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Abstract

This study delves into the mechanisms that spark user
curiosity driving active engagement within public Telegram
groups. By analyzing approximately 6 million messages from
29,196 users across 409 groups, we identify and quantify the
key factors that stimulate users to actively participate (i.e.,
send messages) in group discussions. These factors include
social influence, novelty, complexity, uncertainty, and conflict,
all measured through metrics derived from message sequences
and user participation over time. After clustering the messages,
we apply explainability techniques to assign meaningful labels
to the clusters. This approach uncovers macro categories
representing distinct curiosity stimulation profiles, each
characterized by a unique combination of various stimuli.
Social influence from peers and influencers drives engagement
for some users, while for others, rare media types or a diverse
range of senders and media spark curiosity. Analyzing patterns,
we found that user curiosity stimuli are mostly stable, but, as
the time between the initial message increases, curiosity occa-
sionally shifts. A graph-based analysis of influence networks
reveals that users motivated by direct social influence tend
to occupy more peripheral positions, while those who are not
stimulated by any specific factors are often more central, poten-
tially acting as initiators and conversation catalysts. These find-
ings contribute to understanding information dissemination
and spread processes on social media networks, potentially
contributing to more effective communication strategies.

Introduction

Telegram is an instant messaging platform that has gained
significant popularity since its launch in 2013. As of March
2025, Telegram has more than 1 billion monthly active users'.
One of Telegram distinctive features is its support for large
groups that can accommodate up to 200,000 members mak-
ing it a powerful tool for discussion within a vast audience.
In this complex scenario, studying the dynamics that drive
user engagement - i.e., the active posting of content in groups
- is key to understanding the processes that guide information
dissemination. Prior studies have analyzed user’s engagement
in social media platforms (Aldous, An, and Jansen 2019; Vas-
sio et al. 2022) using various metrics (e.g., number of likes,
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comments, shares) to capture how users consume content
and interact with others. Specifically on Telegram, Hashemi
and Zare Chahooki (2019) proposed indicators to distinguish
high-quality from low-quality groups, marked by irregular
activity, frequent spam, and unclear topics. Hoseini et al.
(2024) studied the dynamics of information dissemination
in groups, examining message forwarding and lifespan.

The large range of features makes Telegram an interesting
platform for studying online social movements, extremism,
and misinformation spread (Baumgartner et al. 2020; Urman
and Katz 2022; Venancio et al. 2024; Kloo, Cruickshank,
and Carley 2024). Evidence suggests that some groups even
use Telegram to coordinate illicit activities, such as pump-
and-dump schemes in the cryptocurrency market (Xu and
Livshits 2019), as well as form pods where members interact
with each other’s content to artificially boost the popularity
of their Instagram accounts (Weerasinghe et al. 2020).

We here look into user engagement on Telegram from
a novel and complementary point of view: we study what
drives user participation in group discussions by posting
content, rather than as a passive observer. We call this
curiosity. It is a fundamental human cognition element
that, when adequately stimulated, becomes a driving force
behind a person’s choice to consume and, in the present case,
to produce information (Sousa, Almeida, and Figueiredo
2022). As such, by focusing on factors that stimulate user
curiosity to join discussions, we offer a novel perspective
of the processes contributing to information spread on online
media platforms such as Telegram.

Human curiosity modeling finds its roots in the Psychology
domain, with theories such as the Information Gap Theory
(Loewenstein 1994; Kidd and Hayden 2015), which tries to
explain how one’s curiosity responds to external stimuli, as
one of its foundational pillars. Also, according to the liter-
ature (Berlyne 1960), one’s curiosity stimulation process has
many facets, manifested as stimulus components, referred
to as collative variables. In Computer Science, a number of
recent studies have proposed metrics to operationalize (some
of) those variables in various scenarios, often using them as
components of information services, notably recommenda-
tion systems (e.g., Fu and Niu (2023); Xu et al. (2019)).

In this work, we aim at studying curiosity stimulation
driving user participating in discussions in public Telegram
groups. Our investigation builds upon the work of Sousa,



Almeida, and Figueiredo (2022), which proposed metrics
to measure curiosity stimulation in Brazilian politically
oriented WhatsApp groups. Our study extends and diverges
significantly from this prior work in four key aspects:

(i) The prior work explored only metrics related to “social
influence”. Instead, here we take a comprehensive approach
by considering multiple complementary facets of curiosity
stimuli, which allows us to fully characterize user’s curiosity
and its role in driving their participation in group discussion.
(i1) Unlike prior work, which was limited to a single topic
(politics) within a specific cultural and linguistic context
(Brazilian election), our study spans diverse topics, across
multiple groups, and a heterogeneous population. This broad
scope mitigates biases from local effects, enhancing the
generalization of our findings and enabling the exploration of
how curiosity profiles vary across different discussion topics.
(iii) We analyze the connection between curiosity and the
user’s engagement (i.e., the number of messages they post),
a critical factor for understanding the role of curiosity in
information spread that was not considered in the prior work.
This analysis sheds light on how curiosity influences user
activity participation in group discussions.

(iv) Telegram groups offer a unique and novel environment
for this analysis due to their much larger membership?,
which creates a richer and more varied set of potential
sources of curiosity stimulation driving the discussions.

Our study is guided by the following research questions:

1. RQ1: Which curiosity stimuli more often drive user
participation? Do the stimuli experienced by users change
over time as they join the group discussions? Does the
discussion topic affect the prevalence of certain stimuli?

RQ2 What types of stimuli activate the most engaged
users? What types relate to those who are most influential
in initiating and perpetuating conversations?

Regarding RQ1, our analysis identifies six major curiosity
stimulation profiles. Users generally maintain stable curiosity
profiles, though, over time, they may shift between profiles
in response to varying stimuli. The distribution of curiosity
stimulation profiles varies across topics. For instance, users
in political groups are mostly motivated by diverse and
balanced discussions. To answer RQ2, the impact of specific
profiles on participation and influence is notable: users drawn
to direct peer interactions often engage less, while those
motivated by uncertainty are more active. Users without
specific curiosity-driven stimuli tend to hold central roles
in discussions, often initiating and steering conversations.

In the following, we introduce the background on curiosity
stimulation and the metrics to capture its main components
(Sec. Curiosity Stimulation). We then describe the data (Sec.
Telegram Groups Dataset) we use in our study and discuss
the main results (Sec. Analysis of Curiosity Stimulation).
Finally, we offer conclusions and directions for future work
(Sec. Conclusions and Future Work). Appendix A delivers
additional results.

*Whatsapp groups were limited to 250 users in the prior work
(the limit has grown to 1000 users).
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Curiosity Stimulation
Background

Previous works on Psychology have provided theoretical
background to better understand human curiosity. According
to (Loewenstein 1994), our organism receives various stimuli
from the environment and selectively responds to those
that generate more pleasure and raise our curiosity. Berlyne
(1960) identified four collative variables pertaining to the
process of curiosity stimulation: novelty, complexity, uncer-
tainty, and conflict. These variables have been extensively
validated in Psychology as main drivers of human curiosity
and engagement, forming a cornerstone of modern cognitive
and behavioral research field. The author argued that these
variables can be quantified using information theory metrics,
an idea later reinforced by Silvia (2006), who demonstrated
the mathematical feasibility of such quantifications. This
formalization bridges theoretical constructs and quantifiable
metrics, ensuring a rigorous grounding in Psychology while
enabling computational applications.

Inspired by these concepts, recent Computer Science stud-
ies proposed metrics to capture one or more of these vari-
ables, using them as components of information services
(e.g., recommendation functions) (Zhao and Lee 2016; Xu
et al. 2019; Fu and Niu 2023; Yan and Chen 2023; Deng et al.
2023; Wang and Chen 2023; Tang and Liao 2022). Sousa,
Almeida, and Figueiredo (2019) presented one of the first ef-
forts to operationalize all four of Berlyne’s collative variables
to study curiosity stimulation in online music consumption.
Similarly, Fu and Niu (2023) proposed metrics based on infor-
mation theoretical measures, following the principles argued
by Berlyne (1960) and Silvia (2006). By leveraging these
well-established principles, these prior studies demonstrated
the validity and reliability of Information Theory metrics
in operationalizing curiosity stimulation across diverse con-
texts. These metrics are quantified in bits, facilitating direct
comparisons across systems (Timme and Lapish 2018).

Subsequently, Sousa, Almeida, and Figueiredo (2022)
introduced metrics to quantify curiosity stimulation that
motivates users to share content in public, politically oriented
WhatsApp groups. They emphasized the importance of
incorporating social influence as a fifth factor in curiosity
stimulation, complementing the four collative variables previ-
ously discussed. The inclusion of social influence aligns with
the broader psychological framework defined by Kashdan
et al. (2018), which emphasizes the exploratory behaviors and
interpersonal dynamics driving curiosity in group settings.
Following the findings of Ver Steeg and Galstyan (2013),
which demonstrated the utility of information-theoretical
metrics for measuring social influence, they proposed metrics
to account for all these factors. Nevertheless, their analysis
focused exclusively on social influence metrics to identify
profiles of curiosity stimulation. Our work adopts these
metrics to explore curiosity stimulation within the domain of
Telegram group discussions, building on the psychological
and computational insights from these prior studies.

Our goal is to study curiosity stimulation as a key factor
which drives users to actively engage in Telegram group
discussions by posting messages, i.e., from the perspective



of content production. This contrasts with a body of
studies of user engagement from the perspective of content
consumption (e.g., Shivaram et al. (2024); Aldous, An, and
Jansen (2019); Vassio et al. (2021)). Our contribution lies
in conducting a comprehensive analysis of all factors influ-
encing curiosity stimulation, investigating a broader range of
topics across a heterogeneous user population, and exploring
how curiosity stimulation operates in the larger user base of
Telegram groups, which differs from the smaller user bases
in previous studies. In addition, for the first time, we study
the relationship between curiosity and user engagement.

Curiosity Stimulation Metrics

One’s curiosity is constantly stimulated by signals from the
environment (Loewenstein 1994). In this work, we study
the user curiosity stimulation within a given Telegram group.
Our key assumption is that the messages recently posted
in the group act as a stimulus for driving a user to post a
message, i.e., past messages stimulate the user’s curiosity.
As such, we model each Telegram group as the sequence
of messages posted over time and assume that stimulation
may evolve as users post messages. Thus, for a given group,
we measure curiosity stimulation by computing metrics
associated with the collative variables at each message (also
referred to as posting event, hereafter). For this, we define the
window of interaction as a time interval AT preceding the
current posting event. Based on all messages posted during
[t — AT, t] in the group, we compute metrics of curiosity
stimuli driving the user to post a message at time t.

To select AT, we build on prior studies of collective
attention in WhatsApp groups, which adopted a window of
attention of 30 minutes (Caetano et al. 2021). In the absence
of a corresponding analysis for Telegram, we use explicit
replies* as a proxy for attention, observing that 93.7% of
users have a median reply time below 30 minutes. The choice
AT = 30 minutes ensures that 85.5% of messages have at
least 10 preceding messages within the same time window,
meeting the minimum volume requirement for reliable
metric computation (see next Section). Thus, setting AT to
30 minutes strikes a good balance between filtering noise
from the user’s attention period and maintaining sufficient
data coverage (see Fig. 10 in Appendix A).

Towards computing the metrics, we represent each
message by the (anonymized) sender ID, the timestamp, and
the set of media types (i.e., text, URL, image, video, audio,
poll, or other®) in the message. We refer to the latter as the
media categories associated with the message. Note that we
do not exploit the message content itself which may depend
on the context (e.g., topic, language, slang) associated with
a particular group. By only using macroscopic category
properties, we aim to compare curiosity metrics across
groups, language, topics, etc., irrespective of such contextual

3If the same user is active in multiple groups, their curiosity
stimulation is analyzed separately and independently for each group.

*On Telegram, a user can explicitly reply to a message by men-
tioning it.

3Other aggregates all other media that can be posted on Telegram
but were found to be rarely used (stickers, gifs, documents, etc.).
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properties. Note that we can apply this approach even when
the actual content is not available (e.g., due to privacy issues,
or because the message itself contains no text).

To quantify the collative variables of (i) novelty, (ii) uncer-
tainty, (iii) conflict, (iv) complexity and (v) social influence,
we compute 9 metrics in total, extending the derivations
proposed in Sousa, Almeida, and Figueiredo (2022). Given a
message posting event, we compute each metric taking either
all the users who posted messages in AT (user metrics) or
the categories of media used in those messages (category met-
rics). Table 1 provides an overview of the 9 metrics. Below,
we summarize their operational formulation and intuition.

Operational Definitions

The curiosity driving the posting of a message by a given
user w at a given time ¢ depends on the past messages posted
in the group (including messages posted by u themself) in
the interaction window [t;t — AT).

We define the sets of users, groups, and types of media as
U, G, M respectively. We do not assume access to message
content and use only the different categories of media used
to compose the message to represent it. Each message under
analysis is then a tuple (u, C,,, g,t) indicating that it was
posted by user v € U in group ¢g € G at time ¢ with media
belonging to set Cp,, € M. Let U, be the set of users in
group g. Given these definitions, we define the different
collative metrics as follows:

Novelty: The user Novelty metric captures the novelty of
the posting experience for user u. It reflects that users who
have posted frequently in recent times find the discussed
topic less novel since they are already engaged in the debate,
which in turn affects their curiosity. The metric is detailed
in Tab. 1, where n,|; 4 is the number of messages sent in the
window of interaction [t;¢ — AT by any user v (including
w) in group g. If no previous message is sent by u, we set the
novelty to its maximum value possible, which corresponds to
the uniform distribution of users, i.e. —log,(1/|U; 4|) where
Uy, 4 1s the set of distinct users who posted content in group
g during the current window of interaction.

Similarly, we define cat N ovelty, a novelty metric related
to the message categories, based on the surprisal (i.e., Shan-
non information content) associated with that variable. It
captures how surprising it is that the message posted at time
t contains the media categories in C),. As shown in Tab. 1, it
depends on P; 4(C,,), the average probability of the media
categories posted in the message. This measure is estimated
as

1 Nelt,g
P(Cp) = —— S —elts
t:9(Cm) |Cn > Nt

c€Ch, c'€Cyq It,g

where C, , is the set of media categories of all messages
posted during the window AT'. Both novelty metrics vary
between 0 and +-oo.

Uncertainty: Both novelty-related metrics focus on the
message posted at time ¢. The aggregation of either metric for
all messages posted during the window of interaction, using
entropy, captures the uncertainty driving user curiosity. The
idea behind these metrics is that the curiosity of the user may



Collative Metric Description Definition
Variable
. S _1032(#)7 if nyj,g >0
userNovelty Novelty in user v participation wrt. others who posted v Mult,g ‘
Novelty during AT —log,(1/|Ut,4|),  otherwise
. . —1 P g(Cn)), if P g(Cm 0
catNovelty Novelty in the category of m wrt. message categories 083(Pig(Crm)), 1 t’g(. )>
posted during AT —log,(1/|Ct4l),  otherwise
. . . I . . _ Tolt,g Tolt,g
Uncertainty userUncertainty ~ Variety (entropy) in user participation during AT > U, Zv’,?v’ ™ log, ( Zv/nnv’ o )
catUncertainty ~ Variety (entropy) in media category usage in messages  — > ¢, > /“y‘f’;" log,( = ,”:'f’ )
posted during AT’ b9 Zac! el |t,g o' el |t.g
Conflict userConflict Diversity of distinct users posting messages during AT — logz(ﬁ)
g
catConflict Diversity of distinct media categories used during AT — logQ(ﬁ)
Nl
Complexity  catComplex Complexity wrt. media categories used during AT —log,( [fm’l )
Social maxDirlnf Maximum direct influence to « from users who posted  maxoco,, , PM I:f ,(d,0)
Influence during AT
maxIndInf Maximum indirect influence from users who posted dur- max,co,, M It (D,0)
g 9

ing AT

Table 1: Metrics of curiosity stimulation computed at each posting event of a message m sent by u, considering a window of
interaction AT preceding the message. Refer to section Operational Definitions for details on the terms in the equations.

be more/less stimulated by the greater/less variety in the users
posting messages (and in the categories of these messages)
during the window of interaction. Thus, we define metrics of
uncertainty related to users and categories as detailed in Tab.
1. Both uncertainty metrics vary between 0 and 1.

Conflict: Conflict measures the diversity in the stimulus.
The basic idea is that the distinct elements (categories/users)
that appear in the window of interaction represent the
different responses stimulating the curiosity of the user, and
the strength of each response is captured by the probability
of occurrence of each element (category/user). Thus, we
define metrics of conflict related to users and categories to
quantify the difference in terms of number of distinct users
or distinct categories present in the window of interaction, as
detailed in Table 1. Both conflicts vary between 0 and +oo:
more users (categories) lead to greater conflict, while a single
user (category) leads to no conflict (i.e., conflict equal to 0).

Complexity: An alternative form of capturing the diversity
of message categories in the current window of interaction is
by exploiting the unique occurrences of the media types. This
metric, also based on surprisal, captures how many distinct
categories of messages are posted during the current window
of interaction, out of the total number of categories |M|.
Following the definition in Table 1, catComplex varies be-
tween O (when all categories are present in the time window)
to log,(|M|) (when only a single category is present).We
note that complexity and conflict are functions of each

other: catComplex(t,g) = logg(ﬁ) + log,(|M])) =

—catConflict(t,g) + logy(|M])).

Social Influence : Social Influence encompasses two types
of stimuli - direct and indirect. Direct influence measures
the impact from peers, while indirect influence refers to the
impact from influencers or activists, i.e., users who often
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post content and sustain discussions by encouraging broader
group participation rather than influencing any single user.
Thus, we use metrics for both types of stimuli. To distinguish
between the user whose curiosity we are analyzing, i.e.,
user u who posted a message at time ¢ in group g and the
other users who may stimulate u’s curiosity through social
influence, we refer to the former as the destination d and the
latter as origins o of social influence.

We define:

(i) Probability of observing an origin o on group g:
P, 4(O = o);

(ii) Probability of observing a destination d on group g:
Pt,g(D = d),

(iii) Probability of observing a destination d given an origin
0: P, 4(D = d|O = o);

(iv) Joint probability of observing a destination d and an
origin o: P, o(D = d, O = o).

All these probabilities are conditioned on the group g and
timestamp ¢ of the current message and can be estimated
given the message sequence history up to ¢.

The direct social influence metric, defined in Tab. 1,
is based on the concept of Pointwise Mutual Information
(PM1), which is computed for a particular destination d and
origin o as:

Pig(dlo) .

PMI, 4(d,0) =log, ( Pry(d) ) if P, g(d) >0
or 0 otherwise. The PM I of d and o measures the reduction
in the uncertainty of destination d posting a message due
to the knowledge that o also posted a message within the
window of interaction. It means that, based on historical
patterns, the behavior of user d in the group is influenced by
the recent behavior of user o. Note that PM I is negative if d
and o occur less frequently than would be expected under the
assumption of independent behavior, then we clip negative
values to 0, i.e. PM 1} (d,0) = max(PM1I, 4(d, 0),0)



Since the current interaction window may have multiple
origins stimulating curiosity destination d, we compute the
maximum direct social influence for all origins o on d as
detailed in Tab. 1, where Og4, 4 is the set of origins at time
t on group g for d. In addition to direct influence, we argue
that some users may have a natural ability to influence oth-
ers. Users who often post content and, in doing so, keep the
discussion going by driving others to also post content. We
consider that, even in the absence of prior experiences such
influencers may still stimulate the curiosity of a user (e.g.,
a newcomer) in the group. We identify these indirect influ-
encers by searching for origins o that tend to have a strong
influence towards any destination d’ € D. Given this ratio-
nale, we define a metric based on the mutual information of
all the destinations conditioned on a particular origin, that is:

MI, 4(D,0) = Y Pig(d,0)PMI, 4(d',o0)
d'eu,

Again, we clip negative values of mutual information at 0
(i.e., MI™T) as a reflection of no social influence from origin
o on any destination. Smaller values of M I suggest weaker
and no clear influence of o over users. We also aggregate
the metric for all origins in the window AT by taking the
maximum, as detailed in Tab. 1.

Both social influence metrics vary between 0 and +oo.
Note that Sousa, Almeida, and Figueiredo (2022) proposed
two variants of each social influence metric, based on the
maximum and the average across all origins. Yet, they found
both variants to be strongly correlated with each other,
keeping only the maximum in their study. As such, we also
choose to use only the maximum.

Telegram Groups Dataset

Our study relies on a dataset collected by Perlo et al. (2025).
The authors used 7GStat, an open catalogue of worldwide
Telegram public groups®, to discover popular groups. Using
the Telethon Python package (Exo 2017), the authors
collected data from groups across 10 topics: Education,
Bookmaking, Cryptocurrencies, Technologies, Darknet,
Software and apps, Video and Films, Politics, Erotic and
Linguistics. Group topics were labelled by TGStat and
manually validated by the authors. In Appendix A, Table 3
offers a qualitative description of the topics. We use a subset
of the dataset that covers the whole month of March 2024,
with around 22 million messages posted by more than 900
thousand users. The authors kindly shared the data with us,
which consists of the ordered sequence of messages for each
group with anonymized user identifiers.

Although we cannot tell when each user became a member
of the group, we can assess when they first appeared in
our data. We found that the average rate of first-time user
appearances reaches 10% on the first day before declining
and stabilizing at roughly 2.5% (see Figure 9 in Appendix
A). Considering that our analysis focuses on active users
(see below), we find that the average time between the
first and last messages of these active users in our dataset

®https://tgstat.com.
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Active Users per group

Groups‘Median Linguistics
=+ Whatsapp = Education
o 8071 = Telegram Video and films
Q . Software & App.
540 = Bookmaking
(G} : Darknet
3 j E Politics
201 Technologies
5: Erotic
0 L | e Crypto.
10t 102 103 10%

# Active Users

(a) Distribution of the number of users (900k) who sent
at least one message in the period under consideration
among the 409 analysed groups .

Number of users per group

# Users

(b) Distribution of the number of users per group
for which we compute stimulus metrics (29k

users).
Number of messages per user
104 —
4
[J]
3 BE
2
w10

103 104

# Events

102

(c) Distribution of the number of messages (6 mil-
lion events) per user for which we compute stimu-
lus metrics.

Figure 1: Overview of analyzed Telegram dataset.

is more than 15 days. These observations suggest that,
although the context surrounding the analyzed groups
changes dynamically over time, the behavior of involved
users does not change abruptly. Our focus is on users who
engage consistently in group discussions over time, rather
than those who exhibit a burst of activity and then disengage.

As shown in Figure 1a, there is great diversity across the
groups in terms of number of active users (i.e., users who
posted at least one message). This diversity is also clear
across the various topics. For example, groups in Linguistics
tend to have fewer active users, whereas groups in Education
and Cryptocurrencies tend to have larger numbers of users
actively posting content. In particular, note the presence
of many groups (35%) with at least 1,000 active members,
which is much larger than the limit of 250 simultaneous
members (not necessarily actively posting content) allowed
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Figure 2: Correlation among curiosity metrics for all mes-
sages.

by WhatsApp when the dataset analyzed by Sousa, Almeida,
and Figueiredo (2022) was gathered. In fact, we note that
the median number of active users in that dataset’, computed
during the month of peak activity (October 2018), was only
34 users (as indicated by the dashed black vertical line in
Fig. 1a), whereas here, groups have a median of 493 active
users (red vertical line). Such a large difference underscores
the importance of studying curiosity on Telegram, given the
novelty of its larger and more diverse social spaces.

To mitigate data sparsity issues, we follow Sousa, Almeida,
and Figueiredo (2022) and compute the metrics only for
users who posted at least 30 messages over the entire period
and only for posting events with at least 10 messages within
the window of interaction. Messages from service bots
are considered in the computation of metrics, as they are
inherently part of the conversation. Yet, the final analysis
focused only on metrics computed for users.

After the filtering, we end up with roughly 6 million
messages. 29,196 users were active in 409 distinct groups.
As shown in Figs. 1b and lc, there is great heterogeneity in
terms of the number of users per group and the number of
messages per user for which we can compute the metrics.
Such diversity reflects the wide range of activity levels
among users. However, the coverage across topics is fairly
homogeneous as the number of groups per topic ranges from
25 for Erotic to 60 for Education.

Analysis of Curiosity Stimulation
Metric Selection

Recall that we have 9 metrics to capture components
(collative variables) of curiosity stimulation. As initial step,
we assess whether these metrics are correlated one to each
other. To that end, we first compute all 9 metrics, standardize
them according to a Z-score normalization, then compute the
correlation matrix among the features (see Fig. 2). Our find-
ings indicate that direct and indirect social influence metrics
capture distinct aspects of social-related curiosity, and both
metrics have weak correlations with the other metrics. This

"Publicly available at https://doi.org/10.5281/zenodo.5790153
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shows that these metrics provide complementary dimensions
of curiosity stimulation compared to the traditional collative
variables. Among the other metrics, we find that: (i)
userConflict and userUncertainty are strongly correlated
(Pearson’s correlation p above 0.8), and (ii) catConflict and
catComplexity has a perfect inverse correlation (p = —1),
as expected from their formulation (see previous section).
We then keep only one of these strongly correlated pairs of
metrics. We end up with 7 complementary metrics, namely:
userNovelty, catNovelty, userUncertainty, catUncertainty,
catComplex, maxIndInf and maxDirInf.

These observations align with previous findings for What-
sApp groups (Sousa, Almeida, and Figueiredo 2022). How-
ever, our study differs in a key methodological aspect: we
consider all seven metrics to infer curiosity profiles in Tele-
gram groups, while prior work used only two social influence
metrics to infer curiosity profiles in WhatsApp groups. Our
broader approach allows for a more comprehensive analysis,
revealing richer and more diverse profiles, as discussed next.

Message-Level Curiosity Stimulation

We start by investigating the curiosity stimuli that more often
drive users to post a new message. To that end, we infer
profiles by clustering messages (independently from users
and groups), according to the 7 identified metrics. Given
the large dataset size (6 million messages), we employ an
iterative stochastic clustering approach. We use MiniBatch
K-means (Sculley 2010), running 10 iterations for each
tested number of clusters (k). We define the best number
of clusters by identifying the elbow point in the average
inertia curve, which measures the sum of squared distances
of samples to their nearest cluster centroid. Following this
method, we identify 7 clusters, each reflecting a different
profile of curiosity stimulation.

We proceed to characterize the identified clusters with re-
spect to any distinctive behavior in terms of metric values.
To that end, we adopt a combined approach by comparing
boxplots of metric distributions within each cluster and an-
alyzing the SHAP (SHapley Additive exPlanations) values
derived from a decision tree classifier (Lundberg et al. 2020).
We omit the plots here due to space constraints (deferring
them to Figs. 12 and 13 in Appendix A). In turn, Tab. 2 offers
a high-level description of each cluster through the median
values of all metrics, highlighting those that are higher with
statistical significance. We label each cluster (Description
column of the table) according to those distinctive patterns.

Clusters 0 and 1 refer to messages whose postings were
mostly stimulated by (indirect and direct) social influence.
They account for roughly 28% of all messages in our dataset.
Clusters 3 and 5 consist of messages where the traditional
collative variables, notably novelty and uncertainty, play
a stronger role in curiosity stimulation. Clusters 2 and 6
have mixed stimuli. Given their similarities in terms of
metric distributions (and having the closest centroids),
we choose to merge them into a single cluster (Cluster 2,
mixed stimuli) to enhance interpretability. Finally, cluster 4
consists of messages for which no clear evidence of curiosity
stimulation was found (i.e., curiosity independent).

Here we compare our findings with those of Sousa,



ID \ Description \ userNov — catNov  userUncert  catUncert catComplex maxDirlnf — maxIndInf \ % Messages
0 | Indirect Influence -0.82 -0.56 -0.91 -0.92 1.30 -0.64 0.14* 14.8%
1 Direct Influence -0.23 -0.47 -0.06 -0.48 -0.08 1.47%* -0.08 13.2%
2 Mixed stimuli 0.61 -0.40 043 -0.18 -0.08 -0.13 -0.34 19.8%
3 | Categorical Novelty -0.15 2.93%* -0.29 1.28 -0.08 -0.16 -0.25 6.8%
4 Independent -0.83 -0.35 -0.58 -0.04 -0.08 -0.54 -0.25 21.7%
5 Uncertainty 0.82* 0.98 1.21% 1.57* -1.15 0.21 -0.45 11.3%
6 Mixed stimuli 0.45 -0.56 0.55 -0.92 1.30* -0.12 -0.36 12.5%

Table 2: Median of z-score normalized curiosity stimulus metrics for message clusters. An asterisk (*) indicates when a metric
distribution is significantly higher than those in each other cluster (Mann-Whitney test, p < 0.01).
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N
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Figure 3: Distributions of Euclidean distances in the curiosity
stimulus space between the messages sent by a user and (i)
the barycenter of all messages by the same user (blue), (ii)
the centroid of each message’s profile (orange) and (iii) the
barycenter of messages sent by other users in the last 15
minutes (green).

Almeida, and Figueiredo (2022) that analyzed political
groups in Whatsapp. For this, we restrict our analysis to
Politics groups on Telegram. Results reveal striking differ-
ences: We find six significant clusters for Telegram while
only three emerged in Whatsapp. On Telegram, Direct and
indirect social influences dominate only 2.6% and 8% of the
messages, versus 13% and 14.4% on WhatsApp. Messages
with no clear curiosity stimulation make up only 21% in our
data, while those where 73% in WhatsApp. These differences
stem from the focus of the prior work restricted to social influ-
ence. By incorporating all curiosity metrics, we reveal other
profiles that are also important for Politics groups.

Takeaway: (i) Messages are grouped into 6 clusters in
the curiosity stimulus space, identifying more diverse and
complex curiosity profiles, compared to prior analysis of
WhatsApp. (ii) Clusters 0 and 1, characterized primarily
by (indirect and direct) social influence, and Cluster 4, with
no clear evidence of curiosity stimulation, resemble findings
Jrom the WhatsApp study, but with a much lower presence,
notably in Politics groups. (iii) Roughly 50% of the messages
in all analyzed groups are dominated by other curiosity stim-
ulation factors, highlighting the broader and more nuanced
role of curiosity stimuli in influencing user engagement.

User-Level Curiosity Stimulation

After characterizing curiosity stimulation at the message
level, we shift our focus on studying it at the user level. To
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Figure 4: Distribution of the probability psy.qn,s that the next
message from the same user in a group belongs to a different
curiosity stimulus cluster, conditioned on whether the time
interval §; between them exceeds a certain threshold.

that end, we first analyze the distribution of messages sent
by the same user within the 7-dimension curiosity stimulus
space. In Fig.3 we compare the distributions of the Euclidean
distances of messages within this space. We observe that the
distances between a user’s messages and the user’s barycen-
ter (i.e. the average of all messages sent by the same user)
in this space are statistically smaller (Mann-Whitney test,
p < 0.01) than the distances between those messages and the
centroids of their respective clusters (i.e., profiles identified
in the previous section). This observation suggests that the
messages sent by the same user tend to be concentrated in
a localized area of the stimulus space, implying that their
curiosity is consistently triggered by similar types of stimuli.

We also observe that the nature of curiosity stimuli seems
to be specific to each user since messages posted by different
users within the same group and in close temporal proximity
can exhibit markedly different stimulation profiles. This is
illustrated by the green distribution in Fig. 3, which consists
of distances between a user’s message and the barycenter of
messages sent by other users within the preceding 15 minutes.
It is important to note that the choice of this time period is not
arbitrary, but is directly tied to the selection of the window
of interaction, ensuring that at least 50% of the windows
overlap. This means that users are influenced by a common
context for at least half of their window of interaction. Thus,
the messages offering stimuli to them may be quite similar.
Yet, the green distribution is biased towards larger distances,
i.e., those users are far apart in the curiosity stimulation
space, compared to the current user under analysis.
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solid line). The dotted grey line is the average distribution over the entire population. Dashed green/red lines highlight that the
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Despite such a concentration of messages from the same
user in the curiosity stimulation space, we also observe some
changes with time. Specifically, we measure the probability
that two consecutive messages posted by the same user
belong to different curiosity stimulation profiles, conditioned
on whether the time elapsed between their postings exceeds
(or not) a given threshold. To ensure robust results, we only
estimate this probability for samples (users) with at least 10
messages. Fig. 4 illustrates, for two such thresholds, that the
probability of transitioning into a different curiosity profile
increases with the time interval between them. These results
suggest that, while curiosity-driven behaviour tends to be
mostly stable, it can also exhibit occasional shifts in response
to changing stimuli over time.

In general, we observe that some changes in curiosity
profile are more recurrent than others. For example, when
in clusters 0 and 1, for which curiosity is mostly stimulated
by indirect and direct influence, respectively, users more
often change to cluster 2, with mixed stimuli (roughly 40%
and 52% of the time, respectively). For users in cluster 2, in
turn, the most common transition is back to cluster 1 (35%).
Yet, often such transitions are only temporary fluctuations,
as 23% of transitions revert to the previous cluster in the
next message, and 11% revert after two messages. That is,
despite some occasional changes, each user can be fairly
well characterized by one curiosity stimulation profile that
dominates his behaviour across most of the messages posted
during the period of analysis®. Indeed, when analyzing the
messages sent by a user collectively, for 76.6% of the users,
the majority of their messages (more than 50%) fall within
a single curiosity profile.

Next, we analyze deviations of user curiosity stimulation
across different topics, considering the 10 group topics
available in our dataset. To that end, we take only user
messages posted in groups of the same topic and compute
the average (across all users) fractions of messages in each
curiosity profile. We do so for groups in each topic and
compare the results against those of the overall population,
so as to infer patterns that are specific to each topic. Fig. 5
shows radar plots with the average fractions of messages
(blue) in each curiosity profile (axes) for three selected

8Such observation may change for longer periods of analysis.
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topics, namely Politics, Cryptocurrencies and Linguistics.
Results for the overall population are shown in grey. Plots
for the other topics are presented in Appendix A.

We observe that users in groups discussing Politics (Fig.
5a) show a preference for messages driven mostly by uncer-
tainty (cluster 5), revealing a tendency for peer discussions
with a broad and balanced audience and using different media
types (categories). This contrasts with prior work on What-
sApp, where this aspect was overlooked due to a focus solely
on social influence. The same was also observed for groups
in Technologies. In contrast, Cryptocurrencies (Fig. 5b) (as
well as Bookmaking), which likely involve trust-building
with individuals who have previously provided successful
advice, exhibit a significantly higher proportion of messages
mostly influenced by direct social influence (cluster 1). In
the Linguistics groups (Fig. 5c), in turn, there is a marked
increase in messages in cluster 0, which are strongly stim-
ulated by indirect social influence. These results align with
our manual observation that discussions in such groups are
often led by language teachers who encourage conversation
by posing questions and introducing subjects for debate.

Finally, we consider whether user curiosity varies based
on group membership and topic. Our dataset provides limited
opportunities to explore this phenomenon, as only 2%
(596) of the users are active in multiple groups, limiting the
generalizability of these findings. Nevertheless, focusing on
those users active in multiple groups, we observe that a user’s
dominant curiosity profile differs 52% of the time between
groups within the same topic. This percentage increases
to 62% when comparing groups in different topics. These
results hint that a user’s curiosity depends on the specific
group they participate in, with topic diversity playing a role
in shaping how their curiosity is stimulated.

Takeaway: (i) Users’ messages focus tightly around their
barycenter, showing consistent curiosity-driven behavior. (ii)
Different users in the same group and timeframe may exhibit
distinct curiosity profiles, emphasizing the individual nature
of curiosity, even within shared environments. (iii) While
users typically follow one curiosity profile, transitions occur
over time, though many are temporary. (iv) We are the first
to identify that curiosity stimulation patterns vary by topic
— e.g., while uncertainty is a dominant factor driving user
curiosity in Politics groups, direct social influence is a much
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Figure 6: OLS coefficients modeling user engagement (mes-
sage count) based on average curiosity metrics, number of
active users and average number of messages by others in
the group, for groups in various topics. Grey cells mark non-
significant coefficients (p > 0.01); black cells mark metrics
excluded due to multicollinearity.

stronger factor in Cryptocurrencies.

Active Engagement and Influence

To address our second research question, we study how the
curiosity profile of a user relates to user engagement in group
discussions. To the best of our knowledge, this analysis is
the first of its kind in the context of instant messaging social
networks, offering new insights into the role of curiosity in
information spread processes.

We start by representing the curiosity profile through the
barycenter of the user’s messages in the curiosity stimulus
space, and we capture the user engagement by the number
of messages sent by the user. Then, we fit an OLS (Ordinary
Least Squares) regression for each topic, with the number of
messages sent as the response variable. As predictor variables,
we use the barycenter of the user’s messages in terms of cu-
riosity metrics along with two control variables: the number
of active users in the group and the average number of mes-
sages sent by other users in the group. These control variables
account for the heterogeneity in group activity levels. For
each topic, we log-transform the control features and the re-
sponse variable as their distributions span multiple orders of
magnitude and standardize all values according to a Z-score
normalization. Variables with a Variance Inflation Factor
(VIF) greater than 10 are removed to avoid multicollinearity,
as recommended by Neter, Wasserman, and Kutner (1983).
We opt to exclude the Software and Applications topic due
to the poor fitting (adjusted R? < 0.2), focusing our analysis
of the significant OLS coefficients on the remaining 9 topics.

The heatmap in Fig 6 illustrates the OLS coefficients
between the predictors (curiosity stimulation metrics and
control variables) and the number of messages sent by users
across different topics. Positive values (red) suggest that
higher values of certain features are associated with more
frequent active engagement by the user, while negative values
(blue) suggest the opposite relationship. Metrics for which the
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relationship is not statistically significant (grey) or that were
removed due to multicollinearity (black) are also highlighted.
We observe that both userNovelty and maxDirInf consis-
tently show a negative correlation with user activity across all
topics. This suggests a general pattern where users who are
typically motivated by the novelty of their contributions, or
by interactions with peers they frequently engage with, tend
to be less actively engaged in the conversation. In contrast,
userUncertainty exhibits a consistent positive correlation
across topics, particularly in Politics and Darknet, indicating
that users who prefer conversations with varied and balanced
participation may be involved more frequently. The other
metrics show mixed effects across topics indicating the
variability of certain relations by the surrounding context.
We also note the strong effect of group activity levels on
user’s propensity to participate. The average number of mes-
sages sent by other users in the group shows a strong positive
correlation with user engagement, suggesting that higher
overall activity may encourage users to contribute more often,
possibly due to the stimulating effect of a more dynamic en-
vironment. Similarly, the number of active users in the group
also tends to have some positive influence on individual
participation, across topics: as more users actively engage in
the group, individual users may perceive their contributions
as part of a broader and more meaningful discussion.
As a complementary analysis of the relationship between
a user’s curiosity stimulation profile and the activity she en-
gages in the groups, we study their influence on other users in
the chat, in an orthogonal approach to the proposed metrics,
by using graphs. More specifically, to represent the influence
dynamics in group conversations, we build a Influenced-by
network for each group as follows. We keep a 30-minute time
window AT consistently with the window of interaction. For
each message sent by user ¢ at time ¢, we draw direct edges
from ¢ to all other users j (different from ) who posted mes-
sages in the period [t — AT, ¢], that is, users who potentially
influenced i. The weight of each edge (4, j) is given by the
fraction of messages sent by user j out of the total messages
sent during the time window. To avoid overestimating the
influence of a single user who has sent multiple consecutive
messages with no interleaving messages from others (chain
of messages), we count all messages in a chain as a single
one. Thus, for each message sent by i, the total influence
from other users adds up to 1. Note that we do not add any
edge if no other user sent a message within [t — AT, ¢]. We
illustrate the creation of an Influence-by network with a toy
example in Fig. 7. Finally, we merge all edges with the same
source ¢ and target j into one, with a weight equal to the sum
of their weights. Note that while an edge from i to j indicates
that ¢ is influenced by j, it also implies that users who are
more central in the network tend to exert more influence over
others in the group. We build one network for each group but
focus our analyses on groups with at least 100 users in their
Influence-by networks (346 groups), to ensure robust compu-
tation of graph metrics. For each such network, we compute
the PageRank centrality scores of its nodes (i.e., users).
Recall that, aside from temporary fluctuations, the
majority of a user’s messages fall within the same cluster.
This highlights the predominance of a single curiosity
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Figure 7: A toy example of an Influenced-by network. User
4 (blue) posts a message at time t. Within the preceding time
window [t — AT, t], User 2 (purple) sent two messages, and
User 3 (red), one. For the message posted by User 4, we
create an edge from User 4 to User 2 with weight of % and

an edge from User 4 to User 3 with weight % Similarly, for
the second message sent by User 2, we add two edges with
weights % to User 1 and User 3 (no self-loops).

stimulation profile over all others (see Fig. 11 in Appendix
A), which accounts for the 63% of the explained variance
in the distribution of the user’s messages across the different
curiosity stimulus profiles. Accordingly, we take this profile
as representative of the user’s curiosity stimulation and
analyze the distribution of PageRank scores across users
within each profile. These distributions are shown in Fig. 8.
As observed, users who mainly post messages belonging
to the profiles strongly driven by direct social influence
(cluster 1) and uncertainty (cluster 5) tend to occupy more
peripheral positions within the Influenced-by networks. This
could be attributed to the fact that users with high direct
social influence tend to engage less actively, generating
fewer messages that drive ongoing discussions, thus reducing
their centrality within the network. This observation is
indeed consistent with the results on the OLS coefficients,
shown in Fig. 6. On the other hand, users characterized by
high uncertainty may see their influence diluted within the
broader conversation, making them less likely to be pivotal
in shaping the direction of the discourse. In contrast, users
often driven by indirect influence (cluster 0), tend to occupy
more central positions in the network, suggesting that these
users participate more often, also influencing others. Indeed,
as shown in Fig. 6, this relationship can be observed, to
some degree, for groups in some (but not all) topics, notably
Darknet, Erotic and Linguistics. Finally, it is noteworthy that
users whose majority of messages are not influenced by any
curiosity stimuli (i.e., independent, cluster 4) are often the
most central in the Influenced-by networks. It is plausible to
infer that such users may serve as initiators of conversations.
Takeaway: This study is the first to reveal key relationships
between curiosity and active engagement in group discus-
sions, notably: (i) Users driven by novelty or recurrent peer
interaction (direct social influence) tend to be less participa-
tive. (ii) Those preferring balanced participation or indirect
influence are more active and central in group interactions.
(iii) High overall group activity consistently encourages in-
dividual participation. (iv) Independent users often occupy
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Figure 8: Distribution of node PageRank in the Influenced-by
network, categorizing users based on the message curiosity-
stimulus cluster where they hold the highest share. Percent-
ages show how many users predominantly sent messages in
each cluster.

central roles, potentially acting as conversation initiators.

Conclusions and Future Work

This study investigates how the intrinsic human trait of
curiosity influences user active engagement, specifically
content posting, in Telegram public groups. To our knowl-
edge, this is the first research to focus on curiosity-driven
engagement within Telegram.

By employing different metrics which quantify aspects
of curiosity stimulation, we identified 6 distinct stimulus
profiles. Two profiles are primarily characterized by direct
or indirect social influence, while three others are dominated
by factors such as novelty, uncertainty, or a combination of
multiple stimuli. By contrast, the last profile (accounting for
nearly 22% of the messages) is characterized by the absence
of any of the other identified stimuli, suggesting that these
messages may be driven by other factors not captured by
our metrics, such as the specific content of the messages,
or that they may not be influenced by curiosity at all. This
underscores the complex social dynamics at play in online
communities and highlights the need for further investigation
into the forces driving user participation.

Interestingly, we found that social influence—both direct
and indirect—is a dominant component of curiosity stimu-
lation in 28% of all messages, particularly in groups related
to topics such as Bookmaking, Cryptocurrencies, Linguistics,
Darknet, and Software & Application. Yet, our results
suggest that other forms of curiosity stimulation—such as
novelty—also play a significant role in user participation.
For example, interest in novel media types drives around 7%
of messages, while mixed stimuli account for 32%, disputing
previous studies that have only focused on social influence.

We also observed that as the time between messages
increases, users are more likely to switch to a different
curiosity stimulation profile. This supports previous findings
(Sousa, Almeida, and Figueiredo 2019, 2022) that human
curiosity is dynamic and influenced by changes in both the
external environment and effective stimuli. However, despite
these fluctuations, the overall curiosity stimulus profile that
motivates a user to post content remains relatively stable



over time, considering the limited analyzed time frame. This
allowed us to examine the dominant curiosity stimulation
profiles at the user level across different group topics.

The analysis revealed a strong relationship between spe-
cific curiosity stimulus profiles and user engagement patterns.
For example, users driven by uncertainty were notably more
active, particularly in groups discussing diverse and dynamic
topics such as Politics, where the variety of discussions
encourages more frequent participation. In contrast, users
influenced by direct social influence tended to post less
often and typically occupied more peripheral roles within the
group. Additionally, users who were not driven by any spe-
cific curiosity stimulus frequently emerged as conversation
starters and central group figures. This finding emphasizes
the importance of understanding not only individual curiosity
profiles but also the broader social dynamics that influence
participation and leadership within online communities.

Furthermore, the diverse discussion topics present in the
dataset allowed us to identify distinct patterns in curiosity
stimulation based on the subject of the discussion. As noted,
social influence plays a significant role in some topics, while
uncertainty and other factors drive engagement in areas such
as Politics and Technology. Interestingly, in groups related to
Video & Films and Software & Applications, the independent
curiosity profile dominates, suggesting that messages in
these groups may not be primarily driven by curiosity.

In conclusion, this research offers valuable insights into
the dynamics of online communities by focusing on curiosity-
driven engagement. It may enhance our understanding of the
role of curiosity — a fundamental human behavioural trait
linked to cognitive processes — in the context of information
dissemination and spreading, aspects largely overlooked by
prior works.

Future research will further explore how the content of
specific messages triggers different curiosity types and how
these triggers influence user engagement across various
platforms. In this paper, we prioritized a breadth-oriented
approach, analyzing a diverse range of topics, groups,
and languages to mitigate potential biases associated with
short-term observations. We believe that examining the
long-term impact of different curiosity stimuli on sustained
participation and community growth will help to better
understand the broader implications of these dynamics on
user involvement and the evolution of digital communities,
enhancing the generalizability of the findings.

Limitations

e This study relies on data from public Telegram groups
identified by TGStat. While we cannot guarantee that TG-
Stat is bias-free, we note that it has been used in previous
research (Tikhomirova and Makarov 2021; Urman and
Katz 2022; Morgia et al. 2023), which supports its relia-
bility as a data source. Our analysis is confined to the data
collected from the selected Telegram groups, so we do
not claim broad generalizability, such as to private or less
active groups. Yet, the strength of our study lies in its large
dataset, which includes over 6 million messages across
409 groups and spans 10 diverse topics—far exceeding
the scope of prior work.

1503

* Metrics used in our study operationalize cognitive con-
cepts. Thus, validation is extremely hard, as it might in-
volve a multi-disciplinary approach. Nevertheless, metric
derivation followed the procedures of Sousa, Almeida,
and Figueiredo (2022), which, in turn, followed the sem-
inal works by Berlyne (1960); Silvia (2006), which pro-
posed a methodology to quantify collative variables re-
lated to curiosity stimulation based on information theo-
retical metrics. Thus, despite the lack of direct validation,
the used metrics are rooted in the foundational theories of
curiosity stimulation.

* Our analysis of curiosity stimulation is focused on a subset
of users and messages (i.e., users who shared at least 30
messages in the period, and messages with at least 10
other messages in the window of interaction). Whereas
this filtering decision was made for the sake of robust
metric computation, we argue that removed users can
be considered too inactive to be studied with respect to
curiosity stimulation. Similarly, the curiosity driven by
the posting of messages after periods of low or no activity
might be less dependent on these (few or none) previous
messages.

* We deliberately choose not to analyze the message content
(other than the type of media). We do recognize that con-
tent is likely to play a direct role in shaping user curiosity.
Yet, our choice allows for a more universal comparison of
curiosity metrics across different groups and even social
network platforms, free from the influence of specific con-
texts such as the discussion topic or language. This strat-
egy also ensures broader applicability, particularly when
content is inaccessible due to privacy concerns, making
the method both flexible and ethically sound.
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additional materials have been included in this appendix.
These supplementary materials provide detailed explanations,
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Figure 9: Percentage of users actively engaging for the first
time by sending a message during the study period, shown
with average values over groups and 95% confidence inter-
vals.
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Figure 10: Cumulative distributions of user median reply
times (solid blue) and the proportion of messages with at
least 10 preceding messages in the same AT window (dashed
orange). The intersection at 30 min. represents a sweet spot,
balancing the trade-off between filtering noise from the user’s

attention period and maintaining sufficient data coverage.

extended analyses, and supporting results that further substan-
tiate the claims made in the study. They aim to offer deeper
insights and transparency, ensuring the reproducibility of the
experiments and facilitating future research in the field.

Table 3 offers a qualitative description of the topics, as
provided by Perlo et al. (2024), and we included it here for
completeness.

Figure 9 illustrates the percentage of users actively en-
gaging for the first time by sending a message during the
study period. Although we lack information regarding the
group’s activity duration or the age of its members, observing
the timing of users’ first activation reveals an initial peak on
the first day, averaging around 10%, which then stabilizes at
approximately 2.5%.

To address the choice of the interaction time window, we
analyzed user reply times and message density within varying
timeframes. Using reply times as a proxy for user attention
spans, we observed that over 90% of users reply within 30
minutes. Additionally, we examined how the proportion of
messages with at least 10 preceding messages changes with
different time windows. The choice of a 30-minute window
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Figure 11: Share of messages in the dominant curiosity profile
(where the user posted most frequently) compared to the share
in the second-most active curiosity profile.

balances the trade-off between including too much noise
(with longer windows) and filtering out excessive data (with
shorter windows). This intersection of trends is illustrated
in Figure 10, highlighting 30 minutes as the ideal window
length for our analysis.

To enhance explainability, we present both the distribu-
tion of features for each cluster and an evaluation of fea-
ture importance. Figure 12 illustrates the feature distribu-
tions (normalized Z-score) for the identified message clus-
ters, providing insights into the distinguishing characteristics
of each cluster. Additionally, we assess feature importance
using SHAP values derived from a shallow decision tree. The
SHAP beeswarm plot in Figure 13 ranks features by their
mean absolute SHAP values, highlighting those with con-
sistent contributions to the model while deprioritizing rare,
high-magnitude effects.

Figure 14 depicts the average fraction of messages sent
by users in each curiosity stimulus profile for groups within
a specific topic (solid blue line). The dotted grey line repre-
sents the average distribution across the entire population,
providing a baseline for comparison. Dashed green and red
lines indicate categories where the topic-specific distribution
is statistically higher or lower, respectively, than the general
population average. This visualization highlights distinctive
curiosity patterns within topic-focused groups compared to
the broader population.

Figure 11 highlights the dominance of the most frequently
used curiosity profile over the second-most active profile and,
consequently, over all other profiles.



Topic Description
Education Discussion about college and university courses and exams.
Bookmaking Discussion about online betting and similar topics.
Cryptocurrencies  Discussion about cryptocurrencies, market stock and similar topics. Some groups offer official

support for crypto exchanges.

Technologies Discussions about consumer electronics, mostly smartphones. Some groups are second-hand
marketplaces for consumer electronics.

Darknet Trading of mostly illegal content, i.e., credit card numbers, accounts of media platforms, etc.

Software and apps

Video and Films
Politics
Erotic
Linguistics

Discussion about usage of software, mostly regarding Android modding and app piracy. Some
groups discuss software development for specific languages or technologies.

Discussion about movies and video sharing of movies and TV series and (possibly piracy).
Discussion about political news at large in different countries.

Sharing and suggestion of adult content or services.

Community of users practising a particular language for educational purposes.

Table 3: Topic description taken from Perlo et al. (2025).
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Figure 12: Boxplots of the curiosity stimulus metrics (Z-score normalized) for message clusters.
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Figure 13: SHAP beeswarm plot of message clusters. Features are ranked by the mean absolute SHAP values, prioritizing

average impact over rare, high-magnitude effects.
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Figure 14: Average fraction of messages sent in each stimulus curiosity profile from users belonging to a group of the topic(blue
solid line). The dotted grey line is the average distribution over the entire population. Dashed green/red lines highlight that the

distribution in the topic population is statistically greater/lower than the general one.
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