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Social media platforms have transformed information consumption,
offering personalized features that enhance engagement and
streamline content discovery. Among these, the Twitter Lists
functionality allows users to curate content by grouping accounts
based on shared themes, fostering focused interactions and diverse
perspectives. Despite their widespread use, the relationship between
user-generated content and List subscription behaviors remains
insufficiently explored. This study examines the alignment between
users' post topics and their subscribed Lists, along with the influence
of activity levels on this alignment. The role of content diversity in
shaping subscription patterns to Lists covering a range of topics is
also investigated. Additionally, the extent to which the affective
characteristics—sentiment and emotion—of user posts correspond
with the emotional tone of subscribed List content is analyzed.
Utilizing a comprehensive Twitter dataset, advanced techniques for
topic modeling, sentiment analysis, and emotion extraction were
applied, and profiles for both users and Lists were developed to
facilitate the exploration of their interrelationship. These insights
advance the understanding of user interactions with Lists, informing
the development of personalized recommendation systems and
improved content curation strategies, with broad implications for
social media research and platform functionality.

1. Introduction

Social media platforms have revolutionized the
way users access and engage with information,
offering tools to customize and streamline their
online experiences. Among these tools, the Twitter
Lists feature stands out as a unique functionality
that enables users to curate and organize content by
grouping accounts based on shared themes,
interests, or industries. Through subscription to
these Lists, users can streamline their feeds,
prioritize  relevant content, and minimize
distractions from their broader timelines. As a
result, they contribute to a more structured and
manageable feed, empowering users to interact
with content that aligns closely with their interests
and preferences. This makes Lists an essential
feature for users seeking to balance content variety

with relevance in an increasingly dynamic digital
space [1].

Over the past decade, Twitter Lists have gained
significant popularity and have been utilized in
various empirical studies for diverse purposes.
Prior research has leveraged Lists to infer users'
latent characteristics [2], identify relevant topics
for individual users [3], track well-connected and
topic-sensitive followers [4], differentiate between
elite and ordinary users [5], assess the degree of
homophily among users [6], capture emergent
semantics [7], and explore the relationships
between following, membership, and subscription
patterns [8]. Recently, Twitter Lists have been
employed to analyze terrorism-related activities
[9], identify local user communities and their
shared interests [10], and examine their role in
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branding strategies, particularly in facilitating
celebrity endorsement decisions [11].

In comparison to prior research, this study
examines the relationship between users' posting
behaviors—such as the topics and frequency of
their posts—and their List subscription patterns,
with the aim of uncovering potential correlations.
By examining this relationship from multiple
dimensions, the study aims to bridge a gap in the
existing literature concerning the interplay between
subscription Lists and user-generated content. The
findings aim to advance personalization strategies
by refining recommendation systems, improve
platform functionality by better aligning content
recommendations with user interests and
engagement  patterns, and  deepen  the
understanding of user behavior on social media
platforms. To achieve this, we formulate the
following research questions to address:

RQ1) What is the relationship between the topics
of users' posts and their subscribed Lists, and how
does this alignment differ across varying levels of
user activity?

RQ2) How does the diversity of users' posts impact
their subscription to Lists with varying topics?
RQ3) To what extent is user activity level
correlated with List subscription behaviors, such as
the number of Lists subscribed to?

RQ4) How do the affective characteristics
(sentiment and emotion) of user posts align with
the affective attributes of the content within Lists
they subscribe to?

To address these research questions, we begin by
employing BERTopic [12,13], a state-of-the-art
semantic topic modeling technique, to extract
topics from user posts and List content. Using these
outputs, we construct topic profiles for users and
Lists, enabling the analysis of topic alignment
between users and their subscribed Lists, as well as
its variation across different levels of user activity.
Furthermore, we examine the relationship between
the diversity of users' posts and the diversity of the
Lists they subscribe to, uncovering patterns in
content consumption and engagement. Beyond
topic-based analysis, we incorporate affective
features, such as emotion and sentiment, from both
user posts and Lists to explore the role of emotional
alignment in subscription behaviors. This
comprehensive approach offers valuable insights
into how posting behaviors, activity levels, topic
diversity, and emotional tone influence users’
engagement with Lists, shedding light on broader
patterns of content interaction on Twitter/X.
Therefore, this paper makes the following key
contributions:
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e We propose a methodology to examine the
relationship between users' posts and their List
subscription behaviors on Twitter/X. By
employing BERTopic, we uncover patterns
that highlight the alignment between the topics
of users' content and the Lists they subscribe
to.

e We assess how varying user activity levels
influence  List  subscription  behaviors,
including the number and diversity of Lists
subscribed to, and examine the emotional
alignment between users' posts and their
subscribed List content.

e Through experiments on Twitter data, we
present findings elucidating the relationship
between user posts and List subscription
behaviors, enhancing understanding of content
interaction patterns.

2. Data and Experimental Design

This section outlines the dataset used in this study,
along with the methods applied to structure and
analyze it. Furthermore, it provides an overview of
the experimental design employed to explore the
relationship between user posting behaviors and
List subscription patterns.

2.1. Dataset

This study employs the dataset previously
introduced and described in [14], which
encompasses users and their subscribed Twitter
Lists. The dataset collection process began by
identifying the Lists associated with Ashton
Kutcher, a widely followed Twitter user, following
a similar approach to [2]. Using these Lists as an
initial seed, all users subscribed to these Lists were
retrieved. Subsequently, the dataset was expanded
by collecting all Lists subscribed to by these newly
identified users. This iterative expansion process
was repeated four times to ensure comprehensive
coverage and a diverse set of users and Lists.
Finally, all user interactions, including tweets,
retweets, likes, and replies, were gathered, and
users with engagement in more than 200 English
tweets were designated as golden users.
Additionally, up to 500 of the most recent tweets
from each List were collected. This resulted in a
final preprocessed dataset comprising 1,284 users,
1,535 Lists, 6,059 subscription relations, and
1,581,321 tweets.
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Table 1. Some frequent topics extracted by BERTopic.

Topic Theme Topic Words
*bitcoin’, “bte’, ’cryptocurrency’,

Cryptocurrency  ’blockchain’,  ’defi’,  ’dip’, ’crypto’,
“ethereum’, market’, *buy’

. ‘music’, ’album’, ’song’, ’kanye’, ’songs’,

Music R -
spotify’, *wizkid’, ’tickets’, *dance’, ’dj
“artificial intelligence’, ’data science’, ’ai’,

Al ’robot’, ’big data’, ’learning’, ’machine
learning’, ‘deep learning’, ’artificial’, 'ml’
‘covid’, ‘cases’, ‘coronavirus’, ‘virus’,

Covid ‘pandemic’, ‘covid cases’, ‘deaths’, ‘new
cases’, ‘covid deaths’, ‘hospitalizations’
‘carbon’, ‘fossil’,  ‘climate  change’,

Climate ‘emissions’, ‘cop’, ‘climate’, ‘change’, ‘oil’,

‘energy’, ‘gas’

2.2. Topic Profile Creation using BERTopic.
Traditional topic modeling methods, such as Latent
Dirichlet Allocation (LDA) [15], have been widely
used for topic extraction in longer and more
structured documents. However, when applied to
short, unstructured, and noisy texts like tweets,
LDA often struggles to generate meaningful results
due to the brevity and lack of contextual depth in
these texts [16,17]. Comparative evaluations of
various topic modeling methods, including LDA,
non-negative  matrix  factorization (NMF),
Top2Vec, and BERTopic, have demonstrated that
BERTopic and NMF are particularly effective for
analyzing Twitter data [13]. Therefore, we employ
BERTopic [12], a semantic topic modeling
technique specifically designed to work effectively
with short texts. BERTopic leverages pre-trained
transformer models to generate high-quality
document embeddings that capture semantic
relationships within the text. These embeddings are
then processed through dimensionality reduction
techniques to enable efficient clustering, with the
resulting clusters used to generate interpretable
topic representations using a class-based TF-IDF
approach. By employing BERTopic, we extract
topics from user posts and List content, enabling
the construction of detailed topic profiles for
further analysis.

Formally, let M represent the set of posts
published by users U and in the Lists L, from
which active topics Z can be extracted using
BERTopic. Each post me M is treated as an
individual document, with a topic assigned to each.
Given zZ={z,z,,...z,} be K active topics, we
define List Topic Profile and User Topic Profile as
follows:

List Topic Profile. Let M, ={m,m,,..,m}

represent the set of posts published in List 1 e L,
and Z be the set of K topics. The List topic profile
TP(I) is represented as a vector of weights over

these K topics, i.e., (f,(z) f,(z,). ... f,(z.)),
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where f (z,) denotes the number of postsin List |
associated with topic z,. To ensure the profile
accurately reflects the proportional distribution of
topics, each f,(z,) is normalized by dividing it by
the total number of posts in the List (| M, |) .

User Topic Profile. Let M, ={m,m,,...,m}

represent the set of posts user u has interacted
with, and Z be a set of K topics. A user topic
profile TP(u) is represented by a vector of weights

over K topics, i.e., (f (z), f,(z,), ..., f,(z)),
where f (z,) is the number of posts by user u

associated with topic z,. To ensure the profile
reflects the proportional distribution of topics, each
f,(z,) is normalized by dividing it by the total

number of u’s posts (M, [).

Prior to applying BERTopic, we performed light
preprocessing on the tweets, following the
recommendations in  [12]. This included
lowercasing the text and removing URLsS,
mentions, punctuation, and special characters. For
embedding  tweets into  dense  vector
representations, we utilized BERTopic's default
model, "all-MiniLM-L6-v2". Additionally, we ran
BERTopic in its auto-configuration mode, which
generated 539 topics for our dataset. Table 1
provides an example of the 5 most frequent topics
identified and their corresponding top 10 words.

2.3. Measuring user-List similarity.

To assess the similarity between each user-List pair
(u.l) where user u subscribes to List |, we examine
their respective topic profiles. As these profiles are
represented as vectors, we calculate the similarity
using the cosine similarity measure, as formulated
below:

S(u,l) =cosine _similarity(TP(u), TP(1)) (1)

where TP(u) and TP(l) are the profile vectors of
user u and List |, respectively, and S(u,l)

represents the similarity score between the user and
the List.

2.4. User Categorization based on Activity Level
To examine the impact of user activity levels on
addressing specific research questions, we
categorized users based on their activeness, similar
to [18]. The activity level of a user was computed
as the total number of posts they interacted with on
Twitter, including their own posts and other
interactions such as likes, retweets, and replies.
Users were ranked by their activity level and
divided into four equal quartiles to ensure balanced



Alizadeh Noughabi/ Journal of Al and Data Mining Vol. 13, No. 2, 2025

group sizes. The first quartile represents low-active
users, while the fourth quartile includes high-active
users, who exhibit the highest levels of activity.
This categorization allows us to investigate how
activity levels influence user behavior and their
relationships with Twitter Lists.

2.5. Affective Features.

To deepen our understanding of the relationship
between users and their subscribed Lists, we
integrated affective features into our analysis.
Affective features capture the emotional and
sentiment-driven aspects of textual content,
offering a nuanced perspective on the tone and
emotional resonance of interactions. We extracted
two primary affective attributes: emotion and
sentiment.

For emotion analysis, we utilized the DistilBERT
pre-trained language model [19] to classify textual
content into seven emotional dimensions: anger,
fear, joy, surprise, sadness, disgust, and neutral,
similar to [20]. We quantified the frequency of
these emotions in tweets and aggregated them to
create emotional profiles for users and Lists. This
approach allows us to measure the distribution of
emotional tones in the content posted by or
associated with users and Lists. The emotional
profile of a user is defined as follows, with a similar
approach applied to Lists.

Emotional Profile. Let M, ={m,m,,...m}

represent the set of posts that user u has interacted
with. An emotional profile EP(u) is represented

by a vector of weights over 7 emotion dimensions,
ie, (f,(e), f,(e,),... f,(e,)), where f (g) isthe

number of posts by user u associated with emotion
e,. To ensure the profile reflects the proportional

distribution of emotions, each f,(e,) isnormalized

by dividing it by the total number of posts of user
u(M,1).

For sentiment analysis, we map each post to its
sentiment—positive or negative—using the
RoBERTa pre-trained language model [21], which
has been successfully employed in recent studies
on social media analysis [22][23]. Then, we count
the number of posts associated with each sentiment
label for every user/List and then normalize so that
the sum of weights of two sentiment labels equals
1. The sentiment profile of a user is defined as
follows, with a similar approach applied to Lists.
Sentiment Profile. Let M, ={m,m,,...m}

represent the set of posts that user u has interacted
with. A sentiment profile SP(u) is defined as a

vector of weights over two sentiment categories,
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ie., (f, (positive), f, (negative)), where
f, (positive) is the number of posts associated with
positive sentiment and f, (negative) represents the

number of posts associated with negative sentiment
for user u.

2.6. Diversity Measurement

To assess the diversity of a user's engagement with
topics, we focus on the significant topics within the
user's topic profile (TP(u)), which are defined as

those topics with which the user interacts most
frequently. The diversity of a user's topic
interactions is then calculated by considering both
the number of significant topics and the
relationships between these topics. If a user
engages with a large number of distinct topics, the
diversity score is higher, indicating a broad range
of interests. However, if the topics are highly
related, the diversity score is adjusted downward,
reflecting a narrower range of interactions.

The similarity between topics t, and t; is

represented by S(t;,t;) , where a higher similarity

indicates that the topics are more related. This
score is derived from the output of a topic modeling
approach, such as BERTopic. The diversity score
DIV (u) for user u is then calculated as follows:

DIV (u) =l{z, | f,(z,) e TP(u) > O}

1
trewmer @)
> S(tit)
=l j=i+l

To quantify the diversity of the Lists subscribed to
by a user u, we calculate the average pairwise
similarity across all the Lists the user subscribes.
This metric reflects how closely related the topics
of these Lists are to each other. A higher average
similarity indicates less diversity, whereas a lower
average similarity suggests a more diverse
selection of Lists. Formally, the Subscription
Diversity Index (SDI (u) ) is defined as:

Ll Ll

SD|(U)=;Z Z @-Sd;.1;))

n(in-1)/2= 5% ®

where n represents the number of Lists the user u
subscribes to (|L,[), and S(l;,l;) denotes the

oo . . I
similarity between the topic profiles of I, and "/,

calculated using cosine similarity of their
corresponding vectors.

3. Results and Analysis
In this section, we present and analyze the findings
of our study by addressing each RQ. We provide a
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detailed examination of the results, supported by
guantitative metrics, visualizations, and qualitative
interpretations to derive meaningful insights.

3.1. Analyzing Topic Alignment Between Users'
Posts and Subscribed Lists (RQ1)

Figure 1 illustrates the distribution of similarity
scores between the topics of users' posts and the
content of their subscribed Lists, computed based
on their topic profiles (Eq. 1). A notable proportion
of user-List pairs exhibit low similarity scores,
indicating that many users subscribe to Lists that
are not strongly aligned with their own posting
behavior. This suggests that users may follow Lists
for purposes beyond content alignment, such as
exploratory interests, or passive consumption of
information  outside  their primary focus.
Furthermore, a smaller yet notable peak near a
similarity score of 1 reflects a subset of user-List
pairs with strong alignment, where users’ posts
closely match the topics of their subscribed Lists.
These users may seek Lists that reflect their
specific interests or expertise.

Further investigation into the relationship between
topic alignment in users' posts and subscribed Lists
and their activity levels can provide valuable

insights for designing recommendation and content
categorization systems. A t-test analysis reveals
that the user-List similarity scores for low-active
users are significantly lower than those of high-
active users (p-value ~ 0 < 0.05), indicating a
statistically significant difference between the two
groups. To visualize this relationship, Figure 2
compares the alignment between the topics of
users' posts and their subscribed Lists across low-
active and high-active users. Specifically, for each
user category, Figure 2 depicts the percentage of
subscribed Lists at varying similarity levels. The
results reveal distinct trends based on the similarity
score:

1) For similarity scores up to 0.5: Low-active users
are more likely to subscribe to Lists with lower
content alignment than high-active users, as
reflected by a higher proportion of Lists with lower
similarity scores. This is evident from the blue line
(low-active users) consistently appearing above the
red line (high-active users).

2) For similarity scores above 0.5: High-active
users demonstrate a stronger preference for Lists
with higher content alignment, subscribing more
frequently to Lists that closely match their posting
behavior.
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15.0% 4

10.0%
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Number of (user,List) pairs (%)
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(user-List) similarity
Figure 1. Distribution of similarity scores between the topics of users' posts and the content of their subscribed Lists.

.9 G Low-active users
30 + High-active users
25
)
< 20
b
a
a—: 15 14.2% BBJ4 1%
11-5% 11 3%
10 A 28% 9 G
20%
s Shve B3 s T a8y |
5 A . - PR 5.0
13 ot S 3 SN
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

(User-List) Similarity

Figure 2. Distribution of user-List similarity scores for low-active and high-active users, showing the percentage of
subscribed Lists at each similarity level.
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3.2. Effect of User Post Diversity on
Subscriptions to Diverse Lists (RQ2)

This section explores the relationship between
users' post diversity and the diversity of their
subscribed Lists. Users are first categorized into

four bins based on their post diversity (Eq. 2): low,
low-medium, high-medium, and high. Similarly,
the Subscription Diversity Index (SDI (u) ) (Eq. 3)

is computed for each user and grouped into four
bins. Figure 3 presents the distribution of users
across these bins, highlighting how post diversity
influences the diversity of subscribed Lists.

Across all user post diversity bins, there is a notable
preference for subscribing to Lists with high and
high-medium diversity, relative to other List
diversity categories. Additionally, users with high
post diversity show a significantly greater
proportion of subscriptions to high-diversity Lists
compared to those with lower post diversity, with a
corresponding decrease in subscriptions to low-
diversity Lists. In other words, users with high post
diversity demonstrate a stronger preference for
high-diversity Lists, highlighting a clear alignment
between their broader content interests and
subscription patterns. Additionally, the t-test
analysis reveals a statistically significant difference
in the SDI between high-active and low-active
users (p-value=0.046), with high-active users
exhibiting greater diversity in their subscribed lists.

Subscription Diversity Index
= Low
= Low-Medwm

| Mgh-Medium
El Hgh

40 4

0 1

Percentage (36)

Low Low-Medium  High-Medium High

User Posts Diversity

Figure 3. User distribution across post diversity levels and
their corresponding subscriptions to Lists by diversity
categories.
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3.3. Impact of User Activity Levels on List
Subscription Behavior (RQ3)

To examine the impact of user activity level on List
subscription behavior, we first analyze the number
of Lists users subscribe to. Figure 4 depicts the
distribution of List subscriptions across four user
activity levels: Low, Low-Medium, High-Medium,
and High. The figure shows that users with higher
activity levels tend to subscribe to a greater number
of Lists, as reflected in their higher median number
of subscriptions and larger interquartile range. This
finding suggests that highly active users engage
more extensively with Lists compared to their less
active counterparts.

It is important to note that while our primary
analysis focuses on the number of Lists to which
users are subscribed, we also examine the number
of Lists in which they are members across different
user activity levels. As illustrated in Figure 5,
highly active users are significantly more likely to
be members of a larger number of Lists compared
to low-active users. Notably, the disparity in List
membership is even more pronounced than the
differences observed in subscription behavior,
indicating that the most active users not only
subscribe to more Lists but are also more
frequently included as members. Specifically, A
one-way analysis of variance (ANOVA) was
conducted to examine whether significant
variations exist in the membership patterns across
four user groups with different activity levels. The
results revealed a statistically significant difference
between the groups (p-value = 6.9e77). However, no
significant difference was observed in the
subscription patterns (p-value = 0.19).

3.4. Affective Alignment Between User Posts
and Subscribed Lists (RQ4)

As outlined in Section 2, we constructed sentiment
and emotional profiles for each user and List by
analyzing their respective posts. Figure 6 visualizes
the alignment between the sentiment expressed in
user posts and the sentiment of the Lists to which
they subscribe, highlighting discrepancies in
sentiment scores. The kernel density estimate
(KDE) plot reveals that the observed differences
are relatively minor, with most values concentrated
within a narrow range of 0.2. This suggests a strong
alignment between the sentiment profiles of users
and the Lists they follow.
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Figure 4. Relationship between user activity levels and the
number of Lists to which users subscribe.
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Figure 5. Relationship between user activity levels and the
number of Lists in which users are members.
To analyze emotional differences across seven
emotion categories—anger, fear, joy, surprise,
sadness, disgust, and neutral—we compare the
emotional profiles of users with those of the Lists
to which they subscribe. As an illustrative example,
Figure 7 depicts the emotional profile of a user who
subscribes to two different Lists. This visualization
demonstrates that the emotional profile of Listl is
more closely aligned with the user’s profile
compared to List2, highlighting variations in
emotional compatibility between the user and the
subscribed Lists.
Figure 8 illustrates the distribution of difference
scores for each emotion dimension, revealing
varying degrees of alignment between users'
emotional responses and the emotional tone of the
Lists they engage with. Overall, the observed
differences in emotional profiles are relatively
small, suggesting a general alignment between
users' emotional profiles and the emotional tone of
the Lists they follow. This indicates that, in most
cases, users' emotional responses are consistent
with the content they engage with.

Furthermore, the identification of outliers in certain
emotion categories highlights users whose
emotional profiles significantly deviate from the
typical distribution of their subscribed Lists. These
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outliers may represent individuals with distinct
engagement patterns, preferences, or emotional
responses, providing valuable insights for
enhancing personalized recommendation systems
and developing more effective emotion-based
content filtering strategies.

4) Conclusion

In this study, we explored the intricate relationships
between user behaviors and their subscription to
Lists on social media platforms like Twitter/X. By
examining the alignment between users' post topics
and the thematic focus of their subscribed Lists, the
influence of activity levels and posting diversity on
List subscriptions, and the affective characteristics
shared between user posts and List content, we
provided valuable insights into how users interact
with and curate content. These insights hold
significant implications for enhancing personalized
recommendation systems, improving platform
functionality, and fostering better user experiences
through tailored content curation strategies.

As future work, we plan to explore dynamic
modeling of user behavior to better capture the
evolving nature of List subscription patterns over
time. Additionally, we will investigate various
forms of bias, such as demographic bias (e.g., age,
gender), to gain a deeper understanding of how
these factors influence user engagement and
Twitter List subscription choices.

—— \ser
Listl
e List2

Neutral~———____—" joy

Figure 7. Example illustrating the alignment between the
emotion expressed in user posts and the emotion of their
subscribed Lists.



Alizadeh Noughabi/ Journal of Al and Data Mining Vol. 13, No. 2, 2025

Prabability Density

i
Mearf 0.14

0o 02

04

D6 08

Sentiment Difference

Figure 6. The alignment of sentiment between user posts and their subscribed Lists.
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Figure 8. The alignment of emotions between user posts and their subscribed Lists.
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