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Tweet for health: using an online social network to examine
temporal trends in weight loss-related posts

Gabrielle M. Turner-McGrievy, PhD, MS, RD,1 Michael W. Beets, MEd, MPH, PhD2

Abstract
Few studies have used social networking sites to track
temporal trends in health-related posts, particularly
around weight loss. To examine the temporal relationship
of Twitter messages about weight loss over 1 year (2012).
Temporal trends in #weightloss mentions and #fitness,
#diet, and #health tweets which also had the word
Bweight^ in them were examined using three a priori time
periods: (1) holidays: pre-winter holidays, holidays, and
post-holidays; (2) Season: winter and summer; and (3)
New Year’s: pre-New Year’s and post-New Year’s. Re-
garding #weightloss, there were 145 (95 % CI 79, 211)
more posts/day during holidays and 143 (95 % CI 76,
209) more posts/day after holidays as compared to 480
pre-holiday posts/day; 232 (95 % CI 178, 286) more
posts/day during the winter versus summer (441 posts/
day); there was no difference in posts around New Year’s.
Examining social networks for trends in health-related
posts may aid in timing interventions when individuals
are more likely to be discussing weight loss.
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INTRODUCTION
Online social media sites, such as Twitter, have grown
over the past decade [1]. As compared to other social
network sites, Twitter users are more likely to have
public accounts, allowing anyone to read and access
posts [2]. This open access allows a unique opportuni-
ty to use Twitter as a data collection tool. Studies have
used Twitter to predict the outcomes of the stock
market [3], assess scientific impact of journal articles
[4], and track influenza outbreaks [5, 6]. Also, unique
to Twitter is the use of symbols to emphasize particu-
lar words. Words that a user may wish to highlight are
often preceded by a hashtag (B#^), which allows other
users to follow relevant topics of interest [7]. Recent
studies have used Twitter to develop a classification
model to categorize posts with hashtags related to
physical activity (PA) [8] and examine posts to Twitter
with the hashtag #childhoodobesity [9]. Twitter,
which has been in existence since 2006 [10], also
presents a unique opportunity to examine trends over
time. Previous studies have examined temporal differ-
ences in posts related to cardiac arrest [11] and

happiness [12]. However, very few studies have exam-
ined temporal trends in health-related posts to Twitter,
particularly in the area of weight loss.
In free-living adults, certain measured health-

related behaviors have shown temporal trends
depending on time of the year. This may be particu-
larly evident for weight loss and relevant weight loss
behaviors related to eating and PA. Research among
U.S. adults has shown that weight gain tends to occur
over holiday periods (between Thanksgiving and
New Year’s) [13–15], with a renewed interest in losing
weight around New Year’s Day [16]. In addition,
studies have found PA levels among adults to be
higher in the summer versus the winter [17–20]. To
date, no study has used Twitter to explore the rela-
tionship of these temporal trends by examining dis-
cussions related to weight loss over time. Therefore,
the primary goal of this study is to examine posts
related to weight loss over the course of 1 year.

METHODS
The present study was conducted in 2013 and exam-
ined posts to Twitter over the course of 2012. People-
Broswr (http://www.peoplebrowsr.com), which pro-
vided access to the Twitter Bfirehose^ (full stream of
Twitter data) and allows users to examine the number
of posts related to search queries, was used for data
collection. The primary interest of this paper is to
assess Twitter posts related to weight loss. Because
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Twitter hashtags are a common way that Twitter users
categorize messages, promote ideas, and follow topics
[21], hashtags were chosen as the tracking method for
weight loss-related posts. Figure 1 provides a schema-
tic overview of the flow of data collection. In order to
determine which hashtags were most commonly used
for weight loss-related topics, the visual hashtag ex-
plorer Hashtagify.me (www.hashtagify.me) was used.
This method was employed by another study that
examined mentions of childhood obesity on Twitter
(#childhoodobesity) over the course of a 1month [22].
Hashtagify.me is a website that collects posts to Twitter
and examines hashtag usage patterns. This tool allows
the users to examine common hashtags used around
topics, in addition to exploring which hashtags are
most closely related to a hashtag of interest. In order
to capture additional posts that could be related to
weight loss, Hashtagify.me was also used to identify
hashtagsmost commonly related to #weightloss which
identified #fitness, #diet, and #health. Posts to Twitter
using these hashtags were only included in analysis if
they included the word Bweight^ in them (e.g., BI can’t
believe howmuch weight I’ve gained. Need to go on a
#diet!^). Because data collected only revealed frequen-
cy of posts that contained selected hashtags, we were
not able to determine number of users or if the posts
were from accounts from commercial entities or from
individuals. The time period was limited to all posts in
2012 to collect data over the course of a 1-year period.
The primary goal of this study was to examine

temporal trends in Twitter posts about weight loss by
tracking mentions of the four key words (#weightloss

and #fitness, #diet, and #health with Bweight^ in the
posts) over a 1-year period. This was achieved by
examining three a priori time periods based on the
literature demonstrating differential weight gain and
PA occurrences by holiday and season. The first peri-
od examined three 61-day time frames related to hol-
idays: (1) pre-winter holiday season (September 16–
November 15), (2) holiday season (November 16 to
January 15), and (3) post-holiday season (January 16–
March 16). The second period examined two 88-day
time frames related to season: (1) winter (December
21–March 17) and (2) summer (June 21–September
16). The third time period examined the effects of New
Year’s resolutions by examining two 31-day time
frames: (1) pre-New Year’s (December 1–31) and (2)
post-NewYear’s (January 1–31).We hypothesized that
examined posts related to weight loss would be higher
after holidays than before, lower during the winter,
and higher after New Year’s.

Statistical analysis
For the Twitter mentions of weight loss, diet, fitness,
and health, mixed model regressions accounting for
the serial dependencies among days were estimated.
Three models were estimated for each keyword term
for the following comparisons: (1) during and post-
holiday mentions compared to pre-holiday; (2) winter
mentions compared to summer; and (3) after New
Year’s mentions compared to pre-New Year’s. For
each model, dummy variables were created for each

Fig. 1 | Schematic overview of the flow of data collection of posts to Twitter used for data analysis
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contrast, with the reference group being pre-holiday,
summer, and pre-New Year’s, respectively. Compari-
sons for the three holiday time periods were estimated
using analogousmixedmodels as described above. All
analyses were conducted using STATA (v.12.0, Col-
lege Station, TX).

RESULTS
Example Twitter posts for each of the four keyword
searches as well as the top 15 most common words in
Twitter posts that contained #weightloss, #health, #di-
et, or #fitness are presented in Table 1. Figure 2
presents the frequency of posts for all four key words
over the course of 2012, and Table 2 presents the
temporal trends in the four key words examined by
three different time periods. Regarding weight loss,
there were 145 (95 % CI 79 to 211) more posts/day
during holidays and 143 (95 % CI 76 to 209) more
posts/day after holidays as compared to 480 pre-
holiday posts/day; 232 (95 % CI 178 to 286) more
posts/day during the winter versus summer (441
posts/day); there was no difference in posts before or
after New Year’s.
Other hashtags related to #weightloss were also

examined. For #diet, there were fewer mentions (−33
posts/day fewer) post-holiday (95 % CI −46 to −20)
and more mentions (27 posts/day more) during the
holiday (95 % CI 14, 40) than pre-holiday (122 posts/
day). There were no differences by New Year’s for
#diet related posts. There were 86 (95 % CI −138 to
33) fewer mentions of #fitness per day post-holiday
and 56 (95 % CI 3, 109) more posts/day compared to
pre-holiday (143 posts/day). There were 161 (95 % CI
−240 to −82) fewer #fitness posts/day after-New
Year’s versus pre-New Year’s (224 posts/day). There
were 103 (95 % CI −149 to −56) fewer #health posts/
day during the holidays and 75 (95 % CI −30, 122)

more #health posts/day post-holiday than pre-holiday
(286 posts). There were 288 (95%CI 237 to 338) more
#health posts/day after New Year’s than pre-New
Year’s (95 posts/day). No difference was observed
between winter and summer posts/day for #diet, #fit-
ness, or #health.
In summary, #weightloss, #diet, and #fitness posts

all showed increases during the holidays as compared
to pre-holidays with #weightloss posts also showing a
continued increased post-holiday as well. Only
#weightloss posts differed by season with more posts
in the winter versus summer. While #weightloss and
#diet posts did not differ by pre- and post-New Year’s,
#fitness posts were lower after NewYear’s and#health
posts were higher.

DISCUSSION
Twitter, which is one of the most diverse social net-
works [23], has the potential to provide a great deal of
both quantitative and qualitative data, with over 200
million users worldwide and over 400 million tweets
each day [24]. The present study sought to examine
the frequency and temporal relationship of posts
around weight loss to understand when people may
be discussing weight loss the most. This study found
that more posts about weight loss (as reflected in
#weightloss and weight-related #diet and #fitness
posts) were occurring during the holidays, at a time
when weight gain is commonly occurring. In addition,
there were more #weightloss posts in winter than
summer and post-holiday compared to pre-holidays.
The present study also identified common words

that appeared in Twitter posts with each of the four
keywords. Despite #health having the potential to be
related to any area of health (smoking, cancer, colds
and flu, etc.), half the wordsmost commonly occurring
with #health posts were related to diet, exercise, or

Fig. 2 | Frequency of posts to Twitter related to #weightloss, #diet, #fitness, and #health in 2012
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weight loss, demonstrating that weight loss is a fre-
quent health-related topic discussed on Twitter. In
addition, examining temporal changes in common
key words for each hashtag is potentially another
way to examine trends in health-related issues. For
example, the hashtags #paleo and #gluten did not
appear as common words associated with #diet until
December 2012, which coincided with the increasing
popularity of Paleo and Gluten-free diets around that
time [25]. In addition, our study also found that the
word Bmeningitis^ appeared as a popular keyword for
#health only in the month of October 2012, the same
time when a viral meningitis outbreak was occurring
[26].
U.S. studies have observed temporal weight gain

differences related to holidays and season [14, 15,
27]. Winter holidays are a time when people are faced
with several opportunities to increase energy con-
sumption, such as parties with high caloric food [28].
Studies have shown a pattern of average weight gain
duringwinter holidays of around 0.5 kg [14, 15], which
is not subsequently lost in the spring [15]. Overweight
and obese individuals may gain more weight during
holiday periods than normal weight individuals [15].
Our present study observed an increase in #weightloss
and weight-related #diet and #fitness Twitter posts
during holidays (when weight gain commonly occurs)
and in #weightloss and #health posts after holidays
(when interest in weight loss is presumed to be great-
er). #Weightloss posts were also higher in the winter; a
time when weight gain may be greater due to
decreases in PA and increases in energy intake [27].
Contrary to what was hypothesized, there was no
effect for New Year’s on #weightloss or #diet and
there were fewer weight-related #fitness posts after
New Year’s. This is surprising as losing weight is one
of the most popular New Year’s resolutions [29]. Only
weight-related #health posts saw a significant increase
post-New Year’s. It is possible that individuals are
more interested in weight loss for health-related rea-
sons after the New Year’s than before or during the
holiday, when weight gain is commonly occurring.
Future qualitative research should use Twitter to ex-
plore weight loss motivation over time. Overall, it
appears that people are actively discussing weight loss
during the holidays and winter when weight gain has
been shown to be commonly occurring.
Social media has played a powerful role in provid-

ing interaction and support among people with similar
health needs and concerns [30–32] as well as an inter-
vention tool [33, 34]. Online social networks also allow
the users to share information with one another [30]
and spread exercise behaviors [35]. Social media is
widely used to discuss weight loss and other health-
related topics [30] and has the ability to be a useful
source of data for examining frequency of discussions
around health-related topics.
The findings of the present study have several impli-

cations for future weight loss intervention work. As-
suming mentions of #weightloss indicate interest in
either losing weight or current weight loss efforts, itTa
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appears that people are interested in or engaging in
weight loss during and after holidays and during the
winter when weight gain has been shown to be com-
monly occurring. Knowing this may help to time
interventions to when weight loss readiness or motiva-
tion is higher. Secondly, it may be useful to identify
popular hashtags related to weight loss that can help
promote public health weight loss efforts or help users
identify community-based weight loss programs. Last-
ly, if interventions are delivered via Twitter or other
social media platforms, it may be beneficial to utilize
hashtags in posts as a way to allow participants to
engage with other users and resources related to
weight loss beyond the study setting.
The present study has several strengths. It is one of

the first studies to use objective social networking data
to examine temporal trends of posts related to weight
loss and included a very large number of posts for
analysis. The study used an objective method for iden-
tifying key hashtag words related to weight loss. In
addition, the study provided examples of common
words appearing with Twitter posts which contain
#weightloss, #diet, #fitness, or #health. There are also
some limitations. Posts could have been overlapping if
they included multiple tags (e.g., #weightloss and #fit-
ness in the same post) and therefore, would be counted

and once under #weightloss). Also, we limited our
searches only to hashtag keywords and, therefore,
did not collect posts without one of the four examined
hashtags that may have been discussing weight loss.
While an objective method was chosen to identify
hashtags related to weight loss, use of these hashtags
limited the ability to identify all possible Twitter posts
related to weight loss. In addition, membership to
Twitter continues to grow so the number of users on
Twitter may have increased (with an increase in types
of posts) over the course of 2012; however, this would
have resulted in an increase in the number of posts of
all four keyword searches. Lastly, the content of the
posts were not assessed and therefore it cannot be
confirmed that the posts were actually about the key-
word. Sample posts were examined, however, (as pre-
sented in Table 1) which revealed relevant posts to
weight loss. Future research should conduct qualitative
analysis of weight loss-related posts to assess content of
posts.

CONCLUSION
In conclusion, examining posts to social networks,
such as Twitter, may be an effective way to track
frequency of discussion around certain health behav-
iors. This approach of using social networking data to
examine trends in health-related keyword mentions
has the potential to support findings of studies which
measure health-related outcomes, such as PA or
weight loss. Future studies using social media to deliv-
er weight loss interventions may aim to deliver behav-
ioral messages during and after holidays, as well as

during winter months, to target individuals when dis-
cussion of these topics is greater.
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