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Abstract—The increasing popularity and diversity of online
social networks (OSNs) have attracted more and more people
to participate in multiple OSNs. Learning users’ behavior and
information diffusion across platforms is critical for cyber threat
detection, but it is still a challenge due to the surge of users
participating in multiple social platforms. Existing research
on profile matching requires user identity information to be
available, which may not be realistic. Little prior research payed
attention to mapping behavioral patterns across platforms. We
designed and implemented an efficient two-level probabilistic
approach called CrossSimON to mapping user-group behavior
across platforms. CrossSimON considers the activity level and
network position at both individual user level and group level
to correlate activities across social platforms. To evaluate the
effectiveness of CrossSimON in modeling social activity across
platforms, we conducted experiments on three online social
platforms: GitHub, Reddit and Twitter. Our experimental results
show that CrossSimON outperformed the Benchmark in 3 out of
5 simulation metrics. CrossSimON achieved better performance
in user activity prediction. The research provides new strategy for
cross-platform online social network simulation, and new findings
on simulating OSNs and predictive analytics for understanding
online social network behavior.

Keywords— Social media, cross-platform simulation, group map-
ping, similarity, Reddit, regression, social networks, information
spread.

I. INTRODUCTION

With the proliferation of online social media and social
network, users have been introduced to many online social
platforms such as Twitter, GitHub, Reddit, or Instagram.
According to the 2018 survey of U.S. adults conducted by Pew
Research Center, 73% of Americans use two or more of the
eight social media platforms (Twitter, Instagram, Facebook,
Snapchat, YouTube, WhatsApp, Pinterest and LinkedIn) [1].
The prevalent use of social media facilitates the spreading
of malicious/criminal information easily across platforms.
Learning users’ behavior and information diffusion across
platforms is important for cyber threat detection, such as
tracing cybercriminals [2], [3].

Information and rumors can travel across different online
social media platforms, and linking users or entity identities
across platforms can help better understand information diffu-
sion [4]–[6]. However, user identity information for the same
person in real world can be very different across different on-
line social platforms [7], [8]. Also, online social media data is
typically huge, noisy, incomplete and highly unstructured [9].
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Fig. 1. Multi-level features for group identity and user identity.

Existing literature neglects the mapping of behavioral pat-
terns of both users and the groups they belong to across
platforms. Also, most of the prior approaches fall into one
of the following categories: profile attribute-based approach,
network structure-based approach, content-based approach,
and timestamp-based approach. However, the solutions in the
literature have some limitations (e.g., Network-based user
identification poses several major challenges such as unavail-
able entire network structure due to the large scale and privacy
issues maintained by online social media companies [10]–[12])
and cannot well simulate the online social behavior across
platforms.

Literature has shown that group behavior correlates with
individual behavior [13]–[15]. Inspired by this, we consider
both user identities and group identities and propose Cross-
SimON to mapping user-group behavior across platforms.
CrossSimON considers the activity level and network position
at both individual user level and group level (see Figure 1)
to correlate activities across social platforms. CrossSimON
provides a fine-grained solution to simulate online social
behavior across platforms. Our experimental results show that
CrossSimON can better improve the performance of cross-
platform social behavior simulation.

II. RELATED WORK

Information spread across platforms (e.g., OSNs) has be-
come an active research area. This line of research includes
cross-platform user identification and cross-platform topic
modeling.

A. Cross-Platform User Identification

Many studies investigate user identification across plat-
forms. Jain et al. [16] proposed two user identity search
algorithms based on profile attributes of a user, and they used
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the two search algorithms to find user identity on Facebook,
given her identity on Twitter. Roedler et al. [17] proposed
a content driven profile matching approach to map users
across different OSNs. Zhou et al. [18] proposed the Friend
Relationship-Based User identification (FRUI) algorithm for
addressing the problem of user identification across OSNs.
FRUI calculates a match degree for all candidate User Matched
Pairs (UMPs), and only UMPs with top ranks are considered
as identical users. Goga et al. [19] proposed a set of techniques
for user identification (identifying accounts on different social
network sites that all belong to the same user) across online
social network sites based on innocuous information (e.g.,
location and timing patterns). Zafarani et al. [20] proposed a
method to match profiles across multiple social network sites
just by analyzing user names. The approach can work only if a
user chooses deliberately to use the same user name. Zhang et
al. [21] presented a two-phase network alignment framework
UMA (Unsupervised Multi-network Alignment) to identify the
connection between shared users’ accounts in multiple social
networks (i.e., the anchor links).

B. Cross-Platform Topic Modeling

Some studies investigate applying topic models on multiple
social media platforms. Guo et al. [22] proposed a model that
considers social-relationship among users for topic modeling
and applied the model on SinaWeibo and Twitter datasets. Cho
et al. [23] designed a model that incorporates users’ social
interactions and attributes for topic modeling and applied the
model on six social media platforms [5]. However, many
of these works perform the topic analysis on each platform
independently without linking users across platforms. There
are also some works that study cross-platform topic modeling.
Liu et al. [24] introduced TopicPanorama that focuses on
visualisation of topics across multiple social media sites. Lee
et al. [25] focused on linking user-generated contents across
multiple social media sites to understand the cross-platform
content posting behavior of a particular user. Pokharel et
al. [26] proposed a framework referred to as Multi-source
Social Topic Media Analysis (xSMA) framework to model,
rank and semantically analyze emerging topics across various
social media platforms.

However, the above works either focus on user identifica-
tion (e.g., user profile mapping) or content mapping across
platforms. Also, most of the above works can only generate
the mapping between users & contents. None of existing works
consider the social networks of the online communities.

III. CROSSSIMON: AN APPROACH TO CROSS-PLATFORM
SIMULATION OF OSN ACTIVITIES

In this paper, we consider both user identities and
group identities and propose CrossSimON (Cross-platform
Simulation of Online Social Networks) to mapping user-group
behavior across platforms. Unlike prior works, CrossSimON
considers the activity level and network position at both indi-
vidual user level and group level to correlate activities across
social platforms. CrossSimON enables both group linkage and

TABLE I
NOTATIONS.

l # of features in feature vector Pi Platform i
gij The jth group in Pi NPi

# of event types in Pi

uik The kth user in Pi t Time t

p(uik|gij , t)Prob. of uik being associated
with gij given gij and time t

Uij
A set of users who
participate in gij at t

Ejr Counts of event type r in Pj βr,m Regression coefficient

Êim
Predicted count of event type
m in Pi

Aij Action type j in Pi

user linkage. CrossSimON first utilizes the multi-level features
for group linkage and then associates the users with groups
based on a novel probabilistic approach. In the following, we
first introduce the “group” concept and the rationale of our
model, and then we formulate our problem. Finally, we present
the design of CrossSimON.

A. Problem Statement

We assume that the individual user behavior correlate with
group behavior. To simulate the information across social
platforms, we define group as a (possibly evolving) infor-
mation artifact which is read, forwarded, commented, edited
or otherwise manipulated by the users. The rationale of
introducing group for cross-platform online social behavior
simulation results from one of the most striking phenomena
in the natural world: collective behavior of social animals,
particularly coordinated group movements [13]–[15]. Table I
shows the main notations used in the paper.

Problem Statement: Given the training data from three
social platforms (one target platform and two source platforms)
and the testing data (concurrent data which are comprised of
the data from the other two source platforms) from two source
platforms, how to simulate the activity (i.e., sequence of events
including the information of nodeID, nodeUserID, actionType,
nodeTime, groupID, parentID, rootID) of the target platform
in the testing period (the period of the concurrent data)? How
to simulate the activity of the target platform in the testing
period with a gap between the training data and testing data?

B. The Design of CrossSimON

Figure 2 shows the framework of the CrossSimON. CrossSi-
mON consists of three major components: (1) group mapping
based on multi-level features (activity level and network posi-
tion), (2) user identification using the probabilistic approach,
(3) cross-platform simulation using multiple linear regression.
Below we present the design of each component.

1) Group Mapping: In training period, we first perform
feature alignment across platforms because different social
platforms have different structures and strategies for presenting
user/entity profiles (e.g., node types and link types). Then, we
use the extracted group features to find the similar group in
each source platform given the group in the target platform
based on the cosine similarity in Formula (1) and the times-
tamp of the groups.

sim(gi,q, gj,v) =
S · T

||S|| ||T || (1)

where S and T are the feature vectors of group gi,q and gj,v ,
respectively. Figure 3 shows the design of group mapping,
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which maps the groups across platforms based on the co-
sine similarity derived from the group features. CrossSimON
chooses the group that has the highest cosine similarity score
among the candidate group list as the similar group.
• Feature Selection: We extract both activity level features

and network position features for the entire training period. In
each platform, we extract the groupID, timestamp, the group
features such as ratio of the number of the event type Aij

(an action/event type such as CreateEvent in GitHub, Post in
Reddit, Tweet in Twitter, etc.) to the maximum number of
event type Aij from the group, degree centrality of the group,
closeness centrality of the group, and eigenvector centrality
of the group. The activity level features for group include: the
ratio of the number of the event type Aij (such as CreateEvent
in GitHub, Post in Reddit, Tweet in Twitter, etc.) to the
maximum number of the event type Aij from the group,
and the network position features include: degree centrality
of the group, closeness centrality of the group, eigenvector
centrality of the group. To compute the dot product of the
feature vectors of two groups from two platforms, we perform
feature alignment across different platforms. Specifically, we
align the feature “numCreateToMaxEvts” (ratio of the number
of CreateEvents to the maximum number of CreateEvents from
the group) with “numSubToMaxSub” (ratio of the number of
Posts to the maximum number of Posts from the group) in
Reddit and “numTweetsToMaxTweets” (ratio of the number of
Tweets to the maximum number of Tweets from the group) in
Twitter; we align the average ratio of the number of the other
9 event types (see Section IV-A for the explanation of event
types) from the group to the maximum number of the other
9 events from the group in GitHub with that of the Comment
event in Reddit and that of the other 3 event types in Twitter;
we align the degree centrality of the group, closeness centrality
of the group, eigenvector centrality of the group in GitHub to
that of Reddit and that of Twitter, respectively.

2) User Identification Using the Probabilistic Approach:
After finding the mapping of groups across different platforms,
CrossSimON then identifies the user associated with the group
(i.e., the user who participates in the group) based on the
probabilistic approach. Below we use cryptocurrency domain
as an example to introduce the details of the approach.

Denote gij (i = 1, 2, 3) as the jth group in platform Pi.
Denote uik as the kth user in platform Pi. Let p(uik|gij , t) be
the probability that the user associated with the group gij is uik

given that the group is gij and the time is t, and the probability
p(uik|gij , t) can be represented as the number of occurrences
that the user associated with the group gij is uik given that the
group is gij and the time is t (denoted by nikj,t) divided by
the total number of occurrences that the user associated with
the group gij is uih given that the group is gij and the time
is t (denoted by nihj,t), where uih could be any user in the
training period. Hence, we have

p(uik|gij , t) = nikj,t

nihj,t
(2)

where uih represents a particular and arbitrary user that is
associated with the group gij at time t. The higher the value
of p(uik|gij , t), the higher the probability that the user uik

participates in group gij at time t. Hence, we consider the
user with the maximum p(uik|gij , t) as the user (the user who
participates in the group gij at time t) associated with the
group gij at time t. Hence, we have

uik = argmax
uik∈Uij

p(uik|gij , t) (3)

where Uij is a set of users consisting of all the users who
participate in the group gij at time t. Therefore, Formula (2)
and Formula (3) can be used to identify the user associated
with the group gij at time t.

3) Cross-Platform Simulation Using Multiple Linear Re-
gression: We assume that there is no time lapse between two
platforms’ activities. After finding the users associated with the
groups based on the probabilistic approach, CrossSimON uses
the multiple linear regression model to predict the counts of
different event types in the target platform given the concurrent
data from the other two source platforms. After generating
the predicted counts of different event types, CrossSimON
generates the predicted sequence of event types and the
simulation of the cross-platform online social networks.

To predict the counts of events in platform i (Pi), we
build the following multiple linear regression model shown
in Formula (4)

Êim = β0,m +

NPj∑

r=1

(βr,m · Ejr) +

NPk∑

s=1

(βNPj
+s,m · Eks) (4)

where Êim is the predicted count of event type m in Pi

(platform i), Ejr represents the count of event type r in Pj ,
Eks represents the count of event type s in Pk, NPj

and NPk

are the number of event types in Pj and Pk, respectively,
βu,m (u ∈ {0, 1, ..., NPj

+NPk
}) is the regression coefficient

Multiple 
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Fig. 2. Framework of the CrossSimON for cross-platform online social network simulation.
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Fig. 3. Group mapping across different social media platforms.

of the multiple linear regression model. Each time we use the
regression coefficients with the same indexed hours in one
week, i.e., 0, ..., 167 (0 and 167 represent the first hour and
the last hour of the week, respectively) as that of the group
and user, and each event type for making prediction.

Algorithm 1 shows the pseudocode for CrossSimON algo-
rithm. The algorithm first aligns features (including activity
level features and network position features) across platforms
and computes the cosine similarity between the groups from
the source platform and target platform (line 1), and maps
the groups across platforms based on the cosine similarity
score and the group’s timestamp (line 2). Next, the algorithm
computes the probability of a user (e.g., uik) being associated
with a group gij given that the group is gij and the time is
t (line 3), then the algorithm identifies the user who belongs
to the group based on Formulas (2) and (3) (line 4). Next,
Algorithm 1: Pseudocode for CrossSimON

Input: Training data (including the extracted activity level features and
network position features, regression coefficients, hourly event
counts, information of nodeID, nodeUserID, action Type, etc.)
from multiple (m) platforms and concurrent data (testing data)
from two source platforms

Output: The simulated sequence of events of the testing period in the
target platform

1 Align features across platforms and compute the cosine similarity
2 Map groups across platforms based on the cosine similarity and

timestamp of the groups //Section III-B1
3 Compute the probability of a user uik being associated with a group

gij given that the group is gij and the time is t //Formula (2)
4 Associate users with the groups based on the calculated

probabilities //Formulas (2) and (3)
5 Generate the regression coefficients using the scikit-learn
6 Predict the counts of event types of the testing period in the target

platform using multiple linear regression //Formula (4)
7 Generate the simulated sequence of events of the testing period in the

target platform based on the predict counts of event types

the algorithm uses the scikit-learn package to generate the
regression coefficients (line 5). After getting the regression
coefficients, the algorithm uses the multiple linear regression
to predict the counts of event types of the testing period in
the target platform (line 6). Finally, the algorithm generates the
simulated sequence of events of the testing period in the target
platform based on the predicted counts of event types (line 7).
This algorithm can be applied to generate the simulation for all
the platforms (GitHub, Reddit and Twitter) and all the domains
(cryptocurrency, software vulnerability, cyber threat). Due to
the page limit, we choose cryptocurrency domain and choose
Reddit as the target platform, and present our experimental
results in Section V.

IV. APPLICATIONS

In this paper, we build CrossSimON based on three popular
online social networks: GitHub, Reddit and Twitter. Below, we

first introduce these three social platforms, then we describe
the dataset considered in CrossSimON.

A. Social Platforms in CrossSimON

The GitHub social network consists of two types of nodes:
users and software repositories, and ten types of links: events
between a user and a repository. These ten types are “Watch”,
“Fork”, “Pull”, “Push”, “Issue”, “Create”, “Delete”, “PullRe-
quest”, “IssueComment”, “PullRequestReviewComment” and
“CommitComment”. A “Watch” event occurs when a user
clicks the “Watch” button on GitHub to watch a repository,
etc. The Reddit social network consists of two types of
nodes: users and subreddit, and two types of links: events
between a user and a subreddit. The two types are “Post”
and “Comment”. A “Post” event occurs when a user makes
a submission (e.g., sharing a link, etc.). The Twitter social
network consists of one node type users and four types of links
(events): “Quoted Tweet”, “Retweet”, “Tweet” and “Reply”.
“Quoted Tweet” enables a user to say something along with
his/her Retweet, while showing people the original tweet.

B. Dataset Description
The data considered for the development of CrossSimON,

consists of eight-month training data and around half month
testing data. The raw data consists of hourly activities on
GitHub, Reddit and Twitter. In the data preprocessing phase,
necessary information in the form of user-id, group-id (e.g.,
repository-id in GitHub, Subreddit-id in Reddit, Hashtag in
Twitter) and event-type with timestamps were extracted from
these hourly activities and aggregated per day. To enable
the cross-platform prediction and simulation, we process the
concurrent data which are comprised of the data from the other
two source platforms (e.g., The concurrent data for generating
the predicted results in GitHub are the testing data from
Reddit and Twitter, and the concurrent data for generating the
predicted results in Reddit are the testing data from GitHub
and Twitter; the concurrent data for generating the predicted
results in Twitter are the testing data from GitHub and Reddit).
The period of the concurrent data for GitHub is December 1st
to 14th 2017, the period of the concurrent data for Reddit is
December 22nd to 28th 2017, and the period of the concurrent
data for Twitter is January 1st to 15th 2018.

V. EXPERIMENTS AND FINDINGS

In this section, we first describe the metrics and mea-
surements used for evaluation, then present the experiment
setup, and finally present our experimental results, findings
and analyses.
A. Performance Measurements and Metrics

To evaluate the performance of CrossSimON, we primarily
focus on three evaluation metrics: Absolute Percentage Error
(APE), Jensen-Shannon Divergence (JSD), Normalized Root
Mean Square Error (NRMSE). APE measures the size of the
error in percentage terms. JSD measures the similarity between
two probability distributions. NRMSE is a fraction of the over-
all range that is typically resolved by the model, e.g., RMSE

Q1−Q3
,

where RMSE (Root Mean Square Error) is the measure of
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the differences between values (sample or population values)
predicted by a model and the values observed. The lower value
of these metrics indicates better performance.

To test the performance of CrossSimON, we selected
the following representative measurements: comm modularity
(community modularity which measures how strongly
the network resolves into communities or modules),
comm num user actions (average number of daily user ac-
tions for users within the community), user activity dist
(user activity distribution which measures the distribution
over user activity for all users), user unique content (mea-
suring number of unique events that users interact with,
e.g., number of unique Posts that users comment on),
cont activity disp geni comm (the disparity of total level
of activity among users), that can be categorized into three
categories: community, user and content. Community mea-
surements evaluate the quality of information spread over
communities (i.e., represented as subreddits). User measure-
ments evaluate the quality of how information is spread among
users. Content measurement evaluates the quality of how
to determine if some users have more influence over how
information spreads.
B. Experiment Setup

1) Data Collection: Our dataset consists of Github, Reddit,
and Twitter activities in the cryptocurrency domain. Train-
ing dataset includes 557,643 Github activities recorded in
9,115 repositories; 1,321,279 Reddit activities recorded in
9 subreddits; 7,381,980 Twitter activities recorded in 1,405
hashtag groups. The training data were related to activities of
65,628 Github, 80,575 Reddit, and 516,117 Twitter users who
participated during the time period from January 1 to August
31, 2017. Simulation dataset includes 142,755 Reddit activities
recorded in 3 subreddits. The simulation data were related to
activities of 29,565 Reddit users who participated during the
time period from December 22 to December 28, 2017.
• Feature Description: In Reddit platform (https://www.

reddit.com/), a “subreddit” is a forum dedicated to a specific
topic. A Post (also called “submission”) is a top-level news
item submitted by a user. Other users may respond to a Post
by submitting Comments and by commenting on existing
Comments. Posts and Comments then form a hierarchical
structure within their respective subreddit. The Posts, Com-
ments, and temporal interactions among users in subreddits
form bi-partite undirected networks, in which two types of
nodes are user and subreddit, and two types of links are
Comment and Post. A Comment is a link between two users
whereas a Post is a link between a user and a subreddit.
In GitHub platform (https://github.com/), users can share and
edit software repositories. A repository (repo for short) is an
independent project where users store code, documentation,
resource files, and references. The ten types of events, and
temporal interactions among users in repos form bi-partite
undirected networks, in which two types of nodes are user and
repo, and ten types of links are then event types (e.g., “Watch”,
“Fork”, etc.). In Twitter platform (https://twitter.com/), users
can communicate through “tweets” or messages up to 140

characters long. The four event types, the interactions among
users form a single network, in which one node type is
user and four types of links are “Quoted Tweet”, “Retweet”,
“Tweet” and “Reply”.

2) Experiment Design: We compared CrossSimON with
the Benchmark, which generates a simulation sequence by
replicating the same users and events occurred prior to the
simulation period. A simulation sequence consists of all events
predicted by a method, and each event specifies nodeID
(ID of Post/Comment), nodeUserID (ID of the user who
posted the Post/Comment), actionType (event type), nodeTime
(timestamp of when the Post/Comment was posted), groupID
(ID of a subreddit), parentID (ID of the Post/Comment to
which the specified nodeID is an immediate reply), rootID (ID
of the original post). We used events occurred in the ground
truth to compare against the simulated events to measure the
performance of a method. In practical scenarios, a gap typi-
cally exists between the training period and testing period [27].
To test the effectiveness of CrossSimON in handling the gap
between the training period and testing period, we chose the
period from December 22 to December 28 as the testing
period (when the target platform is Reddit), and used the
data in the period from March 25 to March 31, 2017 and
the period from August 25 to August 31, 2017 to generate
the results for Benchmark approach, respectively (The end
date of CrossSimON’s training period is the same as that of
Benchmark). The average values of experimental results of
these two periods are reported in Table II.

C. Findings and Analyses
Table II shows the experimental results of simulating

Reddit events with GitHub and Twitter activities over the
period of December 22-28, 2017. CrossSimON outperforms
the benchmark method on the metrics of user activity dist,
user unique content, cont activity disp geni comm. Also,
the performance of CrossSimON on other measurements (e.g,
comm num user actions) is close to that of the Benchmark:
the difference between the APE value of comm modularity for
CrossSimON and that for Benchmark is only 7.963, and the
difference between the JSD value of comm num user actions
for CrossSimON and that for Benchmark is only 0.343. This
indicates that CrossSimON performs well on some of the
measurements. The effects of the gap between the training
period and testing period does not compromise the perfor-
mance of CrossSimON much. This suggests that CrossSimON
can better handle the effects of the gap between the training
period and testing period. The reason behind this is that
Benchmark is a forward-based prediction, which relies more
on the training data (similar patterns between training data
and testing data). The larger the gap, the lower the probability
that the training data and testing data have similar patterns
and thus the higher the probability that Benchmark has lower
performance. However, CrossSimON utilizes the activity level
features and network position features for making prediction
(predict the counts of event types) in the target platform based
on the concurrent data from the source platforms and it does
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not rely much on the training data. Therefore CrossSimON can
better handle gap’s effects on the performance of prediction
and simulation.

TABLE II
RESULTS OF SIMULATING REDDIT EVENTS WITH GITHUB AND TWITTER

Category Measurement Metric CrossSimON Benchmark

Community comm modularity APE 13.677 5.714
comm num user actions JSD 0.689 0.346

User user activity dist NRMSE 9.779 25.611
user unique content NRMSE 4.271 16.294

Content cont activity
disp geni comm APE 0.980 5.499

Note: A bold number indicates better result.

D. Discussion and Implication
Several implications are observed from the results. The gap

between the training period and the testing period affects
the performance of the prediction and therefore affects the
performance of the simulation. The groups in different social
media platforms have different activity patterns. The groups
in Twitter have generally shorter lifespans compared to those
in GitHub and Reddit. This will affect CrossSimON’s per-
formance in predicting bursts of activity. However, it does
not affect the performance of the forward-based approach
(Benchmark). This reveals the reasons that CrossSimON has
relatively lower performance in predicting bursts of activity
(e.g., community burstiness, community user burstiness) com-
pared to Benchmark.

VI. SUMMARY AND FUTURE DIRECTIONS

Learning users’ behavior across platforms can possibly help
to detect cyber threats, but it is still a challenge due to the surge
of users participating in multiple social platforms. Existing
research on profile matching requires user identity information
to be available, which may not be realistic. In this paper, we
consider both user identities and group identities to capture
the collective social behavior across platforms and develop
CrossSimON to simulate online social behavior across plat-
forms. Unlike prior works, CrossSimON considers the activity
level and network position at both individual user level and
group level to correlate activities across social platforms. On
the one hand, CrossSimON can link user identities based on a
novel probabilistic approach; on the other hand, CrossSimON
presents a solution to group identity linkage across platforms.
Moreover, CrossSimON is also able to simulate the informa-
tion spread across multiple platforms based on the linkage
of groups and users. In addition, CrossSimON leverages the
advantages of prior representative approaches for linking user
identities and group identities and simulates the information
spread across platforms. Experimental results show that Cross-
SimON outperforms the Benchmark in 3 out of 5 simulation
metrics. CrossSimON achieves better performance in user
activity prediction. On the other hand, CrossSimON does not
outperform the Benchmark in community-level metrics. The
research provides new strategy for cross-platform online social
network simulation, and new findings on simulating OSNs and
predictive analytics for understanding online social network
behavior. In the future, we will consider modeling the time

lapse between different social media platforms. Also, we will
consider adding more social platforms to verify the perfor-
mance of CrossSimON. Finally, we will expand training data
size for further improving the performance of CrossSimON.
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