z"-.l turnitin‘. Page 1 of 28 - Cover Page Submission ID  trn:oid:::27535:145318292

Chirag Arora
MTechTheisislast-11-34

E Research Paper

Document Details

Submission ID

trn:oid:::27535:145318292 24 Pages

Submission Date 6,030 Words

Jul 10, 2026, 3:19 PM GMT+5:30
38,674 Characters

Download Date

Jul 10, 2026, 3:25 PM GMT+5:30

File Name

MTechTheisislast-11-34.pdf

File Size

1.6 MB

Z'l-.l turnitin' Page 1 of 28- Cover Page Submission ID  trn:oid:::27535:145318292



zﬂ turnitin Page 2 of 28 - Integrity Overview

3% Overall Similarity

The combined total of all matches, including overlapping sources, for each database.

Filtered from the Report

» Bibliography

Match Groups

. 18 Not Cited or

Matches with neither in-text citation nor quotation marks

Quoted 3%

89 0 Missing Quotations 0%

Matches that are still very similar to source material

“

7 turnitin

0 Missing Citation 0%
Matches that have quotation marks, but no in-text citation

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Page 2 of 28 - Integrity Overview

Top Sources

2%
2%
1%

@ Internet sources
W= Publications

2 Submitted works (Student Papers)

Submission ID trn:oid:::27535:145318292

Submission ID  trn:oid:::27535:145318292



7 turnitin

Match Groups

Page 3 of 28 - Integrity Overview

18 Not Cited or Quoted 3%

Matches with neither in-text citation nor quotation marks

89 0 Missing Quotations 0%

Matches that are still very similar to source material

“

Top Sources

0 Missing Citation 0%
Matches that have quotation marks, but no in-text citation

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Top Sources

2%
2%
1%

@ Internet sources

BE Publications

Submitted works (Student Papers)

The sources with the highest number of matches within the submission. Overlapping sources will not be displayed.

o Internet

journal.unnes.ac.id <1%
Publication

"Proceedings of Data Analytics and Management", Springer Science and Business... <1%
Publication

Tawfiq Aljohani, Abdulaziz Almutairi. "A comprehensive survey of cyberattacks o... <1%
Internet

etheses.whiterose.ac.uk <1%

o Publication

"Innovative Computing and Communications", Springer Science and Business Me... <1%

° Internet

discovery.ucl.ac.uk <1%
Internet

www.preprints.org <1%
° Internet

pmc.ncbi.nim.nih.gov <1%
° Publication

"Computational Processing of the Portuguese Language", Springer Science and B... <1%
c Publication

"Engineering Applications of Neural Networks", Springer Science and Business M... <1%

7 turnitin

Page 3 of 28 - Integrity Overview

Submission ID trn:oid:::27535:145318292

Submission ID  trn:oid:::27535:145318292


https://journal.unnes.ac.id/journals/sji/article/download/29071/6088/109138
https://doi.org/10.1007/978-3-032-03740-4
https://doi.org/10.1016/j.dt.2024.06.009
https://etheses.whiterose.ac.uk/1362/2/HAN-I_thesis.pdf
https://doi.org/10.1007/978-981-96-6681-2
https://discovery.ucl.ac.uk/id/eprint/10207359/1/Meka_10207359_thesis.pdf
https://www.preprints.org/manuscript/202508.0422/v1
https://pmc.ncbi.nlm.nih.gov/articles/PMC12370947/
https://doi.org/10.1007/978-3-030-98305-5
https://doi.org/10.1007/978-3-031-62495-7

zﬂ turnitin Page 4 of 28 - Integrity Overview

Publication

Hind AIMahmoud, Shurug AlKhalifa. "TSim: a system for discovering similar users...

Student papers

University of Thessaly on 2024-08-22

Internet

s3.eu-west-2.amazonaws.com

° Publication

"Advances in Knowledge Discovery and Data Mining", Springer Science and Busin...

o Publication

Poonam Nandal, Tapas Kumar, Meeta Singh, Mamta Dahiya. "Progressive Compu...

e Student papers

University of Louisiana, Lafayette on 2020-06-28

ZI'j turn't'n Page 4 of 28 - Integrity Overview

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID trn:oid:::27535:145318292

Submission ID  trn:oid:::27535:145318292


https://doi.org/10.1186/s40537-018-0147-2
https://s3.eu-west-2.amazonaws.com/assets.highwaysengland.co.uk/Lower+Thames+Crossing/Consultation/Documents/LMVR+main+report.pdf
https://doi.org/10.1007/978-3-031-33380-4
https://doi.org/10.1201/9781042004607

Z'l_.l turnitin Pages of 28 - Integrity Submission Submission ID _ trn:oid::27535:145318292

Chapter 1

INTRODUCTION

Millions of people create large amounts of text data, behavioral data, and interaction
data through tweeting, retweeting, replying, mentioning, hashtagging, and social
relationships on a daily basis. Such large scale user-generated data can provide many
interesting possibilities for analyzing social networks and creating intelligent data-
driven systems.

User similarity involves finding users who are alike in terms of their interests,
behaviors, interactions, or social network features. Applications of user similarity
include recommendation systems, community detection, targeted marketing, user
profiling, and security monitoring [1, 2]. However, measuring the similarity of Twitter
users is a difficult problem due to the heterogeneity and dynamism of user information.
User similarity cannot be computed based on text alone because users are different
from each other with respect to their behavioral aspects, temporal aspects, profile

characteristics, and interactions [3, 4].

1.1 Problem Statement

- @ The problem of user similarity analysis on Twitter is still an open issue due to the

heterogeneous and dynamic nature of thé'social media data: There exist various types
of approaches to measuring user similarity on social media platforms, which rely on
textual data, interactions, behaviors, profile properties, and network structure. However,
most prior works concentrate on just one category of similarity measures and do not
address the multidimensional nature of the user behavior on social media [5, 3].

The content-based approaches are effective for detecting semantic similarities
between users based on tweets, hashtags, and profile descriptions. However, they
are very sensitive to noise and sparsity of the textual data [5]. The graph-based
and interaction-based approaches detect the network relationships between users, but
ignore the semantics and context of the tweets [2]. On the other hand, the signal-based

L approaches are heavily dependent on manually defined features and weighting schemes
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[1]. Finally, the recent representation learning approaches offer improved ability to
learn latent relationships in the data, but they require large-scale data sets and are
computationally expensive [6, 7].

In addition to these limitations, another important drawback of the existing literature
on user similarity analysis is the absence of a systematic comparison of different types

of user similarity approaches under identical experimental conditions.

1.2 Research Objectives

1. To study and classify user similarity techniques into content-based, graph-based,
signal-based, and embedding-based techniques depending on their approach and

characteristics.

2. To implement and compare feature-based, representation learning-based, and
metadata-based techniques by applying them to Twitter data collected through API

mining and publicly available datasets.

3. To examine semantic, behavioral, profile-based, and network-based similarities in

finding similar users on Twitter.

4. To test the performance of various similarity techniques through classification and

similarity metrics.

5. To highlight the advantages, limitations, and practical implications of various user

similarity techniques for future research.

1.3 Overview of the Study

This thesis presents a comparative analysis of user similarity techniques in the context
of the social media network Twitter by using two parallel approaches: a systematic
review of existing literature and comparative experiments. The proposed methodology

is described in Figure 1.1.
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Phase 1: Systematic Liter-
ature Review (Chapter 2)

Review of Twitter user similarity approaches

Y
Phase 2: Comparative Exper-

imental Analysis (Chapter 3)

Comparative evaluation of user similarity models

Figure 1.1: Overview of the Two-Phase Research Study

Phase 1: Systematic Review (Chapter 2): The first phase involves conducting a
systematic literature survey of user similarity approaches currently available for Twitter.
Research papers in this area are reviewed and classified based on four major categories
of user similarity algorithms, namely, content-based, graph-based, signal-based, and
embedding-based methods. This review considers commonly utilized data sources,
features, evaluation criteria, benefits, drawbacks, and challenges related to various user
similarity measures.

Phase 2: Comparative Study (Chapter 3): In the second phase, a comparative
experimental study is conducted for three types of similarity approaches for users,
namely: feature similarity approach, representation learning similarity approach, and
metadata similarity approach. For the experiment, Twitter data is extracted from
the API and public data sources. Different types of similarities based on semantics,
behavior, profile, and network are studied by comparing them based on classification

and similarity measurement techniques.
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Chapter 2

REVIEW OF USER SIMILARITY APPROACHES ON
TWITTER

This chapter provides a systematic literature review of various methods that have been
used to measure similarity among Twitter users. Various research studies conducted
between the years 2015 and 2025 are critically reviewed and focused mainly on
content based, graph based, signal based, and embedding based similarity measurement

methods.

2.1 Introduction

Many applications have been developed from such big data including recommendation
systems, community detection, advertising, and user profiling [1, 8]. The identification
of user similarities is one of the critical aspects of social network analysis that depends
on users’ interests, behaviors, network structure, and interactions.

There might be various ways to estimate similarity depending on factors like tweets,
hashtags, activity time, profile features, followers, mentions, retweets, and behavioral
patterns [3, 4]. Prior research was mostly limited to content-based approaches
based on textual elements like tweets and hashtags. Later work incorporated graph-
based similarity measures using social network structure and interactions. Recently
proposed approaches involve signal-based and embedding-based methods that allow
for incorporating both semantic, behavioral, and structural characteristics through
representation learning [6, 7].

There are still a number of challenges related to measuring user similarity. Most
existing methods are not holistic enough and cover only some specific aspects of user
similarity. Moreover, textual noise, sparse interactions, scalability problems, evolving
user behaviors, and a lack of benchmark datasets complicate the comparison of different
approaches [9]. Therefore, there is a tendency toward developing hybrid, multi-view,

and representation learning-based approaches.
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This chapter provides an overview of existing Twitter user similarity approaches
and categorizes them into four types: content-based, graph-based, signal-based, and
embedding-based. Besides, the chapter explores datasets, feature extraction techniques,
evaluation metrics, research challenges, and future research directions associated with

user similarity on Twitter.

2.2 Search Methodology

The SLR approach is used in this research paper to examine the various methods
employed to measure the similarities between users on Twitter. Literature search, study
selection, full-text analysis, data extraction, and reporting are some of the steps involved
in conducting a systematic literature review. The selected studies were then examined
depending on their similarity measurement methods, datasets, features, evaluation
criteria, advantages, limitations, and research contributions. The overall workflow of

the systematic literature review process isillustrated in Figure 211"

A. Planning ¢ B. Literature Selection > C. Analysis { D. Reporting
A €| g

Step 1: Problem Step 2: Literature Search Step 4: Full-Text Review Insights, Trends,
Definition Challenges,
« Databases: |IEEE Xplore, « Detailed evaluation of Future Research

« Objective: Analyze user : - U 5
Springer, ScienceDirect, selected studies o -
N Directions

similarity methods on
Tt ¥ Google Scholar 7|« Final selection of 22

« Keywords: “Twitter user relevant papers
similarity”, “graph embedding”,
“user representation”, “social
network similarity” Step 5: Data Extraction

« Time Period: 2015-2025 & Analysis

» Scope: Content, Graph,
Signal, Embedding
approaches

« Extract: methods, datasets,
features, metrics

Step 3: Screening & Selection

« Classify approaches
(content, graph, signal,
embedding)

« Compare methods and
identify research gaps

« Remove duplicate studies
« Title and abstract screening
 Apply inclusion/exclusion criteria

Figure 2.1: Workflow of the systematic literature review for user similarity methods
on Twitter.

2.2.1 Search Process

A literature search was carried out for techniques to find similarities between Twitter
users using key academic databases such as IEEE Xplore, Springer, ScienceDirect,
ACM Digital Library, and Google Scholar. Different keywords were employed for
each of the searches, which included Twitter user similarity, graph embedding, social
network similarity, and user representation learning. The studies covered in this review
were those published between 2015 and 2025.
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2.2.2 Selection Criteria

In the first stage, titles and abstracts of the gathered papers were reviewed to find
out those which were about the similarity analysis of users in Twitter. In the second
stage, the complete texts of the identified papers were analyzed in order to assess their
methodologies, data sets, similarity techniques, and contributions to the field.

Papers addressing similarity analysis using content-based, graph-based, signal-
based, and embedding-based techniques were considered. Duplicate papers, irrelevant
papers, non-English papers, and papers without detailed information on methodology

were excluded from consideration.

2.3 User Similarity Approaches on Twitter

The existing techniques for estimating user similarities in Twitter can be classified
into four main categories, content-based, graph-based, signal-based, embedding-based
techniques. Key difference between these techniques is the type of information
employed to estimate the similarity measure. While earlier research focused on the
use of textual and profile information, more recent research employs a combination of
several types of information to better estimate the similarity measure [3, 8].

Each technique has its strengths and weaknesses, which will be discussed in further

subsections.

2.3.1 Content-Based Approaches

The content-based approach involves estimating the similarity between Twitter users
based on the text data generated by tweets, hashtags, profile descriptions, and other
forms of user-generated content. The underlying logic of content-based approaches is
that users who share the same themes and textual patterns are expected to have common
interests and behavior patterns. Initially, content-based studies employed traditional text
similarity measures like TF-IDF and cosine similarity to measure similarities between
tweets and user profiles [1, 8].

In order to enhance semantic understanding, some studies used ontology-based
and semantic similarity measures that examine contextual relations between words,
hashtags, mentions, and URLSs [5]. Additionally, some methods integrated textual data
with machine learning models for user profiling and classification to identify users
with common interests and behaviors [4]. Hypernym-based feature generation and

tweet similarity calculation have also been shown to enhance the process of estimating

zl'—.l turnitin Page 10 of 28- Integrity Submission Submission ID _ trn:oid:::27535:145318292



7) turnitin

=D

7) turnitin

Page 11 of 28 - Integrity Submission Submission ID  trn:oid:::27535:145318292

semantic similarity [10]. Content-based approaches are typically easy to implement,
understandable, and fast, which makes them appropriate for large datasets.

There are several disadvantages associated with the use of content-based methods
for similarity estimation. First, tweets are rather short, noisy, informal, and highly
dynamic, thus limiting their ability to capture user similarities. Second, the content-
based approach does not provide any information about social ties and interactions
among users since it relies mostly on textual data. Therefore, content-based approaches

are commonly integrated with interaction/network-based features.

2.3.2 Graph-Based Approaches

The graph-based approaches use the Twitter network in terms of @/social graph where
the nodes are the users and the edges are interactions such as followers, followings,
mentions, replies, and retweets. The similarity is estimated based on structural relations
and interaction patterns among users. As opposed to the content-based approaches, the
graph-based approaches do not depend only on the textual information but take into
account social interactions and community structures [2, 3]. Graph neural network and
node embedding models have been used to perform community detection and structural
analysis in large-scale social graphs [11].

A number of research works rely on various graph measures including common
neighbors, shortest path distance, interaction frequency, and community detection to
measure user similarity [4]. Moreover, some recently proposed approaches consider
graph representation learning to learn structural relations from Twitter social graphs
[7]. Graph embedding techniques have also been used to encode Twitter interaction
graphs for user classification and political closeness assessment [12].

The strength of the graph-based approaches lies in their capability of capturing
social relations and interaction patterns that cannot be captured using textual analysis.
On' the other hand, the graph-baséd approaches ignore the semantic information in
the tweets and profiles. Furthermore, large-scale social graphs pose computational

complexities due to graph building and similarity estimation tasks.

2.3.3 Signal-Based Approaches

The main idea behind signal-based approaches is that these techniques estimate
similarity between users in Twitter based on signals gathered through behavioral
patterns and interactions among Twitter users. The most common signals used in
signal-based methods include followers, following, retweeting, mentioning, replying,

hashtag, likes, number of interactions between users, and profile information. Unlike the
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previous approach, signal-based approaches use several behavioral factors to estimate
the similarity of users in a flexible and effective way [1, 8]. Several researchers apply
weighted combination techniques using different types of signals to define relations
among Twitter users. For instance, the use of TSim methods allows combining several
interaction features, assigning different weights to each factor to calculate similarity
score between two users [1].

The main advantage of signal-based approaches is that these techniques allow
combining different sources of information while being capable of controlling weights
assigned to each feature in similarity computation process. Signal-based approaches are
usually much more effective compared to single-sourced approaches since they consider

both behavioral and interactional aspects of user similarity assessment. Nevertheless,

- @ effectiveness of these techniques is heavily dependent on correct feature selection and

their weights assignment.

2.3.4 Embedding-Based Approaches

Approaches based on embeddings are some of the most recent techniques used to
assess similarity among Twitter users. They leverage the learned low-dimensional
representations of user behavior to capture similarity. In these approaches, the vector
representations of users are learned by considering various types of data from social
media. The similarities among users are estimated by measuring the distance between
the vector representations of the users. Cosine similarity is widely used in embedding-
based approaches for user similarity assessment [6, 7]. Social embedding models such
as SocialVec are used to capture low-dimensional embeddings from the social context
of co-following relationships on Twitter [13].

Some of the embedding-based approaches include the use of graph embedding and
representation learning approaches like Node2Vec, graph neural networks, and multi-
view representation learning. Other more sophisticated embedding-based approaches
consider temporal activities, semantic information, and interaction patterns to capture
user similarities within the dynamic social networks [12, 14, 15]. Heterogeneous
Information Network embedding for modeling interactions and recommendations on
multi-relational Twitter data sets is another area where recent work using embedding
techniques has been carried out [16]. Further research has explored contrastive
learning approaches for creating robust node embeddings using different forms of
graph augmentation [14]. In general, embedding-based approaches are better suited

to capturing semantic and structural relationships between users. Multi-granular
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Embedding Models have also been developed to increase the alignment and similarity

between users on different social media platforms [17].

The major strength of the embedding-based approaches is that they allow combining

various types of features into one representation space. In general, they provide better

performance in recommendation systems, user profiling, and community detection

problems. However, they are computationally costly and require significant amounts

of data and computational power. Furthermore, it is difficult to interpret the learned

representations, making the similarity reasoning process less intuitive than in other

approaches.

Table 2.1: Comparative Summary of User Similarity Approaches on Twitter

Approach Common Techniques Main Features Advantages Limitations
Type
Content- TF-IDF, cosine Tweets, hashtags, Simple, Affected by
Based similarity, LDA, profile interpretable, noisy and
hashtag analysis descriptions effective for sparse textual
[18, 4] interest-based data; ignores
grouping network
structure
Graph-Based =~ Community detection,  Followers, Captures Computationally
graph similarity, followings, structural expensive;
weakly supervised mentions, relationships and limited
graph learning [3, 7] retweets, network  interaction semantic
connections patterns understanding
Signal-Based =~ Weighted signal Retweets, Flexible and Dependent on
modeling, Random mentions, effective for feature
Forest, SVM, Naive hashtags, likes, multi-dimensional  selection and
Bayes, k-NN [1, 5, 8] profile attributes similarity manual
estimation weighting
strategies
Embedding- Node2Vec, graph Textual, Captures latent Computationally
Based embeddings, structural, semantic and intensive with
multi-view temporal, and structural limited inter-
representation behavioral relationships with  pretability
learning, graph neural  features high performance

networks [6, 15]

2.4 Datasets and Features Used

The performance of user similarity analysis on Twitter is influenced by the type of

dataset and features employed in modeling the user behaviors and interactions. Most

works employ data obtained via Twitter API that comprises tweets, user profile details,
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users’ followers, followings, mentions, retweets, and other forms of interactions [1, 8].

In line with the applications, labeled and unlabeled datasets have been employed for

supervised and unsupervised similarity modeling. Table 2.2 shows some user similarity

works and their respective datasets.

Various approaches have incorporated a mixture of textual, network-based,

interaction-based, temporal, and behavioral features for measuring similarity. Contem-

porary methods have integrated various types of heterogeneous features from different

data sources for constructing user representation.

Table 2.2: Datasets Used in Selected Twitter User Similarity Studies

S.No. Dataset Source Dataset Characteristics
1 Real-time Twitter API Contains user profiles, tweets, followers, retweets, favorites,
dataset [4] mentions, and hashtag interactions collected from real Twitter
users
2 Twitter ego-network Includes ego users, friends, followers, interaction history,
dataset [18] activity records, hashtags, and linguistic tweet content from
interconnected Twitter networks
3 Twitter social graph Composed of formal and inferred social connections, tweet
dataset [3] corpora, interaction frequencies, and user-pair relationships
4 Temporal Twitter Includes time-evolving tweets, user activities, streaming textual
activity dataset [15] data, and temporal behavioral information collected over
multiple time periods
5 Large-scale Twitter API ~ Contains seven behavioral and interaction signals including
dataset [1] followers, followings, mentions, retweets, favorites, hashtags,
and profile similarity
6 Semantic Twitter entity Contains hashtags, mentions, replies, URLs, domains, and
dataset [5] semantic relationships extracted from tweet content
7 Twitter timeline dataset Includes behavioral ratios, audience networks, tweet timelines,
of 19,900 users [8] interaction patterns, and textual content collected through the
Twitter API
8 Multi-view social media  Contains timestamped posts, textual features, temporal

dataset [6]

activities, profile metadata, and network interactions across
heterogeneous user populations

2.5 Evaluation Metrics

Evaluation metrics have been used extensively to study the performance of user

similarity techniques on Twitter. The metric depends on how the problem formulation is

approached, such as classification, ranking, clustering, or similarity estimation. Some
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commonly used metrics clustering accuracy, Pearson correlation, and similarity score

evaluation [1, 8]. Table 2.3 shows some of the metrics used and the main findings in

selected researches.

Based on the results presented in the reviewed literature, the hybrid and multi-

feature approaches show better performance than the single feature approaches since

they incorporate all kinds of information such as textual, structural, and behavioral.

Table 2.3: Evaluation Metrics and Performance Summary of Selected Studies

S.No. Evaluation Metrics Approach Used Key Findings

1 Precision, Recall, Multi-signal similarity Improved similarity detection using
F1-score validation [1] combined behavioral signals

2 Accuracy, Precision, Hybrid Random Forest Hybrid features achieved high
Recall, F1-score model [8] similarity prediction performance

3 Accuracy, Precision, SVM, MLP, k-NN, Naive = Machine learning models
Recall Bayes [4] outperformed traditional similarity

methods

4 Pearson correlation, Interaction-based Interaction-based similarity was
similarity score statistical analysis [18] stronger than content-only similarity

5 ROC-AUC, Precision,  Representation learning Multi-view embeddings improved
Recall and ranking [6] ranking and representation quality

6 Accuracy, Fl-score Graph and Structural network features were

community-based effective for user grouping
classification [3]

7 Clustering accuracy, Unsupervised clustering  Effective grouping achieved using
similarity evaluation methods [19] profile and textual features

8 Similarity score Temporal embedding Temporal embeddings captured
evaluation model [15] evolving user behavior effectively

9 Accuracy, F1-score Weakly supervised graph  Strong performance achieved with

embedding [7]

limited labeled data

2.6 Challenges, Research Trends, and Research Gaps

However, there are still a number of issues that need to be addressed despite the

advances in the similarity assessment of Twitter users. For example, the sparsity of

user-generated textual and interaction data can make it very difficult to estimate the

similarity among users. Also, there is an inherent problem with the dynamic nature

of user behavior, as interests and interactions change over time, but most methods use

static representations [15]. Finally, scalability is another crucial issue, since large-
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scale social networks typically comprise tens or hundreds of thousands of users and
interactions.

It can be observed that the recent research directions are mainly focused on
shifting from conventional content-based approaches to the hybrid or representation
learning methods. In particular, modern methods usually incorporate textual, structural,
behavioral, and temporal information into rich user representations [6, 8]. For
instance, recent studies have paid much attention to graph embeddings, Node2Vec
approach, graph neural networks, and multi-view representation learning. Recently,
embedding distance techniques and graph autoencoders for studying echo chambers,
polarizations, and ideological similarity in social media networks has been explored
[20]. Distributed graph embedding models are other types of models that are gaining
popularity when it comes to working with large-scale social networks comprising
millions of nodes and edges [21]. Some recent work has also examined domain-
specific embeddings to distinguish between different communities and polarized users
within those communities [22].

Despite the promising results achieved by most of the approaches, some research
gaps are currently evident in this area. First of all, there is no commonly accepted dataset
for benchmarking the performance of different methods, and no unified framework for
evaluation. In addition, many deep representation learning approaches face problems
with interpretability and high computational requirements. Finally, there is not
enough research dedicated to adaptive and real-time modeling of user similarities

in dynamically changing social networks.

2.7 Summary

This chapter gives an overview of existing approaches for evaluating the user similarity

- a measure on Twitter. Approaches are divided into four main Cateégories; namely,

content-based, graph-based, signal-based, and'embedding-baséd’approaches. Analysis
was performed based on methodology, popular datasets used in the studies, common
features, evaluation measures, strengths, and weaknesses of the approaches.

It can be seen from the overview provided that there is a trend towards using more
complex approaches combining textual information with other types of information.
Specifically, recent approaches consider textual, structural, behavioral, and temporal
features for building better representations of users. At the same time, several key
issues in the area have been identified, such as data sparsity, scalability, dynamics of
user behavior, lack of interpretability, and benchmark datasets.

In general, it can be stated that no single method is able to evaluate user similarity
Z"—.I turnitin Page 16 of 28 - Integrity Submission Submission ID trn:oid::27535:145318292
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efficiently. Multi-view approaches show better results since they incorporate various
types of information. Insights gained from the literature review are critical for

understanding the comparative analysis performed in the next chapter.
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Chapter 3

COMPARATIVE ANALYSIS OF USER SIMILARITY
APPROACHES ON TWITTER

This chapter presents a comparative experimental analysis of three categories of
similarity approaches: feature-based methods, representation learning-based methods,
and metadata-driven methods.

The comparative study focuses on analyzing how effectively different approaches
capture semantic, behavioral, and structural similarities among Twitter users. Experi-
mental results are presented through quantitative evaluation and comparative analysis

to provide a direct comparison between the implemented similarity models.

3.1 Dataset Collection

The comparative analysis is conducted based on Twitter data obtained from Twitter
API-based and publicly available datasets. Datasets are chosen in order to assess the
similarity of Twitter users in terms of semantics, behavior, structure, and metadata.

For the feature-based and representation learning-based techniques, Twitter data
obtained from 19 active users is used. Data consists of tweets, hashtags, mentions,
replies, retweets, and user interactions. Pairs of Twitter users are manually annotated
as similar and dissimilar considering commonalities in topics covered, behaviors, and
interactions. Obtained data varies in terms of textual content, timing, and behavior
providing opportunities for comparative analysis in terms of semantic similarity,
temporal behavior, and network interactions.

For the metadata-based similarity technique, publicly available Kaggle dataset
consisting of 17,410 tweets made by 112 users is used. Dataset includes tweet text, user
profile characteristics, interaction metadata, and other data necessary for the similarity

assessment based on metadata.
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3.2 Similarity Approaches

The three approaches take different perspectives on measuring user similarity by
utilizing textual data, behavioral actions, metadata, and network relations.

The details of the three similarity approaches studied in this paper aréprovided in
Table 3.1.

Table 3.1: Comparative Summary of Implemented Similarity Approaches

Approach Techniques Used Similarity Modeling

Feature-Based TF-IDF, cosine similarity, DTW, Semantic similarity using tweet

Similarity Jaccard similarity, Random Forest content, behavioral similarity using
[8] temporal activities, and structural

similarity using audience overlap and
interaction patterns.

Representation Sentence-BERT embeddings, Unified user embeddings generated
Learning-Based temporal embedding modeling, from textual, behavioral, temporal,
Similarity multi-view learning [6] and profile-level metadata features.
Metadata-Driven TF-IDF, cosine similarity, Jaccard =~ Similarity estimation using profile
Similarity similarity, graph centrality attributes, textual content, metadata
analysis [19] features, and network-based graph
analysis.

3.3 Performance Metrics

Evaluation metrics include both classification-based and embedding-based techniques
for the implemented similarity approaches. Manual labeling of users’ similarity is
performed based on similarities in terms of their interests, behaviors, and network
interactions.

Classification-based metrics such as Accuracy, Precision, Recall, and F1-score
are utilized for evaluating feature-based and metadata-driven techniques. Accuracy
evaluates the overall accuracy of user similarity prediction, whereas Precision is used
to assess the'ratio of the correct predictions of similar users to'the total predictions
of |similar users. Recall evaluates the ability of the model to predict similar users
accurately, and Fl-score calculates the harmonic mean of Precision and Recall.

In addition fo'the above metrics, representation learning is evaluated using Cosine
Similarity Analysis and Silhouette Score. Cosine Similarity Analysis evaluates the
similarity of user embeddings generated by the model, whereas Silhouette Score

evaluates the quality of clustering of user representations.
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3.4 Results and Comparative Analysis

This section describes the results of theexperiments conducted with respect to the
feature-based, representation learning-based, and metadata-based approaches with

respect to the classification and embedding metrics for evaluating similarity.

3.4.1 Feature-Based Similarity Results

The feature-based similarity model evaluates the similarity based on semantic, be-
havioral, audience features. The computation of the semantic similarity value using
TF-IDF and cosine similarity ranges from 0.28 to 0.81, implying different degrees of
textual similarity. The value obtained for the behavioral similarity measure using DTW
is within the range of 30 to 50. The computation of the audience similarity measure
using Jaccard similarity is quite low, with values from 0.00 to 0.11.

The Random Forest classifier demonstrates aitaccuracy of 0.60 along with precision,
recall, and F1 score of 0.80, 0.60, and 0.57, respectively. The findings reveal
semantic similarity measure offers consistent similarity signals, whereas behavioral and
audience features add additional interaction information. However, the relatively poor
classification performance may be attributed to the small dataset size and sparseness of

interaction data [8].

3.4.2 Representation Learning Results

Representation learning techniques produce unified embeddings of users based on tex-
tual, behavioral, and profile-level information. The use of sentence-BERT embeddings
together with temporal modeling based on embeddings enables capturing semantic and
behavioral connections between users.

Cosine similarity between embeddings of similar users is over 0.95, demonstrating
good embedding consistency. Embeddings training reveals that the loss function is
reduced from 4.2 to 2.1, and the Silhouette score of about 0.68 indicates good clustering
quality of learned embeddings. Also, the model manages to obtain precision, recall,
andFl=scores 6f0:85;0:74, and 0:79 correspondingly for similarity classification based
on embeddings.

The technique require more high computing resources and larger datasets to improve

generalization performance [6].
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3.4.3 Metadata-Driven Similarity Results

The metadata-based similarity method calculates similarities based on profile features,
textual data, locational data, and metadata regarding interactions. The similarities
calculated are between 0.45 and 0.57, showing that there is high similarity among the
users.

The classification model has achieved an accuracy of about 0:88; with precision,
recall, and Fl1-score values being 0.85, 0.79, and 0.82, respectively, performing
better than othér methods i terms of ‘classification @éeuracy! Another method used
for classifying users is graph-based centrality, which utilizes betweenness centrality
measures to identify influential users in the network.

The metadata-based approach can be used to categorize users according to activities
based on metadata and interactions in the network. This shows that the inclusion of

both profile features and metadata increases classification effectiveness [19].

3.4.4 Comparative Analysis of All Approaches

From the above experiments, we can infer that user similarity in social networking
sites is multi-dimensional in nature and cannot be accurately modeled using any one
similarity approach. While the feature-based approach has greater interpretability
by virtue of using explicit similarity features, the representation learning approach
produces better embedding representations for representing user similarity.

Of all approaches tested, the similarity model based on metadata has yielded the
best classification accuracy because of its ability to incorporate both profile attributes
and interaction metadata. From the results obtained, it can be seen that each approach

has its strengths and weaknesses, which make them suitable for different applications.

Table 3.2: Comparison of Different Similarity Approaches

Approach Key Metrics Key Strength Limitation
Feature-Based Accuracy: 0.60, High interpretability Sensitive to noisy and
F1-score: 0.57 sparse data
Representation Precision: 0.85, Captures latent Lower interpretability
Learning F1-score: 0.79 semantic patterns
Metadata-Driven Accuracy: 0.88, Better overall Dependent on metadata
F1-score: 0.82 classification quality
performance
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3.5 Discussion

It should be concluded that user similarity on Twitter cannot be measured by a single
method and is multi-dimensional. All implemented approaches measure different
aspects of users’ activity, such as semantic relationships, temporal interaction patterns,
profile attributes, and network structures.

Feature-based similarity model is more interpretable since similarity is calculated
based on explicit semantic, behavioral, and structural features. The use of TF-IDF and
cosine similarity helps to estimate semantic relationships between users. The use of
DTW allows considering temporal behavioral patterns. At the same time, the overall
classification accuracy remains modest because of the limitations of the dataset size
and sparsity of interactions among users.

Representation learning model is more successful in capturing hidden semantic
and temporal patterns through embedding-based modeling. The use of sentence-
BERT embedding and temporal behavior encoding results in obtaining more compact
and semantically consistent user representation. The estimated cosine similarity and
silhouette score prove that embedding-based approaches are quite effective in revealing
hidden similarity relationships among users. However, the approach requires bigger
data and lacks interpretability in comparison with the previous method.

As for the metadata-driven similarity model, it turns out to be the most successful
one when considering overall classification performance.

Therefore, each similarity paradigm has its unique strengths, which makes it suitable
for various applications. Specifically, the first two methods are more interpretable than
the last one, but the last one is more accurate. Combining different paradigms into one
system may help to enhance future approaches.

One limitation of the study is the small dataset size used for evaluating the last two
similarity paradigms. Furthermore, manual labeling of data introduces subjectivity and

limits the generalizability of the models.

3.6 Summary

In this chapter, we have compared various methods of measuring similarity between

- G users on Twitter, which include the feature-baséd method; representation léarning-based

method, and metadata-based method! It was found that each of these methods provides
an insight into various dimensions of user similarity, such as semantic, behavioral,
temporal, and network-related dimensions.

While the feature-based approach offers greater interpretability, the representation
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learning approach captures complex latent similarities, and the metadata-based ap-
proach provides the best classification accuracy. This proves that user similarity on
social networking sites is inherently multidimensional, and no single similarity measure
can provide adequate results.

Overall, the experiment in this chapter has provided us with a comparative

understanding of various similarity measurement methods.
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Chapter 4

CONCLUSION, LIMITATIONS AND FUTURE SCOPE

4.1 Conclusion

Specifically, the feature-based model used explicit semantic, behavioral, and structural
similarity measures, while the representation learning method created multi-view
embeddings using Sentence-BERT and temporal embedding modeling techniques. The
metadata-driven similarity technique included profile attributes, interaction metadata,
and graph-based analysis in the similarity calculation process.

Based on the experimental results, it was concluded that user similarity in social
media platforms is multi-dimensional and requires employing multiple similarity
techniques for its accurate capture. While the feature-based approach yielded better
interpretability due to explicitly computed similarity measures, the representation
learning-based method was able to capture latent semantic relations. The best
classification results were produced by the metadata-driven approach.

Overall, the study showed that hybrid and multi-view user similarity frameworks
allow more efficient estimation of user similarity than single-source approaches. The
research results are expected to help researchers gain a better understanding of modern

Twitter user similarity techniques and conduct further comparative studies in this area.

4.2 Limitations

While the paper presents a comparative evaluation of various methods used to assess
Twitter user similarities, some weaknesses can be identified. First, the experimental
evaluation was performed based on the sample of a limited number of users whose
similarity was assessed manually for both feature-based and representation learning
methods. Such a small sample size may limit the generalizability of the results.
Second, the manual assignment of similarity labels may cause problems since user
similarity itself is subjective and multidimensional, and therefore, manually labeling

L user similarities may cause certain discrepancies in assessing similarity.
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Third, this research only considered textual, behavioral, profile-level, and network-
based data available from Twitter. Other multimodal information, including images,
videos, and geographic information, was ignored in similarity estimation.

Fourth, representation learning methods are usually computationally intensive.
Finally, there are no benchmark datasets for evaluating Twitter user similarities that

would allow comparing results obtained by other researchers.

4.3 Future Scope

Several possible directions for future research emerge from the results of this paper.
First, the creation of hybrid or unified similarity frameworks, which combine feature-
based, representation learning-based, and metadata-driven similarity methods in one
system, should be considered as an important area for further research. Such integration
of different similarity paradigms might increase both their interpretability and accuracy.

Future research might also be directed at the use of larger and more diverse datasets
that will make the generalization capabilities of similarity models higher. Multilingual
data, user interaction data that changes over time, and even information about social
network interactions across various platforms may contribute to increased efficiency of

similarity estimation.
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