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Background. Researchershaveused traditionaldatabases to studypublic

health for decades. Less is known about the use of social media data

sources, such as Twitter, for this purpose.

Objectives. To systematically review the use of Twitter in health re-

search, define a taxonomy to describe Twitter use, and characterize the

current state of Twitter in health research.

Search methods. We performed a literature search in PubMed, Embase,

Web of Science, Google Scholar, and CINAHL through September 2015.

Selection criteria. We searched for peer-reviewed original research

studies that primarily used Twitter for health research.

Data collection and analysis. Two authors independently screened

studies and abstracted data related to the approach to analysis of Twitter

data, methodology used to study Twitter, and current state of Twitter

research by evaluating time of publication, research topic, discussion of

ethical concerns, and study funding source.

Main results. Of 1110 unique health-related articlesmentioning Twitter,

137 met eligibility criteria. The primary approaches for using Twitter in

health research that constitute a new taxonomy were content analysis

(56%; n =77), surveillance (26%; n =36), engagement (14%; n =19), re-

cruitment (7%; n =9), intervention (7%; n =9), and network analysis (4%;

n = 5). These studies collectively analyzed more than 5 billion tweets

primarily by using the Twitter application program interface. Of 38 po-

tential data features describing tweets and Twitter users, 23 were re-

ported in fewer than 4% of the articles. The Twitter-based studies in this

review focused on a small subset of data elements including content

analysis, geotags, and language. Most studies were published recently

(33% in 2015). Public health (23%; n = 31) and infectious disease (20%;

n = 28) were the research fields most commonly represented in the in-

cluded studies. Approximately one third of the studies mentioned ethical

board approval in their articles. Primary funding sources included federal

(63%), university (13%), and foundation (6%).

Conclusions. We identified a new taxonomy to describe Twitter use

in health research with 6 categories. Many data elements discernible

from a user’s Twitter profile, especially demographics, have been

underreported in the literature and can provide new opportunities to

characterize the users whose data are analyzed in these studies.

Twitter-based health research is a growing field funded by a diversity

of organizations.

Public health implications. Future work should develop standardized

reporting guidelines for health researchers who use Twitter and

policies that address privacy and ethical concerns in social media re-

search. (The full article is available online. Am J Public Health. 2017;107:

143, e1–e8. doi:10.2105/AJPH.2016.303512)

PLAIN-LANGUAGE SUMMARY
Twitter is an interactive social media

platform established in 2006 that allows users
to send 140-character messages to one an-
other. Public health researchers have begun to
use Twitter for research—both to interact
with study participants and to mine the
platform for data. This growing bodyofwork,

however, has not yet been systematically
studied. In this review, we analyzed 137
studies that used Twitter to conduct health
research that collectively analyzed more than
5 billion tweets. We found that the majority
of articles (57%) focused on analyzing the
content of tweets, whereas other studies
harnessed Twitter’s interactive features for

recruitment or interventions. Most studies
were published in the past 2 years, and were
supported by a wide variety of funders.
Twitter-based public health research is
a growingfield. Futurework is needed to help
create standardized reporting guidelines to
improve the reproducibility and compara-
bility of Twitter studies.
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One of the 3 main functions of public
health is the “assessment andmonitoring

of the health of communities and populations
at risk to identify health problems and prior-
ities.”1(p48) For decades, health researchers have
leveraged large databases of health information
for this purpose. In recent years, researchers
have recognized that social media platforms,
such as Twitter, Facebook, and Instagram, can
also provide data about population-level health
and behavior.2–6

Among social media networks, Twitter
provides a unique big data source for public
health researchers because of the real-time
nature of the content, and the ease in accessing
and searching publically available information.
The reach and volume of data are also
significant—every day, 500 million tweets are
sent by more than 300 million active users
worldwide.7 Although Twitter users are not
representative of the population of the United
States (persons aged < 50 years and dwelling in
urban areas are most likely to use Twitter8),
a wide breadth of demographic groups is
represented. In addition to its potential as
a more traditional data source, Twitter is also
interactive; researchers can contribute to the
social network and harness this feature as
a recruitment tool or for an intervention.

Despite the potential for this social media
platform, the landscape of how Twitter is and
might be used for health research has yet to be
defined.9–24 There is value in understanding the
ways that theTwitter data set can be harnessed to
contribute to our understanding of public health.

We sought to systematically review the
literature of health-related research that used
Twitter. We focused primarily on character-
izing these research studies and developing
a taxonomy. We also evaluated other features
of Twitter health research including how re-
searchers accessed Twitter information, which
Twitter data features researchers reported,
and measures of the current state of health
research using Twitter. This review can pro-
vide insights about Twitter-based research and
identify new opportunities for assessing and
monitoring health on social media platforms.

METHODS
This study was a systematic review of

Twitter-based health research according to
the PRISMA statement.25

We performed a systematic literature
search on July 8, 2015, by searching
PubMed, Embase, Web of Science, and
CINAHL for articles whose title, abstract, or
search keywords matched the following
Boolean search strings: “Twitter AND
health,” “tweet AND health,” and “Twitter
AND medicine.” We also searched Google
Scholar by using the previously stated search
strings and reviewed it for unique articles.
We performed a second search on Sep-
tember 8, 2015, by searching the previously
mentioned databases for the following ad-
ditional Boolean search strings: “Twitter
AND illness” and “Twitter AND disease.”

We included studies if they met the
following criteria: (1) primary peer-reviewed
journal article representing original health
research, (2) methodology and results
provided, and (3) Twitter was used by re-
searchers to obtain at least part of the results.
We defined health research as research
that contributes to the World Health
Organization’s definition of health: “a state
of complete physical, mental and social
well-being and not merely the absence of
disease or infirmity.”26 We excluded
abstracts, editorials, review articles, and
non-English articles.

We screened articles that met inclusion
criteria for quality by using a modified
Quality Assessment Tool for Systematic
Reviews of Observational Studies.27 We
assessed studies on the basis of 4 quality
criteria: presence of a clearly defined
objective, description of techniques for ex-
traction of Twitter data (if applicable),
discussion of coding methodology including
intercoder reliability, and discussion of
limitations. We excluded articles with a low
rating on 2 or more of the quality criteria
from the review. Two authors in-
dependently screened studies for inclusion.
Disagreements were discussed and adjudi-
cated by consensus. The k score between

2 coders for a 10% sample for study inclusion
was 0.74.

To develop and define the taxonomy of
Twitter use, we developed a codebook based
on the studies that met inclusion criteria
that described the manner in which health
researchers have used Twitter in their work.
Four authors (L. S., A.M.B., C.M., R.M.M)
developed a preliminary codebook by in-
cluding 14 themes that were then combined
and revised to compose the 6 themes reported
in this review. We further categorized the 6
themes into 2 subsets: studies that analyzed data
fromTwitter and studies that used the Twitter
social platform. Two authors coded all in-
clusion articles, adjudicating differences with
a larger group that included 2 other authors.
We counted studies that used Twitter in more
than 1 way in all applicable themes.

To characterize approaches for accessing
Twitter data, we reviewed each article for its
method of mining Twitter. Every tweet
can potentially generate 38 data features
related to the Twitter user (e.g., age,
occupation, socioeconomic status) and the
tweet (e.g., timing, location, content,
sentiment, language; Table 1). Two authors
(L. S., C.M.) identified these 38 data features
in an iterative process based on the data
features reported in the studies reviewed in
this article, as well as data features identified
in a literature search. We assessed each
article for its reporting of these specific
data features.

To describe the current state of Twitter
health research, we extracted the following
information from studies in this review:
research field, research topic, publication
year, and funding source. We also extracted
information about the institutional review
board or ethical review board process asso-
ciated with accessing and using Twitter-
based data. We collected and coded the
following additional elements but did not
report them in this article: journal, type of

ABOUT THE AUTHORS
Lauren Sinnenberg, Kevin Padrez, ChristinaMancheno, and RainaM.Merchant are with PennMedicine Social Media and Health
Innovation Lab, University of Pennsylvania, Philadelphia. Lyle Ungar is with the Department of Computer and Information Science,
University of Pennsylvania. Alison M. Buttenheim is with Department of Family and Community Health, School of Nursing,
University of Pennsylvania, and Center for Health Incentives and Behavioral Economics, University of Pennsylvania.

Correspondence should be sent to Raina M. Merchant, MD, MSHP, Department of Emergency Medicine, Penn Medicine Social
Media and Health Innovation Lab, 423 Guardian Dr, University of Pennsylvania, Philadelphia, PA 19104 (e-mail: raina.
merchant@uphs.upenn.edu). Reprints can be ordered at http://www.ajph.org by clicking the “Reprints” link.

This article was accepted October 8, 2016.
doi: 10.2105/AJPH.2016.303512

AJPH RESEARCH

e2 Research Peer Reviewed Sinnenberg et al. AJPH January 2017, Vol 107, No. 1



journal, journal impact factor, objectives,
nation in which study was conducted,
population studied, and timeframe of
tweets studied.

We used summary statistics to quantify
the frequency of themes used across studies,

methodologies of accessing Twitter, Twitter
data features reported, and measures of the
current state of Twitter health research. We
compiled and analyzed summary data in
Stata SE version 14 (StataCorp LP, College
Station, TX).

RESULTS
Of the 3049 articles identified in the

initial database search,we found 1110 articles
to be unique. Of these, 137 of these articles
met eligibility criteria (Figure A, Figure B,
and Table E, available as supplements to the
online version of this article at http://www.
ajph.org).

We identified 4 ways in which Twitter
data were used by health researchers in their
work: content analysis of tweets (56%;
n = 77), surveillance of volume of tweets
about a particular topic (26%; n = 36),
engagement of Twitter users with Twitter
accounts or tweets (14%; n = 19), and net-
work analysis of Twitter users (4%; n = 137)
and 2 ways that the Twitter platform was
used for research: recruitment of participants
for research (7%; n = 9) and Twitter-based
intervention (7%; n = 9; Table 2). We
included studies that used more than 1
methodology for studying Twitter (12%;
n = 17) in all applicable themes.

Twitter as a Data Source
Content analysis.Of the articles included in

this review, more than half (56%; n= 77)
analyzed the content of tweets about a specific
health topic to characterize public discourse
on Twitter. Within this group, there were
subcategories including sentiment analysis
(15%; n= 21) and image analysis (1%; n= 1).
This article analyzed the content of images
attached to tweets with the hashtag “thinspo”
to assess the types of images that are used by
individuals to discuss body image.28

Surveillance. Many of the articles (26%;
n= 36) analyzedTwitter data for frequency of
discussion of a particular topic. The majority
of the articles in this group were focused
on monitoring Twitter for mentions of
influenza-related terms compared with the
normal background discussion of influenza.
Of the 36 articles in this category, 19%
(n = 7) utilized these changing frequencies

to predict outcomes such as asthma emer-
gency department visits and heart disease
mortality.

Engagement. Several articles (14%; n= 19)
assessed Twitter presence as well as user
interactions with content produced by other
users. Researchers with articles in this cate-
gory reported metrics including number of
retweets and number of favorites to measure
how the Twitter community responded to
tweets from different users or to tweets about
different health topics. Six of these studies
examined Twitter usage by health organiza-
tions and how the public engages with tweets
from those organizations.29–34

Network analysis. The smallest category
(4%; n= 5) of articles analyzed the networks
of Twitter users. Two of these studies
specifically assessed the connections between
patients with cancer on Twitter and sought
to identify the hubs, or Twitter users with the
greatest connectedness to other users within
the network.35,36

Utilization of the Twitter Platform
Recruitment. Twitter was used to recruit

research survey participants in 7% (n = 9)
of the studies. In 1 article, researchers were
able to reach a highly unique population
(owners of venomous snakes) by recruiting
via Twitter.37

Intervention. Some of the studies (7%;
n = 9) used Twitter as an intervention in
their study. Two of these studies investigated
the effectiveness of weight loss interventions
with a Twitter-based social component.38,39

Many of the studies in this group studied
behavioral aspects of health issues such as
weight loss, smoking, or nutrition.

Use of Twitter Data
Accessing Twitter data. Of the 137 articles

in this review, 108 analyzed tweets (those
that did not were largely studies that
primarily utilized the Twitter platform
for their research). These 108 articles rep-
resented more than 5.1 billion analyzed
tweets (Table A, available as a supplement
to the online version of this article at http://
www.ajph.org).Many studies (41%; n = 44)
used the Twitter application programing
interface (API) to mine Twitter, and others
included NodeXL, Topsy, and NCapture
(Table B, available as a supplement to

TABLE 1—Frequency of Use of Different
Metadata Elements That Can Be Extracted
From Twitter in Included Articles:
2010–2015

Data Articles, No. (%)

Explicit data about user

Twitter handle 6 (4)

Language 0 (0)

Time zone 4 (3)

Location 12 (9)

Date account created 5 (4)

User profile (free text) 5 (4)

User profile photo 2 (1)

Total number of tweets 11 (8)

Number of followers 26 (19)

Number following 6 (4)

Extractable data about user

Age 1 (1)

Gender 5 (4)

Marital status 1 (1)

Political party 0 (0)

Race/ethnicity 1 (1)

Occupation 5 (4)

Interests 0 (0)

Religion 0 (0)

Income 1 (1)

Mood 1 (1)

Disease state 5 (4)

Network 5 (4)

Explicit data from tweet

140 characters 112 (82)

#hashtag 13 (9)

URL 6 (4)

Geotag 28 (20)

Application used to send tweet 2 (1)

Number of retweets 12 (9)

Number of favorites 1 (1)

Linked images 2 (1)

User mentions 3 (2)

Time and date of tweet 19 (14)

Extractable data about tweet

Content 77 (55)

Sentiment 21 (15)

Image analysis 1 (1)

Language 4 (3)

Note. URL =uniform resource locator.
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the online version of this article at http://
www.ajph.org).

Twitter metadata. Of the 38 potential
Twitter data features extracted for review,
25 data features were reported by less than 5%
of studies. The data most often included in
analysis were content analysis (55%; n= 77),
geotags (20%; n= 28), and number of
followers (19%; n= 26). Very few studies
(4%; n= 5), reported on the demographics
of the Twitter users producing the content
used in their research including age, gender,
and race (Table 1).

Current State of Twitter Health
Research

Publication date.Most articles were recent,
with 33% (n = 46) published in 2015 com-
pared with only 1% (n = 2) published in
2010, the first year represented in this review
(Figure 1).

Research field and topic. The most com-
monly represented research fields in the
review were public health (22%; n = 30),
infectious disease (20%; n = 27), behavioral
medicine (18%; n = 24), and psychiatry

(11%; n = 16; Table 3 and Table F, available
as a supplement to the online version of this
article at http://www.ajph.org). The most
common research topics included influenza
(8%; n = 11), smoking (7%; n = 9), cancer
(5%; n = 7), and Ebola (4%; n = 5; Table 3).

Ethical discussion. Several articles (32%;
n=43) discussed acquiring ethics board ap-
proval for their research. Fewer articles (12%;
n=16) discussed consent for use of the Twitter
data. The majority of articles that discussed
consent (56%; n=9 of 16) used traditional
online or written consent with study partici-
pants. These 9 studies all involveduse ofTwitter
as an intervention or for participant recruitment.
Several articles (4%; n=6) accounted for con-
sent via theTwitter terms of service or by stating
that all data published on Twitter is public
(TableC, available as a supplement to the online
version of this article at http://www.ajph.org).

Funding. There was a wide breadth of
funding organizations supporting the studies
included in this review. Funding by the
National Institutes of Health represented 38%
of the funding sources reported by the articles.
Many other federal organizations, founda-
tions, and universities were also identified as

funding Twitter-based research (Table D,
available as a supplement to the online version
of this article at http://www.ajph.org).

DISCUSSION
This review has 3 main findings. First, we

defined a new taxonomy to describe how
Twitter is used in health research consisting
of 6 categories: content analysis, surveillance,
engagement, recruitment, intervention,
and network analysis. Second, we identified
a significant amount of variability in how
Twitter use was reported in the studies, and
many types of Twitter-based data that have
to date been underutilized by health re-
searchers. Finally, we described the current
state of Twitter in health research and found
a growing field as evidenced by the increasing
number of Twitter-related publications each
year and the diversity of funding organizations.

We defined a new taxonomy describing
6 different uses of Twitter among health
researchers. The studies in our review were
varied and included using Twitter to ana-
lyze stigma associated with schizophrenia,

TABLE 2—Taxonomy of Use of Twitter-Generated Data in Included Articles: 2010–2015

Taxonomy Description
Articles,
No. (%) Examples

Use of Twitter

data

Content

analysis

Assessment of body of tweets for themes in relation to a specific subject 77 (56) Smoking, diabetes, obesity, concussion

Sentiment

analysis

Assessment of body of tweets for positive or negative discussion of

a specific subject

21 (15) Schizophrenia, vaccination, trans health

Image

analysis

Assessment of images within body of tweets for themes in relation to

a specific subject

1 (1) #thinspo

Surveillance Monitoring of Twitter traffic for mentions of a particular topic above the

normal background level of discussion

36 (26) Influenza, Ebola, adverse drug reactions

Prediction Using Twitter to estimate prevalence of disease or behavior 7 (5) Heart disease mortality, influenza infection, Affordable Care Act

enrollment, asthma emergency department visits

Engagement Assessing impact of discussion on Twitter by analyzing presence of an

account, number of retweets, favorites, followers, etc.

19 (14) Nutrition public health marketing campaign, social media impact of local

health departments, social media adoption by pharmaceutical

companies

Network

analysis

Assessing the relationship and interactions between Twitter users about

a certain topic

5 (4) Communities of cancer patients, sharing of health information by health

organizations

Use of Twitter

platform

Recruitment Use of Twitter to enroll patients in research studies 9 (7) Recruit for surveys of youth soccer parents, keepers of venomous snakes,

smokers

Intervention Use of Twitter as an intervention in a research study 9 (7) Weight loss randomized controlled trial, smoking cessation
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to predict enrollment in the Health
Insurance Exchanges based on sentiment
about the Affordable Care Act, to recruit
difficult-to-reach populations for public
health–related surveys, and to create
communities to help patients with weight
loss.37–41 This taxonomy may help to
delineate the opportunities for health
researchers to utilize Twitter data or the
Twitter platform in their work. Each of these
approaches allows health researchers to ac-
cess groups of individuals and large quantities
of data about the public with relative effi-
ciency and presumably low cost compared
with traditional public health databases.

Underuse of Twitter Metadata
The most common approach to Twitter

mining was via the Twitter API. This is a free
application that allows access to 1% of all
Twitter data in real time. The use of the
Twitter API highlights one of the strengths
of the Twitter database; it allows free access
to large public data immediately after the
data are created. Fewer studies leveraged the
Twitter Firehose, which provides access to
the entire Twitter data set. Gaining access to
the Firehose can be costly; however, it may

be necessary to improve quantity and quality
of data for researchers investigating a rare
disease topic.

The articles in our study represent the
analysis of more than 5.1 billion tweets. Each
tweet can potentially generate 38 data
features including detailed metadata about
the Twitter user and tweet. Although some
data including the content of the tweet and
the geotag of the tweet were reported by
several studies, many data featured were not
included in data analysis. In particular, very
few articles addressed the demographics
of the Twitter users whose tweets they
analyzed. In the context of public health,
it is critically important to understand the
different populations and communities
contributing to the discourse on social
media. This suggests a missed opportunity
for better characterizing Twitter users and
the ways in which their demographic attri-
butes affect their participation in the net-
work, and how both of these affect their
health status.

Analysis of Twitter demographics can
be difficult because it cannot be directly
obtained from the data source as Twitter
does not collect this information nor report
it. Previous reports have shown, however,

that demographic information including
age, gender, socioeconomic status, religion,
and personality type can be extrapolated
from a user’s tweets viamachine learning, with
accuracy ranging from 60% to 90%.42–46

This is an underutilized resource in
Twitter-based research that can be applied
for richer information about the Twitter
users via interdisciplinary work with
computer and data scientists.

Previous studies have analyzed Twitter
and other social media data sources relative
to the cognate constructs and domains of
these data types.9–12,14–24 Many of these
studies have discussed the constraints of such
media and potential solutions to manage the
limitations inherent in social media data
analyses. These include but are not limited to
using computational linguistic methods to
evaluate signal from noise (e.g., sentiment
analysis, lexical metrics, linguistic inquiry
and word count analyses), applying geospatial
analytics to extract location information,
analyzing link-based (i.e., relational, social
network) rather than point-based (i.e., indi-
vidual) data, selection of streaming versus
search API—versus accessing the “Fire-
hose,” comparative issues associated with
using tweets versus retweets, or tweets with
or without URLs, and methods to assess real
space (i.e., gold standard) validity.9,47–52

Although our review did not specifically
code for all of these variables, these pre-
viously described approaches speak to the
broader potential and opportunities for using
social media data for public health research
and interventions.

In the 137 articles included in this study,
there was great diversity in their methodo-
logical discussion of their Twitter use.
There is a clear need for Twitter research
reporting standards that will allow better
comparisons between Twitter-based stud-
ies, improve the ability for replication, and
add clarity to the understanding of the
methodology of this research.

Future Directions in Twitter
Research

Twitter-based health research is a rapidly
growing field. In our study, each year
showed approximately a two-fold increase
in number of publications. We also iden-
tified that Twitter research is supported by
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a wide variety of funding organizations
including the federal government through
the National Institutes of Health, National
Science Foundation, the Food and Drug
Administration, foundations, and universi-
ties. The diversity and breadth of funding
opportunities suggest value and broad
interest in Twitter-based health research.

The most commonly studied topics
included important high morbidity and
mortality conditions including influenza,
cancer, and Ebola, and health behaviors such
as smoking. It is interesting that many of
the most prevalent and costly chronic dis-
eases in the United States including diabetes
and hypertension were less frequently in-
vestigated by the studies included in this
review. The Centers for Disease Control
and Prevention estimates that 9% and 33%
of the US population has diabetes and hy-
pertension, respectively, and together they
cost the United States $291 billion in
2012.53–55 In identifying this contrast

between the massive burden of these diseases
and their relative scarcity in digitally based
research, the National Heart, Lung, and
Blood Institute has called for “studies to
establish the validity, reliability, and scal-
ability of electronic tools for primary data
collection.”56(p365) Whereas some chronic
diseases such as hypertension have been
shown to be “under-tweeted” relative to its
prevalence, other chronic diseases including
diabetes and heart failure have been shown
to be “over-tweeted” relative to their
prevalence.57 This may suggest potential
uses of Twitter to study chronic conditions
including hypertension and diabetes.

As the use of social media as a data source
for public health researchers is emerging,
policies regarding privacy and consent of the
users producing the messages have yet to
be universally defined. Notably, several of
the articles included in this review discussed
acquiring approval from their institution’s
ethics board for their research. Fewer articles

discussed obtaining consent for use of the
Twitter data. Some studies cited an ex-
emption from ethical approval and consent
because of the public nature of the database,
and the language included in the Twitter
terms of service agreed upon by all Twitter
users.

Previous work has demonstrated the
challenges in maintaining privacy and ano-
nymity in social media–based research.58,59

One 2008 study published “anonymized”
Facebook profiles of participants that were
later found to be identifiable via cross-
referencing of variables presented in the
study.60 Twitter-based research faces similar
challenges as the traditional frameworks in
place to ensure ethical health research may
not apply to this freely, publicly accessible
data source that does not explicitly contain
protected health information. There is
clearly a need for universal guidelines
addressing ethical social media research, with
a focus on protecting the privacy of social
media users.

Limitations
This study has several limitations. The

search engines we used are primarily meant
to catalog peer-reviewed medical journal
articles. The use of other search engines or
sources such as PsycINFO, Communication
and Mass Media Complete, and computer
science–focused conference proceedings
may have yielded additional results from
fields that may have been underrepresented
in the search engines we utilized, including
communications and computer science.
Our search terms were broad in that they
used terms such as “medicine,” “health,”
“disease,” and “illness” alongwith “Twitter”
to identify Twitter-based health research.
Using more disease-specific search terms
such as “flu” and “cancer” may have
returned additional results that were not
included in this review. It is also possible that
because of search parameter bias we missed
studies that have used Twitter in their
research, but used generic terms such as
“social media” or “microblogs” rather than
the words “Twitter” or “tweet” as a key-
word in their title or abstract. We sought to
be comprehensive in the data features we
reported; however, there may be other items
that were not considered in this study.

TABLE 3—Most Common Research Fields for Included Articles: 2010–2015

Research Field Articles, No. (%) Research Topics

Public health 30 (22) Affordable Care Act, health organizations, obesity, pet exposure,

sexual health, transgender health, vaccination

Infectious disease 27 (20) Antibiotics, cholera, Ebola, enterohemorrhagic Escherichia coli,

HIV, influenza, measles, sexually transmitted infections

Behavioral medicine 24 (18) Nutrition, physical activity, sleep disorders, smoking, weight loss

Psychiatry 15 (11) Anorexia, bipolar disorder, depression, drug abuse, emotions,

marijuana, mental health, obsessive–compulsive disease,

schizophrenia, stimulant use, suicide

Neurology 9 (7) Concussion, deafness, dementia, epilepsy, migraine, multiple

sclerosis

Oncology 6 (4) Cancer

Obstetrics and gynecology 5 (4) Prenatal health, breastfeeding, cancer, polycystic ovarian

syndrome

Dentistry 4 (3) Dental pain, orthodontics

Pharmacy 4 (3) Adverse drug reactions, online pharmaceutical presence

Emergency medicine 3 (2) Asthma, cardiac arrest, emergency medical services

Pediatrics 2 (1) Pediatric obesity, health literacy

Endocrinology 2 (1) Diabetes

Allergy and immunology 1 (1) Allergy

Anesthesia 1 (1) Pain

Cardiology 1 (1) Heart disease mortality

Hematology 1 (1) Stem cell

Radiology 1 (1) Radiation
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Future work can describe the specific
computational methods used to address the
constraints of using social media research
including linguistics methods and geospatial
analysis, as well as additional data features
including type of research (applied [e.g.,
disease surveillance, quality improvement]
and basic [e.g., testing theories of emotional
contagion]). We also included only
English-language studies. Future work can
focus on characterizing research done in
other languages.

Conclusions
Twitter is a valuable resource for health

researchers interested in capturing live data
about a health topic or harnessing the in-
teractive platform for study recruitment or
intervention. Twitter-based health research
is a growing field as evidenced by the in-
creasing number of publications per year
and diversity of funding organizations.
This review defined a new taxonomy to
describe Twitter use in health research with
6 categories. Many data features that are
distillable from a user’s Twitter profile,
especially demographics, have been under-
reported in the literature and can provide
new opportunities to characterize the users
whose data are analyzed in these studies.
Future work should develop standardized
reporting guidelines for health researchers
who use Twitter and policies that address
privacy and ethical concerns in social
media research.
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