity was removed during the
“model selection” process due to multicollinearity, we examined
the Spearman rank correlation coefficient (Table 5), the
geospatial distribution of obesity (Figure 1A), and lack of
physical activity (Figure 3), as well as the geospatial patterns
among the top four obesity-associated features and lack of
physical activity (Figure 3). The Spearman rank coefficient
shows a strong positive relationship between lack of physical
activity and obesity. Figure 1A shows a high prevalence of
obesity clusters in the central and southwestern regions of
Shelby County, consistent with the top four obesity-associated
features and the lack of physical activity geospatial pattern.

In addition, Table 5 shows a strong positive relationship between
lack of physical activity and the top four features associated
with obesity. Geographically, we found that the central and
southwestern regions of Shelby County consisted of a high
percentage of population who are below the poverty rate, Black,
and uninsured, and the percentage of the population who lack
physical activity was consistent with these geospatial patterns.
On the other hand, the eastern region of Shelby County showed
a consistent pattern among the low percentage of the population
below poverty rate, percentage of the Black population,
percentage of renters, and percentage of the uninsured
population, and consisted of clustered census tracts that
contained a low percentage of the population who lack physical
activity.

Table 5. Spearman rank coefficients to assess the relationship between lack of physical activity and obesity and the top four obesity-associated features
in Shelby County census tracts.

Spearman rank coefficientVariables

0.96aObesity

0.95aUninsured population

0.76aBlack population

0.43aRenters

0.86aPoverty

aP<.001.
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Figure 3. Assessment of lack of physical activity and the top four features associated with obesity.

Discussion

Obesity is a serious health condition that is associated with
several comorbidities (eg, heart diseases, cancers, and diabetes)
that are leading causes of death in the United States. SDOH
factors such as the community, home, school, and workplace
setting can impact physical activity and access to affordable
healthy food. Some communities are more impacted, as
evidenced by the disproportionality of adult obesity rates,

compared to other populations [27,28]. Although a few studies
have leveraged geospatial analysis in the United States to
explore the relationship between neighborhood factors and
obesity, this study was a critical step in understanding and
effectively addressing chronic diseases. Using Getis-Ord Gi*
statistics and unsupervised machine learning, this study
examined how SDOH characteristics influenced obesity
prevalence among adults 18 years or older in Shelby County.
In a study by Cohen et al [29] in 2017, obesity rates were
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modeled against urban-rural geographic status, using the
Behavioral Risk Factor Surveillance System. Moreover, our
findings, showing associations between SDOH indicators (eg,
race, income level, and poverty rate) and obesity, are consistent
with the findings of other studies [29-31]. Our study also found
that in the eastern region of Shelby County, where the
percentage of home renters was low (Figure 3), the obesity rate
was also low (Figure 1A). Thus, a population’s rental status
could play a role in the obesity prevalence. However, contrary
to other studies [32-34], our study found that lack of educational
attainment was not significantly associated with an increase in
obesity prevalence. Given some of the SDOH risk factors that
have been identified (eg, percentage of the population below
poverty rate, low median household income, percentage of
renters, Black population, and the uninsured population), as
well as the high obesity prevalence depicted among socially
disadvantaged groups within Shelby County, our study proposes
that the effective planning and implementation of intervention
strategies to address obesity are informed by SDOH surveillance.
Notably, our model calibration results indicate that SEM
outperformed the OLS model.

Unlike multiple studies [5-12,27-34] that have examined obesity
and SDOH, we provided an analysis to assess adult obesity and
SDOH at the census tract level in Shelby County, Tennessee.
Admittedly, some limitations should be considered with our
findings. First, cross-sectional studies such as ours are unable
to detect causal relations between predictor and outcome
variables nor are they able to qualitatively examine
sociocontextual influences. Another limitation is that when
aggregating data such as SDOH and analyzing at a specific level
of granularity, a change in units could alter the findings
(modifiable areal unit problem). In addition, our study may not
be generalizable to the whole Tennessee state and the United
States. In the future, we will conduct comparative studies to
assess the generalizability of our results and include additional

SDOH indicators (eg, proximity to green spaces, crime, and
transportation) and social and community contexts (eg, social
cohesion) to expand our study. In addition, 500 Cities only
provide data for 219 of 221 census tracts in Shelby County,
which could pose a problem during the integration process; we
removed the missing census tracts (ie, 980200 and 980300)
from other integrated data sets for parallelism. Another
limitation is that CDC 500 Cities data relies on self-reported
surveys that have not been continuously scrutinized for potential
social desirability bias and measurement bias. However, this
data set offers access to validated, regionally representative
data. Despite these limitations, our study depicts that SDOH
and environmental characteristics at a granular level are major
risk factors for obesity in Shelby County.

Finally, results from this study will be incorporated into the
analytics layer of our Urban Public Health Observatory
knowledge-based surveillance platform [35,36] and Personal
Health Libraries [37]. These platforms could facilitate the
collection of public health evidence as well as surveillance data
that will facilitate precision population health [38] to provide
immediate insights to inform decision-making at multiple levels
of authority, including among health officials, patients,
physicians, and caregivers.

Conclusion
Previous studies have found associations between
sociogeographical determinants and health outcomes [39-42].
Likewise, our study found that a high percentage of
disadvantaged neighborhoods within the Shelby region had
significantly higher obesity prevalence and SDOH risk factors.
Accordingly, policies should be implemented that are
socioculturally adaptable and tailored toward vulnerable
communities and can address SDOH disparities and are geared
to tackle underlying determinants of the obesity epidemic.
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Abstract

Background: Participatory surveillance systems augment traditional surveillance systems through bidirectional community
engagement. The digital platform evolution has enabled the expansion of participatory surveillance systems, globally, for the
detection of health events impacting people, animals, plants, and the environment, in other words, across the entire One Health
spectrum.

Objective: The aim of this landscape was to identify and provide descriptive information regarding system focus, geography,
users, technology, information shared, and perceived impact of ongoing participatory surveillance systems across the One Health
spectrum.

Methods: This landscape began with a systematic literature review to identify potential ongoing participatory surveillance
systems. A survey was sent to collect standardized data from the contacts of systems identified in the literature review and through
direct outreach to stakeholders, experts, and professional organizations. Descriptive analyses of survey and literature review
results were conducted across the programs.

Results: The landscape identified 60 ongoing single-sector and multisector participatory surveillance systems spanning five
continents. Of these, 29 (48%) include data on human health, 26 (43%) include data on environmental health, and 24 (40%)
include data on animal health. In total, 16 (27%) systems are multisectoral; of these, 9 (56%) collect animal and environmental
health data; 3 (19%) collect human, animal, and environmental health data; 2 (13%) collect human and environmental health
data; and 2 (13%) collect human and animal health data. Out of 60 systems, 31 (52%) are designed to cover a national scale,
compared to those with a subnational (n=19, 32%) or multinational (n=10, 17%) focus. All systems use some form of digital
technology. Email communication or websites (n=40, 67%) and smartphones (n=29, 48%) are the most common technologies
used, with some using both. Systems have capabilities to download geolocation data (n=31, 52%), photographs (n=29, 48%),
and videos (n=6, 10%), and can incorporate lab data or sample collection (n=15, 25%). In sharing information back with users,
most use visualization, such as maps (n=43, 72%); training and educational materials (n=37, 62%); newsletters, blogs, and emails
(n=34, 57%); and disease prevention information (n=32, 53%). Out of the 46 systems responding to the survey regarding perceived
impacts of their systems, 36 (78%) noted “improved community knowledge and understanding” and 31 (67%) noted “earlier
detection.”

Conclusions: The landscape demonstrated the breadth of applicability of participatory surveillance around the world to collect
data from community members and trained volunteers in order to inform the detection of events, from invasive plant pests to
weekly influenza symptoms. Acknowledging the importance of bidirectionality of information, these systems simultaneously
share findings back with the users. Such directly engaged community detection systems capture events early and provide
opportunities to stop outbreaks quickly.

(JMIR Public Health Surveill 2022;8(8):e38551)   doi:10.2196/38551

KEYWORDS

participatory surveillance; One Health; citizen science; community-based surveillance; infectious disease; digital disease detection;
community participation; mobile phone
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Introduction

The prevention and control of emerging pathogens relies on
local-level surveillance for early detection of health events
impacting people, animals, plants, and the environment. Many
traditional animal and human health surveillance systems rely
on data from astute clinicians, health center records, and
laboratory testing to identify anomalies indicating potential
outbreaks and emerging pathogens [1]. Plant surveillance
systems also rely on laboratories, governmental systems, and
border surveillance [2]. Unfortunately, access to health centers,
laboratories, and veterinary services are not universally available
to match the risk from emerging infections [3-5].

Exponential growth in accessibility to mobile technologies and
web-based platforms across the globe has created unique
opportunities for health surveillance systems to directly engage
the public and key community stakeholders to rapidly collect
data at the local level [1]. Direct engagement strategies have
been employed across a spectrum of diseases to enhance disease
surveillance [6]. The emergence of COVID-19 has led to a rapid
increase in digital technology to directly engage the public in
early detection and rapid response through apps for workplace
health, contact tracing, and health information [7,8].

Participatory surveillance is defined as the bidirectional process
of receiving and transmitting data for action through direct
engagement of the target population. This approach can
complement traditional surveillance systems by expanding
engagement to larger segments of communities [1]. Participatory
surveillance does not include data collected in a community for
research or monitoring purposes when such data do not
contribute to ongoing disease surveillance and do not provide
information back to the community being monitored.

The evolution of participatory surveillance has been attributed
to the use of participatory epidemiology in animal health, which
recognized how local herdsmen and livestock owners have a
deep knowledge of disease patterns and impacts among their
livestock. Participatory epidemiology in animal health provides
a co-learning opportunity between the animal health practitioner
and the livestock owner that is built on trust and respect, in
which practitioners interview livestock owners directly to
understand disease burden among their herds. As such, this
locally based surveillance data complements traditional animal
health surveillance [3].

From animal health to human health, participatory surveillance
integrates the locally based surveillance data to detect the
emergence of an outbreak early, to expand surveillance capacity,
and to inform control during outbreak response [3,9]. The
earliest documented use of participatory surveillance in humans
may have started with the “De Grote Griepmeting” in the
Netherlands and Belgium in 2003 to monitor influenza-like
illness [10]. Similar influenza-focused participatory surveillance
systems now span several continents. Three International
Workshops on Participatory Surveillance (IWOPS) have been
held since 2013 to share best practices and explore innovative
applications of this growing methodology [6].

COVID-19, Ebola virus disease, SARS, Middle East respiratory
syndrome, and avian influenza outbreaks have highlighted the
value of One Health in disease surveillance. One Health is a
multisector approach that recognizes how the health of people,
animals, plants, and the environment are inextricably connected
[11,12]. For example, tracking changes in ecosystems helps
identify potential areas for viral spillover [13]. With an estimated
60% of emerging infectious diseases being zoonotic in origin
and 23% being vector-borne diseases, early detection among
animal or vector hosts may limit or prevent outbreaks among
people [12]. In addition to being vital components to health
ecosystems, plants provide an estimated 70% of food sources
to people and animals, thus ensuring that early detection of plant
pathogens is critical for healthy environments, livestock,
wildlife, and people [14].

Participatory surveillance systems vary in design and
implementation. For human health, domesticated animal health,
and crop health, participatory surveillance data are collected
directly from the impacted individual, farmer, or rancher, or by
a community or animal health worker on their behalf [15].
Wildlife and ecosystems provide a unique challenge as they do
not have an “owner” to report, as would be expected for
domesticated plants and animals. In these cases, the general
public, trained volunteers, or land stewards, such as rangers,
are typically called upon to assist in detecting morbidities and
mortalities [16,17].

This landscape has been conducted to identify ongoing
participatory surveillance systems across the One Health
spectrum and to describe their geography, system logistics, and
data and technology. Both single-sector and multisector systems
are included in this landscape, as they both contribute to
detection and response across the One Health spectrum.

Methods

Overview
Participatory surveillance systems for this landscape analysis
were identified through existing partnerships, a systematic
literature review, and surveys. Contacts of the systems identified
through the literature review or ones known to the authors were
sent a survey in order to collect the most up-to-date information
where available. The survey link was also sent out through
health organizations and to contacts of systems identified
through stakeholder interviews in order to ensure that those
systems not present in the peer-reviewed literature could be
identified. Survey data and data abstracted from the literature
were included in the analysis.

Literature Review
In June 2021, a systematic literature review of English-language,
peer-reviewed articles published after 1990 was performed using
CAB Direct, PubMed, and the PubMed Veterinary Science
search strategy. Preliminary search terms were developed based
on input from the authors and were identified in an exploratory
soft audit of phrases and words in an existing database of
participatory surveillance articles using the text analysis tool
Zotero 5.0 (Corporation for Digital Scholarship; Textbox 1).

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 |e38551 | p.157https://publichealth.jmir.org/2022/8/e38551
(page number not for citation purposes)

McNeil et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

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


Textbox 1. Search terms used in CAB Direct, PubMed, and the PubMed Veterinary Science search strategy for the literature review.

Search terms

• “participatory epidemiology”

• “participatory surveillance”

• “participatory disease surveillance”

• “‘community-based surveillance’ or ‘community based surveillance’”

• “community event-based surveillance”

• “participatory” AND (“surveillance” OR “disease surveillance” OR “surveillance system” OR “disease detection”)

• (“crowdsourcing” OR “crowdsourced” OR “crowd-sourced” OR “crowd-sourcing”) AND (“surveillance” OR “disease surveillance” OR
“surveillance system” OR “disease detection”)

• (“internet-based” OR “internet based”) AND (“surveillance” OR “disease surveillance” OR “surveillance system” OR “disease detection”)

• (“citizen science” OR “citizen-science”) AND (“surveillance” OR “disease surveillance” OR “surveillance system” OR “disease detection”)

Inclusion criteria for articles required them to describe
participatory systems as (1) ongoing, (2) disease related, and
(3) consistent with the definition of participatory surveillance
[1]. A secondary reviewer conducted a review of all identified
systems, potential systems, and a selection of the articles not
meeting the inclusion criteria.

At the time of this landscape, COVID-19 surveillance systems
were just beginning. While systems solely focusing on
COVID-19 are not included in this paper, a future landscape
could include those that have remained as ongoing surveillance
systems and not as short-term response tools. Pilot systems were
excluded unless it was clear that they were now ongoing
systems.

To minimize inclusion of articles not relevant to ongoing,
disease-related participatory surveillance, articles about
COVID-19, maternal health, injuries, chronic conditions, drugs
and smoking, and natural disasters were flagged. A
character-by-character search of titles in R (version 4.1.1; R
Foundation for Statistical Computing) flagged articles using
the following terms: “covid|sars-cov-2|sarscov2,” “chronic|
diabet|crohn,” “maternal|fetal|natal|neonatal|pregnan|birth
defect,” “injur|collision|bike|car,” “overdose|tobacco|smok|
vape,” and “natural disaster|storm|flood|drought.” Final
exclusion or inclusion of the flagged articles was determined
by manual review of the title and abstract.

Using RStudio (version 1.4.1717; RStudio, PBC) and R,
resulting articles were concatenated into a single collection and
dereplicated by title. A manual review of abstracts retrieved
from PubMed through the Rentrez program in R showed
additional noninfectious disease–related articles [18]. Thus, the
following additional terms were used to remove
nondisease-related articles: “cancer|oncolog|birth|obstretics|
violen|concussion.” As the survey was to be sent to any
programs already identified by the authors, articles describing
those systems were also removed from abstraction.

A total of 1584 articles were retrieved from PubMed and the
PubMed Veterinary Science search strategy, and 851 articles
were retrieved from CAB Direct. After deduplication, 276
articles were removed based on the exclusion criteria. During
article abstraction, an additional 166 were categorized as not

disease related, another 195 were not about participatory
surveillance, and another 3 were related to COVID-19 and,
hence, removed.

For each system meeting the inclusion criteria, reviewers
collected the name, location, stated purpose, geographic scale,
year the system began, number of users, technology used, types
of data used, and how often users enter data. Abstraction also
captured logistical information, such as identifying who enters
the data, who analyzes and interprets the data, who maintains
and operates the system, who responds to the data, and how the
system is funded. Reviewers also captured whether data are
specifically being used in forecasting or modeling, any
challenges in implementation, and how challenges were
addressed. Systems were categorized as human health, animal
health, or environmental health. Human health systems were
described by their target population. Animal health included
the subcategories of livestock, equine, or poultry; wildlife other
than birds; wildlife birds; fisheries; dogs or cats; or other animal
species. Environmental health was subcategorized by the
following focus areas: vector, waterborne, land use, food safety
or food quality, crop, wild plant, or other. Multisector programs
were identified as a combination of human health, animal health,
or environmental health, as appropriate.

Survey
Using Alchemer (version 5; Alchemer LLC), an online survey
was conducted to capture data that were not identified through
the peer-reviewed literature and to verify the data captured from
the literature review. The survey collected the same data as
those that were abstracted during the literature review, with
additional questions related to syndromic and exposure data
elements and whether a system had data freely available for
public use. Staff piloted the survey to review clarity, usability,
and time for completion. The Alchemer internal survey analysis
tools noted high accessibility and low fatigue level for the survey
tool.

In July 2021, the survey was sent using Mailchimp (Intuit) to
the primary contact authors identified in the literature review,
to contacts of systems that the authors had previously identified,
and to those recommended by key contacts across the One
Health spectrum. The survey was also sent out through the

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 |e38551 | p.158https://publichealth.jmir.org/2022/8/e38551
(page number not for citation purposes)

McNeil et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

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


networks of the following: TEPHINET (Training Programs in
Epidemiology and Public Health Interventions Network),
EpiCore, the Wildlife Disease Association, Emory University’s
Rollins School of Public Health and Environmental Health
alumni, Johns Hopkins School of Public Health alumni, the
National Plant Diagnostic Network, CORDS (Connecting
Organizations for Regional Disease Surveillance), and the South
Asia One Health Disease Surveillance Network.

Ethical Considerations
The survey was not considered to be human subjects research,
as data collected were limited to the organizational level for
this landscape, which was designed to inform meeting planning
for the fourth IWOPS; therefore, no ethics approval was applied
for. This rationale is consistent with the Harvard University
policies on human subjects research [19].

Beta Review
Following survey data collection, reviewers reassessed which
systems met the criteria to be considered as participatory
surveillance systems. It was determined that bidirectional
engagement requires feedback to be sent directly to the
data-entering participants in order to inform them about the
incidence of the event or any prevention or mitigation measures.
Official government surveillance systems that were not
bidirectional, including community health workers entering
data into traditional surveillance systems, were excluded.
Through this process, determinations were made to exclude
those systems sharing data among veterinary professionals, as
opposed to systems that collected data from paraprofessionals
or volunteers from the general public. Those systems included
the Small Animal Veterinary Surveillance Network, the
Caribbean Animal Health Network, and Equinella, and they
were excluded because such systems represented more of a
traditional disease reporting system among health professionals.

Data Analysis
To ensure the review contained the most up-to-date data
available in this analysis, survey data were used where available;
when they were not available, websites and literature review
abstraction data were used. Descriptive data analyses were
conducted in R and Microsoft Excel 2019 (version 2204).

Results

Overview
In total, 60 systems met the criteria for participatory surveillance
(Multimedia Appendix 1) [15-17,20-57]. Systems were

identified through the literature review (n=18, 30%) and from
prior work by Ending Pandemics (n=21, 35%); the remainder
were discovered through the survey outreach. The majority
(n=43, 72%) of the programs discovered had a representative
of the organization participate in the survey; information on the
remaining programs (n=17, 28%) was gathered from available
literature.

A total of 29 (48%) systems include data collected on human
health, 26 (43%) include data collected on environmental health,
and 24 (40%) include data collected on animal health. Of the
60 systems, 44 (73%) have a single-sector focus and 16 (27%)
have a multisector focus (Table 1). Less than half of all systems
self-identify as featuring a One Health focus (n=22, 37%).

Of the 44 single-sector programs, 22 (50%) only collect data
on human health, 10 (23%) only collect data on animal health,
and 12 (27%) only collect data on environmental health (Table
1) [16,17,20-23,25-31,35-39,45-52,56,57].

Among all 24 single-sector and multisector systems collecting
data on animals, 16 (67%) only collect animal health data on
wildlife, such as wild birds, mammals, reptiles, amphibians,
and aquatics or fish [15-17,32-44,55-57]. In total, 8 (33%)
systems collect data on domesticated animals, such as poultry,
livestock, and companion animals. Only 1 (4%) system collects
data on both wildlife and livestock animal populations [35].

Across the 26 systems that include data on environmental health,
16 (62%) collect data on vectors, 5 (19%) collect data on water
quality, 3 (12%) collect data on food safety, 8 (31%) collect
data on invasive species, 3 (12%) collect data on air quality,
and 3 (12%) collect data on crops [15,32-34,40-54].

Most of the 29 systems collecting any data on human health
look at multiple syndromes or diseases [26,27,29]. A total of
16 (55%) focus on influenza-like illness, with 12 (75%) of the
influenza-focused systems expanded to incorporate COVID-19
surveillance. In total, 2 (7%) human health systems focus only
on dengue.

Of the 16 multisector programs, the landscape found 2 (13%)
systems focused on the combination of human and animal
health, 9 (56%) focus on animal and environmental health, 2
(13%) focus on human and environmental health, and 3 (19%)
focus on human, animal, and environmental health
[15,32-34,40-44,53-55].
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Table 1. Years in operation, geographic scale, and location of the participatory surveillance systems across the One Health spectrum.

Continent, n (%)Geographic scale, n (%)Years in opera-

tion,b mean (SD,
range)

Pro-
grams
(N=60),
n (%)

Programa

focus South
America

(n=2)

Australia

(n=7)

Europe

(n=18)

Asia

(n=13)

North
America

(n=16)

Africa

(n=4)

Subna-
tional

(n=20)

National

(n=31)

Multinational
or regional
(n=10)

0 (0)2 (29)2 (11)1 (8)5 (31)0 (0)3 (15)5 (16)2 (20)16.4 (11.8, 3-34)10 (17)Animal only

1 (50)1 (14)12 (67)4 (31)3 (19)1 (25)4 (20)13 (42)5 (50)7.5 (4.9, 1-17)22 (37)Human only

1 (50)2 (29)3 (17)2 (15)4 (25)0 (0)6 (30)6 (19)1 (10)8.4 (4.9, 3-20)12 (20)Environment
only

0 (0)0 (0)0 (0)1 (8)0 (0)1 (25)0 (0)2 (6)0 (0)6.0 (0, 6-6)2 (3)Human and
animal

0 (0)2 (29)1 (6)2 (15)3 (19)1 (25)3 (15)4 (13)2 (20)9.9 (4.7, 2-16)9 (15)Animal and
environment

0 (0)0 (0)0 (0)1 (8)1 (6)0 (0)2 (10)0 (0)0 (0)7.5 (2.12, 6-9)2 (3)Human and
environment

0 (0)0 (0)0 (0)2 (15)0 (0)1 (25)2 (10)1 (3)0 (0)6.3 (1.5, 5-8)3 (5)Human, ani-
mal, and en-
vironment

aData were from 60 participatory surveillance systems identified through the systematic literature review and surveys.
bThe mean years in operation for all programs combined was 9.3 (SD 6.8, range 1-34).

Geography of the Systems
Out of the 60 identified systems, approximately half (n=31,
52%) are designed to be used at a national scale, whereas
one-third (n=20, 33%) have a subnational focus and one-sixth
(n=10, 17%) have a multinational focus
[17,26,27,29,35,36,45,46,49-53,56,57]. Among the 44
single-sector systems, 24 (55%) have a national focus. Out of
the 16 multisector systems, 7 (44%) have a subnational
geographic focus.

Only 4 systems out of 60 (7%) were identified from Africa. The
remaining systems came from the Americas (n=18, 30%), Asia
(n=13, 22%), Australia (n=7, 12%), and Europe (n=18, 30%;
Table 1) [17,26,27,29,35,36,45,46,49-53,56,57]. Many of the
multinational systems span the United States, Canada, Mexico,
the United Kingdom, or Europe. Another multinational system
is AVADAR (Audio-Visual Acute Flaccid Paralysis Detection
and Reporting), which covers Nigeria, Sierra Leone, Liberia,
the Democratic Republic of the Congo, Chad, Niger, South
Sudan, and Cameroon [20]. WildHealthNet and SMART (Spatial
Monitoring and Reporting Tool) for Health are used to provide
actionable data on a national and subnational basis across
Cambodia, Laos, and Vietnam.

System Logistics
When asked to describe who enters the data, who responds to
the data, how often those data are entered, and what feedback
is provided back to the end user, systems reported a range of
user types. For the 22 systems that only focus on human health,
almost all (n=18, 82%) list the general public as the user; the
remaining users are trained volunteers and health care workers
[26,27,29]. Of the 10 systems that only focus on animal health,
5 (50%) rely only on the general public, 2 (20%) use trained
volunteers and the general public, 1 (10%) uses trained

volunteers, 1 (10%) uses wildlife rehabilitators, and 1 (10%)
uses farmers and rangers [17,35,36,56,57].

When asked to categorize the number of users by range (from
<500 to >50,000), 16 out of 60 (27%) systems reported having
under 500 users, 14 (23%) reported having 500 to 5000 users,
and 12 (20%) reported having 5000 to 15,000 users
[26,27,29,35,36,45,46,50-52]. A total of 3 systems out of 60
(5%) reported having more than 50,000 users: FluTracking from
Australia, California’s West Nile Virus surveillance system,
and Cambodia 115 Hotline [17].

Across the 60 identified systems, the user determines when to
report in over half of the systems (n=34, 57%), including in 7
out of the 10 (70%) systems focused on only animal health, 10
of the 12 (83%) systems focused on environmental health, 14
of the 16 (88%) multisector systems, and only 3 of the 22 (14%)
human health systems [17,26,27,29,35,36,45,46,49-53,56,57].
Out of the 23 programs using weekly reporting, 19 (83%) were
systems that collect data only on human health [26,27,29,53].
The weekly reporting systems included the influenza
surveillance systems, DoctorMe, Participatory One Health
Digital Disease Detection, Kidenga, Egypt’s Community-Based
Animal Health Outreach (CAHO) surveillance system, and
AVADAR [26,27,29,53]. DoctorMe, iMammalia, and Brazil’s
Guardians of Health reported that data are collected daily.
FeederWatch reports are limited to November to April, when
the greatest amount of bird feeder activity occurs [36]. Similarly,
Mozzie Monitors, a mosquito surveillance system, focuses its
reporting during peak mosquito season for the presence of
vectors [46]. Outbreaks Near Me noted that they prompt users
every 3 days by SMS.

A total of 42 systems stated that once data are reported, response
is led by government or academic institutions
[17,26,27,29,35,36,45,46,49-53,56,57]. Nonprofits are primary
responders for 11 of these systems (26%), 6 of which (55%)
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are systems that collect both animal and environmental data.
Private sector partners are responders for 5 (13%) systems [35].
Government response agencies usually include health,
environment, or agriculture agencies. iMammalia shares data
with the Food and Agriculture Organization of the United
Nations (FAO) as appropriate, and Outbreaks Near Me shares
trends with government agencies. Guardians of Health specified
that schools and universities are involved in the response.

Data and Technology
All the systems in this analysis use some form of digital
technology, with the exception of Egypt’s CAHO, though 6 out
of 60 (10%) still incorporate paper-based data collection. Email
communication or websites (n=40, 67%) and smartphones
(n=29, 48%) are the most common technologies used
[17,26,27,29,36,45,46,49,51-53,56,57], with several systems
using both. Smartphones are often used for collecting
environmental health data only [45,46,49,51,53]. All systems
that collect data only on human health use email or web-based
systems [26,27,29]. The Ukraine Infectious Diseases of Animals
system was the only program stating that they incorporate
remote sensing. Cambodia 115 Hotline is the only system that
reported using voice recording, also known as interactive voice
response.

Many of the 60 systems have the capability to upload
geolocation (n=31, 52%) and photographs (n=29, 48%); a few
are  ab le  to  up load  v ideos  (n=6,  10%)
[17,35,36,45,46,49,51,52,56,57]. A total of 12 out of the 15
(80%) systems incorporating lab testing or diagnostics focus
on animal health or environmental health; many collect carcass
or vector samples [35,46,50,51]. The Cervid Disease Network
often anonymizes location to protect the end user and their farms
[35]. A total of 20 systems (33%) use data in forecasting or
modeling [17].

Out of 43 systems that answered, a total of 11 (26%) survey
respondents answered that their data are publicly available. In

total, 21 (49%) systems reported that their data are not openly
available. In addition to those 21 systems, 3 (7%) stated that
data are held by government agencies and not available to the
public; 8 (19%) systems specified that data are sometimes
available in summary format or at the request of the researchers,
but with redaction of any protected information.

Bidirectionality (ie, providing information back to the users) is
essential for meeting the criteria for participatory surveillance.
Systems (N=60) share information back to users in a variety of
ways, including visualization, such as maps (n=43, 72%);
training and educational materials (n=37, 62%); newsletters,
blogs, and emails (n=34, 57%); and disease prevention
i n f o r m a t i o n  ( n = 3 2 ,  5 3 % ;  Ta b l e  2 )
[17,26,27,29,36,45,46,49,51-53]. Vaccine information is shared
back by 8 (13%) systems, and 5 (63%) of these have a human
health focus. Treatment and medical advice (n=16, 27%) is also
provided [45,46,51,53]. Users are provided with disease data
by 16 (27%) systems [17]. FishWatch and PestWatch systems
provide information back through the media and trained
volunteers [56,57]. The California Wildlife Morbidity and
Mortality Event Alert System noted that staffing constraints
limit when they are able to respond directly back to a report.
The Arizona Game and Fish Department specified that they
report findings and results back to the users.

Survey respondents were asked to note all of the impacts their
systems have had to date (Table 3). Out of the 46 systems that
reported through the survey, 36 (78%) noted that “improved
community knowledge and understanding” was an impact of
their system and 31 (67%) stated that “earlier detection” was
an impact of their system. In the text field, 1 (2%) system wrote
“improved active surveillance” and another (n=1, 2%) wrote
“slowly improving stakeholder and partner understanding.”
Survey respondents were not asked to justify or provide
examples of these impacts.

Table 2. Information about participatory systems that reported providing information back to users.

Information provided by systems,b n (%)Systema focus

Training or edu-
cational materi-
als (n=40)

Newsletters,
blogs, or email
updates (n=35)

Treatment or
medical ad-
vice (n=16)

Disease preven-
tion information
(n=34)

Vaccine infor-
mation (n=8)

Disease data
from other
sources (n=16)

Visualization of

the situationc

(n=45 )

8 (20)6 (17)1 (6)4 (12)0 (0)4 (25)5 (11)Animal only

8 (20)17 (49)3 (19)9 (26)5 (63)5 (31)18 (40)Human only

12 (30)6 (17)3 (19)9 (26)0 (0)1 (6)10 (22)Environment only

0 (0)0 (0)0 (0)1 (3)0 (0)0 (0)1 (2)Human and animal

8 (20)5 (14)5 (31)6 (18)1 (13)4 (25)6 (13)Animal and environment

2 (5)0 (0)2 (13)2 (6)0 (0)0 (0)2 (4)Human and environment

2 (5)1 (3)2 (13)3 (9)2 (25)2 (13)3 (7)Human, animal, and envi-
ronment

aData were from 60 participatory surveillance systems identified through the systematic literature review and surveys.
bLinks to public health resources were not provided by any of the systems.
cVisualization included maps of cases.
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Table 3. Self-reported impacts of participatory surveillance systems.

Impacts of systems, n (%)Systema focus

Have not measured
impacts (n=6)

Policy or funding
impacts (n=19)

Better cross-sec-
tor coordination
(n=25)

Quicker re-
sponse (n=26)

Improved community
knowledge and under-
standing (n=36)

Earlier detec-
tion (n=31)

0 (0)3 (16)4 (16)5 (19)5 (14)5 (16)Animal only

2 (33)5 (26)11 (44)7 (27)16 (44)11 (35)Human only

1 (17)1 (5)1 (4)2 (8)4 (11)3 (10)Environment only

0 (0)1 (5)1 (4)2 (8)1 (3)2 (6)Human and animal

2 (33)6 (32)5 (20)7 (27)7 (19)7 (23)Animal and environment

0 (0)1 (5)1 (4)1 (4)1 (3)1 (3)Human and environment

1 (17)2 (11)2 (8)2 (8)2 (6)2 (6)Human, animal, and environ-
ment

aData were provided by 46 of the programs through the survey.

Discussion

Principal Findings
Across the One Health spectrum, participatory surveillance is
being used around the globe to improve animal, human, and
environmental health. The majority of the systems in this paper
were identified through the survey outreach, suggesting that
many systems have not yet been described in the peer-reviewed,
English-language literature. As such, numerous additional
systems may exist that have not been captured within this
assessment. As a complement to this manuscript, an updateable
digital map will be made available to the public to provide a
repository of the systems identified in this landscape and to
provide a platform to add in new systems as they are identified.

Many systems reported impacts of improved early detection
and quicker response. Trained volunteers and members of the
public augment current disease surveillance activities of health
department staff to engage larger populations and expand
geographic coverage. Thus, such systems may identify events
when traditional systems would not have the personnel or other
resources to detect early. For example, faced with the challenge
of identifying invasive species of plant pathogens and insect
pests across the 244 million acres of cultivated crops and 640
million acres of federally managed public lands in the United
States, the University of Georgia’s participatory surveillance
system captures data from over 30,000 professionals and trained
volunteers, through the EDDMapS (Early Detection and
Distribution Mapping System) [41], and from the public, through
Wild Spotter. Data collected are able to inform official systems,
such as the National Plant Diagnostic Network, so they may
follow up with an appropriate response [58].

Nonprofits were noted to play a larger role in response regarding
animal health and environmental health systems compared to
human health; further assessment would be required to
understand if this is due to their role in funding of the initial
systems or due to limited government response capabilities in
these fields.

Confirming bidirectionality was a challenge for wildlife and
wildland surveillance, where there is not necessarily a direct

ongoing link between the user and the impacted plant or animal.
Numerous systems were identified that collect data from persons
witnessing a change in a landscape, a dead animal, or a vector,
but they did not specify whether information was reported back
to the individuals; hence, they were not included in this analysis.
In contrast, other wildland networks have incorporated repeated
reporting of site locations to gather both negative report data
and recurring records. One such case is the inclusion of a
sentinel tree program by the United Kingdom group Observatree,
where users selected a single tree or group of trees to report on
their health and any changes in conditions several times a year
[52]. While systems that rely solely on single event–based
reporting with no additional follow-up were excluded from this
landscape, they demonstrate distinct differences in how data
are collected in wild versus domesticated situations, and the
need to consider how to encapsulate such systems in the broader
participatory surveillance landscape.

Often, systems with more users were those that collected data
from the general public. Human health systems, many of which
were based on a similar framework for influenza surveillance,
were most likely to require regular reporting intervals. It will
be interesting to see if changes in seasonal practices of reporting
for birdfeeder and vector systems will be needed as climate
change impacts migratory and weather patterns. This effort did
not collect data on recruitment and sustainability; these would
be worth exploring in future studies as well.

Impact data suggest that systems perceive they are meeting their
stated goals for early detection, response, and outreach. Many
animal and human health systems reported early detection and
rapid response as outcomes from their systems. Further data
collection through interviews and review of monitoring and
evaluation systems would be required to assess and quantify
impacts and to understand why fewer environmental systems
had seen these impacts.

Multisector data collection and integration provide both
challenges and opportunities to enabling a One Health approach
to detection and response. Siloed government systems, data
sharing challenges, different professional terminologies, and
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priorities create obstacles to developing multisector systems
that capture human, animal, and environmental health data.

However, 14 multisector systems identified across 4 of the 5
OIE (World Organisation for Animal Health; formerly, Office
International des Epizooties) regions have been active anywhere
from 2 to 16 years. Conceivably, it may be easier to integrate
data collection at the local level through participatory systems
simply because the animals, people, and plants are
geographically colocated. A next step in reviewing this dynamic
should include assessing processes for data integration and
interoperability among multisector participatory surveillance
and discerning how those data can be used to inform potentially
separate formal systems.

Innovations in technology are enhancing capabilities in capturing
data from the public, from geolocation, to video, to sample
collection. Pairing of laboratory data and point-of-care
diagnostics with participatory surveillance systems may add to
the specificity of this approach.

Emerging wearable technologies are creating new diagnostic
capabilities for plants, animals, and people; these may continue
to enhance the specificity of data collected from participatory
surveillance [59-61]. In terms of geolocation data collection,
the anonymization approach of the Cervid Disease Network
may be worth considering for other livestock or crop
surveillance systems for which concerns about farm
identification may deter participation [35].

Limitations
Selection bias may have skewed results based on outreach
conducted through networks that may not encompass all
systems. The survey identified numerous programs that were
not identified in the literature review, indicating that not all
systems are discoverable in the English-language peer-reviewed
literature. Systems developed for limited duration focusing on
a single outbreak response were not included. It is possible that
such systems, like COVID-19 monitoring or new pilot efforts,
will become long-term systems and may need to be included in
the future. The literature review and survey were conducted
exclusively in English, which also likely undercounted the
number of systems that are currently active. In fact, one survey
was not complete enough to include, and the limited answers
that were provided were not in English. The authors will
continue their discovery of systems; in addition, any new
systems uncovered by the authors can be included in the
interactive map that is under development and that will be made
publicly available online at the Ending Pandemics website [62].

Incomplete data from respondents limited this study’s abilities
to interpret findings across all systems. In addition, the fact that
literature data were used when survey data were not available
may have prevented inclusion of the most up-to-date information

for those systems. Systems that began after July 2021 were not
included in this analysis.

In 2017, Ending Pandemics published a landscape of
participatory surveillance systems based on partnerships it had
with other system developers through its convenings at the
IWOPS. A loose collaboration of participatory surveillance
system creators and stewards, IWOPS partners met for the first
time in 2012 in San Francisco, United States; again in 2013 in
Amsterdam, the Netherlands; and most recently in 2016 in
Newcastle, Australia. IWOPS serves as an informal network to
share best practices, consult on analytic methods, and catalyze
innovations to advance the direct engagement of populations
in voluntary reporting. The 2017 review was limited to IWOPS
partner systems and revealed 23 distinct participatory
surveillance tools or programs in 18 countries that encompassed
human and animal health [6]. This study summarized results
from the systematic review of the literature combined with a
detailed survey of all identified systems in human, animal, and
environmental health. While prior work focused on a
convenience sample, this landscape incorporated literature
review and survey methodology. This landscape also
incorporated systems that only focus on plant health and
environmental health.

Conclusions
This landscape demonstrated the breadth of applicability of
participatory surveillance, from tick identification in
photographs, to One Health apps used by community members,
to trained volunteers reporting invasive plant pests, to people
tracking their own weekly influenza symptoms around the world.
With globalization, trade, and travel, rapid disease spread across
country borders creates a need for on-the-ground detection
systems that can capture cases early and provide opportunities
to stop outbreaks quickly. Developing mechanisms for
information sharing among participatory surveillance systems
may improve opportunities for systems to alert others as to what
may be on the horizon. These actions may require revisiting
ways to allow for public data access and sharing in formats that
protect sensitive data.

In this review, some systems demonstrated the importance of
being in place in advance of a pandemic, as they were able to
be easily adapted for information collection and communication
with the public specific to COVID-19. As the World Health
Organization—in conjunction with the FAO, the OIE, and the
United Nations Environment Programme—develops the
Epidemic Intelligence from Open Sources platform, finding
timely ways to integrate participatory surveillance data will be
critical. For the hundreds of thousands of participatory
surveillance users, seeing a global, as well as a local, impact of
their efforts may help inspire them to continue in these voluntary
roles.
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Abstract

Background: Acute gastrointestinal (GI) illnesses are of the most common problems evaluated by physicians and some of the
most preventable. There is evidence of GI pathogen transmission when people are in close contact. The COVID-19 pandemic
led to the sudden implementation of widespread social distancing measures in the United States. There is strong evidence that
social distancing measures impact the spread of SARS-CoV-2, and a growing body of research indicates that these measures also
decrease the transmission of other respiratory pathogens.

Objective: This study aims to investigate the impact of COVID-19 social distancing mandates on the GI pathogen positivity
rates.

Methods: Deidentified GI Panel polymerase chain reaction test results from a routinely collected diagnostic database from
January 1, 2019, through August 31, 2020, were analyzed for the GI pathogen positivity percentage. An interrupted time series
analysis was performed, using social distancing mandate issue dates as the intervention date. The following 3 target organisms
were chosen for the final analysis to represent different primary transmission routes: adenovirus F40 and 41, norovirus GI and
GII, and Escherichia coli O157.

Results: In total, 84,223 test results from 9 states were included in the final data set. With the exception of E coli O157 in
Kansas, Michigan, and Nebraska, we observed an immediate decrease in positivity percentage during the week of social distancing
mandates for all other targets and states. Norovirus GI and GII showed the most notable drop in positivity, whereas E coli O157
appeared to be least impacted by social distancing mandates. Although we acknowledge the analysis has a multiple testing
problem, the majority of our significant results showed significance even below the .01 level.

Conclusions: This study aimed to investigate the impact of social distancing mandates for COVID-19 on GI pathogen positivity,
and we discovered that social distancing measures in fact decreased GI pathogen positivity initially. The use of similar measures
may prove useful in GI pathogen outbreaks. The use of a unique diagnostic database in this study exhibits the potential for its
use as a public health surveillance tool.

(JMIR Public Health Surveill 2022;8(8):e34757)   doi:10.2196/34757

KEYWORDS

social distancing; gastrointestinal; COVID-19; gastroenteritis; surveillance; epidemiology; pathogen transmission; respiratory
pathogen; public health; pathogen outbreak; outbreak; surveillance tool; diagnostic database

Introduction

Acute gastrointestinal (GI) illnesses are of the most common
problems evaluated by physicians, and they are also some of

the most preventable [1]. There is evidence of GI pathogen
transmission when people are in close contact, such as at mass
gatherings and in group childcare [2-4]. Common infection
control measures such as handwashing and limiting contact with
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sick individuals can lead to a decrease in GI pathogen
transmission and illness [1]. Still, the United States alone sees
311 to 375 million episodes of acute GI illnesses per year,
leading to more than 900,000 hospitalizations and 6000 deaths
[1]. These illnesses are not only a burden to health systems, but
they can also be incredibly uncomfortable, and in some
instances, dangerous for the patient.

The COVID-19 pandemic led to the sudden implementation of
widespread public health measures in the United States,
including 6-feet social distancing protocols, messaging around
effective hand hygiene, stay-at-home orders, large gathering
bans, and the closures of public areas (eg, schools, restaurants,
and nonessential businesses) [5-7]. There is strong evidence
that social distancing measures impact the spread of
SARS-CoV-2, and a growing body of research indicates that
these measures also considerably decreased the transmission of
influenza, respiratory syncytial virus, and respiratory enterovirus
[8-13]. There was a reduction of reportable GI illnesses observed
during the COVID-19 pandemic in countries that implemented
public health measures, and data from the National Outbreak
Reporting System showed a reduction in GI illnesses in the
United States from 2019 to 2020 [14-16]. With this study, we
hope to add to the growing knowledge base that public health
measures meant to control COVID-19 also impacted other
diseases.

Identification of GI pathogens has routinely relied on
contemporary diagnostic microbiology; however, many
laboratories are adopting rapid polymerase chain reaction (PCR)
tests for the identification of GI pathogens from stool samples
[17]. Adoption of rapid PCR tests, such as the BioFire
FilmArray GI Panel (referred to as GI Panel), in conjunction
with participation in automated diagnostic databases, like
BioFire Syndromic Trends (referred to as Trend), allows for
the investigation and monitoring of GI pathogen positivity rates
at the level of communities or states [18].

Using Trend, this study aims to investigate the impact of
COVID-19 social distancing mandates on the GI pathogen
positivity rates in different states. Understanding the impact of
the mandates on GI pathogens may allow for the expanded
utility of these measures to control pathogens in the future. We
hypothesize that social distancing measures meant to limit the
transmission of COVID-19 also resulted in decreased GI
pathogen positivity.

Methods

Ethical Considerations
This study was reviewed by the University of Utah Institutional
Review Board (IRB) and was determined not to meet the
definitions of Human Subjects Research according to Federal
regulations (IRB_00142577). Therefore, the study did not
require IRB oversight.

Data Source and Collection

Test Results
To determine changes in positivity rates of pathogens,
deidentified test results from the GI Panel from January 1, 2019,

through August 31, 2020, were analyzed. The GI Panel is a
widely deployed rapid PCR test, typically used in the hospital
setting, designed to detect the most common pathogens
associated with gastroenteritis [19]. To test on the GI panel,
stool specimens are collected in Cary Blair transport medium
from patients with gastroenteritis, and they are tested for 22
targets including bacteria, viruses, and parasites [19]. Three
target organisms were chosen for this study: adenovirus F40
and 41, norovirus GI and GII, and Escherichia coli O157. These
targets were selected because they represent different primary
transmission routes. Adenovirus (types F40 and 41) is
transmitted via aerosolized droplets and has a high prevalence
in children. Norovirus (GI and GII) is mainly transmitted
through the fecal-oral route and is highly contagious. E coli
O157, although rare, is a cause of foodborne bacterial illnesses,
and because of the severity of the disease, it is likely to be tested
for and detected when it occurs [1,20].

Deidentified test results including the date of the test, the target
organism species, the number of positive tests for that target,
and the total number of tests were automatically recorded in the
Trend database [18]. All participating laboratories were hospital-
or clinic-based and accredited by the Clinical Laboratory
Improvement Amendments. Reference laboratories were
excluded. Laboratory verification or quality control runs were
automatically excluded from Trend. Data used in this study
were only from laboratories in the United States. For the
purposes of data deidentification, 3 laboratories must participate
in Trend in a state for that state to be included in the database.
As such, 9 states were included in this study: California,
Colorado, Illinois, Kansas, Michigan, Nebraska, Ohio, Texas,
and Wisconsin.

Social Distancing Mandates
The start dates of individual state COVID-19 social distancing
mandates were obtained from the State COVID-19 Data and
Policy Actions data curated by the Kaiser Family Foundation
[21]. The following 4 key mandates were chosen to be included
in this analysis: (1) stay-at-home orders, (2) restaurant closures,
(3) nonessential business closures, and (4) large gathering bans.

Mask mandates were not included in the analysis.

Statistical Analysis
Data analysis was performed using Stata/IC (version 16.1;
StataCorp). Daily test results were provided in the Trend
database. Days when no GI Panel tests were performed in a
state were excluded from the analysis. The daily test results
were summed to weekly test results, and subsequently, weekly
positivity percentages for each state and target were analyzed.

An interrupted time series analysis (ITSA) was performed for
each of the 3 pathogens of interest and each state, using a
downloadable Stata package (Figures 1-6) [22]. Figures 1-6
show the percent positivity before social distancing mandates
went into effect (solid black dots before the vertical dashed line)
and after social distancing mandates went into effect (solid black
dots after the vertical dashed line). The best fit positivity
percentage is represented by the solid horizontal line. We were
most interested in the difference between the best fit positivity
percentage before social distancing mandates and immediately
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after social distancing mandates. The time of intervention for
the ITSA was the week that social distancing mandates went
into effect for each individual state. In most states, multiple

mandates went into effect in the same week; thus, the ITSA was
performed only once for mandates occurring in the same week.
Mandates occurring in separate weeks required a separate ITSA.

Figure 1. Interrupted time series analysis (ITSA) graphs for adenovirus F40 and 41. With the exception of California and Illinois, a second ITSA was
performed for the second week in which social distancing mandates were issued. Refer to Figure 2 for the second ITSA.
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Figure 2. Interrupted time series analysis (ITSA) graphs for adenovirus F40 and 41 for the second week in which social distancing mandates were
issued.

Figure 3. Interrupted time series analysis (ITSA) graphs for Escherichia coli O157. With the exception of California and Illinois, a second ITSA was
performed for the second week in which social distancing mandates were issued. Refer to Figure 4 for the second ITSA.
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Figure 4. Interrupted time series analysis (ITSA) graphs for Escherichia coli O157 for the second week in which social distancing mandates were
issued.

Figure 5. Interrupted time series analysis (ITSA) graphs for norovirus GI and GII. With the exception of California and Illinois, a second ITSA was
performed for the second week in which social distancing mandates were issued. Refer to Figure 6 for the second ITSA.
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Figure 6. Interrupted time series analysis (ITSA) graphs for Norovirus GI and GII for the second week in which social distancing mandates were issued.

Results

Data Overview
A total of 84,223 tests from 9 states were included in the final
data set (Table 1). Norovirus GI and GII had a higher overall
positivity percentage compared to adenovirus F40 and 41 and
E coli O157.

All states included in the analyses mandated social distancing
policies in March of 2020 between the weeks beginning March
15, 2020, and March 29, 2020 (Table 2). Social distancing
mandates occurred across two separate weeks for most states,
with the exception of California and Illinois, where all mandates
were announced in a single week. According to the Kaiser
Family Foundation, Nebraska was the only state in the analysis
that did not mandate nonessential business closures or a
stay-at-home order.

Table 1. Distribution of total tests and positive tests.

Positive testsTotal tests, nStates

Escherichia coli O157, n (%)Norovirus GI and GII, n (%)Adenovirus F40 and 41, n (%)

32 (0.28)614 (5.39)124 (1.09)11,400California

45 (0.46)693 (7.01)222 (2.25)9879Colorado

25 (0.22)594 (5.27)104 (0.92)11,268Illinois

24 (1.43)109 (6.51)26 (1.55)1674Kansas

16 (0.14)486 (4.24)88 (0.77)11,458Michigan

20 (0.23)489 (5.55)97 (1.10)8814Nebraska

45 (0.21)1171 (5.56)404 (1.92)21,049Ohio

24 (0.39)685 (11.22)195 (3.20)6103Texas

8 (0.31)173 (6.68)20 (0.77)2588Wisconsin
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Table 2. Timing of social distancing mandates in analyzed states.

Week of mandateState

Large gathering bansNonessential business closuresRestaurant closuresStay-at-home order

3/15/203/15/203/15/203/15/20California

3/22/203/22/203/15/203/22/20Colorado

3/15/203/15/203/15/203/15/20Illinois

3/22/203/29/203/29/203/29/20Kansas

3/22/203/22/203/15/203/22/20Michigan

3/15/20N/A3/29/20N/AaNebraska

3/22/203/22/203/15/203/22/20Ohio

3/15/203/15/203/15/203/29/20Texas

3/15/203/22/203/15/203/22/20Wisconsin

aN/A: not applicable; according to the Kaiser Family Foundation, Nebraska did not mandate nonessential business closures or a stay-at-home order.

Immediate Effect
With the exception of E coli O157 in Kansas, Michigan, and
Nebraska, we observed an immediate decrease in positivity
percentage during the week of social distancing mandates.
Norovirus GI and GII showed the most notable drop in

positivity, whereas E coli O157 appeared to be least impacted
by social distancing mandates (Figure 7; Table 3). Although
we acknowledge the analysis has a multiple testing problem,
the majority of our significant results showed significance even
below the .01 level (Table 3).

Figure 7. Immediate change in positivity percentage during the week of social distancing mandates.
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Table 3. Immediate change in positivity percentage during the week of social distancing mandate issuance.

Escherichia coli O157Norovirus GI and GIIAdenovirus F40 and 41State (week of mandate)

P valueChange (%)P valueChange (%)P valueChange (%)

.90–0.027<.001–4.507<.001–1.499California (3/15/20)

.02–0.290<.001–5.527.22–0.607Illinois (3/15/20)

.001–0.601.08–2.560.08–0.901Colorado (3/15/20)

.580.171.001–2.870<.001–1.278Michigan (3/15/20)

.89–0.042.001–4.195<.001–1.536Nebraska (3/15/20)

.004–0.307.001–4.583.03–1.963Ohio (3/15/20)

.049–0.564<.001–11.347<.001–5.016Texas (3/15/20)

.10–0.582.03–8.364.16–2.279Wisconsin (3/15/20)

.001–0.561.09–2.471.04–1.048Colorado (3/22/20)

.95–0.075.003–9.986.73–0.283Kansas (3/22/20)

.500.224.001–2.827<.001–1.210Michigan (3/22/20)

.006–0.287<.001–5.252<.001–3.009Ohio (3/22/20)

.11–0.549.046–7.569.16–2.159Wisconsin (3/22/20)

.930.228.004–9.361.87–0.133Kansas (3/29/20)

.820.082<.001–4.475<.001–1.320Nebraska (3/29/20)

.15–0.447<.001–11.428<.001–4.777Texas (3/29/20)

Discussion

Principal Findings
The results from this study indicate that public health measures
meant for COVID-19 can initially decrease GI pathogen
positivity. In most instances, we observed an immediate decrease
in positivity percentage, suggesting that social distancing
measures can very quickly decrease GI pathogen transmission.
Similar results have been observed in previous studies,
demonstrating that these public health measures can decrease
transmission of other pathogens transmitted through the
respiratory route, such as influenza, respiratory syncytial virus,
and respiratory enterovirus; this study additionally demonstrates
that they are also effective against GI pathogens on a national
scale [8-13].

To provide context for our results on the effects of the mode of
transmission of the pathogens, we chose 3 pathogens with
different routes of transmission. Interestingly, our results show
norovirus GI and GII was most impacted by the social distancing
mandates. This may be due to the contagious nature of the
pathogen, suggesting that social distancing mandates may be
most effective against highly contagious GI pathogens that are
most commonly spread person to person. The reduced
person-to-person contact resulting from social distancing
mandates could have decreased the transmission of norovirus
GI and GII. Conversely, social distancing mandates showed a
minimal impact on E coli O157 positivity rates. The results of
E coli O157 positivity may be due to the incubation period of
the bacterial infection, typically longer than viral infections, as
we did not account for lag time in our analysis; however, this
could be investigated in future studies. Additionally, as

restaurants closed to dine-in service, take-out service typically
remained available, which could have contributed to the minimal
impact observed in our results. The social distancing mandates
exhibited a moderate effect on the positivity percentage of
adenovirus F40 and 41, more so than on E coli O157, but not
as extreme as on norovirus GI and GII. It is possible that limited
person-to-person contact impacted one route of transmission
for adenovirus F40 and 41, but the virus was still spreading
through other routes of transmission (eg, a fecal-oral route)
leading to the observed moderate impact.

Our results show variability in the change of positivity
percentage between states. This study did not aim to analyze
this variability; however, differences in health behaviors of state
residents and the enforcement of social distancing mandates
may be contributing causes of this variability. An area of focus
for future studies could be investigating differences between
states.

The most notable strength of this study is the database itself,
Trend. This study is a novel use of this unique diagnostic
database that allowed us access to a large sample size of
routinely collected, deidentified data. The large sample size
consisting of test results across the nation should allow for
generalizability to many communities. During the COVID-19
pandemic, social distancing mandates were universally used as
a public health measure to control transmission, permitting us
to use them as a variable in the analysis and compare states.
The ITSA analysis allowed us to investigate the immediate
impact of COVID-19–related social distancing measures on the
positivity percentage of GI pathogens.

Although this study presents interesting findings using a unique
diagnostic database, it is not without limitations. The BioFire
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Trend database is expansive, and not all laboratories in a state
may be participating, introducing the possibility of selection
bias. However, the data set represents data from 9 states in
different regions across the United States, allowing for some
generalizability. There is possibility for diagnostic bias if a
clinician chooses not to use the GI Panel, but most provider
institutions will have testing algorithms established, that likely
include the GI Panel if the patient is showing acute GI illness
symptoms. Additionally, key social distancing measures were
only measured on a statewide basis, which does not account for
differences between counties or cities, nor did we have available
data about compliance with social distancing mandates.
However, given the time frame of our study, compliance is
likely high, since our analysis period covers the time when the
only measures available to prevent COVID-19 were social
distancing measures. Hand hygiene was not investigated in this
study, and it may have impacted the transmission of GI
pathogens during the COVID-19 pandemic; future studies should
investigate the effect of hand hygiene. BioFire Trend does not
collect demographic data, and further studies are needed to
investigate the effects of gender, age, race or ethnicity, and other
demographic variables on GI pathogen positivity percentages.

Conclusions
We investigated the impact of social distancing mandates for
COVID-19 on GI pathogen positivity, and we discovered that

social distancing measures did, in fact, decrease GI pathogen
positivity. Our results show the possible utility of social
distancing measures to reduce the spread of GI pathogens. The
use of similar measures may prove useful in GI pathogen
outbreaks. In addition to anecdotal evidence of decreased illness
during the COVID-19 pandemic, the findings from this study
can be used to reinforce that social distancing interventions can
be used to reduce GI pathogen transmission.

The use of a unique diagnostic database, Trend, exhibits the
potential for its use as a public health surveillance tool. We have
only demonstrated one use of this routinely collected data, but
we imagine it could be used for algorithms, models, and tools
for early detection of diseases and monitoring the impact of
different interventions to control outbreaks. Further research
should not only investigate additional applications of Trend but
also the impact of different public health measures between
different communities. Further studies could assess whether GI
pathogen positivity also decreased on a global scale during the
COVID-19 time frame, further investigate the impact of
COVID-19 mandates on pathogen positivity with the addition
of contextual information, and observe long-term GI pathogen
positivity after social distancing mandates went into effect.
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Correction of: https://publichealth.jmir.org/2022/7/e35898/
 

(JMIR Public Health Surveill 2022;8(8):e41460)   doi:10.2196/41460

In “Relationship Between Protein Intake in Each Traditional
Meal and Physical Activity: Cross-sectional Study” (JMIR
Public Health Surveill 2022;8(7):e35898), four errors were
noted.

1. Due to a system error, in the originally published web version
of the article, the name of one author, Lyie Nitta, was replaced
with the name of another author, Mai Kuwahara. The order of
authors appeared as follows:

Takae Shinto, Saneyuki Makino, Yu Tahara, Mai
Kuwahara, Mai Kuwahara, Ayako Tada, Nanako Abe,
Mikiko Michie, Shigenobu Shibata

This has been corrected to:

Takae Shinto, Saneyuki Makino, Yu Tahara, Lyie
Nitta, Mai Kuwahara, Ayako Tada, Nanako Abe,
Mikiko Michie, Shigenobu Shibata

2. In the originally published PDF version of the article, author
Lyie Nitta's name appeared incorrectly as Lie Nitta. It has now
been corrected in the article.

3. In the originally published web version of the article, author
Mai Kuwahara was incorrectly linked to author Lyie Nitta’s
ORCID iD. This discrepancy has now been corrected in the
article.

4. In the originally published article, the copyright statement
erroneously appeared as follows:

©Takae Shinto, Saneyuki Makino, Yu Tahara, Mai
Kuwahara, Mai Kuwahara, Ayako Tada, Nanako Abe,
Mikiko Michie, Shigenobu Shibata.

This has been corrected to:

©Takae Shinto, Saneyuki Makino, Yu Tahara, Lyie
Nitta, Mai Kuwahara, Ayako Tada, Nanako Abe,
Mikiko Michie, Shigenobu Shibata.

The correction will appear in the online version of the paper on
the JMIR Publications website on August 4, 2022, together with
the publication of this correction notice. Because this was made
after submission to PubMed, PubMed Central, and other full-text
repositories, the corrected article has also been resubmitted to
those repositories.
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Abstract

Background: Monitoring disease incidence rates over time with population surveillance data is fundamental to public health
research and practice. Bayesian disease monitoring methods provide advantages over conventional methods including greater
flexibility in model specification and the ability to conduct formal inference on model-derived quantities of interest. However,
software platforms for Bayesian inference are often inaccessible to nonspecialists.

Objective: To increase the accessibility of Bayesian methods among health surveillance researchers, we introduce a Bayesian
methodology and open source software package, surveil, for time-series modeling of disease incidence and mortality. Given case
count and population-at-risk data, the software enables health researchers to draw inferences about underlying risk and derivative
quantities including age-standardized rates, annual and cumulative percent change, and measures of inequality.

Methods: We specify a Poisson likelihood for case counts and model trends in log-risk using the first-difference (random-walk)
prior. Models in the surveil R package were built using the Stan modeling language. We demonstrate the methodology and
software by analyzing age-standardized colorectal cancer (CRC) incidence rates by race and ethnicity for non-Latino Black
(Black), non-Latino White (White), and Hispanic/Latino (of any race) adults aged 50-79 years in Texas’s 4 largest metropolitan
statistical areas between 1999 and 2018.

Results: Our analysis revealed a cumulative decline of 31% (95% CI –37% to –25%) in CRC risk among Black adults, 17%
(95% CI –23% to –11%) for Latino adults, and 35% (95% CI –38% to –31%) for White adults from 1999 to 2018. None of the
3 observed groups experienced significant incidence reduction in the final 4 years of the study (2015-2018). The Black-White
rate difference (per 100,000) was 44 (95% CI 30-57) in 1999 and 35 (95% CI 28-43) in 2018. Cumulatively, the Black-White
gap accounts for 3983 CRC cases (95% CI 3746-4219) or 31% (95% CI 29%-32%) of total CRC incidence among Black adults
in this period.

Conclusions: Stalled progress on CRC prevention and excess CRC risk among Black residents warrant special attention as
cancer prevention and control priorities in urban Texas. Our methodology and software can help the public and health agencies
monitor health inequalities and evaluate progress toward disease prevention goals. Advantages of the methodology over current
common practice include the following: (1) the absence of piecewise linearity constraints on the model space, and (2) formal
inference can be undertaken on any model-derived quantities of interest using Bayesian methods.

(JMIR Public Health Surveill 2022;8(8):e34589)   doi:10.2196/34589
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Introduction

Monitoring disease incidence rates is fundamental to public
health research and practice. Vital statistics systems, cancer
registries, and other disease-specific monitoring programs
provide critical data resources for public health research, and
valid interpretation of these data requires formal modeling.

Joinpoint regression modeling (JRM) is a commonly employed,
National Cancer Institute–endorsed method for monitoring
incidence and mortality rates [1-4]. JRM fits a piecewise linear
time trend to (log-) incidence rates. Nonetheless, piecewise
linearity conflicts with subject matter expertise insofar as we
“do not really believe that cancer rates change abruptly” [1] and
some trends are “obviously nonlinear” [3]. Further, standard
JRM methodology systematically underreports the uncertainty
of estimates because the SEs are conditional on an iterative
model selection procedure [5].

We present a Bayesian methodology and open source software
package for routine disease surveillance. The models are
appropriate for time-series count data aggregated across evenly
spaced time periods. The models assign the Poisson likelihood
to observed counts conditional on unknown risk; time trends in
risk are modeled by assigning the first-difference (random-walk)
prior distribution to the log-rates. Binomial models for nonrare
events are also implemented. Strengths of the method include
its parsimony, the absence of linearity constraints, and the use
of Bayesian inference [6-12] to summarize knowledge of disease
risk as well as model-derived quantities of interest, such as
age-standardized rates and measures of inequality [9,11,12].
The methodology is freely available through the surveil R
software package [13,14].

We demonstrate use of the surveil R package by analyzing urban
colorectal cancer (CRC) incidence in Texas. “Eliminating cancer
disparities” is purportedly a “cross-cutting aim” of the Cancer
Prevention and Research Institute of Texas’s (CPRIT’s) 2018
Texas Cancer Plan, but the plan conspicuously lacks
disparity-related goals and metrics [15]. Racial-ethnic
inequalities in CRC are of long-standing concern, including the
Black-White incidence and mortality differences that emerged
in the early 1990s [16,17]. We examine CRC incidence by race
and ethnicity in the 4 largest metropolitan areas in Texas, using
our Poisson time-series models. We also examine CRC
incidence inequalities and their change over time [18]. We
conclude with comments on CRC prevention priorities for
Texas, lessons from successful CRC screening efforts, and
limitations of this analysis.

Methods

Model Specification
The surveil R package implements Poisson random-walk
models. For time period t={1,…,n}, we assign the Poisson

probability distribution to the observed case counts, yt,

conditional on a given level of risk, exp(ηt), and population at
risk, Pt:

yt~Pois(Pt * exp(ηt))

Alternatively, the binomial likelihood may be used:

yt~Binom(Pt, g-1(ηt)),

where g-1(x)=exp(x)/(1+exp(x)) is the inverse-logit function.

We assign the first-difference (random-walk) model to the log-
or logit-transformed risk parameters, consistent with our
knowledge that disease risk tends to vary smoothly over time:

ηt~Gau(ηt-1, τ
2), t>1

This and related intrinsic Gaussian Markov random field
specifications are extensively studied models for time trend
analyses [19,20].

By default, surveil prior distributions are diffuse for most
applications, and users can adjust them to match their subject
matter knowledge. The log- or logit-transformed risk for t=1
(η1), requires a prior distribution (because t=0 does not exist).
For a rare disease, the following prior is diffuse:

η1~Gau(-5, 52)

It is centered on a rate of e-5=673 per 100,000 and spreads the
prior probability across a wide range of values. Changes in
log-rates are small, such that surveil’s following default prior
is also diffuse:

τ~Gau+(0, 12)

This base model specification may be extended for multiple
correlated time series, such as observations of multiple
demographic groups. If ηt is the vector of log-rates for k groups
at time t, then

ηt~Gau(ηt-1, ∑)

introduces a covariance structure through the multivariate
normal distribution [21]. We decompose the k-by-k covariance
matrix, ∑, into a vector of scale parameters and a correlation
matrix, and use the LKJ distribution as a prior for the correlation
matrix [22].

Bayesian Inference
The models were built in Stan, a state-of-the-art platform for
Bayesian inference with Markov chain Monte Carlo (MCMC)
[22,23]. Stan uses a Hamiltonian Monte Carlo algorithm to draw
samples from user-specified joint probability distributions
[9,11,24]. Model results are summarized by surveil, which
reports estimates (means of marginal posterior distributions)
with 95% CIs (Textbox 1).
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Textbox 1. The surveil R package.

The surveil R package is freely available and archived on the Comprehensive R Archive Network. Basic use of the software requires only
introductory-level R programming skills. Tables downloaded from the CDC Wonder database are automatically in the expected format. The model-fitting
function, stan_rw, returns a summary of results (estimates with 95% CIs) and Markov chain Monte Carlo (MCMC) samples.

The package supports a streamlined workflow for analyzing disease incidence data. It produces publication-quality visualizations using ggplot2 [25]
and enables researchers to make health equity an integral component of surveillance research. The models were built in the Stan modeling language,
a robust, stable, state-of-the-art platform for Bayesian inference, providing built-in MCMC diagnostics and visualization methods.

Using MCMC, probability statements can be made about any
quantity of interest that is derived from model parameters
[9,11,12]. Functions in the surveil package return probability
distributions for model-derived quantities such as annual and
cumulative percent change, age-standardized rates, the Theil
inequality index [26], and a variety of pairwise inequality
measures (Textbox 2). The Theil index measures discrepancies
between each group’s share of disease burden and their share
of the population; owing to its fractal structure, it can be used
to measure inequality across geographically nested populations
[27-29].

When working with age-standardized rates, excess cases (ECs)
must be calculated separately for each age stratum and then
summed across age groups (Textbox 3). Dividing the resulting
ECs by total risk provides an age-standardized measure of
proportion attributable risk (PAR). For age-standardized rates,
this method of calculating the PAR may be preferred over the
rate ratio (RR) as a measure of relative inequality because the
PAR better reflects the actual age distribution. If an RR is still
preferred and the PAR is less than 1, the PAR can be converted
to its equivalent RR using RR=(1/PAR)/(1/PAR-1).

Textbox 2. Measures of pairwise inequality provided by surveil.

Rate ratio (RR)=Rd/Ra, where R is the incidence rate, and subscripts “a” and “d” represent the advantaged and disadvantaged demographic groups,
respectively.

• Rate difference (RD)=Rd–Ra

• Proportion attributable risk (PAR)=RD/Rd

• Excess cases (EC)=RD×Pd, where P represents the populations at risk.

• Cumulative EC=Σt ECt, where the subscript “t” represents the time period.

• Cumulative PAR=Σt ECt/Σt (Rdt×Pdt)

Textbox 3. Age-standardized measures of pairwise inequality provided by surveil.

Rate ratio (RR)=SRd/SRa, where “SR” is the age-standardized incidence rate, and subscripts “a” and “d” represent the advantaged and disadvantaged
demographic groups, respectively.

• Rate difference=SRd–SRa

• Excess cases (EC)=Σi (Rdi–Rai)×Pdi, where “P” represents the populations at risk, and subscript “i” represents the age groups.

• Proportion attributable risk (PAR)=EC/ΣiRdi×Pdi

• Cumulative EC=Σt ECt, where “t” represents the time periods.

• Cumulative PAR=Σt ECt/Σt Σi (Rdit×Pdit)

CRC Incidence in Urban Texas
We gathered publicly available age-specific (50-79 years) data
on CRC incidence and population at risk, between 1999 and
2018, by race and ethnicity in the 4 largest metropolitan
statistical areas (MSAs) in Texas (centered in Austin, Dallas,
Houston, and San Antonio). Uncensored data for this age range
are publicly available at the level of 5-year age groups for
Hispanic/Latino (all racial groups combined), non-Latino Black
or African American (Black), and non-Latino White (White)
populations. CRC data for Asian Pacific Islanders are not
available for 5-year age groups but are available for the
aggregate 50-79–year-old population. Data for American
Indians/Alaska Natives are not available [30].

We modeled CRC incidence by race-ethnicity and 5-year age
group for the 4 MSAs combined using surveil’s Poisson
first-difference models. We calculated age-standardized rates
using direct age-standardization and the 2000 US standard
million population [12]. While remaining cognizant of data
limitations, we also modeled age-specific (50-79 years) CRC
incidence with Poisson first-difference models in order to
examine CRC risk among Asian Pacific Islander residents.

We examined rates of change by calculating the average annual
percent change (AAPC) per 4-year period. The sole purpose of
aggregating to 4-year periods is to stabilize the estimates. We
measure Black-White inequality by the rate difference (RD),
PAR, and ECs. Probability distributions for all quantities of
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interest were obtained using MCMC analysis. For each model,
we drew 6000 samples from each of 4 MCMC chains, discarding
the first 3000 samples of each chain as warm-up. Before
analyzing the results, we confirm that MCMC samples converge
on a single distribution using the split R-hat statistic and that
MCMC SEs are sufficiently small [11]. We summarize posterior
distributions using the mean and 95% CI.

Results

Aggregate MSA Trends
CRC incidence declined substantially between 1999 and 2018
(Figure 1 and Table 1). Age-standardized CRC risk declined

31% (95% CI –37% to –25%) for Black adults from a rate per
100,000 of 188 (95% CI 176-201) in 1999 to 129 (95% CI
123-136) in 2018. CRC risk among White adults decreased by
35% (95% CI –38% to –31%), from 144 per 100,000 (95% CI
140-150) in 1999 to 94 (95% CI 91-98) in 2018. Among Latino
adults, CRC risk decreased by 17% (95% CI –23% to –11%),
from 116 (95% CI 109-123) in 1999 to 96 (95% CI 92-100) in
2018. Results from the age-specific models (Table 2), while
subject to some amount of confounding by age, indicate that
CRC risk was lower for Asian Pacific Islanders than for the
other groups examined and that Asian Pacific Islanders
experienced the smallest cumulative change in risk (if any),
which was –11% (95% CI –25% to 3%).

Figure 1. Age-standardized incidence rates of colorectal cancer (CRC) per 100,000 by race-ethnicity among adults aged 50-79 years between 1999
and 2018 in 4 Texas metropolitan statistical areas.

Table 1. Levels and cumulative percent change of age-standardized risk of colorectal cancer (CRC) per 100,000 among adults aged 50-79 years, in
Texas’s 4 largest metropolitan statistical areas between 1999 and 2018.

Percent (%) change (95% CI)Age-standardized CRC risk in 2018, risk
(95% CI)

Age-standardized CRC risk in 1999, risk
(95% CI)

–31 (–37 to –25)129 (123 to 136)188 (176 to 201)Black

–17 (–23 to –11)96 (92 to 100)116 (109 to 123)Latino

–35 (–38 to –31)94 (91 to 98)144 (140 to 150)White
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Table 2. Levels and cumulative percent change of age-specific risk of colorectal cancer (CRC) per 100,000 among adults aged 50-79 years (not
age-standardized), in Texas’s 4 largest metropolitan statistical areas between 1999 and 2018.

Percent (%) change (95% CI)Non–age-standardized CRC risk in 2018, risk
(95% CI)

Non–age-standardized CRC risk in 1999, risk
(95% CI)

–11 (–25 to 3)67 (61 to 73)75 (66 to 88)Asian Pacific Islander

–28 (–34 to –22)122 (115 to 128)170 (160 to 182)Black

–16 (–22 to –9)86 (83 to 90)103 (97 to 109)Latino

–30 (–34 to –26)95 (91 to 98)135 (130 to 140)White

AAPC by 4-year period shows that the most rapid progress on
CRC prevention was achieved (roughly) between 2003 and
2014, and that progress appears to have stalled since then (Figure
2). For example, from 2007 to 2010, AAPC for Black, Latino,
and White residents, respectively, was –3.7 (95% CI –5.5 to
–1.5), –2.2 (95% CI –3.9 to –0.5), and –3.7 (95% CI –4.9 to
–2.4). Of these 3 groups, none experienced any robust reduction
in CRC risk over the most recent period (2015-2018).

By multiple measures, aggregate Black-White inequality
increased between 1999 and 2008 and then decreased or
stabilized by 2018 (Figure 3). The RD increased from 44 per
100,000 (95% CI 30-57) in 1999 to 58 (95% CI 49-67) by 2008
and then decreased to 35 (95% CI 28-43) by 2018. Expressed

in relative terms as a percentage of total risk among Black adults
(PAR), the Black-White gap increased from 25% (95% CI
19%-30%) in 1999 to 35% (95% CI 31%-38%) in 2008 and
then decreased to 28% (95% CI 23%-32%) by 2018.
Cumulatively, the Black-White gap accounts for 3983 CRC
cases (95% CI 3746-4219) or 31% (95% CI 29%-32%) of CRC
incidence among Black residents aged 50-79 years. The EC
count is a function of both the RD and size of the population at
risk; owing to a combination of Black population growth and
the persistence of the Black-White gap, the annual number of
excess cases increased from 117 (95% CI 85-150) in 1999 to
230 (95% CI 183-276) in 2018. These represent the number of
cases that would have been avoided had the level of risk for
Black residents equaled that of White residents each year.

Figure 2. Average annual percent change (AAPC) in age-standardized incidence rates of colorectal cancer (CRC) by 4-year period between 1999 and
2018.

Figure 3. Black-White inequality in the incidence rates of colorectal cancer between 1999 and 2018: rate difference per 100,000, proportion attributable
risk, and excess cases.
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Discussion

Methodological Contributions
Monitoring disease incidence is a crucial public health task.
The ubiquitous JRM method has notable shortcomings,
including linearity constraints and overconfident SEs. This paper
presents a parsimonious methodology grounded in Bayesian
time-series analysis and accessible through the surveil R
package. The package also returns probability distributions for
annual and cumulative percent change, measures of pairwise
inequality, and the Theil inequality index. Using standard
MCMC analysis techniques, users may also conduct inference
on any user-defined quantity of interest that is a function of
model parameters, such as the AAPC. This project aims to make
Bayesian analysis accessible to a wider range of researchers
while making robust analyses of health inequality integral to
surveillance research. The Poisson models discussed here are
appropriate for “rare” events (generally, rates of <0.04).
Binomial models for nonrare events are also implemented in
surveil. The models are designed for the analysis of data from
high-quality surveillance or vital statistics systems that have
been aggregated across evenly spaced time periods.

CRC Prevention Priorities
Between 1999 and 2013, robust CRC risk reduction occurred
for White and Black residents, the highest-risk racial-ethnic
groups for which data are publicly available, while more modest
progress was achieved for Latino and Asian Pacific Islander
populations. Excess CRC risk among Black adults is the most
burdensome and urgent health inequality identified in this
analysis. Black-White inequality increased in relative terms
before falling toward its previous level, while annual excess
cases increased by approximately 190%. From 2015 to 2018,
none of the observed groups experienced any substantial
progress in terms of CRC risk reduction.

CRC screening by colonoscopy can prevent CRC through the
removal of precancerous polyps [31]. Organized CRC screening
programs implemented by, respectively, the state of Delaware
and Kaiser Permanente Northern California were followed by

substantial reductions in CRC incidence and the practical
elimination of Black-White differences in CRC incidence rates
[32,33]. New York’s Citywide Colon Cancer Control Coalition
(C5) provides a third example of an effective and equitable CRC
screening program. The C5 effort included, among other things,
a public advertising campaign to promote colonoscopy, a patient
navigation system, and a voluntary colonoscopy quality
improvement initiative with 230 participating gastroenterologists
[34].

Given claims that racial segregation is a driver of Black-White
cancer inequalities [35-37], it would be insightful and useful to
learn how much of the Black-White gap in metropolitan Texas
is accounted for by segregated and high-poverty areas. Ongoing
research aims to address important limitations of this analysis
using the geostan R package—surveil’s spatially oriented
companion for public health research [38,39].

Limitations
Major limitations of this analysis include the absence of data
by social class or income, aggregation of data across distinct
MSAs, exclusion of the El Paso metropolitan area, and exclusive
focus on the highest-risk age groups.

Conclusions
Public accountability for public health goals requires routine
monitoring of health outcomes and inequalities. surveil can help
health agencies and the public in defining goals and monitoring
outcomes. Our analysis of CRC incidence in 4 Texas MSAs
finds that prevention progress has stalled and that little to no
progress on Black-White CRC inequality was achieved from
1999 to 2018. Texans have voted twice—first in 2007, and again
in 2019—to establish and fund CPRIT, making cancer
prevention a public priority. CPRIT recently identified ending
cancer disparities as a priority [15]. Initiation of a new period
of robust and widespread CRC prevention and closure of the
Black-White gap warrant urgent attention from the Texas Cancer
Plan as well as Texas cancer researchers. Ambitious and
well-resourced CRC screening initiatives have succeeded
elsewhere and may provide important lessons for Texas.
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Abstract

Background: The COVID-19 Delta variant has presented an unprecedented challenge to countries in Southeast Asia (SEA).
Its transmission has shown spatial heterogeneity in SEA after countries have adopted different public health interventions during
the process. Hence, it is crucial for public health authorities to discover potential linkages between epidemic progression and
corresponding interventions such that collective and coordinated control measurements can be designed to increase their
effectiveness at reducing transmission in SEA.

Objective: The purpose of this study is to explore potential linkages between the spatiotemporal progression of the COVID-19
Delta variant and nonpharmaceutical intervention (NPI) measures in SEA. We detected the space-time clusters of outbreaks of
COVID-19 and analyzed how the NPI measures relate to the propagation of COVID-19.

Methods: We collected district-level daily new cases of COVID-19 from June 1 to October 31, 2021, and district-level population
data in SEA. We adopted prospective space-time scan statistics to identify the space-time clusters. Using cumulative prospective
space-time scan statistics, we further identified variations of relative risk (RR) across each district at a half-month interval and
their potential public health intervention linkages.

Results: We found 7 high-risk clusters (clusters 1-7) of COVID-19 transmission in Malaysia, the Philippines, Thailand, Vietnam,
and Indonesia between June and August, 2021, with an RR of 5.45 (P<.001), 3.50 (P<.001), 2.30 (P<.001), 1.36 (P<.001), 5.62
(P<.001), 2.38 (P<.001), 3.45 (P<.001), respectively. There were 34 provinces in Indonesia that have successfully mitigated the
risk of COVID-19, with a decreasing range between –0.05 and –1.46 due to the assistance of continuous restrictions. However,
58.6% of districts in Malaysia, Singapore, Thailand, and the Philippines saw an increase in the infection risk, which is aligned
with their loosened restrictions. Continuous strict interventions were effective in mitigating COVID-19, while relaxing restrictions
may exacerbate the propagation risk of this epidemic.

Conclusions: The analyses of space-time clusters and RRs of districts benefit public health authorities with continuous surveillance
of COVID-19 dynamics using real-time data. International coordination with more synchronized interventions amidst all SEA
countries may play a key role in mitigating the progression of COVID-19.

(JMIR Public Health Surveill 2022;8(8):e35840)   doi:10.2196/35840
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Introduction

COVID-19 is a global epidemic caused by SARS-CoV-2.
SARS-CoV-2 is highly contagious as it easily spreads across
humans, animals, and the environment via contact, droplets,
air, fomites, and other transmission modes [1]. In December
2019, COVID-19 was first identified in Wuhan, a transportation
and communication hub located in central China, and rapidly
spread to surrounding regions in China. Although governments
took a certain level of precautions and control regulation,
international cases managed to emerge along with significant
outbreaks worldwide. As of December 12, 2021, the disease
had infected over 200 million people worldwide [2].

Countries in Southeast Asia (SEA) saw unprecedented
challenges in health and social care systems, tourism, trade, and
the service industry with the outbreak of COVID-19 [3]. Many
countries in SEA made efforts to recover the economy during
late 2020 and early 2021 by progressively easing lockdowns
and strengthening export orders, but they were hammered by
the wave of the new COVID-19 Delta variant [4]. The Delta
variant is estimated to be 2 or even 4 times more transmissible
than the original virus, with a reproductive number (R0) over
5, which means that more than 5 people can be further infected
by each infected individual [5]. Since April 2021, SEA observed
an exponential increase in new cases due to the Delta variant
and has become an emerging hotspot of COVID-19 [6]. This
new outbreak of the Delta variant heavily burdened national
and international business in SEA. Interruption of the supply
chain of many products (eg, garments, automobile parts,
semiconductors) had a substantial impact on the manufacturing
industries in SEA, especially for countries relying on them (ie,
Vietnam, Malaysia, Thailand, Indonesia, and the Philippines)
[4]. Due to these economic pressures, a growing number of
countries in SEA planned to live with the virus and adjusted
their public health intervention policies. [7]. Under this
circumstance, monitoring outbreaks and identifying the
space-time clusters of infection have become significant for a
coordinated response to the epidemic in SEA.

Spatiotemporal analysis has been widely used in research of
COVID-19 propagation to illustrate the characteristics and
mechanism of COVID-19 spatial propagation. It can provide
public health authorities with important information about the
pandemic to enable better management under the situation
[8-10]. Among diverse spatiotemporal methods, space-time
scanning is one of the most popular methods adopted by many
studies to explore spatiotemporal clusters in different regions
worldwide, such as Mainland China [11], the United States [12],

Mexico [13], Spain [14], Malaysia [15], Bangladesh [16], Brazil
[17], and South Korea [18]. In SEA, previous studies have
applied this analysis to investigate the first wave of COVID-19
cases [19,20]. However, these studies have mainly focused on
each individual country without exploring propagation patterns
and progression characteristics with collective public health
interventions at the regional scale. Previous research has shown
that regional coordination could interrupt the transmission of
COVID-19 in an effective way [10,17,21-23]. To contain the
emerging epidemic of COVID-19 and minimize its risk,
countries in SEA have deployed various preventive and
containment measures, such as lockdowns, social distancing
restrictions, and mandatory tracking and trace methods [24,25].

Delta variant transmission has shown significant spatial
heterogeneity in SEA because different countries adopted
different interventions as the virus spread. Hence, this paper
aims to identify the space-time clusters of outbreaks of
COVID-19 caused by the SARS-CoV-2 Delta variant in SEA.
We utilized district-scale daily confirmed cases of 7 SEA
countries from June to October 2021 to identify the active and
emerging clusters of the disease and summarized relative
policies to investigate the potential linkage between government
interventions and pandemic progression. Our work will
contribute to regional surveillance of COVID-19 progression
in SEA and provides essential information about COVID-19
propagation to public health authorities, which is beneficial for
timely policymaking according to the dynamic COVID-19
situation.

Methods

Study Areas and Relevant Interventions
Our study focused on the COVID-19 Delta variant in SEA. Due
to the constraint of relevant data availability, we were only able
to include 7 countries, namely (1) Indonesia, (2) Malaysia, (3)
the Philippines, (4) Singapore, (5) Thailand, (6) Vietnam, and
(7) Brunei, as they disclosed data of daily confirmed cases at a
district level. During the second COVID-19 outbreak caused
by the Delta variant, the dynamic of interventions implemented
by different countries along the way may have caused a
fluctuation in transmission. For example, Thailand, Singapore,
Malaysia, the Philippines, and Vietnam began to relax their
restrictions around August 2021, which may have caused
significant changes in the pandemic patterns (Table 1). The
diverse policies will help explain the progression and
transmission of the Delta variant of COVID-19 in the following
analysis. The interventions were aggregated by the Center for
Strategic & International Studies (CSIS) [26].
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Table 1. Major public health interventions in SEAa,b.

InterventionsDuration

Indonesia

Micro community activity restrictions (Pemberlakuan Pembatasan Kegiatan Masyarakat [PPKM] in Indonesian)
implemented, which include guidance on travel, work-from-home policies, online teaching, the restaurant in-
dustry, and gatherings

June 1-14, 2021

Community activity restrictions (ie, the PPKM) extendedJune 14-28, 2021

Emergency public activity restrictions implemented across Java and BaliJuly 2-20, 2021

The PPKM extended covering the entire countryJuly 7-September 20, 2021

COVID-19 restrictions relaxedAugust 31-September 6, 2021

COVID-19 restrictions eased for tourists across most of JavaSeptember 7-October 31, 2021

Community restrictions extended in Java and BaliOctober 5-18, 2021

PPKM restrictions eased to level 2 in Jakarta and TangerangOctober 19-31, 2021

Thailand

Nationwide emergency imposedJuly 17-September 30, 2021

Tighter restrictions imposed, including travel curbs, curfews, and travel from other regionsAugust 1-31, 2021

Lockdown measures extended for 2 weeksAugust 16-30, 2021

The country’s strategy to shifted “learning to live with COVID-19” by relaxing some restrictions and reopening
its borders to vaccinated visitors gradually

August 23-October 31, 2021

Domestic flights from and to Bangkok and other high-risk areas allowed to resumeSeptember 1-October 31, 2021

Restrictions in dark-red provinces (highest-risk regions) easedOctober 1-31, 2021

Curfew shortenedOctober 16-31, 2021

Singapore

Indoor dining resumedJune 21-July 22, 2021

Returned to phase 2 (heightened alert) status, putting in place enhanced restrictions, including limiting social
gatherings to 2 people and banning indoor and outdoor dining

July 22-August 8, 2021

Restrictions relaxed for fully vaccinated peopleAugust 8-September 27, 2021

Workforce allowed to return to their officesAugust 19-September 27, 2021

Border restrictions easedAugust 20-October 31, 2021

Nationwide booster shot campaign further strengthenedSeptember 14-October 31, 2021

In-person gathering limited from 5 to 2 people but border restrictions further eased for fully vaccinated peopleSeptember 27-October 31, 2021

Malaysia

Nationwide lockdown implementedJune 1-28, 2021

Lockdowns in Kelantan, Pahang, Perak, Perlis, and Terengganu relaxedJuly 3-September 14, 2021

Extending the country’s state of emergency endedAugust 1-October 31, 2021

Restrictions further loosened in Perlis, Sarawak, and LabuanAugust 2-September 14, 2021

Some restrictions relaxed for fully vaccinated people in 8 statesAugust 8-September 14, 2021

Social distancing measures loosened for outdoor sports and in-person dining for fully vaccinated peopleAugust 21-September 14, 2021

Travel, dining, and tourism restrictions relaxed in Kuala Lumpur, Selangor, and PutrajayaSeptember 10-14, 2021

Creative industry reopenedSeptember 9-October 31, 2021

COVID-19 lockdown restrictions further easedSeptember 14-October 1, 2021

Movement restrictions relaxedOctober 1-31, 2021

The Philippines

Travel restrictions extended on inbound travelers coming from India and 6 other countriesJune 1-30, 2021

Movement restrictions in the capital and surrounding provinces extendedJune 29-July 15, 2021
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InterventionsDuration

Travel from Malaysia and Thailand suspended, restrictions in the Manila area tightenedJuly 25-31, 2021

Ban on travelers from India, Pakistan, Bangladesh, Sri Lanka, Nepal, the UAE, Oman, Thailand, Malaysia,
and Indonesia extended

August 13-31, 2021

Reverted to the strictest level of lockdown in Metro ManilaAugust 6-20, 2021

COVID-19 restrictions eased in the Manila capital regionAugust 21-31, 2021

Movement restrictions extended in ManilaSeptember 7-15, 2021

Wide-scale restrictions eased in Manila despite direct warnings from the World Health Organization (WHO)
against reopening certain businesses

September 16-October 1, 2021

Movement restrictions eased in the Manila capital regionOctober 1-31, 2021

Curfew hours shortened in Metro ManilaOctober 13-31, 2021

Alert level lowered in the National Capital Region from level 4 to 3October 16-31, 2021

Vietnam

Social distance measures extended in Ho Chi Minh CityJune 14-30, 2021

2-week lockdown implemented in Ho Chi Minh CityJuly 7-21, 2021

2-week lockdown imposed in 16 southern provincesJuly 18-August 1, 2021

Social distancing requirements extended in Ho Chi Minh CityAugust 15-September 15, 2021

COVID-19 restriction extended in Ho Chi Minh CitySeptember 16-30, 2021

Lockdown restrictions eased in several provincesSeptember 23-October 31, 2021

Select economic activities resumed in Ho Chi Minh CityOctober 1-31, 2021

Coach buses to resume operations allowed in Ho Chi Minh City between the city and nearby provincesOctober 13-31, 2021

Risk level reduced in Ho Chi Minh CityOctober 15-31, 2021

Brunei

COVID-19 restrictions implementedAugust 8-October 3, 2021

Travel restrictions to and from India, Nepal, Sri Lanka, Pakistan, and Bangladesh extendedSeptember 1-15, 2021

Movement restrictions tightenedOctober 4-17, 2021

Nightly curfew extendedOctober 13-31, 2021

aSEA: Southeast Asia.
bNote that up to October 31, 2021, some of the interventions were still continuously effective. We therefore defined the ending date of the duration of
such interventions as the last day of our study period.

COVID-19 Daily Cases and Populations
We obtained or extracted data of COVID-19–confirmed cases
from the official websites of public health authorities in the 7
countries and Johns Hopkins University's Center for Systems
Science and Engineering GIS dashboard (Table 2). From March
to May 2021, the 7 countries in SEA successively identified the
Delta variant, which dominated mass infections in the next few
months (Table 3) [27-33]. Figure 1 shows the substantial growth
of confirmed cases of COVID-19 in the 7 countries from June
2021, and most of the countries experienced apparent

fluctuations of daily confirmed cases from June to October
2021. Therefore, we adopted data from June 1 to October 31,
2021, which is the approximate date of the second COVID-19
outbreak in these 7 countries in SEA. We aggregated the data
at the first administrative level, except for those in Singapore
and Brunei, which were aggregated at the country level,
considering the similar magnitude of area and population in
each analytic unit. We obtained or extracted population data
from statistical reports and yearbooks from those countries
(Table 2).
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Table 2. Collected data and their sources.

Population sourceCase sourceCountry

Statistics Indonesia [35]KAWALCOVID19 and the National Board of Confirmed Case Devel-
opment [34]

Indonesia

Department of Statistics Malaysia [37]Official data on the COVID-19 epidemic in Malaysia [36]Malaysia

Philippine Statistics Authority [39]Department of Health, the Philippines [38]The Philippines

Department of Statistics, Singapore [41]Ministry of Health, Singapore [40]Singapore

National Statistical Office of Thailand [43]Ministry of Public Health, Department of Disease Control Situational
Reports [42]

Thailand

Department of Economic Planning and Statistics [45]Johns Hopkins University’s Center for Systems Science and Engineering
COVID-19 data [44]

Brunei

General Statistics Office of Vietnam [47]Ministry of Health, Vietnam [46]Vietnam

Table 3. Month of identification of the Delta variant in 7 countries.

Month of first confirmed case of Delta variantCountry

March 2021Indonesia

May 2021Thailand

April 2021Singapore

May 2021Malaysia

May 2021The Philippines

April 2021Vietnam

August 2021Brunei

Figure 1. Daily confirmed new COVID-19 cases in Southeast Asia (SEA) from January 1 to October 31, 2021.

Space-Time Scan Statistical Analysis
To explore emerging and active space-time clusters of
COVID-19 cases in SEA, we conducted prospective space-time
scan statistical analysis using SaTScan version 9.6 [48], which
is often used to detect spatial clusters of infectious diseases
[49,50]. Using space-time scan statistics, we identified and
mapped significant clusters of the Delta variant in SEA,

considering the uneven distribution of population size. The
space-time scan statistics adopted a cylinder to detect potential
space-time clusters in SEA, which can cover each possible
location, size, and period [51]. For each cylinder, the base
represented space, the height represented time, and the center
represented the centroids of study units throughout SEA. The
size of the cylindrical window was expanded until reaching
specific maximum spatial and temporal upper bounds, which
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were set to 10% of the population risk and 50% of the study
period, respectively, in this study. We set the minimum duration
of each cluster to 2 days for surveillance of the continuously
existing clusters. The minimum number of cases in each cluster
was set to 3 in order to ensure that there must be at least 3 cases
in each cluster.

We assumed that the COVID-19 cases follow a Poisson
distribution according to the population of study units in SEA.
The null hypothesis (H0) indicates that the model reflects
infection of COVID-19 having a constant intensity μ within or
outside the cylinder, which is proportional to the at-risk
population. The alternative hypothesis (HA) indicates that the
observed cases are more than expected cases, which reflects an
increased risk within a cylinder. Expected cases were calculated
by Equation (1) [12]:

where p represents the population within a study unit, C
represents the total COVID-19 cases in our study area (ie, 7
countries in SEA), and P represents the total estimated
population within our study area.

A maximum likelihood ratio test was performed to evaluate the
null and alternative hypotheses. It identified scanning windows
with an elevated risk for COVID-19, which was defined by
Equation (2) [17,52]:

where L(Z) represents the likelihood function for cylinder Z, L0

represents the likelihood function for H0, nZ represents the
number of COVID-19 cases in a cylinder, μ(Z) represents the
number of expected cases in cylinder Z, and N represents the
total number of observed cases for the 7 countries in SEA across
all periods. When the likelihood ratio is greater than 1, there is
an elevated risk in the cylinder, and the cylinder with the
maximum likelihood ratio should be the most likely cluster.

The relative risk (RR) of COVID-19 was assumed homogeneous
throughout different districts within the same cluster. To make
the results more reasonable, we calculated the RR for each study
unit within a cluster to explore the spatial heterogeneity of the
RR of COVID-19, as given by Equation (3) [53]:

where c represents the total number of COVID-19 in a study
unit, e represents the total number of expected cases in a study
unit, and C represents the total number of observed cases in the
7 countries of SEA. The formula indicates that the RR represents
the estimated risk in a study unit, divided by the risk outside
that unit. Specifically, if a location (cluster or study unit) has
an RR of 3, the population within the location is three times
more likely to be exposed to COVID-19 infection than its
outside. The high-risk clusters are characterized by higher
observed than expected COVID-19 cases (RR>1), while the
low-risk clusters are characterized by higher expected than
observed COVID-19 cases (RR<1).

The following sections reveal significant emerging clusters of
COVID-19 cases in 7 countries of SEA from June 1 to October
31, 2021. Considering that some SEA countries (eg, Malaysia,
the Philippines, Singapore, Thailand) started loosening their
restrictions from August 2021, along with strengthening their
vaccination plan, we divided the timeline into 2 parts (ie, June
1-August 31, 2021, and June 1-October 31, 2021) in order to
identify the dynamics of the clusters. Additionally, we explored
the variation in the RR across each district in each half-month,
which is approximately equal to the incubation period of an
infection [54], using a cumulative half-month prospective
scanning approach. Next, we compared the interventions with
the discovered space-time characteristics to identify the potential
linkage between political intervention and the progression of
the Delta variant of COVID-19.

Results

Dynamics of District-Level Merging Clusters in SEA

Results From June 1 to August 31, 2021
As shown in Table 4, 14 significant space-time clusters were
identified from June 1 to August 31, 2021, in SEA, including
7 (50%) high-risk clusters (RR>1) and 7 (50%) low-risk clusters
(RR<1). Most of the high-risk clusters emerged between
mid-July and late August 2021, which means the situation of
COVID-19 in SEA became severe during this period.
Specifically, cluster 1 was the most likely, and a transnational
cluster, containing 39 (83%) high-risk districts (RR>1) out of
47 districts of Malaysia and Thailand. This cluster had the
highest RR of 5.45, which means people in this cluster were
5.45 times more likely to be exposed to COVID-19 than in other
regions. Similarly, cluster 2 had an RR of 5.62 and contained
2 districts of Vietnam, namely Binh Duong and Ho Chi Minh
City. Another transnational cluster was cluster 4, with an RR
of 3.50, containing 6 districts of Malaysia, Indonesia, and
Brunei. Additionally, north Thailand and the north Philippines
also emerged as high-risk clusters from July 22 to August 31,
2021, and from August 11-31, 2021, respectively. There were
also 2 clusters emerging in Indonesia, and they contained only
1 district, which was Jakarta, with an RR of 2.38, and Daerah
Istimewa Yogyakarta (DIY), with an RR of 3.88. In addition,
3 high-risk clusters in Indonesia revealed that the population
within a number of regions in Indonesia was more likely to be
exposed to COVID-19 compared to other regions in SEA during
this period. Additionally, there were 7 low-risk clusters
distributed across other regions of SEA (eg, north of Vietnam,
south of the Philippines, and some other districts of Indonesia),
which means the population within these clusters was less likely
to be exposed to COVID-19. Note that cluster 10, with an RR
of 0.60, contained 2 high-risk districts of the Philippines (ie,
region VII, with an RR of 1.07, and region X, with an RR of
1.08). Figure 2 shows the distribution of each cluster. There
were a number of small-scale clusters in south Indonesia, while
the largest-scale cluster appeared across southern Thailand and
north Malaysia. From the results, the Delta variant of COVID-19
had a wider influence in Malaysia and Indonesia in the early
phase, while some regions in Vietnam and the Philippines had
relatively high risk as well.
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Table 4. Space-time clusters of COVID-19 from June 1 to August 31, 2021.

Districts (RR>1), n (%)RRaExpectedObservedP valueTotal districts, NDuration (days)Cluster

39 (83)5.45b278,375.061,246,176<.00147July 17-August 311

2 (100)5.62b55,874.66300,418<.0012July 18-August 312

00.03223,562.036335<.00130July 17-August 313

4 (67)3.50b53,834.73184,097<.0016July 22-August 314

3 (100)2.30b87,355.91196,693<.0013August 11-315

1 (100)2.38b52,481.33123,567<.0011 (Jakarta)July 17-August 316

1 (100)3.45b18,229.2862,476<.0011 (DIYc)July 17-August 317

00.3179,338.9924,861<.0013August 7-318

00.45130,362.2859,194<.0011 (Jawa Barat)August 7-319

2 (18)0.60259,719.07158,665<.00111July 17-August 3110

00.2755,221.5815,132<.0011 (Jawa Tengah)August 18-3111

00.3674,674.8526,939<.0011 (Jawa Timur)August 15-3112

00.4541,030.6018,415<.0014August 15-3113

11 (79)1.36b60,927.0982,443<.00114July 22-August 3114

aRR: relative risk.
bHigh-risk clusters.
cDIY: Daerah Istimewa Yogyakarta.

Figure 2. Spatial distribution of space-time clusters of COVID-19 from June 1 to August 31, 2021. RR: relative risk.
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Results From June 1-October 31, 2021
In total, 11 significant clusters were detected from June 1 to
October 31, 2021, which was 3 less than the early phase. Among
the 11 clusters, there were only 4 (36%) high-risk clusters
(RR>1), decreasing from 7 in the previous period (Table 5).
The most likely cluster was the same as in the previous period,
which covered partial districts of Thailand and Malaysia. The
RR of cluster 1, however, decreased from 5.45 to 3.91 in this
period, while the number of high-risk districts increased from
39 to 45, which implies that more districts were affected by
COVID-19. Cluster 2 was also the same as in the previous
period, containing Binh Duong and Ho Chi Minh City. In
addition, cluster 7 evolved from cluster 4 in the previous period,
with the exclusion of Kalimantan Timur. The RR of this cluster

increased from 3.50 to 4.62, indicating that people in this cluster
were more likely to be infected in this period. Similarly, the
Cordillera Administrative Region, region II, and region I merged
with 1 high-risk cluster in the north Philippines and formed a
larger cluster. The rest of the clusters were low-risk clusters
with RR<1. Figure 3 visualizes the distribution of clusters in
this period, which shows directly that some of the clusters
remained between 2 continuous periods, while a number of
clusters in the previous period disappeared and some new
clusters appeared in this period. Especially in Indonesia,
high-risk clusters in Jakarta and DIY disappeared, which
emerged as low-risk clusters with other districts. Overall, the
space-time scan statistic results show the transmission and
dispersal of the Delta variant of COVID-19 in SEA from 2
different periods.

Table 5. Space-time clusters of COVID-19 from June 1 to October 31, 2021.

Districts (RR>1), n (%)RRaExpectedObservedP valueTotal districts, NDuration (days)Cluster

45 (96)3.91b421,090.261,441,175<.00147August 17-October 311

2 (100)5.52b86,398.28456,029<.0012August 17-October 312

00.04355,228.4913,724<.00133August 17-October 313

4 (100)0.09357,601.2534,492<.0014August 28-October 314

00.06315,097.5119,419<.0011 (Jawa Barat)August 27-October 315

00.11342,621.7337,326<.0018August 27-October 316

4 (80)4.62b63,058.92283,690<.0015August 17-October 317

00.09260,017.4124,989<.0011 (Jawa Tengah)August 21-October 318

6 (100)2.08b366,113.53728,003<.0016August 17-October 319

00.12145,558.6317,783<.0018September 3-October 3110

00.44136,535.5860,614<.00110October 4-3111

aRR: relative risk.
bHigh-risk clusters.
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Figure 3. Spatial distribution of space-time clusters of COVID-19 from June 1 to October 31, 2021. RR: relative risk.

Temporal Progression of the RR of COVID-19 in SEA
Figure 4 presents changes in the district RR of COVID-19 in
SEA between 2 outbreak periods, June 1-August 31 and June
1-October 31, 2021. Overall, this temporal change in the RR
manifests different space-time characteristics in terms of
COVID-19 progression before and after the countries changed
their intervention strategies in handling COVID-19 in July and
August 2021. Among the 7 countries in SEA, Indonesia was
the only one that showed an overall positive trend of a
decreasing RR in every district, while alarming changes of an
increasing RR were frequently seen in the other 6 countries,
especially in Singapore, the Philippines, Malaysia, and Vietnam.

Specifically, all districts of Indonesia observed a decrease in
the RR to different extents. Although the RR in most districts
of Indonesia slightly decreased by 0.05-0.5, the other 5 districts
(ie, Jakarta, DIY, Kalimantan Utara, Kalimantan Timur, and
Kepulauan Riau) manifested a rather significant decrease
(≤–0.5), in which the highest difference (–1.4) between the 2
periods was seen in Jakarta, the capital of Indonesia. Note that
Jakarta was one of the major emerging risk districts early in the
second outbreak and still faced a relatively high RR (2.79) until
the end of our study period. On the contrary, the RR of all
districts in the Philippines increased between the 2 outbreak
periods, indicating an overall deterioration in the risk impact

of COVID-19. Fortunately, among a total of 17 districts in the
Philippines, 14 (82%) showed minor increases (≤0.5). The other
3 districts, namely the National Capital Region, region II, and
the Cordillera Administrative Region, manifested an increase
from 0.59 to 1.23. Meanwhile, no significant increase (>1.5)
was observed, indicating that the most severe variation in the
RR did not occur in the Philippines.

Other countries including Singapore, Malaysia, Brunei,
Thailand, Vietnam, in contrast, showed a variety of RR changes
in different districts, approximately half of which (n=39, 51%)
showed increases in the RR, and half decreased among the 77
districts in Thailand. It is obvious that coastal areas in the south
of the country faced a more elevated RR than inland areas in
the central, eastern, and northern districts. The RR in almost all
districts in Vietnam slightly changed, ranging from –0.08 to
0.28, except for 3 connected cities (ie, Dong Nai: 0.63, Ho Chi
Minh City: 0.72, and Binh Duong: 1.73). As for Malaysia, 10
(63%) of 16 districts showed an increase in the RR and took up
a major proportion of the country. Labuan and Kuala Lumpur
observed the most obvious decrease among SEA districts. It
should be noted that they were also the districts most severely
threatened by COVID-19 risks early in the study period (RR>10)
and had the relatively highest RR in SEA until the end of the
study. Additionally, Singapore saw an increased RR of 1.43.
The RR in Brunei also increased but still remained less than 1.
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Figure 4. Changes in the relative risk (RR) of COVID-19 (district level) between two periods (June 1-August 31 and June 1-October 31, 2021).

Furthermore, we detected progression of the RR at a half-month
interval, and a sum of 10 intervals was used to illustrate the
progression of the Delta variant from June to October 2021
(Figures 5-9). In the first half of June 2021, elevated risks were
identified in the middle south of Thailand, many states in
Malaysia, and many districts in the Philippines, while 70%
(44/63) of the districts in Vietnam manifested RR=0 during this
period (Figure 5). These patterns revealed that the potential new
wave of the pandemic was more likely to emerge in those
high-risk districts. From then on, the Delta variant spread in
SEA, and the capital areas of several countries were severely
affected in SEA (eg, Bangkok Metropolis and surrounding areas,
Kuala Lumpur and surrounding areas, Jakarta and surrounding
areas). On the contrary, the RR in the Manila capital region in
the Philippines decreased (Figure 6). By the middle of August
2021, Thailand had been influenced by the expansion of

COVID-19, and most districts showed an elevated risk.
Additionally, most high-risk areas in the previous months
remained severe during this time, although the RR of some
districts slightly declined (eg, Bangkok, Samut Sakhon, Jakarta,
Riau, Sarawak). This phenomenon also reflected a high infection
capability of the Delta variant (Figure 7). In the next 1.5 months
(ie, August 15-September 30, 2021), the situation in Indonesia
improved. North Philippines, however, showed an increased
RR on September 15, 2021 (Figures 7 and 8). In the next month,
the RR of Singapore increased from 0.44 to 1.53, and the RR
of northern Malaysia and southern Thailand worsened as well
(Figure 9). Up to October 31, 2021, the situation of Thailand,
Malaysia, Singapore, Ho Chi Minh City in Vietnam, and capital
areas in the Philippines was still alarming, and further studies
should focus on this.
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Figure 5. Spatial patterns of progression of the COVID-19 RR in SEA (June 1-15 and June 1-30, 2021). RR: relative risk; SEA: Southeast Asia.
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Figure 6. Spatial patterns of progression of the COVID-19 RR in SEA (June 1-July 15 and June 1-July 31, 2021). RR: relative risk; SEA: Southeast
Asia.
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Figure 7. Spatial patterns of progression of the COVID-19 RR in SEA (June 1-August 15 and June 1-August 31, 2021). RR: relative risk; SEA:
Southeast Asia.
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Figure 8. Spatial patterns of progression of the COVID-19 RR in SEA (June 1-September 15 and June 1-September 30, 2021). RR: relative risk; SEA:
Southeast Asia.
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Figure 9. Spatial patterns of progression of the COVID-19 RR in SEA (June 1-October 15 and June 1-October 31, 2021). RR: relative risk; SEA:
Southeast Asia.

Discussion

Principal Findings
In this study, we utilized prospective space-time scan statistics
to detect the emerging and existing space-time clusters of
COVID-19 in SEA. We found that most districts in Malaysia
and the Philippines, Ho Chi Minh City and Binh Duong in
Vietnam, the capital and its surrounding areas in Thailand, and
Indonesia exhibited a high risk of COVID-19 transmission in
the early phase (June-August 2021). Space-time clusters and
the RR of districts changed along with the dynamics of
government interventions implemented by each country after
August 2021. Indonesia mitigated the risk of pandemic
transmission throughout the study period. This may be attributed
to the implemented and extended the Pemberlakuan Pembatasan
Kegiatan Masyarakat (PPKM), including policies of mandatory

working from home, guidance on online teaching, and
restrictions of dine-in, social gathering, and interprovince and
international traveling. For example, characterized as the largest
city nationwide with a high population density, Jakarta’s success
in preventing exacerbation of the risk impact of COVID-19 is
most likely to be related to its persistent restrictions and
unchanged strategy toward COVID-19 [55].

In most of the countries where restrictions were not consistent,
the RR showed an increase after they loosened restrictions. For
instance, the Philippines imposed border and movement
restrictions, including the strictest level of lockdown and online
teaching, that managed to mitigate the pandemic RR between
June and August 2021. In contrast, the Manila capital region
temporally eased the movement restriction from August 21 to
31, 2021; reopened restaurants and churches; and replaced a
large-scale coronavirus restriction from September 15, 2021.
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The results showed that the RR in the capital regions of the
Philippines elevated thereafter, and the gradually intensified
risks of districts in the Philippines should receive continuous
attention. Particularly, although a series of regulations and
restrictions, including lockdowns, curfews, and social distancing
measures, had been specifically implemented in Ho Chi Minh
City, the city still manifested overall worsen symptoms. This
may be related to the high contagiousness of the Delta variant
and overloaded health care system in Ho Chi Minh City [56].
In addition, Ho Chi Minh City has a larger population with a
more economic development level than other districts, which
resulted in more infections via contact with a relatively larger
number of crowds. It has been suggested that population density
and contact intensity are the main drivers for the propagation
and amplification of this virus [57]. Moreover, the continuous
high risk in Malaysia was probably because the government
gradually adopted more loose measures than the other countries
in SEA, with its phase development of the National Recovery
Plan since the beginning of our study period. Singapore began
intermittently relaxing social restrictions since early August
2021, and the RR showed an increase since September 2021.

Comparison With Prior Work
To the best of our knowledge, this is the first attempt to use
prospective space-time scan statistics to explore the space-time
progression of the COVID-19 Delta variant outbreak in SEA,
as well as summarize the potential linkage between the epidemic
dynamics and public health interventions. Prior studies have
adopted methods including the time-series forecasting model
and the modified susceptible exposed infected and recovered
(SEIR) model to investigate the risk of COVID-19 propagation
[58,59]. Consistent with the findings of these studies, our study
proved that appropriate nonpharmaceutical interventions (NPIs)
are an effective way to mitigate the transmission of COVID-19,
especially in Indonesia, which implemented multiple
interventions (PPKM). In contrast, loosened restrictions may
increase human mobility and further raise the risk of COVID-19
transmission [60,61]. Our results indicated that easing
restrictions could lead to long-term existence of high-risk
clusters and recurrent high risk in certain districts. Furthermore,
previous studies on modeling linkages between NPIs and
COVID-19 transmission were generally retrospective or
predictive analyses and often focused on a single country
[62-66]. The advantage of this study over prior works is that
we provided a novel insight for timely and cross-nation
surveillance of the dynamics and characteristics of the Delta
variant at the district level in SEA. The perspective space-time
scanning method used in this study can help detect
spatiotemporal dynamics of COVID-19 propagation after the
implementation of interventions in real time, which is beneficial
for adjusting interventions and preventing COVID-19
transmission in time.

Moreover, previous studies have indicated that the propagation
of COVID-19 was influenced by diverse factors. For example,
population density, human movement, and environmental factors
are proven to positively influence the spread of COVID-19
[67-69]. In addition, a severe COVID-19 outbreak is more likely
to occur in regions with poor socioeconomic status [70-72].
Despite this, our study further emphasized the importance of

public health interventions. Hence, we suggested that continuous
strict restrictions are beneficial for epidemic control, especially
for developing regions with weak public health systems and
relatively low vaccination rates. Furthermore, to better
understand the progression of COVID-19 transmission, the
detection of space-time clusters could be adjusted with
covariates, such as income, age, air quality, and vaccination
status, which could improve evaluation of COVID-19
transmission [16,73].

Implications and Recommendations
Public health interventions play an important role in epidemic
containment, in which social restriction policies effectively
mitigate the propagation of COVID-19 [37]. Restrictions of
mass gathering and travel, keeping a social distance, and
reducing human mobility are beneficial to control COVID-19
because these measures can reduce the probability of exposure
to virus infection [74,75]. Our study discovered the potential
linkage between the dynamics of COVID-19 outbreaks and
interventions. This indicated that although continuously strict
restrictions contribute to preventing exacerbation of the
pandemic, temporary or continuous relaxation may result in
acceleration of epidemic propagation. Appropriate restriction
policies are key to preventing the pandemic, because high
transmission of the COVID-19 variant would lead to worse
situations [76]. In addition, if the number of community cases
exceeds imported cases, border restrictions would be less
valuable than domestic measures. In this case, authorities should
emphasize more on domestic intervention in order to reduce
community transmission [77]. Nevertheless, intervention
measures against COVID-19 require adequate resources and
good socioeconomic status. When implementing the
intervention, economic and social justification is one of the
priorities that governments should consider [78]. Hence, it is a
challenge for all countries to weigh the balance between
epidemic development and socioeconomic loss [79].

Considering domestic social and economic status, most countries
in SEA gradually changed their strategies from the elimination
of cases to living with COVID-19 since August 2021 [7]. A
concurrent trend observed in SEA is that all countries except
for Indonesia have been gradually loosening social restrictions,
allowing international communications, while boosting
vaccination to achieve group immunity. For instance, the
Singapore Ministry of Health believes that with the assistance
of a high vaccination rate, the economy and social norms could
be restored without causing uncontrollable disease outbreaks
or breakdown in the hospital system [80]. Vaccination is
increasingly essential to protect the crowd from the exacerbating
threat of morbidity and mortality of this Delta variant and future
variants [81-84]. However, a previous study found that the
effectiveness of available vaccines against the Delta variant
(B.1.617.2) showed a reduction compared to previous virus
variants [85], implying that current vaccination is likely to
become ineffective against future variants [86]. Considering
the fragile health systems in SEA, implementations including
contact tracing, quick isolation, and strict restriction are still
essential to prevent potential future outbreaks [87,88].
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International coordination also plays an important role in
responding to the pandemic. This includes information sharing,
vaccine donation, medical support, and industry cooperation
[89,90]. The Association of Southeast Asian Nations (ASEAN)
countries are advised to exploit the strong socioeconomic
connectivity to adopt collaborative policies in response to
COVID-19. To facilitate cooperation among countries in SEA,
regional surveillance is indispensable as it provides necessary
information about emerging risks in the event of potential
outbreaks due to new variants. This approach supports more
precise prevention and mitigation of COVID-19, thus
minimizing the cost of relevant resources. It was reported that
Singapore and Vietnam provided medical equipment and support
to neighboring countries [3], and we hope that there will be
more multilateral collaborations among countries in SEA,
especially considering the long-term challenges brought about
by emerging new COVID-19 variants.

Limitations
Despite the insights from our study, there are notable limitations
in the COVID-19 data. To begin with, only 7 of 12 countries
provided data at the primary administrative district level, so we
were not able to explore the complete propagation process in
SEA. In fact, many previous studies also faced a shortage or
loss of available data (ie, insufficient pediatrics data) [91-93].
Additionally, although this study and many previous studies
adopted COVID-19 case report data for analysis, these data may
be confounded by underreporting. Due to insufficient testing
data, this study did not account for different spatiotemporal
screening rates [94,95]. In addition, if higher spatial resolution
data were available (ie, city, county, and even block or subzone),

more specific and detailed patterns could be revealed.
Insufficient knowledge of the data or dynamics would lead to
invalidity and unreliability of responses to COVID-19 [96].
Therefore, we strongly suggest that public health authorities in
SEA should disclose more representative and reliable data
[97,98]. Furthermore, although this study focused on the Delta
variant of COVID-19, the data we adopted inevitably included
cases from all variants. Although the Delta variant dominated
the second outbreak in SEA since June 2021, this may result in
uncertainty, in that proportion of cases caused by the Delta
variants were not the same in different countries. Moreover,
COVID-19 transmission and its impacts have shown
environmental inequality in terms of household income,
education level, age, gender, etc [99,100]. The potential
correlation between environmental inequality and COVID-19
should be further studied using diverse data in order to obtain
significant insights into resource allocation and regional
prevention.

Conclusion
The prospective space-time scan statistics revealed the potential
linkages between public health interventions and the risk of the
Delta variant of COVID-19 transmission. Regions that
continuously adopted strict restrictions have witnessed a
decreasing risk of pandemic progression, whereas some
countries that implemented loosened interventions have shown
a relatively higher risk. Moreover, our approach can be used to
monitor the dynamics of COVID-19 with the latest data and
support timely adjustments of domestic and interregional public
health interventions to prevent further deterioration of the
pandemic situation.
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Abstract

Background: China and the United States play critical leading roles in the global effort to contain the COVID-19 virus. Therefore,
their population’s preferences for initial diagnosis were compared to provide policy and clinical insights.

Objective: We aim to quantify and compare the public’s preferences for medical management of fever and the attributes of
initial diagnosis in the case of presenting symptoms during the COVID-19 pandemic in China and the United States.

Methods: We conducted a cross-sectional study from January to March 2021 in China and the United States using an online
discrete choice experiment (DCE) questionnaire distributed through Amazon Mechanical Turk (MTurk; in the United States) and
recruited volunteers (in China). Propensity score matching (PSM) was used to match the 2 groups of respondents from China
and the United States to minimize confounding effects. In addition, the respondents’ preferences for different diagnosis options
were evaluated using a mixed logit model (MXL) and latent class models (LCMs). Moreover, demographic data were collected
and compared using the chi-square test, Fisher test, and Mann-Whitney U test.

Results: A total of 9112 respondents (5411, 59.4%, from China and 3701, 40.6%, from the United States) who completed our
survey were included in our analysis. After PSM, 1240 (22.9%) respondents from China and 1240 (33.5%) from the United States
were matched for sex, age, educational level, occupation, and annual salary levels. The segmented sizes of 3 classes of respondents
from China were 870 (70.2%), 270 (21.8%), and 100 (8.0%), respectively. Meanwhile, the US respondents’ segmented sizes
were 269 (21.7%), 139 (11.2%), and 832 (67.1%), respectively. Respondents from China attached the greatest importance to the
type of medical institution (weighted importance=40.0%), while those from the United States valued the waiting time (weighted
importance=31.5%) the most. Respondents from China preferred the emergency department (coefficient=0.973, reference level:
online consultation) and fever clinic (a special clinic for the treatment of fever patients for the prevention and control of acute
infectious diseases in China; coefficient=0.974, reference level: online consultation), while those from the United States preferred
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private clinics (general practices; coefficient=0.543, reference level: online consultation). Additionally, shorter waiting times,
COVID-19 nucleic acid testing arrangements, higher reimbursement rates, and lower costs were always preferred.

Conclusions: Improvements in the availability of COVID-19 testing and medical professional skills and increased designated
health care facilities may help boost potential health care seeking during COVID-19 and prevent unrecognized community
spreading of SARS-CoV-2 in China and the United States. Moreover, to better prevent future waves of pandemics, identify
undiagnosed patients, and encourage those undiagnosed to seek health care services to curb the pandemic, the hierarchical diagnosis
and treatment system needs improvement in China, and the United States should focus on reducing diagnosis costs and raising
the reimbursement rate of medical insurance.

(JMIR Public Health Surveill 2022;8(8):e37422)   doi:10.2196/37422

KEYWORDS

COVID-19; public health; discrete choice experiment; patient preference; propensity score matching; patients with fever

Introduction

COVID-19 was first reported in Wuhan, Hubei Province, China.
It is caused by SARS-CoV-2 [1]. COVID-19, which had spread
to more than 200 countries and regions as of May 2, 2022, was
declared a public health emergency of international concern by
the World Health Organization (WHO), with over 511 million
confirmed cases and around 6 million confirmed deaths
worldwide [2], having a devastating impact on the global
economy, public health system, and health care services.

Patients with COVID-19 typically reported fever as the primary
symptom, together with symptoms of upper respiratory tract
infection, including cough, fatigue, and dyspnea, similar to the
common cold and influenza [1,3,4]. Thus, researchers and
clinicians faced numerous difficulties in quickly and accurately
distinguishing COVID-19 from other respiratory infectious
diseases in the early stages of the epidemic [5,6], especially
when increasingly more infected individuals were asymptomatic
[7,8]. So far, the COVID-19 nucleic acid test remains the gold
standard for diagnosing COVID-19 and serves as the foundation
for identifying, tracing, and isolating infected individuals [9].
With only enhanced surveillance and public health and social
measures (PHSMs) to guard against COVID-19, a large
proportion of those infected may still be undiagnosed and
constantly spreading the virus in the community [10]. Therefore,
it would be important to investigate the motivation of the public
to undergo COVID-19 nucleic testing if infection were
suspected.

China and the United States implemented different PHSMs
during COVID-19. Compared with the United States, China
enacted stricter actions, quickly locking down cities with
confirmed community transmission, requiring face masks in
public, and declaring national health insurance pay for all
COVID-19–related costs [11-13]. Different types and levels of
PHSMs may lead to differed attitudes toward, preferences for,
and practices in the management of COVID-19 infection,
leading to different transmission patterns of COVID-19 in the
community. There is also an abundance of differences between
the 2 countries in terms of medical structures (especially the
health care system) and medical treatment, as well as others.
These differences may lead to different preferences and
variations among people in the 2 countries concerning medical
treatment options, hence influencing their health-seeking
behavior during COVID-19.

Factors have been identified that could influence the health
care–seeking and utilization behavior of the patients [14,15].
On the one hand, the perception of disease severity and fear of
infection, as well as the availability of appropriate health care
facilities, lay the foundation of health-seeking behavior [16].
On the other hand, the delay in obtaining urgent health care
may be due to personal experiences and anxieties over the
COVID-19 pandemic, mandatory quarantines, national halt of
mobility, mandatory lockdowns, and loss of income [17].
Moreover, the health-seeking behavior of those with fever during
the pandemic may also be compromised by the potential stigma
and discrimination [18]. The need to eliminate uncertainty
motivates people to seek information and health care [19,20],
and health care seeking can assist the patients better in making
health decisions [21]. During COVID-19, a run on the medical
resources was well noted in the world, and the failure to
implement nucleic acid testing in the early stage led to
widespread SARS-CoV-2 in the community and the late
imposing of identification-tracing-isolation of those infected
[22,23]. With medical resources directed to compensate for
these newly emerging infectious diseases and health care
facilities crowded with infectious patients, studies have
identified the difficulties and burdens patients with diseases
other than COVID-19 faced during the pandemic [24,25].
Nevertheless, the health-seeking behavior of those potentially
infected with COVID-19 during the pandemic was not explored.

Therefore, given the political and cultural differences between
China and the United States, as well as the 2 countries' disparate
approaches to COVID-19 prevention and general medical
insurance policies, our study aimed to investigate the preferences
and choices of patients with fever for initial diagnosis in China
and the United States during the COVID-19 pandemic using
propensity score matching (PSM) and discrete choice experiment
(DCE) analysis. This study focused on the availability of health
care services that may influence the health care–seeking
behavior of patients with fever during the pandemic, which may
provide policymakers with insights to reform the health care
system, better reallocate medical resources, and promote
campaigns to encourage undiagnosed patients to undergo testing
and may also provide practical guidance for preparing for any
other future outbreaks.
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Methods

Overview
This self-administered online cross-sectional study was
conducted in China and the United States from January to March
2021. The questionnaire was constructed and administered using
Lighthouse Studio version 9.8.1 (Sawtooth Software Inc). In
the questionnaire, a total of 12 demographic questions and 7
DCE questions were included. First, demographic and
socioeconomic information was collected, including age, sex,
education level, annual income, and occupation, followed by 1
set of DCEs to investigate the respondents’ preferences for the
initial diagnosis of fever during the COVID-19 pandemic using
simulated scenarios of different diagnosis and treatment
attributes. The questionnaire generally included 7 scenarios,
with 1 fixed scenario and 6 hypothetical scenarios with fixed
attributes and random levels, where the respondents were
required to choose 1 option of 3 in each scenario.

First, the demographic idiosyncrasy of the 2 groups of
respondents before and after PSM was presented. Later, the
general preferences of the 2 groups of respondents were

presented to show population-wide preferences for the initial
diagnosis of fever during the pandemic; moreover, to compare
the 2 groups of respondents from China and the United States,
PSM was utilized to 1-to-1-match the respondents for 5
confounding variables (sex, age, income level, occupations, and
educational level), aimed at comparing the preferences without
being influenced by the confounding variables and demographic
factors.

Selection of Attributes and Levels
DCEs are now widely used in the fields of health care and public
health [26,27]. The literature indicates that patients’preferences
strongly correlate with their willingness to use diagnosis,
treatment services, and follow-up treatment [28]. By consulting
several public health experts and reviewing the relevant
literature [29-32], this study identified the following 6 attributes
concerning diagnoses and treatment services, as well as their
corresponding levels: (1) diagnosis and treatment medical
institutions, (2) diagnosis and treatment personnel, (3) waiting
time, (4) whether to test the nucleic acid of COVID-19
immediately, (5) medical expenses, and (6) reimbursement rate
of medical expenses. The detailed attributes and their respective
levels are presented in Table 1.

Table 1. Diagnosis attributes and their respective levels in this DCEa (January-March 2021).

Description and levelsDiagnosis attribute

Types of clinics • Description: types of health care institutions that provide medical services during the COVID-19
pandemic

• Levels: telephone consultation, online consultation, emergency room, fever clinic, and private
clinic (general practices)

Medical staff • Description: types of health care workers who can provide medical services, including diagnosis
and treatment, for patients during the COVID-19 pandemic

• Levels: doctor, nurse, and paramedic

Waiting time • Description: time needed for a patient to receive medical consultation or other medical services to
diagnose their fever during the COVID-19 pandemic

• Levels: 0, 15, 30, 45, 60, and 75 minutes

Immediate COVID-19 nucleic acid testing • Description: whether to undergo the SARS-CoV-2 nucleic acid test upon receiving medical services
for fever during the COVID-19 pandemic

• Levels: Yes and no

Reimbursement ratio • Description: how much (%) of the medical expenses that patients spend on their medical services
for fever could be reimbursed during the COVID-19 pandemic

• Levels: 0%, 20%, 40%, 60%, 80%, and 100%

Cost • Description: direct cost for medical services the patients receive for diagnosing and treating fever
during the COVID-19 pandemic

• Levels: US $0, US $25, US $50, US $75, and US $100

aDCE: discrete choice experiment.

Questionnaire and DCE Instrument Design
The questionnaire took 5-10 minutes to complete. Upon
completing the questionnaire, each respondent immediately got
a randomly generated 6-digit code without filling in any personal
information. With this code, they received a preset US $0.10
on the Amazon Mechanical Turk (MTurk) platform as a reward.
All respondents were required to be at least 18 years old and
consented to participate by clicking the “agree to participate in

the questionnaire” option before formally starting to answer the
questionnaire. Before completing the questionnaire, all
respondents were fully informed that this questionnaire was
completely anonymous. Once the respondents agreed to take
the questionnaire survey, they were informed that they
voluntarily agreed to participate in the study and the
questionnaire answers would be protected by privacy laws.
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In the first part of the questionnaire, respondents were required
to provide basic demographic information, including sex, age,
educational level, occupation, annual salary, and marital status.
In addition to the basic demographic information, respondents
were also asked whether they had ever been infected with
COVID-19 and whether their acquaintances had ever been
infected with COVID-19. The second part asked the respondents
to consider a preferred treatment plan among 3 options in a
task-choice scenario. Each scenario required the respondents
to imagine themselves in a fever state and asked how they would
seek health care services. This questionnaire included 6
attributes with a maximum of 6 levels, 7 scenarios per
respondent, 3 alternatives per scenario. One example of the
task-choice scenario is shown in Figure 1. See Multimedia

Appendices 1 and 2 for the English and Chinese questionnaires,
respectively.

Internal validity was evaluated using the program developed
by Johnson et al [33], which includes stability (with repeated
questions), within-set dominated pairs, across-set dominated
pairs, transitivity, and attribute dominance (noncompensatory
preferences). Multimedia Appendix 3, Table S9, shows
information regarding the attributes of the DCE questionnaire,
and Multimedia Appendix 1, Table S10, summarizes the test
summaries. The internal validity test results and the summary
results are shown in Multimedia Appendix 1, Tables S11-S13.
According to the relevant research [34,35], our results showed
that our questionnaire is efficient.

Figure 1. An example scenario of a choice-based conjoint in the questionnaire (January-March 2021).

Data Collection
Questionnaires were distributed via multiple international online
panel providers (for data collection in the United States) and
recruited volunteers (for data collection across China) from
January to March 2021 [36,37]. Specifically, MTurk was used
for data collection in the United States, and stratified sampling
by age and geological locations was used for data collection in
China [38]. MTurk was found to provide census-level sampling
data during ongoing social events [39-41]. In total, 10,921
respondents participated in the survey, but only 9112 (83.4%)
finished all the questions. Therefore, a total of 9112 respondents
were included in the study, with 5411 (59.4%) respondents from
China and 3701 (40.6%) from the United States. According to

the rule of thumb [42], the sample size of a DCE depends on
the number of choice tasks (t), the number of alternatives (a),
and the number of analysis cells (c). According to the equation

when considering the main effects, c equals the largest number
of levels for any attribute. For this study, c=6, t=7, and a=3;
thus, a minimum of 143 respondents were required.

Statistical Analysis
Sociodemographic data were analyzed using descriptive
statistics of frequency and percentage. Comparisons between
the respondents from China and the United States were
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conducted using the chi-square test, and the results were
presented as frequencies and percentages. Statistical significance
was set at P<.05 (2-tailed). All the results were analyzed using
STATA version 14.0 (Stata Corp), except the latent class models
(LCMs) and assessment of internal validity of the DCE, which
were analyzed using Lighthouse Studio version 9.12.1.

For the DCE, a mixed logit model (MXL) was first used to
quantify the preferences of the respondents for the attributes
and levels of an initial diagnosis of fever during COVID-19 in
their trade-off in general. After using the MXL, we
dummy-coded all the attribute levels, with the levels with the
lowest model parameter β as the reference level in each attribute,
by which we could enhance the interpretation of the preference
weights by specifying the difference between 2 random
coefficients.

PSM was performed to minimize the confounding bias of
respondents from the United States and China that arose from
the discrepancy of the demographic characteristics in both
groups [38]. Specifically, the covariates were identified through
the pairwise Pearson correlation matrix, and the final set of
covariates for PSM was decided by minimizing the residual
confounding factors as much as possible, where a logistic
regression model was conducted to estimate the propensity
scores for each group of respondents. Later, we conducted 1-to-1
matching without replacement so that a candidate respondent
in the United States could be matched to only 1 respondent in
China, after which the distribution of the covariates between
the 2 groups would be the same [43]. Finally, a total of 2480
respondents, with 1240 (50%) from China and the other half
from the United States, were matched from the total 9112
respondents, with the covariates being sex, age, occupation,
educational level, and annual income. The flowchart of the PSM
is shown in Multimedia Appendix 3, Figure S1.

The MXL was used to quantify the preference importance and
weights of the various attributes of the DCE in the respondents'
trade-offs. Additionally, the utility that the coefficients and SD
used measured the levels of each attribute. The attribute cost
was transformed into a continuous variable. Other parameters
were assigned with a normal distribution, and we generated
1000 Halton draws for each population. We assumed that the
attribute levels with P<.05 were statistically significant. We
calculated each attribute preference's general estimated weight
to identify its importance. The formula is:

Weighted importance = Coefficient of attribute X/Sum
of coefficients of all attributes except the cost attribute

LCMs were used to explore the preference heterogeneity among
the populations from the United States and China; this study
also presented an LCM analysis, which divided the respondent
population from the United States and China into a fixed
proportion. Moreover, the number of latent groups was identified
using the Akaike information criterion (AIC) and the Bayesian
information criterion (BIC) [44]. In this study, 3 groups of the
respondent population from China and 3 from the United States
were identified and included in further research. In the study

[45], we compared the models with 2-5 classes according to the
AIC, the BIC, and the consistency information criterion (CAIC).
Multimedia Appendix 3, Tables S3 and S4, show the AIC, BIC,
and CAIC values of different classes in China and the United
States.

The willingness to pay (WTP) is a measure used to capture the
upper limit of the amount of money that people are willing to
sacrifice to obtain the benefits of a particular medical service,
diagnosis, and treatment plan—that is, the highest amount of
money that respondents were willing to sacrifice when they
chose their preferred diagnosis and treatment service in this
study. Our study analyzed the WTP of the respondents to
determine the homogeneity or heterogeneity caused by the cost
in the choice of treatment options. We estimated the WTP:

WTPx = (vx1 – vx0)/−βcost,

where βcost is the coefficient on the cost parameter and vx0 and
vx1 are the coefficient before and after a change in the level of
attribute x, respectively. For each reference attribute, vx0 was
considered 0.

Ethical Considerations
The respondents provided informed consent before filling in
the questionnaire and agreed to participate in screening and to
the use and publication of their data in journal papers. The
questionnaire was completely anonymous, and the answers were
protected by privacy law. During the process of filling in the
questionnaire, all respondents could withdraw from the survey
at any time. The study was conducted according to the guidelines
of the 1964 Declaration of Helsinki and was approved by the
Jinan University Medical Ethics Committee
(JNUKY-2021-004). All procedures performed involving human
respondents were in accordance with the ethical standards of
the institutional and national research committee and with the
1964 Declaration of Helsinki and its later amendments or
comparable ethical standards.

Results

Data Acquisition and Demographic Characteristics
A total of 9112 respondents from China and the United States
were included in the final analysis, the demographic
characteristics of whom are shown in Table 2. Of these
respondents, 5411 (59.4%) respondents were from China and
3701 (40.6%) respondents were from the United States. After
PSM, 1240 (22.9%) respondents from China and 1240 (33.5%)
from the United States were matched, and no apparent
differences were found between the 2 groups of respondents
(P>.05 for all sociodemographic factors), as shown in Table 2.

After PSM, of the 1240 respondents from China, 1188 (95.8%)
were between 18 and 60 years old and 706 (56.9%) were female.
Of those from the United States, 1182 (95.3%) were between
18 and 60 years old, 705 (56.9%) were female, and 18 (1.5%)
had a postgraduate degree.
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Table 2. Demographic characteristics of nonmatched and propensity score–matched respondents from China and the United States (January-March
2021).

Propensity score–matched respondentsNonmatched respondentsBaseline matching characteristics

United States
(n=1240), n (%)

China (n=1240), n
(%)

United States
(n=3701), n (%)

China (n=5411), n
(%)

Sex (nonmatched P=.003; propensity score–matched P=.99)

535 (43.1)534 (43.1)1765 (47.7)2400 (44.4)Male

705 (56.9)706 (56.9)1918 (51.8)2993 (55.3)Female

0018 (0.5)18 (0.3)Other

Age (nonmatched P<.001; propensity score–matched P=.99)

162 (13.1)164 (13.2)501 (13.5)1127 (20.8)18-25

234 (18.9)235 (19.0)762 (20.6)762 (14.1)26-30

251 (20.2)244 (19.7)750 (20.3)704 (13.0)31-35

152 (12.3)152 (12.3)505 (13.6)490 (9.1)36-40

136 (10.9)139 (11.2)368 (9.9)520 (9.6)41-45

103 (8.3)105 (8.5)241 (6.5)632 (11.7)46-50

84 (6.8)89 (7.2)174 (4.7)434 (8.0)51-55

60 (4.8)60 (4.8)154 (4.2)349 (6.4)56-60

58 (4.7)52 (4.2)246 (6.7)393 (7.3)>60

Highest educational level (nonmatched P<.001; propensity score–matched P=.87)

1222 (98.5; nonpost-
graduate)

1221 (98.5; nonpost-
graduate)

2 (0.1)404 (7.5)Preprimary education or primary school education

N/AN/Aa15 (0.4)596 (11.0)Middle school education

N/AN/A675 (18.2)939 (17.4)High school education

N/AN/A508 (13.7)896 (16.6)Vocational school education

N/AN/A1710 (46.2)2027 (37.5)Bachelor’s degree

N/AN/A711 (19.2)428 (7.9)Master’s degree

18 (1.5; postgraduate)19 (1.5; postgraduate)80 (2.2)121 (2.2)PhD

Occupation and working area (nonmatched P<.001; propensity score–matched P=.99)

132 (10.6)139 (11.2)249 (6.7)1238 (22.9)Students

174 (14.0)178 (14.4)5419 (14.6)685 (12.7)Managers

250 (20.2)250 (20.2)93 (2.5)775 (14.3)Professionals

157 (12.7)148 (11.9)423 (11.4)798 (14.8)Technicians and associate professionals

122 (9.8)121 (9.8)318 (8.6)232 (4.3)Clerical support workers

188 (15.2)185 (14.9)453 (12.2)521 (9.6)Service and sales workers

14 (1.1)14 (1.1)43 (1.2)378 (7.0)Skilled agricultural, forestry, and fishery workers

28 (2.3)27 (2.2)78 (2.1)122 (2.3)Craft and related trade workers

11 (0.9)11 (0.9)32 (0.9)184 (3.4)Plant and machine operators and assemblers

14 (1.1)16 (1.3)75 (2.0)133 (2.5)Elementary occupations

4 (0.3)6 (0.5)19 (0.5)73 (1.4)Armed forces occupations

146 (11.8)145 (11.7)477 (12.9)272 (5.0)Other

Annual salary level (US $; nonmatched P<.001; propensity score–matched P=.99)

333 (26.9)335 (27.0)398 (11.0)2272 (48.1)<10,000

259 (20.9)257 (20.7)382 (10.6)1232 (26.1)10,001-20,000

236 (19.0)236 (19.0)481 (13.3)564 (11.9)20,001-30,000
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Propensity score–matched respondentsNonmatched respondentsBaseline matching characteristics

United States
(n=1240), n (%)

China (n=1240), n
(%)

United States
(n=3701), n (%)

China (n=5411), n
(%)

193 (15.6)192 (15.5)472 (13.1)297 (6.3)30,001-40,000

92 (7.4)91 (7.3)456 (12.6)164 (3.5)40,001-50,000

40 (3.2)41 (3.3)464 (12.8)55 (1.7)50,001-60,000

24 (1.9)23 (1.9)331 (9.2)47 (1.0)60,001-70,000

63 (5.1)65 (5.2)630 (17.4)94 (2.0)>70,000

aN/A: not applicable.

General MXL Results
The comparison of relative attribute importance between China
and the United States before and after PSM is shown in Figure
2. After PSM, respondents from China attached the most
importance to the types of the medical institutions (39.9%),
followed by the reimbursement rate (34.3%), and the waiting
time was the least essential attribute (6.5%). For respondents
from the United States, the reimbursement rate was the most
important attribute (34.6%), followed by the waiting time
(25.3%).

The MXL results depicting the levels of each attribute of
respondents' preferences in China and the United States for an

initial diagnosis of fever during the COVID-19 pandemic before
and after PSM are shown in Tables 3 and 4, respectively.
Respondents from China strongly preferred going to a fever
clinic (utility coefficient=0.974) or the emergency department
(utility coefficient=0.973) compared to a network consultation.
In contrast, US respondents preferred private clinics (general
practices) the most. The more negative correlation of cost for
the Chinese respondents showed that they cared more about the
cost than the US respondents did. In addition, both populations
showed a similar preference for immediate COVID-19 nucleic
acid tests with a high reimbursement rate, which indicates that
people consistently prefer low-consumption treatment plans.

Figure 2. General estimated weighted importance of attribute preference in pre-PSM and PSM respondents in China and the United States (January-March
2021). PSM: propensity score matching.
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Table 3. Pre-PSMa results of the MLXb model of the preferences of respondents in China (N=5411) and the United States (N=3701) for initial diagnosis
of fever during COVID-19 (January-March 2021).

The United StatesChinaAttributes and levels

P valueSESDCoefficientP valueSESDCoefficient

Mean

<.0010.1364.134–2.344<.0010.1224.361–2.690Opt out (respondents chose neither
of the two options)

Types of clinics

N/AN/AN/AReferenceN/AN/AN/AcReferenceOnline consultation

<.0010.0470.6790.471.480.0401.0080.028Private clinic

.540.0480.9480.030<.0010.0360.3640.292Telephone consultation

<.0010.0440.2980.322<.0010.0451.1031.124Fever clinic

.280.0460.6980.050<.0010.0430.8041.011Emergency room

Medical staff

N/AN/AN/AReferenceN/AN/AN/AReferenceParamedic

<.0010.0330.2090.209<.0010.0270.2450.127Nurse

<.0010.0380.7320.533<.0010.0300.7850.499Doctor

Waiting time (minutes)

N/AN/AN/AReferenceN/AN/AN/AReference75

<.0010.0530.6350.631<.0010.0410.5090.1720

<.0010.0510.3950.530<.0010.0410.3880.17515

<.0010.0510.4150.431.020.0410.4770.09330

<.0010.0510.3050.260.180.0410.2800.05545

.0060.0510.3490.140.460.0400.1820.03060

COVID-19 nucleic acid testing

N/AN/AN/AReferenceN/AN/AN/AReferenceNo

<.0010.0371.1110.774<.0010.0240.8990.350Yes

Reimbursement ratio (%)

N/AN/AN/AReferenceN/AN/AN/AReference0

.560.0510.4310.029.0020.0410.3770.13020

<.0010.0490.1940.176<.0010.0410.3380.18740

<.0010.0500.1370.346<.0010.0410.0540.34060

<.0010.0520.5910.560<.0010.0420.5230.58480

<.0010.0571.1190.825<.0010.0450.9280.776100

<.0010.1441.78–5.74<.0010.1902.05–6.53Cost

aPSM: propensity score matching.
bMXL: mixed logit model.
cN/A: not applicable.
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Table 4. Post-PSMa results of the MLXb model of the preferences of respondents in China (N=1240) and the United States (N=1240) for initial diagnosis
of fever during COVID-19 (January-March 2021).

The United StatesChinaAttributes and levels

P valueSESDCoefficientP valueSESDCoefficient

Mean

<.0010.2394.550–2.045<.0010.2454.066–2.663Opt out (respondents chose neither
of the two options)

Types of clinics

N/AN/AN/AReferenceN/AN/AN/AcReferenceOnline consultation

<.0010.0910.8540.543.520.0841.0540.054Private clinic

.450.0931.1310.070.010.0760.1810.208Telephone consultation

<.0010.0870.5810.434<.0010.0961.1400.974Fever clinic

.440.0900.9310.069<.0010.0910.7570.973Emergency room

Medical staff

N/AN/AN/AReferenceN/AN/AN/AReferenceParamedic

<.0010.0640.4960.237.020.0560.1510.136Nurse

<.0010.0740.8380.570<.0010.0700.9810.609Doctor

Waiting time (minutes)

N/AN/AN/AReferenceN/AN/AN/AReference75

.160.0950.8750.136.100.0870.5660.1440

.170.0990.5350.136.080.0880.6430.15415

<.0010.0970.1760.397.710.0850.2540.03230

<.0010.0970.6650.401.850.0870.439-0.01745

<.0010.1030.0630.649.820.0860.3570.02060

COVID-19 nucleic acid testing

N/AN/AN/AReferenceN/AN/AN/AReferenceNo

<.0010.0691.1260.801<.0010.0510.9020.348Yes

Reimbursement ratio (%)

N/AN/AN/AReferenceN/AN/AN/AReference0

.280.1000.8430.107.250.0890.5400.10320

.0010.0960.3640.310.020.0870.4290.19840

<.0010.0960.1460.449.0010.0850.2170.28660

<.0010.1000.8850.549<.0010.0890.5130.56680

<.0010.1080.9940.935<.0010.0981.0370.742100

<.0010.1961.86–5.52<.0010.371.98–6.81Cost

aPSM: propensity score matching.
bMXL: mixed logit model.
cN/A: not applicable.

Willingness-to-Pay Results
A WTP greater than 0 indicates that the WTP can ensure a
change in the reference level, while a WTP less than 0 indicates
the patients are willing to pay to avoid a change in the reference
level. Through the analysis, it was evident that the Chinese
respondents preferred hospital emergency and fever clinics, for
which they were willing to pay US $0.14 (reference level: online

consultation US $0) and US $0.14 (reference level: online
consultation US $0) to receive services from these 2 types of
medical institutions. At the same time, they are willing to pay
US $0.09 (reference level: paramedic US $0) for the treatment
provided by doctors. Compared to the WTP of the respondents
from China, the respondents from the United States were more
willing to pay US $0.10 (reference level: online consultation
US $0) and US $0.08 (reference level: online consultation US
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$0) for treatment in private hospitals and fever clinics, revealing
a preference discrepancy with China. Both US and Chinese
respondents were willing to pay US $0.15 and US $0.05 for
immediate COVID-19 nucleic acid testing (Tables 5 and 6).
They were willing to pay a certain amount for a shorter waiting
time and a higher reimbursement rate, indicating that a diagnosis

service with an immediate COVID-19 nucleic acid test, shorter
waiting time, and lower cost is more acceptable for respondents.
Specifically, the interaction test indicated that cost and
reimbursement rate have a significant interaction. This indicates
that the effects of choice obtained with the 2 attributes vary
together (Multimedia Appendix 3, Tables S5-S8).

Table 5. Respondents’ WTPa in China (January-March 2021).

WTP (US $)Attribute and change

Types of clinics

0.01Online consultation–private clinic

0.03Online consultation–telephone consultation

0.14Online consultation–fever clinic

0.14Online consultation–the emergency room

Medical staff

0.02Paramedic-nurse

0.09Paramedic-doctor

Waiting time (minutes)

0.0275-0

0.0275-15

0.0075-30

0.0075-45

0.0075-60

COVID-19 nucleic acid testing

0.05No-yes

Reimbursement ratio (%)

0.020-20

0.030-40

0.040-60

0.080-80

0.110-100

aWTP: willingness to pay.
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Table 6. Respondents’ WTPa in the United States (January-March 2021).

WTP (US $)Attribute and change

Types of clinics

0.10Online consultation–private clinic

0.01Online consultation–telephone consultation

0.08Online consultation–fever clinic

0.01Online consultation–the emergency room

Medical staff

0.04Paramedic-nurse

0.10Paramedic-doctor

Waiting time (minutes)

0.0275-0

0.0275-15

0.0775-30

0.0775-45

0.1275-60

COVID-19 nucleic acid testing

0.15No-yes

Reimbursement ratio (%)

0.020-20

0.060-40

0.080-60

0.100-80

0.170-100

aWTP: willingness to pay.

LCM Results
After comparing the AIC and BIC, we determined 3 classes for
respondents from China and 3 for those from the United States.
The segmented sizes of the 3 classes of respondents from China
were 870 (70.2%), 270 (21.8%), and 100 (8.0%), respectively.
The US respondents’ segmented sizes were 269 (21.7%), 139
(11.2%), and 832 (67.1%), respectively.

Figure 3 shows the heterogeneities of attribute importance of
different classes of respondents from China and the United
States, and Figure 4 shows preference weights stratified by
group and class. Class 1 of respondents from China ranked
reimbursement rate and claims as the first important attribute,
while classes 2 and 3 thought that the importance of the types

of clinics is the most critical factor affecting their medical
preference. Meanwhile, classes 1 and 3 of respondents from
China considered the waiting time the least important, while
class 2 of respondents from China ranked the immediate
COVID-19 test as the least important attribute.

For the classes of respondents from the United States, classes
1 and 2 ranked cost as the first important attribute, while class
3 attached the most importance to the reimbursement rate and
claims. For these 3 classes of respondents from the United
States, the least important attributes were waiting time, types
of staff, and types of clinics, respectively. Cost had
overwhelming importance in class 2 compared to the other 2
classes.
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Figure 3. Weighted importance of diagnosis attributes in China and the United States, as determined by the LCM (January-March 2021). LCM: latent
class model.
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Figure 4. Preference weights stratified by group and class in China and the United States (January-March 2021).

Discussion

Principal Findings
The study found that respondents from China and the United
States had distinctly different preferences for attributes regarding
the initial diagnosis of fever during the COVID-19 pandemic.
Types of medical institutions were the most important factor
for Chinese respondents, while those from the United States
thought that cost was the most important factor when seeking
medical services for fever during the pandemic. In addition,
both populations highlighted the importance of the
reimbursement rate. These heterogeneities and homogeneities
may result from differences in the medical systems, health care
services provided, COVID-19–mitigating strategies, and medical
insurance systems between China and the United States.

Comparison With Prior Work
DCEs can be used to understand people's underlying
psychological situations, and the influencing factors and weights
of choice preferences can be obtained through the hypothetical
medical choice [46]. DCEs are also widely used in a series of
aspects such as epidemic prevention, control, and supervision
[47-49]. To the best of our knowledge, this is the first study to
explore the preferences for health care services for the initial
diagnosis of patients with fever during the COVID-19 pandemic.
Our previous work found that respondents in China had a rather

considerable basic knowledge of the detection methods of
SARS-CoV-2 and the types of testing kits, even if they have no
experience in contracting the virus or undergoing screening
tests [50]. Nevertheless, considering that during the pandemic,
everyone in China seeking health care services for fever,
together with those accompanying them, would be screened by
the SARS-CoV-2 nucleic acid test [51], the Chinese respondents
placed the least importance on the necessity of immediate
nucleic acid tests, while for the US respondents, COVID-19
tests accounted for 12.3% of the relative importance.

According to Caldow et al [52], patients prefer medical services
provided by doctors, which is consistent with our results that
doctors are preferred over nurses and paramedics for diagnosing
fever [52]. During the pandemic, to relieve the consultation
pressure of fever clinics in hospitals and prevent cross-infection,
online fever clinics, an internet-based clinic system, were
utilized in China, where a study enrolling more than 60,000
patients found that online fever clinics may efficiently ease
patients' worry and clinicians can educate patients who are
suspected of having COVID-19 to isolate and protect themselves
[53]. Online and telephone consultation services have the
characteristics of convenience and rapidity and can transcend
distances to achieve preliminary medical services. In the case
of future outbreaks, public health guidelines and policymaking
may incorporate these 2 services into the first step of medical
services to quickly divert different patients to curb the
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population contact transmission of infectious diseases. Although
the respondents did not readily choose and prefer online clinics,
Zhao et al [54] found that during the pandemic, many patients
had trouble obtaining offline health care services and relied
heavily on the internet for health information [54].

China and the United States Hold Distinctly Different
Organization and Governance of the Health System
Chinese respondents regarded the medical institution type as
the most important preference factor, especially public medical
institutions, while respondents from the United States preferred
private medical institutions, as shown in Table 4. The
phenomenon may be attributable to the different medical and
health service systems of China and the United States [55].

In China, health care providers include hospitals, primary health
care institutions, and specialized public health institutions, where
government-owned public hospitals and health institutions
remain dominant in providing health care services, accounting
for around 60% of all hospitals [56]. Nevertheless, the US health
care system is more a combination of multiple systems operating
individually but synergically, where nongovernment entities
play a vital role in building the industry standard, fostering
health accessibility, improving the quality of life, and controlling
costs at various levels. With more than 6000 hospitals registered
in the United States, only about 200 hospitals are owned by the
federal government. The majority (more than 5000) of the
hospitals are community hospitals, which include nonfederal
hospitals, short-term general hospitals, and other special
hospitals [57].

In this sense, it would be reasonable to assume that Chinese
citizens would choose government-owned health institutions,
while US citizens would prefer private-owned hospitals, which
corresponds to the notion that government-owned hospitals
predominate in China and community hospitals prevail in the
United States. This fact consistently correlates with our results
in Table 3, which show that Chinese respondents preferred fever
clinics (designated public hospitals specializing in managing
feverish patients during the pandemic), while the US respondents
tended to choose private clinics.

According to LCM results, all respondents (from both China
and the United States) were more willing to accept the diagnosis
and treatment scheme with immediate nucleic acid testing, lower
treatment costs, and higher reimbursement rates. In the LCM
results, class 3 in China showed a preference for private medical
institutions, and class 2 in the United States was more willing
to receive telephone consultations than to travel to medical
institutions; these findings differed from the overall
performances of the Chinese and US groups.

Since the health system reform was enacted in 2009, more
private-owned hospitals and health institutions have been
established to provide the general population with equal access
to basic health care [58-60]. According to a report by the China
Statistical Information Center, from January to February 2021,
the outpatient volume in China reached 960 million people,
including 510 million in public hospitals and 90 million in
private hospitals [61].

Despite its uneven distribution of medical resources in urban
and rural areas, China is gradually beginning to promote internet
hospitals. Telephone and online consultations have grown
rapidly during the COVID-19 pandemic. Internet hospitals
enable patients to consult doctors from large university-affiliated
public hospitals for treatment through other internet hospitals
[62]. During the pandemic, the application of internet hospitals
in China, together with a remote drug delivery platform, has
helped maintain constant health care services and provide for
those in need, specifically those with chronic and mild diseases.
This has been considered a potent tool to optimize medical
resource distribution by relieving offline hospitals and catering
to those in need without contracting the virus [63].

However, telephone and online consultations are still in their
early stage of development. Because of the lack of standardized
diagnosis and treatment standards, poor operation, and
management issues, these 2 consultation schemes cannot wholly
replace the conventional diagnostic process. Compared to
traditional face-to-face medical schemes, the number of patients
they serve is still small [64-66]. Nevertheless, the low selection
rate of these 2 consultation modes may be attributable to the
respondents having no idea of how these 2 types of consultation
work and how they provide health care services [67].

COVID-19 is inherently not a disease that can solely be
diagnosed via symptoms and signs, and the internet hospital is
still in its exploration stage, where various issues remain
unsolved. Thus, not being preferred does not necessarily mean
that the internet hospital is suboptimal in guiding patients toward
effective medical treatment.

Distinctly Different Financing Methods for Health
Care Services in China and the United States
Additionally, for respondents from the United States, cost was
the most important factor affecting preference. This may be
caused by the differences in the treatment costs and medical
reimbursement systems in China and the United States.

In the United States, only around 30% of the population is
covered by the public financing system, mainly via Medicare
and Medicaid, and around 54% of the population receives
private health insurance [68]. Nevertheless, one-sixth of
Americans are uninsured, and high out-of-pocket expenditure
still may put a heavy burden on some of those receiving
insurance, hindering timely health care and medications.

Nevertheless, in China, the Information Office of the State
Council of the People's Republic of China announced that the
cost of COVID-19 in China would be covered by the national
free treatment policy [69,70]. Therefore, it is reasonable that
the respondents from China do not attach the maximum
importance to the cost of diagnosis and treatment is the most
important factor. This may be due to the national free treatment
policy, which helps eliminate the burden of treatment costs on
the public.

COVID-19 patients with severe and nonsevere complications
were admitted to hospitals at an average cost of US $20,292
according to data provided by the Kaiser Family Foundation in
the United States, and this is about 8.5 times the average cost
in China. At the same time, although there is a medical insurance
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system in the United States, even after Medicare reimbursement,
the average out-of-pocket expenses of patients may exceed US
$1300 [71]. Experts have recommended that new federal
legislation should be established to expend federal funds on
emergency responses, hiring and training of personnel, and
distribution of diagnostic tests, therapeutic approaches, and
vaccines at different levels and, most importantly, to expand
the coverage rate of medical insurance for diagnosing, treating,
and following up patients with COVID-19 [72]. During
COVID-19, a wide range of previously unavailable telehealth
services were covered by Medicare and Medicaid, allowed by
the Section 1135 waiver in the United States [73]. Moreover,
the havoc COVID-19 caused on the economy resulted in a 15%
unemployment rate in May 2020 [74], which increased the rate
of the uninsured and enrollment in Medicaid, and hence some
have addressed the need to put forward “Medicare for All” [75].
Nevertheless, scholars have addressed that ensuring effective
government action with sensible private sector regulation may
be a preferable option over turning to insurance to pay for
COVID-19–related medical costs [76]. Generally, we believe
that both expanding the coverage of insurance to those uninsured
or with low insurance for COVID-19–related health care costs
and ensuring the federal mandate for free access to COVID-19
testing and treatment can effectively motivate those potentially
infected to undergo testing and proper treatments.

Encouraging Undiagnosed Patients to Test for
COVID-19 is Important for Curbing the Pandemic
Identification, tracing, and isolation of those infected are vital
for containing the community spread of COVID-19.
Nevertheless, if those infected remain untested and no universal
nucleic test programs are conducted, then the infected citizens
may still be constantly spreading the virus in the community.
Therefore, identifying potential COVID-19–infected patients
in the community and encouraging them to undergo testing and
quarantine is important for curbing COVID-19 spread in the
community.

In China, large-scale community nucleic acid testing can be
implemented to identify potentially infected people due to the
state's attitude toward early diagnosis, early isolation, and early
treatment of COVID-19. The willingness of the public to
participate in screening tests depends on their awareness of the
risks and benefits. The governmental entities stipulate that
residents in controlled areas must participate in community
nucleic acid testing and those who do not participate without
good cause may suffer legal consequences and difficulties in
daily life [51]. This is in line with the general policy of “dynamic
zero COVID-19 strategies” for preventing and controlling the
former COVID-19 pandemic in China [77].

For the United States and other noncentralized countries where
large-scale community-wide mass screening tests are difficult
to implement, it is difficult to identify those infected in the
community unless they undergo screening tests voluntarily.
However, some people still avoid nucleic acid testing as they
are afraid of testing positive for the disease and other factors
[78]. Although the Centers for Disease Control and Prevention
(CDC) and other institutions have issued a series of guidelines
on coping with COVID-19 [79], according to Park et al [80],

the psychological pressure of contracting COVID-19 may reduce
the rate of public compliance with official health guidelines.
Therefore, it is recommended that the public be encouraged to
participate in screening tests, either nucleic acid tests or antigen
tests, in a number of ways, including broadcasting public
messages by medical and health experts, providing information
on social media, and distributing small gifts to those who
participate in testing, to make every resident aware of the
importance and obligation of nucleic acid screening [81,82].
Improving the participation rate in those screening, testing, and
detecting of those infected may help control the spread of
COVID-19. We advocate the use of publicity campaigns in the
media, the spread of rigorous scientific information, the
promotion of culturally sensitive psychological counseling, and
other related services to account for different needs and to
encourage the public to be willing to participate in screening
tests. Regarding the stigma and discrimination related to being
diagnosed as COVID-19 positive, it is necessary to provide
social support to relieve the potential stigma and social unrest.
To make this possible, multidisciplinary teams comprising
experts from clinics, social sciences, government entities,
communication, and the media are needed [83].

Limitations
There are limitations of our research. First, the nature of this
cross-sectional study inherently led to reporting bias,
information bias, and confounding bias. In the study, we used
a closed-end, self-administered questionnaire to prevent missed
data and used online an panel platform (MTurk) to prevent
selection bias, as a previous study proved the census-level
quality of survey data collected via MTurk [61,84].
Nevertheless, selection bias may still exist. PSM was used to
control the confounding effects when directly comparing the 2
cohorts of respondents. However, as various factors may
underlie the respondents' decision-making in the 2 distinctly
different countries, the scale differences may not be completely
accounted for, and the results should be interpreted with caution.
Moreover, as the DCE asked participants to make choices
between hypothetical scenarios, which may not reflect
real-world situations and hypothetical bias may exist, and we
did not investigate external validity in the study, the results of
the study should be interpreted cautiously. Our questionnaire
involves the treatment modes of telephone and online
consultations, which some respondents may not have
experienced and may have led to selection bias. Moreover, we
did not include questions on past experience with
online/telephone consultation as well as previous experience
with COVID-19 testing or treatment, so how such underlying
factors may influence preferences could not be distinguished
and need future exploration. In addition, we did not include the
investigation of how different ethnicities and residence locations
(urban and rural) may affect the respondents' preferences, which
can be further explored in a future study. The significant
interactions between cost and reimbursement rate render
interpreting these 2 attributes difficult, so the WTP should be
interpreted cautiously.
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Conclusion
Improvements in the availability of COVID-19 testing, medical
professional skills, and designated health care facilities may
help boost potential health care seeking during COVID-19 and
prevent unrecognized community spread of SARS-CoV-2 in
China and the United States. Moreover, to better prevent future
waves of pandemics, identify undiagnosed patients, and
encourage them to seek health care services to curb the

pandemic, it is suggested that the hierarchical diagnosis and
treatment system be improved in China and that the United
States focus on reducing medical costs and raising the
reimbursement rate of medical insurance. Second, online and
telephone consultations may serve as patients' primary medical
services, which may triage suspected and nonsuspected patients
of infectious diseases, reducing the possible cross-infection
during the pandemic.
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Abstract

Background: Effective health policy formulation requires sound information of the numerical data and causes of deaths in a
population. Currently, in Bangladesh, neither births nor deaths are fully and promptly registered. Birth registration in Bangladesh
is around 54% nationally. Although the legal requirements are to register within 45 days of an event, only 4.5% of births and
35.9% of deaths were reported within the required time frame in 2020. This study adopted an innovative digital notification
approach to improve the coverage of registration of these events at the community level.

Objective: Our primary objective was to assess (1) the proportion of events identified by the new notification systems (success
rate) and the contribution of the different notifiers individually and in combination (completeness) and (2) the proportion of events
notified within specific time limits (timeliness of notifications) after introducing the innovative approach.

Methods: We conducted a pilot study in 2016 in 2 subdistricts of Bangladesh to understand whether accurate, timely, and
complete information on births and deaths can be collected and notified by facility-based service providers; community health
workers, including those who routinely visit households; local government authorities; and key informants from the community.
We designed a mobile technology–based platform, an app, and a call center through which the notifications were recorded. All
notifications were verified through the confirmation of events by family members during visits to the concerned households. We
undertook a household survey–based assessment at the end of the notification period.

Results: Our innovative system gathered 13,377 notifications for births and deaths from all channels, including duplicate reports
from multiple sources. Project workers were able to verify 92% of the births and 93% of the deaths through household visits. The
household survey conducted among a subsample of the project population identified 1204 births and 341 deaths. After matching
the notifications with the household survey, we found that the system was able to capture over 87% of the births in the survey
areas. Health assistants and family welfare assistants were the primary sources of information. Notifications from facilities were
very low for both events.

Conclusions: The Global Civil Registration and Vital Statistics: Scaling Up Investment Plan 2015-2024 and the World Health
Organization reiterated the importance of building an evidence base for improving civil registration and vital statistics. Our pilot
innovation revealed that it is possible to coordinate with the routine health information system to note births and deaths as the
first step to ensure registration. Health assistants could capture more than half of the notifications as a stand-alone source.

(JMIR Public Health Surveill 2022;8(8):e25735)   doi:10.2196/25735
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Introduction

“No one should be without a legal identity. No life should be
allowed to remain invisible to policymakers. No person should
fall between the cracks of incomplete official data” [1]; this
statement stresses the Sustainable Development Goal 16.9
agenda and the recommendations of the United Nations
Commission on Information and Accountability for Women
and Children's Health, thereby ensuring legal identity for all
[2-5]. Births, deaths, marriages, divorce, adoption, and causes
of death are the vital events that constitute a country’s civil
registration and vital statistics (CRVS). Vital registration is
fundamental to the logical operation of health care services,
thereby ensuring equity, empowerment, and improved economic
productivity [6-11]. Birth registration is an essential human
right, acknowledging individual existence and identity. It also
helps ensure health care, social protection, and education [9].
Death registration aids the estimation of disease burden and
provides an understanding of the cause of death in communities,
which is critical for prioritizing strategies and designing
interventions addressing specific health needs [12,13].

Birth registration in Bangladesh is around 54% nationally, while
death registration only covered 14.5% of deaths [14]. In 2010,
the Office of the Registrar General of Birth and Death
Registration launched an online registration system, but the
coverage has still been low. Out of those registered, only 4.5%
of births and 35.9% of deaths were registered within 45 days
in 2020 [15,16]. In 2016, the Birth Registration Information

System recorded that only 2% of births were registered within
45 days and death registration covered 13% of the national
deaths [15]. There are multiple ministries within the government
that are involved in the identification of vital events. An
interministerial approach labelled as “CRVS++” has been
undertaken by the cabinet division since 2014 [17]. The country
is still working toward developing a unique ID system and
linking it to the service delivery processes of various ministries,
including the Ministry of Health and Family Welfare. Efforts
are being scaled up to generate the cause of death from health
care facilities, and a pilot study was initiated in the Kaliganj
subdistrict for community-level workers to conduct verbal
autopsies [16,17]. Coverage data on the pilot initiatives are yet
to be visible through the CRVS tracker. However, the minimal
effort directed toward the identification of cause of death has
resulted in large changes in the timely reporting of death events
[16].

In Bangladesh, the birth and death registration process involves
2 steps: (1) identification and notification and (2) registration
[18]. The Birth and Death Registration Act 2014 [19] promotes
notification within 45 days and identifies a set of entities as
possible notifiers across different government bodies and the
community [20]. The second part, the registration, is a
mechanical process of availing and distributing a legal
document, the certificate, for individual records (Figure 1). The
notification of births and deaths can be the first step toward
increasing the coverage of registration. The health sector can
play a pivotal role in improving the notification of births and
deaths through innovations [21].

Figure 1. Mechanical process of availing and distributing a legal document for individual record.

There is a dearth of evidence regarding the feasibility and
functionality of using different sources as potential notifiers,
particularly the health sector. Every additional source adds an

extra level of complexity to the overall system and its
accountability and sustainability. The published literature
focuses on the need for and importance of a well-functioning
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CRVS system for countries [6,8,10,13,22-25]. Two
country-specific studies and 1 regional study have explained
ways to improve the coverage of certificates and how the health
system can help improve the CRVS [13,23,26]. However, these
tend to be passive notification systems that underperform; none
focused on a more proactive and innovative method to improve
notification. There is scope for research and innovation to
identify an efficient notification process and acknowledge the
importance of having an optimum number of notifiers. Once
that part is done, the mechanical challenges associated with the
registration system can be assessed in the next stage.

Our primary objective was to assess (1) the proportion of events
identified by the new notification systems (success rate) and
the contribution of different notifiers individually and in
combination (completeness) and (2) the proportion of events
notified within specific time limits (timeliness of notifications)
after introducing the innovative approach. We also aimed to
understand whether the system excluded individuals belonging
to any specific sociodemographic characteristics or located
within specific geographic boundaries from the reporting system.

Methods

Description of the Notification Process
Following the Birth and Death Registration Act [19], we
identified a list of individuals and authorities eligible to notify
an event of birth and death (Table 1). The notifiers, selected in
consultation with the Ministry of Health and Family Welfare
and local government representatives, fall into 3 groups. These
include public facility–level health care service providers
(nursing supervisor/nurse and resident medical officer),
community-level domiciliary health and family planning
workers (health assistants, family welfare assistants, and
community health care providers [CHCPs]), and local
government representatives, namely, the Uddoktas (a community
volunteer who facilitates birth and death registration at the union
level), village police, imams (religious leaders), and households.
Private sector facilities were not included in the notification
process.

Table 1. List of channels for the notification of births and deaths in 2 rural subdistricts of Bangladesh from January to October 2016.

Notification interfaceCatchment areaNotification interface, institute, work station, and notifiers

Web-based app

Directorate General of Health Services

Government of Bangladesh–provided tablets
(Basail) and project mobile phones (Kasba)

Ward level: for every 5000-6000 peopleDomiciliary service, health assistant

Upazila Health Complex

Project mobile phonesUpazila-facility deaths onlyResident medical officer

Project mobile phonesUpazila-facility deaths in the entire upazilaNursing supervisor

Directorate General of Family Planning

Government of Bangladesh–provided tablets
(Basail) and project mobile phones (Kasba)

Ward level: for every 5000-6000 peopleDomiciliary service, family planning assistant
(family welfare assistant)

Local government body

Project mobile phonesUnion levelUnion Digital Center, Uddokta

Project mobile phonesUnion level: 25,000 peopleUnion Parishad, female member

Call center

Call center operatorWard levelLocal government body, union parishad, village police

Self-notification

Call center operatorHouseholdFamily members

Call center operatorHouseholds surrounding the mosquesImam

Notification Platform
To facilitate the notification process, we designed 2 platforms:
the direct system used an Android smartphone–based app and
the indirect one received notifications through a call center. The
health assistants, family welfare assistants, resident medical
officers, nursing supervisors, members, and Uddoktas notified
directly through the app. The village police, imam, and family
members notified by calling the call center (Table 1).

To enable notifiers to provide the notifications, the project
provided mobile phones preloaded with the app to select

notifiers in the Kasba upazila (subdistrict) where the government
did not provide tablets for routine data collection among the
community health and family planning workers. Project mobile
phones were also given to nursing supervisors, female members,
and Uddoktas in both upazilas.

Mobile App
The mobile app was simple and kept to a minimum set of
information required for identifying an individual’s household
for verification. Our notification system collected information
on the identification of an individual birth and death event, date
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and place of the event, detailed address, and contact. Each entry
was stored in the mobile device and the central server. The
notification records were made available to the devices of project
staff responsible for verification through household visits. The
app allowed all notifications to be stored as a new entry, even
if there were repeat notifications of the same events (Multimedia
Appendix 1).

Call Center
The call center was based in Dhaka, with 1 operator working
between 9 AM and 5 PM. Communication materials were
distributed to all households and community informants with
the call center number. They left missed calls to the number
and they were called back to collect necessary information. For
each call, BDT 50 (1 BDT is equivalent to 0.011 USD) was
transferred in the form of mobile recharge to families and BDT
20 for imams and village police as incentives. This system also
accommodated repeat records from multiple notifiers.

Household Visit for Verification and Identification of
Repeat Notifications
There was no built-in mechanism in the system to flag repeat
notifications. It allowed for as many repeat notifications as done
by the various notifiers. Each notification was given a unique
number generated by the system. We developed a verification
system so that we could identify repeat notifications and identify

multiple entries for the same individuals. All notifications were
verified through confirmation of events by family members
during a visit by project staff (a verifier) to the respective
household. Verifiers also used a mobile-based platform to collect
additional information other than the notifications. They were
trained on using the data collection tool and the mobile-based
system and given refresher training at regular intervals to ensure
quality.

To understand how the verification system worked, let us
assume that 3 different sources notified a single event: a health
assistant, the household itself, and an Uddokta. If a notification
was first received from the health assistant, our field staff visited
the household, collected information to confirm the event and
the date and place of the event, and left a calendar at the
household with an ID number generated by the system at the
first verification visit. This ID number on the calendar helped
to identify duplicate notifications during subsequent visits.
Assuming that the second notification was received from the
household, the field staff went back to the same house and
verified the notification. If the event was previously reported
by a health assistant, instead of providing a new calendar, he/she
would enter the identification number from the existing calendar
in the household. The same process would be repeated for the
third notification by the Uddokta. Figure 2 entails the
notification and verification processes.

Figure 2. Notification flow and validation.

Settings
This project took place in 2 upazilas in Bangladesh: Basail
(Tangail district) and Kasba (Brahmanbaria district). We
included 5 unions from each upazila for piloting the notification
system, covering ~280,000 people from October 2015 to
September 2016.

Assessment of the Functionality of the Notifiers
To assess how well the notification system worked, we
conducted a household survey at the end of the notification
period between October and December 2016. As this was a
pilot, the survey was not designed to measure the accuracy of
the different notifiers. Rather, it aimed to assess the
coverage/completeness of the notification system that we
piloted. Timeliness was measured from the notification system
itself through collection of dates of an event during the
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verification visits. Notifiers could report an event at any time
point during our study period. We estimated the time lag
between the date of the event and the date of the notification
for each notifier. This also helped to identify the notifier who
had the shortest time lag between the event and reporting.

For the household survey, we assumed a death rate of 6 per
1000 people and a birth rate of 21 per 1000 people, a recall
period of 12 months, and that our notifiers could capture 80%
of the birth and death events. An estimated sample of 56,000
people covering 14,000 households was required to assess the
notification channels. We defined clusters in the 2 upazilas by
using the probability proportionate to size sampling technique.
All births and deaths taking place in the surveyed households,
accounting for about 20% of total households in the 2
subdistricts between January and October 2016, were recorded.
We estimated the number of birth and death events that took
place in this random subsample. All households within the
selected areas were listed and asked whether any birth or death
event took place within the household during the time period
mentioned above. If the response was yes, detailed information
on the household socioeconomic characteristics, background
characteristics of respondents, and the birth and death events
was collected. Written consent was obtained from those
attending the interview and no monetary compensation was
made. There were separate modules for birth and death events.
For birth, the women who gave birth were interviewed, while
for death, household heads were interviewed. The survey tools
are provided in Multimedia Appendices 2 and 3.

Data Analysis
We used descriptive statistics to elaborate the notification system
and the household survey. We entered data into the project
database by using Microsoft SQL Server 2005 with Visual Basic
6.0 for the user interface. We used STATA (version 12;
StataCorp LLC) for the statistical analysis.

First, we assessed the performance of individual notifiers in
terms of proportion of birth/death events notified by each
compared to the total unique number of notifications. We also
explored coverage reached by the combination of notifiers to
identify sources that can reach maximum coverage. The unique
notifications were identified based on the calendar ID collected
during the repeat verification visits. We also assessed how well
each notifier performed in terms of timeliness. Date of event
was captured during household verification of each event from
household members. Notification coverage was analyzed by
notifications received any time after an event and by the first
source of notification to understand which source was the
quickest in reporting the events.

The next step was to assess the performance of the notifiers
compared to the data in the household survey. Using the calendar
identification number that was left at the household during the
verification visits, we matched the notifications to the
information obtained from the household survey. Assuming the

survey captured all births and deaths that took place over the
study period, we then compared the total births and deaths
captured as an overall proportion reported through the
notification system to the number reported through the survey.
Next, we stratified the birth and death notifications by the source
of notification and the place of occurrence of the event.

We compared the demographic characteristics between births
and deaths captured and missed by our notification system. We
looked at some background characteristics of mothers who gave
birth and of household heads who had a deceased member in
the family. We separated the analysis by those captured and not
captured by our notification channels. We included place of
birth, age, sex of child, wealth quintile of household, education,
and occupation of mothers who gave birth.

We also tried to investigate any possible geographical pockets
where the noncaptured births and deaths took place. We also
produced geographical information system–based maps to see
whether the events not captured in the notification channels
were clustered within any geographic area.

Ethics Approval
Ethics approval to conduct the study was obtained from the
Institutional Review Board of the International Centre for
Diarrhoeal Disease Research, Bangladesh (PR 15099).

Results

Notifier Performance: Coverage (Proportion of
Notifications Done by Each Channel From the
Notification Database)
Between January and October 2016, there were 13,377
notifications of births (n=10,816) and deaths (n=2561) received
from all channels. All notifications were verified through
household visits even in cases of duplicate reports. The
verification success rate was 92% for births and 93% for deaths.
Health assistants, family welfare assistants, CHCPs, and families
were the predominant channels of notification (Figure 3).

Health assistants were the most successful in capturing birth
and death events. They covered 76.8% of all births. This was
followed by family welfare assistants and CHCPs. Families
reported 12.6% of births to the call center. Health assistants
were the first to notify 60.4% of the births. Family welfare
assistants were the second best performers in terms of notifying
births followed by households. A very low proportion of births
was notified by facility-level health care providers, namely,
nursing supervisors and resident medical officers (Table 2).

Health assistants captured 53.6% (n=778) of all deaths. This
was followed by family welfare assistants and CHCPs. Health
assistants notified 37.2% (n=540) of deaths before other sources,
followed by CHCPs and family welfare assistants. Around
10.1% (n=147) deaths were first notified by family members
(Table 2).
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Figure 3. Notification and verification status.

Table 2. Proportion of births and deaths captured by the individual notification channel in 2 rural subdistricts of Bangladesh from January to October
2016.

First notifierNotified anytimeNotification processes and channels

Death (N=1451), n (%)Birth (N=6024), n (%)Death (N=1451), n (%)Birth (N=6024), n (%)

Android app

540 (37.2)3638 (60.4)778 (53.6)4626 (76.8)Health assistant

207 (14.3)910 (15.1)402 (27.7)1536 (25.5)Family welfare assistant

254 (17.5)578 (9.6)379 (26.1)1012 (16.8)Community health care provider

1 (0.1)0 (0)73 (5) 0 (0)Resident medical officer

4 (0.3)30 (0.5)174 (12)96 (1.6)Nursing supervisor

115 (7.9)60 (1)3 (0.2)48 (0.8)Uddokta

55 (3.8)78 (1.3)81 (5.6)90 (1.5)Female member

Call center

49 (3.4)54 (0.9)68 (4.7)72 (1.2)Imam

77 (5.3)30 (0.5)115 (7.9)42 (0.7)Village police

147 (10.1)645 (10.7)190 (13.1)759 (12.6)Parents/family

Notifier Performance: Timeliness
Around 8.4% (n=506) of births were notified on the first day
and 71.5% (n=4307) of births were notified within the legally
recommended time of 45 days. The median time taken to notify
births was 27 (IQR 11-50) days. The median time of
notifications via call center was 8 days for births (Table 3).
Overall, 31.7% (n=460) of deaths were notified within 1 day
while 89.3% (n=1296) were notified within 45 days. The median
time taken to notify deaths was 5 (IQR 1-23) days, which was
as low as 3 days via the call center (Table 3).

When we consider the timeliness and the source of notification
together, median time taken by health assistants to notify births
was 34 (IQR 18-55 days). Health assistants notified almost half
of these events within 45 days followed by family welfare
assistants (Table 3). Median number of days Health assistants
took to notify deaths was 9 days and they notified 45% (n=653)
of death events within 45 days. Together, health assistants and
family welfare assistants notified 55% (n=798) of death events
within 45 days (Table 3).
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Table 3. Notification timeliness by different channels of notification in 2 rural subdistricts of Bangladesh from January to October 2016.

Deaths (N=1451)Births (N=6024)Timeliness

Notification timeliness and source, n (%)

460 (31.7)506 (8.4)Within 24 hours

634 (43.7)747 (12.4)Within 72 hours

1006 (69.3)1928 (32)Within 15 days

1296 (89.3)4307 (71.5)Within 45 days

653 (45)2861 (47.6)Health assistant

353 (24.3)1145 (19)Family welfare assistant

5 (1-23)27 (11-50)Android-based app, all notifiers (n=168a), days,
median (IQR)

9 (3-31)34 (18-55)Health assistant (n=41)

3 (1-14)17 (6-35)Family welfare assistant (n=49)

5 (1-23)27 (11-48)Community health care provider (n=34)

5 (1-25)23 (7- 49)Uddokta (n=10)

0 (0)1 (0-4)Nursing supervisor (n=2)

143 (141-146)0 (0)Resident medical officer (n=1)

3 (1-14)8 (2-33)Call center, days, median (IQR)

1 (0-8)5 (2-12)Imam

3 (1-17)26 (7-62)Village police

4 (1-14)8 (1-34)Parents/family

aFamily members who notified from the community via the call center are not considered among the 168 notifiers.

Notification Coverage: Findings From Household
Survey
The household survey identified 1204 births between January
and October 2016. When matched with the notifications, the
majority of these births (87.3%, n=1051) were captured by our
notification system. Overall, more than half of the births took
place in facilities and the rest at home. Among the facility births,
a large proportion was notified by community health and family
planning workers. The majority (n=367, 65.6%) were notified

by health assistants. This was followed by family welfare
assistants (n=97, 17.4%), CHCPs (n=86, 15.4%), and households
through the call center (n=74, 13.2%). Out of the total 64
deliveries that took place in public facilities, only 2 were notified
by the nursing supervisors stationed at the hospitals (n=3,
0.18%) (Table 4). Similarly, among home births, most were
notified by health assistants (n=378, 76.8%) followed by family
welfare assistants (n=127, 25.8%) and CHCPs (n=69, 14.1%)
(Table 4).
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Table 4. Proportion of births and deaths captured by individual notification channel and place of event in 2 rural subdistricts of Bangladesh from
January to October 2016.

Household surveyNotification process and channels

Facility death
(N=85), n (%)

Home death
(N=256), n (%)

Death (N=341),
n (%)

Facility birth
(N=657), n (%)

Home birth
(N=547), n (%)

Birth (N=1204),
n (%)

21 (24.9)192 (75.1)341 (100)359 (54.6)248 (45.4)1204 (100)Total

Android app

19 (42.4)91 (51.6)109 (49.2)367 (65.6)378 (76.8)743 (70.7)Health assistant

10 (21.2)32 (17.9)42 (18.8)97 (17.4)127 (25.8)223 (21.2)Family welfare assistant

9 (20)39 (21.9)48 (21.4)86 (15.4)69 (14.1)156 (14.8)Community health care
provider

0 (0)0 (0)0 (0)0 (0)0 (0)0 (0)Resident medical officer

0 (0)1 (0.4)1 (0.3)3 (0.5)1 (0.2)4 (0.4)Nursing supervisor

2 (3.5)3 (1.9)5 (2.4)8 (1.4)3 (0.6)11 (1)Uddokta

3 (5.9)10 (5.5)12 (5.6)8 (1.4)3 (0.7)12 (1.1)Female member

Call center

3 (5.9)14 (8.2)17 (7.6)7 (1.2)1 (0.2)8 (0.8)Imam

1 (2.4)8 (4.7)9 (4.1)8 (1.4)1 (0.2)9 (0.9)Village police

5 (11.8)16 (8.9)22 (9.7)74 (13.2)66 (13.5)141 (13.4)Parents/family

46 (54.1)176 (68.8)222 (65.1)559 (85.1)492 (89.9)1051 (87.3)Total, all sources

A total of 341 deaths were identified in the household survey.
After matching, we found that 65.1% (n=222) of these were
captured by our notification system. When analyzed by source
of notification, most (n=19, 42.4%) facility deaths were captured
by health assistants followed by family welfare assistants. More
than half of home deaths were captured by health assistants.
This was followed by family welfare assistants (n=32, 17.9%)
and CHCPs (n=48, 21.4%) (Table 4).

Among events that were captured both by the notification
channels and the survey, 82% (n=4938) of births were notified
by health assistants and family welfare assistants combined.
Nearly 80% (n=4819) of births were captured by health
assistants and CHCPs combined. The proportion increased to
88% (n=5301) for births when the 3 channels were combined.
The rest of the sources together could cover around 50%
(n=3012) of births and deaths. Nearly 80% (n=1158) of the
deaths were captured by health assistants and CHCPs combined.

Health assistants, family welfare assistants, and CHCPs together
notified 86% (n=1247) of the deaths in the survey. All the
remaining sources together covered only around 50% of deaths.

Distribution within the notified and nonnotified births in terms
of all these determinants are reported in Table 5. Place of death,
sex of deceased, household wealth quintile, education, and
occupation of the household head were compared between the
notified and nonnotified deaths. A similar distribution pattern
was observed in the 2 groups. Statistical significance was not
reported owing to the low number of samples in the noncaptured
group (Table 5).

Our geographical information system maps also suggested no
geographic clustering among the nonnotified cases identified
during the household survey. Some areas performed better than
others, but the untapped birth and death events were evenly
scattered around the areas covered by our notifiers (Figure 4).
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Table 5. Background characteristics of the mothers who gave birth and of decedents in 2 rural subdistricts of Bangladesh from January to October
2016.

DeathBirth

Not captured by notification
channels (N=94), n (%)

Captured by notification
channels (N=248), n (%)

Not captured by notification
channels (N=153), n (%)

Captured by notification
channels (N=1051), n (%)

Place of event

31 (32.9)54 (21.7)98 (64.1)559 (53.2)Facility

63 (67)194 (78.1)55 (35.9)492 (46.8)Home

Age in years of mother/decedent by cohort

1 (0.8)21 (8.5)39 (25.5)209 (19.9)<20

24 (24.5)37 (14.9)92 (60.1)665 (63.3)20-29

24 (25.5)55 (22.3)20 (13.1)166 (15.8)30-39

20 (21.3)64 (25.9)2 (1.3)12 (1.1)40-49

7 (7.5)49 (19.8)0 (0)0 (0)50-59

11 (11.7)40 (16.2)0 (0)0 (0)≥60

0 (0)0 (0)0 (0)0 (0)Missing

Sex

36 (37.8)136 (54.9)86 (56.2)554 (52.7)Male

35 (36.9)107 (43.2)66 (43.1)491 (46.7)Female

24 (25.2)5 (1.8)1 (0.7)6 (0.6)Missing

Wealth quintile

21 (22.7)55 (22.1)18 (11.8)186 (17.7)Lowest

19 (20.2)38 (15.3)17 (11.1)197 (18.7)Second

24 (25.2)48 (19.4)38 (24.8)159 (15.1)Middle

13 (14.3)57 (22.9)26 (16.9)167 (15.9)Fourth

17 (17.7)50 (20.3)28 (18.3)203 (19.3)Highest

Education (mother/household head)

92 (97.9)235 (94.7)31 (20.3)272 (25.9)Primary or below

2 (2.1)12 (4.9)68 (44.4)508 (48.3)Secondary

0 (0)1 (0.4)54 (35.3)269 (25.6)Higher

Occupation

10 (10.6)27 (10.9)0 (0)4 (0.4)Unskilled labor

18 (19.2)37 (14.9)4 (2.6)34 (3.2)Skilled worker

11 (11.7)35 (14.2)0 (0)3 (0.3)Business/trade

3 (3.2)19 (7.7)3 (1.9)3 (0.3)Service holder

2 (2.1)5 (2.1)0 (0)8 (0.8)Professional

2 (2.1)15 (6.1)146 (95.4)1000 (95.1)Unemployed

JMIR Public Health Surveill 2022 | vol. 8 | iss. 8 |e25735 | p.239https://publichealth.jmir.org/2022/8/e25735
(page number not for citation purposes)

Tahsina et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

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


Figure 4. Distribution of births and deaths identified in household surveys across Mouzas (above from left: Basail death notified, death nonnotified,
birth notified, birth nonnotified; below from left: Kasba death notified, death nonnotified, birth notified, birth nonnotified).

Missed Events
Among nonnotified births (n=156), about 35% (n=55) happened
outside the project area. One-fifth of the mothers were at their
maternal home with newborns. The rest included outmigration
(n=41, 26%), false notification (n=16, 10%), and early newborn
death (n=9, 6%). Among nonnotified deaths (n=93),
approximately 86% (n=80) of the households were not aware
of the need for death notification.

Discussion

Principal Findings and Policy Recommendations
Our pilot notification system was developed with the aim of
identifying a single channel or combination of channels to help
improve the notification of birth and death events. Although
the notifications from health facilities were very low for both
births and deaths, community-level sources, especially the health
assistants and family welfare assistants, could together cover
more than 80% of the events within their catchment population.
Health assistants were the champions in notifying births and
deaths with the shortest time lag from the time of the event. Our
findings revealed that community-based staff within the routine
health system can ensure complete and timely notification of
births and deaths [27].

Health assistants and family welfare assistants showcased
promising performance in notifying births and deaths within 45
days. Our study identified that coverage can reach as high as
83%, a massive improvement from the 4.5% currently captured
in the online birth registration information system [15]. Death
notifications have already seen massive improvement as a result
of the medical certification of the cause of death and verbal
autopsy scale-up initiatives by the government. However, this

can also rise drastically from its current state to about 66%
through a notification system. We need to keep in mind that the
project provided minimal training and facilitation for collecting
the notifications. The health sector will be able to achieve even
better notification and registration coverage of vital events with
proper guidance and regulations from the relevant authorities.

The use of an electronic system and integrating such tools with
the current data capture system in Bangladesh can be an
effective means to facilitate the notification process.
Mobile-based electronic systems for registering births and deaths
have been successfully tried out in other countries. In Tanzania,
the registrars used a mobile app to collect and upload data to a
central system [26]. In Pakistan, marriage contractors, female
health workers, and Telenor mobile phone network agents were
selected as mobile gatekeepers to reach universal coverage for
the national identity scheme [26]. It is also not an additional
burden or a completely new system, as Bangladesh itself has
done exceptionally well in developing electronic data capture
and storage systems. The health assistants and family welfare
assistants have already been provided with tablets and training
on electronic data capture systems. Once the CRVS++ under
the leadership of the cabinet division is in place and running, it
will become much easier to accumulate information from the
various agents across different ministries, including health, and
connect them to the central CRVS database [17].

Poor notifications from facilities emphasize the need to
introduce and maintain an accountability mechanism in all
public and private facilities for immediate birth and death
reporting. Nationally, 37% of births now occur in facilities and
22% of these are in the private sector [27]. Nearly 55% of the
deliveries in our survey area took place in facilities. As reported
in the household survey, half of these deliveries were conducted
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in private sector facilities, partly explaining the low level of
public facility notification. Although community-level providers
captured most of the births and deaths in the study area, health
care providers stationed at facilities are much better positioned
to provide immediate information on births and deaths. Both
private and public facilities are required to report births and
deaths in the District Health Information System, which needs
a lot of improvements. As an initial step, medical certification
of the cause of death forms at both public and private health
facilities and verbal autopsy in the community through health
assistants have been launched as a pilot to identify the cause of
death for generating death certificates [17]. Both these initiatives
have played a crucial role in improving death reporting within
45 days.

Although a large proportion of the births still occur at home,
frontline domiciliary workers of the government are the best
source to inform these events. Domiciliary health and family
planning workers have a comparative advantage of “local
knowledge” within the community, and notification of births
and deaths is part of their day-to-day job. Through regular
interaction with households, health assistants and family welfare
assistants should be able to quickly and easily learn about
important events like births and deaths [28]. This leaves the
opportunity for collecting information on births and deaths with
a minimum time interval from event occurrence [28].

Our findings indicate some untapped opportunities among
CHCPs and Uddoktas in reporting both birth and death events.
Fixed duty stations lack delivery facilities, which limits
provider-people interactions and is perhaps one of the reasons
underlying the low level of reporting by other cadres such as
CHCPs or Uddoktas. Although CHCPs work closely with health
assistants/family welfare assistants, their work stations and
community clinics are a curative platform offering very limited
services. Uddoktas, however, are stationed at Union Digital
Centers located at the Union Parishad Office, which limits their
role to proactively identifying births and deaths. As a
demand-side effort, a nationwide campaign on the importance
of early registration of births and deaths will increase awareness
and accountability within the system [26]. Such mechanisms
can be useful for hard-to-reach areas or areas without a dedicated
health assistant/family welfare assistant.

The effectiveness of the health sector as a source of birth and
death notification, as demonstrated by this study, also opens
the door to linking these sources to the local and national level
registrar’s office where the registration process will be
completed. There are multiple ongoing national initiatives in
Bangladesh where digital data systems within the health sector
are already underway through introduction of the District Health
Information Software and the electronic Management
Information System [29,30]. This system can be sustainable, as
the Management Information System within the Directorate
General of Health Services in Bangladesh is providing handheld
tablets to all health assistants. The CHCPs are also equipped
with laptop computers. Technical and mechanical difficulties
are taken care of by the Management Information System and
the Directorate General of Health Services; however, the
shortage of adequate monitoring and supervisory bodies as well

as technical assistance does slow the digital data input process
nationally.

Bangladesh is rich in data in terms of household surveys
conducted every 2 or 3 years [24]. Although censuses and
household surveys act as a source of vital statistics, these are
unable to provide continuous administrative data at the national
or subnational level, permitting the production of statistics on
population dynamics and health and inequities in service
delivery [12]. Moving forward, a complete and functioning
notification system based on health sector information relevant
to vital events can eventually help replace surveys and censuses.
Data collection through surveys and its transition to readable
data makes translation of evidence into policy a lengthy process
[31]. With declining trends in maternal, newborn, and child
mortality, surveys are becoming increasingly resource-intensive,
and alternate measures are needed [32,33]. Previous studies
suggest that strong CRVS data have been used to estimate
maternal mortality, replacing surveys in other settings [34,35].

Simplification of the registration will save time and smoothen
the certification process with no hidden fees and can improve
registration as seen in a study conducted in Indonesia [23]. Once
data are entered in the system, birth and death notifications can
be shared in the respective local government offices for
processing the birth and death certificates. The notification
systems captured all the required information for issuing a
certificate. Discussions have already taken place on
incorporating all these information fields into the individual
tracker in the District Health Information Software-2 and the
electronic Management Information System. The only remaining
step would be for a family member to physically visit the
respective facilities and receive the certificates. Currently, there
is no tangible benefit or sense of obligation for parents or
individuals for the early registration of births and deaths.
Although the government initiated a pilot in Kaligonj subdistrict
by using an updated child immunization card to include birth
registration numbers, the first vaccine dose is not required until
42 days after birth [36]. This poses the risk of missing early
neonatal deaths and stillbirths, which are also commonly missed
in household surveys.

Countries with better CRVS systems perform better in terms of
their health indicators [10]. Accurate, timely, relevant,
comparable, and easily available statistical information is
essential for effective program design beyond health [37]. The
Vital Statistics Performance Index of Bangladesh is very low
[25]. As the country has mandated to strengthen its civil
registration system, quick short surveys can eventually be used
as a quality check to identify under- or overreporting of births
and deaths [7,22]. There is a huge opportunity for capturing
deaths through the domiciliary health and family planning
workforce. This becomes a much-required and desirable task
in a pandemic situation like COVID-19. Our findings suggest
that health assistants and family welfare assistants can play a
pivotal role in conducting mortality surveillance and support
policy makers with the necessary information in mitigation
planning [38].
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Limitations
Our study required the verification of every birth/death event
by physically visiting each household, which may not be feasible
when done nationally. We assessed the innovative digital
notification approach by using a sample household survey,
whereas conducting a complete census of all households in the
study area would be ideal. This was not possible owing to
resource constraints, thereby limiting our ability to achieve the
objective of matching every birth and death event case by case.
This limited our analysis for testing the validity of routine
sources and determining an inflation factor for measuring
mortality. We also could not include private sector facilities,
where a large proportion of facility births take place. However,
this was a pilot to test as many sources as possible, and covering
a large number of small private clinics was beyond our scope
in terms of government-enlisted notifiers. The government in
its pilot phase for the identification of cause of death has
included private sector facilities. We are also undertaking one
new research study to validate the routine health information
system in the identification and reporting of adult female
mortality. We have included all public and private sector
facilities in 2 upazilas. The study, once complete, will add a lot
more information to our findings in this paper.

One key limitation for the scale-up of such a program is the
lack of information on how to identify duplicates without
involving additional human resources. However, much
improvement in the national identification card has been made
since we conducted our study, and a national identification
system will be the key to merging data from various sources
and removing duplicates. Another initiative by the government
to introduce and implement unique IDs for every individual
may facilitate the removal of duplicates in greater capacity as
unique IDs include individuals aged 0-18 years as opposed to
the national identification card, where the age of eligibility is
18 years.

There are potential sources of bias in reporting births and deaths
from the notifiers. We tried addressing that by including as
many notifiers as possible from the community. Further, each
type of notifier is dedicated to a specific geographical region.
To see if there were biases in reporting births and deaths,
household characteristics from the survey were compared

between notified and missed events. Since a statistical
significance test could not be conducted owing to very low
numbers, we also looked at the geographic location of the
notified and nonnotified events and ensured there was no
clustering in reporting. Another source of bias could be the
person within the household who was interviewed. There were
clear instructions on how to select the respondent (women for
birth and household head for death) to minimize such bias.

Finally, this study was undertaken in 2016 and since then, there
has been a lot of development in the national CRVS program.
The CRVS++ system is under development, and pilot studies
to identify the cause of death both from facilities and
communities are underway. The pilot study revealed how the
routine health information system can be a source of notification
for the CRVS system and integration of the two is underway.
Through our collaboration with the cabinet division, we have
shared our learnings and fed into the pilot that was undertaken
in Kaligonj [36]. Our findings will be a very useful addition to
evidence-based decision-making for policy makers involved in
improving birth and death registration. Apart from improving
CRVS, the pilot study also showed ways to improve the
measurements and evidence-based decision-making by using
the routine health data sources. A larger validation study is
ongoing, building onto the pilot study to measure the mortality
of female adults from routine sources of information.

Conclusion
Our pilot study revealed that it is possible to tap into the routine
health information system for notification on births and deaths
as the first step to ensuring registration. Health assistants
captured more than half of the notifications as a stand-alone
source and this could be further improved when family welfare
assistants are also involved. Timely notification of birth and
death events using an innovative communications approach
with community-based staff can be a crucial step in improving
the registration of births and deaths. Once the notification part
is ensured with all the required fields for the certificate made
available, the mechanical procedures of certification can easily
be completed through the respective local government offices.
It can shorten the time needed to issue a certificate and make
the process of certification simple and efficient.
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