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Abstract—Research in social network analytics has already
extensively explored how engagement on online social networks
can lead to observable effects on users’ real-world behavior
(e.g., changing exercising patterns or dietary habits), and their
psychological states. The objective of our work in this paper
is to investigate the flip-side and examine whether engaging in
or disengaging from real-world activities would reflect itself in
users’ affective processes such as anger, anxiety, and sadness,
as expressed in users’ posts on online social media. We have
collected data from Foursquare and Twitter and found that
engaging in or disengaging from a real-world activity, such as
frequenting at bars or stopping going to a gym, have direct
impact on the users’ affective processes. In particular, we report
that engaging in a routine real-world activity leads to expressing
less emotional content online, whereas the reverse is observed
when users abandon a regular real-world activity.

Index Terms—Quasi-experiments, Causality, Affective Pro-
cesses, Twitter

I. INTRODUCTION

Online social networks play an increasingly important role
in different aspects of people’s lives and have attracted re-
searchers to explore the possibility of understanding people’s
behavior and decision making mechanisms based on the con-
tent exchanged on online social networks [1f]. While random-
ized controlled trials are quite expensive and cumbersome to
run on online social networks, alternative causal methods such
as natural experiments and quasi-experiment designs can be
adopted to explore cause-effect relations between phenomenon
observed on online social networks and user behavior. Such
study designs have already yielded interesting findings in areas
such as user dietary behavior [2]] and suicide ideation [3|.
These forms of causal studies have also explored the impact of
users’ online behavior on their offline activities. For instance,
Stuck et al. [4] reported that Fitbit users who were active
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on the Fitbit social network and suffered from diabetes were
six-times more likely to increase their daily steps for each
additional social connection they had. Similarly, Althoff et al.
[5] found that each addition of a new social connection on
the Argus app increased the number of steps a user took per
day by 400 steps. Such studies have established that, under
certain conditions, online behavior can shape a person’s offline
activities.

However, fewer work investigated the impact of real-world
activities on users’ behavior on online social networks. For
instance, Branley and Covey [|6] are among the few to explore
this and find that risky offline behaviours, such as excessive
alcohol consumption, illegal drug use, self-harm, and danger-
ous pranks, were linked to increased exposure to risky online
content. Kiciman et al. [7] reported that the content shared
on online social platforms by alcohol consuming college
students was different from other groups of students, and
such difference could be used to predict academic success.
Similarly, our work focuses on understanding the impact of
users’ offline real-world activities on their affective processes
as expressed in the content shared online.

In this paper, we are specifically interested in answering
two complementary research questions (RQs), i.e., whether
engaging in (RQ1) or disengaging from (RQ2) regular real-
world activities, such as frequenting a bar or going to a gym,
has any causal impact on users’ online affective processes such
as anger, anxiety, and sadness, among others. To this end, we
adopt a quasi-experimental design and systematically compare
the affective processes of users who engage or disengage with
real-world activities with that of two matched control groups.
We find that both engaging in and disengaging from real world
activities have a statistically significant yet inverse causal
impact on users’ affective processes. This is an important
finding in that it can help in deciding on the best set of offline
real-world activities for those users who express symptoms
such as anxiety, anger, and sadness in their online social
content.

II. RESEARCH METHODOLOGY

The research methodology used in our work is based on
a quasi-experimental design [S8]]. Specifically, in our case,
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TABLE I
FOURSQUARE CATEGORIES CONSIDERED FOR EACH VENUE CATEGORY. *
IS THE WILDCARD SYMBOL AND (*) IS A CONTROLLED WILDCARD WHERE
WE SELECTIVELY CHOOSE ONLY SPORTS RELATED KEYWORDS FROM THE
LIST OF CATEGORIES.

Venue Category | Count
Shopping 33

Foursquare Categories
*Mall, *Store, *Shop,
*Market, *Boutique

*Bar, *Pub

Restaurant, Buffet,
Noodle House, Taco Place,
Pizza Place, Steakhouse,
BBQ Joint, Burger Joint
*QGym, (*)Studio, (*)Rink,
(*)Center, Pool,

(*)Club, (*)Court,
(*)Field, (*)Ground

Bar 22
Restaurant 131

Sport 25

the quasi-experimental design took the form of an inter-
rupted time series design with a treated and a control group.
Given the goal was to discover the effect of users’ offline
activities on their online affective processes, the treatment
in our experiment was engaging in or disengaging from an
offline activity. The measured outcome of the applied treatment
was its impact on users’ affective processes. Accordingly,
the treated group consisted of users who embarked on or
abandoned an offline activity after a certain period of time,
whereas the control group included those users for whom
such engagement/disengagement with the offline activity was
not observed. Briefly, our experiment consisted of four major
elements explained below: (1) the dataset used for conducting
the experiment, (2) the treatment and the treated group, (3)
the control group(s), and (4) the outcome.

A. The Dataset

Considering the objective of our study, our dataset needed
to include data on users’ offline activities and their online
behavior. We collected data from Twitter to represent users
online behavior and from Foursquare to capture their offline
activities. In order to link users across the two platforms, we
utilized the Swarm application. This application allows users
to share, on Twitter and Facebook, the places they visit based
on Foursquare venues. This made it possible for us to identify
users who were active on both Twitter and Foursquare and to
systematically link their offline and online activities.

To curate the dataset, we gathered data from October 2014
to April 2017 using the Twitter APL. To identify users with
Foursquare check-ins, among the collected tweets, we identi-
fied those with Swarm information. Among the users who were
on Twitter and shared their location using Swarm, we only
retained those who had Swarm check-ins in at least 10% and at
most 50% of their tweets to ensure (1) we had enough check-
in information for each user and (2) that each user posted
other tweets beside Swarm check-ins. We eliminated users
who tweeted in languages other than English. This resulted

in 17,220 users who were present on Twitter and frequently
posted location information using Swarm.

The venues where the users had checked in were then
pooled using Foursquare API and categorized into four venue
categories as shown in Table [ The fact that our dataset
was collected over a three-year time period, excludes any
bias towards certain topics or sporadic user behavior. The
dataset consists of 17,220 users, 6,523,257 check-ins at
211 Foursquare venue sub-categories, and 48,672,327 tweets.
Hence, in terms of size, our dataset is comparable to the
datasets used in similar studies, such as the dataset described in
[4] which was collected from a commercially closed platform
and the Twitter dataset used in [9], among others. It should
be noted that all personally identifiable information were
anonymized during data collection.

B. Treatment and Treated Group

The treatment is defined as participation in or abandoning of
an offline activity. We define the treated group as those users
who can be identified as impacted by the treatment based on
their Foursquare check-ins. We study two treatments, namely
(1) embarking on (going) and (2) abandoning (leaving) an
offline activity. Each of these two treatments are studied in
the context of four venue categories (see Table [[). We perform
our observations on each user over a four-month time period,
which consists of two months prior to the treatment and two
months post treatment. In order to form the treated group
for each venue category, for the treatment of embarking on
an offline activity (e.g., started frequenting bars), we identify
and select those users who did not have any check-ins in
the related venue category for a period of two months and
subsequently made at least sixteen evenly distributed check-
ins in the subsequent two months (i.e., at least one check-
in every week, to assure that they checked in at relevant
venues consistently during the two month period). So, for
instance, the treated group for the activity of going to Bars
would consist of those users who, based on their Foursquare
check-ins, had not been to any bar venues for two months
and subsequently visited such venues at least once a week for
two months. A similar approach is adopted for abandoning
(leaving) treatments. In these treatments, we ensure that the
subjects in the treated group had consistently checked in at
venues of the given venue category type at least sixteen times
and at least once every week over a two-month period after
which the subject abandoned venues in that venue category
and did not make any check-ins in such venues for a two-
month period.

C. Control Groups

We used the following two different approaches to form two
distinct control groups:
Control Group 1: We performed Propensity Score Matching
(PSM) [10]] in order to rule out the impact of the confounding
variables (Table [l that, if not handled, could potentially yield
unreliable causal relations. In particular, the PSM method
allows for balancing the treated and control groups such that
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TABLE II
BALANCING TREATED AND CONTROL GROUPS USING PSM.
Variable SMD
Number of Tweets 0.1947
Number of Twitter Followers 0.0327
Number of Twitter Friends 0.0916
Number of Check-ins 0.1903
Gender 0.12
Median Absolute SMD 0.12

the distributions of the measured confounding variables are
similar in the treated and the control sub-populations []11]].
Following the PSM method, users in the treated and control
groups were matched based on their propensity scores. The
propensity scores were obtained from a logistic regression
model fitted to predict the probability of a user being assigned
to the treated group given the set of observed confounding
variables of Table |lI} In Table [lLI} we report the standardized
mean difference (SMD) of the confounding variables in order
to show that the users in the treated and control groups are well
balanced. It is generally suggested that the absolute SMD value
should stay below 0.25 [12]. Given all the observed variables
in Table [lI| are in the acceptable range, the experiment can
be considered random and hence, as mentioned by Althoff
et al. [5]], other unobserved variables are expected to be well
balanced and would not confound the findings.

Control Group 2: When using the PSM method, it would be
ideal to control for all potentially confounding variables such
as age and geographical location. However, such information
is neither reliably nor comprehensively available on Twitter or
Foursquare. In order to eliminate all demographic confounding
variables, we created the second control group by matching
every user in the treated group in the treated year with herself
but in a non-treated year. By doing so, we are able to eliminate
all demographic confounding variables as the matched users
in both groups are exactly the same. This also eliminates the
impact of time-of-year, since the outcome of both groups are
for the same time of the year (but in different years).

The employment of two control groups, one based on
propensity score matching and the other based on matching
the user with herself but in a non-treated time period, allows
us to generalize our findings and eliminate any confounding
variables. If the same degree of causality is observed based
on both control groups, then the causal conclusion can be
accepted with a high confidence given that the confounding
variables have been properly controlled.

D. Outcome

We measure users’ affective processes based on LIWC [13]],
a widely-used text analysis program that computes the counts
of words in different categories such as various linguistic
dimensions, grammatical structures, and social and psycho-
logical processes. To measure users’ affective processes, we
used six related dimensions from the LIWC’s psychological
processes category namely, affect, anger, sadness, anxiety,

Affect Anxiety Positive Emotion
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Fig. 1. Impact of engaging in an offline activity. The outcome for the treated
and control populations over different affective processes is shown on the y-
axis. Months -1 and -2 refer to the behavior prior to the treatment and Months
+1 and +2 are two months after the treatment. The differences between treated
and control groups in Months +1 and +2 are statistically significant based on
a paired t-test with p — value < 0.0001 while no significant differences is
observed in Months -1 and -2.

positive emotion, and negative emotion. We ran each tweet
through LIWC to obtain a measure for each of the six affective
sub-processes.

Let u be a user in one of the treated or control groups who
posted m tweets in Month ¢, we measure the outcome as:

% Etem e(t)

oiw) = =< (1)
where 0 = {affect, anger, sadness, anxiety, positive emotion,
and negative emotion} is one of the six LIWC affective sub-
processes and 6(t) is the outcome of sub-process 6 on tweet
t. For example, 0, i, (u) would calculate the average LIWC
anxiety sub-process score over the tweets of user u in the first
month whereas 0y (1) would measure the average LIWC
anger sub-process score of user u’s tweets in the second
month.

We measure o}, (u) based on the six LIWC sub-processes
for the users in the treated group as well as their two
corresponding control groups for the four-month time period,
i.e., two months prior to the treatment (Months -1 and -2) and
two months after the treatment (Months +1 and +2).

IIT. FINDINGS

The main research objective of our work is to study whether
a causal relation can be found between users’ offline activities
and the online representation of their affective processes. This
research objective led to the following two research questions:

RQ1. Whether engaging in a new offline activity impacts
a users’ online affective processes?
Whether disengaging from a routine offline activity
affects a users’ online affective processes?

RQ2.

In order to explore these two research questions, we formed
a treated group and two corresponding control groups for each
of the venue categories introduced in Table [] once for the
case when the treatment is to engage in activities related to
venues in that category and once for when the treatment is
to disengage from the activities related to that category. For
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Anger Negative Emotion
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Fig. 2. Impact of disengaging from a regular offline activity. Figure structure
is similar to Figure [T}

instance, we form a treated group and its two control groups
when the treatment is to frequently visit bar-related venues and
also a separate treated group and its related control groups for
the situation when the treatment is to stop going to bar-related
venues.

Figure [I| summarizes our findings with respect to RQ1. As
shown in the figure, the treated group fully aligns with both
control groups prior to the treatment in Months -1 and -2.
However, after the treatment, the treated group deviates from
the two control groups while both control groups remain fully
aligned. Based on this observation, we find that engaging in
a new offline activity leads to a significant causal impact on
all six affective sub-processes of the treated users. Our results
show that once a user embarks on and remains engaged with
a new real-world activity, the scores of all six affective sub-
processes reduce significantly. This further means that the
users who become actively engaged in a real-world offline
activity expose less affective content in their social media
posts. In other words, such users employ less emotions in
the contents they post. Furthermore, this reduction in affective
content is true for both positive and negative content alike.
As such our response to RQI is that active engagement in
real-world offline activities causally impacts users’ affective
processes in such a way that the users’ content becomes less
expressive of their affective states.

Figure [2| depicts our findings related to RQ2, that is,
how abandoning a frequent offline activity can impact users’
affective processes. As shown on the figure and similar to
our observations regarding RQ1, disengaging from a routine
offline activity significantly impacts users’ affective processes.
However, in this case, we observe that disengaging from a
real-world offline activity positively impacts users’ affective
processes, which means that a higher degree of emotional
content, be it positive or negative, is shared on the social
platform. Therefore, our finding related to RQ2 is that dis-
engaging from a frequent real-world offline activity causally
impacts users’ affective processes and leads to users’ more
emotional expression on the online platform.

It is important to notice that in both Figures [T] and [2] the
difference between the behavior of the treated group and both
of the control groups is negligible and statistically insignificant

in Months -2 and -1. However, the difference is statistically
significant compared to both control groups in Months +1 and
+2, while the behavior of the two control groups remains quite
similar without any noticeable changes. Therefore, considering
that with the two control groups we have controlled for most
potentially relevant confounding factors and still observed sta-
tistically significant differences between the treated group and
each of the control groups, we can conclude that the observed
statistical differences are primarily due to the treatment and
as such the conclusions can be considered to be reliable.

IV. CONCLUDING REMARKS

We have presented an observational study, based on a
quasi experimental design, that examined whether users’ real-
world activities impact the way they express their emotional
and affective states. By carefully controlling confounding
variables through propensity score matching and a novel way
of forming a control group, we have shown that engaging in
or disengaging from a regular routine offline activity leads to
meaningful changes in users’ affective processes. The work
in this paper opens up interesting avenues for future work:
given the observed causal impact, we are now interested in
(1) exploring similar causal relations to other psychological
processes including social, cognitive, perceptual, and biologi-
cal processes, and, (2) building recommendation models that
would suggest the best offline activities for positively affecting
users’ specific psychological processes.
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