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Abstract

Mobile technologies, such as wireless glucometers and mobile health apps, are increasingly being integrated into health and
medical care. Because patients openly share real-time information about their health behaviors and outcomes on social media,
social media data may also be used as a tool for monitoring patient care. This commentary describes how recent advances in
computer science, psychology, and medicine enable social media data to become a new health “vital sign,” as well as actionable
steps that public health officials, health systems, and clinics can take to integrate social data into both public and population health
as well as into individual patient care. Barriers that first need to be addressed, including privacy concerns, legal and ethical
responsibilities, and infrastructure support, are discussed.
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Introduction

Given the current discourse around social media, it might seem
like “wall postings” have only existed since the turn of the
millennium. However, people’s psychological desire to publicly
share information has existed for thousands of years. For
example, scribes, messengers, and other citizens of ancient
Rome shared their thoughts on a literal wall—via graffiti—and
elsewhere in Europe people exchanged pamphlets featuring
diary entries, quotations, and personal information [1]. These
snippets of daily life entertained and informed citizens, but they
also provided a window into societal well-being. That is, they
were a health indicator of sorts and served as one of the earliest
forms of social media.

Today, unlike antiquity, health providers and researchers have
access to an endless stream of personal data via the Internet and
mobile devices. In one survey, 72% of Internet users searched
for health information in the past year [2], and several studies
have shown that social media can have a significant positive
impact on health outcomes if it is properly incorporated into
health care settings [3,4]. Given the tremendous amount of

publicly accessible personal data (eg, >500 million tweets per
day on Twitter), organizations and research teams are already
starting to integrate social media services such as Twitter and
Facebook into public health surveillance by tracking influenza,
sexually transmitted diseases, and predicting crime more
accurately than previous models [5-10].

Patients are willing to share highly personal information on
social media, including thoughts, feelings, and behaviors that
they typically would not disclose because of stigma or
embarrassment [11,12]. Scientists have begun to search these
data for important psychological clues about patient behaviors
and outcomes, such as medication adherence and adverse
reactions to medications [13,14]. By combining psychological
insights with data science methods such as machine learning,
it is possible to develop mathematical models that mine social
media data to predict people’s health behaviors at a population
and individual patient level. Researchers are debating the best
methods to interpret and gain behavioral insights about social
“big data” [15-17], but it is now feasible to monitor a host of
lifestyle factors that affect a person’s mental health and physical
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well-being, such as stress level, physical activity, and sexual
orientation.

Real-Time Interventions

In a clinic or hospital, physiological vital signs such as blood
pressure and heart rate are easy to monitor, but observant
physicians also take note of psychological indicators such as
sadness or anxiety. If physicians could detect when a patient is
anxious, or why they are scared to take medications, for
example, it might be possible to provide real-time interventions
and improve care delivery.

Consider depression, the leading cause of disability worldwide.
Depression costs the US health care system approximately US
$200 billion annually and leads to negative health outcomes
such as reduced medication adherence and suicide [18].
Although real-time monitoring of depression could save money
and lives, it has been difficult to track outcomes outside of a
clinic. This has changed with the advent of social media. Now,
researchers can work together to analyze the words and images
that people organically share on social media sites for clues
about depression, drug abuse, or other psychiatric disorders.
Algorithms can quickly identify patterns within millions of
postings and use that information to predict people’s emotions
and behaviors [19]. A check for suicidal ideation, for example,
could be as simple as reviewing a list of keywords associated
with suicide and depression [20,21]. However, despite the rapid
progress in algorithm development over the years, there is still
room for improvement. Algorithms implemented in a health
care setting might need to apply Natural Language Processing
techniques and require extensive additional research to optimize
their accuracy.

While it will take time and research to develop automated
algorithms capable of accurately identifying health risks within
social data, we can already discuss more manual ways of
implementing this approach, such as having trained staff
available to review and discern whether social media posts that
have been flagged by a machine for at-risk content actually do
describe a patient’s valid health concerns and require attention.
In fact, the process of having human domain experts identify
and confirm health-related content, and teach this information
to a machine, is a common approach used in developing new
models for monitoring and prediction [17].

With the right infrastructure and clear and informed consent
from patients, it might be possible for people’s real-time, organic
social media data to be used as a source of information about
their health and vitals. New health care tools could be developed
and used based on this information to help alert health systems
and their staff about potential or ongoing patient risks. How can
this be done? Health systems could ask patients for permission
to review their social media history, along with consent to
monitor online activity when admitted to a hospital or medical
facility. If a patient were to repeatedly express patterns of
concern, such as talking about “pain,” “being depressed,” or
“suicide,” machines that mine this information could flag it for
a health system staff member to review and intervene if deemed
necessary.

Similar approaches to mine social media data can also be applied
at the public health population level to help researchers and
public health officials identify epidemics. This has already been
the case for HIV [12,22], influenza [23], and cardiovascular
disease [24]. With some refinement, social media surveillance
strategies may be able to inform early warning systems and
facilitate communication between doctors and public health
authorities. Once a patient, population group, or geographic
region of concern is identified, providers and health officials
would need to follow a strict protocol to maintain privacy and
confidentiality.

Roadblocks

Once equipped with these tools, providers and public health
officials could have real-time access to monitor high-risk
patients. However, there are a number of implementation
questions that first need to be resolved. One question is whether
providers and public health officials would be responsible for
acting on social media data, as when providers identify a patient
with high blood pressure. Because social media postings occur
continuously 24 hours a day, 7 days a week, inside and outside
of hospitals and clinics, this could pose a tremendous legal and
economic burden on health care facilities to monitor and act on
this information. For example, ethicists, lawyers, and health
system management would need to discuss whether, how, and
when providers should monitor and intervene. For example, if
a patient posts on the social media platform of their cardiologist
about a heart problem, would the cardiologist be responsible
for following up? If the patient did not discuss cardiology but
instead described mental health problems, an area outside of
cardiology, would the responsibilities of the cardiology team
change? These are some of the many unexplored questions that
would need to be discussed. Before implementation of
monitoring patient social data, there should be clear and ethical
protocols in place to manage these situations such as having a
mental health professional on-call to deal with potential crises
[25].

Given that there are a limited number of studies showing a
causal link between social media posts and actual health
outcomes due to the novelty of this area, we suggest that it is
too early to assign responsibility for monitoring social media
as a health outcome. Instead, at this stage it might be used as
an additional tool, instead of a standalone one, for remote
monitoring of health and additional insights about patients.

Using social media to monitor and predict health risks also
raises serious privacy concerns. For example, are patients willing
to have their data mined to monitor their health information?
Although studies on ethics suggest that people find social media
to be an acceptable tool for use within public health and
medicine [26,27], this is a constantly changing area. It is unclear
whether people who share their data today would be willing to
have their data used in the future. A recent systematic review
shows that there are mixed views on the ethics of social media
research, with privacy concerns being the biggest hurdle. Despite
the public nature of social media, many people expressed more
positive views about social media research when studies required
informed consent from participants [28]. Another concern is
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that some people using social media may have their profile set
to public and be unaware of the privacy risks involved or have
forgotten that their profiles are public. It is unclear whether
these or other individuals are comfortable sharing personal
health information with a health care provider. Hospitals and
health care systems that implement a method of following
patients on social media should therefore have consent forms
that explicitly remind patients when and if they would be
monitored and describe the currently known risks and benefits
of this approach.

Another issue to consider is the data storage and management
system. Social data could be managed within an electronic health
records system or managed in a separate system, such as by
clinics or health systems. Pilot testing is needed to address these
questions before rolling out implementation at the larger level
of electronic health records or health systems. For example,
feasibility studies with small clinics will help uncover potential
risks that need to be addressed before widespread
implementation

Finally, there is also concern around the validity of the data.
People can provide inaccurate information about their health
and behaviors on social media. For instance, during the
2011-2012 flu season, flu-related Twitter models suggested that
it was a typical season. However, after World Health
Organization data showed that flu prevalence peaked 3 months
later than a typical flu season, it was discovered that the Twitter
flu model had incorrectly characterized tweets as being related
or unrelated to flu. More research is therefore needed to ensure
the accuracy of monitoring illnesses via social media, especially
during atypical seasons [29].

The Future of Social Media and Health
Care

Finally, before implementing social media as a tool for
monitoring data, we need to address whether providers and
health systems might not want or know how to handle this
additional information about their patients. With the increasing
amount of data available, it can be overwhelming to a health
system to think about integrating an unfiltered, 24-hour source
of information into health services and even more daunting to
think about the possible risks that could occur from being one
of the first to implement an approach like this. This paper is
meant to initiate a discussion of the risks and benefits of this
approach in order to determine whether and how social media
might be integrated into health monitoring to improve public
health and medical care. Although widespread implementation
of social media monitoring in health care may be a number of

years away, there are already case studies that use social media
and other forms of big data as a tool for monitoring in other
fields.

Tools to analyze social data are already successfully being used
in fields like consumer behavior, education, and crime prediction
[30], and there are a growing number of platforms that will soon
be ready for wide-scale use by medical professionals. For
example, our team at the Institute for Prediction Technology
has been developing a visualization tool called Cloudberry-HIV
Map [31]. We are building visualization tools like this to mine
social media data and present this information to public health
experts in an easy-to-understand manner so they can access “big
social data” and use it to assist with the interventions and
resource allocations. We have been working on applying these
types of models to address HIV, natural disasters, drug addiction
prevention, and suicide prevention. To date, the most extensive
use of machine learning for public health in the private sector
is IBM’s Watson Health, a computer that mines patient data to
aid in diagnosis and treatment. In 2011, researchers started
feeding the supercomputer millions of academic research papers
and programmed it to understand standard treatment protocols
for cancer. In one case, IBM claims that Watson Health proved
better than doctors at diagnosing a rare form of leukemia [32].
Watson Health has gone through extensive testing and
refinement, but it has been effective at analyzing patient medical
records, identifying cancer treatment options, and providing
supporting evidence for its treatment recommendations.
Developing a supercomputer that can be used in a broader
fashion with social media (eg, to identify early forms of mental
illness) is a next step. At a minimum, it is currently possible to
train computers to comb social media accounts and identify
patients at risk for diseases such as depression [33]. Working
with a multiplatform, rapidly evolving technology may indeed
be intimidating, but research in this area suggests it could have
tremendous benefits to patients and to broader public health.
For this to happen, health providers, patients, and computer
scientists will need to start a dialogue. The Health Insurance
Portability and Accountability Act and protected health
information guidelines are an important topic of discussion.
Particular focus needs to be applied to whether public social
media posts should be considered protected health information.
In addition, infrastructure to support these tools and patient
willingness to participate are a few other considerations. In
some sectors this dialogue has already begun, but to make
progress we need to shift our mindset on the role of social
networking technologies. As health researchers and providers,
being open to thinking of social media in this manner—as a
potential new “vital sign”—is a wise and worthwhile change
in perspective.

Conflicts of Interest
None declared.

References

1. Standage T. Writing on the Wall: Social Media - The First 2,000 Years. New York, NY: Bloomsbury; 2013.
2. Fox S. The social life of health information. 2014. URL: http://www.pewresearch.org/fact-tank/2014/01/15/

the-social-life-of-health-information/ [accessed 2018-01-30] [WebCite Cache ID 6wrn7f4t3]

J Med Internet Res 2018 | vol. 20 | iss. 4 | e161 | p. 3http://www.jmir.org/2018/4/e161/
(page number not for citation purposes)

YoungJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.pewresearch.org/fact-tank/2014/01/15/the-social-life-of-health-information/
http://www.pewresearch.org/fact-tank/2014/01/15/the-social-life-of-health-information/
http://www.webcitation.org/

                                            6wrn7f4t3
http://www.w3.org/Style/XSL
http://www.renderx.com/


3. Merolli M, Gray K, Martin-Sanchez F. Health outcomes and related effects of using social media in chronic disease
management: a literature review and analysis of affordances. J Biomed Inform 2013 Dec;46(6):957-969 [FREE Full text]
[doi: 10.1016/j.jbi.2013.04.010] [Medline: 23702104]

4. Japhet G. Six ways social media can improve your health. 2014. URL: https://www.weforum.org/agenda/2014/06/
social-media-health/ [accessed 2018-01-30] [WebCite Cache ID 6wrnNWc7S]

5. Young S, Mercer N, Weiss R, Torrone E, Aral S. Preventive Medicine. 2017 Dec 24. Using social media as a tool to predict
syphilis URL: http://www.sciencedirect.com/science/article/pii/S0091743517305030 [accessed 2018-04-12] [WebCite
Cache ID 6ydbwuTDf]

6. Gerber MS. Predicting crime using Twitter and kernel density estimation. Decision Support Systems 2014 May;61:115-125.
[doi: 10.1016/j.dss.2014.02.003]

7. Bodnar T, Salathé M. Validating Models for Disease Detection Using Twitter. 2013 Presented at: WWW '13 Companion
Proceedings of the 22nd International Conference on World Wide Web; May ; Rio de Janeiro, Brazil. ACM. New York,
New York.?702; 2013; Brazil p. 13-17 URL: https://dl.acm.org/citation.cfm?id=2488027 [doi: 10.1145/2487788.2488027]

8. Wang X, Gerber M, Brown D. Automatic crime prediction using events extracted from twitter posts. In: Social Computing,
Behavioral-Cultural Modeling and Prediction. College Park, MD: Springer; 2012:238.

9. Chou WS, Hunt YM, Beckjord EB, Moser RP, Hesse BW. Social media use in the United States: implications for health
communication. J Med Internet Res 2009 Nov 27;11(4):e48 [FREE Full text] [doi: 10.2196/jmir.1249] [Medline: 19945947]

10. Driscoll K, Walker S. Working Within a Black Box: Transparency in the Collection and Production of Big Twitter Data.
Int J Commun 2014 Jun 16;8:1745-1764 [FREE Full text]

11. Young SD, Cumberland WG, Lee S, Jaganath D, Szekeres G, Coates T. Social networking technologies as an emerging
tool for HIV prevention: a cluster randomized trial. Ann Intern Med 2013 Sep 03;159(5):318-324 [FREE Full text] [doi:
10.7326/0003-4819-159-5-201309030-00005] [Medline: 24026317]

12. Young SD, Rivers C, Lewis B. Methods of using real-time social media technologies for detection and remote monitoring
of HIV outcomes. Prev Med 2014 Jun;63:112-115 [FREE Full text] [doi: 10.1016/j.ypmed.2014.01.024] [Medline: 24513169]

13. Cho JHD, Gao T, Girju R. Identifying Medications that Patients Stopped Taking in Online Health Forums. 2017 Presented
at: IEEE 11th International Conference on Semantic Computing (ICSC); Jan. 30-Feb. 1, 2017; San Diego, CA p. 141.

14. Sarker A, Ginn R, Nikfarjam A, O'Connor K, Smith K, Jayaraman S, et al. Utilizing social media data for pharmacovigilance:
A review. J Biomed Inform 2015 Apr;54:202-212 [FREE Full text] [doi: 10.1016/j.jbi.2015.02.004] [Medline: 25720841]

15. Boyd D, Crawford K. Critical Questions for Big Data. Information, Communication & Society 2012 Jun;15(5):662-679.
[doi: 10.1080/1369118X.2012.678878]

16. Lazer D, Kennedy R, King G, Vespignani A. Big data. The parable of Google Flu: traps in big data analysis. Science 2014
Mar 14;343(6176):1203-1205. [doi: 10.1126/science.1248506] [Medline: 24626916]

17. Young SD. Behavioral insights on big data: using social media for predicting biomedical outcomes. Trends Microbiol 2014
Nov;22(11):601-602 [FREE Full text] [doi: 10.1016/j.tim.2014.08.004] [Medline: 25438614]

18. Depression Associated with Lower Medication Adherence Among Patients with Chronic Disease. 2011. URL: http://www.
rand.org/news/press/2011/05/10.html[WebCite Cache ID 6wrrxIzMG]

19. Choudhury M, Gamon M, Counts S, Horvitz E. 2013. Predicting Depression via Social Media URL: https://www.
microsoft.com/en-us/research/publication/predicting-depression-via-social-media/ [accessed 2018-04-12] [WebCite Cache
ID 6ydcEarHf]

20. Burnap P, Colombo W, Scourfield J. Machine Classification and Analysis of Suicide-Related Communication on Twitter.
USA: ACM; 2015 Presented at: Proceedings of the 26th ACM Conference on Hypertext & Social Media; 2015; Cyprus.
[doi: 10.1145/2700171.2791023]

21. Garett R, Young S. Ethical Issues in Addressing Social Media Posts About Suicidal Intentions During an Online Study
Among Youth: Case Study. JMIR Ment Health 2018 (forthcoming).

22. Young SD, Yu W, Wang W. Toward Automating HIV Identification: Machine Learning for Rapid Identification of
HIV-Related Social Media Data. J Acquir Immune Defic Syndr 2017 Feb 01;74 Suppl 2:S128-S131 [FREE Full text] [doi:
10.1097/QAI.0000000000001240] [Medline: 28079723]

23. Santillana M, Nguyen AT, Dredze M, Paul MJ, Nsoesie EO, Brownstein JS. Combining Search, Social Media, and Traditional
Data Sources to Improve Influenza Surveillance. PLoS Comput Biol 2015 Oct;11(10):e1004513 [FREE Full text] [doi:
10.1371/journal.pcbi.1004513] [Medline: 26513245]

24. Eichstaedt JC, Schwartz HA, Kern ML, Park G, Labarthe DR, Merchant RM, et al. Psychological language on Twitter
predicts county-level heart disease mortality. Psychol Sci 2015 Feb;26(2):159-169 [FREE Full text] [doi:
10.1177/0956797614557867] [Medline: 25605707]

25. Garett R, Young S. Health Care Gamification: A Study of Game Mechanics and Elements. Tech Know Learn 2018 Jan
29:A. [doi: 10.1007/s10758-018-9353-4]

26. Fisher J, Clayton M. Who gives a tweet: assessing patients' interest in the use of social media for health care. Worldviews
Evid Based Nurs 2012 Apr;9(2):100-108. [doi: 10.1111/j.1741-6787.2012.00243.x] [Medline: 22432730]

27. Chiu CJ, Menacho L, Fisher C, Young SD. Ethics issues in social media-based HIV prevention in low- and middle-income
countries. Camb Q Healthc Ethics 2015 Jul;24(3):303-310. [doi: 10.1017/S0963180114000620] [Medline: 26059956]

J Med Internet Res 2018 | vol. 20 | iss. 4 | e161 | p. 4http://www.jmir.org/2018/4/e161/
(page number not for citation purposes)

YoungJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(13)00067-1
http://dx.doi.org/10.1016/j.jbi.2013.04.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23702104&dopt=Abstract
https://www.weforum.org/agenda/2014/06/social-media-health/
https://www.weforum.org/agenda/2014/06/social-media-health/
http://www.webcitation.org/

                                            6wrnNWc7S
http://www.sciencedirect.com/science/article/pii/S0091743517305030
http://www.webcitation.org/

                                            6ydbwuTDf
http://www.webcitation.org/

                                            6ydbwuTDf
http://dx.doi.org/10.1016/j.dss.2014.02.003
https://dl.acm.org/citation.cfm?id=2488027
http://dx.doi.org/10.1145/2487788.2488027
http://www.jmir.org/2009/4/e48/
http://dx.doi.org/10.2196/jmir.1249
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19945947&dopt=Abstract
ijoc.org/index.php/ijoc/article/download/2171/1159
http://europepmc.org/abstract/MED/24026317
http://dx.doi.org/10.7326/0003-4819-159-5-201309030-00005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24026317&dopt=Abstract
http://europepmc.org/abstract/MED/24513169
http://dx.doi.org/10.1016/j.ypmed.2014.01.024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24513169&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1532-0464(15)00036-2
http://dx.doi.org/10.1016/j.jbi.2015.02.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25720841&dopt=Abstract
http://dx.doi.org/10.1080/1369118X.2012.678878
http://dx.doi.org/10.1126/science.1248506
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24626916&dopt=Abstract
http://europepmc.org/abstract/MED/25438614
http://dx.doi.org/10.1016/j.tim.2014.08.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25438614&dopt=Abstract
http://www.rand.org/news/press/2011/05/10.html
http://www.rand.org/news/press/2011/05/10.html
http://www.webcitation.org/

                                            6wrrxIzMG
https://www.microsoft.com/en-us/research/publication/predicting-depression-via-social-media/
https://www.microsoft.com/en-us/research/publication/predicting-depression-via-social-media/
http://www.webcitation.org/

                                            6ydcEarHf
http://www.webcitation.org/

                                            6ydcEarHf
http://dx.doi.org/10.1145/2700171.2791023
http://europepmc.org/abstract/MED/28079723
http://dx.doi.org/10.1097/QAI.0000000000001240
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28079723&dopt=Abstract
http://dx.plos.org/10.1371/journal.pcbi.1004513
http://dx.doi.org/10.1371/journal.pcbi.1004513
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26513245&dopt=Abstract
http://europepmc.org/abstract/MED/25605707
http://dx.doi.org/10.1177/0956797614557867
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25605707&dopt=Abstract
http://dx.doi.org/10.1007/s10758-018-9353-4
http://dx.doi.org/10.1111/j.1741-6787.2012.00243.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22432730&dopt=Abstract
http://dx.doi.org/10.1017/S0963180114000620
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26059956&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


28. Golder S, Ahmed S, Norman G, Booth A. Attitudes Toward the Ethics of Research Using Social Media: A Systematic
Review. J Med Internet Res 2017 Jun 06;19(6):e195 [FREE Full text] [doi: 10.2196/jmir.7082] [Medline: 28588006]

29. Mowery J. Twitter Influenza Surveillance: Quantifying Seasonal Misdiagnosis Patterns and their Impact on Surveillance
Estimates. Online J Public Health Inform 2016;8(3):e198 [FREE Full text] [doi: 10.5210/ojphi.v8i3.7011] [Medline:
28210419]

30. Young SD. Social Media Will Help Predict Crime. 2015. URL: https://www.nytimes.com/roomfordebate/2015/11/18/
can-predictive-policing-be-ethical-and-effective/social-media-will-help-predict-crime[WebCite Cache ID 6wrzR8cPp]

31. Cloudberry Demo. 2016. URL: http://predictiontechnology.ucla.edu/cloudberry-demo/ [accessed 2018-01-31] [WebCite
Cache ID 6wrza6PSr]

32. Otake T. IBM big data used for rapid diagnosis of rare leukemia case in Japan. 2016. URL: http://www.japantimes.co.jp/
news/2016/08/11/national/science-health/ibm-big-data-used-for-rapid-diagnosis-of-rare-leukemia-case-in-japan/#.
WTCa5dy1uUm

33. Reece AG, Danforth CM. Instagram photos reveal predictive markers of depression. EPJ Data Sci 2017 Aug 8;6(1). [doi:
10.1140/epjds/s13688-017-0110-z]

Edited by N Collier; submitted 26.07.17; peer-reviewed by M Paul, A Sarker, J Shi, JD Sharpe; comments to author 06.12.17; revised
version received 22.01.18; accepted 29.01.18; published 30.04.18

Please cite as:
Young SD
Social Media as a New Vital Sign: Commentary
J Med Internet Res 2018;20(4):e161
URL: http://www.jmir.org/2018/4/e161/
doi: 10.2196/jmir.8563
PMID: 29712631

©Sean D Young. Originally published in the Journal of Medical Internet Research (http://www.jmir.org), 30.04.2018. 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 http://www.jmir.org/, as well as this copyright and license information must be
included.

J Med Internet Res 2018 | vol. 20 | iss. 4 | e161 | p. 5http://www.jmir.org/2018/4/e161/
(page number not for citation purposes)

YoungJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.jmir.org/2017/6/e195/
http://dx.doi.org/10.2196/jmir.7082
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28588006&dopt=Abstract
http://europepmc.org/abstract/MED/28210419
http://dx.doi.org/10.5210/ojphi.v8i3.7011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28210419&dopt=Abstract
https://www.nytimes.com/roomfordebate/2015/11/18/can-predictive-policing-be-ethical-and-effective/social-media-will-help-predict-crime
https://www.nytimes.com/roomfordebate/2015/11/18/can-predictive-policing-be-ethical-and-effective/social-media-will-help-predict-crime
http://www.webcitation.org/

                                            6wrzR8cPp
http://predictiontechnology.ucla.edu/cloudberry-demo/
http://www.webcitation.org/

                                            6wrza6PSr
http://www.webcitation.org/

                                            6wrza6PSr
http://www.japantimes.co.jp/news/2016/08/11/national/science-health/ibm-big-data-used-for-rapid-diagnosis-of-rare-leukemia-case-in-japan/#.WTCa5dy1uUm
http://www.japantimes.co.jp/news/2016/08/11/national/science-health/ibm-big-data-used-for-rapid-diagnosis-of-rare-leukemia-case-in-japan/#.WTCa5dy1uUm
http://www.japantimes.co.jp/news/2016/08/11/national/science-health/ibm-big-data-used-for-rapid-diagnosis-of-rare-leukemia-case-in-japan/#.WTCa5dy1uUm
http://dx.doi.org/10.1140/epjds/s13688-017-0110-z
http://www.jmir.org/2018/4/e161/
http://dx.doi.org/10.2196/jmir.8563
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29712631&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

