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Abstract

Background: Innovative surveillance methods are needed to assess adherence to COVID-19 recommendations, especially
methods that can provide near real-time or highly geographically targeted data. Use of location-based social media image data
(eg, Instagram images) is one possible approach that could be explored to address this problem.

Objective: We seek to evaluate whether publicly available near real-time social media images might be used to monitor
COVID-19 health policy adherence.

Methods: We collected a sample of 43,487 Instagram images in New York from February 7 to April 11, 2020, from the following
location hashtags: #Centralpark (n=20,937), #Brooklyn Bridge (n=14,875), and #Timesquare (n=7675). After manually reviewing
images for accuracy, we counted and recorded the frequency of valid daily posts at each of these hashtag locations over time, as
well as rated and counted whether the individuals in the pictures at these location hashtags were social distancing (ie, whether
the individuals in the images appeared to be distanced from others vs next to or touching each other). We analyzed the number
of images posted over time and the correlation between trends among hashtag locations.

Results: We found a statistically significant decline in the number of posts over time across all regions, with an approximate
decline of 17% across each site (P<.001). We found a positive correlation between hashtags (#Centralpark and #Brooklynbridge:
r=0.40; #BrooklynBridge and #Timesquare: r=0.41; and #Timesquare and #Centralpark: r=0.33; P<.001 for all correlations).
The logistic regression analysis showed a mild statistically significant increase in the proportion of posts over time with people
appearing to be social distancing at Central Park (P=.004) and Brooklyn Bridge (P=.02) but not for Times Square (P=.16).

Conclusions: Results suggest the potential of using location-based social media image data as a method for surveillance of
COVID-19 health policy adherence. Future studies should further explore the implementation and ethical issues associated with
this approach.

(J Med Internet Res 2022;24(3):e24787) doi: 10.2196/24787
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Introduction

Innovative surveillance methods are needed to assess adherence
to COVID-19 recommendations [1], especially methods that
can provide near real-time or highly geographically targeted
data [2,3]. Social media, phone mobility data, and digital tracing
apps have been discussed as potential data sources to use to
better understand and track COVID-19–related behaviors and
policy adherence [4-8]. However, no known COVID-19 or other
research has examined whether social media images posted on
a location hashtag (eg, #Centralpark) might inform regional
surveillance and intervention efforts. Understanding these trends
in local adherence to emergency public health orders could help
inform public health and clinical needs. Accordingly, in a pilot
study, we evaluated whether publicly available images might
be used as a low-cost, near real-time method to monitor
adherence to COVID-19 health policies.

Methods

Instagram is the most popular photo-sharing application in the
United States. It allows users to take pictures of their current
activities and environment, and share them with others in real
time. Pictures can have location tags where users can post
pictures to a specific topic thread (eg, pictures taken in Central
Park, New York). Approximately 37% of US adults use
Instagram, with 75% of use among those 18-24 years of age,
57% among those 25-29 years of age, 47% among those 30-49
years of age, 23% among those 50-64 years of age, and 8%
among people 65 years and older [9].

We built a Python web crawler to collect Instagram images and
corresponding user information and metadata. Specifically, the
Beautiful Soup package was used to parse the original HTML
files. The keywords, with hashtags such as #brooklynbridge,
were used to identify relevant data. The images were only
collected from public accounts, which led to a sample of 43,487
Instagram images in New York from February 7 to April 11,
2020, during a timeline throughout which New York
COVID-19–related public health recommendations shifted from
no recommendations (March 1, 2020, the first confirmed case
within New York; March 5, 2020, Mayor de Blasio reports that
fears should not keep New Yorkers off the subway), to
heightened awareness (March 7, 2020, Governor Cuomo
declares a state of emergency), to statewide stay-at-home orders
for all nonessential activities, including limiting all outdoor
activities with a possibility of coming into close contact with
others (March 22, 2020). For example, as part of the
stay-at-home order, New Yorkers were instructed that all
nonessential gatherings of individuals of any size for any reason
should be canceled or postponed. They were also informed that
individuals should limit outdoor recreational activities to
noncontact and avoid activities where they come in close contact
with other people [10].

Images were only collected from location hashtags known for
nonessential activities or crowded spaces where it would likely
be difficult for people to socially distance (#Centralpark;
n=20,937), #Brooklyn Bridge (n=14,875), and #Timesquare
(n=7675). These data were collected to attempt to describe the

changing response to stay-at-home orders within these locations.
We excluded images that might have been posted by the same
person by only retaining up to 1 image per day per username.
We also excluded images if we were unable to verify location.
The final sample of images were manually reviewed by 23
graduate students to attempt to visually verify that the
individuals in the pictures were at the hashtag locations (eg,
images posted to #Brooklynbridge were excluded if they
appeared to be indoors). Intercoder reliability was assessed by
having students each label a subset of the sample of pictures to
determine consistency. These students then reviewed the labels
to resolve inconsistencies. This process occurred on the final
sample.

We counted and recorded the frequency of valid daily posts at
each of these hashtag locations over time (trend in frequency
of posts at each hashtag location), as well as rated and counted
whether the individuals in the pictures at these location hashtags
were social distancing (ie, whether the individuals in the images
appeared to be distanced from others vs next to or touching each
other). As an additional metric for assessing the
reliability/consistency of findings, we also measured the
correlation between the location hashtags in their frequency of
posts over time using data from the entire sample of individuals
associated with these locations. The graduate students rating
the pictures were provided with guidance on how to conduct
the rating and reviewed for agreement, including instructing
them to estimate social distancing based on individuals in the
photos not touching or being directly next to other individuals
(ie, not posing with, standing, or sitting next to each other).

We used R software (R Foundation for Statistical Computing)
to conduct regressions analyzing the number of images posted
over time and to calculate the correlation between trends among
hashtag locations (eg, the correlation between frequency of daily
images posted to #Centralpark and #Brooklyn Bridge). For
illustration purposes, we calculated the average number of
images posted before versus after the first New York case
(March 1, 2020). Logistic regression was used to estimate
changes in the proportion of posts exhibiting social distancing
over time. City University of Hong Kong research ethics
committee (#2-25-202001-01) and the University of California,
Irvine Institutional Review Board approved this study.

Results

The final sample included 37,447 manually verified images:
#Centralpark (n=17,761), #Brooklynbridge (n=13,459), and
#Timesquare (n=6227). A total of 100 randomly selected images
were reviewed by 4 of the 23 labelers to assess intercoder
reliability that individuals in the pictures were at the reported
hashtag locations (kappa=0.64). We found a statistically
significant decline in the number of posts over time across all
regions, with an approximate decline of 17% across each site
(P<.001; Figure 1 and Table 1). We found a positive correlation
between hashtags (#Centralpark and #Brooklynbridge: r=0.40;
#BrooklynBridge and #TimesSquare: r=0.41; and #Timesquare
and #Centralpark: r=0.33; P<.001 for all correlations). The
logistic regression analysis showed a mild statistically significant
increase in the proportion of posts over time with people
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appearing to be social distancing at Central Park (P=.004) and Brooklyn Bridge (P=.02) but not for Times Square (P=.16).

Figure 1. Number of images posted to the location hashtags over time, New York, 2020. Trendlines are estimated by a third-order polynomial function.

Table 1. Change in mean number of daily Instagram images for each location, New York, 2020.

P value95% CISlope
Number of daily posts after March
1, 2020, mean (% change)

Number of daily posts be-
fore March 1, 2020, meanLocation

<.001–2.89 to –0.62–1.76282.2 (–13.7)342.8Central Park

<.001–2.61 to –0.71–1.66218.3 (–17.7)252.9Brooklyn Bridge

<.001–1.45 to –0.62–1.0399.2 (–17.2)119.8Times Square

Discussion

Results suggest that publicly available image data might be
incorporated into public health surveillance methodologies as
an additional tool for monitoring people’s adherence to public
health guidelines, such as for the COVID-19 pandemic. We
collected more than 40,000 images throughout a 10-week study
period, which provided potential information about people’s
locations and adherence to stay-at-home orders. Sample data
were a small subset of available images, and for only 1 city,
suggesting that this approach could be scaled and automated
with artificial intelligence to assist with near real-time regional
health surveillance. Although this is a pilot study to explore this
new approach for surveillance, it provides an opportunity for
future researchers to explore expanding these methods using
artificial intelligence and to assess the potential
cost-effectiveness of this approach.

There are a number of potential public health and emergency
clinical applications of this research. First, health officials might

use social media image data to better understand trends in
adherence to COVID-19 prevention and other health policies.
Second, using similar methods as other areas of health
informatics, social media image data could be analyzed in health
prediction models alongside other data sources, including case
diagnoses, health services use, and demographic information,
to learn how social media images might predict future
COVID-19 cases within a specific region or county [11,12].
Finally, by providing data on where, when, how, and who are
adhering or not adhering to health recommendations within a
specific region, these data might help inform both the need for
and ability to craft education and behavior change campaigns
that are tailored to specific demographic or regional audiences
[13,14], as well as trends in potential future local emergency
department visits related to COVID-19 [15].

Although the number of posts decreased by approximately 17%
throughout the study period, on average, 600 posts continued
per day after issuance of stay-at-home orders, supporting the
continued need for behavior change interventions. Although

J Med Internet Res 2022 | vol. 24 | iss. 3 | e24787 | p. 3https://www.jmir.org/2022/3/e24787
(page number not for citation purposes)

Young et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

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


we found a correlation between locations, the percentage
reduction in images posted was greatest for #Timesquare and
least for #Centralpark. This may be because Times Square is
primarily a tourist location (and tourist activity substantially
diminished), while people may have continued to use Central
Park to exercise.

This study was limited by a New York focus and inability to
verify the exact location, time of photo, or demographic
information (eg, race, sex, or home city) about the users and a
biased sample of Instagram users. Future research may help to
address these questions by incorporating survey data into the
current types of methods. Instagram’s younger demographic
[9] might help to explain the relatively small reduction in images
posted after issuance of stay-at-home orders due to the common
desire for independence and reduced risk perception among this
age group. In addition, there are limitations with the social
distancing measure (eg, it would code household members
sitting together in the park having a picnic as not adhering to
social distancing, when household members sitting together is
appropriate, and we were unable to verify the specific number
of feet individuals were from each other). We are also unable
to identify why people were in these locations. As restrictions
lessened over time to allow certain recreational activities, it
would be helpful in future research to develop tools (eg, through

artificial intelligence) that could help to identify the specific
types of activities participants are doing to better understand if
they were adhering to policy recommendations. Despite being
publicly accessible data and social media–based public health
surveillance research being supported by government agencies
(eg, Centers for Disease Control and Prevention) [12,16-18],
privacy and ethics-related concerns need to be further explored
before implementation [19]. Relatedly, in the future, it is
possible that people would intentionally choose to alter their
behavior due to demand characteristics or surveillance efforts
[20], including deciding to not post to certain location hashtags
if they thought this method might be used for surveillance
efforts. However, we believe it is unlikely that people would
alter their behavior in this way as people continue to publicly
share large amounts of personal health information (eg, sexual
risk behaviors and drug use) on social media despite ongoing
monitoring of social media and digital data [21].

As states and local health departments continue to issue public
health orders, a large number of surveillance tools and
approaches are needed to control the growing COVID-19
pandemic. Results from this pilot study suggest that image data
might be explored and integrated with traditional epidemiology
approaches to help address and better inform local health and
emergency department efforts.

Acknowledgments
We wish to thank Dr Lifang Li and Mr Jiannan Ye for cleaning the data and doing preliminary analysis. SDY reports grant funding
to University of California, Irvine from the National Institute of Allergy and Infectious Diseases (NIAID) and National Institute
on Drug Abuse (NIDA). The funders played no role in the study planning, analysis, or outcomes.

Authors' Contributions
QZ and DDZ had full access to all of the data in the study and take responsibility for the integrity of the data and the accuracy
of the data analysis. YZ collected the data. SDY conceived of the initial idea, advised on analysis, and wrote the first draft of the
manuscript. WC advised on analysis and edited the manuscript.

Conflicts of Interest
SDY has received equity in MotiSpark, a company that uses images/videos for health behavior change. SDY has been a previous
recipient of gift funding from Facebook (funding was made to the University of California with SDY as PI).

References

1. An approach for monitoring and evaluating community mitigation strategies for COVID-19. Centers for Disease Control
and Prevention. 2020 Feb 11. URL: https://tinyurl.com/mrxd99uu [accessed 2020-11-04]

2. Wang CJ, Ng CY, Brook RH. Response to COVID-19 in Taiwan: big data analytics, new technology, and proactive testing.
JAMA 2020 Apr 14;323(14):1341-1342. [doi: 10.1001/jama.2020.3151] [Medline: 32125371]

3. Smith CD, Mennis J. Incorporating geographic information science and technology in response to the COVID-19 pandemic.
Prev Chronic Dis 2020 Jul 09;17:E58 [FREE Full text] [doi: 10.5888/pcd17.200246] [Medline: 32644920]

4. Ting DSW, Carin L, Dzau V, Wong TY. Digital technology and COVID-19. Nat Med 2020 Apr;26(4):459-461 [FREE
Full text] [doi: 10.1038/s41591-020-0824-5] [Medline: 32284618]

5. Young SD, Schneider J. Clinical care, research, and telehealth services in the era of social distancing to mitigate COVID-19.
AIDS Behav 2020 Jul;24(7):2000-2002 [FREE Full text] [doi: 10.1007/s10461-020-02924-z] [Medline: 32440971]

6. Protocol for assessment of potential risk factors for coronavirus disease 2019 (COVID-19) among health workers in a health
care setting. World Health Organization. 2020. URL: https://apps.who.int/iris/bitstream/handle/10665/332071/
WHO-2019-nCoV-HCW_risk_factors_protocol-2020.3-eng.pdf [accessed 2020-05-21]

7. Oliver N, Lepri B, Sterly H, Lambiotte R, Deletaille S, De Nadai M, et al. Mobile phone data for informing public health
actions across the COVID-19 pandemic life cycle. Sci Adv 2020 Jun;6(23):eabc0764 [FREE Full text] [doi:
10.1126/sciadv.abc0764] [Medline: 32548274]

J Med Internet Res 2022 | vol. 24 | iss. 3 | e24787 | p. 4https://www.jmir.org/2022/3/e24787
(page number not for citation purposes)

Young et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://www.cdc.gov/coronavirus/2019-ncov/php/monitoring-evaluating-community-mitigation-strategies.html
http://dx.doi.org/10.1001/jama.2020.3151
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32125371&dopt=Abstract
https://www.cdc.gov/pcd/issues/2020/20_0246.htm
http://dx.doi.org/10.5888/pcd17.200246
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32644920&dopt=Abstract
http://europepmc.org/abstract/MED/32284618
http://europepmc.org/abstract/MED/32284618
http://dx.doi.org/10.1038/s41591-020-0824-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32284618&dopt=Abstract
http://europepmc.org/abstract/MED/32440971
http://dx.doi.org/10.1007/s10461-020-02924-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32440971&dopt=Abstract
https://apps.who.int/iris/bitstream/handle/10665/332071/WHO-2019-nCoV-HCW_risk_factors_protocol-2020.3-eng.pdf
https://apps.who.int/iris/bitstream/handle/10665/332071/WHO-2019-nCoV-HCW_risk_factors_protocol-2020.3-eng.pdf
http://europepmc.org/abstract/MED/32548274
http://dx.doi.org/10.1126/sciadv.abc0764
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32548274&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


8. Garett R, Young SD. Online misinformation and vaccine hesitancy. Transl Behav Med 2021 Dec 14;11(12):2194-2199
[FREE Full text] [doi: 10.1093/tbm/ibab128] [Medline: 34529080]

9. Perrin A, Anderson M. Share of U.S. adults using social media, including Facebook, is mostly unchanged since 2018. Pew
Research Center. URL: https://tinyurl.com/3un9k66e [accessed 2020-05-21]

10. New York Forward. URL: https://coronavirus.health.ny.gov/new-york-state-pause [accessed 2020-11-04]
11. Young SD, Torrone EA, Urata J, Aral SO. Using search engine data as a tool to predict syphilis. Epidemiology 2018

Jul;29(4):574-578 [FREE Full text] [doi: 10.1097/EDE.0000000000000836] [Medline: 29864105]
12. Aiello AE, Renson A, Zivich PN. Social media- and internet-based disease surveillance for public health. Annu Rev Public

Health 2020 Apr 02;41:101-118 [FREE Full text] [doi: 10.1146/annurev-publhealth-040119-094402] [Medline: 31905322]
13. Young SD, Goldstein NJ. Applying social norms interventions to increase adherence to COVID-19 prevention and control

guidelines. Prev Med 2021 Apr;145:106424 [FREE Full text] [doi: 10.1016/j.ypmed.2021.106424] [Medline: 33440191]
14. Young S. Stick with It: A Scientifically Proven Process for Changing Your Life--for Good. Toronto: HarperCollins; Jun

26, 2018.
15. Christie A, Henley SJ, Mattocks L, Fernando R, Lansky A, Ahmad FB, et al. Decreases in COVID-19 Cases, Emergency

Department Visits, Hospital Admissions, and Deaths Among Older Adults Following the Introduction of COVID-19 Vaccine
- United States, September 6, 2020-May 1, 2021. MMWR Morb Mortal Wkly Rep 2021 Jun 11;70(23):858-864 [FREE
Full text] [doi: 10.15585/mmwr.mm7023e2] [Medline: 34111059]

16. Young SD, Wang W, Chakravarthy B. Crowdsourced traffic data as an emerging tool to monitor car crashes. JAMA Surg
2019 Aug 01;154(8):777-778 [FREE Full text] [doi: 10.1001/jamasurg.2019.1167] [Medline: 31116356]

17. Zhang Q, Chai Y, Li X, Young SD, Zhou J. Using internet search data to predict new HIV diagnoses in China: a modelling
study. BMJ Open 2018 Oct 17;8(10):e018335 [FREE Full text] [doi: 10.1136/bmjopen-2017-018335] [Medline: 30337302]

18. Young SD, Mercer N, Weiss RE, Torrone EA, Aral SO. Using social media as a tool to predict syphilis. Prev Med 2018
Apr;109:58-61 [FREE Full text] [doi: 10.1016/j.ypmed.2017.12.016] [Medline: 29278678]

19. Gasser U, Ienca M, Scheibner J, Sleigh J, Vayena E. Digital tools against COVID-19: taxonomy, ethical challenges, and
navigation aid. Lancet Digit Health 2020 Aug;2(8):e425-e434 [FREE Full text] [doi: 10.1016/S2589-7500(20)30137-0]
[Medline: 32835200]

20. Young SD, Adelstein BD, Ellis SR. Demand characteristics in assessing motion sickness in a virtual environment: or does
taking a motion sickness questionnaire make you sick? IEEE Trans Vis Comput Graph 2007;13(3):422-428. [doi:
10.1109/TVCG.2007.1041] [Medline: 17356210]

21. Garett R, Smith J, Young SD. A review of social media technologies across the global HIV care continuum. Curr Opin
Psychol 2016 Jun 01;9:56-66 [FREE Full text] [doi: 10.1016/j.copsyc.2015.10.024] [Medline: 26925455]

Edited by C Basch; submitted 05.10.20; peer-reviewed by D Bychkov, K McCausland; comments to author 23.10.20; revised version
received 24.11.20; accepted 21.12.21; published 03.03.22

Please cite as:
Young SD, Zhang Q, Zeng DD, Zhan Y, Cumberland W
Social Media Images as an Emerging Tool to Monitor Adherence to COVID-19 Public Health Guidelines: Content Analysis
J Med Internet Res 2022;24(3):e24787
URL: https://www.jmir.org/2022/3/e24787
doi: 10.2196/24787
PMID: 34995205

©Sean D Young, Qingpeng Zhang, Daniel Dajun Zeng, Yongcheng Zhan, William Cumberland. Originally published in the
Journal of Medical Internet Research (https://www.jmir.org), 03.03.2022. This is an open-access article distributed under the
terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/,
as well as this copyright and license information must be included.

J Med Internet Res 2022 | vol. 24 | iss. 3 | e24787 | p. 5https://www.jmir.org/2022/3/e24787
(page number not for citation purposes)

Young et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://europepmc.org/backend/ptpmcrender.fcgi?accid=PMC8515268&blobtype=pdf
http://dx.doi.org/10.1093/tbm/ibab128
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34529080&dopt=Abstract
https://www.pewresearch.org/fact-tank/2019/04/10/share-of-u-s-adults-using-social-media-including-facebook-is-mostly-unchanged-since-2018/
https://coronavirus.health.ny.gov/new-york-state-pause
http://europepmc.org/abstract/MED/29864105
http://dx.doi.org/10.1097/EDE.0000000000000836
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29864105&dopt=Abstract
http://europepmc.org/abstract/MED/31905322
http://dx.doi.org/10.1146/annurev-publhealth-040119-094402
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31905322&dopt=Abstract
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7831438/pdf/main.pdf
http://dx.doi.org/10.1016/j.ypmed.2021.106424
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33440191&dopt=Abstract
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8191865/pdf/mm7023e2.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC8191865/pdf/mm7023e2.pdf
http://dx.doi.org/10.15585/mmwr.mm7023e2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34111059&dopt=Abstract
http://europepmc.org/abstract/MED/31116356
http://dx.doi.org/10.1001/jamasurg.2019.1167
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31116356&dopt=Abstract
https://bmjopen.bmj.com/lookup/pmidlookup?view=long&pmid=30337302
http://dx.doi.org/10.1136/bmjopen-2017-018335
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30337302&dopt=Abstract
http://europepmc.org/abstract/MED/29278678
http://dx.doi.org/10.1016/j.ypmed.2017.12.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29278678&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(20)30137-0
http://dx.doi.org/10.1016/S2589-7500(20)30137-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32835200&dopt=Abstract
http://dx.doi.org/10.1109/TVCG.2007.1041
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17356210&dopt=Abstract
http://europepmc.org/abstract/MED/26925455
http://dx.doi.org/10.1016/j.copsyc.2015.10.024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26925455&dopt=Abstract
https://www.jmir.org/2022/3/e24787
http://dx.doi.org/10.2196/24787
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34995205&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

