LEVERAGING SOCIAL MEDIA TO BETTER UNDERSTAND PEOPLE’S
OBESITY RELATED BEHAVIORS

by

Chugqin Li

A dissertation submitted to the faculty of
The University of North Carolina at Charlotte
in partial fulfillment of the requirements
for the degree of Doctor of Philosophy in
Software and information System

Charlotte

2021

Approved by:

Dr. Albert Park

Dr. Yaorong Ge

Dr. Siddharth Krishnan

Dr. Jennifer Webb



©2021
Chugqin Li
ALL RIGHTS RESERVED

i



il

ABSTRACT

CHUQIN LI. Leveraging social media to better understand people’s obesity related
behaviors. (Under the direction of DR. ALBERT PARK)

With the worldwide prevalence of obesity doubling over the past 30 years across
a wide range of demographic and socioeconomic groups, the obesity epidemic is a
major public health challenge today. Excessive food consumption and lack of exercise
are two major contributors to obesity. In recent years, these two activities have
been integrated into our daily lives together with social media. A growing body of
literature delineated how social networks impact people’s health-related behaviors
and suggested social media has a role in affect people’s obesity-related behaviors.
This study aims to gain an insightful understanding of which online social factors are
impacting users’ obesogenic behaviors and explore computational methods to examine
those behaviors using social media data.

Our work consists of three overall research aims. In the first aim, a systematic
review was conducted to examine online social factors concerning obesity. A total of
1,608 studies that related to obesity and social media were collected from the three
most popular electronic databases for the field. After close inspection, 50 studies were
further examined and ten types of online social factors were identified within four-
level social-ecological model, which was used to explain each factors’ potential impact
on an individual from varying levels of online social structure to user’s connection
to the real world. In the second aim, we learned how the local food environment
influences state level obesity rate using social media data. Publicly available Yelp
and MyFitnessPal data were collected via a novel approach to characterize the local
food environment. Statistically significant Pearson correlation coefficient between
the state’s food environment and state obesity rate was observed. We further built

a computational model to predict the state-level obesity rate using aforementioned
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data, in which we achieved a Pearson correlation of 0.791 across US states and the
District of Columbia. In the third aim, we studied how a major social disrupting
event, COVID-19 shutdown, affects users’ dietary behavior using social media data.
Tweets relating to people’s dietary behavior with images from April to June of 2019,
2020, and 2021 were collected. An observational study of behavior patterns was
conducted by using image classification models, visualization tools, and text analysis
methods. People are found eating more healthier food during complete and partial
shutdowns than before Covid-19. Results of this dissertation could help the public
health agencies, policymakers, organizations and health researchers to better utilize
social media to carry out obesity-related education, obesity surveillance, and develop

public health policy to address this challenge.
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CHAPTER 1: Introduction

One third of global population, over 2 billion people is overweight or obese in the
world.[1] With the worldwide prevalence of obesity doubling over the past 30 years
and its association implication to the public health make obesity as one of the most
common, serious, and costly disease in the world.|2] Obesity has been suggested to
cause chronic diseases, such as hypertension, type 2 diabetes, cardiovascular disease,
and some cancers,[3| and associated with stigma,|4] higher health costs for individual
and government,|5| life expectancy decrease and lower life quality.[6] Global efforts
are required to understand the contributors to obesity and control obesity pandemic.

In the past couple of years, social media becomes an essential part of people’s life.
In this dissertation, we use the broad social media concept, which include various
platforms that allowing users to profiles, make connections with other users, and view
contents made by others in the system.[7] Survey on U.S. adults in 2018 found the
social media landscape shows a long-standing trends and newly emerging narratives,
with more than three-quarters of American adults go online on a daily basis, and
a quarter of Americans were reported to be almost constantly online [8] Increasing
number of people’s social interaction is publicly shared online and social networks are
found impact people’s obesity-related attitudes and behaviors.|9]

Traditionally, health-related studies collected data through face-to-face or survey-
based methods. A major limitation of these traditional data collections is that they
are cost-ineffective and labor-intensive and the methods can only gather a limited
number of samples and the significant delay between collecting and reporting. How-
ever, social media data is organic, continuously updated, and generally free for large

scale collection. Researchers use social media data to study public health, especially
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the "lifestyle disease" like obesity.[10] In this dissertation, we focused on the field that
leveraging social media to better understand obesity-related behaviors. We identified
gaps in this field and filled it with three separate studies.

This dissertation follows the guidelines for three-paper dissertation, which includes
five chapters. In addition to this introduction and the conclusion chapter, other three
chapters include three separate papers. Chapter 1 (paper 1) is a systematic review
paper, in which we systematically reviewed 50 papers that utilizing social media to
study obesity-related behaviors. In this study, we identified ten types of online social
factors that impact an individual’s obesity-related online behaviors and explain their
potential impact on an individual. This study gives us an overall picture of how
social media has been used in obesity-related studies and their limitations. Chapter
2 (paper 2) illustrates a novel approach to learn local food environment using social
media data. In this study, we used the Yelp and MyFitnessPal data to characterize the
local food environment and predict state level obesity rates. Different from previous
studies, this study is the first one to use Yelp data to learn local food environment.
Chapter 3 (paper 3) used the social media data to understand how the unexpected
social interrupting event, COVID-19 shutdown, affect users’ dietary behaviors. In
this study, we used the Twitter data to understand user’s dietary healthiness and its
relationship to state level obesity rate. This study shows the potential of social media

to understand users’ health-related behaviors during health crisis.
1.1 Overview of Paper 1

Evidence in the literature suggests social factors have a substantial role in the
spread of obesity. Close social tie with an obese friend increases the probability of
becoming obese. However, the role of social factors that exist in social media is
underexplored in obesity research. With the rapid proliferation of social media over
the past few years, individuals socialize on social media and share their health-related

daily routines, including dieting and exercising. Thus, it is timely and imperative to
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review previous studies focused on social factors in social media and obesity. This
study aimed to examine online social factors in relation to obesity research.

A systematic review was conducted. We searched PubMed, ACM, and ScienceDi-
rect for articles published by July 5, 2019. A total of 1,608 studies were identified
from the selected databases. Of these, 50 studies met eligibility criteria. Ten types
of online social factors were identified, and a social-ecological model was adopted to
explain their potential impact on an individual from varying levels of online social
structure to social media users’ connection to the real world.

We found four levels of interaction found on social media. Gender is the only factor
found at the individual level that affects user’s obesity-related online behaviors. Social
support is the most predominant factor among identified factors, which benefits users
for their weight loss journey at the interpersonal level. Some factors, such as stigma,
are also found associated with a healthy online social environment. Understanding the
effectiveness of these factors is essential to help users create and maintain a healthy

lifestyle.
1.2 Overview of Paper 2

The food environment is associated with resident’s obesity outcomes. Social media
data from Yelp and MyFitnessPal (MFP) were used to learn about the relationship
between food environments and rates of obesity at the state level. We first compared
the differences in food category availability between two states with lowest and highest
obesity rates: Colorado and Mississippi. Using the popular dishes for food category
from Yelp.com and the nutrition information for each popular dish from MFP, we
characterized the local food environment by averaging calorie for each category and
the weighted score for each state. The Pearson correlation coefficient between state’s
food environment and state obesity rate is statistically significant. Dimensions from
the concept of access were adopted to built computational models to predict state-

level obesity rate. We achieved a Pearson correlation of 0.791 across US states and



the District of Columbia.
1.3 Overview of Paper 3

The pandemic of COVID-19 has a great impact on people’s lifestyle. Understand-
ing how COVID-19 shutdown affect people’s dietary healthiness is important at this
moment. This study firstly explored the feasibility of using Twitter image data to
examine the healthiness of people’s dietary. Transfer learning for deep learning were
used to determine the healthiness level of dieting images. Results showed a signif-
icantly correlation between the healthiness of dieting images and state obesity rate
in 2019. Using image classification models, text analysis methods, and visualization
tools, we studied how COVID-19 shutdown affect people’s dietary. Overall, although
higher percent of negative emotions were found associated to dietary-related tweets,
people’s dietary were found to be healthier during and partially after the shutdown.

This study could be used as a preliminary work for further analysis.



CHAPTER 2: Using Social Media to Understand Online Social Factors Concerning

Obesity: a Systematic Review

2.1 Introduction
2.1.1  Background

The obesity epidemic is a significant public health challenge in today’s society. The
growing prevalence of obesity and its implications in public health make obesity one
of the most common, dangerous, and costly diseases in the world.[1] One-third of
the global population, over 2 billion people, are overweight or obese. Obesity rates
reached 39.8% among adults and 18.5% among youth in the U.S. in 2016, which is a
significant increase in these age groups from 1999.]2]

Obesity is recognized as an major risk factor for population health4 due to its as-
sociation with social stigmal3], chronic diseases,[4] medical complications,|5] reduced
life expectancy,[6] lower quality of life,|7] and higher health costs for individuals|8] and
government.|9] The World Health Organization (WHO) suggests that obesity is likely
the cause of chronic diseases like hypertension, type 2 diabetes, cardiovascular dis-
eases, and some cancers.[10] Women with obesity are more vulnerable to infertility,
miscarriage, and other child-bearing related complications.|5] Obesity in childhood
also increases the risk of other diseases, and may even be carried through adolescence
to adulthood.[4] Obesity also increases individual and fiscal expenditure. The annual
medical cost of obesity in the U.S. was $147 billion US dollars in 2008, and the an-
nual medical cost for an individual with obesity was estimated to be $1,429 higher
than individuals with a healthy weight.|9] Obesity may affect human development,|6]

suggesting the prevalence of obesity could be a detriment to human life expectancy
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in the 21st century. This could reverse the increase in the life expectancy seen in the

20th century. Global efforts are paramount to control the obesity pandemic.
2.1.2  Social factors as important drivers of obesity pandemic

Recent developments in research have identified two main factors, exercise, and
diet[11, 12]; however, there are other factors associated with obesity.|13] According
to a study, developed society is the leading cause of the current obesity pandemic in
that it creates an obesogenic environment.[14] An obesogenic environment is defined
as easy access to inexpensive and calorie-dense food, excessive food intake, insuffi-
cient physical activity, and inexpensive non-physical entertainment.|5, 15| The obesity
epidemic with interconnected social factors could result in an obesity pandemic.

Social factors are defined as factors that affect an individual’s lifestyle.[16] These
influences have a significant effect on people’s health-related behaviors.[11, 17] Thus,
social factors play an important role in the spread of obesity. For example, a study
conducted by Christakis & Fowler|18] tracked a densely interconnected social network
of 12,067 people for 32 years. It showed that a person’s chances of becoming obese
increased 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 their peers. Pre-
vious researches indicate that children and adolescents who are surrounded by many
overweight peers might have inaccurate perceptions of their weight and underestimate
it.[19, 20|

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 shows social
influences also affect collective public health behaviors, such as obesity and tobacco
usage.|21] Similarly, examining user interactions on social media has been proven use-
ful in understanding public attitudes and perceptions surrounding health topics.[22]
As a result, it is timely and imperative to understand online social factors that exist

in an online social environment for counteracting the obesity epidemic.



2.1.3  Social media for understanding obesity

Social network sites serve as web-based services that allow individuals to build social
profiles, form connections with other users, and view other profiles in the system.[23]
The popular social network sites, like Facebook, Twitter, and Reddit, attract millions
of users since they were first introduced in 2004, 2006, 2005, respectively. A 2018
survey on U.S. adults found that the social media landscape shows a long-standing
trend of continuous usage throughout the day and newly emerging narratives (e.g.,
posts, tweets, images).[16] For example, 69% of U.S. adults use at least one social
media site; 74% of Facebook users and 46% of Twitter users access the site daily.|[24]
Internet integration may offer possibilities for accessing obesity-related information,
including weight loss, obesity diagnosis, and weight management.

Social media platforms show the potential to change users’ health behaviors. An
increasing number of users’ social interaction is shared publicly online. This makes
social media a vital data source for studying public health, especially "lifestyle dis-
ease" like obesity.[22] Chang et al.[25] systematically reviewed the use and impact
of social media in online weight management and demonstrated social media plays a

role in retaining and engaging participants for weight management.
2.1.4  Review aim

The primary aim of this review is to extend the knowledge on the influences of on-
line social factors concerning obesity-related behavior to better inform future studies
in examining interventions utilizing social factors. This is the first study to system-
atically review online social factors’ effects of obesity-related behaviors in the online
social media environment. Other related systematic reviews had examined obesity
and social media usage and the effectiveness of social media in intervention studies

for obesity prevention.|26, 27|



2.2 Methods
2.2.1  Data sources and search strategy

Three most popular electronic databases, PubMed, Association for Computing Ma-
chinery (ACM), and ScienceDirect were used in this review. PubMed is known as a
comprehensive database in biomedical research;|28] The ACM database is maintained
by the world’s largest scientific and educational computing society;[29] and ScienceDi-
rect provide us access to an extensive database of scientific and medical research.|30]
The search strategy in ACM and ScienceDirect was designed by combining search
terms: social media and obesity. The full search string in ACM and ScienceDirect
is ""Social media" AND obesity’. Medical Subject Heading (MeSH) terms "social
media"[31] and "obesity" were utilized in the PubMed search. The full search string
in PubMed is ""Social Media" [Mesh|” AND "Obesity" [Mesh|. All searches were

completed on July 5, 2019.
2.2.2  Study selection and screening

Our study aims to review studies that utilize social media with elements of social
factors for obesity research. To meet the review aim, we define the social media in this
study as an internet-based platform allowing individual users to create and exchange
content (e.g. blogs, online discussion board, Twitter) based on the previous study by
Kaplan & Haenlein.[32]

All studies that meet the inclusion criteria are included in this review. Inclusion
criteria are defined as follows: (a) obesity is the primary study topic; (b) social media
serves as the main platform; (c) social interactions are incorporated; (d) publish in
the peer-reviewed literature; (e) in the English language. To understand how online
social factors can influence people in understanding or improving weight-management
outcomes, we set either organic or encouraged social interaction as an inclusion cri-

terion. Other types of scholarly articles are excluded: comments, systematic reviews,
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conference reports, and letters. Moreover, design studies that only suggest the use of
social media, such as a randomized controlled trial study design by Willis et al.[33],
are excluded.

Two independent reviewers first screened all articles based on the title and abstract.
All articles were categorized into (a) include, if this paper meets the inclusion criteria;
(b) exclude, if this paper does not meet the inclusion criteria; and (c) need full-text
review, if the abstract cannot provide enough information or the abstract is not
available. A paper was then excluded at the screening stage if two reviewers both
agree to exclude it based on title and abstract. Except for the excluded articles,
all articles were moved to the eligibility stage, which requires two reviewers to do a
full-text review. At the eligibility stage, any disagreement was discussed to form a
consensus. The third reviewer, a tiebreaker, was introduced if the consent could not

be reached.
2.3  Results

In total, 1608 studies were identified from our selected database and search strategy;
of those, 16 were duplicated (Figure 2.1). After removing the duplicates and assessing
the title and abstract, 1507 articles were excluded, and 85 remained for full-text
reading. Full-text examination excluded 35 articles. In total, 50 articles met our
inclusion criteria and were included in this systematic review. We summarized the
online social factors and their corresponding effectiveness in the following section.
Further, we examined how different social media platforms were utilized in prior

studies.
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Records identified through database
searching
(n=1608)

Pubiled =72
ACKM = 235
ScienceDirect = 1301

Identification
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6) No access (4)
L d
3 , .
- Articles included in analysis
E (n=50)

Figure 2.1: Study flow.

2.3.1  Oanline social factors

Traditionally, obesity is linked to behavior at the individual level, such as overeat-
ing and lack of exercise. However, new studies shed more light on social factors that
are contributing to obesity-related behaviors. We studied online social factors in this
study. There is no universal definition of online social factors in the literature. Here,
we defined online social factors as social factors that exist in online social environ-

ments and have the potential to affect users’ behaviors. We focused on identifying
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online social factors and understanding their potential effect on user’s obesity-related
behaviors. We found ten different online social factors that were used and mentioned
in previous studies. In the order of the most common to the least common online
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 men-

tioned social factor, social support and social ties.
2.3.1.1  Social Support and Social Ties

Social support is emotional comfort and material resources that are given to you by
peers connected to you in a social network, is the most frequently mentioned factor
in previous studies related to our study aim. Users of social media platforms can ex-
change social support. They view social media as a good place for finding/receiving
social support and locating information platforms for those interested in changing
their lifestyle and eating habits.[34] A previous study found users who tried to use
Twitter to record their weight-loss journey report that they receive more social sup-
port from the virtual environment than from their real families and friends.|35]

In online 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.[36, 37, 38] Emotional
support primarily came from peers. Social culture and the concept of social me-
dia encourage users to be active with other users. In some intervention studies|37],
program participants were instructed to discuss progress, issues, and goals with other
participants using social media platforms. Through various platforms/programs, peer
encouragement|39|, peer support|40, 41|, and peer pressure[38| are found.

Moreover, two platforms were found as the major conduits for social support: blogs
and Facebook. Savolainen|[42] asserts that the main strength of interactive blogs is

that they can provide emotionally supportive forums for sharing opinions. From
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a blogger’s perspective, Leggatt-Cook & Chamberlain|40| learned bloggers hope to
create and build a community that will support them and their attempt to lose weight.
Facebook’s private group was widely used in intervention studies. It was created to
share resources and serve as a platform for participants to communicate.|[37] In Waring
et al.’s study|38|, first-time mothers were often found to seek out other mother’s
advice and support from Facebook groups. Twitter is primarily utilized to collect
public opinions, but it was also found to offer the opportunity to create a supportive
network.[36]

Social support is suggested to be very important for users who try to lose weight.
Lack of support showed a negative effect on weight loss. Pappa et al.[41] found
the peers searching for support were inversely associated with weight loss. Even in
the anonymous platform Reddit, the authors observed an increasing number of users
returning to the community, and a greater weight loss was reported from users if the
users received support in the community.[39] The effectiveness of social support in
weight loss was reported to be positive. He et al.[43]| found social support positively
correlates with weight loss. Jane et al.[34] also found individuals have better health
outcomes if they were supported by professionals. Chomutare et al.[44] mentioned
that their study found a positive correlation between online participation and weight
loss by analyzing the data on older women with obesity who were active in an online
community. A study conducted on individuals with mental illness also found that
weight loss was associated with perceived peer group support because the subjects
felt compelled to pursue weight loss goals.[45] We also found one detracting study
on social support influence on BMI reduction. An experiment on college students
showed students in the Facebook support group did not show a significant difference
in BMI with the controlled group at the end of 24 months. However, the author
reported a significantly greater increase in the number of appropriate weight-control

strategies than those students who are not in the support group.[46] Similarly, a
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meta-analysis by Merchant et al.[37] suggests interventions that give participants
professional support during their diets and physical activities are more effective than
those that do not.

Social support is understood through social ties, the connection among peers. So-
cial tie theory concludes that the probability of a person becoming obese increases
if friends with obesity surround them.|[18] Phan et al.’s study|[47] in this systematic
review has adopted the social tie theory in their experimental study confirming that
individuals tend to perform similar lifestyle behaviors as their friends from the on-
line environment. Social ties also affect received social support. Social support has
a negative correlation with weak ties (i.e., unfamiliar individuals) in the context of
weight control. Chen et al.’s study[48] reported that participants found community
competition and support from strong ties (e.g., couples, parents) were motivating,

while support from unfamiliar participants was demotivating.
2.3.1.2  Gender

We identify gender as one online social factor because we found six previous
studies[36, 38, 49, 50, 51, 52| indicating that women and men have different on-
line social behaviors regarding obesity. Abbar et al.[49] showed that women often are
more willing to share information online, such as preparing low-calorie food, which
was also supported by other related studies.[53, 54] Women would like 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 children’s progress.|36] In a Twitter-delivered weight loss pro-
gram, Waring et al.[38| 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 weight. In a study
by Kuebler et al.[50], Yahoo Answers data found that most women, when asked their

self-perspective on their weight, tended to overestimate. Online social norms show
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the characteristics of women and men that are socially constructed.
2.3.1.3  Geo-cultural factors

Users’ health behaviors occur in a setting composed of online as well as social and
cultural environments. Geo-cultural factors explain how user’s online behaviors are
affected by physical surroundings. Several studies found that social media data could
provide insight into the health conditions of United States residents. Three studies by
Gore et al.[55], Culottal56], and Abbar et al.[49] used Twitter data to predict county-
level health. Abbar et al.[49] discovered the calories of food mentioned in tweets
correlated to the county’s obesity rate. Gore et al.[55] found that the tweets in areas
with lower obesity rates have three features: 1) tweets have more positive sentiments;
2) more tweets mention fruits and vegetables; 3) physical activities are more frequently
mentioned of any intensity. Culotta|56] has similar findings that negative emotions
have been found in tweets from the high obesity rate area. Garimella[57] further
validate the feasibility of using image data to track public health concern. They
found that user and machine-generated tags of images on Instagram could be used
to forecast the county’s obesity rate. By analyzing pictures on Instagram, Mejova
et al.[58] found the number of fast-food restaurants in a county in the United States
have a positive correlation with the local obesity rates. They further revealed locally
owned restaurants with dietary and nutritional alternatives were more popular in
areas with lower obesity rates. Another interesting finding from Weber Mejoval59]
showed 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, the study concluded
that the religious month and cultural orientation, which should be considered, was
critical to the outcome, affecting user’s online recording behavior.|51] These findings
suggest that users’ online obesity-related behaviors are related to location-specific

environments.
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2.3.1.4  Stigma

Stigmatization and associated discrimination, sometimes referred to as weight bias,
affect the subject’s mental and physical health, as well as social behavior. Studies on
western culture highlight the stigmatization of individuals with obesity that individu-
als with obesity were stigmatized and associated with lazy, low self-control, and moral
laxity.[53] 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.|[60] Mejova et al.[60] found up to 27.6% of the non-URL tweets mentioning
obesity were fat-shaming, with some self-hate messages. In a recent study by Karami
et al.[61], Twitter users often coupled exercise-related terms with obesity. This could
also indicate that individuals associate exercise and self-regulation (or lack of) as the
main cause and solution for obesity. Although the social stigmatism of obesity is
widespread online, individuals were also pushing back social stigmatism using social
media platforms. People expressed anger caused by the obesity stigma on Twitter
in a retaliatory manner to address widespread stigmatization against overweight and
obese.[62]

Stigma has been found to undermine a user’s mental health, but its effects on
user’s online interaction remain inconclusive. A person’s mental health status re-
vealed by social media data indicates a user’s mental health is impacted by their
social surroundings. A study by Kuebler et al.’s|50] suggests that people with obesity
residing in counties with higher levels of BMI have better physical and mental health
compared to people with obesity living in regions with a low level of obesity rate.
Another two studies investigated the impact of weight stigma by comparing users’
online behavior between users with normal weight and obesity. May et al.|63| did not
find weight bias in their study since the weight status had no effect on the rate of
interactions and follow backs. However, a different study by Weber et al.[59] found

users who are labeled as overweight had fewer followers and fewer directed tweets.
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Although stigmatization may not affect the user’s online behavior, the widespread

stigmatization on social media will diminish a user’s mental health.
2.3.1.5  Obesogenic environment

Obesogenic environment refers to an environment that promotes high energy intake
and sedentary behavior.[64]| By analyzing the content users post to social media, we
can find that the obesogenic environment is one of the major causes of the obesity
pandemic. A content analysis of frequent retweets about obesity by So et al.[62]
revealed that four major societal determiners of obesity are discussed on Twitter:
cheap and unhealthy food, school food systems, portion size, and dysfunctional food
systems. Among these determiners, easy access to cheap, calorie-dense foods received
the highest tweeting rates. This finding suggests online information environment is

changed by physical obesogenic environment by informing user’s behaviors.
2.3.1.6  Source credibility

Credible health information sources are persuasive,[65] however, some social media
obesity-related information was found incomplete or inaccurate. The low-credibility
source could exert a negative influence on user’s obesity-related behaviors. The pri-
mary reason revealed by the previous studies is that the information from professionals
is lacking. Online information from professionals about obesity proved more accu-
rate than from other users. Erdem & Sisik[66] analyzed the content of 300 YouTube
clips on bariatric surgery, also known as weight-loss surgery, and suggest the content
from professional accounts tends to be more accurate. In another study, Basch et
al.[67] analyzed the top 100 most widely viewed weight loss videos on YouTube and
found only one professional video; consumer-created videos dominated the domain.
Mejova|60] examined 1.5 million tweets mentioning obesity and diabetes and found
only 23% of the content came from verified users (i.e., Twitter accounts that are as-

sociated with a governmental or academic institution). Similarly, more individuals
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than organizations tweeted about childhoodobesity.|65]

Misinformation in content could also harm users. YouTube advertisements for rapid
weight-loss products and commercial videos focused too much on workouts instead
of the importance of maintaining a balanced diet.[67] Top cited domains relating to
obesity and diabetes on Twitter are not affiliated with guidelines provided by govern-
mental or academic institutions.|22]| The discrepant information from user-generated
content can lead to a drop-in trust for these platforms. Messages presented in tra-
ditional social media platforms, like blogs, were seen as a more reliable source than
other newer social media platforms, such as Facebook.[68] Meitz et al.|68] compared
the source credibility perceptions among different platforms and found messages on
Facebook were perceived as significantly less relevant than messages presented in
blogs. Together, these studies reinforce the importance of source credibility on con-

ducting user’s health behaviors.
2.3.1.7  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 anal-
ysis suggest that school environment plays an important role in affecting children’s
obesity-related behaviors. From one aspect, the school decides students’ daily routine
and food selection. So et al.[62] argued against excess homework and Harris et al.[65]
noticed that most public schools do not regulate access to junk food. Additionally,
teachers’ participation in combating childhood obesity is critical. In a preschool obe-
sity prevention curriculum parents showed a strong desire to see more engagement
from their classroom teachers.[69] Changing school environment was the most com-
mon strategy to combat childhood obesity mentioned on Twitter. As people tweets:
"Americans expect schools to lead in preventing childhood obesity."|65] User’s at-
titudes towards school environments are shaping the online discourse on childhood

obesity.
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2.3.1.8  Social movements

Social movements are defined as an organized effort by a group of people to bring
out or impede social or cultural change.|70] Social media offers us a new possibility to
explore social movements efficiently. In recent years, there have been several distinct
online trends regards obesity was found in social media: ’body positivity’, ’thinspira-
tion’, 'fitspiration’, and "HAES’. 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 the inaccessible body image and promoting
acceptance of all body types and appearances.[53|] However, another prevailing trend
called ’thinspiration’ surfaced with the intent of spreading thin body imagery and
inspiring weight loss. Content analytics showed body-positive images on Instagram
drew a broad range of body sizes,|53| while thinspiration images on Twitter tend to
depict ultra-thin and scantily clad women.|71] Exposure to guilt-inducing and body
objectifying messages has been found to increase body dissatisfaction and negative
moods. The study also showed that the more times individuals view thinspiration
content, the higher the probability they will report eating disorder symptoms.[67]
Afterward, a new trend called "Fatspiration’, supporting fat acceptance, has come to
prominence in the mainstream,|54| was found online. Another trend '"HAES,’ "Health
at every size,” promoting wellness over weight-loss, was also identified. Notwithstand-
ing, discrimination against obesity had not been resolved. Fat stigmatization content
within the '"HAES’ tag and "Fatspiration’ tag was found in a content analysis of the
Instagram images.|72] Social media shapes the online information environment and
helps us to fully understand the context of social movements. Without understanding

the full scope there is potential for a negative shift in social norms.
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2.3.1.9  Policy

Governments tried to combat obesity by establishing new policies. Three studies|65,
73, 74] use social media to study the public’s attitude and reaction toward government
policy. In 2016, the UK also published a plan to reduce England’s rate of childhood
obesity within the next ten years, "Childhood obesity: a plan for action." Most com-
ments to the related online newspaper articles were found to be negative in Gregg et
al.’s study|74]. Later, in 2017, Kang et al.|[73| collected relevant tweets to investigate
the public’s opinion on a new school meal policy. They found 70% of tweets were
neutral, though the number of negative tweets was still higher than positive tweets.
Negative tweets express interest and concern about the policy and suspicion of the
effectiveness of the campaign. Instead of worrying, some users also using social media
to support the announcement and execution of the policies. Harris|65] found 'Bye
Bye Junk Food’, a USDA rule that requires healthier snacks for kids and adoption of
the physical education classes as a core subject in schools, was a prominent movement
in communication about childhood obesity on Twitter. Online information can shape
individual’s attitude about certain policy. With social media, policymakers could

better disseminate policy and raise public awareness.
2.3.1.10  Social sharing behaviors

Two psychology theories, social sharing of emotions and cognitive dissonance the-
ory relating to sharing behaviors have been found to be related to the online sharing
behaviors in literature. Social media makes it easier for users to share their opinion,
and user’s online obesity-related behaviors have been found to be guided by these
theories. In 1995, Rime|75| proposed that emotion is a critical motivator in social
sharing. The social sharing of emotions has shown that people have the innate need to
tell others when they experience an emotionally impactful event.|62] According to So

et al.[62], a content analysis of frequent retweets about obesity on Twitter, the emo-



20
tionally evocative tweets, specifically evoking amusement, were the most frequently
retweeted. Another theory, cognitive dissonance theory, posits that we are experi-
encing psychological discomfort when we encounter beliefs that are inconsistent with
our own. As a result, people try to reduce this discomfort by exposing themselves
to information that helps them to resolve the cognitive conflict. A study on Insta-
gram pictures showed the people who reside in high obesity areas are more willing
to post food-related photos than people in low obesity areas.[58] Understanding the
underlying mechanisms of these phenomena, we can better manage obesity-related

behavior.
2.3.2  Study year and region

All the included studies were published between 2011 & 2019, the number of each
study by year is shown in (Figure 2.2). This number started to increase from 2014
(n=7), and it reached a peak in 2017 (n=14). However, this is partially due to the
fact our search was done in July of 2019.
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Figure 2.2: The number of studies published in each year.

In total, nine study regions were mentioned, with the majority of the studies coming

from the United States (n=35). Except for China, Australia, and Qatar, all other
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regions were located in Europe. The number of studies from other countries was
shown in (Figure 2.3). Several groups of users were studied. Children, women of child-
bearing age (e.g., pregnant[52|, postpartum women,[38] mothers with newborn|76]),
adults with other relevant illnesses (e.g., diabetes[48|) were three leading types of user

groups that were studied. Only one study by Aschbrenner et al.[45] focused on adults

with obesity and severe mental illness.
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Figure 2.3: The distribution of study region.

2.3.3  Social media platforms and their roles

We identified three different roles that social media serves in each study. Inspired
by Leroux et al.’s study|77], three potential roles of social media in obesity-related
studies were identified: data collection, intervention pathway, and ancillary resources.
Data collection is used to define when social media platforms were only used to
collect data used in the study. The intervention pathway defines when social media
usage as a comprehensive channel in an intervention study. The role of social media
includes delivering the message and serving as an online communication platform
for participants in weight management/loss intervention studies. We define ancillary

resources as the role when social media is used as an experiment platform. Data are
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also collected when serving as ancillary resources. The major difference between the
data collection and ancillary resources is the source of data. If the data is collected for
the purpose of analyzing and understanding the data, we define it as data collection;
and if the data is generated from the experiment, we define it as the ancillary resource.
The type of study can be used to distinguish the intervention pathway and ancillary
resources. The social media platforms only serve as an intervention pathway in an
intervention study. The categories are mutually exclusive.

We also categorized social media platforms into six different types: microblogging,
social network, weblog, photo/video sharing, online forum, and messaging. Facebook,
the largest online social network, was the most frequently used (n = 14). Facebook
was used the most for intervention studies. Facebook was used as a message delivery
channel, in which private Facebook groups were introduced as a smaller online support
group for participants to share goal-related resources, individual signs of progress,
and messages. Only one study collected data from Facebook by accessing public
Facebook posts.[22] Similar to Facebook, a Chinese social network platform, WeChat,
was used in He et al.’s study[43| as the intervention pathway. Twitter allows users
to communicate with others from all over the world. Twitter, the microblogging
platform, was used to collect data to understand the public’s opinion (n = 11). One
study also used Twitter as an ancillary resource (n = 1) to conduct their experiment.
For example, May et al.[63]| created four Twitter accounts portraying women (two
obese, two normal/overweight) who were interested in weight loss and pretended to
behave as regular users. Later, they examined the interaction with other users and
mimic users (e.g., follow back rate). Another study used Twitter as the intervention
pathway to involve participants.[36] Not many studies investigated Blogs (n = 4),
mainly due to the difficulty in extracting meaningful insights from large pieces of
text. Similarly, only two studies analyzed clips from YouTube due to its complexity

in analyzing videos. Instagram, one of the most prominent photo-sharing platforms,
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was used in 7 studies. Two studies used Instagram as an intervention pathway, in
which the participants were asked to upload their meals. In other studies, researchers
analyzed public photos to understand public health,[57] social movements, [53],|72] and
social sharing behavior.[58] A small number of studies analyzed Twitter and Instagram
data with extended data points. For example, researchers combined demographic
information and geolocation information to better predict the obesity rate of the
regions.[56] Reddit has been used in a lot of health-related studies|78|; however, we
only found two studies using Reddit in our search. Another type of social media is a
forum. Three were identified to investigate a forum, Yahoo Answers, a Self-developed
application (i.e., HealthTogether), and another platform that was not specified in the
literature. WhatsApp was chosen as the intervention pathway in one study, to serve
as the alternative to the traditional text message method. In this study, group-chat
rooms were formed to deliver information and allow participants to communicate
virtually. Please see (Table 2.1) for more comprehensive information. The amount of
data used in the study is concluded in Data and the major study object is summarized

in Group. The distribution of the three roles the social media serves is shown in

(Figure 2.4).

Table 2.1: A descriptive overview of social media platforms.

Type Platforms No. of studies Data collection Intervention pathway Ancillary resource Subtotal
Microblog Twitter 14 11 2 1 N=14
Social network WeChat 1 - 1 - N=15
Facebook 14 1 13
‘Weblog Blogs 4 4 N=4
Photo/Video sharing Instagram 7 5 2 - N=11
Pinterest 1 1
YouTube 3 3
Online forum Reddit 2 2 N=11
Yahoo Answer 1 1
Self-developed application 2 2
Unknow community 6 3 2 1
Messaging WhatsApp 1 1 N=1
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Figure 2.4: The distribution of social media platform’s three roles.

2.4 Discussion

In our systematic review, we categorized and identified related the effects of online
social factors on users’ obesity-related behaviors and evaluated the role of social media
platforms. Here, we showed the adopted social-ecological model to explain identified
online social factors from different levels. Further, we discussed strategies for pre-
venting obesity by utilizing the social-ecological model. We concluded the drawbacks

we found in literature studies and provide suggestions for future studies.
2.4.1  Social-ecological model

Socio-ecological models were developed to further the understanding of the dy-
namic interrelations among various personal and environmental factors.|88] Revised
by Bronfenbrenner, Bronfenbrenner’s ecological theory applies social-ecological mod-
els to human development. The ecological framework identifies five environmental
systems with which an individual interacts: microsystem, mesosystem, exosystem,
macrosystem, and chronosystem.[89] Since its publication in 1979, Bronfenbrenner’s
major statement on the theory, the of the Ecology of Human Development, has shown
widespread influence on the way psychologists and others approach the study of hu-
man beings and their environments. This social-ecological model here is proposed
to understand how online social factors affect behaviors and provide guidance for

developing a successful program through online social environments.
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We classified those online social factors into four levels based on their effects: in-
dividual, interpersonal, online social environment, and connection to the real world.

The proposed social-ecological model is shown in (Figure 2.5).

Connection to the real world

Policy Geo-cultural factors

School environment Obesogenic environment

Online social environment
Source credibility Social movements

Social sharing behaviors Stigma

Interpersonal

Social tie  Social support

Individual
Gender

Figure 2.5: Social-ecological model.

Our aim is to identify online social factors, which can affect users’ obesity-related
behaviors. For the online environment, we use a four-level social-ecological model
to better understand obesity and the effect of potential factors to help users combat
obesity. This model considers the complex reciprocity between individual, interper-
sonal, online community, social media platforms, and connection to the real world.
It allows us to understand the range of factors that potentially affect the user’s on-
line behaviors related to obesity. The overlapping rings in the model illustrate how
factors at one level influence factors at another level. Besides helping to clarify the
effectiveness of these factors, the model also suggests that in order to intervene in a
user’s behavior, it’s necessary to act across multiple levels of the model at the same
time.

The first level identifies personal factors that affect a person’s online behaviors.
The factor identified here is gender. From a biological perspective, women’s bodies

are more vulnerable to obesity due to the fact that women are more likely to store fat
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because of reproduction.[90] From the online environment, female users were found
more attentive to their shape and figure than men and are more likely to search and
share health information online through social media than men.

The second level explores relationships that may increase or reduce the risk of
obesity. People’s close social connections or family members influences influence their
behaviors and contribute to their habits. The factors we discovered at this level are
social support and online social ties. Social support from social media sites has been
suggested to be very effective in users’ weight loss experiences and online social tie
has been proved to influence person’s lifestyle behaviors.

The third level examines the online social environment in which social relationships
occur and characteristics are associated with users’ obesity-related behaviors. Factors
that contribute to the online environment include source credibility, social movements,
social sharing behaviors, and stigma. Social movements, stigma, and source credibility
shape user’s behavior by changing the online environment. Exposure to content with
obesity-associated stigma has been proved to have negative effects on user’s mental
health. Exposure to content coming from unreliable resources may harm users and
further damage user’s trust in social media platforms. Moreover, exposure to some
social movements may negatively affect users’ behaviors. For example, exposure to
content about 'thinspiration’ will increase a person’s body dissatisfaction and negative
moods. Social sharing behaviors change the online environment by changing the user’s
sharing behavior directly. Users show a preference for sharing emotionally evocative
content, especially when they are consistent with their beliefs.

The fourth level explores the broader societal factors that connect the virtual online
environment to the real world. Factors in this level include policy, school environment,
geo-cultural factors, and obesogenic environment. The physical environment can
inform virtual online environment. For example, the number of fast-food restaurants

and the calories of food mentioned in tweets correlated to the county’s obesity rate.
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User’s unsatisfactory opinions of school environments and to government policies are

found through social media data.
2.4.2  Preventing obesity

Reducing the obesity rate requires understanding the factors that influence obesity-
related behaviors. This social-ecological model helps practitioners to develop effective
prevention strategies.

Preventative strategies at an individual level promote attitudes, beliefs, and be-
haviors that combat obesity. The approach may include advocating 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 more healthy lifestyle
tips to help women’s maintaining a healthy lifestyle.

A prevention strategy at the interpersonal level may include designing family-
focused weight loss programs, promoting users who want to combat obesity to join
related online groups, share their weight loss/weight management experience online,
and give encouragement to other users.A prevention strategy at the interpersonal
level may include designing family-focused weight loss programs, promoting users who
want to combat obesity to join related online groups, share their weight loss/weight
management experience online, and give encouragement to other users.

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

depending on a user’s social sharing behaviors.
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Preventative strategies related to the real-world level accentuates the importance
of building a healthy societal environment and set up a good connection between
the online environment and real society. Social policies from the government that
leading a healthy lifestyle, a good school environment that providing children with
a balanced diet, and an anti-obesogenic environment can help to maintain a healthy

societal environment.
2.4.3  Data Variety

We have observed some drawbacks in the included studies. The data variety needs
to be expanded in future studies. First, the limitations of each social media plat-
form should be considered. Although Twitter is one of the biggest online social net-
work platforms, Twitter may not serve as the best channel to collect data and study
obesity-related topics. Twitter is a platform that makes data publicly available. Due
to privacy and stigma concerns, some users may refuse to share their confidential data
on Twitter.[79] Comparing three major social media platforms (Facebook, Instagram,
and Twitter) in a childhood obesity prevention intervention by Loh et al.[79], Face-
book, allowing more comprehensive communication, longer and more frequent posts
than the other two social media platforms, was found to have the highest fidelity and
engagement. On the contrary, Twitter shows the least engagement and fidelity.[79]
Second, a large amount of image data is an emerging resource. We discovered that
textual data was the leading type in prior studies, and a large amount of media-
syncretic image data was dismissed. There is one study from Mejova et al.|[58| that
analyzed picture tag together with the images. Textual data, together with its as-
sociated features (e.g., image, link, user profile), could give us more insight. Third,
regions of studies were too limited. The prevalence of the obesity rate is also high in
other areas in the world, like Mexico[91]|. Given the cultural differences, it is meaning-
ful to understand social elements of other areas. Another finding is the data collected

through the experiment is not analyzed. Almost all intervention studies encourage
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participants to interact with others on the social media platform; the efficacy of those
social components did not receive adequate study. Only two studies performed quan-
titative analysis on user’s interaction behavior (e.g., how many posts the user submits
every day)[43],[48] in an online support group. No qualitative analysis was employed
on the textual data collected in the study, which could give us a clue towards how
factors affect people’s weight-loss experience.

Lastly, the data quantity in many studies was not sufficient, considering the large
group of people with obesity. For example, two studies using blog data to do qualita-
tive analysis used just ten[40] and thirteen|[52] blogs. Manually conducting a thematic
analysis is indeed labor-intensive, however, with the development of deep learning,
pre-trained language models could be effectively employed to analyze large amounts

of data.
2.4.4  Limitation

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 additional and
possibly different findings. Second, the MeSH term "social media" was created in
2012[31]; thus, our study did not include studies published before 2012. This could
have skewed the results. Future studies may consider a broader search strategy for
more comprehensive results. Third, many studies didn’t include the particular type
of social factor and how those factors affect users; thus, the analysis of social factors
is not sufficient. Finally, further discussion on the quality of study design, types of

bias, and other limitations of investigated studies can bolster our findings.
2.5  Conclusion

We provided a comprehensive review of social media in relation to understanding

obesity and isolating online social factors, including the platforms, data, and study
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results. We proposed a four-level social-ecological model to explain the dynamic inter-
relationships among users’ obesity-related behaviors, personal characteristics, user’s
interpersonal connections, online social environments, and the real world. Under-
standing the potential and role of these factors will benefit us in several aspects:
understanding users’ online social behaviors concerning obesity, calibrating online so-
cial factors for weight management intervention studies and disseminating educational

information to the public.
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CHAPTER 3: A Novel Approach to characterize State Level food environment and

Predict Obesity Rate Using Social Media Data

3.1 Introduction

The current obesity epidemic poses critical public health challenges in today’s so-
ciety. Obesity is a major risk factor for other chronic diseases, such as cardiovascular
disease, cancer, diabetes, and respiratory disorders, which account for 60% of deaths
worldwide.|1| Excessive body weight has resulting in $100 billion per year in medical
expenditure.|2, 3] In 2017-2018, the prevalence of obesity in the US in adults was
42.4%.]4] This number has more than tripled since the 1960s. In the years 1960-1962,
obesity rate was 13.4%.[5]

Environmental factors, including types of available food, have been identified as one
of the main drivers of obesity.|[6, 7, 3] American adults have developed a preference for
dining out with friends as opposed to cooking at home.|8] A market research survey
conducted in 2017 found that those who often frequent fast food restaurants are more
concerned about value for money spent and service speed than the actual healthiness
of the food offered.[8] This indication that perceived food availability tends to affect
dietary outcomes has only been furthered in a literature review conducted by Caspi
et al.]9] Those who live in areas highly saturated with high fat food items, tend to
have health issues. Additionally, those who live in lower income areas are more likely
to have at least one dietary related health issue.[9] In the US, people tend to eat
what is affordable and available to them. Environments littered with low-cost, high
fat foods have the tendency to be obesogenic. With food expenditures for dining out
increasing in recent years, 3, 10| understanding the food Environmental factors are

critical in preventing obesity pandemic and understanding related human behavior.
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This notion is supported by recent studies that suggest the local food environment
can be measured by the degree of food accessibility.[6, 11| These studies measured
food accessibility with survey data,[12] yellow pages phone books,[13, 14] and local
business directories.|15] A limited number of samples and a significant delay between
collecting and reporting are major limitations of these traditional methods.[9] With
the proliferation of social media, data from social media is organic, continuously
updated, and generally free for large scale collection. We leverage a large-scale social
media datasets to measure the food environment at the state level to predict state-
level obesity rates. The obesity rate was obtained from the Behavioral Risk Factor
Surveillance System (BRFSS), the nation’s premier system to collect data to improve
public health.[16] The primary aim of this study is to understand the impact of a

food environment on obesity with three specific research questions.

e RQ1: Are there food availability difference in states with low and high preva-
lence of obesity? Is there a difference between states with low and high preva-
lence of obesity, when it comes to the availability of food options for state

inhabitants?
e RQ2: How to quantify state-level food environment using calorie information?
e RQ3: Can we predict state-level obesity rate using publicly available social
media data?

We reported our novel approaches and findings. To date, our study is the first to
combine information from Yelp and MyFitnessPal (MFP) to learn about the local

food environment and then to predict state level obesity rate.
3.2 Related work
3.2.1  Calorie with obesity

An increase in daily calorie consumption is regarded to be a major cause of the

pandemic.|7| An increase in daily calorie intake rose by more than 500 calories in
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adults and more than 150 calories in children between 1977 and 2006 [17, 18] as did
the portion size in restaurants.|[19]

Exposure to a larger portion size could increase the risk of increasing calorie intake
and weight gain.|[20] Calorie intake is also affected by the access to local dining options.
The prevalence of obesity was lower in areas that had supermarkets and higher in
area with small grocery stores or an increased number of fast food restaurants.|12]

Analysis of data on environmental changes has identified the changes as a potential
cause for increase in caloric intake. The enormous growth in dining out, particularly at
"fast food" outlets, is one trend that has gotten a lot of attention. Fast food outlets
have increased about 30,000 in 1970 to more than 233,000 locations in the USA
in 2004.[3] Fast food can contribute to increasing obesity rate, because it generally
provides food that is poor in micro-nutrients, low in fiber, high in glycemic load, and

excessive in portion size and calorie.[21, 22]
3.2.2  How to characterize/quantify local food environment

Measures of food environment can be generally grouped into three categories: (i)
the community food environment; (ii) the organizational nutrition environment; and
(iii) the consumer food environment.[23] One way of conceptualizing food access di-
mensions is by adapting a concept of access proposed by Penchansky and Thomas [24].
The concept of access uses 5 dimensions to conceptualize the local food environment,
including availability, accessibility, affordability, acceptability, and accommodation.|9]
Availability refers to the relationship of the number and the type of food suppliers
available to the customer. Accessibility refers to the relationship between the location
of food suppliers and the location of customers, which is more geographically inherent
than availability. Accessibility could be measured by travel time and distance between
food supplier and customers. Affordability refers to the price customers need to pay
for the food. Acceptability refers to the customers’ attitude towards a business. Ac-

commodation is another dimension of access, which assesses whether local businesses
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accept and adapt to local customers’ needs.

A variety of approaches have been utilized to learn about local food environments
by measuring the degree of food access. Approaches typically fall into two categories.
The first category consists of methods that capture the food environment by relying
on respondent-based data. The accessibility of food stores was asked in surveys or
questionnaires. The methods in the second category uses the Geographic Informa-
tion System (GIS) technology. It measures the buffer distance to food stores or the
density of food stores in an area.|[14, 15, 12, 13| By 2007, GIS-based measures of food
environment outnumbered respondent-based measures, and the trends of using GIS
measures continue.|9, 25, 26] The GIS data used in previous studies primarily use pub-
licly available datasets, such as the U.S. Yellow pages phone book,[13, 14| published
data from the local Departments of Environmental Health and state Departments
of Agriculture,[12, 27] and local business directories.[15] A major limitation of these
traditional data collections is that they are cost-ineffective and labor-intensive and
the methods can only gather a limited number of samples and the significant delay

between collecting and reporting.|9]

3.2.3  Using social media data to learn food environment or predict the obesity

rate

Social media can be used to create indicators of the food environment. Nguyen
et al.[28] characterized the food environment by calculating the calorie density of
foods mentioned in tweets and the percent of each food theme out of all food-related
Yelp entries for that state. They found that Twitter and Yelp characteristics were
indicative of higher caloric foods were related to higher mortality, higher prevalence
of chronic conditions, and worse self-rated health. [28] Social media can also be used
to predict obesity rate. Fried et al.[29] presented the predicted power behind the lan-
guage of food on social media. They collected the food-related tweets that contained

meal-related hashtags: dinner, breakfast, lunch, brunch, snack, meal, and supper.
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And then use the lexical feature from the bag-of-words model and topic features ob-
tained from Latent Dirichlet Allocation (LDA) to predict whether a state’s rate of
obesity is above or below the national median. Their best model reaches an accuracy
of 80.39% in predicting overweight. Culotta [30] use the linguistic variables (LIWC
and PERMA) from tweets and demographic variables to predict health-related statis-
tics for 100 most populous counties in the U.S. The Pearson correlation for obesity
between the predicted rate and the real rate is 0.64. Abbar et al.[31] did a sim-
ilar study to Culotta. Abbar et al.[31] use the linguistic variables (LIWC), food
features, average calorie per serving for food, and demographic variables from the
food-related tweets to predict county-wide obesity rate, achieving a correlation of
0.775 for obesity. Public posts about food and eating behaviors may spread through
Social networks|32]. These studies demonstrated a successful application of Twitter
data in predicting state health outcomes. Although Yelp data together with Twitter
data has been used to characterize food environment by Nguyen et al.[28], no previ-
ous study has been found to use Yelp and MFP data to predict state obesity. It also
remains unclear, whether we can characterize state level food environment from per-
spectives of concepts of access and predict obesity rate according to the perspective

using publicly available social media data.
3.3 Methods
3.3.1  Data Collection

Our study used three data sources: (i) Yelp, (ii) MFP, and (iii) BRFSS. The data
used in this study to describe the state level food environment is collected via Yelp
API (Application Programming Interface)|33] and from MFP using web scraping tool.

Yelp is a leading crowd-sourced reviews site in the U.S. that allows users to search
restaurants and local businesses.[34] Users can post reviews and upload photos con-
cerning a business’ foods and services, which makes Yelp a location-based social media

platform. To date, Yelp.com ranks 52th in the United States and 231st worldwide
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Figure 3.1: Example of the Yelp businessFigure 3.2: Example of the MFP nutrition
list page. fact list page.
based on internet traffic and engagement.|35|

The Yelp APT allows users to search and query Yelp for over 50,000,000 businesses
in 32 countries.[33]| In order to obtain the data for this study, we converted 5-digit
U.S. zip codes to latitude and longitude coordinates. We queried the detailed business
content via Yelp API by searching the nearby businesses to the provided locations.
The data is collected in Sep 2020 and it consists of profiles for 353,431 businesses in
the United States.

An example of a restaurant’s listing on Yelp.com is shown in Figure 3.1. As shown
in Figure 3.1, the profile for each business includes the name of the business, average
rating, the number of reviews, price level, and categories. Each business could choose
up to three terms to describe their services and offerings. The queried business profile
returned by the Yelp API not only contains the mentioned fields but also includes
other details of the business, such as the business id, address, URL to the business’s
home page on Yelp.com, photos, and hours of operation. It’s worth noting that chain
businesses could have the same name, but each location has its unique business id.

Yelp publishes crowd-sourced reviews on many services businesses, such as restau-
rants, hospitals, and recreational activities. We removed businesses that are not re-
lated to the food industry in this study. To do this, each selected category was judged
by two independent reviewers based on its relevance to the food field. Two judgments
reached 100% agreement with kappa values equal to one. A total of 226 categories
were picked from 332 categories. Categories not related to food, such as Hardware

Stores, Horseback Riding, and Medical Centers, were removed. The summary of the
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collected Yelp data is listed in Table 3.1.

Table 3.1: Descriptive statistics of Yelp Data.

# businesses | # categories | Rating (mean(std.)) | # Reviews (mean(std.)) | Price (mean(std.))
353,431 226 .00 (0.75) 99.16 (260.32) 1.60S (0.568)

To understand and objectively compare these categories, we further collect data
on each category’s most popular 100 restaurants nationwide and their most popular
dishes to use as a proxy to estimate the caloric density of each category. Nutrition
information (i.e., calories) of each popular dish was collected from MFP using the
scraping package BeautifulSoup|[36]. MFP is one of the most popular calorie-tracking
smartphone apps worldwide with more than 10 million users.|37] Food nutrition infor-
mation is collected by searching the food name in MFP’s nutrition database. Figure
3.2 is the example of search result page when we search the term "fried chicken". The

summary of the MFP data is listed in Table 3.2.

Table 3.2: Descriptive statistics of MFP Data.

# categories | # popular dishes | # nutrition records
226 37,295 3,110,744

The state-level obesity rate data was obtained from Behavioral Risk Factor Surveil-
lance System (BRFSS), the nations’ state-based health surveillance system that tracks
U.S. residents’ behavioral risk factors.[16] BRFSS provided the ground truth for the
prevalence of obesity via self-reported obesity data among U.S. adults by state and
territory in 2019. We collected the obesity rate for 49 states and D.C., because BRFSS

did not have sufficient data on obesity rate for New Jersey in 2019.[38]
3.3.2  RQ1 Methods

We utilized the category information for each business in Yelp to calculate the
degree of availability. The degree of availability of one category of food is defined as

the market occupancy of one kind of food in a given area. We calculate the degree of
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availability of one category at the state level by dividing the total number of businesses
for that category by the total number of businesses in that state. For example, the
degree of availability of "Mexican" in a given area will be equal to one if all of the
restaurants in that area sell Mexican food.

We compared the availability of different kinds of food to areas with low and high
prevalence of obesity. We performed a comparison between two states. The two states
we selected were Colorado and Mississippi. In 2019, Mississippi (MS) had the highest
obesity rate (40.8%), while Colorado (CO) had the lowest obesity rate 23.8%.[38] We
first calculated the availability of each category in the two pre-selected locations and
further analyzed what categories of restaurants are more available in locations with
the high or low obesity rate. The category with the biggest availability difference was
further compared by adopting dimensions from a concept of access.

The affordability and acceptability of the categories were compared. Affordability
refers to the food price the customer needs to pay. Price may affect users’ choice
of food. Low-income populations have a high risk of living in poor food environ-
ments and bear much of the burden of obesity and chronic disease.[14] We estimate
the affordability using the price category data for each business. Here, we converted
the price categories to numeric numbers for future analysis. For example, $ is con-
verted to 1, and $$3$3 is converted to 4. Acceptability refers to the client’s attitude to
the service provider. We use the average customer’s rating and the total number of
reviews of a business to measure the customer’s attitude concerning a business. Stud-
ies showed that the consumers’ preference increases with the number of reviews,[39]
and consumer-generated ratings about restaurants are positively associated with the
online popularity of restaurants.[40] The business with a higher rating and more re-
views are considered more likely to be accepted by customers than businesses with

poor ratings and a limited number of reviews.
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3.3.3  RQ2 Methods

Because calorie intake is one of the major contributors to obesity, it’s critical to
understand nutritional content of food in order to evaluate its effect on obesity. We
evaluate the state-level food environment quantitatively using the nutrition infor-
mation, specifically calorie information, collected from MFP. Categories were turned
into average calories per gram for known popular dishes for representative restau-
rants. The caloric density of each food category weighted by the availability of each
category in a state became the weighted score of caloric density of the state.

To calculate the caloric density for category, we firstly collected popular dishes for
each category. We chose the top 100 restaurants with the highest number of reviews
for each category nationwide and used the web scraping tool, BeautifulSoup, to collect
the popular dishes from the Yelp.com pages. Later, those popular dishes are searched
in the MFP food nutrition database. We calculated the mean calorie of a popular dish
by averaging the calorie per gram for all records returned from MFP for that dish. It
should be noted that the nutrition database of MFP contains a combination of foods
added by MFP and foods that are added by users and various units of measures (e.g.,
g, gram, package, breast, oz, piece, and slices) are used. We selected gram as the
unified measuring unit for comparison. We included all records that use "gram" or

variations of "gram" (e.g., "g", "gr", "grams") as their measuring unit.

3.3.4  RQ3 Methods

Based on the results of RQ1 and RQ2, we create features from the availability,
affordability, and acceptability to food categories and state weighted score for caloric
density for the state-level food environment to describe the local food environment.

We classified these features into three sets: (i) category availability: degree of avail-
ability to each category at the state level; (ii) category affordability and acceptability:

average price, average rating, and an average number of reviews for each category at
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the state level; (iii) state weighted score for caloric density: calculated weighted score
for caloric density for each state. We apply a combination of different feature sets
and employ several popular machine learning models (i.e., Random Forest regression,
SVM regression, XGBoost regression) for the prediction. We didn’t use the state-of-
the-art deep learning models (e.g., CNN regression) in this study, because we have
a limited number of samples. Deep learning models would need a large sample size
to outperform traditional machine learning techniques.|41| Because we were predict-
ing the obesity rate at the state level, we use the Leave-One-Out Cross-Validation
(LOOCYV). LOOCYV is an extreme version of k-fold cross-validation where k is set to
N. N is the number of observations in the dataset. For N times, a model is created
and trained on all the data except for the one point and a prediction is made for that
point. Thus, we used information from the D.C. and 49 states to predict the other
state. Then, we repeated this 50 times, while changing the predicting location. We
evaluate our approach by calculating the Pearson correlation between the real obesity

rate and the predicted obesity rate.
3.4 Results
3.4.1 RQI1 Results

We extracted business profile data of the food-related businesses located in the
four pre-selected areas from the collected Yelp data. The summary of the data is

presented in Table 3.3.

Table 3.3: The summary of the collected data for Colorado and Mississippi.

Region Colorado Mississippi
# business 7,109 3,845

# business categories 215 142

Rating (mean (std.)) 4.02 (0.74) 3.83 (0.96)
# reviews (mean (std.)) | 106.59 (197.71) | 22.05 (50.14)
Price (mean (std.)) 1.66$ (0.57%) 1.50$ (0.55%)

We firstly calculated the availability of each category in the given areas. In Missis-
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sippi, the categories with high availability included "Fast food", "Burgers", "Seafood"
and "Sandwiches". In Colorado, categories with high availability were "Mexican",
"Breakfast & Brunch", "Sandwiches", and "Burgers". The "Sandwiches" and "Burg-
ers" categories had high availability in both Mississippi and Colorado. We further
explored differences in availability for each category in order to understand the state-
level food environment in both low obesity state and obesity prevalent state. This
was also done in an effort to highlight the importance of access to different types
of food. We used net value to measure availability differences between two differ-
ent locations. Net differences were used to rank the categories in descending order.
Results for net difference can be found in Table 3.4. A larger net value indicates a
bigger difference. The * indicates that the net difference for a category is significantly
different by the z-test (**** p<0.0001; *** p<0.001; ** p<0.01; * p<0.05). Shaded
cells specify that a particular category is more available to customers living in an area
with a higher obesity rate area, Mississippi. We found that 59 out of 138 categories

showed significant differences between the two states.

Table 3.4: The 40 categories with the highest availability difference between Colorado
and Mississippi.

Net value | Category Net value | Category Net value

Vietnamese

Net value | Category

Category

0.0844**** | Pizza 0.0278%*** 0.0170**** | Wine Bars 0.0094*#**

0.0824**** | Food Trucks 0.0275%*** 0.0156%*** | Ramen 0.0089****
0.0679****

0.0493%***

Breakfast & Brunch Breweries 0.0235%F** 0.0149%%** | Pubs 0.0085%***

0.0115%* Juice Bars & Smoothies 0.0082****

0.0111%3** 0.0081%***
0.0108*3** 0.0079%***

0.0105%* Indian 0.0078****

0.0227%*%*

0.0470%*** | Coffee & Tea 0.0216**** | Beer Bar

Cafes
Cocktail Bars

0.0423%*** 0.0204**** | Thai

Mexican

0.0184**** | Bakeries

0.0415%***

Bars

0.0177**** | Asian Fusion 0.0075%*

0.0364%#+*

0.0103**** | Beer, Wine & Spirits

0.0175%*** 0.0098** 0.0075%*

0.0353%#%*

American (New)

0.0097#3+* 0.0071*

0.0298%*+* 0.0170%***

Note: The shaded cell indicate this category is more available in Mississippi.

As shown in Table 3.4, 16 out of 40 categories were more significantly available in

Mississippi than in Colorado at the p < 0.0001 level, including "Fast Food", "Buf-
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fets", "Donuts", etc. "Diners" and "Chinese" were more significantly available in
Mississippi than in Colorado at the p < 0.01 level. "Ice Cream & Frozen Yogurt"
was also found to be more available in Mississippi; however, the difference is not as
significant as the aforementioned categories based on p value scores.

Alcohol related businesses, including "Breweries", "Cocktail Bars", "Beer Bar",
"Wine Bars", "Pubs", were found to be significantly more available in Colorado.
Moreover, "Breakfast & Brunch", "Coffee & Tea", "Mexican", "American (New)",
"Pizza", "Food Truck", "Vietnamese", "Thai", "Asian Fusion", "Ramen", "Juicy
Bars & Smoothies", "Indian", and "Cafes" were also found to be more available in
Colorado than in Mississippi at the p < 0.0001 level. "Bakeries" and "Beer, Wine, &
Spirits" were more available in Colorado than in Mississippi at the p < 0.01 level.

"Fast Food" was found to have the biggest availability difference between Colorado
and Mississippi. We further explored the category with the biggest difference, "Fast
food", in availability to fully understand the state-level food environment and the
importance of access to different types of food. The availability of "Fast Food" in
Mississippi was 13.49%, while the availability of "Fast Food" was 5.03% in Colorado.
Due to the biggest prevalent difference in availability, we investigate the relationship

between the availability of fast-food restaurants and the state-level obesity rate.

Availability 0.14

3

25.0 27.5 30.0 32.5 35.0 375 40.0
Obesity rate

Figure 3.3: The relationship between the availability of fast-food restaurants and the
state-level obesity rate.

We visualized the availability of fast-food restaurants map (Figure 3.3. left) and
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the scatter plot to show the relationship between the availability of fast-food restau-
rants and the state-level obesity prevalence (Figure 3.3. right). We found that the
availability of fast-food restaurants was positively correlated with the obesity rate at
the state level, with a resulting Pearson correlation of 0.676. From the heatmap, we
also found that the Northeast had the lowest availability of fast food, and the Midwest
and South have a higher availability of fast food than the West. We further adopted

dimension from a concept of access to compare the fast-food restaurants with other

restaurants.
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Figure 3.4: The relationship between acceptability (Rating and Number of reviews)
to fast-food and local restaurants and the state-level obesity rate.
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Figure 3.5: The relationship between affordability (price) to fast-food and local
restaurants and the state-level obesity rate.

We compared the acceptability (Figure 3.4) and affordability (Figure 3.5) between
fast-food and other restaurants. In Figure 3.4 and Figure 3.5, each vertical line
represents one state with its corresponding obesity rate. Results showed that the

acceptability of fast-food restaurants is lower than other restaurants, irrespective of
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the prevalence of obesity. We found that the average rating of fast-food restaurants
shows a negative relationship with the obesity rate at the state-level. The residents in
high obesity rate areas give fast-food restaurants a lower rating than residents in low
obesity areas. We also found the range of number of reviews also shows a negative
relationship with obesity rate. Results on affordability showed the price level of fast-
food restaurants is lower than other restaurants. Other than that, the price of the
fast-food restaurants and other restaurants has similar trends, which indicates the

price of fast-food restaurants is affected by the local price indices.
3.4.2 RQ2 Results

The first step to quantify the food environment was to collect popular dishes for
each category. Popular dishes for food categories give us an idea of why some cate-
gories are more popular in high obesity areas. We generated word cloud overviews
to show the popular dishes for categories that we found in RQ1 that are more pop-
ular in Mississippi (Figure 3.6. left) and in Colorado (Figure 3.6. right). Fried food
in Colorado is not as popular as in Mississippi. We collected 12,316 popular dishes
for categories that are more available in Mississippi, of these 1.2% are fried chicken.
For categories that are more available in Colorado, 0.44% popular dishes are fried
chicken. The statistical test showed that the difference in proportions between that
of fried chicken in Mississippi to that of fried chicken in Colorado is significant with
p-value less than the significant level of 0.0001. Similarly, the percentage of other
fried food, such as fried catfish, fried shrimp, chicken fried steak, and fried oysters are
significantly higher in Mississippi than in Colorado. This finding is consistent with
literature studies that the intake of fried food is associated with obesity.[42]

The second step is to calculate the caloric density for each category based on calorie
information for all of the available popular dishes. On average there were 166 popular
dishes per category. Table 3.5 shows the five most popular dishes per category along

with the caloric density for each dish and for each category. We collected up to 100
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most popular (i.e., highest number of reviews) restaurants in each category. The five

most popular dishes for sample categories and its caloric density are shown in 3.5.

The complete table for caloric density for category is shown in Appendix A.1.

Table 3.5: The example of top 5 popular dishes and their caloric density for selected

categories.

Category

Popular dish 1

(caloric density)

Popular dish 2

(caloric density)

Popular dish 3

(caloric density)

Popular dish 4

(caloric density)

Popular dish 5

(caloric density)

Caloric density

for category

Chicken Wings

Diners

Soul Food

Patisserie / Cake Shop
Southern

Smokehouse

American (New)
Brasseries

Poke

Dim Sum

Fried Chicken (2.240)

French Toast (2.545)

Fried Chicken (2.240)
Almond Croissant (4.102)
Fried Chicken (2.240)

Pulled Pork Sandwich (2.452)
French Toast (2.545)

French Onion Soup (0.808)
Poke Bowl (1.482)

Shrimp Dumplings (1.620)

Boneless Wings (1.836)
Eggs Benedict (2.208)
Fried Catfish (3.283)
Chocolate Croissant (3.926)
Fried Catfish (3.283)

Baby Back Ribs (2.301)
Eggs Benedict (2.208)

Pork Chop (1.590)
Seaweed Salad (3.510)
Peking Duck (8.847)

Buffalo Wings (2.02)
Chicken Fried Steak (2.665)
Sweet Potato Pie (2.525)
French Toast (2.545)

Pecan Pie (4.749)

Beef Brisket (2.043)
Poached Fgg (1.414)

Steak Frites (2.465)

Spicy Tuna (1.955)

BBQ Pork Buns (2.505)

Kimchi Fried Rice (3.271)
Huevos Rancheros (1.147)
Red Beans and Rice (1.880)
Eggs Benedict (2.208)

Pork Chop (1.590)

Brisket Sandwich (2.698)
Fish Tacos (1.498)

Duck Confit (2.646)
Octopus (1.838)

Har Gow (1.741)

Chicken Strips (2.108)
Scrambled Eggs (1.649)
Chicken Breast (1.453)
Tiramisu (3.034)
French Toast (2.545)
Pulled Pork (2.112)
Beet Salad (0.845)
Beef Tartare (2.698)
Fresh Fish (1.188)
Xiao Long Bao (2.419)

17.31
7.289
6.337
6.298
5.667
5.51

5.047
4.78

4.716

4.215

We further calculate the caloric density for each popular dish.

The caloric density

for dishes after range from 0.556 to 62.383 with a median value at 2.399. Bakery

food has a relative high caloric density. For example, the caloric density for almond

croissant and pecan pie are higher than 4. Fatty meat also has a high caloric density.

The caloric density for Peking duck reaches 8.847, which is even higher than fried

chicken. Cooking method also affect the caloric density.

For example, the caloric

density for poached egg is 1.414, for scrambled egg is 1.649, and for egg benedict is

2.208. Another example is the calorie per gram for fried catfish is 3.283 and for fresh

fish is 1.188. Salad and soup are found with low caloric density. The calorie per gram
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for beet salad and French onion soup is lower than 1 based on our calculation.

With the calorie information for these popular dishes, we calculate the caloric
density for each category by averaging the caloric density for all popular dishes. The
caloric density for a category varies from 1.941 to 23.452, with a median 5.473. The
"Cheesesteaks" is the category with the highest caloric density, followed by the "Fried
Chicken" with an caloric density of 17.310. The "Fruits & Veggies", "Food Tours",
"Shaved Snow", "Gay Bars", and "Honey" are categories with the lowest caloric
density among all food categories, with caloric density lower than 4.

Finally, we turned the caloric density for each category into the weighted score
for caloric density for each state. The estimated weighted score for caloric density
for states ranges from 5.786 to 6.430. Washington was the state with the lowest
estimated weighted score for caloric density, while Georgia had the highest estimated
weighted score for caloric density among all states. Colorado’s score was 5.955, and
Mississippi’s score was 6.305. We performed a two-sample z-test between these two
states. The result showed a significant difference with a z-value equal to 12.759 and a
p-value smaller than 0.0001. The relationship between the state estimated weighted
score for caloric density and state obesity rate is shown in Figure 3.7. The estimated
weighted score for caloric density of states calculated using our approach showed a
strong positive correlation (Pearson correlation coefficient equals 0.671 with p-value
less than 0.0001) with the state-level obesity rate. The higher estimated weighted
score for caloric density of a state indicates the state-level food environment is more
obesity prone by serving high calorie density food. Moreover, the estimated caloric
density weighted score for Southern food is higher than other areas in the United

States, especially in Georgia, Alabama, and Mississippi.
3.4.3 RQ3 Results

We generated three sets of features for the prediction. The feature set was as fol-

lows: (i) category availability and (ii) category affordability and acceptability and (iii)
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Figure 3.7: The weighted score for caloric density of each state.

weighted score for caloric density. Affordability and acceptability were created at the
state level for the identified 226 categories. Estimated state weighted score for caloric
density was created in RQ2. Since each state has only one estimated weighted score
for caloric density, prediction models other than linear regression are not applicable
for prediction using this set of feature. For categories that do not exist in a state,
we used 0 to fill in the missing values for the category availability, affordability and
acceptability. Table 3.6. shows the results of comparing different prediction models
with the different combinations of input using the Pearson correlation coefficient to
evaluate it.

Table 3.6: Pearson correlation coefficients for different combinations of input for
prediction.

Features Linear regression | Random Forest regression | SVM regression | XGBoost regression
(i) category availability 0.407 0.763 0.712 0.742
i) category affordability and acceptability | 0.402 0.776 0.593 0.743

iii) state weighted score for caloric density | 0.622

(
(
(i
(
(

)+ (i) 0.403 0.791 0.642 0.731
i) + (iii) 0.336 0.771 0.714 0.710
i) -+ (if) + (iii) 0.402 0.796 0.643 0.708

The random forest model with all three sets of features performed the best. Ad-
ditionally, the Pearson correlation coefficient between the predicted obesity rate and
the real obesity rate is 0.796, which indicates the predicted value is correlated with

the real value. The affordability and acceptability were more effective in predicting
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the state obesity rate compared to other two feature sets.
3.5 Discussion
3.5.1  Principal Findings

In this study, we characterized the food environments using the data from Yelp
and MFP with an innovative data collection and processing methods. We charac-
terize food environment using Yelp and MFP and predicted state level obesity rates.
Additionally, our study contributes a new method to calculate food environment and
data to estimate food calories for different popular dishes and categories of restaurants
for future studies.

Our results showed the disparity in available food category between Colorado and
Mississippi. "Fast food" are found to be more available in Mississippi than in Col-
orado. Fast food consumption has been found strongly associated with weight gain
and obesity.|3] Individual-level diet and weight outcomes are thought to improve in
neighborhoods that have access to high-quality food.[43] Comparing the state-level
food availability difference, we found abundant access to fast-food options may con-
tribute to a negative group level health outcome. Although fast food restaurants are
notoriously for serving high calorie, low nutritional food,[21, 22| such as hamburgers,
french fries, and fish and chips, [44] some differences have been found. By compar-
ing the popularity of fast-food restaurants with other restaurants in Figure 3.4, we
found the fast-food restaurants always have a lower number of reviews than other
restaurants. However, in the District of Columbia, the average number of reviews
of fast-food restaurants is higher than other restaurants. It may be because more
alternative fast-food are available in cities, like sushi and poke, which are considered
light and healthy.[45]

Other than using the available food category to characterize the state food envi-
ronment, we also use the popular dish and nutrition content for popular dishes to

quantify state food environment. Our study is the first one study that conducted a
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large scale analysis of popular dishes. We compared the popular dishes for Colorado
and Mississippi. We found fried food are more popular in Mississippi. This finding is
consistent with literature that the intake of fried food is associated with obesity.[42]
With the collected popular dish, we calculated the weighted score for caloric density
for each state. Similar studies exist. For examples, Nguyen et al.[28] quantify state
food environment by calculating the caloric density of food mentions in geo-tagged
tweets. They use a list of over 1,430 popular foods and beverages from the US Depart-
ment of Agriculture’s National Nutrient Database and calculated calories per 100g
for each food item.|28] Abbar et al.[31] calculated the average calorie by checking
the calorie per serving for the selected 500 food keyword. Different from these two
studies, we used the MyFitnessPal, the biggest food database available,[37] to get the
nutrition data. We collected nutrition data for 37,295 dishes, which can allow for
an effective utilization of data points. In our study, Pearson correlation of weighted
score for caloric density of states to state obesity rates is 0.671, which outperforms
aforementioned one previous study|31], in which Pearson correlation of tweet caloric
value to state obesity rates is 0.629.

Our prediction model is the first one to use Yelp and MFP data to predict state
obesity rate. Constrast to previous studies that using Twitter data to predict obesity
rate,[29, 31, 30| our model that using Yelp and MFP data has less selection bias.
First, Twitter users are younger than general public [46], however the user group
of Yelp is more evenly distributed by age with 33% of users at 55+ age group.[47]
Second, the previous studies using Twitter data for prediction only use sampled data
due to the massive amount data of Twitter. Despite these study had the same data

source, their collection methods were different, which could have skewed the results.
3.5.2  Public Health Implication

Our study helps us understand the impact of food environment and related human

behavior by showing the correlation between state level food environment and their
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obesity rate. Because of the pervasive usage of smartphones and social media apps
like Yelp across the country, researchers could use social media data to gain an un-
derstanding of food environments in any part of America and other countries as well.
In sum, our model has the potential to evaluate the food environments.

Not only does our model map out a landscape of available food, but it allows
us to monitor and project public health within the area. The copious amounts of
information on social media allow public health practitioners to monitor changes in
food availability and population over time, and use this information to predict changes
in the state obesity levels. Similarly, the computational methods could be used to
inform dieting habits at the individual level. This allows for an early intervention in
areas or individuals that face the greatest risk of increasing obesity rates or becoming
obese.

Our study has reiterated a few fundamental findings that relates to the important
of environment.|[31, 30, 9] Our findings suggest that those who live in areas with a
considerable availability to high calorie, fast-foods are more likely to be obese. This
alludes to the idea that people eat what is readily available to them. Politicians
and city planners could potentially use this information to develop an infrastructure
of healthy food options in areas that have been traditionally concentrated with fast
food restaurants. This sort of environmental intervention could potentially influence

community behavior and lead to better health outcomes.
3.5.3  Limitation and Future Direction

The first limitation for our study lies in the data collection. Yelp provides us
substantial data for local business; however, Yelp API results are restricted to 1,000
results for each query. We could collect up to 1,000 business data for each zip code
center up to a distance of 40 km (about 25 miles). For urban environments, one zip
code may have more than 1,000 businesses. To address this issue, we run several

rounds for each zip code and remove the duplicates. Despite this effort, missing data
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may skew our results especially for the urban areas. We found second limitation
when collecting nutrition data from MFP. For each search query, MFP returns 10
pages with 10 records on each page. Some popular dishes do not have an exact
match, in which case MFP returns a partial matching dishes. Therefore, some caloric
information may not be accurate. We averaged all the results to reduce effects of
inaccurate information. Another limitation is not capturing the actual consumption.
In this study, we calculate the caloric density for popular dishes. We found high
caloric density food is correlated with obesity rate, consistent with previous study
that was conducted at the individual level.[48] Last but not least, a similar analysis
should be replicated at the zip code level to better inform local food environment. We
used the state-level food environment in this study, because BRFSS provides state
level obesity rate. More granular analysis will provide a better insight into how socio-

economic status and their local food environment may be correlated with obesity

[49, 50, 51, 14].
3.6  Conclusion

This study uses social media data to characterize state level food environment.
State-level food environment shows disparity of available food between states with
different obesity rate, suggesting the importance of food environment. Using avail-
ability of different categories of food along with affordability and acceptability data
captured in social media, we created a state-level obesity rate prediction model with
0.796 correlation. Using our proposed method, public health practitioners could mon-
itor the change of areas that face the greatest risk of increasing obesity rates to counter

obesity pandemic.
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CHAPTER 4: Leveraging social media data to understand the impact of COVID-19

on residents’ dietary behavior

4.1  Introduction

The COVID-19 pandemic is the greatest public health challenge we have faced
since World War Two. The World Health Organization (WHO) declared COVID-19
a global pandemic on 11 March 2020. To date, more than 200 million people have
been infected and more than 4 million people have died from COVID-19 worldwide.
COVID-19 was first identified in 2019 in Wuhan, China. As an infectious disease
caused by a newly discovered coronavirus, COVID-19 infections range from symptoms
similar to the common to cold to serious and life-threatening disease. Older people
and those with underlying medical problems like cardiovascular disease, diabetes, and
cancer have a higher probability to develop into a serious illness if infected with the
COVID-19 virus.[1]

COVID-19 virus primarily spreads through droplets of saliva or discharge from the
nose when an infected person coughs or sneezes. Because of this, social distancing
could decrease viral spread. Following a significant surge in COVID-19, on 13 March
2020, former President Trump declared COVID-19 a new national emergency. Each
state started to issue 'stay-at-home’ orders, close public schools, announce mask man-
dates, and limit restaurant capacities. On March 19, California was the first to issue a
statewide ’stay-at-home’ order. As part of the order’s provisions, residents were only
permitted to leave home if they had an essential job or were shopping for essential
needs.

At the same time, governments, researchers, and pharmaceutical companies around

the world began working on developing and distributing a COVID-19 vaccine. On
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March 2, 2021, President Joe Biden projected that the government would have enough
vaccine doses for every American adult by the end of May. On the same day, Texas
and Mississippi repealed their restrictions, and Gov. Greg Abbott tweeted: "Texas
is OPEN 100%. EVERYTHING.". With the news of anticipated widespread roll-out
of vaccine, repeals in state-wide mandates and optimism from politicians, it seemed
that life would return to normal.

Efforts combating the spread of COVID-19 had a huge impact on people’s lifestyles
as well as dietary behavior. During shutdown, people’s access to restaurants was re-
stricted. People purchased more food during each shopping trip to limit the number
of grocery store visits.[2, 3] They also began to prepare more meals at home. Other
factors related to the COVID-19 pandemic may have also affected users’ dietary be-
haviors. The fear of COVID-19, loss of job, and lack of socialization [4] caused an
increase in high stress levels in individuals world-wide. Psychological stress has been
associated with increased consumption of food, especially high-fat foods.|[5] Addition-
ally, the pandemic caused food insecurity in low-income families. This will likely
increase the probability of consuming highly palatable foods that are high in fat
and sodium.|6] Consuming high-fat foods has been suggested to play a large role in
the development of obesity. Because obesity has been discovered as a risk factor
for increased COVID-19 symptom severity, it is important to understand how the
COVID-19 shutdown has affected people’s dietary behavior.

Studies examining various COVID-19-related life-style changes have been con-
ducted worldwide. Cosgrove and Wharton |7] used survey data to examine perceived
changes in dietary healthfulness of the general US population during the COVID-19
pandemic. Although surveys provide high-quality and targeted data, a survey has
a limited sample size and requires money and labor. Compared to traditional sur-
veys, social media is widely used in the United States,[8] and data from social media

are generally free to collect. Social media data provides insights more rapidly and
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comprehensively.|9] Additionally, the usage of social media platforms increased 61%
during the pandemic.|10]

Social media has emerged as a practical data source for large-scale public health
studies. This is especially true for lifestyle diseases, such as obesity, since an increasing
number of people’s life are shared online.[11] In the last couple of years, social media
users have shifted from text only to multimedia posts.[12| Social media image data
could contain additional information that isn’t provided in the textual data, since
uploading images is easier and faster with a smart mobile device. Given the fact that
Twitter has limited contextual information due to tweet length restrictions and the
increasing number of multimedia postings, our study uses text and image data from
social media to learn peoples’ dietary behaviors.

We collected Twitter data from the months of March to June in 2019, 2020, and
2021 to investigate residents’ food behavior before, during, and partially after the
shutdown. We investigate how the COVID-19 shutdown impacted resident’s dietary
behavior and the relationships between residents’ food behavior and the state-level
obesity rate. Image classification models, text analysis methods, and visualization

tools are used to answer two research questions in this study:
e RQ1: Does the state obesity rate correlate with the diet images on Twitter?

e RQ2: How has the COVID-19 shutdown affected other patterns of people’s

dietary behavior?
4.2 Methods

4.2.1 Data Collection

Twitter has a broad demographic user across ethnicity, gender, age, and income.|13]
It is a good source of data to learn user’s dietary behaviors on a large scale. We used
the Twitter API to collect tweets about food for posts with images containing hashtags

related to meals (Table 4.1) based on Fred et al.’s[14]| study. We approximately



73
collected 200,000 tweets from May, June, and July of 2019, 2020, and 2021. Tweets
are short posts limited to 140 characters. In our collection, the average length of
tweets was 13.3 words, after filtering out href links, non-alphanumeric characters,
special characters, and punctuation. The tweet collection contains around 220,000

unique words.

Table 4.1: Number of tweets with geolocation info and images per hashtag.

Hashtags 2019 2020 2021

#Breakfast 17,203 (20.49%) 12,956 (18.93%) 10,728 (18.77%)
#Lunch 25,157 (29.96%) 16,855 (24.63%) 15,629 (27.35%)
#Dinner 25,742 (30.66%) 23,431 (34.24%) 18,597 (32.54%)
#Brunch 5,956 (7.09%) 3471 (5.07%) 4,376 (7.66%)
#Snack 3,207 (3.82%) 3,247 (4.75%) 2,426 (4.24%)

#Meal 5,631(6.71%) 7,421 (10.84%) 4,684 (8.20%)
#Supper 863 (1.03%) 913 (1.33%) 615 (1.07%)
Total 83,970 68,429 57,151

4.2.2  RQ1 Methods

We used image classification techniques to examine healthiness of food choices
by classifying food images attached to tweets into four different health categories:
Definitely Unhealthy, Unhealthy, Healthy, and Definitely Healthy. This classification
schema comes from Vydiswaran et al.’s[15] study, in which public health nutrition
assigned food-related keywords into four different health categories. Not all images
contain food items. People not only tweet images about what they eat but also
who they eat with and where they eat. Because of this we designed a workflow to
finish the health category classification task. Examples of non-food images are shown
in Figure I. Our workflow has two steps: 1) classify if an image contains food items

(food classification); 2) if the images contain food items, classify the food into different
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healthy levels (health category classification).

Tomorrow is #alohafriday we will be at

W MARCH 2019 da #ictpopuppark for #lunch weather
‘ permitting Come #Share da

3 COURSES * §33

BROUGHT TO YOU BY
PORTLAND

Figure 4.1: Example of non-food images.

For the two proposed classification tasks, we used transfer learning technologies.
A pre-trained ResNet, trained on more than a million images from the ImageNet
database, is adopted to extract image features. ResNet is a residual convolutional
neural network designed for image classification tasks.[16] We choose the 101 layers
ResNet network because 101-layer ResNet has similar performance to the 152-layers
ResNet on the ImageNet database, but is more computationally efficient. Image
features learned from the pre-trained ResNet-101 are transferred to a SoftMax layer
to do final classification tasks. To feed image data into the deep learning model, we
pre-processed our image data by cropping each image to 224 x 224. We used the
Adam optimizer and categorical-cross entropy as the loss function.

We used the publicly available Food-5K dataset as the training data to train the
food classification model. This dataset contains two categories, food and non_food,
each with 2.5K images. To train the health category classification model, following
Vydiswaran et al.’s study, we collected images for food items listed as representative

of each food category (TABLE II). We used the Google image search to collect the
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training dataset by searching and downloading images for each food item. The total
number of images we collected is 23,151. We split two training datasets 80-20 for
training and validation. We fine-tuned the parameters of pre-trained ResNet-101 in
the training process. The fine-tuned classification models with the lowest loss is saved
to classify images we collected from tweets to different health categories.

We used the percentage of healthy /unhealthy food of dieting images on Twitter at
the state level to study the relationship between the state obesity rate and dieting

images on Twitter.

Table 4.2: Food items for each category.

Def. Healthy Healthy Unhealthy Def. Unhealthy

Sushi Coffee Pizza Starbucks
Apple Tea Grill Ice cream
Fish Coconut  Taco bell Chocolate
Salad Rice Fries Cake
Pumpkin Turkey Tacos Bacon
Pineapple Potatoes Sauce Cookie
Fruit Chili Steak Icing
Eggs Protein  Taco McDonalds
Orange Roasting Oil Coney Island
Oyster baking Chipotle candy
4.2.3 RQ2 Methods

Fear-related stress and the constant news from the media about COVID-19 may
push one to consume so-called "comfort food" (high in sugar and fat) or bring about
a greater consumption of snacks between meals.[17] In our RQ2, we examine how
the COVID-19 shutdown impacted people’s emotions, and thus eating behaviors.

We also examined how COVID-19 affected dietary behavior for factors such as the



76
time/frequency for each meal and the how often healthy/non-healthy foods were
consumed.

Because tweets are short text and food-related tweets contain some food-specific
sentiment words, the traditional dictionary-based sentiment analysis method, like
LIWC may not be applicable.[15] We used Valence Aware Dictionary for Sentiment
Reasoning (VADER) to peform the sentiment analysis. VADER is a parsimonious
rule-based model for sentiment analysis, which is especially attuned to social media
contexts.[18] VADER catches slang and emojis and appropriately adjusts the intensity
of sentiment score by combination of signals. A positive, neutral, negative, and a
compound sentiment score was given to each tweet. The compound score is computed
by summing the valence scores of each word in the lexicon, adjusted according to the
rules, and then normalized to be between -1 and 1. The -1 represents most extreme
negative and 41 means the most extreme positive. In this study, we use the compound
score of each tweet to do the sentiment analysis. We use the threshold values 0 to
classify tweets into different sentiment category, if the compound score of a tweet is
smaller than 0, we classify this tweet as negative, otherwise this tweet will be classified
as positive.

Temporal histograms allow us to see how popular terms change over time. To do
this, we first converted all tweets’ post time to its local time based on location. We
visualized the popularity of ’breakfast’, lunch’, ’dinner’; ’snack’ at the hour of day
granularity. Additionally, we also visualize the hourly change of distribution of the

four food health categories of food in a day.
4.3  Results
4.3.1  RQI1 Results

We used the saved classification models to classify tweets’ images. The accuracy
for the food classification model on the validation data is 95.36% and the accuracy for

the health category classification model on the validation data is 85.21%. We further
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evaluate the saved two models on our Twitter image data. We manually selected 200
images and manually labeled them. The accuracy for food classification model on
Twitter image data is 90.00% and the performance of food classification models is
shown in Table 4.3. For images that contain food items, the model has higher recall
than precision. The primary reason an image containing food items is incorrectly
predicted as an image without food items is that we only corp the center of an image,
but the food is at the corner of the picture. Two images that have Mcdonald and
Burger King icons are classified as images containing food items by the model.

Table 4.3: Image classification model performance

Class Precision Recall Fl-score Num. of occurrence
No Food 0.88 0.97 0.92 118
Contain Food 0.94 0.80 0.87 82

The accuracy for health category classification model on Twitter image data is
63.64% and the performance of food classification model for all the classes individually
is shown in Table 4.4. The model’s performance on Twitter data is not as good as on
training data. By manually analyzing errors, we found photos from Twitter always
contain various kinds of food. However, approximately 90% of the images we collected
from Google only have one type of food. It’s challenging for the model to predict when
the food at different healthy categories is mixed up. We also could improve the model’s
performance by including images of more types of food in our training dataset. Our
classification schema only contains forty kinds of food, and some popular food items
are not included, such as cheese.

Table 4.4: Health category classification model performance

Predicted Predicted Predicted Predicted

Class Precision Recall Fl-score Num. of occurrence Def. Healthy Healthy Unhealthy Def. Unhealthy
Def. Healthy 0.64 0.60 0.62 15 9 2 2 2
Healthy 0.58 0.54 0.56 13 2 7 1 3
Unbhealthy 0.87 0.63 0.73 32 3 3 20 6
Def. Unhealthy 0.35 1 0.52 6 0 0 0 6
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The Figure 4.2 shows the prediction of food images in their respective classes.
The top left images in Figure 4.2 contains images of salad, fruit, sushi, cheese, and
poached egg, which are classified to represent the category of Def. Healthy. The
food images classified to represent the category of Def. Unhealthy are shown in the
bottom left. These including images for cake, pie, ice cream, chocolate, mac-n-cheese,
and some meat. The top right is the food images classified as Healthy. This class
includes images of roast chicken, egg, pancake, mashed potato, etc. Images on the
bottom right are classified to represent the Unhealthy category. This includes images
of burger, ramen, and spaghetti.

Table 4.5: Result of image classification models.

Food Non-food Def. Healthy Healthy Unbhealthy Def.Unhealthy

2019 36,168 (20.11%) 88,042 (70.88%) 5,937 (16.42%) 7,694 (21.27%) 11,727 (32.42%) 10,810 (29.89%)
2020 35,184 (37.24%) 59,287 (62.76%) 5,870 (16.68%) 8,170 (23.22%) 10,928 (31.05%) 10,216 (29.03%)
2021 31,049 (36.77%) 53,401 (63.23%) 5,360 (17.26%) 6,850 (22.06%) 10,164 (32.74%) 8,675 (27.94%)

Figure 4.2: Food in top left images are predicted as Def. Healthy. Food in top right
images are predicted as Healthy. Food in bottom left images are predicted as Def.
Unhealthy. Food in bottom right images are predicted as Unhealthy.

We obtained the state obesity rate data from Behavioral Risk Factor Surveillance
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System (BRFSS). BRFSS provided the ground truth for the prevalence of obesity
via self-reported obesity data among U.S. adults by state and territory in 2019. In
Figure 4.3, we classified 49 states into four different obesity levels based on the state
obesity rate. New Jersey is excluded in this study, because the obesity rate data from
BRFSS for New Jersey is missing due to lack of sufficient data. As shown in Figure
4.3, we used the box plot to visualize the relationship between state obesity rate and
the four healthy categories of dieting images.
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Figure 4.3: The relationship between state obesity rate and dieting images.

We found the percentage of Def. Healthy and Def. Unhealthy food of a state in
2019 is significantly correlated with the state obesity rate by Pearson correlation.
The percentage of Def. Healthy food is negatively correlated with the state obesity
rate (r = -0.360, p <= 0.05), and the percentage of Def. Unhealthy food is positively
correlated with the state obesity (r = 0.306, p<<=0.05). In other words, users in a state
with a higher obesity rate post less Def. Healthy food and more Def. Unhealthy food
on Twitter than users in a state with a lower obesity rate. No significant differences
have been found between the state obesity rate and the percentage of Healthy and

Unhealthy food images from tweets of a state in 2019.
4.3.2  RQ2 Results

We examined how COVID-19 shutdown affect people’s dietary behaviors from the
following aspects. The first change we found is that the percentage of non-food

images decreased in 2020 and 2021. We can find from Table 4.5 ,the percentage of
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non-food images in 2019 is more than 70% and this number drops to around 63%
in 2020 and 2021. This change is significant based on z-test with p value smaller
than 0.0001. This could because some restaurants closed dine-in options and people
gathered less due to the social distancing policies during and partially after COVID.
During and partially after shutdown, the percentage of healthy (Healthy and Def.
Healthy) food has been shown to have significantly increased by z test (p < 0.0001).
The percentage of healthy food in 2019 is 37.69%. This number increases to 39.99%
in 2020 and drops a little to 39.32% in 2021. We also used the Pearson correlation to
examine the relationship between the state-level dieting images in 2020 and in 2021
and the state obesity rate of 2019, because BRFSS didn’t publish obesity data for
2020 and 2021 and we assume that the state-level obesity rate will not sharply change
in a short period. However, no significant correlations were found at the p = 0.05
level.

Another change we saw from the Figure 4.4 is that users showed a significantly
more positive sentiment when posting dietary behaviors on Twitter in 2019 than in
2020 and 2021, irrespective of the healthy level of the food. The mean sentiment score
for 2019 was 0.395 (Stdev=0.425), for 2020 was 0.349 (Stdev=0.432), and for 2021
was 0.348 (Stdev=0.431). Another interesting finding from this graph is there are
no significant differences were found between the sentiment to healthy and unhealthy

food. Users didn’t show a more positive sentiment when eating unhealthy food.
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Figure 4.4: The sentiment to different health categories of food.

We later check the popularity change of different terms. The popularity change
of breakfast, lunch, dinner and snack of a day are showing in the Figure 4.5. The
COVID-19 shutdown didn’t change the peak hour of three meals: breakfast peaks
around 8 AM, lunch peaks around 11 AM, and dinner peaks around 6 PM. Under
and partially after COVID-19 shutdown, users showed a trend to have breakfast and
lunch later than before. In 2019, the most common time for breakfast is 7 AM & 8
AM, it shifts to 8 AM & 9 AM in 2020 and 2021. Interestingly, users showed a trend
to have dinner earlier during and after shutdown than before. We also found people
showed a trend to have snack more often during and after shutdown than before. In
the 2019, two peak hours for snack is 2 PM & 8 PM. However, in 2020 and 2021, no

peak hours for snack have been found.
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Figure 4.5: Temporal histograms showing the popularity of breakfast, lunch, dinner,
snack by hour of the day. X-axis of each graph is the hour of a day (0-23). Y-axis
the number of tweets contain that term.

Comparing to before COVID-19, the percentage of Def. Healthy food increased
for breakfast, lunch and dinner; the percentage of Def. Unhealthy food decreased
for breakfast, and dinner. People are also found to have more healthy snacks during
and after COVID-19 shutdown. The percentage of Def. Healthy snack increased
from 16.6% in 2019 to 19.3% in 2020 and 2021, and the percentage of Healthy snack
increased from 21% in 2019 increased to 24.5% in 2020 and 23.1% in 2021. The
percentage of Unhealthy snack decreased significantly after 2019, from 26% in 2019
to around 22% in 2020 and 2021. Other than that, we also found for all three years,
people post more Def. Unhealthy food for snack time and at late night (1 AM - 3
AM) and more Def. Healthy food for lunch. All in all, people are found to have more
Def. Healthy food, such as, vegetable and fresh food, during and after COVID-19
through the day.
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4.3.3 Discussion & Limitations

In this paper, we present how the COVID-19 shutdown affected people’s dietary
behavior by examining Twitter images collected from six different hashtags related to
people’s dietary behaviors. Using computational methods, we present the relation-
ship between state obesity rate and dieting images, and insights on how COVID-19
shutdown affect people’s dietary behavior from the dieting healthiness, sentiment
associated to dining, and eating patterns.

Our analysis proves image analyses could be used as a substantial resource to learn
diet-related daily activities of the general public.[19] According to our analyses, peo-
ple’s dietary healthiness is related to state obesity rate in 2019. Users in higher obesity
rate states post more high caloric Def. Unhealthy food than Def. Healthy food. It’s
critical to learn diet healthiness, since a leading cause of deaths and increased health-
care expenditures. It is also related to diet-related chronic diseases.[20] Improving
diet quality is increasingly important for US during this pandemic, because nutrition
intake impact our body’s ability to resist infection.|21]

The COVID-19 pandemic dramatically impacted people’s daily life. We observed
from Twitter images that the COVID-19 shutdown has some health improvements
in dietary healthiness during and partially after pandemic period. This finding is
consistent with previous research conducted by Cosgrove & Wharton,|7] who did a
survey to identify predictors of perceived dietary healthfulness changes over pandemic
period in the US. Other than positive changes, certain adverse effects have also been
found. The shutdown had a negative effect on people’s emotions with respect to their
dietary behaviors in this study. Consistent with previous studies,[15, 22| we found
the average sentiment to dietary-related tweets is positive. However, the percentage
of negative tweets increased by 25% during the pandemic. Studies also reported
that participants experienced moderate to high stress levels during the pandemic

period.|7, 4, 23] Increased psychological stress is commonly associated with binge
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eating disorder|24| and reduced diet quality|25]. These findings highlight the need of
further explorations.

To figure out factors that affect user’s emotions related to dietary-related behav-
iors, we used the keyword extraction algorithms, term frequency - inverse document
frequency (TF-IDF), to summarize the topics of posts with different sentiment. We
treat each tweet as a document and each word as a potential topic. Compared to
before pandemic, we found the most common topics to negative tweets during pan-
demic are "miss" and "cook". Here is a modified example, "Even as an introvert this
quarantine isn’t easy ... i miss my friends and hood rat adventures... that said to hold
myself accountable I'm commiting to 1 bar night and one small gathering a month!"
Those negative emotions come from a general desire to return to previous life instead
of diet-related concerns.

We also found some changes in people’s eating patterns, including have breakfast
& lunch later, dinner earlier and snack more often. Changes on eating pattern and
dietary healthiness could be explained by COVID-19-related lifestyle changes. Tran-
sitioning from work in the office to working from home allows people to have more
time in the morning for breakfast and prepare dinner earlier at home. People are re-
ported prepare meals more at home in previous studies. Reduced exposure to current
obesogenic environment helps people to have healthier diet choices.

Our study has some limitations. First, the image classification model could be
improved from several aspects. We only collected the most popular ten types of food
images for each health category. From Figure 4.2, we can find the health category
model’s performance on the Healthy and Unhealthy categories are not as satisfying
as its performance on predicting the Def. Healthy and Def. Unhealthy food. Ramen
has been classified as Healthy and Unhealthy. In our future study, more image data
could be collected to train the image classification model. Other than that, our model

may not do a good job in deciding the overall healthfulness of a plate of food. In our
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classification mode, we only crop the center of image to do the classification, however,
more than one food could be found in one plate. Another limitation is our study has
some potential bias considering the group of users of Twitter. Only 7.3% of Twitter
users was reported younger than 18 years old. Although we found the COVID-19
shutdown has some positive impact on people’s dietary healthfulness, another study
reported its negative effect on children’s dietary healthfulness. A longitudinal study
on obese children in Italy found during the COVID-19 lockdown, potato chip, red
meat, and sugary drink intakes increased significantly during the lockdown.|26] Future
study should take these limitations into consideration. A more specific user group on
social media could be targeted, like parents of kids, to learn health-related behaviors

of those non-users.
4.3.4  Conclusion

In this study, we used the social media data to understand how COVID-19 shut-
down affected people’s dietary behaviors. After using deep learning image classi-
fication procedures and text analysis methods, we found although the COVID-19
shutdown depresses user’s emotions, diet healthiness has been found to improve dur-
ing this pandemic. People have consumed healthier food throughout the day during
and partially after shutdown than before, indicating people are making effort to im-
prove their health during and after this unexpected health crisis. This study showed
social media images could be used as a substantial resource to learn user’s health-
related behaviors and could be used as a preliminary work to further learn factors
that impacting user’s dietary behaviors or learn how COVID-19 affect users’ healthy

outcomes using social media data.
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CHAPTER 5: CONCLUSIONS

5.1  Conclusion

This dissertation is motivated by the fact that obesity is a major public health
issues in today’s society and the fact that social media has a role in affecting people’s
health-related behaviors and could be successfully use for health-related studies. In
this dissertation, we provide an insightful understanding of how social media could
be used in obesity-related studies, what and how online social factors affect people’s
obesity-related behaviors and computational methods to utilize social media data to
learn those behaviors.

By systematically reviewing studies that using social media data to learn obesity,
we found three different roles that social media served: data collection, intervention
pathway, and ancillary resources. Ten online social factors were identified relating
to behaviors: gender, social tie, social support, source credibility, social movements,
social sharing behaviors, stigma, policy, geo-cultural factors, school environment, and
obesogenic environment. Those factors affect users’ obesity-related behaviors from
four levels: individual, interpersonal, online social environment and connection to the
real world.

Adopting social media data, we also showed the feasibility of using social media to
study obesity-related behaviors. Yelp and MFP data were used to characterize state
level food (obesogenic) environment. The importance of food environment to resi-
dents’ dietary behaviors was stated by showing disparities of available food between
states with different obesity rate. We further built a state-level obesity rate prediction
model using the aforementioned data. The Pearson correlation coefficient between

the predicted obesity rate and the real obesity rate reaches 0.796. The findings on
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people’s dietary behaviors change over COVID-19 shutdown showed the social media
images could also be used as a substantial resource to learn people’s dietary behaviors
during health crisis. People are found consumed healthier food throughout the day
during and partially after the shutdown.

Social media has a growing potential to improve public health outcomes. To con-
clude this study, our findings are beneficial to future efforts to tackle the obesity pan-
demic from the following aspects. First, the social-ecological model provides guide-
lines for health practitioners to design obesity-related intervention studies. As each
online social factor has a potential effect on users’ obesity-related behaviors, a better
understanding of each factor’s role helps researchers better utilize social media to
help participants do weight management. Second, our findings can help public health
agencies to improve health literacy through online social networks. Considering on-
line social factors (source credibility, social movements, social sharing behaviors, and
stigma) at the online social environment level, public health agencies should maintain
a healthy online social environment by leading a non-stigma and healthy weight so-
cial movements. When using online social media to publish obesity-related education
information, public health agencies should develop a well-defined process to address
users’ concerns of source credibility [11] and use users’ social sharing behaviors to
disseminate information better. Third, our study demonstrated the approach to ef-
fectively and efficiently using social media data to predict local obesity rates. Public
health practitioners could build a pipeline based on our suggested method to monitor
and forecast the obesity rate change of areas that face the risk of increasing obesity
rate and make an early warning or take proactive actions. Fourth, our study used
the image on Twitter to study users’ obesity-related lifestyles. This study filled the
gap that various types of social media (e.g., text, image, video) on electronic health
literacy are understudied [11] and showed the potential of using multiple types of

social media data to do health-related studies in the future.
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5.2 Future Study

However, certain limitations exist in this study. First, we only used three databases
(PubMed, ACM, and ScienceDirect) to examine how social media is used in obesity-
related studies. We believe if other related database, like Scopus, could be included
in the study, we might have additional findings. Second, in our model that use
social media data to predict state obesity rate, the method of how to estimate caloric
density of each popular dish could be improved. In our study, we didn’t capture the
actual amount of food, which is also important for us to calculate the calorie of a
dish. What’s more, our analysis that use social media data to learn people’s obesity-
related behaviors are conducted at state level. We didn’t include other factors in
our analysis. Other factors, such as social economic status has been found related to
users’ obesity-related behaviors.

To address the limitations mentioned earlier and existing gaps in this field, we
propose to do our future study from the following directions. First, recognizing the
association between socioeconomic status and obesity, we could further our analysis
by combining demographic data and social media data with learning users’ obesity-
related behaviors at the zip code level. A more granular analysis could give us a
better insight into how the local food environment and social-economic status affect
users’ obesity-related behaviors. In another study, we could do to learn users’ obesity-
related behaviors using Reddit data. Reddit is a popular social networking and online
gathering platform. Features of Reddit (e.g., anonymous and throwaway accounts)
make a well-utilized platform for learning stigmatized illness.[12] Using data from
different social media platforms could give us a more comprehensive understanding of
users’ online obesity-related behaviors. Last but not least, we could extend our study
by using other types of social media data to study users’ obesity-related behaviors.
From text to the short video, ongoing trends have been found when users share mes-

sages through social media. Analyzing these mixed media, we can comprehensively



92

understand how to use social media data to understand users’ health behaviors.
Continued efforts are needed to counter the obesity pandemic. As the prolonged use
of social media, we believe this study benefits public health practitioners by providing
guidelines and solutions to strengthen obesity-related education and improve public

health outcomes.
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APPENDIX A: The table of caloric density for category

Table A.1: The caloric density for category.

category Caloric density category Caloric density category Caloric density category Caloric density
Cheesesteaks 23.45 Beer Bar 6.12 Lebanese 5.47 Szechuan 4.88
Chicken Wings 17.31 Polynesian 6.11 Cuban 5.47 Teppanyaki 4.87
Wraps 16.45 Tex-Mex 6.07 Caterers 5.46 Conveyor Belt Sushi ~ 4.86
Food Stands 15.6 Butcher 6.05 Grocery 5.45 Organic Stores 4.85
Herbs & Spices 11.13 Hungarian 6.03 Tea Rooms 5.43 Portuguese 4.85
Cooking Schools 10.73 Wine Bars 6.02 Venezuelan 5.43 Buffets 4.85
Bed & Breakfast, 10.49 Convenience Stores 6.01 Distilleries 5.42 Honduran 4.85
‘Wine Tasting Classes 10.39 Japanese 6.01 Salad 5.42 Beverage Store 4.85
Pretzels 9.9 Coffee & Tea 5.96 Comfort Food 5.42 International Grocery — 4.83
Speakeasies 9.4 Mediterranean 5.95 Halal 5.41 Ramen 4.82
Empanadas 9.17 Desserts 5.93 Falafel 5.4 Asian Fusion 4.81
Wine Tasting Room 7.81 Polish 5.89 New Mexican Cuisine 5.39 Irish 4.8
Piano Bars 7.63 Street Vendors 5.87 Beer Gardens 5.39 Kosher 4.78
Donuts 747 Bakeries 5.87 Caribbean 5.38 Olive Oil 4.78
Korean 7.37 Hot Dogs 5.83 Pop-Up Restaurants 5.36 Indonesian 4.78
Shaved Ice 7.37 Izakaya 5.83 Spanish 5.34 Brasseries 4.77
Vegan 729 Supper Clubs 5.83 Sports Bars 5.34 Afghan 4.77
Diners 7.28 Guamanian 5.81 Local Flavor 5.32 Bars 477
Wineries 7.25 Latin American 5.81 Puerto Rican 5.32 Kombucha 4.77
Candy Stores 7.24 Armenian 5.8 Breakfast & Brunch 5.28 Mongolian 4.74
Game Meat 721 Ice Cream & Frozen Yogurt 5.8 Poutineries 5.27 Cantonese 4.73
Argentine 721 Dinner Theater 5.8 Vegetarian 5.25 Poke 471
Popcorn Shops 7.11 Waffles 5.78 Filipino 5.25 Laotian 4.69
Barbeque 7.06 Brazilian 5.77 ‘Whiskey Bars 5.23 Australian 4.68
Acai Bowls 6.82 Gastropubs 5.76 African 5.21 Turkish 4.58
Macarons 6.81 Sandwiches 5.75 Ethiopian 5.2 Kebab 4.54
Middle Eastern 6.79 Tiki Bars 5.73 Vietnamese 5.2 Bubble Tea 4.54
Pubs 6.77 Pancakes 5.72 Hot Pot 5.2 Japanese Curry 4.53
Chocolatiers & Shops ~ 6.73 Meat Shops 5.72 Nicaraguan 5.19 Seafood Markets 4.52
Persian / Iranian 6.71 Seafood 5.71 Salvadoran 5.18 Taiwanese 4.48
Basque 6.6 Irish Pub 5.71 Tapas Bars 5.16 Chinese 4.47
Pakistani 6.6 Gelato 5.69 Peruvian 5.15 Tacos 4.45
Hawaiian 6.59 Gluten-Free 5.67 Breweries 5.14 Singaporean 4.43
Eritrean 6.59 Southern 5.66 Noodles 5.14 Imported Food 4.42
Cafes 6.56 Food Delivery Services 5.65 Burmese 5.1 Himalayan /Nepalese 44
Internet Cafes 6.55 Specialty Food 5.65 South African 5.1 Cooking Classes 4.36
Burgers 6.53 Syrian 5.64 Fish & Chips 5.1 Indian 4.36
Czech 6.52 Pizza 5.63 Juice Bars & Smoothies  5.09 Public Markets 4.33
Ttalian 6.51 Live/Raw Food 5.63 Food 5.06 Cupcakes 4.29
American (Traditional) 6.47 Drive-Thru Bars 5.62 Themed Cafes 5.05 Hong Kong Style Cafe 4.28
Fast Food 6.46 Scandinavian 5.61 Colombian 5.05 Moroccan 4.26
Coffee Roasteries 6.41 Dominican 5.61 American (New) 5.04 Cambodian 4.24
Soul Food 6.33 Sushi Bars 5.6 French 5.04 Malaysian 4.24
Chicken Shop 6.32 Restaurants 5.58 Cafeteria 5.03 Brewpubs 4.23
Patisserie/Cake Shop 6.29 Cocktail Bars 5.58 Tapas/Small Plates 5.02 Dim Sum 4.21
Delis 6.27 Bagels 5.57 Cheese Shops 5.02 Shanghainese 4.08
Mexican 6.24 Food Court 5.57 Pan Asian 4.97 Thai 4.08
Russian 6.19 Health Markets 5.57 Cideries 4.97 Fruits & Veggies 3.93
Personal Chefs 6.19 Food Trucks 5.52 Creperies 4.95 Hainan 3.92
British 6.18 Dive Bars 5.51 Cajun/Creole 4.94 Austrian 3.88
Arabian 6.18 Smokehouse 5.5 Sicilian 4.93 Food Tours 3.82
Beer, Wine & Spirits 6.17 Modern European 5.49 Fondue 4.91 Shaved Snow 3.68
Pasta Shops 6.15 Farmers Market 5.48 Greek 4.9 Gay Bars 2.05
German 6.13 Do-It-Yourself Food 5.47 Soup 4.89 Honey 1.94



