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ABSTRACT

Despite being characterized as constantly on and connected, IM
users’ responsiveness varies across different contacts. While re-
search has shown that the relationship between conversation part-
ners plays an important role in influencing their communication
patterns, characterization of such patterns simply by using rela-
tionship information is limited [7, 8]. In this paper, we identify five
distinct clusters of IM patterns using unsupervised learning derived
from 46 users’ conversation history. We show that the relationship
category sufficed to characterize three clusters of communication
patterns, but failed for the most active one. However, considering
both relationship and topics would distinguish most communica-
tion patterns, including the most active one. This result suggests
that future research on IM communication patterns should pay
more attention to the topics in users’ conversations.

ACM Reference Format:

Kung-Pai Lin, Hao-Ping (Hank) Lee, Yu-Ling Chou, Faye Shih, and Yung-Ju
Chang. 2021. Distinguishing IM Communication Patterns with Relationship
and Conversation Topics. In Companion Publication of the 2021 Conference
on Computer Supported Cooperative Work and Social Computing (CSCW 21
Companion), October 23-27, 2021, Virtual Event, USA. ACM, New York, NY,
USA, 5 pages. https://doi.org/10.1145/3462204.3481752

“Both authors contributed equally to this research.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

CSCW 21 Companion, October 23-27, 2021, Virtual Event, USA

© 2021 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-1-4503-8479-7/21/10...$15.00
https://doi.org/10.1145/3462204.3481752

121

Yung-Ju Chang
armuro@cs.nctu.edu.tw
Department of Computer Science,
National Yang Ming Chiao Tung
University
Hsinchu, Taiwan

1 INTRODUCTION

Instant messaging (IM) has become an essential channel for people
to communicate about a variety of topics with their contacts in
their day-to-day lives. However, while IM users are expected to be
always-on and always-connected, and are presumably able to re-
spond to messages soon and at any time [14], their responsiveness
to messages nevertheless varies across not only contexts but also
individual contacts [8]. Prior research has suggested that relation-
ship plays a vital role in explaining varied responsiveness [2, 8].
Some researchers have also attempted to characterize IM users’
communication patterns using relationship information. However,
research also shows that conversation topic that IM users commu-
nicate about also plays an important role; it has been suggested
that IM users may be more responsive to messages that are work-
related [1]. Nevertheless, the main body of the literature mainly
focuses on the impact of relationship-related factors on IM users’
communication patterns between conversation partners; little at-
tention has been paid to how typical conversation topics between
partners affect their communication patterns. We argue that it may
be necessary to consider both in order to better characterize IM
users’ communication patterns. For example, work-related topics
may appear in conversations with various kinds of contacts, not
only co-workers, but also family members and friends; but IM users
may display different responsiveness to such messages from differ-
ent kinds of contacts. By the same token, IM users may also chat
about different topics with similar kinds of contacts, but are more
responsive to those who typically talk about urgent business than
those who only chitchat [4].

To fill the research gap, in our study, we examined whether
considering both relationship and conversation topic better charac-
terizes IM users’ communication patterns than considering either
of them on their own. We first utilized unsupervised learning on
communication features extracted from IM conversation history
logs from 46 users, totaling 689,418 messages, to identify five dis-
tinct communication patterns [7]. We then built logistic regression
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models using four different sets of features, 1) Topic, 2) Relationship,
3) Relationship & Topic, and 4) Relationship-Topic Combined, to
characterize IM patterns, i.e. to predict whether a conversation pair
belongs to one of the clusters.

Our findings show that the model with conversation topics alone
achieved extremely poor performance in distinguishing all clusters
of IM patterns. Second, we found that while relationship alone
distinguished certain communication patterns well, it failed at the
most active communication pattern. However, considering both
topic and relationship effectively characterized all clusters except
one. This model also achieved the highest average R? (0.67) in
distinguishing all clusters. Finally, all sets of features failed to char-
acterize the least active communication patterns, suggesting that
other information is needed to distinguish this pattern from the
others.

2 METHOD

We recruited 46 active IM users, 18 males, 27 females, and one who
preferred not to answer, through a Facebook group intended for
research-subject recruitment; 26 were students and 20 were em-
ployed across various fields. The age of the participants ranged from
20 to 56 years old (M = 26.1, SD = 6.7). We asked participants to se-
lect 20 of their IM contacts, for each of whom participants provided
their relationship, interaction behaviors, IM practices, and conver-
sation topics with the contact via a questionnaire. Participants also
provided their chat logs on LINE and Facebook Messenger with the
selected contacts. We compensated each participant with 750 NTD
(roughly 27 USD) for participating in the study.

2.1

2.1.1  Relationship type. Participants chose their relationship types
with selected contacts from the available options adopted from [7],
including: significant others (SO), immediate family, parents, ex-
tended family, superior at work, subordinate at work, junior col-
league, colleague, senior colleague, client, service provider, friend,
acquaintance, classmate, and others. For our analysis, we grouped
these relationship types into social, acquaintance, classmate, fam-
ily, parent, relative, SO, superior at work, and work, reducing the
number of similar relationship types.

Measures

2.1.2  Conversation Topic. Participants provided their most fre-
quent conversation topics with the chosen contacts. According
to [4, 5, 13], we organized conversation topics into three options —
1) job-related, 2) chitchat, and 3) coordination for specific purposes
(e.g., hosting an event, finishing a group project). Participants were
asked to choose all that applied, since conversations with a contact
could contain multiple topics. For our analysis, we further cate-
gorized participants’ responses into five categories — Chat, Work,
Purpose(coordination for a specific purpose), Mixed, and All. Specif-
ically, responses in which participants selected only either work,
chat, or purpose, were assigned to that category; responses in which
participants selected any two of the three options were assigned to
the category Mixed; and responses in which participants selected
all three options were assigned to the category All
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2.1.3  Relationship-topic combined type. We additionally created
a category schema that represented a measure taking both rela-
tionship and conversation topic into account. This allowed us to
examine if considering both would achieve better performance in
characterizing communication patterns than considering either of
them as a standalone measure. To create the categories, we first ex-
tracted relationship types that research has shown to have an impact
on IM users’ communication behaviors [4, 11]. They include *SO,
’family, ’parents, and ’superior at work. We categorized responses
into these categories if their corresponding options were chosen.
These categories did not consider topics. The rest of the responses
were categorized based on both the chosen relationship type and
the topic, which were: ’pure chat’ (chose social and chitchat) and
"pure work’ (chose co-worker and work-related topic). These two
categories thus consider the link between relationship type and
topic. The rest of the responses that were not assigned a category
were categorized by conversation topics: ‘chat, *work, ’purpose;
‘mixed’ and ’all’ In other words, the category schema includes both
relationship types and topics, and two additional categories that
consider the relation between them.

2.2 Extracting IM Communication Features

We collected 963 conversation history logs, each of which was a con-
versation history between a participant and his/her selected contact.
After removing logs that did not include any mutual conversation,
703 logs remained in our data analysis. Inspired by Reinhardt et
al. [12], we extracted two communication features: intensity and
regularity. We additionally included response time, following Lee et
al. [7]. As aresult, three features — total number of chats, average re-
sponse time, and the number of days on which they chatted within
a 90-day window [9, 12], which represented intensity, responsive-
ness, and regularity, were extracted from each conversation log.
For each of these features, we also computed its "rank," which com-
pared the current value of the feature with other selected contacts
for the same participant (e.g. 1st out of 20: 100%; 20th out of 20:
5%). We added this information because an absolute value could be
greatly influenced by individual differences, as some participants
may tend to be responsive to all contacts whereas others tend to
be the opposite. Rank information was not influenced by such indi-
vidual differences. These six features were then used in building
unsupervised models to distinguish IM communication patterns,
as described below.

3 RESULT
3.1 Characterizing IM Communication
Patterns

We used k-means [10], an unsupervised machine learning method,
following prior work [7] to identify distinct IM communication pat-
terns. This approach allows us to divide general IM behavior, while
preventing us from only focusing on one side of the IM patterns e.g.,
total number of chats. We used the aforementioned six features to
build the unsupervised learning model, and used the Elbow Method
and Silhouette Method [6] to evaluate our results, shown in Fig. 1.
We achieved the best results with k equal to five, resulting in five
distinct clusters of IM communication patterns (see Table 1). Below
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Figure 1: The two charts respectively show the result of WCSS(Within-Cluster Sum of Square) of different k values, and the
result of silhouette coefficient of different k values. Combined together we chose k=5 with the value near the "elbow,” which

also has a higher silhouette coefficient.

Table 1: IM communication patterns of each cluster

Promptly-IM-  Regularly-and- Sometimes-  Actively-IM-

Clusters Barely-IM when-Necessary Slowly-IM Actively-IM  All-the-Time  Total

(N=161) (N=137) (N=146) (N=145) (N=114)  (N=703)
Total msg # in 90 days 63.9 88.7 331.1 447.3 4,857.8 980.7
Average response time (mins) 154.4 15.1 84.6 253 37.4 67.2
days has msg in 90 days 7.4 3.9 24.2 13.5 61.4 20.2
Total msg #in 90 days ranked 24% 28% 64% 68% 92% 53%
Average response time ranked 23% 85% 29% 73% 61% 53%
days has msg in 90days ranked 29% 18% 70% 49% 90% 49%

Note. The numbers are the average of all pairs in each cluster

we briefly introduce the communication characteristics of the five
clusters.

3.2 Five IM Communication Patterns

3.2.1 Barely-IM and Promptly-IM-when-Necessary. As shown in Ta-
ble 1, the Barely-IM Cluster and the Promptly-IM-when-Necessary
Cluster had the two least number of messages exchanged (63.9 vs.
88.7 messages), showing that participants rarely sent IM messages.
However, the former had the slowest response pace (154.4 min-
utes) and the latter, interestingly, had the fastest response pace
(15.1 minutes) among all the clusters. It is likely that the latter
pattern took place more often between conversation partners who
rarely exchanged messages, but when they did, they exchanged
time-sensitive or important messages that needed to be responded
to faster.

3.2.2  Regularly-and-Slowly-IM and Sometimes-Actively-IM. The
Regularly-and-Slowly-IM Cluster and the Sometimes-Actively-IM
Cluster were both average active. The former displayed lower re-
sponsiveness (84.6 minutes vs. 25.3 minutes) and exchanged fewer
messages (331.1 messages vs. 447.3 messages), but exchanged mes-
sages on more days (24.2 days vs. 13.5 days). Therefore, it indicates
more regular but slower message exchanges. The latter cluster
indicates a more active but also more scattered conversations.

3.23 Actively-IM-All-the-Time. The Actively-IM-All-the-Time Clus-
ter indicates the most active communication patterns, which has
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Table 2: Features used in each Regression Model

Regression Model features include

Topic conversation topic

Relationship relationship type

Relationship & Topic relationship type, conversation topic

Relationship-topic combined relationship-topic combined type

a significantly larger number of messages (4857.8), and the most
frequent message exchanges (61.4 days). We considered this pattern
to occur between partners with strong connections.

3.3 Distinguishing Five Clusters using
Relationship and Topic

In order to indicate how well the relationship and topic features
can distinguish different clusters, we used logistic regression to
predict cluster membership, i.e. predicting whether a conversation
pair belonged to each of the five clusters or not, respectively, using
the proposed features. We created four logistic regression models:
the Topic Model, the Relationship Model, the Relationship&Topic
Model and the Relationship-Topic Combined Model that used the
aforementioned features (see Table 2). Specifically, we included IM
users as a random variable to account for individual differences, and
used the Pseudo R? value to indicate how well the models explain
the variability in the odds that a pair of conversation partners
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Table 3: Pseudo R? of each regression test

Barely-IM Promptly-IM- Regularly-and- Sometimes-  Actively-IM-
Regression model (N=161) when-Necessary  Slowly-IM Actively-IM  All-the-Time Overall
(N=137) (N=146) (N=145) (N=114)
Topic 0.034 0.022 0.008 0.018 0.105 0.037
Relationship 0.044 0.901 0.836 0.845 0.153 0.556
Relationship & Topic 0.059 0.848 0.835 0.787 0.185 0.543
Relationship-topic combined 0.044 0.882 0.775 0.831 0.812 0.669

Note. The numbers are the average of all pairs in each cluster

belonged to that cluster. Thus, the higher the R? value, the more
effectivly the model distinguishes that cluster from all the other
clusters. The results are shown in Table 3.

Our regression results show that, first, the Topic Model had
extremely low R? across all clusters, indicating that conversation
topic alone poorly distinguished IM communication patterns. Sec-
ond, the Relationship Model achieved high R? for three clusters,
but it also poorly distinguished the Barely-IM and Actively-IM-
All-the-Time clusters from the others. Furthermore, simply adding
the effect of topic into the regression model did not improve the
performance. The Relationship-Topic Combined Model, which used
the proposed category that combined relationship and topic, was
able to distinguish all clusters except Barely-IM. These results to-
gether suggested that relationship sufficed to characterize normally
active communication patterns but not the least and the most ac-
tive communication patterns. Taking both topic and relationship
information into account was able to characterize the most active
communication patterns. This model also achieved the highest aver-
age R? (0.67) in distinguishing the clusters, noticeably higher than
the second highest (0.56). It is likely that, even with the same rela-
tionship type, participants would only actively exchange messages
with those to whom they talked about certain topics.

4 CONCLUSION AND FUTURE WORK

We used the unsupervised learning method to identify five different
IM communication patterns, and we have shown that while rela-
tionship type alone sufficed to characterize certain communication
patterns, it failed to characterize the most active communication
pattern. By using a category that considered both relationship and
conversation topic, most communication patterns, including this
highly active one, was successfully characterized. Overall, this work
provided an exemplar that it is necessary and promising to consider
relationship and conversation topics when characterizing IM com-
munication patterns. However, to further improve the explanation
of these communication patterns, future research should consider
more factors that prior research has found to have an influence
on IM responsiveness, such as the demographics of the chat part-
ners, the closeness and communication expectations between the
dyads [8], or the alert mode [3] that IM users are using on their
phones.
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