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ARTICLE INFO ABSTRACT

Keywords: Strava is the largest online social network for athletes. We used Strava’s big data to investigate how runners in
Social network analysis the same virtual Strava club influenced each other’s running behavior. We hypothesized that receiving kudos on
Sports

recorded activities would spur exercise rates, and that the running behavior of clubmates to whom ego gave
0 kudos would serve as a motivational example. We focused on five different Strava clubs that functioned as a
Social influence . . . . . .
Strava virtual extension of real-life Dutch running clubs with a total of 329 members. Using data on kudos and recorded
SAOM activities, we constructed a longitudinal dataset of complete networks and behavior over 11 periods with a one-
month time window. We tested our hypotheses using SIENA. We found that receiving kudos induced runners to
run more and more often. Moreover, athletes tended to adjust their running behavior to that of their ‘kudos-
friends’ (i.e., those to whom they gave kudos). Contrary to our expectation, kudos-friends who ran more and
more often than ego were not the most influential. If anything, the reverse was true; athletes were more likely to

Social support

come to resemble the running behavior of their kudos-friends who ran less and less often.

Introduction

Western societies have reached a pinnacle in physical inactivity
(Pratt et al., 2020). Promoting sports participation has therefore become
an important element of increasing physical activity levels among
populations (WHO, 2019). Researchers and practitioners have tried
several individual-level strategies to stimulate behavior change towards
greater physical activity (for a review, see Murray et al., 2017). How-
ever, despite numerous efforts, the effects of current interventions
proved rather short-lived. The real challenge seems to be keeping people
active and the failure of individual-level behavior approaches in this
respect has urged researchers to shift their focus to social influences (e.
g., Hunter et al., 2019).

The people we do sports with can provide various types of social
support and other resources beneficial for keeping active. Peer influence
processes may induce us to try to mimic the activity patterns of our
sports partners. Sports partners may actively try to persuade us to keep
exercising, by inviting us to co-participate or by explicitly encouraging
us, or they may passively serve as peer models (Bandura, 2001). The
more we become aware of the sports activities of our peers, the more
likely we are to perceive their sports behavior as a normative example
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(Ajzen, 1991). This may motivate us to try to mimic the observed ac-
tivity patterns, resulting in more or fewer sports activities depending on
the sports behavior of our peers.

Social networks are known to influence aspects of health, ranging
from the patterns of infectious disease spread (Keeling and Eames,
2005), over the diffusion of obesity (Smith et al., 2020), to smoking and
drinking behaviors (McMillan et al., 2018). However, owing predomi-
nantly to data and methodological limitations, little research has
examined the extent to which, and the mechanisms by which, social
networks influence sports behavior. Previous findings that certain
characteristics, such as network size and the activity levels of alters,
correlate with an individual’s physical activity — while consistent with
the idea of peer influence — do not provide empirical support for a causal
assertion (Shalizi and Thomas, 2011). We need to control for shared
social contexts (e.g., the same neighborhoods or sports clubs) and peer
selection processes, in order to progress beyond just documenting that
people who are more closely related to each other tend to have more
similar sports behaviors.

Social media platforms and the digital data traces they produce have
provided researchers with rich data in recent years. Unlike conventional
datasets, based on questionnaires, these new digital data sources often
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provide copious information on the evolution of online social networks
as they unfold (Edelmann et al., 2020). Digital trace data support
innovative research on various aspects of health. For instance, using
data from social media, researchers have studied mortality (Hobbs et al.,
2016), the dissemination of health information about vaccines (Salathé
et al., 2013), and problem drinking (Moreno et al., 2012).

Alongside general social media platforms, such as Facebook and
Twitter, online fitness communities for people to interact and influence
each other’s exercise motivation have risen to prominence. Popular
sport apps, such as Strava, Zwift, and Garmin Connect, draw on social
network services and have received special attention from sports aca-
demics and professionals (Koivisto and Hamari, 2019). The emergence
of online fitness communities presents an important resource for
addressing the shortcomings of previous network studies in the field of
sports and active living. Previous studies in this field are subject to
several limitations. They are often studies of friendship networks among
adolescents in school classes (e.g., de la Haye et al., 2011; Fujimoto
et al., 2018; Shoham et al., 2012; Simpkins et al., 2013). The specificity
of such samples limits their generalization to a broader (adult) popula-
tion. Moreover, these studies relied on self-monitoring networks and
self-reported sports and physical activity via surveys. However, the
reliability of self-monitoring networks remains a subject of sharp debate
(e.g., Bernard and Killworth, 1977). Likewise, self-report measures of
sports and physical activity are notoriously unreliable and known to
suffer from cross-sectional misclassification bias based on gender, age,
and educational level (e.g., Dyrstad et al., 2014).

Online fitness communities provide tools that solve these issues. One
of the things that set these communities apart, is that they operate
almost exclusively through biometric data. Sports activities are gener-
ally uploaded onto the platform automatically, and since the majority of
its members self-track their activities using GPS-enabled devices, ac-
tivity posts typically include precise and reliable exercise data. More-
over, most social interactions on these platforms leave a digital trace,
and therefore a signification of some type of social relationship. The
availability of such trace data, together with detailed information on
individuals’ day-to-day exercise behaviors, form a golden opportunity
for researchers interested in the social dynamics of sports. These new
technologies provide not only novel resources for analyzing social in-
fluences with respect to sports behavior, but ultimately also empirically
grounded avenues for mobilizing the motivational power embedded in
social networks to promote sustainable exercise behaviors.

Taking a field experiment approach, Zhang and colleagues (2015,
2016) created their own online fitness communities to evaluate the ef-
fect of social influence mechanisms on changes in sports activity. Zhang
and colleagues (2016) used a randomized controlled trial to compare the
effects on sports participation of online communities in which anony-
mous peers interacted in either a supportive or competitive online
community. They found that social comparison in online networks
provided a significantly greater source of social influence on exercise
class attendance than social support. The experimental approach is
appealing because it avoids possible confounding effects of exogenous
social environments and eliminates the selection or homophily problem
that “birds of a feather flock together” (McPherson et al., 2001). Such
experiments can, in many cases, help researchers circumvent network
endogeneity issues of observational studies, and therefore constitute a
powerful approach for assessing peer influence. However, in real life you
often select interaction partners yourself, who may then influence you.
Therefore, omitting selection processes by randomly assigning in-
dividuals to peer groups may lead to a wrong assessment of influence.
We suspect naturalistic networks to be stronger sources of a more
effective generation of social support than experimental networks con-
sisting of anonymous, non-chosen ‘peers’.

In this contribution, we exploit the new opportunities provided by
social media to investigate social influences on sports behavior. Spe-
cifically, we analyze big data from the online fitness community Strava.
Strava is a web-based platform and mobile app used by recreational and
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professional athletes, mainly in running, cycling, and triathlon. Strava
provides users a means to keep track of their sports activities by auto-
matically uploading their sports sessions, which are recorded by smart
devices. Via Strava, users can connect and interact with online friends,
mainly by giving kudos or commenting on recorded activities. Users can
also compare their performance to that of friends.

We investigate to what extent receiving kudos — a virtual thumbs-up
— and the sports activity of ‘kudos-friends’ (i.e., alters who ego gave
kudos) influence sports behavior. We focused on the networks formed by
kudos relationships between Strava users in the same virtual club and
their monthly running behavior (in terms of running frequency and
volume). Our dataset comprises five Strava clubs, 329 athletes, 12
monthly time points, 19,026 kudos relationships, and 10,037 recorded
activities spanning a total volume of 10,027 h. We used the stochastic
actor-oriented model (SAOM) implemented in R as the Simulation
Investigation for Empirical Network Analysis (RSiena) to identify social
influences on running behavior within the kudos networks of these
virtual clubs (Ripley et al., 2022). We tested the extent to which (1)
receiving kudos motivated users to run more and more often and (2) if
and how the running activity of kudos-friends influenced running fre-
quency and volume. We controlled for multiple factors that affect who
users interact with on Strava (structural network and selection effects)
and factors influencing sports activity (e.g., gender, seasonal effects,
shared club environments).

In sum, we pioneer the use of Strava’s big data to study social in-
fluence among runners in Strava clubs. Unlike prior SAOM studies,
which focus on very specific groups (adolescents in school classes), our
focus is on a broader population of adults across diverse running clubs.
Instead of using survey instruments, we measured sports behavior more
reliably by, for the most part, automatically recorded activities. We
conceptualized a new type of social network, the kudos network, which
is constructed with digital trace data of actual interactive behavior
within the club. New social influence operationalizations are introduced
and tested to better understand the mechanisms by which friends in-
fluence one another’s activity levels (see methods section). While prior
studies exploiting the opportunities offered by social media employ
experimental networks, our study investigates naturalistic networks.
Lastly, we followed Strava-users for a relatively long one-year time
window, during which we observed the network and behavioral out-
comes 12 times.

Theory
Theoretical considerations of previous research

A body of evidence shows that social networks help enable the
pursuit of sports over time (e.g., Fitzgerald et al., 2012; Franken et al.,
2022; Keegan et al., 2011). Two major mechanisms through which the
people we do sports with can motivate us to stay active are related to
social support and social comparison. Social support is a
long-established strategy for promoting healthy behavior in social net-
works, both offline and online. It refers to [the] “aid and assistance
exchanged through social relationships and interpersonal transactions”
(Heaney and Israel, 2008, p.191). Social support encompasses various
categories, such as informational support (i.e., providing advice or
guidance), esteem support (i.e., bolstering a sense of competence), and
instrumental support (i.e., concrete instrumental assistance). Social
support from network partners in a sporting context has been shown to
be an important resource for athletes (Sheridan et al., 2014).

An alternative approach to encouraging continued sports participa-
tion utilizes social comparisons (Diel et al., 2021a). Using others as a
reference standard is at the core of many different sports (Walton et al.,
2020). The activity levels of our sports partners might serve as goals for
our own activity. Social comparison and social learning theory (Ban-
dura, 2001; Goethals and Darley, 1977) posit that individuals evaluate
the ‘desirability’ of their behavior using their peers’ behavior as a
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yardstick, leading them to match their behavior to that of their peers.
They may intentionally try to imitate peers’ behaviors to promote their
relative standing or to avoid rejection by peers. Thus, this refers to the
principle of assimilation, according to which “network actors adapt their
own individual characteristics to match those of their own social
neighborhood” (Steglich et al., 2006, p. 51).

A fundamental assumption of this principle is that ego estimates his
ranking within the group based on the characteristics of a ‘generalized
other’ (Marsh et al., 2008). In other words, ego is assumed to evaluate
his position compared to the behaviors of all ties, and to act upon this
evaluation [i.e., by maximizing the (average) similarity to all actors to
whom ego is tied]. This implies that all peers are equally important
comparison targets and subsequently equally important sources of in-
fluence. However, since the first formulation of social comparison the-
ory, it was conjectured that this may not be the case: from ego’s
perspective, peers may differ in their attractiveness as comparison tar-
gets and the extent to which their behaviors are desirable. In line with
Festinger’s early work, we expect that different sports abilities and
performances have intrinsically different values (Festinger, 1954, p.
124). This succinctly captures much of what is often understood as
‘social status’ (Sauder et al., 2012), which is to say the prestige accorded
to an individual based on the position he or she occupies in the group.
From this perspective, it can be expected that sports activity has an
aspiration effect, meaning that more active athletes are more attractive
as interaction partners, but simultaneously, it can be expected that
sports partners that are relatively more active are subjectively more
meaningful comparison targets and consequently greater sources of
influence.

Thus, according to the literature, support provided via social ties can
improve an individual’s sports participation; social comparison pro-
cesses may stimulate athletes to try to resemble their co-athletes, and
athletes may especially try to mimic the sports behavior of co-athletes
with a higher status.

Strava

The empirical context in which we will investigate these general
ideas is Strava. Strava is a social platform for athletes to track their
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activities and gain insight into their performance. Strava uses smart,
often GPS-enabled devices (e.g., smartwatches) to map routes and log
training metrics such as pace and duration. After completing a workout,
data is generally automatically synced across the platform.

While sports activity tracking has become mainstream practice
(Lupton, 2016), Strava has managed to successfully bridge the gap be-
tween activity-tracking utilities and traditional social media (e.g.,
Facebook), hence establishing itself as a global leader in the ‘social
fitness’ industry. Strava had more than 74 million active users in 195
countries in 2021 and recorded over one billion activities in 2020. Like
traditional social media, Strava uses a system of ‘following’ other users.
When you finish a workout, your exercise data appears in your personal
feed (activity log), as well as in the feeds of your followers and your club
(see Fig. 1). Strava has introduced competition through various gami-
fying elements, such as virtual leaderboards, segments (portions of
routes where athletes can compare times), monthly challenges, and
trophies or badges to earn. Moreover, users can interact with each other
via their recorded activities by giving kudos and posting comments.

Communication, sharing of activities, and kudos form a central part
of being a Strava user (Smith and Treem, 2017). Using the survey dataset
ABS (Franken et al., 2020), we explored Dutch runners’ reasons for using
Strava. Here, Strava runners’ (n = 290) prime motive for using the app
was to log activities (83 % expressed this reason) and track progression
(expressed by 78 %), followed by comparison with peers (31 %), inter-
action with (online) friends (23 %) and receiving support (21 %) (cate-
gories were non-exclusive).

A potential problem with Strava is that it only allows data to be
sampled based on user activities, yielding the risk of data being biased
towards highly active users (Almquist et al., 2019). To circumvent this,
we used Strava clubs as our sampling unit. Clubs are easily accessible
communities in Strava (like Facebook groups), which enable individuals
to form connections, join up and work out together, while interacting
with one another and competing on the club’s virtual leaderboard.
Strava clubs vary in size and whereas most clubs exist only online, fewer
function as virtual extensions of offline groups or athletic clubs. We used
data from Strava clubs that functioned as a virtual extension of a
formalized running club in the Netherlands. The use of such virtual
communities is appealing as they have large overlap with their offline

Achievements

48m 38s 1

Ubbergen

& B

Fig. 1. Example of the type of activity post that Strava displays in the feeds of the user, their followers, and their club.
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counterparts (Subrahmanyam et al., 2008) and therefore give a quan-
titative representation of the offline relationships in the clubs. More-
over, a focus on ‘real-life’ clubs allowed us to select cases that differed
from each other on multiple relevant features and thus to mimic a
most-different design. Last, an advantage of focusing on club networks,
rather than ego-centered networks of individual Strava users, is that
they represent complete networks, which are required input for SAOMs
to model selection and influence effects simultaneously, hence control-
ling one effect for the other.

In this study, we focus on the network made up of the kudos re-
lationships between the members of a Strava club. Kudos are defined as
“praise given for achievement” or “fame and renown resulting from an
act or achievement” (Merriam-Webster, n.d.). In the context of Strava,
kudos are a lighthearted, one-click feedback action that serves as a social
cue of affect, support, or admiration. Kudos can be given by simply
tapping the thumbs-up button below an activity post (see Fig. 1). There
is currently no way to remove kudos once they have been given. While
giving kudos may be understood as a momentary event, the kudos ties
we defined strongly resemble social states, because the networks arising
from them proved to be quite stable over time (see results section).

In line with qualitative studies of Strava, we understand kudos as a
form of social affirmation, a popular way of supporting (online) con-
nections in the pursuit of their fitness goals, and an easy cue to scan for
appreciation among peers (Spotswood et al., 2020). Kudos are argued to
make running a social phenomenon, rather than a solitary activity, and
it may shift the emphasis from the hardship of a running workout to the
social rewards that an activity post on Strava may attract (Couture,
2021). Substantial research exists on practices of social support in online
fitness communities (e.g., Hamari and Koivisto, 2015; Stragier, Mechant
etal., 2018) and related work in the gamification literature suggests that
digital social support functions such as kudos can motivate sustainable
exercise habits (Chen and Pu, 2014). Kudos may elevate self-esteem,
intrinsic motivation, and collective efficacy for increasing everyone’s
activity level.

While kudos may serve to support (online) friends, kudos can also be
a token of admiration (Couture, 2021). The specific recorded activities a
club member gives ‘praise’ to might serve as goals for their own running.
The running frequency and volume of kudos-friends might provide a
benchmark for an individual’s own running ambitions. Especially those
kudos-friends who run more and more often may set the bar.

Expectations

Given the above - if we combine the general ideas from sports
literature and the empirical context of Strava — we are able to formulate
the following hypotheses:

e Runners who are member of a Strava club will increase their running
activity when receiving kudos from more fellow Strava club mem-
bers, both with respect to running frequency and running volume
(social support expectation, hypothesis 1).

e Runners who are member of a Strava club will come to resemble their
fellow Strava club members who they give kudos to (i.e., kudos-
friends), both with respect to running frequency and volume (social
comparison expectation, hypothesis 2).

e Runners who are member of a Strava club will especially try to mimic
the running behavior of kudos-friends who run more (i.e., volume)
and more often (i.e., frequency) than they themselves (upward com-
parison expectation, hypothesis 3).

Our unique longitudinal social network data within five different
Strava clubs allows us to test the motivational power of (online) social
networks, to disentangle influence from selection effects (i.e., to account
for the possible tendency of runners to especially award kudos to ath-
letes they admire) and to distinguish between traditional peer influence
effects (hypothesis 2) versus peer influence depending on whether alters
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are more or less active in running than ego (hypothesis 3).
Materials and methods
Sample

At the time of writing (2022), Strava counted more than 700 Dutch
Strava running clubs. Most are very small and only exist online; rela-
tively few function as virtual extensions of formal groups or athletic
clubs that exist offline. We used convenience sampling to select a set of
Dutch running clubs with a Strava club extension. We tried to mimic a
most-different design and aimed to select clubs of varying size (largest
n = 159; smallest n = 9), geographical location, organizational setting,
and characteristics of members (e.g., amateurs, more experienced run-
ners, seniors). Using this sampling strategy, we hoped to account for
potential issues of selectivity and unobserved exogenous influences at
the club level. Based on our extensive knowledge of the Dutch running
landscape, and keeping in mind the feasibility with respect to data
scraping and model exploration, we selected a set of five Strava clubs. A
qualitative description of these clubs can be found in appendix A.

Procedure

A web scraping tool was used to collect kudos and activity data from
the clubs. We collected club-related information (the members of the
clubs), information on the club members (gender, number of activity
posts) and information about their activities (workout duration, kudos
received, the month the activity took place). Before saving the data,
Strava user IDs were replaced with mock IDs. Moreover, we aggregated
activity data for each user into one-month intervals before saving. We
collected data for January to December 2019. We informed Strava that
we were collecting the data. To ensure the correct ethics procedure, we
applied the decision tree of the Ethics Committee Social Science of the
Radboud University. Our study did not require ethical approval, given
that we only collected data from public profiles; our data cannot be
traced back to unique activities or users; we did not harvest health data
(e.g., heart rate data or power data); and our data was used for scientific
purposes only. Replication of this study (using the constructed dataset)
is possible with our online replication package, available at https:
//robfranken.github.io/Strava/.

Sports behavior measures

In sports literature, exercise is quantified using the training variables
frequency, volume and intensity (Noakes, 2003). In our study, we were
interested in the frequency that actors ran each month, and the total
monthly volume of their running activity. Mapping activity intensity
would have required collecting heart rate data, which we did not want to
do for ethical reasons described above. We collected longitudinal
(monthly) information on the frequency that running activities were
posted to the Strava club. We used this as an indication of the number of
running sessions per month. Running frequency was converted to times
per week. We chose eight categories, from 0 times per week to 7 (or
more) times per week. We aggregated the total volume of running ac-
tivities per month, and converted running volume to hours per week,
again, in eight categories, from 0 to 7 (or more) hours per week. In club
5, the category 7 + hours was highly populated, so we added 2 extra
categories (so, 0-9 + hours per week), resulting in a rather smooth
right-skewed distribution of running volume values for this club.

Social networks measures

In the Strava clubs, network boundaries equal club boundaries. This
is arguably realistic, given that our clubs in real life were not in close
geographic proximity to one another. We gathered data on who gave
who kudos, which we call the ‘kudos network’ (Fig. 2). We assumed
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Fig. 2. Snapshots of the kudos network and weekly running activity of members of Strava club 1 (n = 27) at t8 and t9. Note: Circles are nodes, and arrows are kudos
ties. Node size is based on running frequency (times per week); color is based on running volume (hours per week). The node-set was stable in this period.

dichotomous network relations and a constant node-set {1, ..., N} over
time. Hence, the sequence of kudos networks at observation moments t;,

..., tiz can be represented by a sequence of binary matrices X, ...,

X(12) ¢ 0, 1%V with Xlg.’” =1 if actor i awarded kudos to actor j at least
once in observation h, and ngh) = 0 otherwise. We assumed directed
networks without self-ties such that XEjh) # Xl(lh) is possible and Xl(ih) =0
for all actors i at each time point. We defined tie change as the presence
of ties regardless of whether they were newly created or maintained (i.
e., we used the ‘evaluation’ function to model network evolution).

The node-set was determined at t;,. Data was scraped retrospec-
tively. We assumed the first observation moment, from t; onward, that
actors either posted an activity or gave another club member kudos, to
be the event of them joining the club. We assumed no leavers. Resulting
changes to the composition of the networks were modeled as exogenous
events at specified time points (see Huisman and Snijders, 2003).
Turnover data are summarized in appendix B. Some members did
neither post activities nor send kudos in our window of observation (<5
%). We excluded these inactive actors from our analyses. Analyses with
the full node-set (n = 347) returned similar results.

In our operationalization of the kudos network, for a tie ngm to exist,

actor i was required to give kudos to at least one activity of j in obser-
vation h. Actor i might give kudos to more than one activity of j in h — the
average number of kudos sent from i to j among kudos dyads, meaned
over time, ranged from 3.55 (SD=0.48) in club 3-8.12 (SD=0.61) in club
2. However, a cut-off value of 1 kudos has the advantage that the
number of kudos received does not depend on the number of recorded
activities of i and that the kudos indegree equals the number of different
alters actor i received kudos from.

Additional controls

To accurately identify social influence, we controlled for other
characteristics that may be correlated with running activity attributes
and may affect who gives who kudos. We included gender as a constant
covariate, both as an ego/alter covariate (men vs. women and others)
and as a dyadic feature (same gender vs. different gender). We expected
men to run more and more often than women, and gender similarity to
breed kudos ties. Moreover, in our models explaining the dynamics of
running frequency, we included the frequency of other sports activities (i.
e., cycling and swimming) as a time-varying covariate; in our models
explaining the dynamics of running volume, we included the volume of
other activities. These covariates were constructed similarly to running
activity: 0-7 + times/hours per week. We expected higher activity
levels in other sports to reduce the frequency of running and the total
time spent running, as time and effort devoted to running must be traded
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off against time required for other sports.

We also explored additional effects on behavior change. We included
winter (months) as a time-varying dummy variable, as running activity
may fluctuate due to seasonal effects. Years active on Strava was taken as
a constant covariate, as training may be structured differently in expe-
rienced athletes compared to novices in running. However, score-type
tests (see Schweinberger, 2012) indicated these effects to be negligible.

Stochastic actor-oriented model

We used stochastic actor-oriented models (SAOMs) implemented in
R as RSiena. SAOMs represent how changes in network and behavior
unfold in the course of sequential decisions taken interdependently by
the actors of the network. Expressing these individual decisions as micro-
steps, the model provides a tool for inferring various micro-level mech-
anisms underlying the (co)evolution of observed networks (here, kudos
ties) and behavior (here, running frequency and volume), taking into
account the bounded choice set of actors in the network and controlling
for concurrent mechanisms. SAOMs assume that observed networks and
behaviors are snapshots (as in Fig. 2) of an underlying dynamic process,
which can be modeled as a continuous-time Markov chain, and that
network and behavior micro-steps are performed by randomly chosen
actors based on myopic decisions. Model parameters were estimated
using a method of moments procedure and tested for significance based
on a t-ratio.

SAOMs are appealing in that they allow for the simultaneous esti-
mation of selection and influence effects. SAOMs are, however, still
subject to limitations concerning environmental confounding. We hoped
to partially solve this problem by studying a diverse set of clubs. What is
more, SAOMs rely on a series of strong modeling assumptions (Snijders
et al.,, 2010). SAOMs assume networks of states with a tendency to
endure over time, rather than brief events. While kudos reflect event
data, the networks defined by aggregated kudos events proved to be
quite stable over time, and therefore resemble networks of states instead
of momentary events." Moreover, SAOMs assume that actors have full
information on their local networks, based on which they make de-
cisions regarding their ties or behaviors. While this may not be realistic

1 Dynamic Network Actor Models (DyNAMs) have been developed to take
into account the different nature of relational events compared to social
network relationships (Stadtfeld and Block, 2017). However, while sports ac-
tivities (posts) are time-stamped in Strava, kudos are not. Besides, using our
data in its unaggregated form would pose a difficult question of ethics. Last,
DyNAMs do, currently, not allow for the simultaneous modeling of interper-
sonal events and behavioral actions, which is the main focus of the present
study.
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in conventional self-monitoring networks (e.g., when ego cannot recall
his alters and their behaviors correctly due to cognitive constraints), this
assumption is realistic in the context of our Strava clubs. On the plat-
form, club members can observe the full node-set, what gender other
members have (based on their profile name and picture), and how often
and long they run (based on their activity posts and position on the club
leaderboard). Members can also see the list of Strava users who gave
kudos to their own and others’ activities. The actor-based framework
decomposes the evolution of networks and behaviors into the smallest
possible components, an assumption that fundamentally excludes rela-
tional dynamics of coordination. For Strava, this is a reasonable
assumption, as kudos cannot be coordinated. Besides that, the assump-
tion that behavior changes are by one unit in a single time makes sense
intuitively. Running habits naturally tend to evolve incrementally.
Runners may consider increasing their training load over time by
gradually increasing either their (weekly) running frequency or volume.
Last, an important potential issue with web platform data is the al-
gorithm that shapes users’ interactions. Social media platforms like
Strava typically work through algorithms that expose users to a selection
of contents based on their own socio-demographic attributes (or previ-
ously demonstrated preferences/interactions). SAOMs assume that
changes in an actor’s ties are dependent on a set of exogenous (i.e.,
covariate-related) and endogenous (i.e., network structure-related) as-
pects of the local network configuration, but fare independently from
exogenous mechanisms driven by (unobserved) algorithmic opportu-
nities and constraints. Such selection algorithms may result in biased
estimates for selection and influence effects. A big plus of our data is
that, at the time of data collection, such algorithmic selection mecha-
nisms were not in play on Strava’s Clubs feed (Strava, 2022; personal
user experience of second and third author). Users would navigate to
their dashboard, select their club (or their own or their followees’ ac-
tivities), and the activity posts of club members would simply be pre-
sented in chronological order. Strava did not rank activities based on
characteristics of the activity or the club member (i.e., alter).

SAOM specification

We estimated separate models for both running attributes as the
behavior variable. Given the high degree of collinearity between
running variables, we did not specify cross-effects. While estimating the
dynamics of both running attributes simultaneously was possible, this
led to convergence issues and difficulties in model comparison across
clubs. Guided by recommendations on model selection by Snijders and
colleagues (2010), we combined forward steps (adding effects) with
backward steps (deleting effects) based on theoretical considerations
and statistical criteria. We tested effects by including them and fixing
them at the value 0, corresponding to the null hypothesis, and testing
this null value using the score-type test (Schweinberger, 2012). Two
equations were specified: (1) the kudos tie formation function, which
models the process of tie creation (selection); and (2) the running activity
function, which models the dynamics of running frequency and volume
respectively (influence). Estimating both functions simultaneously
resulted in credible estimates of our presumed influence mechanisms net
of the potential confounding effects of selection. Below we describe the
effects we used to define these functions, adopting the effect terminol-
ogy from the RSiena manual (Ripley et al., 2022).

Kudos tie formation function

We controlled for the simultaneous occurrence of three structural
effects: outdegree, reciprocity and transitivity. For transitivity, we used the
geometrically weighted edgewise shared partners (GWESP) effect. We
also controlled for the interaction between reciprocity and transitivity
(Block, 2015) and the out-isolate effect (leading to not giving any kudos).
On top of these structural effects, we included degree-related endoge-
nous effects: indegree popularity and outdegree activity. We included the
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square root variant of these effects. Last, we controlled for reciprocal
degree-related activity and outdegree-related popularity.

In addition, we included selection effects with respect to running
behavior. First, we included ego/alter effects, which reflect how kudos-
ties are affected by the behavior attribute of the sender (ego) and the
receiver (alter). Second, we included similarity and higher effects, which
assess whether kudos-ties are more likely between actors with a certain
combination of characteristics. The behavior similarity effect represents
the degree to which closeness of actors on the behavior scale affects the
probability of kudos-ties. The higher effect reflects ego’s tendency to give
kudos to alters who score lower on the behavior attribute. A negative
parameter estimate for this effect implies a tendency of actors to give
kudos to others who are more active in running than themselves,
interpreted here as aspirational kudos.

Running activity function

We included linear and quadratic shape effects to model general
behavioral tendencies and potential self-reinforcing or self-correcting
mechanisms. To test the social support expectation (hypothesis 1), we
included the indegree effect, which expresses the tendency of actors with
higher kudos indegree to increase their running activity attribute. If the
estimated effect parameter is positive and makes a meaningful contri-
bution to the running activity function, this indicates that receiving
kudos indeed spurs activity in running.

We expected actors to try to mimic the running activity of their
kudos-friends (social comparison expectation; hypothesis 2). With hy-
pothesis 3, we formulated the expectation that, rather than mimic the
running behavior of all network partners, athletes aspire to become
(more) similar to alters who outperform themselves. To capture with our
models the possibility that ego is differently influenced by alters that
score higher and lower on the behavior scale than himself, we designed
two new RSiena influence effects: average attraction towards higher and
average attraction towards lower. In appendix C, the new influence effects
are discussed in more detail.

Analytical strategy

We stratified all analyses by club, resulting in different parameter
estimates for each club. We performed 5000 permutations per model.
Models were identical across clubs but, based on score-type tests, we
decided to fix the values of parameters of specific effects in some clubs to
0. For each parameter separately, the results of the five clubs were
combined in a meta-analysis. Five clubs is too low a sample size to
provide adequate information about a population of clubs. Therefore, a
Fisher combination procedure was used. This method provides results
from combinations of left-sided and right-sided tests of the null hy-
pothesis that in all of the five clubs the parameter is zero. These com-
binations are based on Fisher’s combination of p-values, each using a
one-sided significance level of @ = .025, which yields an overall com-
bined test at significance level of @ = .05 (Hedges and Olkin, 2014). The
test statistic in the Fisher procedureis — 23, In(px), for groupsk =1,...,
K, that have been given the p-values py, with under the combined null
hypothesis a chi-squared distribution with df = 2K. In addition, we ran a
random-effects multivariate meta-analysis using the R-package ‘meta-
for’ (Viechtbauer, 2010) to provide more numerical information about
the average effect pattern represented by the five clubs. This method
averages coefficients of individual clubs by inverse-variance weighting
them by their standard errors. Standard errors of these estimates reflect
the standard errors within the studies of the respective clubs, in com-
bination with the uncertainty caused by between-club heterogeneity.
Given our small N at the club-level, standard errors cannot be used for
testing, but are presented to roughly indicate the uncertainty about the
average effect estimates. This multivariate meta-analysis approach also
accounts for the interdependence of estimated parameters within each
club based on their variance-covariance matrix.
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We calculated the relative influence of each effect on the probability
of change in running attributes (Indlekofer and Brandes, 2013). This
allowed us to assess the size of the effects of interest relative to one
another. To gain a better understanding of how consequential our effects
of interest at the micro-level are for the overall running behavior means
in the clubs, we used our estimated SAOMs as empirically calibrated
agent-based simulation models.

Goodness of fit

We compared the networks simulated by the SAOM to our observed
data based on three auxiliary network statistics: outdegree, indegree,
and geodesic distance distribution (see Lospinoso and Snijders, 2019).
We also assessed whether our model captured the distribution of actors’
running frequency and volume values over time. Moreover, we ensured
that model convergence was obtained (t-ratios for deviations from tar-
gets < 0.10; overall maximum convergence ratio < 0.24). Overall, our
current model specification produced acceptable goodness of fit (GOF).*
Violin plots of GOF can be found on our GitHub replication website.

Results
Descriptive statistics

Table 1 presents the characteristics of the Strava clubs. In all clubs,
men formed the majority. The combination of low network densities,
high reciprocity (mutual kudos ties), and transitivity (closure) indicates
high levels of clustering within clubs. Moreover, we see that Jaccard
coefficients are high, suggesting that the kudos ties we defined are du-
rable online relationships. Club 3 appears to be rather peculiar, in that
kudos were given relatively infrequent (average density =.014) and
kudos-ties were relatively volatile (average Jaccard index =.500). Low
density may have to do with the size of the Strava club. With larger clubs
come more fellow club members with whom ego may not be particularly
close, and whose activities ego may therefore not give kudos along the
way. Besides, this club is the odd one out with respect to its fragmented
start locations (see appendix A). High volatility may be due to the club’s
flexible memberships and training locations. Consequently, unobserved
social dynamics among runners may change rather quickly in this club,
which may affect turnover in the kudos network.

We described behavioral similarities in the kudos network using
Moran’s I, a measure of spatial autocorrelation (Moran, 1948). Coeffi-
cient values can range from — 1-1. Values closer to O indicate that
connected actors are not more similar with respect to the behavior than
would be expected based on random chance, values closer to 1 indicate
that connected individuals are more similar (i.e., behavior values are
clustered), and values closer to — 1 indicate that connected individuals
are less similar (i.e., behavior values are dispersed). Coefficient values
(see Table 1) indicate that positive spatial autocorrelation (clustering)
occurs within kudos networks — although more in some clubs than in
others. However, in club 4, we observe negative autocorrelation
(dispersion). Thus, overall, kudos-friends tended to have similar running
behaviors, with this similarity potentially originating from both selec-
tion and influence.

To describe gender segregation in the kudos network, we used
Coleman’s (1958) homophily index (see Bojanowski and Corten, 2014).
This represents individuals’ propensity to give kudos to someone of the
same gender (i.e., extent of homophily), as opposed to giving kudos
randomly. Index values can range from — 1 (perfectly avoiding one’s
own gender) to + 1 (perfect segregation), with the value 0 representing
a situation in which the expected number of same-gender kudos under
random choice is exactly equal to the observed number of same-gender

2 In club 5, features of the observed data were not accurately reproduced by
our model.
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kudos. Taken together, index values indicate that in some clubs kudos
networks were segregated by gender - though the magnitude of the
segregation varied. In one club (club 4) we found a tendency for in-
dividuals to give kudos to different-gender clubmates.

We plotted the development of the mean of our running variables
over time across clubs, disaggregated by gender (Fig. 3). Running
attribute values show considerable heterogeneity, between clubs
(means), within clubs (standard errors) and between genders. While
running variables differed over time within clubs, no consistent seasonal
pattern was observed across clubs.

SAOM results

Kudos tie formation function

Before turning to the influence effects of interest, we briefly discuss
the included effects of the kudos tie formation function. Since these were
essentially the same across our models with the behavior attributes
running frequency (Model 1) and volume (Model 2), for reasons of
parsimony we summarize here only the effects of the running frequency
model (Table 2). Effects of the running volume model are listed in
Table 3.

We observe positive and significant reciprocity (up=4.153,
SE=0.341) and transitivity (uy=1.328, SE=0.187) effects in all clubs,
but a negative interaction between the two (ug=—1.170, SE=0.252). The
out-isolate effect was generally positive and significant (uy=1.449,
SE=0.676). The same holds for the indegree popularity (uy=0.201,
SE=0.185) and outdegree activity (1y=0.349, SE=0.196) effects.

We find heterogeneity between clubs in gender effects on kudos tie
formation. Women were more popular than men in some clubs [gender
alter: club 2 (Est.=0.167, SE=0.071); club 5 (Est.=0.159, SE=0.048)],
but less popular in another [club 3 (Est.=—0.123, SE=0.062)]. In one
club, women seemed less sociable than men with respect to giving kudos
[gender ego: club 5 (Est.=—0.141, SE=0.049)]. In one club only, we find
a tendency to give kudos to same-gender club members [same gender:
club 2 (Est.=0.194, SE=0.067)].

We found some effects of running behavior on kudos tie formation,
but not consistently across clubs. In some clubs, runners who run more
(often) received kudos more often [frequency alter: club 2 (Est.=0.093,
SE=0.032); club 3 (Est.=0.097, SE=0.039)]. Most importantly, we did
not find that alters who run more (often) than ego were more attractive.
In club 2, we even found the opposite: a tendency to award kudos to
those who run less often than yourself [i.e., ‘negative aspiration’, indi-
cated by a positive higher parameter estimate (Est.=0.093, SE=0.032)].
Last, kudos ties between club members who go for a run a more similar
number of times per week were more likely in one club [frequency sim-
ilarity: club 3 (Est.=0.380, SE=168)], but less likely in another [club 1
(Est.=—5.160, SE=1.700)].

Running activity function

Next, we turn to the estimated parameters for the running activity
function. These are listed in Table 2 (frequency) and Table 3 (volume).
We briefly discuss the shape effect estimates. These were essentially the
same for both models, so we, again, discuss only the running frequency
model. Linear shape effects were close to zero in all clubs (z,=—0.002,
SE=0.069), suggesting that increases in running activity over time were
not more or less likely than decreases in running activity. The quadratic
shape effect was positive in one club [club 5 (Est.=0.062, SE=0.016)],
indicating that club members tended to be polarized with either high or
low running frequency; and negative in another [club 1 (Est.=—0.071,
SE=0.030)], indicating that club members leaned towards the mean
running frequency over time, rather than extreme values.

Evidence for the social support effect. The Fisher-type combined test and
the multivariate meta-analysis indicated that the indegree effect was
positive on running frequency (Table 2; 22=29.042, p=.001;
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Table 1
Descriptive statistics of Strava clubs®.
Club 1 (n=27) Club 2 (n = 58) Club 3 (n = 159) Club 4 (n =9) Club 5 (n = 76)

Density .108 (.014) .198 (.011) .014 (.003) .316 (.030) .111 (.007)
Average degree 2.642 (0.411) 10.855 (0.895) 1.855 (0.291) 2.000 (0.296) 7.15 (1.007)
Reciprocity index .804 (.06) .634 (.036) .386 (.062) 072 (.129) .607 (.03)
Transitivity index .582 (.034) .544 (.016) .276 (.076) .735 (.143) .526 (.018)
Jaccard index” .840 (.050) .760 (.030) .500 (.060) .810 (.090) .690 (.020)
Gender segregation® .197 (.116) .269 (.038) .098 (0.065) -.183 (.116) .018 (.034)
Network autocorrelation — direct neighbors’
Running frequency .069 (.153) .133 (.056) .130 (.072) -.185 (.164) .252 (.048)
Running volume .077 (.162) .115 (.07) .156 (.068) -.209 (.168) .282 (.062)
Network autocorrelation — distance decay’
Running frequency .020 (.087) .050 (.024) .078 (.048) -.148 (.145) .123 (.026)
Running volume .021 (.090) .044 (.027) .085 (.039) -.159 (.129) .137 (.027)
Male gender (%) 59.259 72.414 70.440 88.889 67.105

Notes:
@ Network measures: mean values over time with standard deviations in parentheses.
N1y
————— where Ny is the number of ties
No1 4+ Nig +Niy’
present at both observations (t1 and t1 + 1), Np; is the number of ties newly created, and Ny is the number of ties terminated.

*

b The Jaccard similarity index measures the extent of tie change between consecutive waves and is defined as

Mgg 1 — Mg 1 .
Mel — e ooy s omy
Z” i T My
¢ The gender segregation measure used is Coleman’s homophily index, constructed as ieGy with mg,; denoting the
Mg 1 m;g 1. .
—————— If mg 1< Mg
g 1
. J - - L - ng .
number of ties within group Gy (e.g., males), my,; denoting the expected number of ties within the gth group in a random network (mg,, = ZiecgniNgi_ll), n; denoting

the out-degree of actor i and the fraction 7, = (n, —1) /(N —1) denoting the probability for an actor to choose an actor from the same group (here, gender) if the choice
is random.

Y wy(z — 2) (2 — 2)
(Zym) (Sutz-2°)
matrix and z is the behavior attribute of interest. We calculated Moran’s I based on outgoing kudos ties. To construct the weight matrix, we first measured the
geodistance (d) between all club members. In the weight matrix for Moran’s I among direct neighbors, club members with d= 1 received the value 1 and 0 otherwise. For
the second weight matrix we used a negative exponential distance-decay function (e~9). We did not row-standardize the weight matrices.

4 The network autocorrelation measure used is Moran’s I, computed as

, where n is the number of actors in the network, wy is the weight

1,=0.020, SE=0.006) and running volume (Table 3; 22=24.731, other hand, the combined test indicated that the average attraction to-
p = .006; 4,=0.015, SE=0.006). This is in line with the social support ~ wards higher effect was not significant for both running frequency
expectation (hypothesis 1). In all individual clubs, the parameter esti- (Table 2; #%=8.162, p = .418; 4,=0.359, SE=0.962) and running vol-
mates for the indegree effect were positive, both in the running fre- ume (Table 3; 2°=11.360, p = .182; Hy=1.269, SE=1.014).

quency and running volume models. However, in the running frequency Thus, we find that actors are influenced by the behavior of their
model, t-ratios were only significant two-sidedly at @ = .05 in one club kudos-friends, in line with our social comparison expectation (hypoth-
[Table 2; club 5 (Est.=0.025, SE=0.009)], and one-sidedly in another esis 2). Contrary to our upward comparison expectation (hypothesis 3),
[club 2 (Est.=0.014, SE=0.008)]. In the running volume model, t-ratios we did not find greater attraction towards higher effects compared to

reached two-sided significance in one club only [Table 2; club 5  lower effects. If anything, the reverse was true: athletes were more likely
(Est.=0.020, SE=0.009)]. to come to resemble the running behavior of kudos-friends who ran less
To illustrate this effect, consider two fictive runners, A and B, who and less often than they themselves.
are members of a random club drawn from a hypothetical population of To illustrate this, we use ego-alter influence plots (Fig. 4). The y-axis
Strava clubs. The runners are completely identical except that runner A represents the ‘desirability’ of different potential values of ego’s own
received kudos from one clubmate more than runner B. In that case, running behavior (on the x-axis). Columns show different alter (kudos-
runner A is almost 3 % (e = ¢*%%° ~ 1.028) more likely than runner B to friends) scenarios for ego. We calculated the evaluation score under the
increase their running by one session per week. Considering that the assumption that changes in running behavior were driven by the
average standard deviation of the mean kudos indegree, pooled over average estimates of the linear and quadratic shape effects and attrac-
clubs and weighted by their size, is 4.94, a 1-SD increase in kudos- tion towards higher and lower effects. Ego’s behavioral scores move in
indegree is estimated to drive up the probability of a one-unit increase the direction of higher evaluation scores on the running activity func-
in running frequency by 10 % (e%920+494 x~ 1.10), ceteris paribus. tion. The plots demonstrate ego’s tendency to move towards the
behavior of alters. Alters who score lower than ego, draw ego down
Evidence of peer influence on running activity. The Fisher-type combined more strongly than higher-behavior alters pull ego up: the downward
test and the multivariate meta-analysis indicated that the average gradient is steeper than the upward gradient.

attraction towards lower effect was positive on running frequency
(Table 2; 2%=31.072, p <.001; u,=5.139, SE=1.478) and running Robustness checks
volume (Table 3; 2%=21.701, p = .006; 4,=3.500, SE=1.307). In the

running frequency model, t-ratios were significant two-sidedly in two Overall, club 5, the most professional club of our sample (see ap-
clubs [Table 2; club 1 (Est.=4.776, SE=2.430); club 5 (Est.=9.015, pendix A), displayed the most significant influence effects on running.
SE=2.642). In the running volume model, t-ratios were significant two- Following the suggestion of an anonymous reviewer, we checked the

sidedly in one club [Table 3; club 5 (Est.=8.800, SE=3.411)]. On the robustness of our aggregate findings by excluding this club from our
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Development of running activity attribute means over time

Average weekly running frequency (times per week) and volume (hours per week) of male and

athletes over time, across Clubs.

Horizontal lines depict error bars representing the standard error of the mean.

Club 1 (N=27) Club 2 (N=58)

Club 3 (N=159)

Club 4 (N=9) Club 5 (N=76)
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Fig. 3. Development of the mean of running attributes.

summary of estimates (see our replication website). Here, the combined
p-values for the indegree (p =.021) and average attraction towards
lower (p = .016) effects were still significant at « = .025 in the running
frequency model. In the running volume model, the effects were in the
expected direction, but no longer significant (p = .038 and.065, for the
indegree and attraction effects, respectively).

Results of models with the average similarity and average alter ef-
fects as alternative specifications for social influence can be found on our
replication website. While both effects were significant based on the
combined Fisher’s test, average similarity was stronger than average
alter in terms of statistical certainty and reached two-sided significance
at a = .05 in three clubs; average alter only reached two-sided signifi-
cance in club 5.

Importance of influence effects

We calculated the relative importance of our effects of interest,
following the procedure described by Indlekofer and Brandes (2013)
(see appendix D). We observe that in all clubs, except club 4, peer in-
fluence effects were more important than receiving kudos. Moreover,
the influence of lower alters was more important than the influence of
higher alters.

Next, we investigated how consequential our influence effects are for
the overall running behavior in the different clubs. To that end, we
utilized our empirically estimated models as agent-based simulation
models in RSiena (see e.g., Stadtfeld, 2018) (see appendix E). We
concluded that “switching off” the effects of receiving kudos and the
activities of lower alters substantially affected the simulated running
means. Paradoxically, without influence effects, Strava users would
generally run more and more often.
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Heterogeneity of influence effects

As a last step, we explored influence heterogeneity between actors
within clubs (see appendix F). No evidence was found that social in-
fluence differed between athletes depending on their current behavior
(cf. Franken et al., 2022). While in some clubs the effects of receiving
kudos and the activity level of friends depended on actors’ experience
with Strava, we did not find a consistent pattern across clubs. Finally, we
did not find that receiving kudos and the activities of kudos-friends
worked differently for males and females.

Discussion

Harnessing the novel opportunities offered by social media, we
pioneered the use of Strava’s big data to investigate how (online) social
networks impact sports behavior. Our objective was to investigate (on-
line) friends’ influence on each other’s training habits. We argued that
support provided via social ties can improve an individual’s sports
participation, that social comparison processes stimulate athletes to
resemble their co-athletes, and that athletes especially try to mimic the
sports behavior of co-athletes who outperform themselves (in this case,
by running more and more often).

Our findings showed rather consistently that runners’ activity levels
were positively influenced by receiving kudos. While the finding that the
number of people who give you kudos positively affects your running
frequency and volume corroborates previous studies on the significance
of social support for sports outcomes (e.g., Sheridan et al., 2014), it
contradict the experimental study by Zhang and colleagues (2016). The
reason for this discrepancy may be that the motivational power
embedded in naturalistic networks — such as networks on Strava — is
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Table 2
Meta-analysis of parameter estimates for the kudos tie formation function and running frequency function (Model 1).

Parameters

Club 1 (n=27) Club 2 (n=58) Club 3 (n=159) Club 4 (n=9) Club 5 (n=76) Fisher’s combination test RE-model

Left-sided Right-sided

Est. SE p Est. SE p Est. SE p Est. SE p Est. SE p 7? P 7? P df SE

Kudos tie formation
dynamics
1. Outdegree -7.464 " 1.573 <.001 -6.962 " 0.368 <.001 -4.826 " 0.181 <.001 3.161 2.745 249 -3.900 " 0.175 <.001 1,622.091 <.001 4.163 940 10 -4.616 1.359
2. Reciprocity 5.665 ~ 0.754 <.001 4.424 " 0.256 <.001 4.388 " 0.139 <.001 2.627 " 0.646 <.001 3.793 ° 0.176 <.001 0.000 1.000 1,864.632 <.001 10 4.153 0.341
3. Transitivity (GWESP) 1.225 " 0342 <.001 0.871 7 0.132 <.001 1.236 ~ 0.076 <.001 2.107  0.619 .001 1.708 ~ 0.095 <.001 0.001 1.000 684.135 <.001 10 1.328 0.187
4. Reciprocity * GWESP 0.000 -0.691 " 0.166 <.001 -1.580 " 0.117 <.001 0.000 -1.204 " 0.103 <.001 356.498 <.001 0.000 1.000 6 -1.170 0.252
5. Out-isolate 0.000 0.433 0.345 209 2.544 7 0.127 <.001 3.918 * 1.900 .039 0.567 * 0.227 .013 0.273 1.000 429.915 <.001 8 1.449 0.676
6. Indegree pop. (sqrt.) 0.294 0.317 .353 0.173 " 0.042 <.001 0.680 * 0.059 <.001 -1.183 0.867 .173 -0.093 " 0.031 .002 18.802 .043  163.191 <.001 10 0.201 0.185
7. Outdegree pop. (sqrt.) 0.000 0.000 -0.515 " 0.050 <.001 0.000 0.000 113.691  <.001 0.000 1.000 2 -0.515 0.050
8. Outdegree act. (sqrt.) 0.735 " 0.187 <.001 0.771 " 0.091 <.001 0.244 7 0.021 <.001 -1.542 0.842 .067 0.071 " 0.019 <.001 6.792 745 264.233  <.001 10 0.349 0.196
9. Reciprocated-degree act.  0.000 -0.090 " 0.015 <.001 0.000 0.000 0.000 42.566 <.001 0.000 1.000 2 -0.090 0.015
10. Frequency alter -0.205 0.332 .537 0.093 ° 0.032 .003 0.097 “° 0.039 .014 0.216 0.576 .707  -0.016 0.033 .636 5.810 .831  26.108 .004 10 0.054 0.037
11. Frequency ego -0.594 0.389 .127 -0.099 “° 0.032 .002 0.025 0.040 .532 -0.186 0.547 .734  0.047 0.034 .158 22.285 .014  8.769 554 10 -0.020 0.047
12. Frequency similarity -5.160 * 1.700 .002 -0.077 0.128 .549 0.380 * 0.168 .024 -3.453 2,120 .103  0.220 0.125 .077 22.063 015 16.129 .096 10 -0.922 0.900
13. Higher frequency 1.220 1.843 .508 0.501 “° 0.191 .009 0.252 0.210 .229 -0.182 2.494 .942  -0.328 0.204 .108 8.187 611 19.362 .036 10 0.159 0.239
14. Gender alter (ref. = male)  0.220 0.356 .536 0.167 * 0.071 .018 -0.123 * 0.062 .049  0.000 0.159 ° 0.048 .001 8.063 427 27.650 .001 8 0.076 0.088
15. Gender ego -0.456 0.404 .260  0.086 0.070 .222 -0.121 0.065 .061  0.000 -0.141 7 0.049 .004 23.740 .003  4.740 785 8 -0.075 0.068
16. Same gender -0.486 0.317 .124 0.194 *° 0.067 .004 0.062 0.060 .305  0.000 0.084 0.046 .068 5.957 .652  23.253 .003 8 0.097 0.033
Running frequency
dynamics

17. Linear shape -0.007 0.100 .948  -0.079 0.310 .798  -0.087 0.078 .265 0.149 0.668 .823  0.243 0.154 .114  8.549 575 10.092 1432 10 -0.002 0.069
18. Quadratic shape -0.071 0.030 .018  0.041 0.037 .267 -0.009 0.013 .503  -0.203 0.128 .112  0.062 0.016 <.001 18.223 .051 25.183 .005 10 -0.003 0.030
19. Indegree 0.047 0.032 .141  0.014 0.008 .090  0.008 0.028 .773  0.306 0.238 .198 0.025 ~° 0.009 .008 1.432 999 29.042 .001 10 0.020 0.006
20. Average attraction higher ~ -0.034 1.836 .985  1.437 2.406 .550 1.559 2.086 .455 -4.544 5.303 .391 -0.136 1.703 .936  4.094 849  8.162 418 10 0.359 0.962
21. Average attraction lower ~ 4.776 * 2430 .049  4.440 4337 .306 2.398 2.286 .294 6.187 5.882 .293 9.015 2642 .001 0.701 1.000 31.072 <.001 10 5.139 1.478
22. Gender (ref. = male) -0.184 0.123 .134  0.028 0.093 .762 -0.192 *° 0.060 .001  0.000 -0.089 0.071 .209 25.486 .001  2.289 971 8 -0.115 0.050
23. Frequency other sports -0.047 0.051 .358 0.005 0.020 .809  0.007 0.015 .617 -0.026 0.147 .857 0.031 * 0.020 .119 7.030 723 11.327 .333 10 0.010 0.010

Notes: Est. = estimate; SE = standard error; Bold values represent significant results. Significance level was set at « =.025 for Fisher’s combination test.

U, represents the average effect estimates.
All convergence t-ratios <0.10; overall maximum convergence ratios <0.24. Score-type tests indicated that some effects were not significant for specific clubs; these were fixed to 0.
Model results including rate parameter estimates can be found online.
*Two-sided p <.05; ** Two-sided p <.01; *** Two-sided p <.001.
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Table 3
Meta-analysis of parameter estimates for the kudos tie formation function and running volume function (Model 2).

Parameters

Club 1 (n=27) Club 2 (n=58) Club 3 (n=159) Club 4 (n=9) Club 5 (n=76) Fisher’s combination test RE-model

Left-sided Right-sided

Est. SE P Est. SE p Est. SE p Est. SE p Est. SE P 7? p 7? P af SE

Kudos tie formation
dynamics
1. Outdegree -6.406 " 1.119 <.001 -7.109 " 0.385 <.001 -4.942 " 0.185 <.001 1.508 2,949 .609 -3.863 " 0.171 <.001 1,632.035 <.001 2.378 1993 10 -5.040 0.875
2. Reciprocity 5.264 " 0.542 <.001 4.433 7" 0.263 <.001 4.441 " 0.139 <.001 2.698 " 0.698 .001 3.794 " 0.175 <.001 0.000 1.000 1,916.450 <.001 10 4.203 0.294
3. Transitivity (GWESP) 1.182 " 0.316 <.001 0.863 “ 0.131 <.001 1.255 " 0.077 <.001 1.970 " 0.569 .001 1.718 ** 0.094 <.001 0.001 1.000 698.218 <.001 10 1.323 0.185
4. Reciprocity * GWESP 0.000 -0.656 " 0.170 <.001 -1.622 " 0.117 <.001 0.000 -1.197 " 0.102 <.001 362.801  <.001 0.000 1.000 6 -1.169 0.274
5. Out-isolate 0.000 0.394 0.350 .261 2.553 7 0.125 <.001 3.411 * 1.855 .066 0.569 * 0.220 .010 0.356 1.000 445.675 <.001 8 1.397 0.662
6. Indegree pop. (sqrt.) 0.229 0.281 .416 0.173 " 0.042 <.001 0.684 ™ 0.059 <.001 -1.043 0.971 .283 -0.108 " 0.031 <.001 21.049 0.021 168.333  <.001 10 0.204 0.181
7. Outdegree pop. (sqrt.) 0.000 0.000 -0.517 " 0.049 <.001 0.000 0.000 119.815  <.001 0.000 1.000 2 -0.517 0.049
8. Outdegree act. (sqrt.) 0.643 " 0172 <.001 0.794 " 0.093 <.001 0.242 " 0.020 <.001 -1.436 0.829 .083 0.073 " 0.019 <.001 6.363 784 264.510 <.001 10 0.345 0.186
9. Reciprocated-degree act.  0.000 -0.094 ™ 0.015 <.001 0.000 0.000 0.000 44.124 1.000 0.000 1.000 2 -0.094 0.015
10. Volume alter -0.270 0.251 .284 0.113  0.035 .001 0.101 ~° 0.036 .005 0.624 0.65  .337 -0.005 0.028 .844  6.008 815  31.652 <.001 10 0.061 0.039
11. Volume ego -0.241 0.247 .330 -0.121 ~° 0.034 <.001 -0.022 0.036 .550 -0.619 0.58  .286 0.031 0.028 .267 27.295 .002  5.342 867 10 -0.045 0.044
12. Volume similarity -2.240 * 1.096 .041 -0.089 0.134 .508 0.186 0.153 .226  -1.593 1.731 .357 0.311 0.148 .035 14.239 162 13.478 198 10 0.089 0.127
13. Higher volume 0.464 1.419 .744 0.643 * 0.219 .003 0.482 * 0.203 .018 2.084 2.752 .449 -0.359 0.185 .052 8741 557 27.304 .002 10 0.276 0.294
14r‘nggder alter (ref. = 0.293 0331 .376 0.168 * 0072 .019 -0.143 * 0062 .022 0.000 0152  0.049 002 9.474 304 26.681  .001 8 0.074 0.094
15. Gender ego -0.399 0.369 .280  0.085 0.072 .236 -0.117 0.066 .074  0.000 -0.139 7 0.050 .005 22.666 .004  4.655 794 8 -0.074 0.067
16. Same gender -0.466 0.297 .117 0.196 ~ 0.068 .004 0.066 0.061 .282  0.000 0.082 0.046 .076  6.063 640 22.923 .003 8 0.096 0.032
Running volume
dynamics

17. Linear shape -0.056 0.099 .572 -0.212 0.298 .476 -0.128 0.078 .099 1.210 2.159 .575 -0.007 0.146 .963 13.531 195  5.125 .883 10 -0.090 0.055
18. Quadratic shape -0.033 0.025 .179  0.013 0.033 .688 -0.008 0.013 .513  -0.391 0.459 .394 0.024 0.013 .061 11.697 306 10.344 411 10 0.001 0.013
19. Indegree 0.041 0.029 .164 0.011 0.007 .114  0.004 0.027 .893  0.753 0.684 .271 0.020 * 0.009 .030 1.793 998 24.731 .006 10 0.015 0.006
20. Average attraction higher ~ 0.275 1.775 .877  1.692 2201 .442 1.882 2.086 .367 -17.830 21.100 .398 1.869 2.147 .384  2.485 962 11.360 182 10 1.269 1.014
21. Average attraction lower ~ 3.450 2.108 .102 1.358 4112 741 1768 2176 .416 16.374 16.305 .315 8.800 * 3.411 .010 1.507 993  21.701 .006 10 3.500 1.307
22. Gender (ref. = male) -0.073 0.116 .527  0.031 0.075 .680 -0.201 ~° 0.059 .001  0.000 -0.015 0.064 .819  21.063 .007  3.822 873 8 -0.069 0.058
23. Volume other sports -0.020 0.026 .435  0.002 0.014 .877 0.013 0.013 .327 -0.074 0.102 .467 0.041 * 0.016 .010 7.479 680  16.890 .077 10 0.012 0.010

Notes: Est. = estimate; SE = standard error; Bold values represent significant results. Significance level was set at a =.025 for Fisher’s combination test. 4, represents the average effect estimates.
All convergence t-ratios <0.10; overall maximum convergence ratios <0.24. Score-type tests indicated that some effects were not significant for specific clubs; these were fixed to 0.

Model results including rate parameter estimates can be found online.

*Two-sided p <.05; ** Two-sided p <.01; *** Two-sided p <.001.
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Influence effects on running behavior
Evaluation of prospective running frequency (times per week) and

Social Networks 72 (2023) 151-164

(hours per week) based on

the average estimates of the /inear and quadratic shape effects and the average attraction towards

higher and lower effects.

Behavior alters: 2, 2, 2, 2, 2, 2 Behavior alters: 2, 2, 2, 5, 5, 5 Behavior alters: 5, 5, 5, 5, 5, 5

N w B [6)]
1 1 1 1

Evaluation function statistic

2 3 4 5 6 7 1 2 3

4 5 6 7 1 2 3 4 5 6 7

Ego's prospective behavior
Notes: The y—axis represents the evaluation function statistic; the x—axis represents different values for ego's
prospective behavior. Lines represent the predicted 'desirability’ of different behavior values. Panels A-C represent
different scenarios with different values for the behavior of ego's alters. Behavior dynamics presented here would be
compounded had the objective function contained more effects (e.g., indegree, gender).

Fig. 4. Ego-alter influence plot.

greater than in artificially constructed anonymous networks. Naturally,
a follow-up question would be whether other online networks, both
within Strava or outside Strava (e.g., on Zwift, Garmin connect, Final
Surge), or offline networks of runners embed even greater positive
motivational power.

In accordance with prior SAOM studies in the field of physical ac-
tivity behaviors, we found that individuals were influenced by the ac-
tivity levels of their friends over time. However, somewhat surprisingly
and in contrast to our expectation, we discovered that athletes on Strava
were mainly negatively influenced by the activity levels of alters who
ran less and less often than they themselves. Paradoxically, our results
also seem to indicate that without influence effects, Strava users would
exercise more (often). Being on Strava in itself may fuel running moti-
vation, through the act of self-tracking and various motivational game-
elements (e.g., challenges and badges). Once on Strava, the receipt of
kudos may motivate us to increase our running, but more importantly,
our friends who run less (often) show it is okay to do less and may justify
deviation from our goals (Diel et al., 2021b; Karahanoglu et al., 2021).

Selection and influences processes are closely entwined. In our study,
we assumed that Strava users could only be influenced by those who ego
gave kudos to. We therefore investigated whether Strava runners have
the tendency to especially award kudos to (higher) runners they admire
or to runners with similar activity levels. However, we did not find this
(cf. Centola and van de Rijt, 2015).

This study points to a promising avenue for future interventions
aimed at increasing physical activity, as our findings highlight the po-
tential of online fitness programs and (offline and online) sports com-
munities to facilitate supportive interactions among members. Social
support, even just a (virtual) thumbs-up, motivates people to increase
their activity level.

Naturally, we need to recognize that the competitive nature of
platforms like Strava may also have adverse effects, such as psycho-
logical distress and pressure created via constant comparison with
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others (e.g., Schmidt-Kraepelin et al., 2019).

We theorized that social influence on sports behavior may not be
symmetrical. The positive and negative influences of alters who score
higher and lower on running attributes may not necessarily cancel each
other out. We integrated this idea into our analyses using one-sided
versions of the average similarity effect to capture ego’s tendency to
become more similar to alters who score higher or lower than their own
score. Future research might extend our approach to modeling asym-
metrical influence effects. Some behaviors may have intrinsic value or
signal status. Actors exhibiting those behaviors to a higher degree than
ego may be more attractive ties (selection), but more importantly, they
may also constitute more important sources of influence compared to
alters who engage in those behaviors to a lesser degree than ego. This
may hold, for example, for academic functioning (e.g., Rambaran et al.,
2017), adolescents’ deviant behavior (e.g., Gallupe et al., 2019) and
health-related behaviors such as alcohol consumption and smoking (e.
g., Ragan, 2020). We invite scholars in these fields to test this
proposition.

Naturally, this study presents limitations. First, we used a very spe-
cific sample: athletes who were members of a formal club with a virtual
extension on Strava. When it comes to Strava, app usership is skewed
toward young males (e.g., Janssen et al., 2017). Although running as a
sports activity has become popular among diverse participants, it seems
that higher educated individuals still are overrepresented among the
running population, especially in club-organized running (Scheerder
et al., 2015). A Strava club runner may therefore not be your typical
runner. They may be particularly committed to running and they may be
driven by social motives to a greater degree than are other types of
runners. While our findings indicate that influence is no different for
highly and lowly active runners within clubs, and while previous
research suggests that peer effects on running fare independently from
social running motivations (Franken et al., 2022), we should still exer-
cise caution in generalizing findings of our specific sample of Strava club
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runners to a broader population of runners, let alone athletes in other
sports. We specifically assessed influence processes taking place be-
tween kudos-friends within virtual clubs on Strava, but the question
remains of whether the (relative) importance of the support and com-
parison mechanisms are similar in different types of online and real-life
networks of runners. Strava’s big data provide new resources for
studying social influence processes among athletes, but they do not
eclipse the need for traditional field study approaches and large-scale
data collection targeting diverse populations. Our study is
complementary.

A second limitation of this study refers to our inability to harvest
relevant demographic and socio-psychological characteristics of club
members. This would have allowed us to investigate to what extent, for
instance, the kudos indegree effect was mediated by variables such as
perceived support and intrinsic motivation. Besides, more detailed in-
formation on the individual-level characteristics of club members may
be relevant to exploring why influence mechanisms vary across clubs.
We, therefore, recommend that future research integrates Strava’s big
data with thick data (e.g., survey data) covering relevant individual-
level variables (Stier et al., 2020).

Web-scraping enormous amounts of data of Strava poses serious
practical challenges. Since the time of our data collection, Strava has
blocked multiple endpoints of their API and updated their robot exclu-
sion protocols. We also observe that at the time of writing (2022), far
more athletes have set their activities to private than when we collected
our data (2019). Both these factors severely limit ethically sound web-
scraping opportunities. We could say, we were just in time in collect-
ing our unique dataset. However, we fully acknowledge that a larger
number of clubs would have heightened the generalizability of our
findings, while simultaneously allowing for comparison between con-
texts (e.g., McFarland et al., 2014).

Strava regularly modifies and removes existing features of the plat-
form and adds new ones. For example, multiple features that were free at
the time of our data collections, such as leaderboards, are currently
paywalled an available only to premium subscribers.> Collecting data on
a number of new clubs - either via web-scraping or manually — would
allow for exploring how changes to the platform are related to observed
influence dynamics within clubs. Naturally, multiple other online fitness
communities exist next to Strava. Therefore, another extension to
heightening the generalizability of our findings would be to compare the
motivational power of social networks across different platforms.

Despite these limitations, this study makes several contributions to
the literature. It is the first to use Strava’s big data to investigate social
dynamics in sports. Unlike the majority of SAOM studies in the field of
sports and active living, we focused on adult athletes and their objective
sports behavior, which we followed for a relatively long period. We
conceptualized a novel network of kudos relationships. We tested a new
hypothesis, which we called the upward comparison expectation, for
which we developed new behavioral effects for RSiena.

A focus on social networks may be a fruitful direction for policies
aimed at promoting sports participation, as our study shows that social
networks harbor (untapped) motivational power: runners on Strava will
increase their running if they receive kudos.
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