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Physical activity provides wide-ranging physical and mental health benefits. However, a
large proportion of the population fails to achieve recommended levels of physical activity.
With the development of pervasive technology such as smartphones and wearable devices,
increasing attention has been paid to promoting positive fitness behaviors through self-tracking
and participation in online communities. Fitness-based applications allow users to log
and share activity-related data, providing opportunities to observe, analyze and reflect on
performance and goals. They also serve as a social network that connects users, promoting
social interaction features as a means towards behavioral change and healthy life-style promotion.
However, limited work has comprehensively investigated these networks; their structural
features and association with behavior (and behavior change) may reveal important dimensions
of social exercise and its impacts on participants. These platforms capture information on
physical activities as well as peer-to-peer interactions at large scale and low cost, allowing
researchers to observe how individuals really engage in physical activity and social interaction,
rather than how they report on their participation (e.g. in traditional surveys). Utilizing
large-scale behavioral traces collected using novel sampling methods, this dissertation aims
to advance our understanding of online social interaction in a fitness community, and how
it is associated with fitness behaviors. This work provides new insights into pathways for

health promotion and the possibility for network-based health interventions.
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Chapter 1

INTRODUCTION
1.1 Background

Physical activity is known to provide important and wide-ranging physical and mental
benefits, such as lowering the risk of obesity, cardiovascular disease, diabetes and cancer
(Penedo and Dahn, 2005), improving mood states (Janisse et al., 2004), reducing symptoms
of depression and anxiety (Ross and Hayes, 1988), etc. However, a large proportion of the
world population often fails to achieve recommended levels of physical activity (Hallal et al.,
2012; Kohl 3rd et al., 2012). Physical inactivity is now one of the top leading factors of death
worldwide (Kallio et al., 2021).

Promotion of physical activity is a priority for health agencies. For example, World Health
Organization calls for better and fairer opportunities for physical activity to improve health
(WHO et al., 2021). Physical activity behaviors are perceived to be affected by personal,
social and environmental factors (Kim et al., 2021; Heath et al., 2012). Therefore, a variety
of intervention strategies have been designed aiming to promote physical activity through
health education (Sharma, 2021; Young et al., 1996), goal setting (Hardeman et al., 2019;
Bandura, 2004; Kahn et al., 2002), social support (Treiber et al., 1991; Laird et al., 2018; Chen
and Pu, 2014; Ahtinen et al., 2009), and enhanced built environment (Linenger et al., 1991;
Cohen et al., 2012), just to name some examples. Interventions to increase social support
for physical activity have been shown to be effective across diverse settings (Kahn et al.,
2002; Heath et al., 2012). They focus on creating, strengthening and maintaining social
networks that provide support for healthy behavior change; for example one intervention
organized people into walking clubs within neighbourhoods, providing community physical

activity classes, etc. (Chen and Pu, 2014; Ehn et al., 2018).



With the development of pervasive technology, increasing attention has been paid to
promoting positive fitness behaviors through social interaction mechanisms in online fitness
communities (Stragier et al., 2016; Centola, 2013; Chen and Pu, 2014). Online fitness
communities log activity-related data and help users reflect on their performance. Online
fitness communities also serve as activity-based networks that connect users, providing them
with a series of social interaction features meant to encourage behavioral change and healthy
life-style promotion. One example of such a platform is Strava (https://www.strava.com/).
Strava users may log and share activities they complete and with whom, subscribe to the
activity feed of other users around the world, view their own activity statistics and interact

with others by making comments, giving kudos, etc.

Recent studies have made great advancement towards understanding how gamification
features motivate physical activity in mobile fitness applications. For example, to compete
against other application users or collaborate with other users to gain virtual rewards is found
to increase users’ activity frequency and intensity (Chen and Pu, 2014; Ali-Hasan et al.,
2006; Mueller et al., 2012). However, many open questions remain. In particular we don’t
know how, when and to what degree interactions through online social networking features
influence individual engagement in physical activity. In addition to online social interactions,
users who exercise with others physically co-present can often log group activities and
co-participants are organized under the group activity “thread” in platforms such as Strava.
While previous research finds that exercising with others can produce overall positive health-
related effects (Plante et al., 2001; Haskell et al., 1985), the results are based on small-scale
experiments and in most cases restricted to two-person exercise events, making generalizability
in real-world settings a open question. Research that comprehensively explores the dynamics
of diverse social interactions in online fitness communities and their relationships to people’s
fitness behaviors and behavior change is still in its infancy. This dissertation aims at filling

some of these gaps.



1.2 DMotivation and Aims

Online fitness communities are increasingly attracting attention from researchers from a
variety of disciplines as a site for investigation of social and physical behaviors. Some studies
revolve around incentives and interventions. For example, studying the potential of health
devices and applications for health-related behavioral change (Foster et al., 2010; Chen and
Pu, 2014; Cavallo et al., 2012). Another major thread of work focuses on the technical
potential of wearable sensors and human-computer interaction aspects of these technologies.
For example, examining specific features in designs of fitness applications (Consolvo et al.,
2008; Lister et al., 2014; West et al., 2012). Current social interaction schemes include
a variety of social interactions among online fitness community users ranging from offline
interactions (e.g. exercising together) to online interactions (e.g. connecting to peers, sharing
physical activities, giving kudos and comments on peer’s activities, etc.). However, limited
work has comprehensively investigated social interaction and peer support on fitness behavior

and behavior change in these online communities.

Further, many early studies of social support are based on data that is either self-reported,
which are prone to recall inaccuracies and social desirability bias or from expensive wearable
sensors, which are limited in terms of number of participants and duration of observation.
Fitness tracking applications and platforms capture people’s behavior and interactions on
daily routine bases at a larger scale with lower cost. More importantly, such behavioral
traces data have higher credibility and reliability compared to self-reported data (Lampe,
2013).

Therefore, utilizing a large-scale behavioral trace dataset collected from the online fitness
community Strava, this dissertation examines in the following: (1) the types and characteristics
of activities that individuals track and how they share behavioral data online; (2) what the
dynamics of social interactions look like; (3) how people’s fitness behavior are potentially
shaped by social interaction and peer support. This work offers insights gleaned from

large-scale behavioral traces and their consequences for the design of physical activity interventions



via online social interactions, as well as implications that can contribute to reduction in social

and health disparities.
1.3 Structure and Contributions of the Dissertation

The purpose of this dissertation is to demonstrate that large-scale behavioral traces
collected from an online fitness community can help us better understand online social
interaction and peer support on fitness behavior and behavior change. The dissertation
develops novel sampling methods and computational techniques on massive digital behavioral
traces, and demonstrates how applying these techniques can derive new insights into pathways
for health promotion and the possibility for network-based health interventions. The overall
structure of this dissertation is as follows. In Chapter 2, I review the recent studies on
self-tracking, online fitness communities, social interaction mechanisms and social support
for positive behavior change. In Chapter 3, I present a data collection framework that uses
rejection sampling and web scraping to collect and archive online digital traces. I apply these
methods to the fitness application Strava and describe the resulting dataset. In Chapter 4,
I demonstrate how to leverage large-scale fitness data to reveal people’s fitness behavior and
social interactions in online fitness communities; I additionally model individuals’ activity
events to quantify the relationship between social subscription and activity occurrence.
In Chapter 5, I describe stochastic process models to characterize the empirical network
degree distribution of fitness community members. The results of which demonstrate that
gender, age and account status are associated with distinct network structure. Lastly, in
Chapter 6, I switch focus from online social support to offline behavior and demonstrate
that social support from physically co-present peers is associated with intense activities and
more feedback to other users; we also discuss interesting gender difference in the number
of people males or females prefer to co-exercise with. These findings speak towards the
motivational nature of social exercise. Taken together, this series of studies reveals the
potential mechanisms of social influence and their affect on individual behavior change. They

demonstrate the potential to model and predict fitness behavior in online fitness communities.



Chapter 2

RELEVANT LITERATURE
2.1 Self Tracking

Self-tracking is a longstanding human activity. Traditionally, people have been tracking
their behaviors and/or lives for centuries using paper and pen. As technologies such as
smartwatches, fitness bands or mobile phones become prevalent, much self-tracking is now
digital. This expansion brings new opportunities to self-tracking — both for individuals,
groups, and platforms — as well as new challenges. In recent years, there has been an
increasing body of research examining how digital self-tracking practices combine with the
information technologies to lend themselves towards health promotion and behavior change.
Here, I review recent academic work on self-tracking especially within the context of health
promotion and medical care. This prior work motivates the research questions I investigate in
this dissertation and provides a context for interpreting the findings of the empirical studies
presented.

Self-tracking, also sometimes referred to as the “quantified self”, life-logging, personal
informatics, etc., involves individuals recording (often in real-time) elements of their daily
lives. In 2021, there were over 350,000 digital health apps available on the market, according
to a report from IQVIA Institute for Human Data Science (IQVIA, 2021). Such health and
medical applications are designed to track individuals’ biological processes such as fitness
(Jin et al., 2020; Gui et al., 2017; Molina and Sundar, 2018), calories intake (Saleh et al.,
2021; Levinson et al., 2017; Franco et al., 2016), sleep (Kang et al., 2017; Robbins et al.,
2019), and more. While archiving data about various aspects of a person’s daily life is at the
core of these applications, one of the almost universal aims of these self-tracking applications

is to assist users with working towards and hopefully achieving health goals.



In prior work, Lupton proposed five modes of self-tracking: private, pushed, communal,
imposed and exploited (Lupton, 2017). For private self-tracking, users voluntarily collect
data on themselves for self-knowledge and self-optimisation (e.g. Liu et al. (2021); Hassan
et al. (2019); Choe et al. (2014).) Pushed self-tracking differs from private self-tracking in
that the initial engagement comes from an external actor or encouragement (for instance,
a design of persuasive technology for weight management (Purpura et al., 2011) or a clinic
self-tracking to encourage patients to monitor their biometrics (Piras and Miele, 2017)).
Communal self-tracking involves voluntary sharing of people’s self-tracking data with others
typically via social media platforms and/or online communities (such as on Instagram (Kent,
2020) and on Strava (Couture, 2021)). Imposed self-tracking refers to the imposition of
self-tracking practices upon individuals by others primarily for these others’ interests and
benefits (for example, see Freeman and Neff (2021)), whereas exploited self-tracking often
repurposes collected behavioral data for other parties’ benefits or commercial profits (such
as in Acar et al. (2015)).

In all, digital self tracking technologies extend the areas of human daily life that can be
measured, and they make it possible to keep track with greater frequency and resolution
than ever before. Evidence also suggests that exercise practices themselves are being shaped
by the development and use of self tracking tools. In response, we examine the revealed
social dynamics and try to figure out the mechanisms behind these mutually reinforcing

phenomena.
2.2 Online Fitness Communities

With advances in pervasive technologies, activity tracking applications and online fitness
communities such as Strava, RunKeeper, and MapMyRun, are attracting more and more
users around the world. These online fitness platforms usually have features allowing both
activity logging and social networking (Stragier et al., 2016), aiming to build an online
community of users. Online fitness communities log activity-related data and help users

analyze their performance. Online fitness communities also serve as an activity-based social



network that connect users together and provide them with a series of available social
interactions features meant to encourage peer feedback and healthy life-style promotion.
For example, on Strava, users can follow both recreational and professional athletes, view
their activities and interact with them by making comments, giving kudos, etc.

The behavioral traces archived by online fitness communities record large amounts of data
that are generated by users through their physical activity (e.g., running/cycling) and their
social interaction online. One might compare this data to the more traditional observations of
fitness behaviors, such as self-reported data collected via surveys which document individual’s
perception of their workout routine and social engagement. These methods are prone to
reporting inaccuracies and bias. Behavioral trace data, on the other hand, records the
exact physical activity, timing, distance, etc. and precise social interaction (e.g., running
in groups or liking someones run activity). This data shows distinct advantages in terms
of scale, granularity and observation duration against data collected via expensive sensors
(Althoff, 2017). Thus, it provides researchers with new opportunities for understanding the
relationship between fitness behavior and social interaction.

Over the recent years, there has been an increasing body of research on online fitness
communities. Some studies examine social sharing on such communities and its impact on
individual perceptions, as well as implications for behavior (Meng et al., 2021; Alghatani
and Lipford, 2019). Some studies focus on incentives and interventions, such as studying the
potential of health devices and applications for supporting health-related behavioral change
(Foster et al., 2010; Chen and Pu, 2014; Cavallo et al., 2012); Another major body of work
looks at technical potential of wearable sensors and human-computer interaction aspects of
these technologies. For example, examining specific features in designs of fitness applications

(Consolvo et al., 2008; Lister et al., 2014; West et al., 2012).
2.3 Social Interaction, Social Support and Physical Activity

Social support and physical activity are known to be linked (Dishman et al., 1985;
McAuley et al., 2000; Berkman and Glass, 2000). Social interaction among people in social



networks can lead to social support (Lin, 2017). More recently, the relationship between
social support and physical activity has been studied by making use of social interaction
features designed for mobile fitness applications (Munson and Consolvo, 2012). Some new
platforms gamify the element of social support, allowing users to exercise in a virtual group
environment so as to motivate them to perform physical activities (Campbell et al., 2008;
Consolvo et al., 2006; Chen and Pu, 2014). Stragier et al. (2016) examines how Strava
users’ social motives predict perceived usefulness of the platform based on survey responses
collected from 394 Strava users. Three aspects of social motives are considered: (1) staying
informed on friends’ activities, (2) viewing progress made by friends, and (3) receiving
support from others via kudos and comments. The results show that social motives influence
habitual Strava use directly, and when compared to novice users social motives are more
important for experienced users. Also, Chen and Pu (2014) designed a mobile application
with gamification settings of competition (i.e. two users compete to gain more virtual rewards
by exercising), cooperation (i.e. two users contribute equally to win virtual rewards) and
hybrid (i.e. weighting the cooperation and competition settings). Even though users are not
required to exercise side by side in the physical environment, all three conditions of virtual

group activities were found to increase users’ activity frequency and intensity.
2.4 Co-presence in Physical Activity

Co-presence is a sociological concept, describing how the physical presence of other people
shapes individual behavior (Zhao, 2003; Goffmann, 1963). Recently, studies have extended
the concept of co-presence, introducing technologically mediated (e.g. phones, email, online
chat, etc.) or parasocial (e.g. listening to music, watching TV, etc.) presence (McLuhan,
1994; Horton and Richard Wohl, 1956). This work will focus on the traditional concept of
co-presence - individuals are physically together and interact with one another in person.

Previous work suggests that factors such as pleasant surroundings, an enthusiastic exercise
leader, and sympathetic co-exercisers during leisure-time activities are all likely to relieve

negative emotions associated with exercise (Haskell et al., 1985). Interestingly, in one study



that assigned mothers and daughters to university- or home-based physical activity groups
found both improved family relations and increased physical activity as a result of group
participation (Ransdell et al., 2003). Research by (Lyons et al., 2016; Winters-Stone et al.,
2012) recruited couples into a project aimed to understanding how exercising together may
help fight against prostate cancer. The results show significant increases in engagement in
affectionate behaviors for wives in the project compared to wives in a usual care control
group, but no significant intervention effects were found for husbands. In the above studies,
co-present exercise partners are family members and it is well-established that family support
is an important component for increasing physical activity in adolescents and adults (Biddle
and Goudas, 1996; Field et al., 2001; Baranowski et al., 1990). Beyond family support,
one laboratory-based study found that exercising with randomly assigned buddies helped to
reduce stress and produce overall positive effects on energy, calmness and tiredness, compared
with a control group exercising alone (Plante et al., 2001). However, this experiment
was conducted in a laboratory setting and participants (recruited from a college student
population) were fairly homogeneous in terms of age and fitness levels, making its applicability
in real-world settings a open question. This work aims at filling this gap by using behavioral

trace data to examine the relationship between co-presence and fitness behavior.
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Chapter 3
DATA COLLECTION: METHODS AND DATA DESCRIPTION

3.1 Introduction

This chapter discusses two data collection methods utilized in this work. A key feature
of technology-mediated group interactions is the ability of these systems to archive a history
social interaction happening within online communities as a byproduct of their design.
Archived digital traces can then be made available to researchers and data analysts — both
internally and externally to the platform company. Strava provides a publicly available
Application Programming Interface (referred to as the Strava API in the following). Developers
and Strava users are allowed to access and interact with the rich Strava dataset via Strava
API. The API, however, does not afford access to all the data, the Strava platform records
on their users; public data includes but is not limited to, user profile data, activities data,
geographical segments data, etc. Other data remains private, for example, GPS traces of
activities and exact timing of social relationship creation. The Strava API is continually
being improved, but this description captures the functionality at the time of this research.

Traditional methods of collecting behavioral data often involve asking participants to
recall their behaviors in surveys and interviews. Compared to traditional data collection,
behavioral trace data has three major advantages: scale, validity and granularity (Althoff
et al., 2017b; Kosinski et al., 2015). In terms of scale, many of the social media platforms
record users’ online interactions in large scale — capturing the behaviors of millions of users
across the globe and generating a large amount of data potentially available to researchers.
Behavioral traces show the actual behaviors of online users and groups, not just those
reported by people. The high granularity of behavioral traces ensures the records of detailed

behavioral data such as demographic, temporal and performance measurements. There are
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multiple methods for getting access to the behavioral trace data of users in these sites.
For example, collecting via API as discussed above. Another common method to collect
behavioral traces is web scraping which has its benefits and deficits.

Firstly, researchers can use computer programs to access a website and ‘scrape’ the data
into an external database. This method can be an effective way to collect data when the
researcher does not have access to the databases underlying the online community, but
there are many limitations to this approach. Due to concerns about user rights, intellectual
property and server efficiency, many sites have “terms of use” that prohibit people from
using automated scripts to download user data. This prohibition raises an ethical concern for
researchers regarding accessing data “owned” by a private entity. Most online communities
in the modern environment are commercial entities and privately owned. Does the researcher
have a right to make a copy of data owned by that third party? Ethical issues aside, there are
legal issues, as well as technical issues since sites often block computers that use automated
scraping from accessing their servers (more discussion of data limitations can be found in
Chapter 3.4).

An additional limitation of web scraping is that not all behaviors of interest to the
researcher may be visibly posted to the platform, limiting which data can be automatically
retrieved with this method. For example, individual user visits are usually not displayed on
a page, so would not be accessible. Many sites require users to authenticate and on social
network sites many users have privacy setting options that make them invisible to anyone but
people they have “friended”. This makes them effectively invisible to researchers scraping
data from online platforms, affecting overall sampling and analysis possibilities.

The first sample of behavioral traces collected for this dissertation - the activity-based
sample was obtained by combining the techniques of data collection via the Strava API and
via web scraping. This dataset records individuals’ fitness behavior and social interactions
on the platform. The second collection of data utilized in this work was acquired via internal
research collaborations with the Strava company (referred to as geographically bounded sample).

The most unique feature of the second dataset is that it contains a historical record of
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posted activities and network formation of the sampled Strava users in two representative
areas in the United States: Boston and San Francisco. With the second dataset, we are
able to not only further implement event analysis on Strava users’ posted activities, but also
closely investigate differences in network structures among different groups of Strava users.
The following two sections introduce data collection frameworks and/or data processing
procedures for these two samples. Moreover, we will also provide an overview of these two
raw datasets without further data cleaning and processing for specific research questions in

the later chapters.

3.2 Activity-based Sampling with Strava API

3.2.1 A Framework of Collecting Activity-based Sample with Rejection Sampling

We aim at collecting fitness-related data along with user information via Strava API.
However, as stated in the previous Chapter 3.1, data from the platform can only be accessed
via certain portals. Therefore, one of the major challenges to activity-based sampling is to
construct an appropriate sampling framework for user-based research questions (Almquist
et al., 2019). Ideally, we would like to draw a random sample from Strava users. However,
this method does not work in practice. First, it is unfeasible to determine the unique space
of all users. Moreover, since new users might join the platform and current users may quit,
this user set is subject to constant change. Like many others, Strava does not allow to
retrieve data based on unique userID. Therefore, we need to propose an alternative sampling
strategy to collect an approximate random sample of users. In this work, we develop a data
collection framework using rejection sampling based on the dense space of activity IDs on
the platform.

Rejection sampling is a Monte Carlo algorithm to generate a sample of observations —
in the context of this work, this means generating a set of activity identifiers (activityID)
that can be used to collect data from the Strava API. Utilizing a rejection sampling startegy,

we are able to obtain a sample of user data with the help of a proxy distribution of posted
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activities (identified by random activityID) on the Strava platform. Rejection sampling has
been successfully applied in the past as a strategy to draw a simple random sample from
online platforms where the set of all possible IDs of interest is enumerable (Nazi et al., 2014;

Gjoka et al., 2010).

Randomly generated ActivitylD

=

If ActivitylD not exists, reject If ActivitylD exists, accept

Request to Strava API

UserlD Activity features Retrieved activity record

Request to Strava API

User features Retrieved user profile

Follower Followee
UserlD UserlD

Request to Strava AP (snowballing)

More retrieved user profiles

Figure 3.1: The framework of rejection sampling for activity-based Strava data

Figure 3.1 shows the proposed framework of activity-based data collection with rejection
sampling. Under this rejection sampling framework, we consider the set of all theoretically
possible activity identifiers as our sampling frame and then randomly generate a set of
activitylDs as sampling seeds via the Strava API. For each activityID in this set, we execute

the API query to see whether the given activitylD exists on the platform. In cases where an
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activity is found (i.e., that activitylD exists), we sample it and collect data. If the activity

does not exist, we reject the generated ID from the sample.

Given an existing activityID, it is then possible to utilize the Strava API to retrieve
various data related to the activity itself — activity features (e.g., performance, location,
timestamp). As each activitylD is associated with a particular user, one can further trace
additional user-level data. This includes user profiles as well as their network ties. In this
way, the existing activitylD serves as an entry point through which other data or features,

in particular user-related features, can be collected.

Next, we found that only a part of behavioral traces collected by the Strava platform
are made available through the API. Other useful data/features, although are displayed
on the platform, lack of access through the API, such as a user’s summary stats of total
runs/bikings/swims, a list of user’s followers and followees, a list of user’s co-exercises, etc.
In this case, web scraping can serve as a supplement to the data that are unavailable through

the Strava API but shown on the platform web-pages.

Figure 3.2 and Figure 3.3 summarize this entire process of activity-based data collection

in pseudo codes.

# Step.1l Rejection Sampling
Create a of possible activity (eg. 0©0000O-999999)

For each activityID:
Make a query to the Strava API using this ID
if ID found:
#ID found, activity-related features succesfully collected)
Save the returned data including userID
# to collect user-related features
Make another query to the API using the userID and save the data
else:
#ID not found - reject
continue

Figure 3.2: Pseudo codes of rejection sampling
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# Step.2 Scraping more user-related data
For each userID:

Construct the URL using this userID to access his/her Strava webpage

Send a request to the Strava server to retrieve the page info

# to scrape summary stats of user's activities

O

scrape summary stats of user's online network

O

scrape the list of user's online followers and followees

OF

scrape the list of user's offline co-exercisers

OF

Figure 3.3: Pseudo codes of web scraping

3.2.2  Dataset Description

The activity-based sample contains 888,093 activity records with a rich set of features
which can be categorized into four types of characteristics as shown in Figure 3.4. Chapter
6 utilizes this dataset to examine offline social support when people exercise physically

co-present.

Note that data acquired from the API only contains summary information. For example,
one can collect how many peers physically co-exercised with this user using the API, but
detailed information on peers themselves are not included; the number of comments is
available from the API, but the textual content of the comments is not. Therefore, we
continue to apply web scraping techniques to supplement the API dataset. Figure 3.5

presents a screenshot of a posted activity on the Strava platform.
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=Activity type: run, bike, walk, swim
Activity Activity location: start lat/long, end lat/long
characteristics *Names, description, moving time, achievements, etc.

*Demographics: name, sex

User *Location

characteristics *Physiological measurements: height, weight, etc.
*Equipment

Subscription *Following: out-ties

relationships *Friends: in-ties

Activity-based *Kudos or "likes"

relationships *Comments

Figure 3.4: An overview of important features in the activity-based sample

3.3 Geographically Bounded Sample of Users and Activities

3.8.1 Introduction

The second dataset utilized in this work is the geographically bounded sample shared
by the Strava company through internal research collaboration. Except for information on
co-exercise, this proprietary dataset covers almost all features available from the Strava API.
This dataset is a complete sample of active Strava users who live in Boston or San Francisco
(at the time of collection). Note that the dataset construction was done by the Strava team
and the shared dataset contains around 5% noisy observations where we were unable to tell

which regions the users were considered to belong in.

One of the unique features of the geographically bounded sample is historical records of
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Figure 3.5: A screenshot of a posted activity on the Strava platform. We have to scrape the
information inside the red rectangle as it is unavailable from the API.

each user’s reported activity since sign-up. We leverage this unique feature to implement an
event analysis to characterize the occurrence of the repeated events (i.e. physical activities
in our context) given a time-dependent variable follower count in order to simulate how one’s
activity level changes over time when receiving more network subscription (and potentially

more social interaction and peer support).

This dataset also contains detailed formation of network ties (both incoming- and outgoing-
ties). Chapter 5 utilizes this dataset to examine how the size of one’s personal network is
structured by demographics (such as gender and age) and an economic indicator (if an
account type is regular or premium); moreover, we model the degree distributions of these

personal networks to reveal underlying social mechanisms of friend formation for different

groups of users.
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3.3.2  Data Description

After the removal of noisy observations, this dataset contains 11,245 anonymized Strava
users from two major metro areas - San Francisco (2,312,669 activities) and Boston (293,478
activities). The work in Chapter 5 compares fitness behavior of users in these two areas.
Here, I conduct some exploratory analysis in order to describe the data used.

First, we examine the time series of reported activities in the sample. As seen in
Figure 3.6, we see a clear seasonal pattern of activity counts. Not surprisingly, summer

is the most favorable season for physical activities while winter is the least.

300000

Spring (Mar. - May)
Summer (Jun. - Aug.)
Autumn (Sep. - Nov.)
Winter (Dec. - Feb.)

250000

@ 0 @ o
© 0 @ o

200000

150000

Activity Count

100000

50000 o

c®®
Py L L L L L n
2011 2012 2013 2014 2015 2016 2017
Year

0 P .
2010

Figure 3.6: Geo-bounded sample: activity counts over time

Next, Figure 3.7 shows the time series of following activities. Again, we observe peaks in
summer and less active following in winter. This may also imply a co-relation between users’
usage of networking features on the platform and activity level. A line plot to examine the
relationship with one’s follower count and activity level is also shown in Figure 3.8.

Moreover, leveraging this dataset allows us to further investigate the structure of egocentric
networks on Strava and examine whether these patterns are structured along gender and
activeness lines. The exploratory analysis examines three types of network ties: mutual ties,
out-going ties (i.e. following) and in-coming ties (i.e. followers). Figure 3.9 presents the

distributions of different network ties by gender and activity level. Interestingly, active users
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Figure 3.7: Geo-bounded sample: following counts over time

are active in online social networking too. Active users tend to explore the functions of the
Strava application more actively. One significant gender difference is that for both active
(p < 0.05) and inactive categories (p < 0.01), female users averagely have less followers
than male users. Since distributions of mutual connections for female and gender follow
similar patterns, greater follower count on average for men indicates that men may have

more asymmetric ties.

Figure 3.10 further looks at the average ratio of mutual to total connections and of
followers to following. Overall, inactive users have significantly lower ratio of mutual to
total connections than active users (t-statistic = 37.32, p < 0.001), indicating that networks
of inactive users tend to have more asymmetric connections. Also, it is interesting to find
gender differences in the ratio too. Both active and inactive female users are found to have
significantly (both p<0.001) higher ratio of mutual to total connections compared to their
male counterpart. These exploratory results drive this work to a deeper analysis of network

structure in Chapter 5.
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Figure 3.8: Geo-bounded sample: following counts vs activity level. SF stands for San
Francisco County, while Suffolk stands for Boston/Suffolk County.

3.4 Limitations

Large-scale digital behavioral traces provide researchers with a great channel to understand
both social dynamics and online interactions. However, such data often have limitations in
terms of what they can reveal. Behavioral traces record detailed information about what
people do with activity tracking applications on a daily basis, but they can rarely explain
the reasons and motivations behind people’s behavior in the online platforms. For example,
Strava behavioral traces tell the patterns of social exercise, but it is difficult to derive causal

claims by utilizing this type of data alone.
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Figure 3.9: Geo-bounded sample: distributions of mutual, outgoing and incoming ties in
egocentric networks by gender and activity level.

Several studies have attempted to validate online behaviors with offline beliefs and
opinions regarding use, but more multi-methodological work needs to be conducted to
triangulate behavioral data with psycho-social mechanisms that underlie the behavior. Multi-
methodological work or more multi-dimensional data involves experiments, surveys, etc.

Additionally, behavioral traces collected in the Strava platform are mostly limited to the
activities taken place in this platform. Therefore, it has limitations in terms of examining
user behaviors in multiple contexts. For instance, active users of fitness applications may
use several fitness applications at the same time; they might record and upload their digital
behavioral traces to RunKeeper, Google Fit, Nike+ Running, etc. Such fitness platforms
maintain separate databases and follow different privacy policies. Indeed, some platforms ask
for user’s approval of data access, whereas others may allow for anonymous or pseudonymous
posting, which makes it extremely difficult to compare individual users across multiple
platforms. This, to some extent, limits the level of generalizability that the findings can
achieve and the types of claims that researchers can make. However, such data are still
able to provide insights into behaviors within individual platforms that generalize to overall
online (fitness) communities by connecting these insights to broader theories of mediated

interaction.
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Chapter 4

EXERCISE IN AN ONLINE FITNESS COMMUNITY
4.1 Author Preface

The widespread use of sensor-equipped mobile phones and other wearable devices allows
researchers to leverage their capacity to collect and analyze digital footprints to reveal
human behavior patterns and community dynamics. The breath, depth and scale of such
behavioral traces provides an opportunity to better understand the exercise patterns of users.
Understanding such exercise patterns would help reveal people’s motivations and barriers to
participate or not to participate in physical exercise. This is important because this can
lead to improvements of the existing online fitness communities as well as development of
effective health intervention strategies. Therefore, the first component of this dissertation
aims at answering the major research question: how do people perform physical exercises in
online fitness communities? do we observe differences in exercise patterns by users’ identity
characteristics? This is one of the fundamental questions studied in this dissertation; not
only do the answers to this question provide fundamental insight into how exercise happens,
but they also provide the foundation for the following chapters to then examine how social
interaction and peer support lead to fitness behavior diversity and behavior change for
different types of users. To answer this question, this chapter begins with analysis of
exercise dynamics in the Strava platform using a large-scale behavioral trace sample in
Boston and San Francisco. We then analyze the network subscription in the Strava platform
to understand the correlations between people’s personal network ties and their exercise
activity level. The results of an event history analysis quantify the “power” of gaining one
follower for users to exercise more and demonstrate a positive relationship between social

subscription and activity occurrence.
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Abstract

Recent years have witnessed a growing popularity of activity tracking applications. Previously
work has focused on three major types of social interaction features in such applications:
cooperation, competition and community. Such features motivate users to be more active in
exercise and stay within the track of positive behavior change. Online fitness communities
such as Strava encourage users to connect to peers and provide a rich set of social interaction
features. Utilizing a large-scale behavioral trace data set, this work aims to analyze the
dynamics of online fitness behaviors and network subscription as well as the relationship
between them. Our results indicate that activeness of fitness behaviors not only has seasonal
variations, but also vary by user group and how well users are connected in an online fitness
community. These results provide important implications for studies on network-based health
and design of application features for health promotion.

Keywords: fitness behaviors; social interaction; event history analysis; online fitness communities; social

media; behavioral traces

4.2 Introduction

Peer influence and social interaction have been found to have positive health-related
effects, such as helping people lose weight and increasing physical activities (Ahtinen et al.,
2009; Chen and Pu, 2014; Wing and Jeffery, 1999; Kulik and Mahler, 1989; Dishman et al.,
1985). Recently, increased attention has been paid to promoting health habits through
online social interaction in online fitness communities (e.g., running or cycling online groups)
(Centola and van de Rijt, 2015; King et al., 2015). Studies show that social interaction
features such as cooperation and competition provide participants with a group of peers and
help motivate them to reach their fitness or health goals (Chen and Pu, 2014; Hamari and
Koivisto, 2015). In this work, we study the relationship between fitness behaviors and online

social behavior via a subscription service where users can post and follow peers’ activity

feeds.
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Traditionally, studies on physical activity and social interaction have relied on information
that is self-reported (e.g., diary studies) or measured via (expensive) wearable sensors, which
have been limited in terms of scale, granularity of activity and duration of observation
period (Stragier et al., 2016; Althoff, 2017). Recent developments in smart phone GPS
tracking and accessibility has provided for an increasing large adoption of mobile devices
which track everyday physical activities. These resultant behavioral trace data allow for
precise measurement of individual’s activities and online social action in scale and cost that
traditional survey-based methods for collecting data on physical activities cannot match,
and provide a good alternative to classic sensor studies (Prince et al., 2008; Bernard et al.,
1984). Our work leverages these new data sources (e.g., behavioral trace data) to explore
the relationship between fitness behaviors and online social interaction over time. We
employ this novel data set along with event history methods to understand the relationship
between online social interaction and activity levels within one of these app-based activity
communities. Specifically, we focus on the large app-based community known as Strava
where users have covered over 12 billion miles worldwide (Strava, 2017). In this work we

focus on two comparable major metropolitan areas in the US.

This work analyzes the dynamics of online fitness behaviors and network subscription as
well as the relationship between them. We ask the following research questions: (1) how
do users’ activity levels of exercise change over time? (2) how do exercise activeness and
network subscription vary among users? (3) how subscription magnitude is associated with
activity occurrence? We find clear seasonal patterns of users’ fitness behaviors and discuss
the implications for fitness application designs and health prevention. We also show that
paid-plan users exercise more actively and attract more followers than free-plan users. Last,
our analysis shows a positive relationship between social subscription and physical activities,
supporting the claim — “stay connected, keep motivated.”

The remainder of this paper is organized as follows. We start by reviewing existing studies
on online fitness communities and roles of social interaction in physical activities in online

fitness communities. Next, we describe the behavioral trace data collected from Strava for
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this work. We then describe the methodology for this work, describing our analysis on activity
levels and online social interaction via network subscription, as well as the methodology used
to model physical activities given user characteristics and network subscription. We finally

discuss and summarize our findings.
4.3 Related Work

With advances in pervasive technologies, activity tracking applications and online fitness
communities such as Strava, RunKeeper, MapMyRun, etc. are attracting more and more
users around the world. Online fitness communities usually have features of both activity
logging and social networking (Stragier et al., 2016). Online fitness communities log activity-
related data and help users analyze their performance. Online fitness communities also serve
as an activity-based network that connect users and provide users with a series of social
interactions features meant to encourage behavioral change and healthy life-style promotion.
For example, on Strava, users can follow both recreational and professional athletes, view
their activities and interact with them by making comments, giving kudos, etc.

Behavioral trace data archived by online fitness communities record large amount of data
that is generated by users throughout their physical activity (e.g., running/cycling) and
through their social interaction online. One can compare this data to the more often collected
self-report surveys which acquire individual’s perception of their workout routine and social
engagement, rather than the behavioral trace data which records their exact physical activity,
timing, distance, etc. and precise social interaction (e.g., running in groups or liking someones
run activity). This data source also shows advantages in terms of scale, granularity and
observation duration against data collected via expensive sensors (Althoff, 2017). Thus,
it provides researchers with new opportunities for understanding the relationship between
fitness behavior and social interaction.

Online fitness communities are increasingly attracting researchers from a variety of areas.
Some studies revolve around incentives and interventions. For example, studying potential

of health devices and applications for health-related behavioral change (Foster et al., 2010;
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Chen and Pu, 2014; Cavallo et al., 2012). Another major body of work focuses on the
technical potential of wearable sensors and human-computer interaction aspects of these
technologies. For example, examining specific features in designs of fitness applications
(Consolvo et al., 2008; Lister et al., 2014; West et al., 2012). However, there are few studies
on how online social network structure influence activity engagement, leaving a gap in our
current understanding of the social dynamics in these settings.

Recent work have studied the relationship between social interaction and physical activity
using fitness applications. Social interaction in online fitness communities may include
cooperation and competition and sharing physical activities. Studies by (Campbell et al.,
2008; Choi and Chung, 2013; Consolvo et al., 2006; Chen and Pu, 2014) suggest that social
interaction is essential to motivate users to perform physical activities. As mentioned above,
online fitness communities enable users to connect and interact with a group of peers online.
In the case of Strava, users can follow other athletes, view their profile and activities, and
receive activity feed once their peer post a completed activity. They may also compare
workout and network-based stats with each other, “like” others’ posted activities and make
comments under posts. The work by Stragier et al. (2016) examines how Strava users’ social
motives predict perceived usefulness of the platform based on survey responses collected from
394 Strava users. Three aspects of social motives are considered: staying informed on friends’
activities, viewing progress made by friends, and receiving support from others via kudos
and comments. The results show that social motives influence habitual Strava use directly,

and when compared to novice users social motives are more important for experienced users.
4.4 Data

This work utilizes behavioral trace data collected from the activity-based network, Strava.
Strava sits at the intersection of social media and activity tracking applications and is known
colloquially as the “Facebook” of activity-based apps; users have the ability to not only track
and log their activities, but also connect to and interact with a group of peers online. The

platform continues to grow in popularity among cyclists and runners in recent years around
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the world.

In this work, we study 2,605,147 cycling and running activities from 11,245 anonymized
users from an activity-based tracking platform known as Strava. Our data includes but
is not limit to the following three main components: (1) user profile information, including
gender, date of birth, location, user account status (e.g. free or paid plan), sign-up date, etc.;
(2) logs of posted activity for users in the sample over time, including activity timestamp,
location, type, performance stats, etc.; and (3) social subscription: who followed whom and
the corresponding timestamp.

We focus on two major metro areas within the continental US, which have a large active
set of Strava users. We have chosen to focus on San Francisco City/County, CA which is
where Strava started and continues to be headquartered, and Boston/Suffolk County, MA.
Both cities represent similar size metropolitan areas within the US. Boston metro is ranked
10th with about 4.8 million residents, and San Francisco metro is ranked 11th with about 4.7
million residents. Thus, these two areas represent comparable cities on the coasts within the
US context, but with wildly different weather patterns. For example, Boston has an average
high of 36 degrees Fahrenheit in January, and San Francisco has an average high of 58 degrees
Fahrenheit in same month. Our analysis examines and compares fitness behaviors and social
subscription behaviors of users from these two counties. The key difference in these two
areas is their weather patterns, and so we expect differences in community activities to stem
from these seasonal differences.

Table 5.1 presents the summary of our data in terms of user group and activities. Male
users are proportionally greater than female users in San Francisco and Suffolk County, and
gender proportion is relatively similar in both locations. There exist more cyclists than
runners in both groups — this is to be expected as Strava was originally developed by a group
of cyclists. San Francisco users have 69.5% of self-reported cyclists and 30.5% of runners,
while the proportion of cyclists and runners of Suffolk County users are 62.3% and 37.7%,
respectively. Lastly, we observe that the major age group of users is between 18 and 35 for

both locations, and the second majority age group is between 36-49.
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Table 4.1: Data Summary

San Francisco County Suffolk County

# of Activities 2312669 292478
# of Users 9831 1414

Gender Proportion
- Male 0.777 0.760
- Female 0.223 0.240

User Type Proportion

- Cyclist 0.695 0.623
- Runner 0.305 0.377

Age Proportion

- 0-17 0.005 0.008
- 18-35 0.524 0.590
- 36-49 0.380 0.303
- 50+ 0.091 0.099

4.5 Methods

First, we examine seasonal patterns of workouts done by users in our sample. Specifically,
we look at total numbers of posted activities across all users ranging from September, 2009
to April, 2017. Theoretically, seasonality of physical activities may vary by activity type and
location. Hence, this analysis focuses on the two major activity types — cycling and running,
which accounts for 53% and 40% of total activities, respectively. Moreover, we do so for
users from San Francisco County and Suffolk County separately in order to have a simple

control setting for weather in the analysis.

As we are interested in the relationship between fitness behaviors and online social

interaction over time, we examine users’ activity level and network subscription by different
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user groups. We begin with a simple metric activity level measuring to what extent a user

engages Strava to track/log exercise actively:

of activities by a user
Activity level = # A Y

# of days a user in Strava service

We focus on how users’ activity level and number of their followers varies by gender, age
group, training plan enrolled (i.e. free or paid plan) and athlete type (i.e. cyclist or runner).
For gender differences in physical activity, prior work argues that physical inactivity is more
prevalent among female. Indeed, male users are proportionally greater than female users in
Strava. However, we are also interested in exploring gender differences in activeness in the
online fitness community. Next, we observe a disproportionate distribution of users age in
our sample data (i.e., the majority of Strava users aged between 18 and 49). Therefore, we
want to examine how actively each user age group engages these activities. Further, we are
interested in finding whether users from paid plan workout more than free-plan users. We
are also interested understanding how workout activity differ by athlete type.

Last, we model user workout frequency over time with a particular interest in examining
whether a user who is followed by more peers tend to exercise more. In this work, we
perform an event history analysis in order to characterize the occurrence of the repeated
events — physical activities given a time-dependent variable — follower count along with
time-independent variables — gender, age, training plan enrolled and athlete type (i.e. cyclist
or runner). To control for seasonality of location we include a dummy variable to indicate
whether a user comes from San Francisco County (indicator = 0) or Suffolk County (indicator
= 1). We use the popular cox proportional hazards model where the unique effect of a unit
increase in a covariate is multiplicative with respect to the hazard rate. In this model, the
dependent variable is h(t) — the hazard of an event at time t. Roughly speaking, h(t) can be
interpreted as the instantaneous probability that an event will occur at time ¢. The hazard

function follows the form:

At Xs) = Xo(t)exp(BiXoy + - - + B Xip + Bpr1Zi(t))
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where X, ..., X;, are the 1% to the p'" time-independent covariate and Z;(t) is the time-
dependent covariate at time ¢ for the observation 7. Users who churned the Strava service

and hence deleted the account are censored in this analysis.

4.6 Results

4.6.1 Seasonality of Physical Activity

Figure 4.1 shows a time series of activity frequency in Strava ranging from 2009 to 2017.
For both runs and rides, we first observe a clear seasonal pattern for both locations; number
of activities done per year usually peak at late spring or summer and then drop to the local
lowest point at winter. When comparing between the two locations, we observe Suffolk
users’ activity behaviors are more greatly influenced by the time of year. Unsurprisingly,
this indicates that weather is indeed a great factor for exercise activeness especially for
outdoor exercise. Further, it is interesting to notice that cycling is more subject to seasonal
change with larger difference in frequency during different seasons when compared to running.
Moreover, it is important to note an overall increasing trend for both running and cycling,
which indicates an increasing popularity of exercise within the Strava app over time. This
analysis suggests that it is important to consider temporal dimension in the analysis and

modeling of user fitness behaviors.

4.6.2  FExercise Activeness and Network Subscription

Figure 4.2 and Figure 4.3 show how users’ activity level and follower count vary in terms
of gender, training plan, athlete type and age. We compare the two locations with the entire
set to see if there is any spatial difference. Overall, we find that distributions of activity level
and follower count follow similar patterns for both locations.

One significant difference is between users with free plan and users with paid plan. We
observe that paid-plan users tend to exercise more actively and have more followers. It is

worth pointing out that on average female paid-plan users tend to have more followers than
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Figure 4.2: Distributions of activity level of workout by gender, training plan, athlete type
and age

their male paid-plan counterparts, while we do not see significant gender difference in follower

count in free-plan user group.

We find that the activity level of cyclists is on average higher than runners, and male
cyclists and runners tend to be more active than their female counterpart. Future study
might examine users and their activities from other areas and countries for a generalization

of these findings.

Last, we observe that activity level differs by age group and gender. Men who are over
50 tend to be more active than men in other age groups, and the pattern seems consistent
across two locations. However, for female users in Suffolk County differences in activity level
by age group is larger; women who are between 36 and 49 tend to be more active than women
who are younger or older. For gender differences, we find that men tend to be exercise more
than women across all age groups. While mid-aged or older-aged users tend to exercise more
actively, the results show that younger users tend to receive more follower counts. However,
note that the age group of 0-17 contains only a small number of observations and may not

be representative of the larger sub-population.
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Figure 4.3: Distributions of user follower count by gender, training plan, athlete type and
age

4.6.3 Modeling Activity Occurrence

Overall, in the Figure 4.2 and Figure 4.3 we observe that activity level does not always
align with social subscription level. For example, users who are over 50 exercise quite
actively but have far fewer followers compared to other age groups. This suggests that there
might exist a more complex relationship between activity level and online social interaction.
Therefore, we move on to discuss the results of modeling users’ physical activities over time,
given variables of interest that are explored in our previous analysis.

Table 4.2 presents the results of this event history analysis. To recall, the variables in
the model are follower count which is time dependent as well as age, gender, athlete type
and location which are time independent. Time independent variables except for age are
categorical variables in this analysis. The results of cox model show that gender of male,
runner and paid plan are significantly related to increase in possibility of activity occurrence,
supporting the findings from our previous exploratory data analysis.

Moreover, our cox model reveals that every one unit increase in follower count results
in an increased 2.1% probability of an exercise occurrence (P-value < 0.001). For instance,
the model suggests that a user who has 50 followers has an approximately 100% increase in
the probability of performing a physical activity. Therefore, even though 2.1% appears to

be a modest boost for activity occurrence, this could be a relatively large boost given that
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the followers is a count variable. This suggests that a greater follower count that a user
has is thus correlated to a higher probability that the user exercises. Strava users who have
more followers are experiencing more exposure of their posted activities to their followers

and likely receiving more social feedback (i.e. comments, kudos) from them.

Table 4.2: Modeling activities using cox hazard models

Variable Exponential p-value
Age 1.014 < 0.001
Gender (Male) 1.407 < 0.001
Athlete Type (Runner) 1.807 < 0.001
Plan (Paid) 4345 < 0.001
Follower count 1.021 < 0.001
Location (San Francisco) 1.217 0.038

4.7 Discussion

In online fitness community such as Strava, a rich set of social interaction features
starts with following other athletes and hence building users’ activity-based social network.
Therefore, our work aims to analyze the dynamics of online fitness behaviors and network
subscription as well as the relationship between them. Specifically, we ask how users’ activity
levels of exercise change over time, how exercise activeness and network subscription vary
among users, and how subscription magnitude is associated with activity occurrence. We
utilize behavioral trace data from the online community Strava to answer these research
questions. Data focus on two major U.S. metro areas that have a large number of active
Strava users - San Francisco, CA and Suffolk, MA; data contain profile information of sampled
users, user activity logs as well as network subscription logs.

We find that users’ fitness behaviors display clear seasonal patterns. In general, late

spring and summer are more attractive seasons for rides and runs, whereas winter appears
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to be less attractive. We also observe that compared to running, cycling is more sensitive
to seasonality. Although strong seasonal patterns of physical activities (especially outdoors
activities) are unsurprising in human behavior, results demonstrate that individual physical
inactivity is likely to be aligned with seasonality in a systematic way. For designers of fitness
applications, an implication of the analysis may be to take into account both individual
exercise preference and optimal seasons for certain activity types. For example, Strava
supports a great variety of activity type, but current practices in using and advertising the

application are limited to outdoors activities, (mostly cycling and running).

Paid-plan users exercise more actively and attract more followers than free-plan users.
We also observe significant gender differences in follower counts among paid-plan users; while
activity levels of paid-plan users do not vary much by gender, active female users tend to have
more followers than male users do. However, reasons behind the findings require a further
investigation. It could be that active female users tend to connect to more users and hence
receive more followers in return. Future work might also examine gender differences in the
way that networks are structured in terms of symmetric and asymmetric ties for free-plan

and paid-plan users.

The results demonstrate a positive relationship between social subscription and activity
occurrence. Modeling individual activity occurrence using event history analysis enables us
to quantify the “power” of gaining one follower for users to exercise more. In this work, we
focus on characteristics of egos (eg. gender, training plan, age group, etc). One analysis
that may be worth to perform next is to take into account nodal covariates for both egos
and alters. For example, users who have many active followers versus users who have many
inactive followers; or users who are mostly followed by the same gender versus users who are
mostly followed by users whose gender differs from them. Also, built upon the findings of
this work, future work may further compare one-way connections with mutual connections to

see which type of connections has a stronger association with user activity levels of exercise.
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4.8 Conclusion

Our work analyzes the dynamics of online fitness behaviors and network subscription as
well as the relationship between them. We utilize a large-scale behavioral trace data set
from an online fitness community Strava. Our results indicate that fitness activity levels
not only has seasonal variations, but also vary by user group. The results of event history
analysis suggest that individual activity levels are significantly associated with how well users
are connected in an online fitness community. The implications of these results for studies
on network-based health and design of application features for health promotion are also

discussed.

<<END OF PUBLICATION>>
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Chapter 5
NETWORK INTERACTIONS AND FITNESS BEHAVIOR

5.1 Author Preface

As suggested in Chapter 4, the frequency with which a user exercises, i.e. their offline
fitness behavior, is closely related to personal network size in the online fitness community.
This association could have important implications, especially as extensive prior work has
documented the association between social networks and individuals’ decisions and behavior,
as well as on social and material support. In this chapter, I focus on the question of network
interaction, describing both the structure of personal networks in online fitness communities,
as well as the ways in which there are systematic differences in this structure by identity
characteristics.

Online fitness communities are often designed to encourage users to make connections
to online peers through suggesting connection or other features. With a click of a button,
users can reach out to others who might live down the block or may live on the other side
of the world; one might hypothesize then that individuals form their online social networks
differently than traditional social network formation processes. On the other hand, prior work
has shown that traditional opportunity structure still effect online social networks (Spiro
et al., 2016). Demographics and socio-economic status characteristics are known to lead to
differences in social network structure; does this also hold in online fitness communities?
To address this gap, we further examine how people’s online personal network size varies.
Specifically, we utilize the geographically bounded dataset to study how demographics,
socio-economic status and locations may structure people’s social networks in online fitness

communities.

The large-scale analysis in this chapter found a distinct gender difference in people’s online
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network structure. Men who pay for the service, and in the age group 30-49 tend to have
larger networks, i.e. more peers with whom they engage on the platform. Women, along
with the youngest and oldest users have smaller personal networks — fewer individuals to
turn to for social support and motivation in reaching fitness goals. We also model the degree
distribution of personal networks to study the underlying mechanisms of tie formations. The
findings show that gender may also play an important role in the mechanisms for relation
formation.

This paper is published in the Hawaii International Conference on System Sciences
(HICSS). I presented this work in Maui, Hawaii in 2019.

Reference: Zeng, L., Almquist, Z. and Spiro, E., 2019, January. “’Friending’ in Online
Fitness Communities: Exploring Activity-Based Online Network Structure.” In Proceedings

of the 52nd Hawaii International Conference on System Sciences.

<<THE PUBLISHED PAPER BEGINS BELOW>>
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Abstract

Individuals are influenced by both direct and indirect interaction with their social contacts.
While peer influence is known to affect health-related outcomes such as exercise, limited
work has fully explored how social networks are structured to support (or inhibit) interaction
that could lead to positive health behaviors. With the development of pervasive technology
and rise of personal health and wellness tracking, increasing attention has been paid to
promoting positive fitness behaviors through social interaction mechanisms in online fitness
communities. This trend offers a unique opportunity to understand the opportunity structures
for personal health and wellness support. Utilizing a large-scale behavioral trace dataset from
the online fitness community Strava, we examine how the size of people’s personal network is
structured by demographics (e.g. gender and age) and an economic indicator (i.e. if they pay
for a premium account). We employ stochastic process models to characterize the empirical
network degree distributions in this population of fitness community members. We find that
gender, age and account status are associated with distinct network structure. Results have
implications in the analysis and the design of health interventions that make use of network

relationships in online settings.

5.2 Introduction

People are influenced by the social networks in which they are embedded. It is known
that direct and indirect social interaction affect not only people’s opinions and attitudes,
but also the actions they take and decisions they make (Marsden and Friedkin, 1993; Aral
and Nicolaides, 2017). Social interaction among individuals in a social network leads to
social integration, social cohesion and social support (Lin, 2017; Miyata, 2002). A number of
prior studies have demonstrated that social support and peer influence have positive effects
on health outcomes, for example motivating people to exercise more, lose weight and quit
smoking (Chen and Pu, 2014; Pechmann et al., 2015). However, research into the social

dynamics of health behaviors is still in its infancy. Indeed, while much previous research has
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studied the function of social support (Miyata, 2002; Chen and Pu, 2014), limited work has
focused on the structural mechanisms that encourage or suppress certain social interactions,
and therefore pathways for peer influence and social support.

Recent years have seen a rapidly growing body of research on promoting health and
fitness through social interaction in online fitness communities (Centola, 2013; Chen et al.,
2018; Zeng et al., 2018). Online fitness communities not only track and archive activities, but
also adopt social networking features meant for increasing user engagement and retention
(Zeng et al., 2018; Althoff et al., 2017a). One example of such a platform is Strava. Strava
allows users to post activity updates, interact with others by commenting and liking others’
activities, and designate subscription relationships to keep up to date on the activities posted
by friends and other users of interest. Prior research demonstrates that people think carefully
when deciding with whom to interact in online health communities (Newman et al., 2011).
We build on this work and ask the question: what do people’s personal networks look like in
online fitness communities, and can we understand underlying “friending” processes from the
aggregate characteristics of networks across the population? Understanding of the underlying
mechanisms of relationship construction in this context is an essential step in analysis and
design of health interventions that aim to utilize network structure and processes to promote
specific behaviors.

Online activity tracking platforms record digital traces of human behavior as people use
the service, offering a new data source and an unprecedented opportunity to study social
networks at scale and with finer temporal granularity. More importantly, behavioral trace
data allows researchers to observe how individuals really engage in physical activity and
social interaction, rather than their reported participation as in much prior work in this
area. Researchers can test existing theories on the large-scale data, as well as study new
forms of activity-related behaviors in online communities.

In this work we examine network structure, exploring potential underlying mechanisms
for the formation of personal networks. We utilize a large-scale collection of behavioral traces

of social relationships in the online fitness community Strava over eight years. Specifically,
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we aim to address the following research questions: (1) How are activity-based egocentric
networks patterned (in terms of in-coming and out-going ties), and are these patterns structured
along demographic and economic lines?, and (2) Does observed network structure match
specific underlying mechanisms for the formation of social relationships? If so, what differences

are observed between social and demographic groups?

5.3 Related Work

5.83.1 Personal Networks

Demographic and socioeconomic factors are known to structure real-world networks; for
example, Hill and Dunbar (2003) analyzed a network of Christmas card giving and found that
age, household type, and the relationship to the card giver are associated with the resulting
network structure. Homophily is observed time and time again in real-world networks.
Individuals associate with others who have similar characteristics, interests, opinions and
behaviors. Homophilous relations can be formed based on shared demographics including
race, ethnicity, age, religion, education (Kandel, 1978; McPherson et al., 2001). Geographic
propinquity has also been found to structure human interaction and hence social relationships
(McPherson et al., 2001). Newman et al. (2011) found that users in online health communities
prefer to interact with those who are in similar situations whether it’s losing weight, managing
diabetes or having similar health goals.

Prior work has studied not only the structure of social networks, but also the processes
that could construct them. The implications of understanding the underlying social processes
vary from case to case. For example, Handcock and Jones (2004, 2006) proposed a set of
stochastic/generative models for personal networks. They demonstrate how understanding
the potential underlying mechanism of relationship construction in this type of network is
vital for public health interventions - attempts to control and eventually eradicate sexually-
transmitted diseases. Another work (Mislove et al., 2007) analyzed the structure of multiple

online social networks (e.g. Flickr, YouTube, LiveJournal, and Orkut) and found a much
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larger proportion of symmetric ties and much higher level of local clustering in these social
networking sites than other networks. In this case, the authors argue that understanding the
structure of online social networks helps explain the robustness and security of such networks.
In each of these cases, researchers aim to understand how opportunities for interaction lead
to a specific pattern of social relationships, which in turn affects processes that occur via the

network ties.

5.3.2 Online Fitness Communities

Online fitness communities are web and mobile application-based environments allowing
users to interact in order to support and encourage others to achieve fitness goals. Recently,
we have seen the release of many online fitness communities, paralleling the explosion of
personal health and wellness tracking wearable devices. Strava, RunKeeper, Nike+, and
MapMyRun are just some of the popular new platforms. Online fitness communities usually
combine both activity tracking features and social networking features (Stragier et al., 2016;
Althoff et al., 2017a). Strava illustrates this trend. It has marketed itself as an online fitness
community for runners and cyclists, allowing users to post activities and “prove it” to their
peers and friends. The platform also allows users to follow others - both recreational and
professional athletes, view their activities and interact with others by making comments,
giving kudos, etc. on specific activities posted.

Online fitness communities record large amounts of behavioral trace data generated by
users - both via their exercise behaviors as well as through their online social interaction.
Compared to self-reported data, which measures individuals’ perceptions of their workout
routine and social engagement, behavioral trace data has many advantages including the
ability to record people’s exact activity performance and precise social interaction (e.g.,
running in groups, comments and likes given to someone’s activity). Behavioral trace data is
not subject to the same issues of accuracy and recall error as more traditional data collection
methods. This data source also has advantages in terms of scale, granularity and observation

duration against data collected via expensive sensors (Althoff, 2017). Thus it offers a new
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window into how social interaction unfolds in large-scale online social networks.

Most research on online fitness communities focuses on design of incentives and interventions
(Chen and Pu, 2014; Foster et al., 2010; Cavallo et al., 2012), or on the technical potential
of wearable sensors and other tracking technologies (Consolvo et al., 2008; Lister et al.,
2014; West et al., 2012). A much less explored aspect of this phenomena is the dynamics of
social interaction and how the resulting networks offer opportunities and constraints on peer
influence and health outcomes. Zeng et al. (2017), for example, found that exercising with
peers physically co-present is associated with greater exercise performance. Clearly more
work is needed to characterize and explore the consequences of social network structure in

these settings.
5.4 Data

This work utilizes behavioral trace data from an online activity-tracking platform, Strava.
Since its launch in 2009, Strava has been a rapidly growing social network for athletes around
the world. Strava incorporates features from both activity tracking applications and social
media. Users can track, record and share physical activities (e.g. running, cycling) via
the Strava website and/or mobile application. The social media side of Strava is similar to
social networking sites such as Facebook or Twitter. The platform allows users to explore
and search for other users. Before connecting to peers on the platform, users can view
their profiles (e.g. name, photo, location), activity posts, achievements, and their personal
networks. Users can create out-going connections to their peers by simply clicking a “Follow”
button (as on Twitter) unless follow requests are required by the target user. Users will be
notified if someone has followed them and can create mutual connections if interested. As
discussed subsequently, many relationships remain asymmetric in this setting.

This work studies personal networks of 69,658 anonymized Strava users in the community.
The dataset used was obtained directly from the research team at Strava through a data
sharing agreement. Data focuses on all active users located in two major metropolitan

areas — San Francisco, CA and Boston, MA. A geographic-based sampling strategy was
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chosen to allow for geographic comparison, in this case East versus West coast of the United
States. San Francisco and Boston are very similar metro areas in terms of their mix of jobs,
though separated by over 2500 miles (Times, 2018). They also have similar land area and
population. Boston is slightly less dense and younger in terms of media age. San Francisco,
CA is where Strava started its business; then the company has gained increasing popularity
in the U.S. East coast and globally. Both locations have a large set of active Strava users; in
fact, coastal regions and metropolitan areas have much higher rates of usage than elsewhere!.
While sampling may limit the generalizability of any geographic-specific findings, this dataset
enables us to take the first step to study potential patterns of personal network structure
and how these patterns are consistent or different between these two metro areas. In the

remainder of this paper, we refer to these datasets as the CA and MA samples.

Compared to public Strava data available on the Strava Application Programming Interface
(API), this collection includes more details for anonymized Strava users (e.g. age and number
of years on the service). Importantly, this data records actions of personal networks’ tie
formation for each user and historical logs of their posted activities. The data consists of but
is not limited to the following three major components: (1) user profile information, such
as gender, age, location, sign-up date, enrolled plan (i.e. free or paid plan); (2) network
subscription records: who followed whom and the time-stamp at which the connection
was made; (3) detailed representation of activities posted by users over time, e.g. activity

description, activity performance, etc.

Table 5.1 presents a descriptive summary of the dataset used in this work. Since Strava
started and continues to be headquartered in CA, it is unsurprising that athletes in CA
adopted this new fitness application earlier; CA enjoys a larger body of users. Strava has a
much higher proportion of male users, reflected in both location-specific datasets. Around
40% of users reported their age information. Among them the largest age group is the 30-39

group for both locations.

https://www.strava.com/heatmap#2.29/-45.89087/0.00000/hot/all
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Table 5.1: Descriptive Statistics of Strava Dataset

California Massachusetts

# of Users 46,181 23,477

Gender Proportion
Male 0.757 0.744
Female 0.243 0.256

Age Proportion

18-29 0.215 0.235
30-39 0.449 0.369
40-49 0.236 0.243
50-60 0.100 0.153

Enrolled Plan Proportion
Free 0.923 0.927
Paid 0.077 0.073

5.5 DMethods

5.5.1 Degree Distribution Models

To characterize and understand the process by which users intentionally build their
personal networks in online fitness communities, we focus on the distribution of network
size across the population of users in the study. The degree of a node in a social network is
the number of ties attached to it. The degree distribution then characterizes the frequency
of degree among network participants and is one of the fundamental of network properties
(Newman, 2018). While degree distributions do not give complete information about network
structure, their form and features communicate very important information, including possible
mechanisms by which ties could have been constructed. Modeling degree distributions is an

area of ongoing work across many domains in the field of social network analysis. Most
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networks in the real world have highly skewed degree distributions (Newman, 2018). In
particular, a wide range of networks approximately follow a power-law degree distribution
including but not limited to, the world wide web, protein-protein interaction and some social
networks (Newman, 2003; Barabasi and Bonabeau, 2003; Eagle et al., 2009). Such networks
are referred to as scale-free networks (Barabasi and Bonabeau, 2003). This “scale-free”
property implicitly implies that there exists underlying stochastic mechanisms for the formation

of network structure.

Power-law degree distributions have been observed in many cases, however, they are not
the only form observed in real-world social networks (Clauset et al., 2009). There are many
theoretical models for degree distributions and each one implies a type of mechanism of
the formation of networks. Thus, these models are important statistical tools for analyzing
and understanding the structure and formation of social relationships. In this work, we
employ the methods developed by Handcock and Jones (Handcock and Jones, 2004). Their
work discusses three general classes of stochastic process models for network formation: (1)
non-homogeneous Poisson; (2) preferential attachment; and (3) “vetting” models. While
originally developed to capture potential mechanisms for choice of sexual partners, these
models are general partner choice models. In particular, they are likely to apply in cases
where individuals have to make decisions about which relationships to invest in, given a
limited capacity for investment. In the case of online fitness communities, individuals
may choose partners on the basis of social support, informational resources, potential for
co-presence and social exercise, etc. In each case, users are forming social ties in a deliberate
and intentional way. Next, we briefly introduce these three types of degree distribution
models. An expanded discussion of the models can be found in (Handcock and Jones, 2004).
All models used here have been implemented in the R package degreenet (Handcock, 2003).

Non-homogeneous Poisson: Consider the population K of individuals with at least
one tie in a given time period. Suppose that the number of additional ties K — 1 that
the person has in the time period follows a Poisson distribution with expected value .

This process (also referred to as homogeneous Poisson process) often fails to describe data
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realistically because it assumes all individuals have identical propensities to form ties in
networks. Thus, more general non-homogeneous models, or extensions thereof, which account
for within-population heterogeneity are more commonly used to study real-world problems
(e.g. Sakaki et al. (2010); Mahmud et al. (2013)). For example, if the structural mechanism
differs by user demographics or socioeconomic status, non-homogeneous Poisson process is
a better choice than homogeneous Poisson process.

As with Handcock and Jones (2004), we model within population heterogeneity by
representing individual expected values of A as independent draws from a Gamma distribution
with mean g and standard deviation o. The resulting distribution can have an extreme long
tail but finite variance. It is called shifted negative binomial distribution in Handcock and
Jones (2004).

Preferential Attachment: Preferential attachment indicates a process in which new
nodes prefer to attach to well-connected nodes over less-well connected nodes. This process is
also referred to under the names “cumulative advantages”, the “Matthew effect” and more
colloquially, “the rich get richer.” Handcock and Jones (2004) proposes two distribution
models that result from preferential attachment processes; they are the Yule distribution
(Simon, 1955) and the Waring distribution (Irwin et al., 1963).

Beginning with a network of r connections, the Yule distribution is motivated by assuming
that (1) there is a constant probability Z%f that the r 4 1st relationship in the population
will be initiated from a randomly chosen person to a previously inactive person, and (2)
otherwise the probability that r+1st relationship will be to a person with exactly k relations is
proportional to k- f(k|r). Here, f(k|r) is the frequency of persons with exactly k connections
out of the r total connections in the population (Simon, 1955). The Yule distribution will
exhibit power-law behavior.

The Waring distribution is motivated similarly as the Yule distribution, but in this case

the constant probability that the r + 1st relationship in the population will be initiated from

a randomly chosen person to a previously inactive person is -2=2—. The Waring distribution
p+a—1

is a natural generalization of the Yule distribution (Irwin et al., 1963).
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Vetting Models: This class of models involve a two-stage process. In general, the
process first generates a list of potential contacts and then forms relationship based on this
list. The vetting models are very flexible, allowing to specify any distribution for both of the
two processes. In this work, we consider the Yule-vetting models (see Handcock and Jones

(2004) for more detail).

For the Yule-vetting models, the process first generates a number of A potential contacts
from a distribution P(A = a) which may exhibit power-law behavior. Next, the process
assumes the potential number of friends L that a person has at the time follows a distribution
that is short-tailed in most cases (e.g. geometric or negative binomial distribution). However,
the actual number of friends that a person has K is bounded by the number of potential
contacts A that a person has - that is K = min(A, L). One example of Yule-vetting models
is the negative binomial Yule. The number of potential contacts are formed from a Yule

distribution and the potential friendship distribution is negative binomial.

5.5.2  FEstimating Model Parameters

We adopt a likelihood framework to estimate model parameters and to compare between
candidate models. There are substantial differences when the process fits low and high
network degree. Therefore, the proposed likelihood model includes extra parameters to fit
low-degree observations. Here we apply non-parametric fitting and standard model selection

techniques.

Denote y as the data - a vector of degree counts and define k as the threshold above which
the parametric model is fit, 7 as a vector of lower-tail probabilities for the non-parametric
component, and p as a vector of upper tail probabilities for the parametric component which

The log-likelihood of the data y is:
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5.5.3 Model Selection

We select the best fitted model among a set of candidate models implying certain types
of social mechanisms of friend formation as discussed above. A reasonable model selection
technique will balance goodness of fit with model complexity. Here we employ the model
selection process stated in the work (Handcock and Jones, 2004; Almquist and Butts, 2014).
Due to the finite nature of social networks (Burnham and Anderson, 2003), we use the
Akaike information criterion with a correction for finite sample sizes (AICc) as the indicator
of the best performing models (Hurvich and Tsai, 1989). For convenience, BIC (Kass and
Wasserman, 1995) is also provided in later results. A model with smaller AICc or BIC is
judged better than another model. Under the assumptions of MLE, the AICc is given by:
AlCc = AIC —|— p +1 , where n is the number of observations and p is the number of model

parameters.
5.6 Results

5.6.1 FEmpirical Egocentric Network Characteristics

Table 5.2 shows descriptive statistics for the personal networks of users. Personal network
size is closely related to the length of time since an individual joined the Strava platform. As
seen in the Table 5.2, men consistently have longer tenure on the site than women. Therefore,
rather than comparing the raw counts of incoming and outgoing ties, we divide an individual
count of both types of ties by a user’s tenure and compare the resulting normalized numbers
by gender, age, location and plan enrolled groups.

First, we compare network characteristics between free-plan and paid-plan users. It is not

surprising to see that paid-plan users, on average, have a much greater number of network



Table 5.2: Descriptive Statistics of Personal Networks on Strava

o2

California
Men Women
Temure Avg Do gy Oy Dusme Temure Avg lDomme gy Oy Dusme
Plan Plan
Free 27.818 0.076 0.358 Free 26.219 0.098 0.323
Paid  50.821 0.404 1.187 Paid 45.331 0.590 1.369
Age Age
18-29  29.049 0.174 0.702 18-29 26.512 0.242 0.614
30-39  39.790 0.194 0.615 30-39  36.646 0.217 0.559
40-49 44.979 0.155 0.575 40-49 40.168 0.137 0.498
50-60 39.100 0.096 0.418 50-60 36.388 0.060 0.242
Massachusetts
Men Women
Tenure Avg U5 Ay QD Tenure  Avg U5 pvg QD
Plan Plan
Free 27.827 0.100 0.309 Free 22.468 0.107 0.324
Paid 43.661 0.376 1.021 Paid  33.790 0.485 1.382
Age Age
18-29 29.414 0.176 0.554 18-29 24.313 0.216 0.590
30-39 37.698 0.173 0.527 30-39 31.447 0.172 0.498
40-49  40.640 0.159 0.465 40-49 31.597 0.165 0.460
50-60 39.536 0.167 0.412 50-60 31.332 0.090 0.306
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Figure 5.1: Network Degree Distributions: subfigures in the first and the second row show
degree distributions of male and female personal networks, respectively.

connections than free users do. However, it is interesting to observe that both average
incoming and outgoing ties for women who enrolled in paid plans are greater than paid-plan
men — the pattern is consistent for both locations. Moreover, in the MA data women with
free plan also tend to have larger in- and out-degree than counterpart men.

Recall that only about 40% of users report age information in their profiles. Therefore,
the network statistics by age group in the Table 5.2 are obtained based on the personal
networks whose age information is available. We find that a large gender difference exists
in the group 50-60 years of age for both CA and MA; men tend to have larger counts of
both in-coming and out-going ties than women do. For the mid-aged groups (e.g. 30-39 and
40-49), we see less substantial gender differences in averages of both in- and out-degree.

These results indicate gender and age differences in personal network structure. This
may imply that underlying mechanisms of relationship formation differ by plan enrolled and
demographics.

Further, Figure 5.1 shows the degree distributions for egocentric networks. Specifically,
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we compare distributions of network size (i.e. total degree) along gender, age and economic
lines; we also compare how in- and out-degree are distributed by gender. Three sub-figures
in the first row present degree distributions of male personal networks, whereas the second
row represents that of female personal networks.

Figure 5.1(a) compares the distributions of personal network size for free-plan and paid-
plan users by gender. Consistent with the results in the Table 5.2, paid-plan users on average
have larger networks than free-plan users. Interestingly, we see a salient gender difference in
network size among free-plan users; overall, female free-plan users have smaller network size
than counterpart males. Figure 5.1(b) shows the distributions of network size for users in
different age groups. We observe that the degree distribution varies most by gender for the
age group 30-39. Figure 5.1(c) presents the in- and out-degree distributions for male and
female users. The average in-coming degrees for both men and women are lower than the
average out-going degrees. Overall, in-degrees of female users’ networks are slightly greater
than male users’. But this gender difference is not quite noticeable as in the out-degree
distributions.The out-degree distributions present a gender difference that women on average
have fewer out-going ties than men do. Note that here we only show the figures based on the

MA dataset due to space constraints, but the patterns remain consistent across two areas.

5.6.2 Modeling Degree Distributions

Table 5.3 and Table 5.4 present model selection results for the degree distribution modeling.
We consider all stochastic models discussed in the Section 5. Here we show only the best fit
model for each user group in both tables, but our model selection process went up to 10 for
the non-parametric component.

Table 5.3 shows the most “likely” degree distribution model for users in free and paid
plan; we also model men and women separately. For in-degree distributions which can be
viewed as number of followers, we find that Strava users with free plans have an in-degree
distribution most consistent with a Negative Binomial Yule distribution, while users with

paid plans are best fit by a Negative Binomial distribution. This suggests that free-plan users
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Table 5.3: The best fit models for in- and out-degree distributions of male and female users
who enrolled in free plan versus paid plan in Strava.

In-Degree Distribution Models

Plan Gender Model k np  log-lik AlCc BIC
M NegBinYule 1 5 -19712.35 39434.7 39471.66
Free
F NegBinYule 2 5 -6865.921 13741.86 13773.78
M NegBinom 1 3 -5318.866 10643.75 10659.56
Paid
: F NegBinom 1 3 -860.3571 1726.815 1737.193
Out-Degree Distribution Models
Plan Gender Model k np  log-lik AlCc BIC
M NegBinom 1 3 -27185.63 54377.27 54399.45
Free
F NegBinom 1 3 -9205.993 18417.99 18437.15
M NegBinom 1 3 -6706.873 13419.76 13435.57
Paid
F NegBinom 1 3 -1091.877 2189.855 2200.234
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Table 5.4: The best fit models for in- and out-degree distributions of male and female users
in different age groups in Strava.

In-Degree Distribution Models

Age  Gender Model k np log-lik AlCc BIC
Waring 1 3 -3157.574 6321.164 6336.88
1529 g Waring 1 3 -1358.552 2723.145 2736.28
M NegBinom 1 3 -6127.021 12260.05 12277.39
205 F Waring 1 3 -1793.552 3593.136 3606.98
M NegBinom 1 3 -4400.432 8806.879 8823.196
0 F Waring 1 3 -770.2596 1546.587 1558.177
M NegBinom 1 3 -2719.809 5445.64 5460.594
20-60 F Yule 2 3 -385.2882 776.689  786.716

Out-Degree Distribution Models

Age  Gender Model k np log-lik AlCc BIC
M NegBinom 1 3 -4330.269 8666.556 8682.272
1529 F Waring 1 3 -1759.673 3525.386 3538.521
M NegBinom 1 3 -8147.217 16300.44 16317.78
20 F NegBinom 1 3 -2294.011 4594.053 4607.898
M NegBinom 1 3 -5882.915 11771.84 11788.16
R F Waring 1 3 -1049.921 210591 2117.501
M NegBinom 1 3 -3426.347 6858.716 6873.67
2060 F NegBinom 1 3 -528.0239 1062.16 1072.188
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are employing a vetting process in which first there is a list of potential users who may become
ego’s followers and then people in the list have equal chance to follow ego. On the other
hand, paid-plan users are employing a non-homogeneous Poisson process. One interpretation
in this context is that each user in the paid-plan group has a constant probability of being
followed by other users, but this probability varies by users. This process would be consistent
with an environment in which athletes have different levels of popularity or desirability to be
targets of attention. The results of out-degree distribution modeling indicate that users with
both free and paid plans are employing a non-homogeneous Poisson process when following
other users. These results do not show substantial gender differences in each plan group.
Table 5.4 shows the best fit for personal networks of Strava users categorized into four
age groups. Except for the 18-29 years of age group, we find that the formation of in-coming
relations for men most consistent with a Negative Binomial distribution and that female’s
in-degree formation most likely follows a preferential attachment process (e.g. the Yule and
Waring distribution). We observe some age differences in out-degree distribution modeling.
While men across all age groups employ a Negative Binomial process, women in the age
group of 18-29 and 40-49 employ a preferential attachment process. All best-fitted degree
distribution models have very low cut-offs (i.e. k = 1 and 2 as seen in the Table 5.3 and 5.4).
Therefore, these models exhibit distinct processes at low degree; users with just one or two
followers may be new or only recently active. They might also be interested in self tracking

more than social networking features of the platform.
5.7 Discussion

Previous literature points out that women and men often have distinct social networks
(Granovetter, 1977; Centola and Macy, 2007). These documented differences have important
implications for information access, social support and health. Utilizing large-scale behavioral
trace data, our work presents empirical evidence for variability in network size across users
of the online fitness community Strava; importantly these differences are associated with

demographic and economic categories. Men, users who pay for the service, and 30-49
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year old users tend to have larger networks, i.e. more peers with whom they engage on
the platform. Women, along with the youngest and oldest users have smaller personal
networks — fewer individuals to turn to for social support and motivation in reaching fitness
goals. These results are not just for a small sample of participants, but instead represent
large-scale analyses of users in two metro areas on both coasts of the United States. Beyond
characterizing empirical patterns in network size, this study also explores the mechanisms of
the observed empirical distribution of network size in the population.

This investigation reinforces longstanding empirical patterns of inequality in network
positions. Strava users have different opportunities for social interaction. They make
different choices about which relationships to initiate, invest in, and pursue. These choices,
in turn, have important consequences for receiving social support and resources, looking to
others for motivation or reinforcement in achieving goals, and long term engagement versus
drop out. Our findings suggest that men and women, for example, may approach choices
about social interaction and investment in social relationships in a fitness setting in different
ways. Initiating relationships based on popularity (e.g. a preferential attachment process)
versus a two-stage vetting process implies different underlying process considerations. Not
only does this imply inequality in terms of network position, but it also suggests behavioral
differences in the ways in which individuals make use of the platform itself. Further explorations,
perhaps participant interview for example, might offer insight into the approaches that Strava

users consider when constructing social networks to support fitness goals.

Previous literature on homophily and social support suggests that the individuals with
certain health conditions (e.g. obesity) or with lower social status may be more dependent on
the composition of their social networks than healthier or high-status individuals (Centola,
2011; Rogers, 2010). Our work suggests that network-based interventions for health should
take structural differences, and their associated implications about mechanisms for tie formation,
into account. In fact, accounting for differences might be especially vital for people who are
most in need of support to achieve healthier behavior. Moreover, this study points to the need

for a better understanding of the dynamics of relationship construction and maintenance.



29

For new participants to an online fitness community, with whom are their first relationships
forged? Are they with friends from offline settings? Are they with high status and high
visibility professional athletes? Do they look for others like themselves, in terms of social and
demographic characteristics? Answering these questions could not only improve the design
of these systems and their affordances, but they could also have important implications for
health behavior change.

Previous work suggests that social motives are vital for persistent use of activity-tracking
platforms (Stragier et al., 2016; Consolvo et al., 2006). For current users of online fitness
communities, stronger social motives and peer support may motivate them to stay with the
fitness service for a longer time and be more likely to develop long-term healthy habits. Being
embedded in an active and supportive network of peers within online fitness communities
may be related to persistence of use. Understanding the processes individual platform users
behave in accordance with may inform the design of tools and/or systems to support healthy
personal networks. In fact, users may not behave in the ways that would lead to an optimally
supportive mix of personal contacts. In such cases, platforms themselves should be able to
suggest missing connections or social contacts that can support certain goals. Many of these
important questions could be addressed in a follow-up study, perhaps one that also compiles
participant interview or survey responses to explore motivations behind specific relationship

construction choices.
5.8 Conclusion

Modeling the distribution of personal networks in this online community demonstrates
that individuals are embedded such that they experience systematic differences in the social
environment based on demographic and economic factors such as age groups, genders, and
economic brackets on Strava and likely other activity based platforms. These differences have
numerous implications for network-based interventions that leverage peer influence, social
support, and other applications in efforts to change behavior in this setting.

The curve fits of network degree distributions presented in this study are just the first
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step in exploring and understanding the social dynamics at play in these new social settings.
Future research should directly explore the stochastic mechanisms which generate empirical
networks in these settings through complex dynamic models or careful observational studies

and /or follow up surveys.

<<END OF PUBLICATION>>
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Chapter 6
SOCIAL EXERCISE IN ONLINE FITNESS COMMUNITIES

6.1 Author Preface

Previous chapters discuss how online interaction and personal network structure relate to
offline physical activities. In this chapter, we examine how online connections may interact
with offline physical activities in online fitness communities. Specifically, we look at social
exercise - fitness activities with at least one Strava peer physically co-present. Some existing
studies demonstrate that peer influence and social support have positive health-related
effects. However, most of these studies are based on surveys or experiments which has
limitations in terms of scale and validity. Therefore, we use a large-scale dataset collected
from Strava API to analyze how exercise performance may vary by the number of people
participating in an exercise and whether gender plays a role in these effects. The findings
demonstrate that social exercise tends to be more intense and last for a longer time. Gender
difference is also observed - women and men have their preferences to choose the gender and
the number of peers they would love to exercise with.

This work is published in the iConference and selected as Lee Dirks Best Paper Award
Finalist.

Reference: Zeng, L., Almquist, Z.W. and Spiro, E.S., 2017. Let’s Workout! Exploring

Social Exercise in an Online Fitness Community. iConference 2017 Proceedings Vol. 2.

<<THE PUBLISHED PAPER BEGINS BELOW>>
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Abstract

Increasing attention has been paid to promoting certain healthy habits through social interaction
in online communities. At the intersection of social media and activity tracking applications,
these platforms capture information on physical activities as well as peer-to-peer interactions.
Importantly, they also offer researchers a novel opportunity to understand health behaviors
by utilizing the large-scale behavioral trace data they archive. In this study we explore the
characteristics and dynamics of social exercise (i.e. fitness activities with at least one peer
physically co-present) using data collected from an online fitness community popular with
cyclists and runners. In particular, we ask if factors such as temporal seasonality, activity
performance and social feedback vary by the number of people participating in an activity;
we do so by comparing associations for both men and women. Our results indicate that when
peers are physically co-present for fitness activities (i.e. group workouts), exercise tends to
be more intense and receive more feedback from other users, across both genders. Findings
also suggest gender differences in the observed tendency to complete activities with others.
These results have important implications for health and wellness interventions.

Keywords: social exercise; health behaviors; online fitness communities; social media; behavioral traces

6.2 Introduction

Exercising is known to be associated with numerous physical and mental benefits such as
controlling weight (Blair, 1993), decreasing the risks of cardiovascular diseases and reducing
stress (Fletcher et al., 1996). Although aware that exercising is good for health, not everyone
engages in physical activity on a regular basis. The Center for Disease Control in the
United States estimates that only 20% of adults meet exercise guidelines (Jaslow, 2013).!
Indeed, the World Health Organization continues to combat the global obesity epidemic
(WHO, 2000). Health, and more specifically physical activity, is a complex issue and as

http://www.cdc.gov/nchs/fastats/exercise.htm
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such has been studied in many fields. Beyond the medical community, issues of health
are studied in the social sciences, where research has examined how social, racial, emotional,
and socioeconomic factors influence health promotion and likewise health disparities (Walker

et al., 1987; Frankish et al., 1998; Lee et al., 2014; Dishman et al., 1985).

A number of studies demonstrate that peer influence and social support have positive
health-related effects, such as helping people lose weight and participate in more physical
activities (Ahtinen et al., 2009; Chen and Pu, 2014; Wing and Jeffery, 1999; Kulik and
Mahler, 1989; Dishman et al., 1985). Prior research also points out that exercising with
others can improve psychological functioning (Plante et al., 2001). However, many of these
early studies of peer effects are based on surveys or experiments involving a small number
of participants. Recently, social media and online fitness communities are gaining scholarly

attention as a new research environment in which to study health behaviors (Centola, 2013).

Social media have been used to explore health communication and promotion (Paul
and Dredze, 2011; Morris et al., 2011; Vaterlaus et al., 2015; Pechmann et al., 2015) and
physical activity (Teodoro and Naaman, 2013; Munson et al., 2013). Studies have even used
randomized experiments to establish causal peer influence effects (Zhang et al., 2015). Online
fitness communities offer even more promising directions for work in this area (Centola and
van de Rijt, 2015). These new platforms are specifically designed to provide participants
with a group of peers and social support in reaching their fitness or health goals. Moreover,
users are able to use wearable devices to track personal activities, including exact Global
Positioning System (GPS) traces of routes, and upload them to their online profiles within

in the community.

For researchers, an important feature of online platforms is their ability to archive a large
volume of behavioral trace data, including fitness statistics, user profile data, and potentially
users’ social networks, as part of their normal operation. This enables users to explore and
compare their own activity efforts to others in their “fitness circles”, but it also presents

novel opportunities to analyze health behaviors. Researchers now have the opportunity to
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observe not what people say they do, but what they actually do.?

In this study, we employ behavioral trace data from one such fitness community to study
social exercise. In particular, this work analyzes how factors including gender, temporal
seasonality, activity performance and social feedback may vary by number of people participating
in exercise. Our work aims to answer the following research questions: (1) When do
individuals choose to exercise alone and in groups, and are these dynamics gender dependent?
(2) How do peoples’ fitness behaviors differ, in terms of performance and social feedback, when
exercising alone compared to activities with others physically co-present? In answering these
questions, this study has implications for health promotion and social network-based health

interventions.

6.3 Related Work

6.3.1 Social Support and Physical Activity

Previous work suggests that factors such as pleasant surroundings, an enthusiastic exercise
leader, and sympathetic co-exercisers during leisure-time activities are all likely to relieve
negative emotions associated with exercise (Haskell et al., 1985; Pelphrey et al., 2003;
Flaherty, 2005). A laboratory-based study found that exercising with others helped to reduce
stress and produce overall positive effects on energy, calmness and tiredness, compared with a
control group exercising alone (Plante et al., 2001). However, this experiment was conducted
in a laboratory setting and participants (recruited from a college student population) were
fairly homogeneous in terms of age and fitness levels, making its applicability in real-world
settings a open question. Despite limitations of prior studies, it is well-established that
social support and physical activity are linked (Dishman et al., 1985; McAuley et al., 2000;
Berkman and Glass, 2000).

More recently, the relationship between social support and physical activity has been

studied using mobile fitness applications (Munson and Consolvo, 2012). Some new platforms

2This is not to say behavior trace data from online fitness communities is not without limitations (as we
discuss at the end of this paper).
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explicitly include the element of social support, allowing users to exercise in a virtual group
environment so as to motivate them to perform physical activities (Campbell et al., 2008;
Consolvo et al., 2006; Chen and Pu, 2014). For example, Chen and Pu (2014) designed a
mobile application with gamification settings of competition (i.e. two users compete to gain
more virtual rewards by exercising), cooperation (i.e. two users contribute equally to win
virtual rewards) and hybrid (i.e. weighting the cooperation and competition settings). Even
though users are not required to exercise side by side in the physical environment, all three
conditions of virtual group activities were found to increase users’ activity frequency and

intensity.

6.3.2 Online Fitness Communities

The past few years have seen in explosion of new online fitness communities (e.g. RunKeeper,
MapMyRun, Strava, etc.) where users’ natural, everyday activity can be tracked and
explored with a rapidly expanding collection of tools and technologies (Centola, 2013). These
fitness communities sit at the intersection of social media and activity tracking applications;
users can not only track/log their activities, but also interact with a group of peers and
posted activities. One example of such a platform is Strava. Promotional content on the
site’s home page® says: “The social network for athletes. Connect with friends and make
the most of every run and ride.” The proliferation of similar platforms, coupled with recent
research indicating that just over 20% of adults use some form of technology to track their
health data (Fox, 2011), signals new opportunities for understanding the social dimensions of
health-oriented behaviors. In particular, behavioral traces of human behavior and interaction
collected from these online sources offer novel data and strategies for understanding social
dynamics and peer influence.

Online fitness communities have attracted researchers from many disciplines. Some

scholars are interested in the technical potential of sensors and human-computer interaction

3Strava homepage is at https://www.strava.com/
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aspects of these technologies (Consolvo et al., 2008), others have focused on play, incentives,
and user engagement (Chen and Pu, 2014). A growing body of work concerns social media
as a potential tool in medicine (Centola, 2013). All of these approaches promise insight into
the social aspects of health, however, limited work has specifically explored the effects of
peer co-presence, leaving a gap in our current understanding of the social dynamics in these

settings.

6.4 Data

Data were collected for the online fitness community Strava. Strava continues to grow in
popularity among cyclists and runners in recent years. Strava provides two main competitive,
gamifying features to motivate users to reach their fitness goals. The one is the ability to
compare users’ activity efforts against their history efforts or compete with other athletes.
Another important feature is to accomplish challenges and earn achievement badges. As such,
millions of people upload their rides and runs to Strava every week via their smartphones or
GPS devices.

Strava was also chosen as the research environment because it has a number of desirable
characteristics: (1) it attracts an increasing number of users around the world who upload
millions of activities to the platform every week; (2) the Strava Application Programming
Interface (API)? provides access to public Strava behavioral trace data; and (3) data include
activity characteristics, user characteristics and user social network characteristics, providing
rich data for research that seeks to understand health behaviors.

To retrieve data about an activity posted to a user’s profile on Strava, a valid activityID
is required. We randomly generate a list of activityIDs from a previously-built (and ideally
exhaustive) ID space. We then query each activityID so as to check if this ID exists. If
that activityID does not exist on the platform, we discard this one. If it exists, we retrieve

the data associated with that activityID (i.e. information and metadata about a particular

4Strava V3 API Documentation is at https://strava.github.io/api/
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activity). As each activity is associated with a particular user, this data includes a summary
representation of the posting athlete which allows us to query for a detailed representation of
that user. Study procedures were reviewed by the Institutional Review Board at the authors’
university.

As stated previously that Strava API provides access to its rich metadata, our data
include but not limit to the following main components: (1) activity characteristics such
as activity type (e.g. cycling, running, swimming, etc.), activity location, activity names,
activity-related stats (e.g. distance, moving time, elevation, etc.); (2) user characteristics
such as user demographics, user location, physiological measurements (e.g. height, weight,
etc.), equipment; (3) social interaction characteristics such as following and followed relationship,
comments, kudos (or “likes”).

We collected 888,093 sampled activities posted during 2011-2016 from 514,362 unique
users. 81.33% of users report their gender as male. 14.64% of users report their gender
as female and 4.03% of users’ self-reported gender are unknown. 93.98% of data represent
rides (cycling) and runs, but data also represents workout types such as swimming, walking,
hiking, skiing, etc. It is important to note that this data does not represent a random sample
of platform users, but is instead more likely to capture the behaviors of highly active users.
While this limits the generalizability of any user-specific findings, it also means our analysis
is conducted on regular users who are more likely to fully utilize platform features. This is
important for this case, because many of our research questions focus on group activities -
fitness events where users specify in the application that they are physically co-present with
others. Moreover, we do obtain a random sample of activities, and much of the following

analysis uses the activity itself as the unit of analysis.
6.5 Methods

To explore the characteristics and dynamics of solo and group exercise, we begin by
classifying observed data based on the number of peers co-present for the activity. Each

activity record has an attribute that represents the number of athletes/users taking part in



68

that activity. We identify activities involving only one athlete as solo activities and activities
having more than one athletes as group activities. Our data have 696,856 (78.47%) solo
activities and 191,237 (21.53%) group activities. In the analysis that follows, we evaluate
the characteristics and dynamics of each type of activity, comparing solo exercise against
group exercise. We do so for men and women separately, in order to tease apart any gender
differences in these results. Comparing between genders is also important because the Strava
platform is heavily male dominated and prior work has noted that individuals within this
environment may have different experiences and social networks (Spiro and Almquist, 2016).

When exploring the temporal dynamics of exercise, we consider: (1) the day of the week
(i.e. Monday to Sunday) and (2) the hour of the day (i.e. 0:00 to 23:00) during which
activities are observed. Each activity has a local timestamp indicating the start time of
the event. An analysis of temporal features could help understand the seasonal patterns of
solo and group activities. We hypothesize that people prefer to do more solo activities on
weekdays because it is possibly harder to coordinate time among multiple people for group
activities during these days. Hence, we also hypothesize that group activities take place more
frequently on weekends. We also want to find out the “busy” time periods for solo activities
and group activities.

Next, we want to understand how performance, that is physical exertion, is related to peer
co-presence. Prior work on peer influence and social support suggests that peer co-presence
motivates individuals to engage in physical activity more regularly and more often, but it
might also motivate them to work harder, exerting themselves more throughout their physical
activity. Measuring performance is challenging and likely involves a multifaceted approach.
Strava also applies a diversity of measurements for physical activities. Therefore we consider

five distinct measures to operationalize activity performance. These include:

a. Distance: total distance of an activity (available on all data)

b. Elevation: total elevation gain of an activity (available on all data)
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c. Duration: total moving time of an activity (available on all data)

d. Activity effort: average watts (available on cycling activities - around 60% data) and

average speed (available on all data)®

e. Physical challenge level: Strava provides its users with a computed “suffer score” which it

calculates based on estimated heart rate intensity (available on premium users’ activities

- around 10.5% of data)®

Finally, our work aims to compare social feedback for activities that are complete solo
versus in groups. Strava users can post comments and kudos (i.e. “likes” or +1s) on an
activity. Related work suggests that these social interaction functions have motivating effects
on physical activities (Chen and Pu, 2014). Hence, we are interested in analyzing whether
workouts as a group receive more comments and /or kudos from activity participants or other

Strava users.
6.6 Results

In this section, we present findings to address the research questions outlined previously.
First, we discuss overall gender differences in posting behavior and exercising alone or with
a group. We then continue, considering the temporal dynamics of when individuals choose
to exercise alone and in groups, and how these dynamics are gender dependent. Next we
evaluate how fitness behaviors differ, in terms of performance and social feedback, when
individuals exercise alone compared to when they exercise with others physically co-present.

Again, we consider the differential effect of these activity features by gender.

5 Average watts measures the rate of energy conversion with respect to time. Since it is available on
partial data, we use the measure of average speed that is available on activities of other types including
running, hiking so as to avoid possible biased sampling merely from rides.

6Solo activities and group activities account for 76.25% and 23.75% of premium users’ activities,
respectively, roughly matching the proportions in the entire data sample. Therefore, we believe that
the measure of suffer score is still representative and not likely to introduce large bias to the analysis.
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6.6.1 Gender Differences in Activity

Activity counts Percentage

Female Alone 91,248 0.768
Female with Others 27,576 0.232
Male Alone 580,832 0.786
Male with Others 158,448 0.214

Table 6.1: Counts and Percentages of Solo/Group Activities by Gender

Strava is a male-dominated platform, where the large majority of platform users are males,
and this is reflected in our dataset. To begin our analysis, we count the number of activities
of both types for each gender, and calculate the corresponding percentages. Table 6.1 shows
a greater percentage of activities posted by females are group activities than among males,
indicating that there are proportionally more women who are involved in group activities.”

Figure 6.1 shows how each gender is observed to participate in activities that involve a
specified number of participants. For example, in the Figure 6.1(a), the largest rectangle
represents the proportion of activities posted that include only one user across gender. The
width (0.7857) and height (0.7679) of the rectangle correspond to the proportion for men
and women, respectively. Since, in this case, the width is greater than the height, we know
that solo activities enjoy a larger proportion among men than among women. However, for
activities having two participants, we find a much larger proportion among women, indicating
exercising with a single peer is observed more frequently among women. As the number of
activity participants increases, rectangles gradually deviate from the dashed line, indicating
that female users tend to engage in more activities in smaller groups (mostly in a group of

size two); as participants continue to increase, we find that the trajectory of the rectangle

7A chi-squared test was performed to determine if significant difference exists in these counts.
Unsurprisingly, given the dataset size, we find a highly significant (p < 0.001) relationship between gender
and exercising alone versus with others.
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proportion at that point.

position goes back, closer to the dashed line, indicating that men (in proportion) are involved

in larger group activities.

6.6.2 Temporal Dynamics of Activity

One of our primary research questions aims to identify seasonality patterns for solo and
group exercise. Figure 6.2 shows the proportion of solo and group activities posted to
Strava across the week. We observe that proportions of group activities are smaller on
weekdays compared to that of solo activities. Moreover, about 50% group activities occur
over weekends, greatly exceeding the proportion of solo activities. For solo activities, we see
a relatively stable and consistent pattern throughout the week. Exercising on Mondays and
Fridays appears to be less attractive to athletes, as fewer activities - both solo and group

activities - are posted on these days.

We further examine the seasonality patterns of solo and group activities in terms of
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Figure 6.2: Distribution of solo (yellow) and group (green) activities across the seven
weekdays. Corresponding lines map trends over the week.

the hour of the day and the day of the week. Figure 6.3 visualizes solo/group activities
occurring during a specific hour on a specific day of the week. Greater numbers of activities

are represented by darker blue squares; lighter squares indicate smaller numbers of activities.

We observe that group activities, in general, are not frequent during regular work hours
as we see clusters of dark blue squares positioned at the hours after work (nearly 5pm - 7pm)
on weekdays or in the mornings (nearly 6am - 11am) on weekends. This pattern is consistent
across gender, however males exercising with others tend to do so slightly early on weekends.
We find that solo activities occur most often early in the morning or after work on weekdays,
and in the mornings on weekends. Again, this pattern is consistent across gender with males

exercising slightly earlier in the morning on weekdays and weekends.
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Figure 6.3: Heat maps visualizing the distribution of activities across local start time and
day of the week for solo and group activities by gender.

6.6.3 Co-Present Peers and Activity Performance

Our second research question considers the relationship between the number of activity

participants (i.e. peer co-presence) and activity performance. We measure performance
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in terms of multiple dimensions, including, distance, elevation, duration, activity effort,
and physical challenge level. These measures were discussed in detail in Section 6.5. For
each measure, we take the average of its value across all activities given a specific athlete
count. Then, we examine trends as the number of activity participants increases. We find
a consistent pattern across all measures: performance increases sharply as the number of
participants increases up to five, when performance shows diminishing returns — increasing
but at a much smaller rate.

Figure 6.4 shows this result for average watts, as well as moving time, as a function
of athlete count. Other performance metrics show similar results, and are available in the
appendix. It should be noted that we have few activities with very large group size, so we
expect greater noise (e.g. greater uncertainty about estimates and larger confidence intervals)
as group size goes up. In order to present readable visualizations, we truncate athlete count
at 20. Our preliminary analysis shows some gender differences in baseline activity effort,
such as average watts for solo activities, so visualizations show results by gender. However,
the observed relationships between performance and group size are consistent across both
gender groups, as seen. Moving time is one of the few performance metrics that shows a

negative relationship with group size, and only for groups larger than 5-10 athletes.

6.6.4 Social Feedback for Activities

Finally, we analyze how the number of athletes involved in a particular activity is
associated with subsequent feedback received by the posting athlete by examining three main
interaction types. Each of these types of social interaction enables Strava users to provide
peers with social feedback about their posted activities. Users can make comments and give
kudos (or “likes”). In addition, the original author of the activity can post associated photos.

Figure 6.5(a) shows what percentage of activities that were ever commented on by other
platform users for type of activity, across genders and then combined. We find that group
activities are much more likely to be commented on; percentages of activities commented

involving groups are twice as high as those of solo activities in across all cases. Additionally,
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we do not see significant gender differences here. We do not show results for kudoed activities
because it has roughly the same pattern as commented activities.

Figure 6.5(b) shows the percentage of activities with accompanying photos posted in
Strava or Instagram. We see that users are more likely to post photos to group activities.

Moreover, we observe that female users tend to post more photos to both solo and group
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activities than male users.

Overall, group activities and solo activities differ in terms of the proportion of received
social feedback. We find that group activities are much more likely to attract social feedback
including comments and likes from peers. Moreover, group activities tend to motivate users’
behavior of content sharing by posting activity-related photos, which in turn is likely to gain

more attention among users’ online social circle.
6.7 Discussion

This study compares activities posted by users in an online fitness community. In
particular, we focus analysis on how the characteristics of these activities — when they occur,
how intense they seem to be, and how much social feedback they receive — may be associated
with the number of co-participants. To do so we make use of a unique dataset collected from
the online community Strava, utilizing application features that allow users to specify who
they are exercising with; data comprise not only the behavior of individual athletes (users),
but also detailed records of who is physically co-present with these users. Our analysis
demonstrates a number of significant findings.

First, we observe that female users tend to post activities that involve a single peer —
exercise events where the number of total participants is two. Males, on the other hand,
tend to post solo activities or activities that involve larger groups. These results hint at
specific gender preferences in group exercise and have numerous implications for peer effects
on motivation and health promotion. Importantly, for any network-based intervention or
behavior change, the social networks (and as a consequence influential peers) for men and
women look very different (Granovetter, 1973; Centola and Macy, 2007; Bakshy et al., 2012;
Lewis et al., 2012). Results suggest that females might have a single or small set of influential
strong ties (i.e. exercise partners), while men may have a large, diverse set of peers who could
be influential.

This study finds evidence for strong seasonal effects on group exercise. Group activities

usually take place after work during the week or early in the day on weekends, whereas many



Female Solo W5 Male Solo All Solo
W Female Group WM Male Group % All Group

18.0% -

16.0%

14.0%

12.0%

10.0%

8.0%

6.0%

4.0%

Percentage of commented activities

2.0%

0.0%
Female Male All

(a) Percentage of activities earning at least one

comment by another Strava user

Female Solo I Male Solo All Solo

W Female Group WM Male Group 9% All Group
10.0% -

8.0%
6.0%
4.0%

2.0%

Percentage of activities with photo posted

0.0%

Female Male All

(b) Percentage of activities with photos available on

Strava or Instagram

Figure 6.5: Measure of social feedback by gender and activity (solo versus group).

7



78

solo activities also take place in the early mornings on weekdays. Building from the previous
discussion, while strong diurnal patterns are unsurprising in human behavior (Golder and
Macy, 2011), results demonstrate that opportunities for peer influence on health behaviors
are likely to be restricted or constrained in systematic ways. For example, designers of
application features might suggest that exercise partners should take into account optimal
times for group exercise and individuals preferences for when to work out. While outside
the scope of this study, there are many interesting directions for future work that considers

mechanisms to affect behavior change.

Group activities differ from solo activities, in terms of effort, exertion and performance,
our analysis indicates. When exercising with others, even just a single peer, athletes see
notable gains in workout intensity and energy expended - increases in average power output
(measured in average watts for cycling events), moving time and distance. Interestingly,
these gains continue to increase for every additional activity participant (though primary
gains are seen for the first 5 additional co-present peers). Activities with co-present peers
might be informal (organized by the participants themselves) or formal (group rides perhaps
organized by a local club or other organizational entity). Further work might tease apart
these different conditions to offer insight into peer effects and impact of institutional structure

on exercise (Vilhjalmsson and Kristjansdottir, 2003).

Co-presence and social interaction are distinct but related concepts. In the final component
of the analysis presented here, we consider observations of social exchange among athletes.
In particular, we consider social feedback behaviors - platform users commenting and liking
each others’ activities. Findings demonstrate that group activities are associated with higher
levels of social feedback than solo activities. Moreover, group activities are significantly
more likely to include multimedia (photos). In the latter case, data also reveals gender
differences, where females are more likely to post group activities with photos than males.
Increased engagement and social feedback may also be related to motivation and future

activity, suggesting more promising directions for further work.
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6.8 Limitations

While the study presented here offers novel insight into the characteristics of physical
activities where peers are co-present, it is not without limitations. One notable concern is
the ability of Strava application users to restrict their activities to be private, shared only
with pre-screened peers. Private accounts, and likewise private activities, cannot be accessed
from the Strava API, and therefore are excluded from the data used in this study. Athletes
who choose to restrict access to their data may systematically differ from users who make
their data public. Unfortunately, we are unable to assess the impact of this bias because
of lack of data. Instead, one should be careful about generalizing these results beyond the

population of study.

6.9 Conclusion

As social fitness mobile applications become widely used for personal activity tracking,
social support and health promotion, opportunities for understanding the effects of social
networks and peer influence on behavior change and health expand. Drawing on features of
social media and activity tracking applications, many of these new platforms capture rich
data about physical activities as well as peer-to-peer interactions. The behavioral trace data
they archive have the potential to significantly alter understanding of health and well-being.
In this study, we explore the characteristics and dynamics of social exercise, that is fitness
activities with at least one peer physically co-present. Our research focuses on quantifying
diurnal patterns, activity performance and social feedback as they vary by the number of
people participating in an activity; we also compare associations by gender. Our results
indicate that when peers are physically co-present exercise tends to be more intense and
receive more feedback from other users. Findings also suggest gender differences in the
observed tendency to engage in physical activity with others. The implications of these

results for network-based health and wellness interventions are also discussed.

<<END OF PUBLICATION>>
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Chapter 7

CONCLUSION

The goal of this dissertation is to demonstrate that computational approaches can derive
valuable insights from large-scale behavioral traces to better understand how fitness tracking
applications and social support mechanisms work together to shape people’s fitness behavior
and social networks. How do social features and underlying mechanisms designed in fitness
platforms facilitate people’s behavior change? How are online social interactions tied to
offline social support, if at all? Answers to these questions can lead to actionable insights into

human behavior and health promotion, improving the health and well-being of communities.

To better understand fitness behavior of users in online fitness communities, it is necessary
to first ask, and answer, a basic set of questions: how much and when do people exercise?
how much do people interact with each other online fitness platforms, and in what capacity?
The empirical chapters in this dissertation begin with these analyses, and build from this
foundation to explore the intersection of social engagement online and social exercise in offline
environments. Beginning first with some of the data collection challenges, this dissertation
responds to platform restrictions imposed on data access and visibility by implementing a
novel data sampling approach that allows one to obtain a representative dataset of users and
their activities. Using this, along with a dataset obtained through collaboration with the
a fitness tracking platform, this dissertation tackles a series of questions related to exercise
and social interaction. Chapter 4 investigates the dynamics of people’s physical activities
and the social network of relationships with other users, whose activities they subscript to
in the fitness community, as well as their association. We learn that network interactions
are playing important roles in supporting and encourage more active physical exercises.

Next, to advance our understanding of online social support, Chapter 5 investigates the
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underlying processes of how people’s online networks may be formed and demonstrates how
online personal network structure varies by demographic and economic factors. Next, we
ask about how such differences may also persist in physical exercise, by investigating social
exercise — exercise that takes place with others. Chapter 6 analyzes the characteristics
and dynamics of social exercise with at least one peer physically co-present. This work
shows that social exercise has overall advantages over solo exercise, particularly in terms of
exercise performance and social feedback. In all, this dissertation provides methodological
and empirical contributions to better understand the complex mechanisms of social support

on individual fitness behavior.

7.1 Summary of Contributions

In the preceding chapters, this work developed and utilized techniques to address core
research questions at the intersection of information science, social science and computer
science. It is well established in prior work that physical activity brings mental and physical
benefits. Research on health intervention mechanisms to motivate behavior change and
promote health has been a critical topic in social science especially in disciplines such as
public health and sociology. Social support has been linked to many physical and mental
benefits and has been demonstrated to be an effective intervention strategy. As pervasive
technologies advance, activity tracking applications and online fitness communities are on
the rise. Recently, increasing attention has been paid to promoting positive fitness behaviors
through social interaction in online fitness communities. These platforms archive digital
behavioral traces of users’ physical activity and online social interaction behaviors offering
researchers a new data source — one that provides researchers opportunities to overcome
limitations in generalizability of previous research on social support and health promotion.
However, large-scale data also brings challenges to data collection, data processing, data
analysis and data communication, which are of primary interest for researchers in information
science. This work collects and leverages large-scale behavioral trace data, attempting to

deepen current understanding of human behaviors and social dynamics as well as provide
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new insights into health promotion and intervention. We build computational models using
machine learning and social network-based analyses to investigate empirical patterns in self

tracking of exercise.

This dissertation investigates the ways in which the tools of self-tracking and social
support are designed and as a result shape people’s fitness behavior. The research site
for this work is Strava. Strava is an exemplar of many online platforms designed to allow
tracking of exercise in combination with building a community of users to engage with each
other around these fitness activities; we expect to see the methods developed and empirical

learnings presented in this work to be broadly applicable.

Chapter 2 reviews studies on self-tracking, online fitness communities, social interaction
mechanisms and social support for positive behavior change. Chapter 3 presents a framework
of collecting behavioral traces from online fitness communities. We demonstrate these
methods in the case of Strava, but one can easily adapt the data collection framework to
collect behavioral traces in other online fitness communities within similar properties and
access points. Next, in Chapter 4, we showed how to leverage large-scale fitness data to
reveal people’s fitness behavior and social interactions in online fitness communities; also, we
modeled individuals’ activity level - not only we found a strong co-relation between social
subscription and activity occurrence, but also we quantified the “power” of gaining one
follower to exercise more. We then, in Chapter 5, further proposed stochastic process models
to characterize the empirical network degree distribution of fitness community members.
The results demonstrate that gender, age and account status are associated with distinct
network structure. Lastly, in Chapter 6, our focus switched from online social support to
offline where we showed social support from physically co-present peers provides motivation
to more intense activities and more feedback to other users; we also found interesting gender
difference in the number of people males or females prefer to co-exercise with. These studies
form a first step towards developing scalable computational methods to measure, understand
and predict individual fitness behavior and the mechanism of social support in behavior

change.



83

7.2 The Role of Platform and Design Features

While the preceding chapters focus on individuals and groups — people, as they nagivate
online fitness community — it is also important to recognize the role that these platforms
themselvs play in this domain. Previous research has found that content and features in
online platforms can effectively nudge users towards certain attitudes and behavior (Gupta
et al., 2021; Dessart and Duclou, 2019). For example, sharing features or a “share button”
to encourage social sharing (Malhotra et al., 2013); gamification elements to nudge for more
active behavior (Althoff et al., 2016); content (eg. images, quotes, advice) on exercise and
healthy eating to facilitate positive perceptions of health (Raggatt et al., 2018). Indeed,
such online platforms are constantly adding features to engage users in behavior change and
health promotion (Couture, 2021; Wang et al., 2016). It is important to recognize that the
empirical results discussed in this dissertation result from the joint influence of individual
actions or preferences along with these platform nudges. For example, as individuals join the
Strava platform they may be suggested social contacts based on other social media accounts
or local users. Hence their activity behavior and social networks as observed in our datasets is
not only an outcome from their individuals choices, but likely a joint outcome from intrinsic
sources of motivation and algorithmic decisions made by the Strava platform which help
to establish or strengthen their social networks. This is one dimension of why we choose
Strava as an exemplar online fitness community to study social support on individual fitness

behavior.

Platforms are also constantly in flux; new features are introduced, algorithms that
govern recommendations are updated and expanded, and different experiences are tested
against each other in live experiments. This environment is much different from prior work
on health behaviors, most of which was confined to laboratory settings. Data collected
from lab experiments are often expensive and at limited scale. For researchers, online
platforms also offer pathways for experiment design and the ability to examine causal effects

on human behavior (at much larger scale and lower cost than previously possible). For
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example, natural experiments can analyze individual behavior before and after introducing
new features in platforms, estimating the effect of the feature on how individual users behave
(Althoff et al., 2017a); it is also possible to conduct carefully devised controlled experiments
in online platforms (Aral and Walker, 2009; Bapna and Umyarov, 2015). For example,
this dissertation points out people’s preference for choosing exercise partners with specific
genders. One potential future work might be able to establish a causal link for this finding by
suggesting exercise partners — those whose gender matches the subject as well as cross-gender
suggestions. Observing how these suggestions translate into offline exercise could help tease
apart the choice of partner, especially if the researchers are able to control for other factors
such as physical distance apart, workout schedules, etc. There are many exciting possibilities

for future work here.
7.3 Future Directions

The results presented in this dissertation point to several interesting future directions,

some of which we shall outline here.

7.3.1 Social support to promote health-related behavior in marginalized groups

The society we live in is marked by social inequalities, many of which related to class,
gender and age (Skauge and Seippel, 2020; Ulseth and Seippel, 2011). This dissertation
showed that gender difference exists in people’s fitness behavior, the processes governing the
formation of online network ties, perceptions of social support after participating in physical
activities, etc.

However, academic research on how marginalized or stigmatized groups engage in or
react to digital self-tracking for fitness well-being is still in its infancy. In addition to gender
inequality, how are elderly people, people from minority ethnic or racial groups, people
with poor literacy skills or people with disabilities receive and/or perceive social support
via the engagement of digital self-tracking technologies and online communities? Is the

ever-increasing popularity of digital self-tracking practices and online fitness communities
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widening or narrowing social inequality in fitness and health? A better understanding
of the mechanisms of social support on these populations, particularly with respect to
exercise-related behavior is ever-more important as it can potentially decrease social inequality

in fitness, and therefore health.

7.3.2  Fitness behavior change over a long period of time

This dissertation examined large-scale trajectories of users’ posted activities to analyze
how their activity level may change over time. This study analyzed users in two metropolitan
areas - Boston and San Francisco. The ability to use large-scale behavioral traces to
understand behavior change over a long period of time is crucial to sustainably improve
the overall social well-being.

Currently, the world is suffering under the Covid-19 pandemic. How does fitness behavior
change as a result of social distancing and/or lockdown at population scale during the
Covid-19 pandemic? How should we develop strategies that still motivate positive change of
health-related behavior during crisis? To answer these questions can be a bigger challenge

but lead to meaningful outcomes for social good.

7.8.3  Supportive social networks

Online fitness communities are primarily designed to promote positive fitness behavior.
Millions of social interactions among users are taking place during their daily usage of
the services. In this dissertation, we leveraged large-scale digital traces of online network
interactions and offline co-exercise interactions to better understand how to support each
other to better achieve one’s fitness goal. We have also shown that social support both
online or offline can have significant relationship on someone’s activity level and activity
performance.

However, we have yet to fully understand supportive social networks that optimize for

the users’” mental and physical health. In what ways do social interactions in such networks
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provide the members with comfort or reassurance? In contrast, when do such interactions

frustrate or disappoint people? These questions may point to an exciting future direction.
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