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Abstract

Background: Evidence in the literature surrounding obesity suggests that social factors play a substantial role in the spread of
obesity. Although social ties with a friend who is obese increase the probability of becoming obese, the role of social media in
this dynamic remains underexplored in obesity research. Given the rapid proliferation of social media in recent years, individuals
socialize through social media and share their health-related daily routines, including dieting and exercising. Thus, it is timely
and imperative to review previous studies focused on social factors in social media and obesity.

Objective: This study aims to examine web-based social factors in relation to obesity research.

Methods: We conducted a systematic review. We searched PubMed, Association for Computing Machinery, and ScienceDirect
for articles published by July 5, 2019. Web-based social factors that are related to obesity behaviors were studied and analyzed.

Results: In total, 1608 studies were identified from the selected databases. Of these 1608 studies, 50 (3.11%) studies met the
eligibility criteria. In total, 10 types of web-based social factors were identified, and a socioecological model was adopted to
explain their potential impact on an individual from varying levels of web-based social structure to social media users’ connection
to the real world.

Conclusions: We found 4 levels of interaction in social media. Gender was the only factor found at the individual level, and it
affects user’s web-based obesity-related behaviors. Social support was the predominant factor identified, which benefits users in
their weight loss journey at the interpersonal level. Some factors, such as stigma were also found to be associated with a healthy
web-based social environment. Understanding the effectiveness of these factors is essential to help users create and maintain a
healthy lifestyle.

(JMIR Public Health Surveill 2022;8(3):e25552) doi: 10.2196/25552
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Introduction

Background
The obesity epidemic is a significant public health challenge in
modern society. The growing prevalence of obesity and its
implications in public health make it one of the most common,
dangerous, and costly diseases globally [1]. One-third of the
global population, over 2 billion people, are overweight or obese
[2]. Obesity rates reached 39.8% among adults and 18.5%

among youth in the United States in 2016, a significant increase
in these age groups since 1999 [3].

Obesity is recognized as a major risk factor for population health
[4] because of its association with social stigma [5], chronic
diseases [6], medical complications [7], reduced life expectancy
[8], lower quality of life [9], and higher health costs for
individuals [10] and the government [11]. The World Health
Organization suggests that obesity is likely the cause of chronic
diseases such as hypertension, type 2 diabetes, cardiovascular
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diseases, and some cancers [12]. Women with obesity are more
vulnerable to infertility, miscarriage, and other
childbearing-related complications [7]. Obesity in childhood
also increases the risk of other diseases and may even be carried
through adolescence to adulthood [6]. Obesity also increases
individual and fiscal expenditure. The annual medical cost of
obesity in the United States was US $147 billion in 2008, and
the annual medical cost for an individual with obesity was
estimated to be US $1429 higher than that for individuals with
a healthy weight [11]. Obesity may affect human development
[8], suggesting that its prevalence could be detrimental to human
life expectancy in the 21st century, reversing the increase in life
expectancy seen in the 20th century. Global efforts are
paramount in controlling the obesity pandemic.

Social Factors as Important Drivers of Obesity
Pandemic
Recent developments in research have identified two main
factors—exercise and diet [13,14]; however, there are other
factors associated with obesity [15]. According to a study, a
developed society is the leading cause of the current obesity
pandemic in that it creates an obesogenic environment [16]. An
obesogenic environment is defined as an environment where
there is easy access to inexpensive and calorie-dense food,
excessive food intake, insufficient physical activity, and
inexpensive nonphysical entertainment [7,17]. An obesity
epidemic with interconnected social factors could result in an
obesity pandemic.

Social factors are defined as factors that affect an individual’s
lifestyle [18]. These influences have a significant effect on
people’s health-related behaviors [13,19]. Thus, social factors
play an important role in the spread of obesity. For example, a
study conducted by Christakis and Fowler [20] tracked a densely
interconnected social network of 12,067 people for 32 years. It
showed that a person's chances of becoming obese increases by
57% if he or she has a close relationship with someone who is
obese. Furthermore, the self-perception of weight can also be
influenced by peers. Previous research indicates that children
and adolescents who are surrounded by many overweight peers
might have inaccurate perceptions of their weight and
underestimate it [21,22].

With the recent ubiquity of social technologies, these peer
effects are expanding to the general public. A recent study on
a large-scale social network showed that social influences also
affect collective public health behaviors, such as habits
associated with obesity and tobacco use [23]. Similarly,
examining user interactions on social media has proven useful
in understanding public attitudes and perceptions of health topics
[24]. As a result, it is timely and imperative to understand
web-based social factors in a web-based social environment to
counteract the obesity epidemic.

Social Media for Understanding Obesity
Social network websites serve as web-based services that allow
individuals to build social profiles, form connections with other
users, and view other profiles in the system [25]. Popular social
network websites such as Facebook, Twitter, and Reddit have
attracted millions of users since they were first introduced in

2004, 2006, and 2005, respectively. A 2018 survey of US adults
found that the social media landscape shows a long-standing
trend of continuous use throughout the day and newly emerging
narratives (eg, posts, tweets, and images) [26]. For example,
69% of US adults use at least one social media website; 74%
of Facebook users and 46% of Twitter users access the website
daily [27]. Internet integration may offer possibilities for
accessing obesity-related information, including weight loss,
obesity diagnosis, and weight management.

Social media platforms have the potential to change users’health
behaviors. An increasing number of users' social interactions
are publicly shared on the web, making social media a vital data
source for studying public health, especially lifestyle diseases
such as obesity [24]. Chang et al [28] systematically reviewed
the use and impact of social media in web-based weight
management and demonstrated that social media plays a role
in retaining and engaging participants in weight management.

Review Aim
The primary aim of this review is to extend the knowledge on
the influences of web-based social factors concerning
obesity-related behavior to better inform future studies in
examining interventions using social factors. This is the first
study to systematically review the effects of web-based social
factors on obesity-related behaviors in the web-based social
media environment. Other related systematic reviews have
examined obesity, social media use, and the effectiveness of
social media in intervention studies for obesity prevention
[29,30].

Methods

Data Sources and Search Strategy
We used three popular electronic databases—PubMed,
Association for Computing Machinery (ACM), and
ScienceDirect—in this review. PubMed is known as a
comprehensive database in biomedical research [31]; the ACM
database is maintained by the world's largest scientific and
educational computing society [32]; and ScienceDirect provides
access to an extensive database of scientific and medical
research [33]. The search strategy in ACM and ScienceDirect
was designed by combining the search terms social media and
obesity. The full search string in ACM and ScienceDirect was
Social media AND obesity. The MeSH (Medical Subject
Heading) terms social media [34] and obesity were used in the
PubMed search. The full search string in PubMed was Social
Media (MeSH) AND Obesity (MeSH). All searches were
completed on July 5, 2019.

Study Selection and Screening
This study aims to review studies that used social media with
elements of social factors for obesity research. To meet the
review aim, we defined social media in this study as an
internet-based platform allowing individual users to create and
exchange content (eg, blogs, web-based discussion boards, and
Twitter) based on a previous study by Kaplan and Haenlein
[35].
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All studies that met the inclusion criteria were included in this
review. Inclusion criteria were defined as follows: (1) obesity
was the primary study topic, (2) social media served as the main
platform, (3) social interactions were incorporated, (4) the study
was published in the peer-reviewed literature, and (5) the study
was in the English language. To understand how web-based
social factors can influence people in understanding or
improving weight management outcomes, we either set organic
or encouraged social interaction as an inclusion criterion. Other
types of scholarly articles were excluded: comments, systematic
reviews, conference reports, and letters. Moreover, design
studies that only suggested the use of social media, such as a
randomized controlled trial study design by Willis et al [36],
were excluded.

On the basis of title and abstract, 2 independent reviewers first
screened all articles. All articles were categorized into (1)
included, if the paper met the inclusion criteria, (2) excluded,
if this paper did not meet the inclusion criteria, and (3) needed
full-text review, if the abstract could not provide enough
information or was not available. A paper was then excluded
at the screening stage if the 2 reviewers agreed to exclude it

based on title and abstract. Except for the excluded articles, all
articles were moved to the eligibility stage, which required 2
reviewers to perform a full-text review. At the eligibility stage,
any disagreement was discussed to form a consensus. The third
reviewer, a tiebreaker, was introduced if consensus could not
be reached.

Results

Overview
In total, 1608 studies were identified from our selected databases
and search strategy, of which 16 (1%) were duplicated (Figure
1). After removing the duplicates and assessing the title and
abstract, 93.72% (1507/1608) of the articles were excluded, and
5.29% (85/1608) remained for full-text reading. A full-text
examination excluded 2.18% (35/1608) of the articles. In total,
3.11% (50/1608) of the articles met our inclusion criteria and
were included in this systematic review. We summarized the
internet-based social factors and their corresponding
effectiveness in the following section. Furthermore, we
examined how different social media platforms were used in
previous studies.

Figure 1. Study flow.
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Web-Based Social Factors

Overview
Traditionally, obesity is linked to behavior at the individual
level, such as overeating and lack of exercise. However, new
studies have shed light on social factors that contribute to
obesity-related behaviors. We investigated web-based social
factors in this study. There is no universal definition of
web-based social factors in the literature. Here, we defined
web-based social factors as social factors that exist in web-based
social environments and have the potential to affect users’
behaviors. We focused on identifying web-based social factors
and understanding their potential effect on users’obesity-related
behaviors. We found 10 different web-based social factors used
and mentioned in previous studies. The most common to the
least common web-based social factors were social support and
social ties, gender, geo-cultural factors, stigma, obesogenic
environment, source credibility, school environments, social
movements, policy, and social sharing behaviors. We will first
discuss the most frequently mentioned social factors, social
support and social ties.

Social Support and Social Ties
Social support is emotional comfort and material resources
provided by peers connected in a social network. It is the most
frequently mentioned factor in previous studies related to our
study aim. Users of social media platforms can exchange social
support. They view social media as a good place for finding
and receiving social support and locating information platforms
for those interested in changing their lifestyle and eating habits
[37]. A previous study found that users who tried to use Twitter
to record their weight loss journey reported receiving more
social support from the internet-based environment than from
their real families and friends [38].

In web-based communities, we identified two types of social
support: informational support and emotional support.
Informational support includes sharing resources and providing
professional feedback through social networks [39-41].
Emotional support primarily comes from peers. Social culture
and the concept of social media encourage users to be active
with other users. In some intervention studies [40], program
participants were instructed to discuss progress, issues, and
goals with other participants using social media platforms.
Through various platforms or programs, peer encouragement
[42], peer support [43,44], and peer pressure [41] were
identified.

Moreover, two platforms were found to be the major conduits
for social support: blogs and Facebook. Savolainen [45] asserted
that the main strength of web-based blogs is that they can
provide emotionally supportive forums for sharing opinions.
From a blogger’s perspective, Leggatt-Cook and Chamberlain
[43] learned that bloggers hope to create and build a community
that will support them and their attempt to lose weight.
Facebook’s private groups have been widely used in intervention
studies. These groups were created to share resources and serve
as a platform for participants to communicate [40]. In a study
by Waring et al [41], first-time mothers were often found to
seek out other mothers’ advice and support from Facebook

groups. Twitter is primarily used to collect public opinions, but
it was also found to offer the opportunity to create a supportive
network [39].

Social support is suggested to be very important for users who
try to lose weight. Lack of support had a negative effect on
weight loss. Pappa et al [44] found that the peer search for
support was inversely associated with weight loss. Even in the
anonymous platform Reddit, the authors observed an increasing
number of users returning to the community, and greater weight
loss was reported from users if they received support in the
community [42]. The effectiveness of social support in weight
loss has been reported to be positive. He et al [46] found that
social support positively correlated with weight loss. Jane et al
[37] also found that individuals had better health outcomes if
supported by professionals. Chomutare et al [47] mentioned
that their study found a positive correlation between web-based
participation and weight loss by analyzing data on older women
with obesity who were active in a web-based community. A
study conducted on individuals with mental illness also found
that weight loss was associated with perceived peer-group
support because the participants felt compelled to pursue weight
loss goals [48]. We also found a detracting study on the
influence of social support on BMI reduction. An experiment
on college students showed that students in the Facebook support
group did not show a significant difference in BMI compared
with the control group at the end of 24 months. However, the
author reported that students in the intervention arm showed a
significantly greater increase in the number of appropriate
weight control strategies than those students who were not in
the support group [49]. Similarly, a meta-analysis by Merchant
et al [40] suggested that interventions that provide participants
with professional support during their diets and physical
activities are more effective than those that do not.

Social support is understood through social ties, the connections
among peers. The social tie theory concludes that the probability
of a person becoming obese increases if friends with obesity
surround them [20]. A study by Phan et al [50] adopted the
social tie theory in their experimental study, confirming that
individuals tend to perform similar lifestyle behaviors as their
friends from the internet-based environment. Social ties also
affect received social support. Social support has a negative
correlation with weak ties (ie, unfamiliar individuals) in the
context of weight control. Chen et al [51] reported that
participants found community competition and support from
strong ties (eg, couples and parents) were motivating, whereas
support from unfamiliar participants was demotivating.

Gender
We identified gender as a web-based social factor because we
found 5 previous studies [39,41,52-54] indicating that women
and men have different web-based social behaviors regarding
obesity. Abbar et al [52] showed that women are often more
willing to share information on the web, such as preparing
low-calorie food, which was also supported by other related
studies [55,56]. Women were more likely to share their family
members’ weight management experiences on social media.
Only mothers of a childhood weight loss camp were willing to
use social media to receive informational support and post their
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children’s progress [39]. In a Twitter-delivered weight loss
program, Waring et al [41] found that a great proportion of
women read each other’s progress. These participants were
reading other people’s tweets more than posting their own
progress. Women were critical when self-evaluating their
weights. In a study by Kuebler et al [53], Yahoo! Answers data
found that most women, when asked about their self-perspective
on their weight, tended to overestimate. Web-based social norms
show the characteristics of women and men that are socially
constructed.

Geo-Cultural Factors
Users’ health behaviors occur in a setting composed of
web-based, social, and cultural environments. Geo-cultural
factors explain how users’ behaviors on the web are affected
by their physical surroundings. Several studies have found that
social media data can provide insight into the health conditions
of US residents. A total of 3 studies by Gore et al [57], Culotta
[58], and Abbar et al [52] used Twitter data to predict
county-level health. Abbar et al [52] discovered that the calories
of food mentioned in tweets correlated to the county’s obesity
rate. Gore et al [57] found that the tweets in areas with lower
obesity rates had three features: (1) tweets had more positive
sentiments, (2) more tweets mentioned fruits and vegetables,
and (3) physical activities of any intensity were more frequently
mentioned. Culotta [58] reported similar findings that negative
emotions were found in tweets from areas with high obesity
rates. Garimella [59] further validated the feasibility of using
image data to track public health concerns. They found that
user- and machine-generated image tags on Instagram could be
used to forecast the county’s obesity rate. By analyzing pictures
on Instagram, Mejova et al [60] found that the number of
fast-food restaurants in a county in the United States positively
correlated with local obesity rates. They further revealed that
locally owned restaurants with dietary and nutritional
alternatives were more popular in areas with lower obesity rates.
Another interesting finding from Weber and Mejova [61]
showed that the percentage of profiles with a valid profile
picture was higher in areas with a higher obesity rate. Another
branch of the geo-cultural factor is involved in culture and
religion. After a weight loss camp in Qatar, a study concluded
that the religious month and cultural orientation were critical
to the outcome, affecting users’ web-based recording behavior
[54]. These findings suggest that users’ web-based
obesity-related behaviors are related to location-specific
environments.

Stigma
Stigmatization and associated discrimination—sometimes
referred to as weight bias—affect the individual’s mental and
physical health and social behavior. Studies on Western culture
highlight the stigmatization of individuals with obesity, showing
that they are stigmatized and associated with laziness, low
self-control, and moral laxity [55]. Social media is used to
propagate social stigmatism, mainly in the form of fat-shaming,
a practice of humiliating and criticizing overweight individuals
on social media [62]. Mejova et al [62] found that up to 27.6%
of non-URL tweets mentioning obesity were fat-shaming, with
some self-hate messages. In a recent study by Karami et al [63],

Twitter users often coupled exercise-related terms with obesity.
This could also indicate that individuals associate exercise and
self-regulation (or lack of it) as the main cause and solution for
obesity. Although the social stigmatism of obesity is widespread
on the web, individuals have also pushed back social stigmatism
using social media platforms. People expressed anger caused
by the stigma of obesity on Twitter in a retaliatory manner to
address widespread stigmatization against overweight and obese
people [64].

Stigma has been found to undermine a user’s mental health, but
its effects on users’web-based interactions remain inconclusive.
A person’s mental health status revealed by social media data
indicates that a user’s mental health is affected by their social
surroundings. A study by Kuebler et al [53] suggested that
people with obesity residing in counties with higher levels of
BMI have better physical and mental health than people with
obesity living in regions with a low obesity rate. Another 2
studies investigated the impact of weight stigma by comparing
web-based behavior between users with normal weight and
users with obesity. May et al [65] did not find weight bias in
their study because weight status had no effect on the rate of
interactions and follow backs. However, a different study by
Weber et al [61] found that users who were labeled as
overweight had fewer followers and fewer directed tweets.
Although stigmatization may not affect the user’s web-based
behavior, the widespread stigmatization on social media will
diminish a user’s mental health.

Obesogenic Environment
An obesogenic environment refers to an environment that
promotes high-energy intake and sedentary behavior [66]. By
analyzing the content users post on social media, we found that
an obesogenic environment is one of the major causes of the
obesity pandemic. A content analysis of frequent retweets about
obesity by So et al [64] revealed that four major social
determinants of obesity are discussed on Twitter: cheap and
unhealthy food, school food systems, portion sizes, and
dysfunctional food systems. Among these determinants, easy
access to cheap, calorie-dense foods had the highest tweeting
rates. This finding suggests that the web-based information
environment is changed by the physical obesogenic environment
by informing users’ behaviors.

Source Credibility
Credible health information sources are persuasive [67];
however, some social media obesity-related information was
found to be incomplete or inaccurate. A low-credibility source
could exert a negative influence on users’ obesity-related
behaviors. The primary reason revealed by previous studies is
that information from professionals is lacking. Web-based
information from professionals about obesity proved to be more
accurate than that from other users. Erdem and Sisik [68]
analyzed the content of 300 YouTube clips on bariatric surgery,
also known as weight loss surgery, and suggested that the
content from professional accounts tends to be more accurate.
In another study, Basch et al [69] analyzed the top 100 most
widely viewed weight loss videos on YouTube and found only
1 professional video; consumer-created videos dominated the
domain. Mejova [62] examined 1.5 million tweets mentioning
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obesity and diabetes and found that only 23% of the content
came from verified users (ie, Twitter accounts that are associated
with a governmental or academic institution). Similarly, more
individuals than organizations tweeted about childhood obesity
[67].

Misinformation in content can also harm users. YouTube
advertisements for rapid weight loss products and commercial
videos focused too much on workouts instead of maintaining a
balanced diet [69]. The top-cited domains relating to obesity
and diabetes on Twitter are not affiliated with guidelines
provided by governmental or academic institutions [24]. The
discrepant information from user-generated content can lead to
a drop in trust for these platforms. Messages presented in
traditional social media platforms, such as blogs, were seen as
a more reliable source than other newer social media platforms,
such as Facebook [70]. Meitz et al [70] compared the source
credibility perceptions among different platforms and found
that messages on Facebook were perceived as significantly less
relevant than messages presented in blogs. Together, these
studies reinforce the importance of source credibility in
conducting users’ health behaviors.

School Environment
School, serving as a center of childhood development, has an
influential role in a child’s early behavioral development.
Findings from social media content analysis suggest that the
school environment is essential in affecting children’s
obesity-related behaviors. From one aspect, the school decides
students’ daily routines and food selection. So et al [64] argued
against excess homework, and Harris et al [67] noted that most
public schools do not regulate access to junk food. In addition,
teachers’participation in combating childhood obesity is critical.
In a preschool obesity prevention curriculum, parents showed
a strong desire for more engagement from their classroom
teachers [71]. Changing the school environment was the most
common strategy to combat childhood obesity mentioned on
Twitter. For example, a person tweeted, “Americans expect
schools to lead in preventing childhood obesity” [67]. Users’
attitudes toward school environments shape the internet-based
discourse on childhood obesity.

Social Movements
Social movements are defined as organized efforts by a group
of people to bring out or impede social or cultural changes [72].
Social media offers a new possibility of exploring social
movements efficiently. In recent years, several distinct
web-based trends regarding obesity have been found in social
media: body positivity, thinspiration, fitspiration, and HAES
(health at every size). The term body positive originally came
from the 1960s feminist movement and resurfaced in the fat
acceptance movement. A content analysis of body-positive
images on Instagram showed that this movement seeks to
challenge beauty standards while rejecting an inaccessible body
image and promoting acceptance of all body types and
appearances [55]. However, another prevailing trend called
thinspiration surfaced with the intent of spreading thin body
imagery and inspiring weight loss. Content analyses showed
that body-positive images on Instagram drew a broad range of
body sizes [55], whereas thinspiration images on Twitter tend

to depict ultrathin and scantily clad women [73]. Exposure to
guilt-inducing and body-objectifying messages has been found
to increase body dissatisfaction and negative mood. The study
also showed that the more times individuals view thinspiration
content, the higher the probability they will report eating
disorder symptoms [69]. Subsequently, a new trend called
Fatspiration, supporting fat acceptance, has become prominent
in the mainstream [56] and was found on the web. Another
trend, HAES, promoting wellness rather than weight loss, was
also identified. However, discrimination against obesity has not
yet been resolved. Fat stigmatization content within the HAES
and Fatspiration tags were found in a content analysis of
Instagram images [74]. Social media shapes the web-based
information environment and helps us fully understand the
context of social movements. Without understanding the full
scope, there is a potential for a negative shift in social norms.

Policy
Governments have tried to combat obesity by establishing new
policies. Three studies [67,75,76] used social media to study
the public’s attitude and reaction toward government policy. In
2016, the United Kingdom also published a plan to reduce
England’s rate of childhood obesity within the next 10 years,
Childhood obesity: a plan for action. Most comments to the
related web-based newspaper articles were considered negative
in a study by Gregg et al [76]. Later, in 2017, Kang et al [75]
collected relevant tweets to investigate the public’s opinion on
a new school meal policy. They found that 70% of tweets were
neutral, although the number of negative tweets was still higher
than that of positive tweets. Negative tweets expressed interest
and concern about the policy and suspicion of the effectiveness
of the campaign. Instead of worrying, some users also used
social media to support the announcement and execution of
policies. Harris et al [67] found Bye Fitspiration Junk Food, a
US Department of Agriculture rule that requires healthier snacks
for children and the adoption of the physical education classes
as a core subject in schools, was a prominent movement in
communication about childhood obesity on Twitter. Web-based
information can shape an individual’s attitude toward a certain
policy. With social media, policy makers can better disseminate
policies and raise public awareness.

Social Sharing Behaviors
We found 2 psychology theories related to web-based sharing
behaviors in the literature: social sharing of emotions and
cognitive dissonance theory. Social media makes it easier for
users to share their opinions, and users’ web-based
obesity-related behaviors have been found to be guided by these
theories. In 1995, Rime et al [77] proposed that emotion is a
critical motivator in social sharing. The social sharing of
emotions has shown that people have an innate need to tell
others when they experience an emotionally impactful event
[64]. According to So et al [64], a content analysis of frequent
retweets about obesity on Twitter, the emotionally evocative
tweets, specifically evoking amusement, were the most
frequently retweeted. Another theory, cognitive dissonance
theory, posits that we experience psychological discomfort when
we encounter beliefs that are inconsistent with our own. As a
result, people try to reduce this discomfort by exposing
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themselves to information that helps them resolve cognitive
conflicts. A study on Instagram pictures showed that people
who reside in high-obesity areas are more willing to post
food-related photos than the people in low obesity areas [60].
By understanding the underlying mechanisms of these
phenomena, we can better manage obesity-related behaviors.

Study Year and Region
All the included studies were published between 2011 and 2019,
and the number of each study by year is shown in Table 1. This
number started to increase in 2014 (n=7) and reached a peak in
2017 (n=14). However, this is partly because our search was
conducted in July 2019.

Table 1. Number of studies over year.

Studies, nYear

12011

12012

12013

72014

52015

122016

142017

82018

12019

In total, 9 study regions were mentioned, with most of the
studies coming from the United States (35/50, 70%). Except
for China, Australia, and Qatar, all other regions were located
in Europe. The number of studies conducted in other countries
is shown in Figure 2. Several groups of users were studied;
children, women of childbearing age (eg, pregnant women [78],

postpartum women [41], and mothers with newborns [79]), and
adults with other relevant illnesses (eg, diabetes [51]) were the
3 leading types of user groups studied. Only the study by
Aschbrenner et al [48] focused on adults with obesity and severe
mental illness.

Figure 2. The distribution of study region.

Social Media Platforms and Their Roles
We identified 3 different roles that social media serves in each
study. Inspired by a study by Leroux et al [80], three potential
roles of social media in obesity-related studies were identified:

data collection, intervention pathways, and ancillary resources.
Data collection is used to define when social media platforms
were only used to collect the data used in the study. The
intervention pathway defines social media use as a
comprehensive channel in an intervention study. The role of
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social media includes delivering the message and serving as a
web-based communication platform for participants in weight
management or loss interventions. We defined ancillary
resources as the role when social media is used as an
experimental platform. Data were also collected when serving
as ancillary resources. The major difference between data
collection and ancillary resources is the source of data. If the
data were collected for the purpose of analyzing and
understanding the data, we defined them as data collection; if
the data were generated from the experiment, we defined them
as ancillary resources. The type of study can be used to
distinguish between intervention pathways and ancillary
resources. Social media platforms only serve as an intervention
pathway in an intervention study. These categories are mutually
exclusive.

We also categorized social media platforms into six different
types: microblogging, social networks, weblogs, photo or video
sharing, web-based forums, and messaging. Facebook, the
largest web-based social network, was the most frequently used
(14/50, 28%). Facebook was used the most in intervention
studies. Facebook was used as a message delivery channel, in
which private groups were introduced as a smaller online support
group for participants to share goal-related resources, individual
signs of progress, and messages. Only 1 study collected data
from Facebook by accessing public Facebook posts. [24].
Similar to Facebook, a Chinese social network platform,
WeChat, was used in a study by He et al [46] as the intervention
pathway. Twitter allows users to communicate with others from
all over the world. Twitter, a microblogging platform, was used
to collect data to understand public opinions (11/50, 22%). One
study also used Twitter as an ancillary resource (1/50, 2%) to
conduct their experiment. For example, May et al [65] created

4 Twitter accounts portraying women (2 obese and 2 normal or
overweight) who were interested in weight loss and pretended
to behave as regular users. Later, they examined the interaction
with other users and mimicked users (eg, follow-back rate).
Another study used Twitter as an intervention pathway to
involve participants [39]. Few studies have investigated blogs
(4/50, 8%), mainly because of the difficulty in extracting
meaningful insights from large pieces of text.

Similarly, only 2 studies analyzed clips from YouTube because
of the complexity of analyzing videos. Instagram, one of the
most prominent photo-sharing platforms, was used in 7 studies.
A total of 2 studies used Instagram as an intervention pathway
in which participants were asked to upload their meals. In other
studies, researchers analyzed public photos to understand public
health [59], social movements [55,74], and social sharing
behavior [60]. A small number of studies analyzed Twitter and
Instagram data with extended data points. For example,
researchers combined demographic and geolocation information
to better predict the obesity rate of the regions [58]. Reddit has
been used in several health-related studies [81]; however, we
found only 2 studies using Reddit in our search. Another type
of social media is a forum. We identified 3 studies that
investigated Yahoo! Answers, a self-developed application (ie,
HealthTogether), and another platform not specified in the
literature. WhatsApp was chosen as the intervention pathway
in 1 study as an alternative to the traditional SMS text messaging
method. In this study, group-chat rooms were formed to deliver
information and allow participants to communicate on the web.
Table 2 presents in the information in a more comprehensive
format. The amount of data used in the study and the major
study participants are summarized in Table 3.
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Table 2. A descriptive overview of social media platforms.

Ancillary resource, nIntervention pathway, nData collection, nStudies, nType and platforms

Microblog (n=14)

121114Twitter

Social network (n=15)

0101WeChat

013114Facebook

Weblog (n=4)

0044Blogs

Photo or video sharing (n=11)

0257Instagram

0011Pinterest

0033YouTube

Web-based forum (n=11)

0022Reddit

0011Yahoo! Answers

0202Self-developed application

1236Unknown community

Messaging (n=1)

0101WhatsApp
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Table 3. Summary of individual studies.

ConceptualPrimary findingsWeb-based so-
cial factors

DataGroupRegionPlatformArticle

Data collec-
tion

Policy14,317 related
tweets

UNKaUnited
States

TwitterKang et al [75] • More negative tweets
about the school meal
policy have been detected.
The main target negative
opinions were campaign
and food.

Intervention
pathway

Gender, geo-
cultural factors

UNK (inter-
vention study)

ChildrenQatarWhatsApp; In-
stagram

Fernandez-Luque
et al [54]

• More active users tend to
have better health out-
comes.

• Females’engagement with
social media is higher.

• Nutritional advice in
weight loss campaigns
must consider religious
and cultural traditions.

Data collec-
tion

Gender13 internet
blogs

Pregnant
women with
obesity or
overweight

United
States

BlogsLingetun et al
[78]

• Three main themes of
overweight pregnant
women’s blogs were iden-
tified: pregnancy as an
excuse, perspectives on
the pregnant body, and
becoming a mother.

Ancillary re-
source

Social support,
gender, stigma

UNK (experi-
ment study)

AdultsUnited
States

TwitterMay et al [65] • Investigated follow-back
rates. The number of inter-
actions and organic fol-
lows did not differ by
weight status.

• Peers interacted more with
each other than with pro-
fessionals.

• Women need 5 weeks to
build a web-based weight
loss community on Twit-
ter.

Data collec-
tion

Geo-cultural
factors

More than 25
million tweets

UNKUnited
States

TwitterGore et al [57] • Geological areas with
lower obesity rates (1)
have happier tweets and
(2) have more frequently
discussed food, particular-
ly fruits and vegetables,
and physical activities.

Data collec-
tion

Social sharing,
school environ-
ment, obeso-

200,000
tweets

UNKUnited
States

TwitterSo et al [64] • Tweets that are emotional-
ly evocative or humorous
and express individual-
level concerns for obesitygenic environ-

ment, stigma were more frequently
retweeted than their coun-
terparts.
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ConceptualPrimary findingsWeb-based so-
cial factors

DataGroupRegionPlatformArticle

Data collec-
tion

• This study aimed to under-
stand the connection be-
tween obesity and cancer
from Facebook and Twit-
ter. They found that (1)
most tweets focused on an
associative or causal link
between obesity and can-
cer, and (2) tweets con-
tained more negative senti-
ment than Facebook posts.

Obesogenic en-
vironment

291 Facebook
posts; 1091
tweets

UNKUnited
States

Facebook;
Twitter

Kent et al [24]

Data collec-
tion

• This study investigated the
communication about
obesity on Twitter, and
they found that (1) more
tweets focused on individ-
ual behavior than on poli-
cy or environment, and (2)
government or educational
tweets attract more atten-
tion, but the number of
these tweets is less.

Source credibili-
ty, policy,
school environ-
ment

1110 tweetsChildren
with obesity

United
States

TwitterHarris et al [67]

Data collec-
tion

• Most women asking
whether they were fat or
obese were not fat or
obese.

• Users with obesity were
significantly more likely
to ask for advice about
bullying than thinner
users.

• People with obesity who
reside in counties with
higher BMI may have
better physical and mental
health than people with
obesity who live in coun-
ties with lower BMI.

Gender, stigma,
geo-cultural
factors

3926 users’
questions; 300
bullying ques-
tions

AdultsUnited
States

Yahoo! An-
swers

Kuebler et al [53]

Data collec-
tion

• Weight loss bloggers typi-
cally write about daily
success and failures, re-
port calorie consumption,
and exercise output, and
post photographs of their
changing bodies.

Social support10 blogsAdultsUnited
States

BlogsLeggatt-Cook
and Chamberla
[43]

Data collec-
tion

• Tweets afflicted with gov-
ernment or institution are
likely to be retweeted
more.

• The need to address the
quality control of health
information on social me-
dia is proposed.

Source credibili-
ty, stigma

1.5 million
tweets

UNKUnited
States

TwitterMejova [62]

Data collec-
tion

• Sunday night is a good
time to post on Instagram.

• There is no clear differ-
ence between thematic
communities between high
and low BMI areas.

Obesogenic en-
vironment

82,449 geo-
tagged posts

UNKUnited King-
dom

InstagramMunk et al [15]
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ConceptualPrimary findingsWeb-based so-
cial factors

DataGroupRegionPlatformArticle

Garimella et al
[59]

Data collec-
tion

• Both user-provided and
machine-generated image
tags provide information
that can be used to infer a
county’s health statistics.

Geo-cultural200,000 im-
ages

UNKUnited
States

Instagram

Data collec-
tion

• Six of 27 health statistics
show a significant correla-
tion with the linguistic
analysis of the Twitter ac-
tivity in the top 100 most
populous counties in the
United States.

• Twitter information, to-
gether with demographic
information, improves the
model’s performance.

Geo-cultural1.4-M user
profiles and
4.3 M tweets

UNKUnited
States

TwitterCulotta [58]

Data collec-
tion

• The caloric values of the
foods mentioned in the
tweets were analyzed in
relation to the state-wide
obesity rate.

Geo-cultural892,000
tweets

UNKUnited
States

TwitterAbbar et al [52]

Data collec-
tion

• User profile pictures could
be used to obtain the us-
er’s weight information.

Geo-cultural,
stigma

1339 profile
images

Overweight
adults

United
States

TwitterWeber and Mejo-
va [61]

Data collec-
tion

• The 10 most-discussed se-
mantic topics on posts in
the LoseIt Reddit commu-
nity were related to
healthy food, clothing,
calorie counting, work-
outs, looks, habits, sup-
port, and unhealthy food.

Social support,
gender

Posts and
comments of
107,886
unique users

UNKUnited
States

RedditPappa et al [44]

Intervention
pathway

• The study showed that so-
cial media and text messag-
ing were innovative tools
that should be included to
increase the reach of mul-
tilevel community inter-
vention.

Social supportUNK (inter-
vention study)

ChildrenUnited
States

Facebook; In-
stagram; Twit-
ter

Loh et al [82]

Intervention
pathway

• Participants in the survey
mentioned that they en-
joyed the Facebook plat-
form because it provided
new recipe and activity
ideas and an opportunity
to interact with other par-
ticipants.

Social supportUNK (inter-
vention study)

ChildrenUnited
States

FacebookLing et al [83]

Intervention
pathway

• An intervention based on
WeChat platform was ef-
fective on weight loss only
for males.

• Females show more activ-
ities on WeChat, but they
lost less weight during the
study.

Social supportUNK (inter-
vention study)

AdultsChinaWeChatHe et al [46]

Data collec-
tion

Source credibili-
ty

175 videosAdultsUnited
States

YouTubeErdem and Sisik
[68]
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ConceptualPrimary findingsWeb-based so-
cial factors

DataGroupRegionPlatformArticle

• There are no significant
associations between the
number of likes, dislikes,
or views and usefulness
score.

• Videos uploaded by medi-
cal professionals typically
contain more useful infor-
mation.

Intervention
pathway

• This study shows that par-
ticipants do not rely on
each other in the same
way that they would typi-
cally rely on their offline
social connections.

• The Facebook group re-
ported the greatest reduc-
tions in initial weight
compared with the control
group, which had no so-
cial media components.

Social supportUNK (inter-
vention study)

Adults with
obesity or
overweight

AustraliaFacebookJane et al [37]

Intervention
pathway

• Mothers of the interven-
tion group were signifi-
cantly less likely to pres-
sure infants to finish food
or give cereal in the bottle.

Social supportUNK (inter-
vention study)

low-come
mothers with
a newborn

United
States

FacebookFiks et al [79]

Data collec-
tion

• There is a link between
obesity and the density of
fast-food restaurants.

• Food sharing behavior is
higher for high-obesity ar-
eas.

Obesogenic en-
vironment, so-
cial sharing

20,848,190
posts

UNKUnited
States

InstagramMejova et al [60]

Data collec-
tion

• Users receiving feedback
on their posts have a high-
er probability of returning
to the community.

• Returning users who re-
ceived comments on their
posts reported losing more
weight.

Social support70,949 posts
and 922,245
comments

UNKUnited
States

RedditCunha et al [42]

Intervention
pathway

• Women of childbearing
age are interested in a
weight loss program that
was delivered entirely via
Twitter.

Gender, social
support

UNK (inter-
vention study)

Women of
childbearing
age

United
States

TwitterWaring et al [39]

Data collec-
tion

• Women with high web-
based participation levels
lost more weight than do
women with low participa-
tion levels.

Gender, social
support

140 Women
with obesity
in an internet
group

Women with
obesity

United
States

UNKChomutare et al
[47]

Intervention
pathway

• Students maintained their
weight, with no significant
difference between weight
gain prevention interven-
tion group and control
group over 9 weeks.

Social supportUNK (inter-
vention study)

AdultsUnited
States

FacebookWest et al [84]

Social supportFacebook
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ConceptualPrimary findingsWeb-based so-
cial factors

DataGroupRegionPlatformArticle

Aschbrenner et al
[48]

Intervention
pathway

• This study shows that
weight loss was signifi-
cantly associated with
perceived peer-group sup-
port.

UNK (inter-
vention study)

Adults with
serious men-
tal illness

United
States

Intervention
pathway

• In a Facebook group that
involved weight-loss con-
trolled trial, the following
were noted: (1) Polls are
the most popular posts
followed by photos. (2)
Participants visibly en-
gaged with posts less over
time. Of participants,
3.4% reported passively
engaging with the Face-
book page.

Social supportUNK (inter-
vention study)

AdultsUnited
States

FacebookMerchant et al
[40]

Intervention
pathway

• Collaborating with bud-
dies to compete in achiev-
ing fitness goals in a
group was reported as
motivating for dyads with
strong ties.

Social supportUNK (inter-
vention study)

AdultsSwitzerlandHealthTogeth-
er

Chen et al [51]

Ancillary re-
source

• By incorporating all the
human behavior determi-
nants and environmental
events, the proposed novel
deep learning model
achieves more accurate
results in predicting the
future activity levels of
users.

Obesogenic en-
vironment

UNK (experi-
ment study)

AdultsUnited
States

Web-based so-
cial network

Phan et al [50]

Data collec-
tion

• Blogs provide an emotion-
ally supportive forum that
mainly serves to share
opinions and information;
they were seldom used for
seeking information.

Social support50 blogsUNKFinlandBlogsSavolainen [45]

Intervention
pathway

• Participants lose weight
during the 6-week web-
based clinical, emotional
freedom techniques course
and continue to lose
weight in the following
year, which indicates the
long-term effects.

Social supportUNK (inter-
vention study)

AdultsUNKFacebookChurch et al [85]

Intervention
pathway

• The study result suggests
that engagement with so-
cial media may be effec-
tive for short-term weight
loss among vegan women

with PCOSc.

Social supportUNK (inter-
vention study)

Vegan wom-
en with poly-
cystic ovary
syndrome

United
States

FacebookTurner-McGrievy
et al [86]

Intervention
pathway

Social support,
school environ-
ment

UNK (inter-
vention study)

2-year col-
lege students

United
States

Social support
website

Lytle et al [49]
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ConceptualPrimary findingsWeb-based so-
cial factors

DataGroupRegionPlatformArticle

• The social networking en-
couraged intervention
group, and the control
group does not have a sig-
nificant difference in BMI
at the end of the 24-month
intervention study.

Intervention
pathway

• Facebook-based interven-
tion is feasible for over-
weight and postpartum
women with obesity in
weight loss. However, re-
search is further needed to
determine how to engage
participants in social net-
works better.

Social supportUNK (inter-
vention study)

Postpartum
women with
overweight
or obesity

United
States

FacebookWaring et al [41]

Data collec-
tion

• The number of videos
about weight loss on
YouTube from profession-
als is lacking.

Source credibili-
ty

98 weight loss
videos

UNKUnited
States

YouTubeBasch et al [69]

Data collec-
tion

• Health at every
size–tagged posts contain
more physically active
portrayals and weight
stigma than do posts from
fitspiration-tagged images.

Social move-
ment

400 imagesUNKUnited
States

InstagramWebb et al [74]

Intervention
pathway

• Active participants in the
web-based community
showed a more positive
perception of achieving
their goals, followed in-
structions more precisely,
and perceived to receive
more emotional support
than participants who are
not active in the web-
based community.

Social supportUNK (inter-
vention study)

UNKFinlandFacebook
web-based fo-
rum

Taiminen [87]

Intervention
pathway

• The experiment group us-
ing a weight-loss mobile
app lost significantly more
weight than the compari-
son group.

Social supportUNK (inter-
vention study)

Overweight
adults

United
States

Social PODbHales et al [88]

Intervention
pathway

• In a web-based media-
embedded health cam-
paign against childhood
obesity, the following
were noted: (1) partici-
pant’s self-relevance
varies based on different
source credibility percep-
tions and (2) provocative
messages in the campaign
may result in negative
persuasion effects.

Source credibili-
ty

UNK (inter-
vention study)

ChildrenGermanyFacebookMeitz et al [70]

Data collec-
tion

Social move-
ments

300 imagesUNKUNKTwitter and
Pinterest

Ghaznavi and
Taylor [73]
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ConceptualPrimary findingsWeb-based so-
cial factors

DataGroupRegionPlatformArticle

• The study suggests thinspi-
ration content promotes an
objectified, sexual, ex-
tremely thin depiction of
the thin ideal. Exposure to
these contents has the po-
tential harmful effects.

Data collec-
tion

• Four major themes were
detected in parents’ web-
based discussion forums
about children obesity:
seeking advice, sharing
advice, social support, and
making a judgment.

Social support34 discussion
threads

UNKAustraliaWeb-based fo-
rums

Appleton et al
[89]

Data collec-
tion

• Exercise and obesity, dia-
betes and obesity, diet,
and obesity have a strong
correlation with each oth-
er. The strongest correla-
tion was found between
exercise and obesity.

Social move-
ment

4.5 million
tweets

UNKUnited
States

TwitterKarami et al [63]

Intervention
pathway

• Facebook is a feasible
platform to provide nutri-
tion education and facili-
tate parent’s engagement.

School environ-
ment

UNK (inter-
vention study)

ParentsUnited
States

FacebookSwindle et al [71]

Data collec-
tion

• The study analyzed obesi-
ty-related comments from
multi-topic web-based
message boards and deter-
mined that obesity stigma
is pervasive, and the dis-
cussion of the issue is
highly acceptable.

Stigma2872 obesity-
relevant com-
ments

UNKIrelandWeb-based
message
boards

De Brún et al [5]

Data collec-
tion

• The study analyzed associ-
ated comments to the
United Kingdom govern-
ment about childhood
obesity strategy and deter-
mined the comments are
largely negative.

Policy1704 com-
ments

UNKUnited King-
dom

Web-based fo-
rums

Gregg et al [76]

Data collec-
tion

• The content of blogs
highlighted the conclusion
that there are no one-size-
fits-all solutions to obesity
that work for everyone.

Social support343 posts
from 6 obesity
blogs

UNKUnited King-
dom

BlogsAtanasova [90]

Data collec-
tion

• Body-positive posts depict-
ed a broad range of body
sizes and appearances.

Social move-
ments

630 postsUNKUNKInstagramCohen et al [55]

aUNK: unknown.
bPOD: social pounds off digitally.
cPCOS: polycystic ovary syndrome.
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Discussion

Principal Findings
In this systematic review, we categorized and identified related
the effects of web-based social factors on users’ obesity-related
behaviors and evaluated the role of social media. We adopted
socioecological model to explain identified web-based social
factors at different levels. Moreover, we discussed strategies
for preventing obesity by using this socioecological model. We
conclude the drawbacks found in the literature and provide
suggestions for future studies.

Socioecological Model
Socioecological models were developed to further the
understanding of the dynamic interrelations among various
personal and environmental factors [91]. Revised by
Bronfenbrenner and Morris [92], the ecological theory of

Bronfenbrenner applies socioecological models to human
development. The ecological framework identifies five
environmental systems with which an individual interacts:
microsystem, mesosystem, exosystem, macrosystem, and
chronosystem [92]. Since its publication in 1979, the major
statement of Bronfenbrenner on the theory of the ecology of
human development has shown widespread influence on the
way psychologists and others approach the study of human
beings and their environments. This socioecological model is
proposed to understand how web-based social factors affect
behaviors and provide guidance for developing a successful
program through web-based social environments.

We classified these web-based social factors into four levels
based on their effects: individual, interpersonal, web-based
social environment, and connection to the real world. The
proposed socioecological model is shown in Figure 3.

Figure 3. Socioecological model.

We aimed to identify web-based social factors that can affect
users’ obesity-related behaviors. For the web-based
environment, we use a 4-level socioecological model to better
understand obesity and the effect of potential factors to help
users combat obesity. This model considers the complex
reciprocity between individual, interpersonal, web-based
communities, social media platforms, and connections to the
real world. This allowed us to understand the range of factors
that potentially affect users’ web-based behavior related to
obesity. The overlapping rings in the model illustrate how
factors at one level influence factors at another level. Besides
helping clarify the effectiveness of these factors, the model also
suggests that to intervene in a user’s behavior, it is necessary
to act across multiple levels of the model simultaneously.

The first level identifies the personal factors that affect a
person’s web-based behavior. The factor identified here was

gender. From a biological perspective, women’s bodies are more
vulnerable to obesity because women are more likely to store
fat because of reproduction [93]. In the web-based environment,
female users were more attentive to their shape and figure than
were men and were more likely to search and share health
information on the web through social media than were men.

The second level explores relationships that may increase or
reduce the risk of obesity. People’s close social connections or
family members influences impact their behaviors and contribute
to their habits. The factors we discovered at this level were
social support and web-based social ties. Social support from
social media websites has been suggested to be very effective
in users’ weight loss experiences, and web-based social ties
have been proven to influence a person’s lifestyle behaviors.

The third level examines the web-based social environment in
which social relationships occur and the characteristics
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associated with users’ obesity-related behaviors. The factors
that contribute to the web-based environment include source
credibility, social movements, social sharing behaviors, and
stigma. Social movements, stigma, and source credibility shape
users’ behaviors by changing the web-based environment.
Exposure to content with obesity-associated stigma has been
shown to have negative effects on users’ mental health.
Exposure to content from unreliable resources may harm users
and further damage their trust in social media platforms.
Moreover, exposure to social movements may negatively affect
users’ behavior. For example, exposure to content about
thinspiration would increase a person’s body dissatisfaction
and negative mood. Social sharing behaviors change the
web-based environment by directly changing users’ sharing
behavior. Users prefer sharing emotionally evocative content,
especially when consistent with their beliefs.

The fourth level explores the broader societal factors that
connect the virtual web-based environment to the real world.
Factors at this level include policy, school environment,
geo-cultural factors, and an obesogenic environment. The
physical environment can inform a virtual web-based
environment; for example, the number of fast-food restaurants
and food calories mentioned in tweets correlated with the
county’s obesity rate. Users’ unsatisfactory opinions of school
environments and government policies are found through social
media data.

Preventing Obesity
Reducing the obesity rate requires understanding the factors
that influence obesity-related behaviors. This socioecological
model helps practitioners develop effective prevention strategies.

Preventive strategies at the individual level promote attitudes,
beliefs, and behaviors that combat obesity. The approach may
include advocating for males to care more about their weight
status and be aware of the importance of having a healthy
lifestyle. Female opinion leaders could be encouraged to share
healthier lifestyle tips to help women maintain a healthy
lifestyle.

A prevention strategy at the interpersonal level may include
designing family-focused weight loss programs and supporting
users who want to combat obesity to join related web-based
groups, share their weight loss or weight management
experience on the web, and encourage other users.

Preventive strategies at the social environment level make a
point of creating a healthier internet social environment; for
example, improving the source credibility level by monitoring
illegal advertisements and advocating professional organizations
to post strategies combating obesity, coping with stigma issues
by adopting state-of-the-art natural language processing
technologies to remove stigmatized posts from social media,
supervising the web-based environment by detecting major
social movements that intersect with obesity, and building users’
healthy life beliefs by encouraging positive social sharing on
social media. Emotionally evocative posts are more easily
accepted, depending on users’ social sharing behaviors.

Preventive strategies related to the real-world level emphasize
building a healthy societal environment and establishing a good

connection between the web-based environment and real society.
Social policies from the government that lead a healthy lifestyle,
a good school environment that provides children with a
balanced diet, and an antiobesogenic environment can help
maintain a healthy societal environment.

Data Variety
We observed some drawbacks in the included studies. The data
variety needs to be expanded in future studies. First, the
limitations of each social media platform should be considered.
Although Twitter is one of the biggest web-based social network
platforms, it may not serve as the best channel for collecting
data and studying obesity-related topics. Twitter is a platform
that makes data publicly available. Because of privacy and
stigma concerns, some users may refuse to share confidential
data on Twitter [82]. Comparing 3 major social media platforms
(Facebook, Instagram, and Twitter) in a childhood obesity
prevention intervention by Loh et al [82], Facebook—allowing
more comprehensive communication and longer and more
frequent posts than the other 2 social media platforms—was
found to have the highest fidelity and engagement. In contrast,
Twitter has the least engagement and fidelity [82].

Second, a large amount of image data is an emerging resource.
We discovered that textual data were the leading type in
previous studies, and a large amount of media-syncretic image
data was dismissed. A study from Mejova et al [60] analyzed
picture tags and images. Textual data, along with their associated
features (eg, image, link, and user profile), could provide more
insight. Third, the regions of the studies were too limited. The
prevalence of obesity is also high in other areas of the world,
such as Mexico [94]. Given the cultural differences, it is
meaningful to understand the social elements of other areas.
Another finding was that the data collected through experiments
were not analyzed. Almost all intervention studies encouraged
participants to interact with others on social media platforms;
the efficacy of these social components did not receive adequate
study. Only 2 studies performed quantitative analysis on user
interaction behavior (eg, how many posts the user submits every
day) [46,51] in an online support group. No qualitative analysis
was employed on the textual data collected in the study, which
could give us a clue as to how factors affect people’s weight
loss experience.

Finally, the data quantity in many studies was insufficient,
considering the large number of people with obesity. For
example, studies using blog data to perform qualitative analyses
used just 10 [43] and 13 [78] blogs. Manually conducting a
thematic analysis is indeed labor-intensive; however, with the
development of deep learning, pretrained language models could
be effectively employed to analyze large amounts of data.

Limitations
Our systematic review has some limitations. First, we only used
three databases (PubMed, ACM, and ScienceDirect) in our
study. If other databases, such as PsycINFO, Embase, and
Scopus, were included in the study, we might have had
additional and possibly different findings. Second, the MeSH
term social media was created in 2012 [34]; thus, our study did
not include studies published before 2012. This may have
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skewed the results. Future studies should consider a broader
search strategy for more comprehensive results. Third, many
studies did not include a particular type of social factor and how
those factors affected users; thus, the analysis of social factors
was not sufficient. Finally, further discussion on the quality of
study design, types of bias, and other limitations of the
investigated studies can bolster our findings.

Conclusions
We provided a comprehensive review of social media in relation
to understanding obesity and isolating web-based social factors,

including platforms, data, and study results. We proposed a
4-level socioecological model to explain the dynamic
interrelationships among users’ obesity-related behaviors,
personal characteristics, users’ interpersonal connections,
web-based social environments, and the real world.
Understanding the potential role of these factors will benefit us
in several aspects: understanding users’ web-based social
behaviors concerning obesity, calibrating web-based social
factors for weight management intervention studies, and
disseminating educational information to the public.

Conflicts of Interest
None declared.

References

1. Adult Obesity Facts. Centers for Disease Control and Prevention. URL: https://web.archive.org/web/20201005135332/
https://www.cdc.gov/obesity/data/adult.html [accessed 2022-01-18]

2. Murray C, Ng M. Nearly one-third of the world's population is obese or overweight, new data show. IHME. 2014. URL:
https://www.healthdata.org/news-release/
nearly-one-third-world%E2%80%99s-population-obese-or-overweight-new-data-show [accessed 2022-01-18]

3. Hales C, Carroll M, Fryar C, Ogden C. Prevalence of obesity among adults and youth: United States, 2015-2016. NCHS
Data Brief 2017 Oct(288):1-8 [FREE Full text] [Medline: 29155689]

4. Muennig P, Fiscella K, Tancredi D, Franks P. The relative health burden of selected social and behavioral risk factors in
the United States: implications for policy. Am J Public Health 2010 Sep;100(9):1758-1764. [doi: 10.2105/ajph.2009.165019]

5. De Brún A, McCarthy M, McKenzie K, McGloin A. Weight stigma and narrative resistance evident in online discussions
of obesity. Appetite 2014 Jan;72:73-81. [doi: 10.1016/j.appet.2013.09.022] [Medline: 24096083]

6. Freedman D, Dietz W, Srinivasan S, Berenson G. The relation of overweight to cardiovascular risk factors among children
and adolescents: the Bogalusa Heart Study. Pediatrics 1999 Jun;103(6 Pt 1):1175-1182. [doi: 10.1542/peds.103.6.1175]
[Medline: 10353925]

7. Meldrum DR, Morris MA, Gambone JC. Obesity pandemic: causes, consequences, and solutions-but do we have the will?
Fertil Steril 2017 Apr;107(4):833-839. [doi: 10.1016/j.fertnstert.2017.02.104] [Medline: 28292617]

8. Olshansky SJ, Passaro DJ, Hershow RC, Layden J, Carnes BA, Brody J, et al. A potential decline in life expectancy in the
United States in the 21st century. N Engl J Med 2005 Mar 17;352(11):1138-1145. [doi: 10.1056/nejmsr043743]

9. Maher E. Health-related quality of life of severely obese children and adolescents. Child Care Health Dev 2004
Jan;30(1):94-95. [doi: 10.1111/j.1365-2214.2004.t01-10-00388.x]

10. Woolford SJ, Gebremariam A, Clark SJ, Davis MM. Incremental hospital charges associated with obesity as a secondary
diagnosis in children. Obesity (Silver Spring) 2007 Jul;15(7):1895-1901 [FREE Full text] [doi: 10.1038/oby.2007.224]
[Medline: 17636109]

11. Finkelstein EA, Trogdon JG, Cohen JW, Dietz W. Annual medical spending attributable to obesity: payer-and service-specific
estimates. Health Aff (Millwood) 2009 Jan;28(5):822-831. [doi: 10.1377/hlthaff.28.5.w822] [Medline: 19635784]

12. No authors listed. Obesity: preventing and managing the global epidemic. Report of a WHO consultation. World Health
Organ Tech Rep Ser 2000;894:i-xii, 1. [Medline: 11234459]

13. Pampel FC, Krueger PM, Denney JT. Socioeconomic disparities in health behaviors. Annu Rev Sociol 2010 Aug;36:349-370
[FREE Full text] [doi: 10.1146/annurev.soc.012809.102529] [Medline: 21909182]

14. Easton S, Morton K, Tappy Z, Francis D, Dennison L. Young people's experiences of viewing the fitspiration social media
trend: qualitative study. J Med Internet Res 2018 Jun 18;20(6):e219 [FREE Full text] [doi: 10.2196/jmir.9156] [Medline:
29914859]

15. Munk A, Abildgaard M, Birkbak A, Petersen M. (Re-)Appropriating Instagram for Social Research: three methods for
studying obesogenic environments. In: Proceedings of the 7th 2016 International Conference on Social Media & Society.
New York, New York, USA: ACM Press; 2016 Presented at: SMSociety '16: 2016 International Conference on Social
Media & Society; July 11 - 13, 2016; London United Kingdom p. 1-10. [doi: 10.1145/2930971.2930991]

16. Corsica JA, Hood MM. Eating disorders in an obesogenic environment. J Am Diet Assoc 2011 Jul;111(7):996-1000. [doi:
10.1016/j.jada.2011.04.011] [Medline: 21703376]

17. Hill JO, Peters JC. Environmental contributions to the obesity epidemic. Science 1998 May 29;280(5368):1371-1374. [doi:
10.1126/science.280.5368.1371] [Medline: 9603719]

18. Smith KP, Christakis NA. Social networks and health. Annu Rev Sociol 2008 Aug 01;34(1):405-429. [doi:
10.1146/annurev.soc.34.040507.134601]

JMIR Public Health Surveill 2022 | vol. 8 | iss. 3 | e25552 | p. 19https://publichealth.jmir.org/2022/3/e25552
(page number not for citation purposes)

Li et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

https://web.archive.org/web/20201005135332/https://www.cdc.gov/obesity/data/adult.html
https://web.archive.org/web/20201005135332/https://www.cdc.gov/obesity/data/adult.html
https://www.healthdata.org/news-release/nearly-one-third-world%E2%80%99s-population-obese-or-overweight-new-data-show
https://www.healthdata.org/news-release/nearly-one-third-world%E2%80%99s-population-obese-or-overweight-new-data-show
http://www.cdc.gov/nchs/data/databriefs/db288.pdf
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29155689&dopt=Abstract
http://dx.doi.org/10.2105/ajph.2009.165019
http://dx.doi.org/10.1016/j.appet.2013.09.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24096083&dopt=Abstract
http://dx.doi.org/10.1542/peds.103.6.1175
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10353925&dopt=Abstract
http://dx.doi.org/10.1016/j.fertnstert.2017.02.104
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28292617&dopt=Abstract
http://dx.doi.org/10.1056/nejmsr043743
http://dx.doi.org/10.1111/j.1365-2214.2004.t01-10-00388.x
https://doi.org/10.1038/oby.2007.224
http://dx.doi.org/10.1038/oby.2007.224
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17636109&dopt=Abstract
http://dx.doi.org/10.1377/hlthaff.28.5.w822
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19635784&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11234459&dopt=Abstract
http://europepmc.org/abstract/MED/21909182
http://dx.doi.org/10.1146/annurev.soc.012809.102529
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21909182&dopt=Abstract
https://www.jmir.org/2018/6/e219/
http://dx.doi.org/10.2196/jmir.9156
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29914859&dopt=Abstract
http://dx.doi.org/10.1145/2930971.2930991
http://dx.doi.org/10.1016/j.jada.2011.04.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21703376&dopt=Abstract
http://dx.doi.org/10.1126/science.280.5368.1371
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9603719&dopt=Abstract
http://dx.doi.org/10.1146/annurev.soc.34.040507.134601
http://www.w3.org/Style/XSL
http://www.renderx.com/


19. Umberson D, Crosnoe R, Reczek C. Social relationships and health behavior across life course. Annu Rev Sociol 2010
Aug 01;36(1):139-157 [FREE Full text] [doi: 10.1146/annurev-soc-070308-120011] [Medline: 21921974]

20. Christakis NA, Fowler JH. The spread of obesity in a large social network over 32 years. N Engl J Med 2007 Jul
26;357(4):370-379. [doi: 10.1056/nejmsa066082]

21. Maximova K, McGrath JJ, Barnett T, O'Loughlin J, Paradis G, Lambert M. Do you see what I see? Weight status
misperception and exposure to obesity among children and adolescents. Int J Obes (Lond) 2008 Jun;32(6):1008-1015. [doi:
10.1038/ijo.2008.15] [Medline: 18317474]

22. Ali MM, Amialchuk A, Renna F. Social network and weight misperception among adolescents. South Econ J 2011
Apr;77(4):827-842. [doi: 10.4284/0038-4038-77.4.827]

23. Centola D. Social media and the science of health behavior. Circulation 2013 May 28;127(21):2135-2144 [FREE Full text]
[doi: 10.1161/CIRCULATIONAHA.112.101816] [Medline: 23716382]

24. Kent EE, Prestin A, Gaysynsky A, Galica K, Rinker R, Graff K, et al. "Obesity is the New Major Cause of Cancer":
connections between obesity and cancer on Facebook and Twitter. J Cancer Educ 2016 Sep 14;31(3):453-459. [doi:
10.1007/s13187-015-0824-1] [Medline: 25865399]

25. Boyd DM, Ellison NB. Social network sites: definition, history, and scholarship. J Comput Commun 2007;13(1):210-230.
[doi: 10.1111/j.1083-6101.2007.00393.x]

26. Smith A, Anderson M. Social media use in 2018. Pew Research Center. 2018. URL: https://www.pewresearch.org/internet/
2018/03/01/social-media-use-in-2018/ [accessed 2022-01-18]

27. Perrin A, Anderson M. Share of U.S. adults using social media, including Facebook, is mostly unchanged since 2018. Pew
Research Center. 2019. URL: https://web.archive.org/web/20210430025308/https://www.pewresearch.org/fact-tank/2019/
04/10/share-of-u-s-adults-using-social-media-including-facebook-is-mostly-unchanged-since-2018/ [accessed 2022-01-18]

28. Chang T, Chopra V, Zhang C, Woolford SJ. The role of social media in online weight management: systematic review. J
Med Internet Res 2013 Nov;15(11):e262 [FREE Full text] [doi: 10.2196/jmir.2852] [Medline: 24287455]

29. Laranjo L, Arguel A, Neves AL, Gallagher AM, Kaplan R, Mortimer N, et al. The influence of social networking sites on
health behavior change: a systematic review and meta-analysis. J Am Med Inform Assoc 2015 Jan;22(1):243-256. [doi:
10.1136/amiajnl-2014-002841] [Medline: 25005606]

30. Waring ME, Jake-Schoffman DE, Holovatska MM, Mejia C, Williams JC, Pagoto SL. Social media and obesity in adults:
a review of recent research and future directions. Curr Diab Rep 2018 Apr 18;18(6):34. [doi: 10.1007/s11892-018-1001-9]
[Medline: 29671135]

31. Falagas ME, Pitsouni EI, Malietzis GA, Pappas G. Comparison of PubMed, Scopus, Web of Science, and Google Scholar:
strengths and weaknesses. FASEB J 2008 Feb;22(2):338-342. [doi: 10.1096/fj.07-9492LSF] [Medline: 17884971]

32. Association for Computing Machinery (ACM). URL: https://web.archive.org/web/20201006091320/https://www.acm.org/
[accessed 2022-01-18]

33. ScienceDirect. URL: https://web.archive.org/web/20201006025225/https://www.sciencedirect.com/ [accessed 2022-01-18]
34. Social Media. MeSH Descriptor Data 2022. URL: https://meshb.nlm.nih.gov/record/ui?ui=D061108 [accessed 2022-01-18]
35. Kaplan AM, Haenlein M. Users of the world, unite! The challenges and opportunities of social media. Bus Horiz 2010

Jan;53(1):59-68. [doi: 10.1016/j.bushor.2009.09.003]
36. Willis EA, Szabo-Reed AN, Ptomey LT, Steger FL, Honas JJ, Al-Hihi EM, et al. Distance learning strategies for weight

management utilizing social media: A comparison of phone conference call versus social media platform. Rationale and
design for a randomized study. Contemp Clin Trials 2016 Mar;47:282-288 [FREE Full text] [doi: 10.1016/j.cct.2016.02.005]
[Medline: 26883282]

37. Jane M, Hagger M, Foster J, Ho S, Kane R, Pal S. Effects of a weight management program delivered by social media on
weight and metabolic syndrome risk factors in overweight and obese adults: a randomised controlled trial. PLoS One
2017;12(6):e0178326 [FREE Full text] [doi: 10.1371/journal.pone.0178326] [Medline: 28575048]

38. Hwang KO, Ottenbacher AJ, Green AP, Cannon-Diehl MR, Richardson O, Bernstam EV, et al. Social support in an internet
weight loss community. Int J Med Inform 2010 Jan;79(1):5-13 [FREE Full text] [doi: 10.1016/j.ijmedinf.2009.10.003]
[Medline: 19945338]

39. Waring ME, Schneider KL, Appelhans BM, Simas TA, Xiao RS, Whited MC, et al. Interest in a Twitter-delivered weight
loss program among women of childbearing age. Transl Behav Med 2016 Jun;6(2):277-284 [FREE Full text] [doi:
10.1007/s13142-015-0382-4] [Medline: 27356998]

40. Merchant G, Weibel N, Patrick K, Fowler JH, Norman GJ, Gupta A, et al. Click "like" to change your behavior: a mixed
methods study of college students' exposure to and engagement with Facebook content designed for weight loss. J Med
Internet Res 2014 Jun 24;16(6):e158 [FREE Full text] [doi: 10.2196/jmir.3267] [Medline: 24964294]

41. Waring ME, Moore Simas TA, Oleski J, Xiao RS, Mulcahy JA, May CN, et al. Feasibility and Acceptability of Delivering
a Postpartum Weight Loss Intervention via Facebook: A Pilot Study. J Nutr Educ Behav 2018 Jan;50(1):70-74.e1 [FREE
Full text] [doi: 10.1016/j.jneb.2017.09.025] [Medline: 29325665]

42. Cunha T, Weber I, Pappa G. A Warm Welcome Matters!: the link between social feedback and weight loss in /r/loseit. In:
Proceedings of the 26th International Conference on World Wide Web Companion. New York, New York, USA: ACM

JMIR Public Health Surveill 2022 | vol. 8 | iss. 3 | e25552 | p. 20https://publichealth.jmir.org/2022/3/e25552
(page number not for citation purposes)

Li et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

http://europepmc.org/abstract/MED/21921974
http://dx.doi.org/10.1146/annurev-soc-070308-120011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21921974&dopt=Abstract
http://dx.doi.org/10.1056/nejmsa066082
http://dx.doi.org/10.1038/ijo.2008.15
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18317474&dopt=Abstract
http://dx.doi.org/10.4284/0038-4038-77.4.827
http://circ.ahajournals.org/cgi/pmidlookup?view=long&pmid=23716382
http://dx.doi.org/10.1161/CIRCULATIONAHA.112.101816
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23716382&dopt=Abstract
http://dx.doi.org/10.1007/s13187-015-0824-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25865399&dopt=Abstract
http://dx.doi.org/10.1111/j.1083-6101.2007.00393.x
https://www.pewresearch.org/internet/2018/03/01/social-media-use-in-2018/
https://www.pewresearch.org/internet/2018/03/01/social-media-use-in-2018/
https://web.archive.org/web/20210430025308/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://web.archive.org/web/20210430025308/https://www.pewresearch.org/fact-tank/2019/04/10/share-of-u-s-adults-using-social-media-including-facebook-is-mostly-unchanged-since-2018/
http://www.jmir.org/2013/11/e262/
http://dx.doi.org/10.2196/jmir.2852
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24287455&dopt=Abstract
http://dx.doi.org/10.1136/amiajnl-2014-002841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25005606&dopt=Abstract
http://dx.doi.org/10.1007/s11892-018-1001-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29671135&dopt=Abstract
http://dx.doi.org/10.1096/fj.07-9492LSF
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17884971&dopt=Abstract
https://web.archive.org/web/20201006091320/https://www.acm.org/
https://web.archive.org/web/20201006025225/https://www.sciencedirect.com/
https://meshb.nlm.nih.gov/record/ui?ui=D061108
http://dx.doi.org/10.1016/j.bushor.2009.09.003
http://europepmc.org/abstract/MED/26883282
http://dx.doi.org/10.1016/j.cct.2016.02.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26883282&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0178326
http://dx.doi.org/10.1371/journal.pone.0178326
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28575048&dopt=Abstract
http://europepmc.org/abstract/MED/19945338
http://dx.doi.org/10.1016/j.ijmedinf.2009.10.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19945338&dopt=Abstract
http://europepmc.org/abstract/MED/27356998
http://dx.doi.org/10.1007/s13142-015-0382-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27356998&dopt=Abstract
http://www.jmir.org/2014/6/e158/
http://dx.doi.org/10.2196/jmir.3267
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24964294&dopt=Abstract
http://europepmc.org/abstract/MED/29325665
http://europepmc.org/abstract/MED/29325665
http://dx.doi.org/10.1016/j.jneb.2017.09.025
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29325665&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Press; 2017 Presented at: WWW '17: 26th International World Wide Web Conference; April 3 - 7, 2017; Perth Australia
p. 1063-1072. [doi: 10.1145/3041021.3055131]

43. Leggatt-Cook C, Chamberlain K. Blogging for weight loss: personal accountability, writing selves, and the weight-loss
blogosphere. Sociol Health Illn 2012 Sep;34(7):963-977 [FREE Full text] [doi: 10.1111/j.1467-9566.2011.01435.x] [Medline:
22150320]

44. Pappa GL, Cunha TO, Bicalho PV, Ribeiro A, Couto SA, Meira W, et al. Factors associated with weight change in online
weight management communities: a case study in the loseit reddit community. J Med Internet Res 2017 Jan 16;19(1):e17
[FREE Full text] [doi: 10.2196/jmir.5816] [Medline: 28093378]

45. Savolainen R. Asking and sharing information in the blogosphere: the case of slimming blogs. Library Inform Sci Res 2011
Jan;33(1):73-79. [doi: 10.1016/j.lisr.2010.04.004]

46. He C, Wu S, Zhao Y, Li Z, Zhang Y, Le J, et al. Social Media-Promoted Weight Loss Among an Occupational Population:
Cohort Study Using a WeChat Mobile Phone App-Based Campaign. J Med Internet Res 2017 Oct 23;19(10):e357 [FREE
Full text] [doi: 10.2196/jmir.7861] [Medline: 29061555]

47. Chomutare T, Årsand E, Hartvigsen G. Effectiveness of an internet community for severely obese women. In: Studies in
Health Technology and Informatics. Amsterdam: IOS Press; 2016:597-601.

48. Aschbrenner KA, Naslund JA, Shevenell M, Kinney E, Bartels SJ. A pilot study of a peer-group lifestyle intervention
enhanced with mhealth technology and social media for adults with serious mental illness. J Nerv Ment Dis
2016;204(6):483-486. [doi: 10.1097/nmd.0000000000000530]

49. Lytle LA, Laska MN, Linde JA, Moe SG, Nanney MS, Hannan PJ, et al. Weight-gain reduction among 2-year college
students: The CHOICES RCT. Am J Prev Med 2017 Feb;52(2):183-191 [FREE Full text] [doi: 10.1016/j.amepre.2016.10.012]
[Medline: 27939237]

50. Phan N, Dou D, Piniewski B, Kil D. Social restricted boltzmann machine: human behavior prediction in health social
networks. In: Proceedings of the 2015 IEEE/ACM International Conference on Advances in Social Networks Analysis and
Mining 2015. 2015 Presented at: ASONAM '15: Advances in Social Networks Analysis and Mining 2015; August 25 - 28,
2015; Paris France p. 424-431. [doi: 10.1145/2808797.2809307]

51. Chen Y, Randriambelonoro M, Geissbuhler A, Pu P. Social incentives in pervasive fitness apps for obese and diabetic
patients. In: Proceedings of the 19th ACM Conference on Computer Supported Cooperative Work and Social Computing
Companion. 2016 Presented at: CSCW '16: Computer Supported Cooperative Work and Social Computing; February 26 -
March 2, 2016; San Francisco California USA p. 245-248. [doi: 10.1145/2818052.2869093]

52. Abbar S, Mejova Y, Weber I. You tweet what you eattudying food consumption through Twitter. In: Proceedings of the
33rd Annual ACM Conference on Human Factors in Computing Systems. 2015 Presented at: CHI '15: CHI Conference on
Human Factors in Computing Systems; April 18 - 23, 2015; Seoul Republic of Korea p. 3197-3206. [doi:
10.1145/2702123.2702153]

53. Kuebler M, Yom-Tov E, Pelleg D, Puhl RM, Muennig P. When overweight is the normal weight: an examination of obesity
using a social media internet database. PLoS One 2013 Sep 18;8(9):e73479 [FREE Full text] [doi:
10.1371/journal.pone.0073479] [Medline: 24058478]

54. Fernandez-Luque L, Singh M, Ofli F, Mejova YA, Weber I, Aupetit M, et al. Implementing 360° Quantified Self for
childhood obesity: feasibility study and experiences from a weight loss camp in Qatar. BMC Med Inform Decis Mak 2017
Apr 13;17(1):37 [FREE Full text] [doi: 10.1186/s12911-017-0432-6] [Medline: 28403865]

55. Cohen R, Irwin L, Newton-John T, Slater A. #bodypositivity: a content analysis of body positive accounts on Instagram.
Body Image 2019 Jun;29:47-57. [doi: 10.1016/j.bodyim.2019.02.007] [Medline: 30831334]

56. Madliger C. Body of Truth: How Science, History, and Culture Drive Our Obsession with Weight—and What We Can Do
about It by Harriet Brown. IJFAB: International Journal of Feminist Approaches to Bioethics 2016 Sep;9(2):214-219. [doi:
10.3138/ijfab.9.2.214]

57. Gore RJ, Diallo S, Padilla J. You are what you Tweet: connecting the geographic variation in America's obesity rate to
Twitter content. PLoS One 2015;10(9):e0133505 [FREE Full text] [doi: 10.1371/journal.pone.0133505] [Medline: 26332588]

58. Culotta A. Estimating county health statistics with Twitter. In: Proceedings of the SIGCHI Conference on Human Factors
in Computing Systems. 2014 Presented at: CHI '14: CHI Conference on Human Factors in Computing Systems; April 26
- May 1, 2014; Toronto Ontario Canada p. 1335-1344. [doi: 10.1145/2556288.2557139]

59. Garimella V, Alfayad A, Weber I. Social media image analysis for public health. In: Proceedings of the 2016 CHI Conference
on Human Factors in Computing Systems. 2016 Presented at: CHI'16: CHI Conference on Human Factors in Computing
Systems; May 7 - 12, 2016; San Jose California USA p. 5543-5547. [doi: 10.1145/2858036.2858234]

60. Mejova Y, Haddadi H, Noulas A, Weber I. #FoodPorn: obesity patterns in culinary interactions. In: Proceedings of the 5th
International Conference on Digital Health 2015. New York, New York, USA: ACM Press; 2015 Presented at: DH '15:
Digital Health 2015 Conference; May 18 - 20, 2015; Florence Italy p. 51-58. [doi: 10.1145/2750511.2750524]

61. Weber I, Mejova Y. Crowdsourcing health labels: inferring body weight from profile pictures. In: Proceedings of the 6th
International Conference on Digital Health Conference. New York, New York, USA: ACM Press; 2016 Presented at: DH
'16: Digital Health 2016; April 11 - 13, 2016; Montréal Québec Canada p. 105-109. [doi: 10.1145/2896338.2897727]

JMIR Public Health Surveill 2022 | vol. 8 | iss. 3 | e25552 | p. 21https://publichealth.jmir.org/2022/3/e25552
(page number not for citation purposes)

Li et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

http://dx.doi.org/10.1145/3041021.3055131
https://doi.org/10.1111/j.1467-9566.2011.01435.x
http://dx.doi.org/10.1111/j.1467-9566.2011.01435.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22150320&dopt=Abstract
http://www.jmir.org/2017/1/e17/
http://dx.doi.org/10.2196/jmir.5816
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28093378&dopt=Abstract
http://dx.doi.org/10.1016/j.lisr.2010.04.004
http://www.jmir.org/2017/10/e357/
http://www.jmir.org/2017/10/e357/
http://dx.doi.org/10.2196/jmir.7861
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29061555&dopt=Abstract
http://dx.doi.org/10.1097/nmd.0000000000000530
http://europepmc.org/abstract/MED/27939237
http://dx.doi.org/10.1016/j.amepre.2016.10.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27939237&dopt=Abstract
http://dx.doi.org/10.1145/2808797.2809307
http://dx.doi.org/10.1145/2818052.2869093
http://dx.doi.org/10.1145/2702123.2702153
https://dx.plos.org/10.1371/journal.pone.0073479
http://dx.doi.org/10.1371/journal.pone.0073479
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24058478&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0432-6
http://dx.doi.org/10.1186/s12911-017-0432-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28403865&dopt=Abstract
http://dx.doi.org/10.1016/j.bodyim.2019.02.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30831334&dopt=Abstract
http://dx.doi.org/10.3138/ijfab.9.2.214
http://dx.plos.org/10.1371/journal.pone.0133505
http://dx.doi.org/10.1371/journal.pone.0133505
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26332588&dopt=Abstract
http://dx.doi.org/10.1145/2556288.2557139
http://dx.doi.org/10.1145/2858036.2858234
http://dx.doi.org/10.1145/2750511.2750524
http://dx.doi.org/10.1145/2896338.2897727
http://www.w3.org/Style/XSL
http://www.renderx.com/


62. Mejova Y. Information sources and needs in the obesity and diabetes Twitter discourse. In: Proceedings of the 2018
International Conference on Digital Health. New York, New York, USA: ACM Press; 2018 Presented at: DH'18: International
Digital Health Conference; April 23 - 26, 2018; Lyon France p. 21-29. [doi: 10.1145/3194658.3194664]

63. Karami A, Dahl AA, Turner-McGrievy G, Kharrazi H, Shaw G. Characterizing diabetes, diet, exercise, and obesity comments
on Twitter. Int J Inform Manag 2018 Feb;38(1):1-6. [doi: 10.1016/j.ijinfomgt.2017.08.002]

64. So J, Prestin A, Lee L, Wang Y, Yen J, Chou WS. What do people like to "Share" about obesity? A content analysis of
frequent retweets about obesity on Twitter. Health Commun 2016;31(2):193-206. [doi: 10.1080/10410236.2014.940675]
[Medline: 26086083]

65. May CN, Waring ME, Rodrigues S, Oleski JL, Olendzki E, Evans M, et al. Weight loss support seeking on Twitter: the
impact of weight on follow back rates and interactions. Transl Behav Med 2017 Mar 21;7(1):84-91 [FREE Full text] [doi:
10.1007/s13142-016-0429-1] [Medline: 27443643]

66. Lake A, Townshend T. Obesogenic environments: exploring the built and food environments. J R Soc Promot Health 2006
Nov 30;126(6):262-267. [doi: 10.1177/1466424006070487] [Medline: 17152319]

67. Harris JK, Moreland-Russell S, Tabak RG, Ruhr LR, Maier RC. Communication about childhood obesity on Twitter. Am
J Public Health 2014 Jul;104(7):62-69. [doi: 10.2105/ajph.2013.301860]

68. Erdem H, Sisik A. The reliability of bariatric surgery videos in YouTube platform. Obes Surg 2018 Mar 5;28(3):712-716.
[doi: 10.1007/s11695-017-2911-3] [Medline: 28875396]

69. Basch C, Fung I, Menafro A, Mo C, Yin J. An exploratory assessment of weight loss videos on YouTube™. Public Health
2017 Oct;151:31-38. [doi: 10.1016/j.puhe.2017.06.016] [Medline: 28710925]

70. Meitz TG, Ort A, Kalch A, Zipfel S, Zurstiege G. Source does matter: contextual effects on online media-embedded health
campaigns against childhood obesity. Comput Hum Behav 2016 Jul;60:565-574. [doi: 10.1016/j.chb.2016.02.067]

71. Swindle TM, Ward WL, Whiteside-Mansell L. Facebook: The Use of Social Media to Engage Parents in a Preschool
Obesity Prevention Curriculum. J Nutr Educ Behav 2018 Jan;50(1):4-10.e1 [FREE Full text] [doi: 10.1016/j.jneb.2017.05.344]
[Medline: 29325661]

72. 21.3 Social Movements - Definition. Sociology by University of Minnesota. URL: https://web.archive.org/web/
20201006123653/https://open.lib.umn.edu/sociology/chapter/21-3-social-movements/ [accessed 2022-01-18]

73. Ghaznavi J, Taylor LD. Bones, body parts, and sex appeal: An analysis of #thinspiration images on popular social media.
Body Image 2015 Jun;14:54-61. [doi: 10.1016/j.bodyim.2015.03.006] [Medline: 25880783]

74. Webb JB, Vinoski ER, Bonar AS, Davies AE, Etzel L. Fat is fashionable and fit: a comparative content analysis of fatspiration
and health at every size instagram images. Body Image 2017 Sep;22:53-64. [doi: 10.1016/j.bodyim.2017.05.003] [Medline:
28624756]

75. Kang Y, Wang Y, Zhang D, Zhou L. The public's opinions on a new school meals policy for childhood obesity prevention
in the U.S.: A social media analytics approach. Int J Med Inform 2017 Jul;103:83-88. [doi: 10.1016/j.ijmedinf.2017.04.013]
[Medline: 28551006]

76. Gregg R, Patel A, Patel S, O'Connor L. Public reaction to the UK government strategy on childhood obesity in England:
A qualitative and quantitative summary of online reaction to media reports. Health Policy 2017 Apr;121(4):450-457. [doi:
10.1016/j.healthpol.2017.02.010] [Medline: 28238451]

77. Rimé B, Finkenauer C, Luminet O, Zech E, Philippot P. Social sharing of emotion: new evidence and new questions. Eur
Rev Soc Psychol 1998 Jan;9(1):145-189. [doi: 10.1080/14792779843000072]

78. Lingetun L, Fungbrant M, Claesson I, Baggens C. 'I just want to be normal' - A qualitative study of pregnant women's blogs
who present themselves as overweight or obese. Midwifery 2017 Jun;49:65-71. [doi: 10.1016/j.midw.2017.01.015] [Medline:
28214043]

79. Fiks AG, Gruver RS, Bishop-Gilyard CT, Shults J, Virudachalam S, Suh AW, et al. A social media peer group for mothers
to prevent obesity from infancy: the Grow2gether randomized trial. Child Obes 2017 Oct;13(5):356-368 [FREE Full text]
[doi: 10.1089/chi.2017.0042] [Medline: 28557558]

80. Leroux J, Moore S, Dubé L. Beyond the "I" in the obesity epidemic: a review of social relational and network interventions
on obesity. J Obes 2013;2013:348249 [FREE Full text] [doi: 10.1155/2013/348249] [Medline: 24062945]

81. Park A, Conway M, Chen AT. Examining thematic similarity, difference, and membership in three online mental health
communities from reddit: a text mining and visualization approach. Comput Human Behav 2018 Jan;78:98-112 [FREE
Full text] [doi: 10.1016/j.chb.2017.09.001] [Medline: 29456286]

82. Loh IH, Schwendler T, Trude AC, Anderson Steeves ET, Cheskin LJ, Lange S, et al. Implementation of Text-Messaging
and Social Media Strategies in a Multilevel Childhood Obesity Prevention Intervention: Process Evaluation Results. Inquiry
2018 Jun 04;55:46958018779189 [FREE Full text] [doi: 10.1177/0046958018779189] [Medline: 29865969]

83. Ling J, Robbins LB, Zhang N, Kerver JM, Lyons H, Wieber N, et al. Using Facebook in a healthy lifestyle intervention:
feasibility and preliminary efficacy. West J Nurs Res 2018 Dec 09;40(12):1818-1842. [doi: 10.1177/0193945918756870]
[Medline: 29421989]

84. West DS, Monroe CM, Turner-McGrievy G, Sundstrom B, Larsen C, Magradey K, et al. A technology-mediated behavioral
weight gain prevention intervention for college students: controlled, quasi-experimental study. J Med Internet Res 2016
Jun 13;18(6):e133 [FREE Full text] [doi: 10.2196/jmir.5474] [Medline: 27296086]

JMIR Public Health Surveill 2022 | vol. 8 | iss. 3 | e25552 | p. 22https://publichealth.jmir.org/2022/3/e25552
(page number not for citation purposes)

Li et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

http://dx.doi.org/10.1145/3194658.3194664
http://dx.doi.org/10.1016/j.ijinfomgt.2017.08.002
http://dx.doi.org/10.1080/10410236.2014.940675
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26086083&dopt=Abstract
http://europepmc.org/abstract/MED/27443643
http://dx.doi.org/10.1007/s13142-016-0429-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27443643&dopt=Abstract
http://dx.doi.org/10.1177/1466424006070487
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17152319&dopt=Abstract
http://dx.doi.org/10.2105/ajph.2013.301860
http://dx.doi.org/10.1007/s11695-017-2911-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28875396&dopt=Abstract
http://dx.doi.org/10.1016/j.puhe.2017.06.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28710925&dopt=Abstract
http://dx.doi.org/10.1016/j.chb.2016.02.067
http://europepmc.org/abstract/MED/29325661
http://dx.doi.org/10.1016/j.jneb.2017.05.344
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29325661&dopt=Abstract
https://web.archive.org/web/20201006123653/https://open.lib.umn.edu/sociology/chapter/21-3-social-movements/
https://web.archive.org/web/20201006123653/https://open.lib.umn.edu/sociology/chapter/21-3-social-movements/
http://dx.doi.org/10.1016/j.bodyim.2015.03.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25880783&dopt=Abstract
http://dx.doi.org/10.1016/j.bodyim.2017.05.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28624756&dopt=Abstract
http://dx.doi.org/10.1016/j.ijmedinf.2017.04.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28551006&dopt=Abstract
http://dx.doi.org/10.1016/j.healthpol.2017.02.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28238451&dopt=Abstract
http://dx.doi.org/10.1080/14792779843000072
http://dx.doi.org/10.1016/j.midw.2017.01.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28214043&dopt=Abstract
http://europepmc.org/abstract/MED/28557558
http://dx.doi.org/10.1089/chi.2017.0042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28557558&dopt=Abstract
https://doi.org/10.1155/2013/348249
http://dx.doi.org/10.1155/2013/348249
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24062945&dopt=Abstract
http://europepmc.org/abstract/MED/29456286
http://europepmc.org/abstract/MED/29456286
http://dx.doi.org/10.1016/j.chb.2017.09.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29456286&dopt=Abstract
https://journals.sagepub.com/doi/10.1177/0046958018779189?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1177/0046958018779189
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29865969&dopt=Abstract
http://dx.doi.org/10.1177/0193945918756870
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29421989&dopt=Abstract
https://www.jmir.org/2016/6/e133/
http://dx.doi.org/10.2196/jmir.5474
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27296086&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


85. Church D, Stapleton P, Sheppard L, Carter B. Naturally Thin You: Weight Loss and Psychological Symptoms After a
Six-Week Online Clinical EFT (Emotional Freedom Techniques) Course. Explore (NY) 2018 Mar;14(2):131-136. [doi:
10.1016/j.explore.2017.10.009] [Medline: 29370983]

86. Turner-McGrievy GM, Davidson CR, Wingard EE, Billings DL. Low glycemic index vegan or low-calorie weight loss
diets for women with polycystic ovary syndrome: a randomized controlled feasibility study. Nutr Res 2014 Jun;34(6):552-558.
[doi: 10.1016/j.nutres.2014.04.011] [Medline: 25026923]

87. Taiminen H. How do online communities matter? Comparison between active and non-active participants in an online
behavioral weight loss program. Comput Hum Behav 2016 Oct;63:787-795. [doi: 10.1016/j.chb.2016.06.002]

88. Hales S, Turner-McGrievy GM, Wilcox S, Fahim A, Davis RE, Huhns M, et al. Social networks for improving healthy
weight loss behaviors for overweight and obese adults: a randomized clinical trial of the social pounds off digitally (Social
POD) mobile app. Int J Med Inform 2016 Oct;94:81-90. [doi: 10.1016/j.ijmedinf.2016.07.003] [Medline: 27573315]

89. Appleton J, Fowler C, Brown N. Friend or foe? An exploratory study of Australian parents' use of asynchronous discussion
boards in childhood obesity. Collegian 2014 Jun;21(2):151-158. [doi: 10.1016/j.colegn.2014.02.005] [Medline: 25109214]

90. Atanasova D. “Keep moving forward. LEFT RIGHT LEFT”: a critical metaphor analysis and addressivity analysis of
personal and professional obesity blogs. Discourse Context Media 2018 Oct;25:5-12. [doi: 10.1016/j.dcm.2017.09.012]

91. Urie B. Ecological systems theory. In: Vasta R, editor. Annals of Child Development. London, UK: Jessica Kingsley
Publishers; 1990:187-249.

92. Bronfenbrenner U, Morris P. The bioecological model of human development. In: Handbook of Child Psychology. Hoboken,
New Jersey, United States: John Wiley & Sons, Inc; 2007.

93. Lee Y. Slender women and overweight men: gender differences in the educational gradient in body weight in South Korea.
Int J Equity Health 2017 Nov 21;16(1):202 [FREE Full text] [doi: 10.1186/s12939-017-0685-9] [Medline: 29157251]

94. Rtveladze K, Marsh T, Barquera S, Romero LM, Levy D, Melendez G, et al. Obesity prevalence in Mexico: impact on
health and economic burden. Public Health Nutr 2013 Feb 01;17(1):233-239. [doi: 10.1017/s1368980013000086]

Abbreviations
ACM: Association for Computing Machinery
HAES: health at every size
MeSH: Medical Subject Heading

Edited by G Eysenbach, R Kukafka; submitted 13.11.20; peer-reviewed by A Ramachandran, A Beleigoli, H Wethington; comments
to author 09.03.21; revised version received 03.05.21; accepted 14.10.21; published 07.03.22

Please cite as:
Li C, Ademiluyi A, Ge Y, Park A
Using Social Media to Understand Web-Based Social Factors Concerning Obesity: Systematic Review
JMIR Public Health Surveill 2022;8(3):e25552
URL: https://publichealth.jmir.org/2022/3/e25552
doi: 10.2196/25552
PMID:

©Chuqin Li, Adesoji Ademiluyi, Yaorong Ge, Albert Park. Originally published in JMIR Public Health and Surveillance
(https://publichealth.jmir.org), 07.03.2022. 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 JMIR Public Health and Surveillance, is properly cited. The complete
bibliographic information, a link to the original publication on https://publichealth.jmir.org, as well as this copyright and license
information must be included.

JMIR Public Health Surveill 2022 | vol. 8 | iss. 3 | e25552 | p. 23https://publichealth.jmir.org/2022/3/e25552
(page number not for citation purposes)

Li et alJMIR PUBLIC HEALTH AND SURVEILLANCE

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.explore.2017.10.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29370983&dopt=Abstract
http://dx.doi.org/10.1016/j.nutres.2014.04.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25026923&dopt=Abstract
http://dx.doi.org/10.1016/j.chb.2016.06.002
http://dx.doi.org/10.1016/j.ijmedinf.2016.07.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27573315&dopt=Abstract
http://dx.doi.org/10.1016/j.colegn.2014.02.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25109214&dopt=Abstract
http://dx.doi.org/10.1016/j.dcm.2017.09.012
https://equityhealthj.biomedcentral.com/articles/10.1186/s12939-017-0685-9
http://dx.doi.org/10.1186/s12939-017-0685-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29157251&dopt=Abstract
http://dx.doi.org/10.1017/s1368980013000086
https://publichealth.jmir.org/2022/3/e25552
http://dx.doi.org/10.2196/25552
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

