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Abstract

This study aims to estimate the influence of offline activity
on users’ online behavior, relying on a matching method to
reduce the effect of confounding variables. We analyze activ-
ities of 850 users who are active on both Twitter and Four-
square social networks. Users’ offline activity is extracted
from Foursquare posts and users’ online behavior is extracted
from Twitter posts. Users’ interests, representing their online
behavior, are extracted with regards to a set of topics in sev-
eral subsequent time intervals. The shift of users’ interests
across different time intervals is taken as a measure of user
behavior change on the social network. On the other hand, we
employ user check-ins at a gym or fitness center as a sign of
exercise and consider it to be an offline activity. In order to
find the effect of exercise on online behavior, we identify us-
ers who did not go to the gym for at least two months but did
so at least nine times in the next three months. We show that
shift in interest reduces significantly for users after they start
exercising, which implies that the offline activity of exercis-
ing can influence how users’ interests are shaped and change
on the social network over time.

Introduction

Randomized Controlled Trials (RCT) are often used to study
the causal impact of a given treatment. In RCTs, subjects are
randomly divided into treatment and control groups in order
to minimize selection bias while other possible factors that
might affect the outcome of the treatment are controlled to
avoid confounding effects. This type of experiment is pow-
erful and is a reliable technique for inferring cause-and-ef-
fect relationships. However, providing completely con-
trolled and random environments is not always possible or
feasible. In contrast, observational studies provide an alter-
native to RCTs that allow for a more relaxed way of study-
ing possible causal relations. Observational studies are use-
ful when an interruption, which is outside the control of the
investigators, affects a group of subjects based on which the
subjects can be divided into groups for comparative analyt-
ics.
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Given the potential of observations studies, researchers
have already engaged in performing such studies based on
observations performed on social networks (Bagroy, Ku-
maraguru, and De Choudhury 2017: De Choudhury et al.
2017: De Choudhury and Kiciman 2017: De Choudhury,
Sharma, and Kiciman 2016). For instance, in a recent re-
search (Althoff, Jindal, and Leskovec 2017), the influence
of online social networks on users’ online and offline be-
havior has been studied. In their work, the authors use a da-
taset extracted from a fitness application that tracks user’
steps during the day in conjunction with a social network
where the users connect and communicate regarding their
fitness activities. The objective of the study was to investi-
gate whether users’ online behavior on a social network can
impact their offline activity in terms of factors such as the
number of steps per day. They show that a social network,
under certain circumstances and for a specific period of
time, can impact users’ offline activity. This finding rein-
forces the belief that online virtual motivators can influence
users’ real world decisions especially as it relates to physical
activity.

In our work, we are interested in the dual to the same
problem by investigating whether users’ offline activity can
impact their online behavior. To this end, we perform an ob-
servational study on the content that users’ post on Twitter
as well as the offline activities that they report on Four-
square. We view users’ posts on Twitter as their online be-
havior (expression of beliefs) and their Foursquare check-
ins as a model of their offline activities. While the work in
(Althoff, Jindal, and Leskovec 2017) considers only online
social network behavior in terms of activities such as friend
requests, we process the content published by the users’ on
Twitter to build a model of their online behavior. Moreover,
while (Althoff, Jindal, and Leskovec 2017) measures the
number of steps per day for each user as a sign of offline
activity, we measure user check-ins at different location cat-
egories on Foursquare as an indication of their offline activ-
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More specifically, we consider exercise as an example of
an offline activity, which can affect users’ online behavior.
In other words, we are interested to study whether those us-
ers” who exercise more often have different online behavior
compared to those users who do not exercise frequently. To
this end, we extract and view check-ins at locations that are
categorized under ‘Gym / Fitness Center’ on Foursquare as
a sign of exercising for the user. In addition, for the same
users, we analyze the content that they have posted on Twit-
ter and analyze the topics that they engage in to build a user
interest profile for each of the users. We build user interest
profiles based on the set of topics that each individual talks
about within a specific time interval. The main research
question that we would like to answer is whether engaging
in an offline behavior such as exercising by going to the gym
impacts how a user’s interests shift over time. The method
used for this purpose is interrupted time series design with
comparison group in which a series of observations happens
during the time intervals before and after the interruption. In
order to find the effect of exercising on users’ online behav-
ior (users interest shift over time), we recognize users who
did not exercise for at least two months but started to do so
by exercising at least nine times in the next three months. In
this study, we compare users’ interest shift before and after
the interruption and show that interest shift reduces after us-
ers start their exercise routine. To the best of our knowledge,
this is among the first works, which examine the effect of
offline activity on online behavior.

Related Works

Related work to this study can be considered from two per-
spectives, namely those works which have used observa-
tional studies and those which have focused on assessing
personality aspects of social network users. From the first
perspective, (Dos Reis and Culotta 2015) use observational
studies with matching to infer causality between exercise
and mental health. In (Anderson et al. 2013), the authors use
quasi-experimental design to show how badges can influ-
ence user behavior on Stack Overflow. Similarly, (Oktay,
Taylor, and Jensen 2010) also designed three different
quasi-experiments to understand users behavior on a Stack
Overflow. (De Choudhury et al. 2016) use an observational
study with matching to understand the transition from men-
tal illness to suicide ideation.

Also, there have been studies focused on assessing user
personality aspects by examining their online behavior (Far-
nadi et al. 2016; Roshchina, Cardiff, and Rosso 2011). Most
of these works use supervised methods and are based on big
five personality traits (Gosling, Rentfrow, and Swann 2003)
including openness, conscientiousness, extraversion, agree-
ableness and neuroticism. (Stephanie and Sklar 2016) use
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check-ins from Foursquare to design a new algorithm for lo-
cation recommendation. Personality is used in some papers
to improve the recommendation (Hu and Pu 2011;
Roshchina, Cardiff, and Rosso 2011) and rating systems
(Karumur, Nguyen, and Konstan 2016; Liu, Cao, and Yu
2016).

There are many impressive recent work on observational
studies based on social networks such as (Olteanu, Varol,
and Kiciman 2017; De Choudhury, and Kiciman 2017
Bagroy, Kumaraguru, and De Choudhury 2017); however,
our work distinguishes itself by analyzing the impact of of-
fline activity on online behavior in terms of user interest and
interest shifts.

Study Design

In this section, we study the effect of users’ offline activi-
ties, i.e., engaging in regular exercise on changing their
online behavior, i.e., shift in interests. We show that engag-
ing in exercising on a regular basis results in a more persis-
tent user interest profile where the users’ interests do not
shift as much compared to the users who do not exercise. In
other words, the shift of interests in the treatment group
drops significantly compared with a matched control group.

Our study consists of two steps. In the initial step, we ex-
tract users’ online behavior. Our work relies on building a
user profile for several subsequent time intervals. Each user
profile is a vector consisting of probability distribution over
topics in a given time interval for that user. In the second
step, and in order to infer a causal relationship, we adopt an
interrupted time series design with comparison group. In
this model, we identify two groups of subjects that are care-
fully matched that differ in the treatment, which is regular
exercising after a certain point in time. More specifically,
we find users that have not checked in at any gym or fitness
center for a period of two months; however, they can be sep-
arated as the treatment group embarks on exercising at a cer-
tain point in time while the control group does not. By ana-
lyzing the user interest profile of the users before and after
the interruption, we analyze the impact of exercising on user
interest shifts. In order to eliminate the effect of confound-
ing variables, we match users in the treatment group with
similar users in the control group based on their pre-treat-
ment online behavior.

User Interest Modeling (Online Behavior)

We model users’ online behavior based on their user inter-
est profile which is computed based on the active topics on
Twitter in each time interval. We employ the LDA topic
modeling approach to extract active topics across several
subsequent time intervals. For K active topics across all time
intervals Z={zi, z,...z«}, for every user u, we model user’s



interest profile for time interval t, UP'(u), which is the dis-
tribution of u’s interests over Z in time interval t.

Definition 1 (User Interest Profile) The user interest
profile of user u in time interval t, UP(u), is represented by
(fi'(z1), ..., fu'(z«)) which is a vector of weights over K topics
where f,'(zx) shows the degree of u’s interest in topic zx at
time interval t.

It should be noted that topic and user interest detection
methods from microblogging services have already been
well studied in the literature and therefore are not the focus
of our work. For the sake of our experiments, we have used
our own interest modeling work presented in (Zarrinkalam
et al. 2016; Zarrinkalam et al. 2017).

Based on Definition 1, we formally define users’ interest
shift, as depicted in Figure 1, as follows:

Definition 2 (Shift in Interest) The shift in interest of
user u in time interval t+1 is the sum of absolute differences
of distributions for each topic between time intervals t and
t+1:

SI = B¢ () - () 1)

Shift in Interest shows how much a given user changes
her interests between topics across subsequent time inter-
vals. Users with lower shift in interest demonstrate a more
consistent interest profile that does not change between time
intervals. However, in contrast, users with a higher shift in
interest have a higher likelihood of changing their interests
frequently. In our study, the length of each time interval has
been considered to be one month.

Matching

In order to form the treatment and control groups, we iden-
tified users that had not checked in at any gym or fitness
center for a period of two months. These users were selected
to be studied. Furthermore, we then selected users for the
treatment group based on whether they started checking in
at a gym or fitness center at least nine times in the next three
months. In other words, we consider those users who go to
the gym at least once every ten days to form the treatment
group. We match each user in the treatment group to a sim-
ilar user in the control group based on their pre-treatment
behavior defined based on their SII in the leading two month
period of the study. We will also later show that external
variables are balanced in our study.

Experiments and Dataset

Dataset Description

We collected data for 850 users as presented in (Han Veiga.
and Eickhoff 2016). These users are active across two pop-
ular online social networks: Twitter and Foursquare. The
reason for using these two networks is that the available data
is very comprehensive and representative of different use
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Figure 1. Shift in Interest for user u between time intervals 1 and
2.

cases of social networks. In our work, we use Twitter data
to analyze users’ online behavior and Foursquare data to un-
derstand users’ offline activities. In (Han Veiga and Eick-
hoff 2016), the authors found and matched users who are
active on Twitter, Instagram, and Foursquare. They found
850 users who fulfill three criteria of actively using the three
mentioned social networks, posting in English, and sharing
their content publicly. Their data was collected in January
and February 2016. For our work, we collected data for
these users for a period of five months from both Twitter
and Foursquare. Our dataset is specifically useful for the
analysis of the impact of users’ offline activities on online
behavior since it contains over 2.5M tweets and 450K
check-ins. Tweets are representative of user online behavior
and check-ins are representative of user offline activities.
The timestamp information of the tweets and check-ins en-
ables us to analyze tweets and check-ins in the same time
intervals.

Results and Evaluation

In our experiment, we extracted the recent tweets of the 850
users presented in (Han Veiga and Eickhoff 2016). These
users are active on twitter and they all use the Swarm appli-
cation, which is an application from Foursquare in which the
users can share their check-ins via Twitter. We look up the
Swarm ID of each location mentioned in a tweet and extract
the details of the location using Foursquare API. In order to
calculate the shift in interest values for each user, we run the
Mallet implementation of LDA with 100 topics on all the
tweets gathered in the five month time period. We then di-
vided the tweets of each user into one-month time intervals
producing five sets of tweets per user. Based on these five
sets of tweets, we derive the interest profile of each user in
that time interval based on the learnt topic model. We find
the sum of differences in topics distribution between two se-
quential time intervals for every user to allow for the calcu-
lation of the shift in interest based on Equation 1. As the
treatment group, we include users who do not go to the gym
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Figure 2. Results of the shift in interest experiment comparing the
treatment and control groups.

or fitness center for at least two subsequent months and start
to go to the gym or fitness center after an interruption in the
third month and continue going to the gym at least nine
times for a period of three months after the interruption.
There are 80 users with such conditions in our dataset. As
the control group, we find users who have the same behavior
in interest shift as users in the treatment group before the
interruption and matched every user in the treatment group
with a user in control group. As our results show, the amount
of interest shift of the treatment group reduces after the in-
terruption.

A very important issue that should be considered in infer-
ring causal relations is the effect of external variables. The
solution to reduce the effect of external variables is to ran-
domly divide the users into treatment and control groups. If
users in the treatment and control group were random, we
would expect them to be balanced on all external variables.
We use Standard Mean Differences (SMD) in order to en-
sure that users in the treatment and control groups are bal-
anced on external variables. SMD is defined as the differ-
ence in means of external variables of treated and control
groups divided by the standard deviation within the treated
group. This number should not be more than 0.25 for all ex-
ternal variables, showing that the users in both groups are
balanced based on external variables and there is no selec-
tion threat in the experiment (Althoff, Jindal, and Leskovec
2017). We report the balancing of the external variables
summarized in Table 1.

From Figure 2, we observe that the shift of interest, SII,
of treatment and control groups increases before the inter-
ruption. However, the shift in interest of the treatment group
decreases significantly for months 4 and 5 while the SII of
control group increases for the same time intervals (15% de-
crease in SII for the treatment group; significantly larger
than 0 according to Wilcoxon signed rank test;
P<0.001). Thus, our results show that engaging in exercise
by going to the gym or fitness center can help users become
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Variable SMD

First tweet date 0.090

First Foursquare check-in date 0.039
Average number of posts per month | 0.006
Gender 0.034

Follower 0.016

Table 1. Standard Mean Differences (SMD) on external variables.

more focused in their online behavior and have a more fo-
cused set of interests across different time intervals.

Conclusions and Future Work

In this paper, we report on an observational study that shows
how exercising as a form of offline activity can influence
users’ online behavior. Based on the interpolation of data
from Twitter and Foursquare, we have been able to identify
those users who frequently go to a gym or fitness center and
match them against a control group with matching external
variables and similar pre-treatment measurements. In order
to see whether offline activity has impact on the users’
online behavior, we measure users’ shift in interest across
different time intervals. Lower shift in interest shows users
that are more focused on a specific set of topics while a
higher shift in interest points to users that frequently change
their interests. Our study shows that the users who fre-
quently exercise (at least once every ten days) have a more
consistent focus towards topics across subsequent time in-
tervals.

As a part of our ongoing work, we are extending this work
in three directions: 1) We are exploring whether other types
of offline activity such as frequent shopping, going to a bar,
among others also have impact on the users’ online behav-
ior. 2) We are looking into formalizing other behavior traits
or personal characteristics that can be extracted from online
content. This would include measures such as interest diver-
sity, opinion conformity, and convincibility, among others.
The definition of these measures will allow us to investigate
the impact of users’ offline activity on such online behavior.
3) Last, in the extended work, we match users not only based
on their online behavior but also based on external variables
to reduce their effects. To do so, we can use propensity score
matching. In this method, we find logistic regression for us-
ers based on their external variables and match users based
on their propensity score.
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