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Abstract
With the rapid development of online social networks (OSNs),
many people have linked their accounts of multiple OSN
sites and share contents across them. In this work, we conduct an empirical study of the usage of the Swarm app’s
cross-site sharing feature, i.e., the feature that enables
Swarm users to share their check-ins to Twitter, and reveal factors that impact Swarm users’ sharing behavior. We
classify factors into two groups, i.e., check-in-related factors
and profile-related factors, and dedicate to figure out their
individual and combined influence on Swarm users’ sharing
behavior. Our work can provide a reference for researchers
who collect Swarm check-ins from Twitter to study the characteristics of Swarm check-ins, assisting them to identify
that whether their Twitter-collected check-ins are representative of the randomly selected check-ins collected directly
from Swarm. The OSN sites can also improve their design
of the sharing feature through the findings of this work.
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Introduction
As online social networks (OSNs) have become increasingly popular, many people have accounts on multiple OSNs [16].
To assist users to manage their different accounts, a couple of major OSNs, such as Swarm, Pinterest and Quora,
have introduced the function of “cross-site linking” [8]. With
this function, users are able to share their generated contents from one OSN site to its linked sites. For instance,
if a user is going to post a check-in on Swarm and she
has linked her Swarm account to Twitter, she can share
this check-in to Twitter by using Swarm’s “sharing” feature
to show the check-in to her Twitter followers. Meanwhile,
since an increasing number of users own multiple OSN accounts, many researchers have analyzed several OSNs together from different perspectives. However, most of these
works focus on inferring knowledge about users from several OSNs [6], exploring the consistency of user behavior
among different OSNs [16], and discovering the privacy security problem caused by the information aggregation of
multiple OSNs [11]. The research about the factors that affect users’ sharing behavior among multiple OSNs is still
lacking.
In this paper, we seek to reveal the factors that affect users’
cross-site sharing behavior. Namely, how users use an
OSN’s “sharing” feature. For example, we wonder whether
users prefer to share their generated contents to other
linked OSNs during a certain time period of a day? Whether
the contents created at a certain category of places are
more likely to be shared? We choose two popular OSNs,
Swarm and Twitter, as examples to study.
This problem is important due to the following reasons:
First, by encouraging users to share contents to established
OSNs, newly built OSNs are able to enlarge the visibility.
The critical step for successful encouragements is to know

824

more about users’ sharing behavior. Second, it is a common practice for researchers to collect Foursquare/Swarm
check-ins from Twitter due to the difficulty of collecting the
check-ins directly from Foursquare/Swarm [10, 4, 5, 18].
However, they can only get check-ins that are shared to
Twitter instead of the randomly sampled check-in dataset
gathered directly from Foursquare/Swarm. Thus, this trick
raises an interesting question: Can the check-ins crawled
from Twitter represent the randomly selected check-ins collected directly from Foursquare/Swarm? If we know the
factors that affect users’ sharing behavior, we are able to
know the common features of the check-ins that are shared
to Twitter. By going a step further, the representativeness of
these shared-to-Twitter check-ins is clear. For instance, if a
check-in’s venue category is a critical factor affecting users’
sharing behavior, and check-ins with the venue category
of “Food” have a much larger fraction in shared-to-Twitter
check-ins than in the complete set of Swarm check-ins, the
shared-to-Twitter check-ins are not able to represent Swarm
check-ins from the venue category perspective.
In this work, we collected the complete set of check-ins
from more than 6,000 Swarm users who have linked their
Swarm accounts to Twitter, and identified their sharedto-Twitter check-ins. Based on their more than 10 million
check-ins, we investigate the factors that impact Swarm
users’ sharing behavior from both the check-in perspective
and the user’s profile perspective. Besides the individual
factors, we also measure the impact of different combinations of these factors by machine learning techniques.
Specifically speaking, we use the selected factors and the
machine learning model to predict whether a check-in will
be shared or not. The high prediction performance proves
that those combinations of factors do affect users’ sharing
decisions. The F1-score and Area Under Curve (AUC) can
reach 0.90 and 0.95, respectively.

Overall, our contributions are summarized as below.
• To the best of our knowledge, this is the first work that
analyzes the factors impacting users’ sharing behavior. We revealed that the following four factors affect
the usage of Swarm’s sharing feature: length of text
attached to a check-in, whether the last check-in was
shared, the user’s gender, and number of the user’s
Twitter followers. With these influential factors, we are
able to predict whether a check-in will be shared to
Twitter or not with an F1-score of 0.90. Our findings
can facilitate OSNs designing their sharing feature
better. For instance, they are able to predict users’
sharing behavior more accurately and provide targeted users with sharing shortcuts.
• Our findings can be referred by researchers who use
shared-to-Twitter check-ins instead of check-ins directly collected from Foursquare/Swarm. They are
able to determine the representativeness of their
shared-to-Twitter check-ins. For example, it is reasonable for researchers to utilize Twitter-collected
check-ins to analyze user behavior related to time,
venue categories, and the number of Swarm friends,
since these factors hardly affect users’ sharing decisions. Their research results will be approximate to
those obtained from check-ins that are directly collected from Foursquare/Swarm.
In the following parts of this paper, we first introduce related
work and the dataset used in this work. Then we discuss
the individual effect of factors, and investigate the effect of
their combinations before we make a conclusion.

Related Work
A variety of literatures have examined multiple OSNs together and drawn conclusions from perspectives of cross-

site linking [8, 20], information aggregation [6, 2], behavior
and profile consistency [15, 19], and user privacy security [11]. Gong et al. [8] investigated the proportion of the
adoption of different linking options in different Foursquare
user groups and studied the relationship between filling
optional fields of profile and enabling cross-site linking function. Farseev et al. [6] revealed that multiple OSNs’ data
mutually complement each other and if we fused their data
appropriately, we were able to predict other attributes of a
user more accurately. Pasquale et al. [15] aimed to answer
the question that whether users behave similarly across
OSNs or they behave in terms of the characteristics of an
OSN. As for the user privacy, Irani et al. [11] showed that
by aggregating a user’s information from her different OSN
accounts, there existed an unintended personal-information
leakage problem. However, to the best of our knowledge,
the factors that impact users’ sharing behavior among multiple OSNs have not been examined yet.
The other line of literatures aimed to study the Foursquare
users’ behavior pattern through their check-ins. Since a
Foursquare user’s check-ins are visible to her friends only,
they are unavailable for crawling. A popular strategy to circumvent this problem is to collect the check-ins from Twitter
that are shared from Foursquare [10, 4, 5]. Brent and Monica [10] collected the Foursquare check-ins from Twitter, together with the geo-tagged posts of Twitter and Flickr, they
examined the urban biases in these data which they called
“volunteered geographic information”. Cheng et al. [4] gathered Foursquare check-ins from the public Twitter feed and
analyzed their spatial, temporal and social characteristics.
Cranshaw et al. [5] utilized the Foursquare check-ins collected from Twitter to study the urban dynamics. However,
there is no literature showing that the check-ins collected
from Twitter are representative of the randomly selected
check-in set on Foursquare/Swarm. In this work, by inves-

825

tigating how users use the sharing feature of the Swarm
app, an OSN split from Foursquare in 2014, we are able to
know whether those check-ins shared to Twitter have common characteristics and the representativeness could be
examined.

Dataset Description
Foursquare and Swarm
Foursquare has been a representative OSN since 2009.
Its users leave tips about places they have visited and
make check-ins to show their current locations. In 2014,
Foursquare separated the check-in function to form a new
application called Swarm [3] and they share the same user
account system. A check-in records the time, location and
the venue category of the place that the creator visits. Users
can also attach text with a check-in. If a Swarm user shares
a check-in to his Twitter account’s timeline, the user’s Twitter followers know that this tweet is shared from the Swarm
app. Since Twitter is a more popular OSN than Swarm, the
sharing feature helps improve the visibility of Swarm.
On Foursquare/Swarm, venue categories are organized
as a hierarchic category tree. A higher level category is
divided into several lower level categories. We aggregate all
the lower level categories into their corresponding top level
categories. There are 10 top level venue categories in all,
i.e., Arts, Events, Travel, Shops, Food, Outdoors, Nightlife,
Residence, Colleges, and Professional.
Data collection
Since users’ check-ins are only visible to their friends on
Swarm, we use the same method as [14] to gather checkins with users’ consent. We registered Swarm accounts
with the following description in profiles: “We are from Fudan University, China. We add friends for human behavior
modeling. We respect your privacy and your data will only
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be used for our research.” From February to April 2018, we
randomly enumerated Swarm users’ IDs and checked their
Foursquare profiles 1 first to see whether they have linked
their accounts to Twitter and what their Twitter IDs are if applicable. Then we sent Swarm friend requests to those who
have linked their Swarm accounts to Twitter. Users were
able to see our description in the profile when they received
the friend request. For those who accepted our friend request, we crawled their tweets according to their Twitter IDs
through Twitter API 2 . Finally, filtering out users that have
not made any check-in in recent three months, we have the
permits from 6,050 Swarm users and collected their complete set of check-ins.
As in [10], we call those tweets on Twitter that are actually check-ins shared from Foursquare/Swarm as “check-in
tweets”. Since only the most recent 3,000 tweets are allowed to be accessed from the Twitter API, we synchronized the check-in dataset and tweet dataset by timestamp.
Specifically speaking, for each user, we removed the checkins generated before the creation time of the user’s oldest
tweet we gathered. Check-in tweets can be detected with
the “source” attribute of tweets. If the “source” field shows
“Foursquare” 3 , then we know that this is a check-in tweet.
Finally, 10,703,371 check-ins were left for our following research and 1,053,602 of them were shared to Twitter.
In this paper, we use “whole group” to represent the complete check-in set that were directly collected from Swarm
(i.e., 10,703,371 check-ins). In the “whole group”, we call
the check-ins that were shared to Twitter (i.e., 1,053,602
1
The cross-site linking information is only accessible through users’
Foursquare profiles instead of their Swarm profiles.
2
https://developer.twitter.com/content/developer-twitter/en.html
3
Each check-in shared from Swarm is tagged with “from Foursquare”
on Twitter.

check-ins) as “shared subgroup” and the rest of them as
“unshared subgroup”.

Analysis of Individual Factors

# of Check-ins

We classify factors into two classes, i.e., check-in-related
factors and profile-related factors.
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Figure 1: Number of check-ins per
hour during a week
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For a check-in-related factor f , let Vf be the set of its different values. In the “whole group” and “shared subgroup”
respectively, for each factor f and its v in Vf , let pv be the
fraction of check-ins with factor value v in all check-ins of
the group. We define “the check-in fraction distribution of a
factor f ” as the set {pv |v ∈ Vf }. If “the check-in fraction
distribution of a factor” in these two groups show great difference, we consider that this factor has a great impact on
the usage of the sharing feature.
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Figure 2: Fractions of check-in
with different venue categories

Besides, we divide Swarm users into different groups according to the profile-related factors. We define a user’s
“sharing fraction” as the fraction of shared-to-Twitter checkins in all check-ins created by this user. Then, we explore
the Cumulative Distribution Function (CDF) of “sharing
fraction” of those user groups. If the CDF curves of different user groups vary much, we consider that the factor,
by which these user groups are divided, can greatly affect
users’ sharing behavior.
Check-in-related factors
For each check-in, check-in-related factors include its creation time, the venue category of the place it belongs to,
the length of its attached text, and whether its’ last checkin was shared. Figure 1-4 show the analysis results of the
check-in-related factors.
Figure 1 shows the number of check-ins per hour during a
week in the whole group and shared subgroup, respectively.
Figure 2 demonstrates the check-in fractions of different

venue categories in those two groups. From these two figures we can know that the check-in fraction distributions
over both creation time and venue category in the whole
group and shared subgroup are similar. In other words,
check-in’s creation time and its venue category can hardly
affect users’ sharing behavior.
Besides, to quantify the difference of check-in fraction distributions between two groups, we regard the fraction distribution in each group as a probability distribution, and calculate these two distributions’ Kullback-Leibler divergence
(KL divergence) [13]. For two probability distributions P and
Q, the KL divergence DKL (P ||Q), also called relative entropy, is a measure of the information loss when Q is used
to approximate P . Therefore, it can be used to measure the
difference between P and Q, and it ranges in [0, +∞). if its
value is approximate to 0, it means that two distributions are
very similar. On the contrary, the larger the KL divergence
is, the more different manner two distributions behave. Although DKL (P ||Q) ̸= DKL (Q||P ), we only consider
DKL (whole group || shared subgroup) in this work since
we care about to what extent the shared subgroup can be
used to approximate the whole group.
The KL divergence values calculated from the two distributions over time in Figure 1 and the two distributions over
venue category in Figure 2 are both less than 0.02, presenting that no salient distinction exists between these two
groups with regard to those two factors.
We define the length of text as the number of bytes in the
text. The reason why we use a byte instead of a word as
the unit of the text length is that plenty of text in our dataset
is not English. Considerable text is in the language whose
sentences cannot be easily split into words, such as Chinese and Japanese. Therefore, with this definition, we are
able to calculate the length of text in any language.
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Figure 3: Fractions of check-in
with different text length
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Figure 5: CDF of the sharing
fraction according to users’ gender
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1

Figure 3 shows the check-in fractions of different text length
intervals, i.e., no bytes, no more than 37 bytes, and more
than 37 bytes. The threshold 37 is the average of non-zero
text length in the whole group. Apparently, although the majority of check-ins are made without text in both of the whole
group and shared subgroup, check-ins with text are more
likely to be shared to Twitter, and the longer the text is, the
more likely it is shared. It makes sense since it is more laborious to create a longer text, and users naturally prefer
sharing it to other platforms so that she can attract attentions from more people. We also apply the KL divergence
to the text length, and the value is 0.13, which is larger than
values of temporal and venue category factors presented
before (<0.02). Therefore, we conclude that longer text encourages a user to share check-ins.
Figure 4 presents the fractions of check-ins having different last check-in’s sharing status. In the legend of Figure 4,
“shared” represents check-ins whose previous check-in
was shared to Twitter and “unshared” represents those
whose previous one was not. It can be clearly observed
that check-ins with their last check-in shared to Twitter possess a much larger fraction in the shared subgroup than in
the whole group, and the KL divergence can reach 1.55 . It
means that if a user shares a check-in to Twitter then it is
highly probable that she shares her next check-in to Twitter
as well.
One probable reason is the fact that Swarm by default
shares a user’s current check-in to Twitter if she has used
the sharing feature in her last check-in. Although users can
change this setting when they post check-ins, this setting
encourages users to experience its sharing feature and
helps Swarm attract more users from other OSNs. The
other probable reason is that users’ sharing behavior may
have the characteristics of time locality. Namely, during a

period of time, they enjoy the Swarm’s sharing feature, so
they share nearly each check-in to Twitter. However, once
they feel bored of it, they seldom use it.
To sum up, among the check-in-related factors, whether the
last check-in was shared shows great power on influencing
users’ sharing behavior, while the text length has influence
to some extent. The factors of check-in’s creation time and
venue category hardly have influence. Besides, we can
draw a conclusion that shared-to-Twitter check-in dataset is
an alternative to Swarm check-ins if it is used for the analysis related to check-ins’ creation time and venue category.
However, researchers are not encouraged to adopt the
attributes of text length and last check-in’s sharing status
when they are extracted from the shared-to-Twitter checkins.
Profile-related factors
Profile-related factors include the check-in creator’s gender, his number of friends on Swarm, and his number of
followers on Twitter 4 . Figure 5-7 illustrate the relationship
between profile-related factors and users’ sharing behavior.
Figure 5 presents the CDF of male’s and female’s sharing
fraction. Recall that a user’s “sharing fraction” is defined as
the fraction of shared-to-Twitter check-ins in all his checkins. We can observe that the CDF curves is slightly different
between each other, i.e., there are fewer males than females with their sharing fraction smaller than 13%. Thus,
males mildly tend to share check-ins to Twitter in comparison with females.
For the factors of the number of Swarm friends and Twitter
followers, we divide users into three groups according to
each factor. We divide the number of Swarm friends into
4
On Twitter, you follow someone means that you can see her tweets. If
user A follows user B, then user A is called a follower of user B.
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Figure 6: CDF of the sharing
fraction according to users’ number
of Swarm friends
1

To sum up, males share more check-ins to Twitter, and
users who have more Twitter followers are more likely to
share check-ins to Twitter. Besides, since the check-in creators’ number of Swarm friends do not affect users’ sharing
behavior, check-ins shared to Twitter are representative of
the check-ins randomly collected from Foursquare/ Swarm
from this perspective.
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(72, 196]
(196, ∞)

0.4
0.2
0
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three intervals, i.e., no more than 41, between 41 and 94,
and more than 94. The thresholds 41 and 94 are the quartile and median of users’ friend count, respectively. We perform the same operation on the number of Twitter followers,
with quartile of 72 and median of 196. Figure 6 and Figure 7 show the CDF of sharing fractions in different user
groups divided by the above two factors, respectively. We
can see that the CDF curves in Figure 7 vary much among
one another while CDF curves in Figure 6 almost coincide.
It means that users with more Twitter followers are more
likely to share their Swarm check-ins to Twitter. However,
the amount of their Swarm friends does not affect their
sharing decision. The different results of these two factors demonstrate that users care more about connections
with Twitter friends when they are using Swarm’s sharing
feature.

1

Sharing Fraction

Figure 7: CDF of the sharing
fraction according to users’ number
of Twitter followers

Analysis of the Combinations of Factors
We have clarified the effect of individual factors on users’
sharing behavior, but it remains unclear that how the combinations of these factors will affect users’ sharing behavior.
Will those factors that individually contribute little to users’
sharing behavior become influential when they are combined together? Can we construct a model to predict users’
sharing actions accurately with the help of those influential
factors? This model can be used by the Swarm app to improve user experience on its sharing feature, such as providing sharing shortcuts for those who is predicted to share

a check-in.
In this section, we utilize machine learning algorithms to
investigate the impact of factors’ combinations. According to the analysis results in the previous section, we call
the factors of “check-in’s creation time”, “venue category”,
and “the number of Swarm friends” as “weak factors”; we
call the factors of “the last check-in’s sharing status”, “text
length”,“gender”, and “the number of Twitter followers” as
“strong factors”. A combination of factors is considered to
be influential if a machine learning model, which uses these
factors as features for input, can accurately predict whether
a check-in will be shared to Twitter. All individual factors
mentioned before are adopted as a check-in’s features, and
we set the profile-related features of a check-in as its creator’s profile-related factors. Therefore, each check-in has
both check-in-related features and profile-related features.
We conduct the experiments with three combinations as
shown below:
Case 1: weak factors only
Case 2: strong factors only
Case 3: weak factors and strong factors
In Case 1, we combine the weak factors to see whether
their combination has a different performance from when
they are used separately. Meanwhile, to further validate
the factors that we reveal to be influential in the previous
section, in Case 2, we combine them to see whether their
combination performs the same. Finally, in Case 3, we aggregate weak and strong features to find out how accurately
we can predict users’ sharing behavior.
Obviously, it is an imbalanced learning task with 1,053,602
shared check-ins and 9,649,769 unshared check-ins. Therefore, we perform a simple randomly undersampling [9] on
the major class: we randomly select 1,053,602 check-ins
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from the unshared subgroup, and merge them to the shared
check-ins. Finally, a new dataset with balanced classes
is used for learning. We employ Decision Tree, Random
Forest [17], LightGBM [12], and XGBoost [1] to make the
classification, and five-fold cross-validation is used for evaluation. The results are shown in Table 1.
In Table 1, three metrics are used for evaluation: accuracy,
F1-score, and AUC (Area Under Curve). We regard shared
check-ins as positive instances and unshared ones as negative instances. Accuracy is the fraction of correctly predicted instances. F1-score is the harmonic mean of precision and recall. Precision is the fraction of correctly predicted positive instances in all predicted positive instances,
and recall is the fraction of correctly predicted positive instances in all really positive instances. According to [7],
AUC means the probability that a classifier will rank a randomly selected positive instance higher than a randomly
selected negative one.
In Case 1, none of these algorithms can predict sharing
behavior accurately, and F1-scores and AUCs are around
0.60 and 0.65, respectively. However, all algorithms in Case
2 achieve quite good results, with all scores around 0.90.
The results are almost the same to the results in Case 3 but
with fewer features. The results in Case 1 indicate that even
the combination of those weak factors can hardly impact
users’ sharing behavior. Besides, the algorithms perform
well with features in Case 2, confirming that the factors of
text length, whether the last check-in is shared, the user’s
gender, and the number of her Twitter followers have great
influence on a user’s sharing willingness.
To sum up, the combination of weak factors has little impact
on users’ sharing behavior and the combination of strong
factors performs much better. For researchers, these results justify the method of collecting check-ins from Twitter,
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Algorithms \ Metrics

Accuracy

F1

AUC

Case 1

Decision Tree
Random Forest
LightGBM
XGBoost

0.63
0.61
0.61
0.66

0.62
0.61
0.59
0.65

0.69
0.67
0.65
0.73

Case 2

Decision Tree
Random Forest
LightGBM
XGBoost

0.90
0.90
0.89
0.90

0.89
0.89
0.89
0.89

0.95
0.95
0.94
0.95

Case 3

Decision Tree
Random Forest
LightGBM
XGBoost

0.91
0.90
0.90
0.91

0.90
0.89
0.89
0.90

0.95
0.94
0.95
0.96

Table 1: Machine learning results

not only when they use the weak factors separately, but
also when the combinations of those factors are considered. Furthermore, with only the strong features, we are
able to accurately predict whether a Swarm check-in will be
shared to Twitter or not.

Conclusion and Future Work
In this work, we investigate OSN users’ sharing behavior
among their linked accounts. By taking Swarm and Twitter as examples, we find out the influential factors that affect the usage of the Swarm app’s cross-site sharing feature. Specifically, check-ins with longer text slightly tend to
be shared, and males share more check-ins to Twitter to a
small extent. Besides, users’ sharing behavior is closely related to whether the last check-in is shared, and users who
have more Twitter followers are much more likely to share
check-ins to Twitter. By using machine learning algorithms,
the above factors’ combination is able to predict whether a

check-in will be shared to Twitter. The prediction’s F1-score
and AUC can reach 0.90 and 0.95, respectively.
For OSNs who have cross-site sharing feature, our findings
can help them understand how this feature is used by users
and design the feature in a better way. For example, OSNs
are able to improve user experience on the sharing feature by predicting their sharing willingness more accurately.
For researchers who collect the check-ins from Twitter instead of directly from Foursquare/Swarm, they are able to
know the representativeness of their data from different perspectives. For instance, it is valid to use Twitter-collected
check-ins in the analysis related to time, venue categories,
the number of Swarm friends, or their combinations.
This work is a first step into the investigation of users’ sharing behavior across multiple OSNs, providing references
for the future work. Since limited factors and OSNs are discussed in this paper, future work can focus on exploring the
relationship between other factors and users’ sharing behavior, such as the geographic location that check-ins are
created at or the semantic meaning of check-in text. Researchers can also work on case studies to better justify the
conclusions.
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