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ABSTRACT Obesity is a global epidemic affecting millions. Implementation of interventions

to curb obesity rates requires timely surveillance. In this study, we estimated sex-specific

obesity prevalence using social media, search queries, demographics and built environment

variables. We collected 3,817,125 and 1,382,284 geolocated tweets on food and exercise

respectively, from Twitter’s streaming API from April 2015 to March 2016. We also obtained

searches related to physical activity and diet from Google Search Trends for the same time

period. Next, we inferred the gender of Twitter users using machine learning methods and

applied mixed-effects state-level linear regression models to estimate obesity prevalence. We

observed differences in discussions of physical activity and foods, with males reporting higher

intensity physical activities and lower caloric foods across 40 and 48 states, respectively. In

addition, counties with the highest percentage of exercise and food tweets had lower male

and female obesity prevalence. Lastly, our models separately captured overall male and

female spatial trends in obesity prevalence. The average correlation between actual and

estimated obesity prevalence was 0.797(95% CI, 0.796, 0.798) and 0.830 (95% CI, 0.830,

0.831) for males and females, respectively. Social media can provide timely community-level

data on health information seeking and changes in behaviors, sentiments and norms. Social

media data can also be combined with other data types such as, demographics, built

environment variables, diet and physical activity indicators from other digital sources (e.g.,

mobile applications and wearables) to monitor health behaviors at different geographic

scales, and to supplement delayed estimates from traditional surveillance systems.
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Background

The rate of obesity in both children and adults in the United
States has increased significantly since the 1980s (Dwyer-
Lindgren et al., 2013; Fryar et al., 2016; Segal et al., 2017).

In 2017, the State of Obesity project estimated that adult obesity
prevalence across U.S. states ranged from 22.3 to 37.7 percent
(Segal et al., 2017). This increase in obesity prevalence is due to a
complex interplay of biological, structural and individual factors
(Hill and Peters, 1998; Nelson et al., 2006; Papas et al., 2007;
Ogden et al., 2010). Factors such as public safety, socioeconomic
status, and the neighborhood built environment may impact
access to recreational facilities, and fresh, healthy foods (Freed-
man et al., 2002; Giles-Corti et al., 2003; Hill et al., 2003; Ellaway
et al. 2005; Gordon-Larsen et al., 2006; Lopez-Zetina et al., 2006;
Mobley et al., 2006; Bennett et al., 2007; Papas et al., 2007;
Casagrande et al., 2009; Maharana and Nsoesie, 2018). An indi-
vidual’s social environment can also influence health behaviors
(such as, poor diet and physical inactivity) that are considered
risk factors for obesity (Christakis and Fowler, 2007; McFerran
et al., 2009; Yakusheva et al., 2011).

Timely surveillance of changes in physical activity prevalence
and dietary habits would be valuable for understanding the
association between these factors and obesity prevalence in
communities. One approach to surveillance is the use of data
from digital sources, which are useful for estimating various
health quantities by monitoring the seeking and sharing of health
information, as well as changes in behaviors, sentiments or norms
(Cesare et al., 2019; Olson et al., 2013; Yuan et al., 2013; Nsoesie
et al., 2014; Nsoesie et al., 2015; Nguyen et al., 2016; Nguyen et al.,
2017). Specifically, data from Twitter—a social media platform—
have been shown to provide insights into trends and disparities in
health behaviors including, diet and physical activity (Griffin and
Jiao, 2015; Jestico et al., 2016; Nguyen et al., 2017; Cesare et al.,
2019; Torres et al., 2018). One study showed a correlation
between Facebook likes of sedentary activities and obesity pre-
valence (Chunara et al., 2013). Another study found a negative
association between the volume of food and exercise-related
tweets and obesity in U.S. counties (Nguyen et al., 2017). Neither
of these studies included sex-specific analysis. Sex-specific ana-
lysis is important because obesity prevalence varies by sex in the
U.S. with higher prevalence reported for females than males in
recent years (Ogden et al., 2014; Flegal et al., 2016; Tauqeer et al.,
2018).

In this study, we aimed to assess the association between
obesity prevalence estimated by the Centers for Disease Control
and Prevention (CDC) and various food and exercise variables
from social media (i.e., Twitter) and search queries (i.e., Google
Search Trends) for males and females separately. We also
demonstrated that integrating data from the aforementioned
Internet sources with demographics and built environment
variables could be useful for estimating obesity prevalence in U.S.
counties by sex.

Methods
Sex-specific, county-level obesity estimates. Age-adjusted obe-
sity estimates for U.S. counties were downloaded from the CDC.
These estimates were derived by applying a small area estimation
technique to data from the Behavioral Risk Factors and Surveil-
lance System (BRFSS)—a telephone survey on health behaviors
related to chronic diseases, injury, and preventable infectious
diseases for the non-institutionalized adult U.S. population
(Malec et al., 1997; Centers for Disease Control and Prevention,
2018a).

The most recent county-level obesity estimates by sex from the
CDC were based on the 2013 BRFSS survey. To align the CDC
data with the Twitter data which was collected between April

2015 and March 2016, we used linear autoregressive models to
forecast 2015 obesity prevalence. Our model used estimates from
previous years to estimate 2015 obesity prevalence. The model R2

(i.e., coefficient of determination) was 82.73% and 82.73% for
males and females, respectively. While the State of Obesity project
reported an increase in obesity prevalence for all but seven states
between 2013 and 2016, this increase was only significant for
three states: Alabama, Michigan and Nebraska (see SI Fig. 1)
(Segal et al., 2017). We used both the 2013 obesity estimates and
the 2015 projections in our analysis.

Social media data. We used Twitter’s public streaming applica-
tion programming interface (API) to collect a random 1% of
publicly available geotagged (i.e., including a latitude and long-
itude) tweets (Twitter Developers, 2014). We collected tweets
related to food and exercise based on a set of 1430 keywords from
the U.S. Department of Agriculture’s National Nutrient Database
(United States Department of Agriculture, 2014) and 376 key-
words from common fitness questionnaires and apps (Ainsworth
et al., 2000; Zhang et al., 2013; Nguyen et al., 2016), respectively.
The keywords consisted of popular foods, beverages and fast food
restaurants. Fruits, vegetables, nuts, and lean proteins (e.g., fish,
chicken, and turkey) were labeled as ‘healthy foods’. Since Twitter
allows access to information on a variety of physical activities—
not just those associated with transportation or planned workouts
—the keywords for physical activities consisted of sports,
recreational activities, household chores, and gym-related activ-
ities. The resulting data consisted of 79,848,992 million postings
from 603,363 users and was collected from April 2015 to March
2016. Each tweet was mapped to a county based on the latitude
and longitude using geospatial shapefiles. The data for this project
were collected as part of a larger initiative to assess small area
health trends using digital data. A description of this larger
project can be found at http://hashtaghealth.github.io. Data col-
lection and processing are described in the proceeding para-
graphs, and in further detail in the cited papers (Nguyen et al.,
2016; Nguyen et al., 2017).

Social media data processing. The data were cleaned to exclude
duplicates, outliers (i.e., users whose tweets represented greater
than 1% of tweets), job postings, and tweets falling outside of the
contiguous United States. The Maximum Entropy text classifier
in the Machine Learning for Language Toolkit (MALLET)
(McCallum, 2002) was used to classify tweet sentiment between
zero and one, with one indicating the strongest positive senti-
ment. This classification was carried out with the broader project
aims of assessing happiness in U.S. counties and evaluating its
association with various health outcomes including, premature
mortality, diabetes and obesity. The classifier was rigorously
trained using existing and publicly available datasets from Sen-
timent140 (Sentiment140, 2009), Sanders Analytics (Sanders
Analytics, 2011), and Kaggle (Kaggle. Sentiment classification,
2011). While MALLET is not the only sentiment toolkit available,
we found that it outperformed a bag-of-words approach, Senti-
ment140, and standard supervised machine learning classifiers.
When compared to 500 manually labeled tweets, the accuracy of
our sentiment scores was 77%.

Of the ~80 million general topic tweets collected, a total of
3,817,125 tweets were identified as containing at least one food
related keyword. There was a median of 12 food tweets per user.
We used a text matching algorithm to identify food versus non-
food tweets. This algorithm iteratively identified two-word foods
(e.g., orange chicken) and then went through the data again to
identify one-word foods (e.g., taco). To assess the performance we
applied the algorithm to 2500 manually labeled tweets (2000
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food-related and 500 non-food related). The accuracy and F1-
score (the harmonic average of the precision and recall; 1 is the
best possible score) were 0.83 and 0.86, respectively. Precision is
defined as the ratio of true positive classifications to all positive
cases, and recall is defined as the ratio of true positive
classifications to all correctly predicted cases. We compared our
approach to several supervised learning approaches (i.e., feed
forward neural network (FFNN), support vector machines
(SVM), gradient boosting and fastText (Joulin et al., 2016)) and
found that our approach performed better.

The caloric density defined as calories per 100 g was estimated
for each food based on data from the USDA. The caloric density
for each tweet was computed by summing the associated calories
for each food mentioned in the tweet. The prevalent sentiment of
each food tweet was also ascertained using the previously
described sentiment analysis process.

A total of 1,382,284 tweets contained at least one physical
activity keyword. There was a median of five tweets per user. To
identify exercise tweets, we used a keyword matching algorithm
that removed popular phrases that do not denote physical activity
(e.g., ‘walk away’ or ‘running late’), phrases associated with pop
culture (e.g., ‘Walking Dead’), and terms that denote watching
rather than participating in exercise (e.g., “attend” and “watch”).
For team sports, we only retained tweets that contained the words
play/playing/played in conjunction with the activity. To assess the
performance of this text-matching algorithm, 2500 tweets were
manually labeled (2000 exercise-related and 500 non-exercise-
related). The accuracy was 85% and the F1-score was 0.90.
Exercise intensity (hereafter referred to as, calories burned) was
quantified using the metabolic equivalent associated with the
performance of each activity for a 30 min duration by a 155-
pound individual, the average weight of an American adult
(Ainsworth et al., 2000; Harvard Health Publications, 2015). For
additional details on data processing, see (Nguyen et al., 2017).

Demographic inference of social media users. Data from
Twitter does not include demographic characteristics of users. To
address this limitation, we developed a scalable and efficient
ensemble approach for inferring gender by combining predictions
from three previously proposed methods that focus only on the
metadata available on users’ profile (Burger et al., 2011; Mislove
et al., 2011; Longley et al., 2015; Mueller and Stumme, 2016). The
three approaches included, method (1), Twitter users’ first names
were matched to data from the U.S. Social Security Administra-
tion (Longley et al., 2015) (this captured approximately 60% of
Twitter names); method (2), we used word and character n-grams
from users’ names and a Support Vector Machine (SVM) clas-
sifier with a linear kernel (Burger et al., 2011); and method (3), we
applied a decision tree classifier to the linguistic structure of users’
names—including the count of syllables, vowels, consonants,
bouba (round) and kiki (sharp) vowels and consonants (Maurer
et al., 2006; Nielsen and Rendall, 2011), and whether or not the
last character was a vowel. We combined the prediction from all
three classification methods using an ensemble approach—
weighted stacked logistic regression (Wolpert, 1992). The
ensemble classifier achieved an accuracy of 0.827, recall of 0.852,
and an F1-score of 0.837. It out-performed methods (2) and (3),
and unlike method (1), it captured all users with alphanumeric
names. For a complete description of the gender inference pro-
cess, refer to the following references (Cesare et al., 2017a; Cesare
et al., 2017b). We used bootstrapping to quantify uncertainty in
our inference as described in the Error section.

We applied the ensemble classifier to infer the gender for each
user in the previously described food and physical activity Twitter
datasets. We then generated county-level sex-specific variables for

food and physical activity including, the proportion of food,
healthy food and fast food tweets, sentiment towards food,
sentiment towards physical activity, proportion of physical
activity tweets, calories consumed and calories burned.

Google search trends (GST). We used Google Trends (https://
trends.google.com/trends/) to obtain state-level searches for the
phrases: fitness center, fast food, weight loss, organic food and
grocery store. We used state-level data because county-level data
was unavailable. After examining correlations between these
variables, we selected the terms—fitness center, fast food, and
grocery store— to avoid multicollinearity. The data was scaled by
Google to have a maximum of one hundred, such that states with
the highest volume of searches had a value of one hundred.

Statistical analysis. To assess the association between postings on
Twitter, and survey estimates of obesity prevalence at the county
level, we fitted separate linear mixed effects regression models
with a varying-intercept group effect at the state level to account
for variations among states for males and females. The model can
be specified as follows:

Yij ¼ Xijβþ Uijγi þ ϵi; i ¼ 1; ¼ ;mand j ¼ 1; ::; ni

γi�Nq 0; Dð Þϵi � Nni
0; Σið Þ

Yij= response of jth county of state i
m= number of states
ni= number of counties in state i
Xij= covariate vector of jth county of state i for fixed effects
β= fixed effects parameter
Uij= covariate vector of jth county of state I for random effects
γi= random effect parameter
To estimate obesity prevalence, we compared four models: (1)

a model that included only digital data variables, (2) a model that
included demographic and built environment variables, (3) a
model that included Twitter and demographic variables and (4) a
model that included Twitter, demographic and built environment
variables. These models had a better goodness of fit than simple
linear regression models. We used the lmer package in R (R Core
Team, 2013).

The sociodemographic measures included in our analysis were
household income, healthy food availability, and neighborhood
safety; measures previously associated with obesity prevalence
(Nelson et al., 2006; Mattes and Foster, 2014; Nesbit et al., 2014;
Cooksey-Stowers et al., 2017). Specifically, we obtained measures
of median household income, median county age by sex, percent
non-Hispanic black and percent Hispanic by sex from the 2015 5-
year American Community Survey (United States Census Bureau,
2015). We also included county-level measures of the built
environment that may impact access to food and exercise. These
measures included, the count of fast food restaurants and grocery
stores per 1000 residents from the U.S. Department of
Agriculture (USDA) (United States Department of Agriculture,
2018) and violent crime rate, the percent of residents who have
access to exercise space, the percent of residents who are food
insecure, the percent of residents who drive alone to work, and
the violent crime rate from the County Health Rankings and
Roadmaps project (County Health Rankings and Roadmaps,
2016).

All percentages and sentiment scores were scaled to have values
between zero and one. The proportion of exercise, fast food, food
and healthy food tweets were divided into three equally spaced
groupings (hereafter referred to as, tertile). Income was quantified
in thousands of dollars.
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We used five-fold cross validation and assessed model
goodness of fit using the coefficient of determination (R2). We
also used logistic regression to investigate male and female
differences in caloric intake and calories burned.

Error. A major limitation of many machine learning methods is a
lack of uncertainty quantification. We quantified the uncertainty
in our overall methodology using bootstrapping (Efron and
Tibshirani, 1986). We created 100 datafiles in which we (a)
randomly sampled 16% of the users, since our accuracy rate in
classifying gender was 84% and (b) randomly assigned these users
a male/female label. We used 5-fold cross validation to generate
out-of-sample predictions for each dataset. We reported the range
of estimated obesity prevalence and the correlation between our
model estimates with data from the CDC, by sex.

Ethics approval and consent to participate. This study was
deemed exempt by the Institutional Review Board at the Uni-
versity of Washington, where the study was started.

Consent for publication. All authors have consented to the
publication of this paper.

Results
Summary of data. The Twitter data consisted of 1,382,284 phy-
sical activity tweets (481,146 users) and 3,817,125 food tweets
(775,002 users). See Table 1 for a sample of food and physical
activity tweets by sex. About 15.8% (604,907) of the food tweets
were classified as healthy and 9.17% (350,024) were classified as
fast foods. Note that not all tweets received a healthy or fast food
classification. These food postings originated from 3004 and 2985
unique counties separately for males and females. Similarly, the

physical activity postings were from 2992 and 2932 counties,
respectively for males and females. The U.S. has 3007 counties.

Table 1: Tweets are intended to provide context regarding how
individuals tweet about food and physical activity. Note that the
text content of tweets has been slightly modified to preserve
anonymity. Specific handles and URLs have been removed. For
instance, “Out on a run” might be changed to “Off on a run”.

Counties with the highest percentage of exercise and healthy
food tweets also had a higher median age, suggesting older adults
are more likely to post about exercise and healthy foods (SI Fig.
2). In contrast, counties with a lower median age had a higher
percentage of fast food tweets. Counties with a higher number of
fast food restaurants per 1,000 persons, also had the highest
percentage of fast food tweets suggesting the online social
environment may reflect the built environment (Fig. 1a).
Furthermore, counties with the highest percentage of food
insecure households also had the lowest percentage of exercise
and food tweets (Fig. 1b). Conversely, counties with the highest
number of grocery stores per 1,000 residents had the highest
proportion of exercise and food tweets (SI Fig. 3). Lowest overall
exercise, food, healthy and fast food tweets were noted for
counties with lowest socioeconomic status (SES). These observa-
tions were consistent for males and females.

In contrast, males were more likely to report higher intensity
physical activities (SI Fig. 4) and foods associated with lower
caloric intake (SI Fig. 5) across 40 and 48 states, respectively.
Specifically, males were 0.924 (p < 0.001) and 0.8254 (p < 0.001)
times less likely to mention foods that could be clearly classified
as fast and healthy foods, respectively. The contrast between
males and females was more pronounced for postings of foods
than physical activity.

Associations between data from GST, Twitter, and obesity
prevalence from the CDC. There were differences in obesity

Table 1 A random sample of exercise and food tweets, by sex

Exercise tweets: female Exercise tweets: male

“I just finished running 4.50 miles in 1 h:00m:02 s with #endomondo
#endorphins [url]”

“Good times at fsbm mission tournament. @ Lake Louise golf club [url]”

“1st Saturday workout of 2016. Weird to say haha... #teamcoconutz take
over. no filters on this [url]”

“I’m at Madison swim academy in [city location] [url]

“@username celebrities, Alzheimer’s disease is nothing to ignore. Help me
reach my goal for my walk [url]”

“I miss this this right about now #skiing #mountains #beavercreek #snow
#snowboarding [url]”

“Out on a run… (@ Ferry building in San Francisco, CA) [url]” [url] Everything’s ok -- on the TMJ thru hike!”
“It’s golf time @ walnut creek golf club and banquet center [url]” “Such a beautiful evening to play golf with @username @ Wilson and

Harding golf course [url]”
“I just finished walking 3.24 miles in 55m:38 s with #endomondo
#endorphins [url]”

”‘You have to love dancing to stick with it. It gives nothing back, there are
no manuscripts to store [url]”

Food tweets: female Food tweets: male

Tonight’s wisdom from Panda Express… @ H&R House [url] Last night’s #pizza @ Perrot’s Chicago Pizza [url]
Mom date with hotchocolate+whipped cream @ Starbucks [url] Banana Nutella Pop Tart with Chocolate Pop Rocks. #Perfection

#SuperbaFoodAndBread #Superba #Venice [url] I’m at Jim’s Pizza &
Wings - @username in Orlando, FL [url]

Today’s “short stop to say hey” turned into a 3 hour bbq at my
grandpas

My quest for real bacon has brought me here http://t.co/bsIqxupF7M

#DrinkGoodDoGood @nakedjuice I love apples [url] Classic #margarita and #lamb #tacos. A wonderful end to a great
weekend.& [url]

When your curry wrap photobombs your fries [emoji]. To summarize, my
chicken tikka at mymasalawrap [url] Shipping out to a new, happyhome!
#Unicorn #LePin #wine @ The Wine Vault [url]

So Chipotle it is where the total remaining population decided to eat.

When your curry wrap photobombs your fries [emoji]. To summarize, my
chicken tikka at mymasalawrap [url]

I’m at Jim’s Pizza & Wings - @username in Orlando, FL [url] Really
enjoyable beer. - Drinking a Hop Lab SimcoeWheat IPA by @kanebrewing
@ Sparta [emoji] [url]
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prevalence across counties with lower overall prevalence noted for
males compared to females. The observations that follow were
noted for both males and females (Tables 2 and 3). Counties with
more positive sentiment towards food and exercise had lower
obesity prevalence. Similarly, counties with the highest percent of
exercise, food, healthy food and fast food tweets had lower obesity
prevalence. These relationships remained after controlling for
demographics and built environment variables. However, coun-
ties in the middle tertile for fast food tweets had higher obesity
prevalence, and this relationship remained after controlling for
demographic and built environment variables. The coefficients
for the Google search trends were much smaller when compared
to the Twitter data variables, and not statistically significant (see
SI Table 1). The main differences between the models for males
and females were in the size of the model coefficients, and the
models for females had a slightly better goodness of fit. The R2

ranged from 0.56 to 0.67, and 0.57 to 0.61 for females and males,
separately.

Estimation of obesity prevalence using GST, Twitter, and
demographics data. Models that combined GST, Twitter, socio-
demographic and built environment variables explained 69.0%
and 61.5% of the variation in obesity prevalence for females and
males, separately. The average R2 from our error analysis was
0.624 (95% CI 0.624, 0.625) and 0.553 (95% CI 0.552, 0.553), for
females and males, respectively. These values are lower than those
obtained in Tables 2 and 3, suggesting that our gender

classification approach is more reliable than a random assignment
of gender to a subset of the population.

Differences between our model estimates and county-level
obesity prevalence from the CDC were consistent across the US
with some exceptions (see Fig. 2). We also observed similar trends
when we used the projected obesity prevalence for 2015 (SI Table
2). See SI Fig. 6 for the difference between 2013 CDC-estimated
obesity and our model-estimated obesity prevalence for males and
females. Our models captured the overall linear trend in obesity
prevalence for both males and females. The average correlation
between actual and predicted values for females and males were
separately 0.830 (95% CI 0.830, 0.831) and 0.797 (95% CI 0.796,
0.798) based on out-of-sample estimates. The R2 values suggest
these data may be better suited for estimating obesity prevalence
for females. Furthermore, our obesity prevalence estimates are
aided by the inclusion of sociodemographic and built environ-
ment variables (Tables 2 and 3).

Discussion
Digital technologies can be used for monitoring behavioral factors
related to obesity, such as decisions on diet and exercise (Said and
Bellogín, 2014; Griffin and Jiao, 2015; De Choudhury et al., 2016;
Jestico et al., 2016; Torres et al., 2018). Here, we show that sex-
specific data can provide valuable insights into how males and
females discuss exercise and food on social media. We also
demonstrate that these data could be useful for monitoring sex-

Fig. 1 Relationship between density of fast food restaurants (left) and percent food insecure (right), and proportion of healthy food, food, fast food and
exercise tweets across counties. The proportion of exercise, fast food, food and healthy food tweets are divided into three tertile (i.e., equally spaced
groupings): 1 (low) to 3 (high). Overall, the observations for males and females are consistent with some minor differences in the mean and range
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specific changes in behavioral risk factors for obesity at the US
county level.

We observe several similarities between the data for males and
females. However, major disparities such as, differences in the
mention of high intensity physical activities (Cesare et al., 2019)
agrees with data suggesting that women are less likely to meet
physical activity recommendations compared to men (Centers for

Disease Control and Prevention, 2018b). Furthermore, women
report foods with higher calories and have an overall higher
obesity prevalence (Ogden et al., 2014; Flegal et al., 2016; Tauqeer
et al., 2018). These observations support the need for separate
approaches for estimating male and female obesity prevalence. In
addition, although the Twitter population is not completely
representative of the census demographic distributions, our

Table 2 Coefficients and standard errors for linear mixed-effects models for female obesity prevalence

Twitter variables Built environment and
demographic
variables

Twitter and demographic
variables

Twitter, demographic and
built environment
variables

Tweet sentiment toward food −0.024***(0.005) −0.012***(0.004) −0.006(0.004)
Percent of tweets food related (2nd tertile) 0.011(0.193) 0.101(0.164) 0.267*(0.162)
Percent of tweets food related (3rd tertile) −1.023***(0.232) −0.693***(0.197) −0.366*(0.196)
Percent of tweets fast food related (2nd tertile) 0.074(0.176) 0.18(0.153) 0.238(0.155)
Percent of tweets fast food related (3rd tertile) −0.402**(0.194) −0.233(0.173) −0.131(0.178)
Percent of tweets healthy food related (2nd tertile) −0.369**(0.185) −0.237(0.158) −0.106(0.156)
Percent of tweets healthy food related (3rd tertile) −0.496**(0.210) −0.276(0.179) −0.118(0.177)
Tweet sentiment toward exercise −0.010**(0.004) −0.005(0.003) −0.003(0.003)
Percent of tweets exercise related (2nd tertile) −1.095***(0.177) −0.386**(0.152) −0.367**(0.149)
Percent of tweets exercise related (3rd tertile) −1.782***(0.186) −0.766***(0.163) −0.679***(0.162)
Median age within female population −0.120***(0.014) −0.084***(0.014) −0.101***(0.015)
Percent non-Hispanic black within female population 0.136***(0.009) 0.127***(0.006) 0.133***(0.009)
Percent Hispanic within female population −0.006(0.008) −0.017**(0.007) −0.006(0.009)
Median household income (in 1000 s) −0.115***(0.009) −0.131***(-0.006) −0.115***(-0.01)
Percent with access to exercise space −0.030***(0.003) −0.029***(0.003)
Percent food insecure 0.012(0.045) −0.005(0.046)
Percent drive alone to work 0.124***(0.011) 0.127***(0.012)
Violent crime rate 0.0003(0.0004) 0.0004(0.0004)
Fast food restaurants (per 1000 residents) −0.110***(0.022) −0.099***(0.023)
Grocery stores (per 1000 residents) −0.045(0.037) −0.07(0.045)
Constant 32.154***(0.615) 31.793***(1.731) 39.792***(0.866) 31.666***(1.795)
Observations 2876 2909 2876 2733
R-Squared 0.564 0.669 0.647 0.669

Note: Coefficients and standard errors (in brackets) for four state-level linear mixed effects models for female obesity prevalence. The models incorporate Twitter variables, demographic variables, and
built environment variables. From left to right: (1) a model that includes only Twitter variables, (2) a model that includes demographic and built environment variables, (3) a model that includes Twitter
and demographic variables and (4) a model that includes Twitter, demographic and built environment variables. We consistently observed significant negative associations between exercise tweet
volume and obesity, and significant negative associations between high food tweet volume and obesity, while controlling for demographic and built environment variables.
*p < 0.1; **p < 0.05; ***p < 0.01

Table 3 Coefficients for linear mixed-effects models for male obesity prevalence

Twitter variables Built environment and
demographic
variables

Twitter and
demographic variables

Twitter, demographic and built
environment
variables

Tweet sentiment toward food −0.011***(0.004) −0.009**(0.004) −0.007*(0.004)
Percent of tweets food related (2nd tertile) 0.007(0.148) 0.088(0.141) 0.144(0.138)
Percent of tweets food related (3rd tertile) −1.192***(0.181) −0.909***(0.173) −0.651***(0.172)
Percent of tweets fast food related (2nd tertile) 0.156(0.135) 0.326**(0.131) 0.435***(0.134)
Percent of tweets fast food related (3rd tertile) −0.791***(0.148) −0.378**(0.15) −0.04(0.156)
Percent of tweets healthy food related (2nd tertile) 0.207(0.142) 0.151(0.135) 0.179(0.133)
Percent of tweets healthy food related (3rd tertile) −0.325**(0.162) −0.232(0.154) −0.109(0.152)
Tweet sentiment toward exercise −0.007**(0.003) −0.006**(0.003) −0.002(0.003)
Percent of tweets exercise related (2nd tertile) −0.480***(0.138) −0.296**(0.132) −0.186(0.129)
Percent of tweets exercise related (3rd tertile) −1.100***(0.145) −0.787***(0.141) −0.541***(0.139)
Median age within male population −0.098***(0.012) −0.044***(0.012) −0.079***(0.013)
Percent non-Hispanic black within male population 0.027***(0.008) 0.007(0.005) 0.026***(0.008)
Percent Hispanic within male population −0.020***(0.007) −0.011**(0.006) −0.015**(0.007)
Median household income (in 1000 s) −0.111***(0.008) −0.090***(0.005) −0.101***(0.008)
Percent with access to exercise space −0.027***(0.003) −0.025***(0.003)
Percent food insecure −0.126***(0.039) −0.120***(0.04)
Percent drive alone to work 0.132***(0.009) 0.132***(0.01)
Violent crime rate 0.0001(0.0004) 0.0001(0.0004)
Fast food restaurants (per 1000 residents) −0.088***(0.019) −0.071***(0.019)
Grocery stores (per 1000 residents) −0.034(0.032) −0.018(0.035)
Constant 32.301***(0.475) 33.919***(1.502) 38.007***(0.768) 32.755***(1.548)
Observations 2921 2909 2921 2767
R-Squared 0.579 0.597 0.598 0.609

Note: Coefficients and standard errors (in brackets) for four state-level linear mixed effects models for male obesity prevalence. The models incorporate Twitter variables, demographic variables, and built
environment variables. From left to right: (1) a model that includes only Twitter variables, (2) a model that includes demographic and built environment variables, (3) a model that includes Twitter and
demographic variables and (4) a model that includes Twitter, demographic and built environment variables. Similar to the models for females, we noted significant negative associations between exercise
tweet volume and obesity, and significant negative associations between high food tweet volume and obesity, while controlling for demographic and built environment variables.
*p < 0.1; **p < 0.05; ***p < 0.01
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findings can benefit obesity prevention and intervention pro-
grams that target individuals who fall within the age group of
Twitter users.

One factor that could have affected the outcomes in this study
is a lack of survey data that overlaps with the time period of the
Twitter data. Obesity estimates at the county level were produced
by the CDC using 2013 BRFSS data, while our food and exercise
tweets were collected from 2015 through 2016. However, we do
not anticipate that this temporal difference significantly impacts
our results. As previously noted, data from the State of Obesity
Project suggest the increase in obesity prevalence between 2013
and 2016 was only significant for three states: Alabama, Michigan
and Nebraska (see SI Fig. 1). Also, to accommodate this difference
we forecasted 2015 sex-specific county-level obesity estimates
using an autoregressive linear model that incorporates data from
2004 to 2013 and found that our model effects remained con-
sistent (see SI Table 2). The effect direction and significance
remain the same across covariates, and coefficients are compar-
able across models.

Another limitation is the use of median household income to
estimate county-level SES. Studies suggest that aggregated income
is not a comprehensive measure of SES status, particularly as it
relates to health outcomes (Duncan et al., 2002; Pardo-Crespo
et al., 2013). Factors such as personal wealth (Duncan et al., 2002)
or local cost of living (Broda et al., 2009) may also impact health
habits by influencing access to exercise spaces and healthy food.
Future research will explore the inclusion of county-level SES
estimates that extends beyond median income.

Despite these limitations, the findings in this study are pro-
mising for future research and applications that take advantage of
the massive amounts of data generated daily on digital platforms
to improve population health. Obesity is a complex health issue
that has been associated with poverty in the United States among
other factors (Zhang and Wang, 2004; Ogden et al., 2010).

Individuals in lower income neighborhoods tend to lack access to
resources that encourage healthy behaviors (such as, grocery
stores with healthy food options and safe spaces for physical
activity). By developing methods that allow for near real-time
monitoring of health behaviors at different scales, we can produce
timely community level indicators of health that would enable
timely comparisons across various demographic and socio-
economic factors. Internet data should be combined with other
data streams including, sociodemographic, built environment
variables and data from mobile applications and wearables, to
improve the speed at which researchers and policymakers can
monitor small area changes in sex-specific obesity.

Data availability
All data analyzed are included in the published paper.
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