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Abstract

Identifying related academic papers is crucial in advancing scientific research,
allowing scholars to build upon existing knowledge and explore new frontiers. This
endeavor has sparked a significant research community interest in exploring different
techniques. These techniques can be divided into two major classes: content-
based and Metadata-based (bibliographic coupling and co-citation analysis). Each
technique offers unique advantages in discovering related literature concerning a
query paper. Co-citation identifies related papers by analyzing how often two
papers are cited together in other works. Bibliographic coupling discovers related
papers by examining shared references between them. This research focuses on
bibliographic coupling. Recent results showed a significant improvement in the
discovery of related papers by employing weighted section-wise coupling. However,

three key challenges must be addressed to use this technique effectively.

The first challenge involves the limited precision in mapping actual section headings
to the logical section as per IMRaD (Introduction, Methodology, Results, and
Discussion) structure. This research has addressed this problem by combining
already used (existing) features and with some newly discovered features, such as
counts of figures and tables, varying in-text citation counts, and the detection of sub-
headings wrongly matched with IMRaD. The evaluation of the proposed approach
and comparisons with state-of-the-art approaches revealed an improvement of
18.96%, 21.77%, and 9.50% in average precision the state of the art techniques by
Ding [1], Shahid [2], and Habib [3] respectively.

The second challenge pertains to the arbitrary assignment of weights to sections for
weighted section-wise coupling . To address this, a model was trained using Artificial
Neural Networks (ANN) with backpropagation to dynamically allocate section weights
on a reasonably large dataset of 5,000 papers. Experiments demonstrated an improved

correlation with JSD rankings at 0.86, surpassing the previous score of 0.75.

In conclusion, by addressing key challenges, the research successfully develops

and validates innovative methods that significantly improve the findings of related



papers. This work contributes to the field by offering an accurate and efficient
means of discovering related research and setting a precedent for future studies
aiming to refine the exploration of related literature in digital libraries and scholarly

search engines.



Contents

Author’s Declaration v

Plagiarism Undertaking vi

List of Publications vii

Acknowledgements viii

Abstract ix

List of Figures XV

List of Tables xvi

Abbreviations xvii

Symbols Xix

1 Introduction 1

L1 Overview . . . . . . . o e 1

1.2 Introduction . . . . . . . . . ... 1

1.3 Background . . . .. ... o 3
1.3.1 IMRaD Mapping of Research Article Sections to Logical

Sections . . . . . ... 5)

1.3.2  Techniques for Identifying Related Papers . . . . . . . . .. 6

1.3.2.1 Content-Based . . . ... ... ... ... ..... 6

1.3.2.2 Co-Citation . . . . . ... .. ... ... ...... 9

1.3.2.3  Bibliographic Coupling . . . . . . . ... ... ... 13

1.3.3  Co-Citation vs. Bibliographic Coupling . . . . . . .. . ... 15

1.4 Section-Based Bibliographic Coupling . . . . . . . .. .. ... ... 16

1.4.1  Weighted Section-Based Bibliographic Coupling . . . . . . . 16

1.4.2  Dynamically Tuning of Section’s Weights . . . . . . . . . .. 16

1.4.3 Significance of research paper sections . . . ... ... ... 17

1.5 Research Problem . . . . . . . ... ... ... ... ... . 17

1.6 Problem Statement . . . . . . ... ... ... 17



xii

1.7 Research Questions and Objectives . . . . . . ... ... ... ... 18
1.7.1 Research Questions . . . . . ... .. .. ... ........ 18
1.7.2  Research Objectives . . . . . . ... .. ... ... ..... 18
1.8 Research Scope . . . . . . . ... 18
1.9 Research Methodology . . . . . . . ... ... ... .. ... ... 19
1.10 Dissertation Organization . . . . . . .. ... .. ... ... .... 20
Literature Review 22
2.1 OVerview . . . . . . . e 22
2.2 Inclusion and Exclusion Criteria . . . . . . ... ... ... ..... 23
2.3 Techniques for Logical Section Extraction in Scientific Research Papers 24
2.3.1 Dataset for Extraction of Sections and Mapping to IMRaD . 25
2.4 Literature Survey on Techniques for Finding Related Papers . . . . 26
2.5 Techniques to Find Related Research Papers . . . . . . .. ... .. 26
2.5.1 Content-based Strategies . . . . . . . . . ... ... ... .. 27
2.5.2  Metrics for Evaluating Research Paper Similarity . . . . . . 33
2.5.3 Techniques Based on Metadata . . . . ... .. ... .. .. 35
2.6 Strengths and Limitations of Content-Based and Metadata-Based
Approches . . . . . L 48
2.6.1 Advantages of Content-Based Approaches . . . .. ... .. 48
2.6.2 Issues with Content-Based Approaches . . . . . .. ... .. 49
2.6.3 Advantages of Metadata-Based Approaches . . .. ... .. 50
2.6.4 Issues with Metadata-Based Approaches . . . . .. ... .. 51
2.6.5 Collaborative Filtering Approaches . . . . . .. .. ... .. 51
2.6.6 Graph-Based Approaches. . . . . . .. .. ... .. ... .. 52
2.6.7 Data Mining-Based Approaches . . . . . . ... ... .... 52
2.6.8 Citation-Based Approaches . . . .. ... .. ... ..... 53
2.6.9 Dataset for Related Papers. . . . . . . ... ... ... ... 57
2.7 Discussion . . . . . . .o o8
2.8 Summary . o.o.o. ... 60

Extraction of Section-Headings and Mapping to IMRaD Struc-

ture
3.1
3.2

3.3

3.4
3.5

62
Overview . . . . . . . . o 62
Introduction . . . . . ... 63
3.2.1 Features for Section Extraction and IMRaD Mapping . . . . 64
System Architecture . . . . . . ... 68
3.3.1 Schema Generation Engine (SGE) . . . . ... ... ... .. 71
Data Extraction Engine (DEE) . . . ... ... ... ... ... .. 76
Data Mapping Engine (DME) . . . .. ... ... ... ... ... 76
3.5.1 Subheadings Mappings . . . . . . . ... ... 7
3.5.2  Sections Sequences . . . . . . .. ... 78
3.5.3 Sections Known Names . . . . . . ... ... ... ...... 79
3.5.4 Citation Count as a Metric for Section Identification . . . . 84

3.5.5  Object For Section Identification . . . . .. ... ... ... 84



xiil

3.5.5.1 Figures as a Metric for Section Identification. . . . 84

3.5.5.2  Algorithms as a Metric for Section Identification . 85

3.5.5.3  Graphs as a Metric for Section Identification . . . . 85

3.5.5.4 Tables as a Metric for Section Identification . . . . 85

3.6 IMRaD Section Mapping . . . . . . . . . .. ... ... 86
3.7 Execution and Processing Time . . . . ... .. .. ... .. .... 88
3.8 Results. . . .. . .. 90
3.8.1 Precision and Recall Calculations for IMRaD Sections . . . . 91

3.9 Evaluation . . . . . . .. 94
3.9.1 Comparative Analysis . . . . . ... .. ... ... ..... 94

3.10 Discussion . . . . . . . . . .. 96

Section’s Ranking and Weights Adjustment to Discover Biblio-

graphically Coupled Papers 102
4.1 Overview . . . . . . .. e 102
4.2 Introduction . . . . . . . ... 103
4.3 Methodology . . . . . . . . . 104
4.3.1 Data Collection . . . . . . ... .. ... .. .. ... ..., 104
4.3.2 Dataset Validation Methodology . . . . . . . .. ... .. .. 105
4.3.2.1 Step-by-Step Validation Process . . . . . . . . . .. 105

4.3.2.2 Preprocessing . . . . .. . ... 106

4.3.2.3 Vectorization . . . ... ... .. ... ... ... 107

4.3.2.4  Jensen-Shannon Divergence Calculation . . . . .. 108

4.3.2.5 Algorithm in Pseudocode for JSD . . . . . . . . .. 108

4.3.3 Results and Discussion of Validation of Dataset-2 . . . . . . 111

4.4 System Architecture to Find Dynamic Weights of Sections . . . . . . 113
4.4.1 DNN: Deep Neural Network with Backpropagation . . . . . 113

4.5 Results and Evaluations . . . . . . ... ... ... . L. 119
4.6 Complete Example: JSD and Spearman’s Correlation . . . . . . .. 120
4.6.1 Step 1: Data Preparation . . .. ... ... ... .. .... 120
4.6.2 Step 2: Weighted Common References . . . . .. ... ... 121
4.6.3 Step 3: Probabilities . . . . ... ... ... ... 121
4.6.4 Step 4: Jensen-Shannon Divergence (JSD) . . . .. ... .. 122
4.6.5 Step 5: Spearman’s Rank Correlation . . . . . . . ... ... 123

4.7 Conclusion . . . . . . . . L 125
4.7.1 Limitations and Challenges . . . . ... .. ... ... ... 127

4.8 SUmMmary . . ... 129
4.8.1 Applications of the Proposed Method . . . . . . . .. .. .. 130
Overall Conclusion and Future Work 132
5.1 Overview . . . . . . . e 132
5.2 Conclusion . . . . . .. . 132
5.2.1 RQ1: Section Mapping to IMRaD . . . . . . ... ... ... 133

5.2.1.1 Results Comparison . . . . .. .. ... .. .... 134



X1iv

5.2.1.2 Issues in PDF-to-XML Conversion and Annotation 134
5.2.2  RQ2: Optimizing Section Weights for Bibliographic Coupling 136

5.3 Discussion . . . . . ... 137
5.4 Future Work . . . . . . . s 138
5.5 Summary .. o.o. ..o 139

Bibliography 141



List of Figures

1.1
1.2

3.1
3.2
3.3
3.4
3.5
3.6
3.7
3.8
3.9
3.10
3.11
3.12
3.13
3.14
3.15
3.16
3.17
3.18
3.19
3.20
3.21
3.22
3.23

4.1
4.2
4.3
4.4
4.5

5.1

Bibliographic Coupling and Co-Citation [26] . . . . . .. . ... .. 10
The Design Science Research Methodology Process for this work . . 20
Subheading example in the form of PDF file. . . . . . . .. ... .. 66
Subheading Example-2 . . . . . .. ..o 66
Subheading Example-1 . . . . . .. .. ... 67
Figures in research publications. . . . . . . . .. .. .. ... ... 67
Tables in research publications. . . . . . . .. ... .. ... .... 68
Example of a figure caption. . . . . . . .. ... 69
System Architecture . . . . . ... ..o 70
Table Contain the Paper Information . . . . . ... ... ... ... 71
Table Contains the Sections . . . . . . . ... ... ... ... ... 72
Table Contains Section Mapping . . . . . . . . ... ... ... ... 72
Table Contain Section Mapping Relations . . . .. ... ... ... 73
Table Contains the Figures Information . . . . . . . . . . ... ... 73
Table Contains the Table Information . . . . . ... ... ... ... 73
Table Contain the Citaion Information . . . . ... ... ... ... 74
Table Contains the Algorithms Information. . . . . . . . .. .. .. 74
Table Contains the Graphs Informations . . . . .. ... ... ... 75
ERD of Database Schema . . . . . .. ... ... ... ... ..., 75
Section-Wise comparison of Precision . . . . . . .. ... ... ... 95
Section-Wise comparison of Recall . . . . . . . ... ... ... ... 96
Section-Wise comparison of F-Measure . . . . ... ... ... ... 97
Comparison of Precision of combined sections . . . . . .. ... .. 97
Comparison of Recall of combined sections . . . . . ... ... ... 98
Comparison of F-Measure of combined sections . . . . . .. .. .. 98
ANN with Backpropagation for Section Weight Tuning . . . . . . . 115
IMRaD Sections Weights (Dataset-1) . . . . . ... ... ... ... 124
IMRaD Sections Weights (Dataset-2) . . . . . ... ... ... ... 124
Results: Comparison of correlation for dataset-1 . . . . . .. .. .. 126
Results: Comparison of correlation for dataset-2 . . . . . .. .. .. 127
Influence of Citation Context on Bibliographic Coupling . . . . . . 138

XV



List of Tables

2.1

3.1
3.2
3.3
3.4

4.1
4.2
4.3
4.4
4.5
4.6
4.7

5.1
5.2

5.3

Strengths and Limitations of Scientific Paper Recommendation

Techniques . . . . . . . . . . 55
Processing Time Comparison of Techniques. . . . . . . . . . .. .. 89
Comparison of Precision of Combined Sections . . . . . . . ... .. 90
Comparison of Recall of Combined Sections . . . . ... ... ... 90
Comparison of F-Measure of Combined Sections . . . . . . .. . .. 91
IMRaD Sections Normalized Weights . . . . . . . ... .. ... .. 121
The section’s Ranking and Weights - (Dataset-1) . . . . . ... .. 123
The section’s Ranking and Weights - (Dataset-2) . . . .. ... .. 123
Cross Sections Weights Paper A and Paper B - (Dataset-1) . . . . . 123
Cross Sections Weights Paper A and Paper B - (Dataset-2) . . . . . 125
Correlation (%) for Dataset-1 . . . . . ... ... ... ... .... 125
Correlation (%) for Dataset-2 . . . . . . ... ... ... .. .... 125
Comparison of Methodologies for Section Mapping Accuracy . . . . 134
Correlation Scores for Different Recommendation Approaches (Dataset-

1) o 136
Correlation Scores for Different Recommendation Approaches (Dataset-

D) 136

xvi



Abbreviations

ATI: Artificial Intelligence

ANN: Artificial Neural Networks

API: Application Programming Interface
AWS: Amazon Web Services

BC: Bibliographic Coupling

CAD: Citation Anchor Detection

CBF': Content-Based Filtering

CC: Co-Citation

CF': Collaborative Filtering

CI: Citation Influence

CNN: Convolutional Neural Network
DB: Database

DCS: Distributed Consensus System
DME: Data Mapping Engine

DEE: Data Extraction Engine

ERD: Entity Relationship Diagram
ETCD: Highly Available Key-Value Store for Distributed Systems
F1: F-Measure

GPU: Graphics Processing Unit

HPC: High-Performance Computing
HTML: HyperText Markup Language
HTTP: HyperText Transfer Protocol
IMRaD: Introduction, Methodology, Results, and Discussion
IoT: Internet of Things

Xvii



XVviil

ITC: In-Text Citation

JSD: Jensen-Shannon Divergence
KPI: Key Performance Indicator
LSA: Latent Semantic Analysis
MLPNN: Multilayer Perceptron Neural Network
MVE: Mapping View Engine

NLP: Natural Language Processing
PDF': Portable Document Format
RBM: Restricted Boltzmann Machine
RNN: Recurrent Neural Network
RQ: Research Question

SGE: Schema Generation Engine
SQL: Structured Query Language

SwICS: Section-wise In-Text Citation Score

TF-IDF: Term Frequency-Inverse Document Frequency

XML: eXtensible Markup Language
xPath: XML Path Language
xQuery: XML Query Language



Symbols

DD

IM,IR,ID, MR, MD, RD
TF

IDF

JSD

M

KLD(P||M)

PQ

Py, Pp

M (i)

iter

Weights and biases for layer @

Activation for layer ¢

Activation function

Output representing paper relatedness

Input representing tuned section weights
Represents element-wise multiplication
Learning rate for the update

Represent the tuned section weights
Section-wise bibliographic coupling strength
Introduction-Introduction coupling weight
Methodology-Methodology coupling weight
Results-Results coupling weight
Discussion-Discussion coupling weight
Cross-section coupling weights between different sections
Term Frequency

Inverse Document Frequency

Jensen-Shannon Divergence

Average probability distribution
Kullback-Leibler divergence of P relative to M
Probability distributions for two documents
Normalized TF-IDF vectors for Papers A and B
Intermediate average distribution for JSD calculation

Current iteration in training

XiX



XX

max_iter

err

Maximum allowed iterations for optimization

Error in predicted relatedness



Chapter 1

Introduction

1.1 Overview

This chapter introduces all the concepts in the research domain, including finding
the related research papers. Highlights different techniques, which include content-
based and metadata-based, to find related research papers with the scope and
characteristics of these techniques. Then, it introduces the research problem,
questions, Methodology adopted to answer the questions, and an overview of the

thesis.

1.2 Introduction

The ability to discover related papers is crucial for advancing science and knowledge.
It enables researchers to build upon existing work and contribute to the scientific
community. Over the past two decades, this challenge has garnered immense
attention from the research community, resulting in many proposed approaches and
techniques to address the issue of finding related papers. Researchers continuously
strive to improve the precision and recall of schemes to discover related research
papers by leveraging metadata and the contents available in digital libraries. This
research focuses on analyzing the problems in existing schemes and formulating a

1



Introduction 2

scheme to improve the precision and recall of finding related papers. Many param-
eters have been explored to identify related papers using content and metadata
approaches. Contented-based and meta-data-based are two common approaches
used to find related research papers. In the content-based approach, text is the main
ingredient in finding the relatedness, while in meta-data, bibliographic information,
particularly citations, serves as a valuable indicator of related research papers. Two
common approaches, namely co-citations and bibliographic coupling, are frequently
employed to address this challenge. Co-citations refer to papers cited by the same
citing paper, while bibliographic coupling identifies papers cited by multiple papers.
Bibliographic coupling holds promise for discovering related papers and offers
potential for improvement. When two papers cite the same paper(s), the citing
papers are considered bibliographically coupled. The strength of bibliographic
coupling depends on the number of common citations between papers. Researchers
have observed that an increase in the strength of bibliographic coupling correlates
with higher relevancy of the cited papers. However, it is essential to recognize that
contextual information is an important parameter in bibliographic coupling and

co-citation.

The research proposes section-wise bibliographic coupling by dynamically tunning
section weights to find relevancy using bibliographic coupling. By considering the
citations within specific sections of papers, the research aims to filter out related
papers from a pool of citations. Certain sections, such as results and analysis, are
likely to contain pertinent information than others, like the background section. The
possibility of section-wise bibliographic coupling by dynamically assigning weights
to different sections based on their significance in finding related research papers is
explored to emphasize the importance of different sections in determining relevancy.
The central focus of the research revolves around section-wise bibliographic coupling
by assigning weights to sections and its potential to improve accuracy in identifying
related papers. One key objective is to accurately recognize sections within
research papers and align them with a predefined logical structure, such as IMRaD
(Introduction, Methodology, Results, and Discussion). Although existing systems

exist for mapping to IMRaD headings, they suffer from suboptimal precision and
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recall. To address the limitations of previous research, Ding et al. [1] proposed
a dictionary-based method for section identification, relying on predefined terms
to map sections to the IMRaD structure. Although their approach was practical
in some instances, it lacked flexibility due to its static nature, which made it
challenging to adapt to varying paper formats. Building upon this, Shahid et
al. [2] introduced a template and dictionary-based method that offered some
improvements but struggled to distinguish between main sections and subheadings,
often treating subsections as independent entities. This limitation led to lower
precision and recall in mapping sections accurately. In contrast, Habib and Afzal [3]
focused on a citation-based mapping technique, utilizing in-text citation counts to
enhance section identification. While this method showed promise, its reliance solely
on citation density proved inadequate, especially in papers where the frequency of

citations did not correspond to the significance of the sections.

This research aims to enhance the accuracy of identifying related papers by first
identifying sections and mapping them to the IMRaD structure, followed by fine-
tuning the section weights. The initial focus is on accurately classifying sections
and aligning them with the logical IMRaD framework. The ultimate objective is to
improve bibliographic coupling by dynamically adjusting section weights to better

identify the relationships between research papers.

1.3 Background

The challenge of identifying related research papers has evolved significantly over
time, driven by the rapid proliferation of academic publications [4]. Early ap-
proaches, such as bibliographic coupling and co-citation analysis, were pioneered
in the 1960s. Garfield [5] introduced the concept of co-citation, emphasizing the
potential of co-citation to reveal connections between scholarly works. Building on
this idea, Kessler [6] formalized bibliographic coupling, establishing a method to
link documents based on shared references. These foundational techniques played a
pivotal role in the development of citation analysis, which remained the dominant

approach for identifying relationships among academic publications for decades.
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With the rapid growth of academic publications, finding relevant research papers
has become increasingly difficult. Traditional methods, such as keyword searches
and counting citations, can no longer identify the most appropriate work in a given
field. By the late 1990s and early 2000s, researchers realized that not all citations
are equally influential, making simple citation counts insufficient for measuring a
paper’s relevance [7]. As a result, researchers began developing advanced methods

to recommend relevant papers.

Gipp and Beel [8] introduced models that used natural language processing (NLP)
to uncover key topics and themes in research articles. This made it possible to
recommend papers accurately by understanding the content of the papers, not just

the citations.

As the field advanced, researchers focused on improving bibliographic coupling,
which links papers sharing common references. Habib and Afzal [3] pointed out
that traditional bibliographic coupling does not consider the importance of different
sections within a paper. For example, a paper’s methodology section might be
relevant to a researcher than the results section, but older models did not account for
this. Newer models now adjust the importance of sections dynamically, improving

the precision of recommendations.

Khan et al. [9] found that analyzing which sections of a paper are cited can reveal
deeper connections between papers, making recommendations accurate. Khan et
al. [10] proposed a model that uses in-text citation patterns and frequencies across
different sections to enhance co-citation analysis. This section-aware approach

provides detailed insights into research relationships and trends.

Habib and Afzal [11] also looked at how closely papers are cited together (citation
proximity) to improve recommendations. Their work shows that the closer two
papers are cited within a document, the likely they are to be related. Expanding
on these ideas, Khan et al. [12] introduced the Section-wise In-Text Citation Score
(SwICS). This method measures the importance of sections based on how often

they are cited, helping to identify relevant papers effectively.
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In conclusion, the field of research paper recommendation has come a long
way—irom basic citation counts to advanced models that use NLP techniques.
However, there is still a need for models that can adapt to the importance of
different sections within papers. This study aims to fill this gap by introducing
a new section-aware bibliographic coupling model. By adjusting section weights
based on the query, the proposed model will improve the identification of related

research papers, providing precise recommendations.

1.3.1 IMRaD Mapping of Research Article Sections to Log-

ical Sections

The IMRaD structure—comprising Introduction, Methodology, Results, and
Discussion—has become the standard framework for organizing scientific research
articles. This format offers clarity and logical progression, improving the readability
and coherence of academic writing [13-15]. The IMRaD model promotes consistency
in reporting research findings, helping readers and researchers efficiently follow the
narrative and extract meaningful insights. Additionally, mapping diverse article
sections to the IMRaD framework is vital in enhancing bibliographic coupling

and finding related papers.

In their study, Shahid et al. [2] identify key challenges in accurately mapping
heterogeneous section titles across research articles to the IMRaD structure. This
problem arises because journals and researchers often employ varied section head-
ings such as Background, Experimental Setup, or Related Work, which do not
directly align with the IMRaD framework. For instance, Background sections
typically align with the Introduction, while Experimental Setup corresponds to
the Methodology [1, 9]. These inconsistencies complicate automated section
classification and create hurdles for comparative analysis of section-wise bibli-
ographic coupling, where proper alignment across similar research sections is

crucial.

The work by Shahid et al. [2] underscores several challenges in IMRaD mapping:
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1. Inconsistent Section Naming: The lack of standardized section titles
across disciplines makes it difficult for automated tools to align sections

accurately.

2. Cross-Domain Variability: Fields such as computer science and medicine

structure their papers differently, further complicating uniform classification.

3. Ambiguity in Section Roles: Some papers combine or split sections
(e.g., merging Background and Related Work), creating further confusion for

automated methods.

4. Dependency on Domain Knowledge: Effective mapping often requires
specialized domain knowledge, limiting the effectiveness of general-purpose

solutions.

1.3.2 Techniques for Identifying Related Papers

This section introduces two major classes of techniques for identifying related
research papers: content-based and metadata-based. Each class includes specific

methods with its own strengths and limitations, which are explained below.

The discussion is grouped into subsections as follows:

e Content-Based
o Metadata-Based

— Co-Citation

— Bibliographic Coupling

1.3.2.1 Content-Based

Content-based filtering (CBF) has emerged as a pivotal method in the research
paper recommendation process, leveraging advanced weighting mechanisms to

extract key terms and features from documents. One of the earliest and most
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widely used approaches is the Term Frequency-Inverse Document Frequency (TF-
IDF) scheme [13]. TF-IDF assigns weights to terms within a document based on
their frequency in the text while reducing the influence of commonly used terms
across the entire corpus. This weighting system improves the relevance of terms
that are unique or particularly significant to a specific document, aiding in accurate

identification of related research papers.

Building upon the foundation of TF-IDF, sophisticated methods have emerged. La-
tent Semantic Analysis (LSA) provided a breakthrough by analyzing co-occurrence
patterns in the data to identify hidden structures in term-document relationships
[16]. This approach captures underlying semantic meanings of terms, offering a
deeper understanding of document content beyond simple keyword matching. Tech-
niques like LSA laid the groundwork for dynamic and nuanced recommendation

methodologies.

Further advancing the field, deep learning techniques have been integrated to refine
semantic feature extraction. Neural networks, particularly word embeddings like
Word2Vec [14], capture contextual relationships between terms by learning word
vectors from large corpora. This approach moves beyond simple keyword matching,
improving the ability to identify relevant content. Moreover, advanced models
such as Bidirectional Encoder Representations from Transformers (BERT) have
been employed to comprehend complex language structures in research papers [15],

enhancing the accuracy of recommendations.

The Jensen-Shannon Divergence (JSD) is a symmetric and bounded metric for
measuring the similarity between probability distributions, often used in text-
relatedness tasks. It compares term frequency or topic distributions between
documents, capturing semantic relatedness. A lower JSD value indicates higher

similarity.

The application of CBF in personalized recommendation systems has been explored
in several studies. For instance, [17] developed a personalized research paper
recommendation system by building user profiles based on keyword extraction and

calculating similarity using cosine metrics. Similarly, [18] employed bisociative
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information networks (BisoNets) to recommend papers from distinct research
domains, utilizing TF-IDF for weighting. These approaches highlight the flexibility
of CBF in various contexts, including serendipitous discovery and cross-domain

recommendations.

However, CBF is not without its challenges. While it performs well in identifying
thematic elements within papers, the approach is computationally intensive, par-
ticularly when building personalized profiles for each user [19]. Additionally, CBF
systems often rely heavily on structured textual data, making them less effective

for papers with inconsistent formatting or unstructured content [20].

Another limitation is the difficulty in incorporating popularity metrics, which can
hinder the ranking of equally relevant papers. Hybrid methods, such as those
proposed by [21] and [22], attempt to overcome this limitation by combining

content-based metrics with bibliometric data to improve recommendation quality.

Despite these challenges, the advantages of CBF lie in its ability to provide person-
alized recommendations without requiring large collaborative datasets. Techniques
such as ontology-based similarity [23] and context-rich network mining [24] further
demonstrate the adaptability of CBF systems in various research scenarios. CBF
plays a critical role as the field evolves, especially in systems focused on individual

preferences and specialized academic needs.

Advantages

e Personalized Recommendations: Content-based filtering uses a user’s
previous reading history or preferences to suggest papers aligned with their

interests.

e No Cold Start for Existing Users The system performs well for users
with an established profile since it already has sufficient data to generate

accurate recommendations.
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e Explainability Recommendations are transparent because they rely on the
paper’s content (e.g., keywords, abstracts, titles), making it clear why specific

papers are recommended.

e Domain Independence This approach can be applied across various do-
mains as it only depends on the content of the papers, such as abstracts or

metadata, without needing external data.

e Scalability Algorithms such as TF-IDF (Term Frequency-Inverse Document
Frequency) or cosine similarity allow for efficient and scalable solutions in

recommendation systems.

Limitations

e Cold Start Problem for New Users If a user has no prior activity, the
system struggles to generate relevant recommendations due to the lack of

user-specific data.

e Over-Specialization The system may recommend papers that are too

similar to what the user has already seen, limiting the diversity of suggestions.

e Limited Novelty Discovery It may miss recommending novel or interdisci-

plinary papers outside the user’s typical reading pattern, reducing uncertainty.

e Content Quality Dependency The effectiveness of recommendations de-
pends heavily on the quality and completeness of metadata (such as accurate

keywords and abstracts).

e Inability to Capture Implicit Interests Content-based filtering struggles
to account for implicit preferences, such as evolving interests or trends, as it

relies purely on explicit textual data.

1.3.2.2 Co-Citation

Co-citation analysis identifies instances where two or more documents are cited

together, suggesting a potential relationship or similarity between the cited works.
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C D

FIGURE 1.1: Bibliographic Coupling and Co-Citation [26]

This method has been instrumental in mapping research fields and uncovering
connections among scholarly papers since its early development [25]. Traditional
co-citation techniques rely on historical citation data, inherently making them
static and less responsive to evolving research landscapes. Consequently, they may

struggle to capture emerging trends or newly established research areas.

In Figure 1.1, the C.C. strength for papers C and D is also 3, as all three citing
papers (1, 2, and 3) cite both C' and D. For papers C' and D, which are both cited
by papers 1, 2, and 3, their co-citation strength (C.C. strength) can be calculated

as:

C.C. strength(C, D) = Z C.C.(Ck, Dy)
k=1
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where:

1, if paper k cites papers C' and D,
C.C.(Ck, D) =

0, otherwise.

Advancements in co-citation analysis over the years have sought to refine its
applicability. In the 1980s, Small and Griffith [7] explored how clusters of co-cited
documents could reveal intellectual structures within a discipline. Later, White
and McCain [27] further demonstrated how author co-citation analysis could map
research specialties. These traditional methods, however, were limited by their

static nature.

Researchers have recently turned to dynamic co-citation models to address these
limitations. For instance, Boyack and Klavans [28] proposed a method for mapping
science that adjusts co-citation networks over time, providing a flexible approach to
capturing changes in academic discourse. Recently statistical models enable even
dynamic analysis by incorporating temporal changes in citation patterns. These
models effectively detect shifts in academic discourse, providing insights into new

areas of study and evolving intellectual landscapes.

Despite these improvements, co-citation analysis still faces several challenges.
A significant issue is computational complexity, especially when handling large-
scale bibliographic datasets. Processing extensive networks of scholarly citations
requires substantial computational resources, which can hinder real-time analysis
capabilities [29]. Moreover, co-citation analysis depends heavily on existing citation
data, leading to the ’cold start’ problem, where newer or lesser-known research
papers are often excluded due to lacking citations [30]. This limitation can result

in overlooking potentially groundbreaking but still developing research areas.

Advantages

e Identifying Research Clusters Co-citation analysis helps identify clusters

of related works, revealing intellectual communities or research fields.



Introduction 12

e Mapping the Evolution of Research It provides insights into the devel-
opment and progression of research topics over time, making it useful for

historical analysis of scientific fields.

e Uncovering Relationships Across Disciplines Co-citation analysis can
reveal connections between research areas that may not be immediately

obvious, encouraging interdisciplinary research.

e Assessing Author Influence It allows for measuring the influence of in-
dividual authors or research groups within a specific domain based on how

frequently their works are co-cited.

e Data-Driven Framework Co-citation analysis offers an objective method

for mapping knowledge structures using citation data.

Limitations

e Bias Towards Older Works Since co-citation depends on papers being
cited together, older works tend to accumulate co-citations, limiting the

visibility of newer research.

e Dependence on Citation Practices Co-citation patterns can vary across
disciplines, and differences in citation behaviors may affect the accuracy of

cross-disciplinary comparisons.

e Incomplete Citation Data The analysis relies on citation databases that

may contain missing or erroneous data, leading to biased results.

e Limited Context Understanding Co-citation only captures numerical
patterns of citations without providing qualitative insights into the specific

nature of the relationship between the co-cited papers.

e Computational Complexity Analyzing large citation networks for co-
citation patterns can be computationally intensive, requiring advanced tools

and algorithms.
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1.3.2.3 Bibliographic Coupling

Bibliographic coupling measures the similarity between research papers based on
their shared references. First introduced by Kessler in 1963 [6], this technique
suggests a thematic connection between papers that have overlapping references,
offering an alternative to citation analysis for mapping research areas. Early on,
it was primarily a static approach, relying on the number of shared references to

infer the strength of the connection between papers.

Figure 1.1 illustrates the concept of bibliographic coupling and co-citation. It shows
that papers A and B both cite papers 1, 2, and 3. The bibliographic coupling
strength (B.C. strength) between papers A and B is calculated using the following

equation:

B.C. strength(A, B) = Z B.C.(Ay, By)

k=1
where:

1, if papers A and B cite paper k,
B.C.(Ax, Bx) =

0, otherwise.

In Figure 1.1, the B.C. strength for papers A and B is 3, as they both cite papers
1, 2, and 3. In the following decades, bibliographic coupling has seen numerous re-
finements. Small [25] expanded on the concept by exploring how coupling strength
can reveal clusters of related scientific research. This clustering ability paved the
way for a sophisticated techniques that began considering the age of references,
suggesting that shared citations to recent works might indicate a substantial re-
lationship [31]. Additionally, Glanzel and Czerwon [32] examined bibliographic
coupling in the context of research collaboration, highlighting its use in identifying
emerging research topics.Recent methods have further improved the precision of
bibliographic coupling by integrating different weighting mechanisms. For instance,
weighted bibliographic coupling [3] assigns varying degrees of importance to refer-
ences, acknowledging that not all citations have equal significance in establishing

thematic connections between papers. Section-based approaches have also been
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developed to account for the placement of references within a paper. Khan et
al. [9] proposed a section-based weighting model, suggesting that references in
sections like Methodology or results carry influence than those in introductions,
enhancing the overall relevance of the coupling. Dynamic bibliographic coupling
has emerged as an important area of focus, emphasizing the evolving nature of
research networks. Boyack and Klavans [28] introduced methods to incorporate
temporal dynamics into coupling analysis, allowing for the detection of changing
research trends over time. Recently, Giindogan and Kaya [33] presented a novel
hybrid paper recommendation system that utilizes deep learning, which offers
an accurate and context-aware mapping of scientific literature. This approach
addresses some of the limitations of traditional coupling methods, such as their

reliance on historical citation data.

Despite these advances, bibliographic coupling still requires further refinement,
particularly in incorporating the contextual weight of references within specific
sections of research papers. For instance, a shared reference in the results section
might indicate a stronger relationship between two papers than in the introduction.
Addressing this contextual weighting is the central focus of this study, aiming to
enhance the effectiveness of bibliographic coupling in identifying related research

papers accurately.

Advantages

e Identifying Related Research Bibliographic coupling helps uncover rela-

tionships between papers, even if they do not cite each other directly.

¢ Analyzing Research Trends By clustering papers with shared references,
it becomes easier to trace the development of specific research topics over

time.

e Useful for Newer Publications Unlike co-citation analysis, which favors
older papers, bibliographic coupling effectively identifies relationships among

newer works, as it only requires shared references.
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e Mapping Intellectual Structure It enables the identification of research
fields, subfields, or academic communities through clusters of bibliographically

coupled documents.

e Data-Driven Insights The method provides an objective framework for

analyzing relationships between research papers using citation data.

Limitations

e Dependence on Citation Practices Citation behavior varies across disci-

plines, affecting the accuracy of field comparisons.

e Limited Qualitative Insights While bibliographic coupling identifies nu-
merical relationships, it does not reveal the context or quality of the shared

references.

e Database Limitations The completeness and accuracy of bibliographic
coupling depend on the quality of citation data available in databases like

Scopus or Web of Science.

1.3.3 Co-Citation vs. Bibliographic Coupling

Co-citation and bibliographic coupling are valuable methods for identifying con-
nections between research papers. Co-citation involves recognizing that two papers
are frequently mentioned together, indicating a historical association, much like
when people discuss two related research topics. On the other hand, bibliographic
coupling is comparable to discovering two papers that directly reference the same

sources or ideas, signifying a strong content connection.

A notable advantage of bibliographic coupling is its dynamic nature, which updates
as new papers with shared references emerge. In contrast, co-citation tends to
remain static over time, reflecting past connections, while bibliographic coupling
is dynamic, with its strength potentially increasing as new research papers with

shared references emerge.
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1.4 Section-Based Bibliographic Coupling

In Section-Based Bibliographic Coupling, what matters most is how closely related
two papers are based on the specific parts or sections that cite the same source. If
they mention a common source within the same section, like the Results section,
it impacts their connection than citing the same source in different sections, such
as the Introduction. For instance, if two papers refer to a paper in their Results
section, it indicates a stronger relationship than if one paper talks about a source
in the literature review and the other in the introduction. It’s about understanding
the closeness between papers by looking at where they share references within each

section.

1.4.1 Weighted Section-Based Bibliographic Coupling

Weighted Section-Based Bibliographic Coupling emphasizes the significance of
specific sections in research papers. When both Paper A and Paper B reference
the same paper (C) in the results section, their connection is pronounced than if
they cite a paper in the introduction. This highlights the need to assign weights to
various sections, acknowledging that certain parts of a paper, like the results section,
can significantly influence relatedness. In simple terms, it’s about recognizing the
importance of different sections and giving them appropriate importance when

gauging how closely papers are connected.

1.4.2 Dynamically Tuning of Section’s Weights

Given the recognition that different sections in research papers carry varying levels
of importance, as highlighted by Weighted Section-Based Bibliographic Coupling,
the concept of Dynamically Tuning Section Weights comes into play. Dynamically
tuning section weights involves adjusting these importance levels dynamically,
allowing for a nuanced and responsive approach to evaluating the significance of

various sections in understanding the relatedness between research papers. It’s
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about fine-tuning the emphasis on different sections based on their impact on the

connection between papers.

1.4.3 Significance of research paper sections

In Section-Based and Weighted Section-Based Bibliographic Coupling, a crucial
consideration revolves around the sections in research papers. Since researchers
use different headings and sections in their papers, correlating the sections of two
papers becomes a challenge. To address this, a common theme for section naming
is needed. IMRaD (Introduction, Methodology, Results, and Discussion) offers
a solution with predefined sections. This facilitates the identification of actual

section boundaries and mapping them to the IMRaD logical structure.

1.5 Research Problem

e Identify the research paper’s sections and map them to IMRaD.The best

technique developed to identify and map sections has an F-measure of 0.78.

e Assign weight to IMRaD sections. To discover related papers using static

weights produce a 0.77 correlation with JSD.

1.6 Problem Statement

e Current literature lacks a method with better accuracy to map sections to

IMRaD; therefore, there is a need to develop the method.

e Current literature lacks a method for discovering related papers using dynam-
ically adjusted section weights in bibliographic coupling. Therefore, there is

a need to develop a scheme to dynamically tune section weights.
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1.7 Research Questions and Objectives

1.7.1 Research Questions

Here are the research questions that need to be answered to solve the problem

mentioned in the problem statement.

e RQ1: How can a method be devised with improved accuracy to map the
sections of research papers to the IMRaD structure, considering the variations

of these sections?

e RQ2: How can sections’ weights be tuned to maximize the correlation

between Bibliographic Coupling strength and paper relatedness?

1.7.2 Research Objectives

e RO1: Extract sections from research papers and map them to the IMRaD

structure to improve the precision of section mapping.

e RO2: Tune section weights to improve the correlation between section-wise

bibliographic coupling strength and paper relatedness.

1.8 Research Scope

This research aims to enhance the identification of related research papers through

dynamically tuned section-wise bibliographic coupling, focusing on:

e Section Identification: Improving the precision of mapping individual

sections of research papers to their corresponding IMRaD logical sections.
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e Dynamic Weight Adjustment: Implementing dynamic weight tuning to

identify the section’s importance in bibliographic coupling.

While this research aims to improve bibliographic coupling techniques, it is not

focused on building a recommendation system.

Instead, the primary objective is to refine the processes and underlying mechanisms

that enable the accurate identification of related research papers.

This distinction ensures that the research remains centered on enhancing biblio-
metric analysis and section-wise coupling, contributing foundational improvements

that could indirectly support future recommendation systems.

1.9 Research Methodology

The research methodology comprises four phases, adapted from the eight-step
model proposed by Kumar et al. [34]:

Phase 1: Deciding What to Research Chapter - 1

Step 1: Formulate a research problem through a systematic literature review,

identifying gaps in current bibliographic coupling approaches.

Step 2: Write the research proposal, focusing on developing new bibliographic

coupling methods that incorporate section weights.
Phase 2: Planning the Research Study Chapter 2

Step 1: Conceptualize a Research Design to answer RQ1 and RQ2
Step 2: Data Collection for RQ1 and RQ2

Step 3: Data Preprocessing for RQ2.
Phase 3: Conducting the Research Study Chapter 3, Chapter-4

Step 1: Perform experiments for RQ1 and RQ2.
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DECIDING WHAT TO RESEARCH

Phase -1

Deciding Step - 1: Formulating Research Problem Step — 2: Writing Research Problem
Phase - Il PLANNING THE RESEARCH STUDY

Planning

Step - 3: Conceptualization Research Design Step-4: Data Collection Step-5: Data Processing

Phase - Il CONDUCTING THE RESEARCH STUDY

Implementation Step - 6: Performing Experiments Step - 7: Evaluation Step — 8: Thesis Writing

FIGURE 1.2: The Design Science Research Methodology Process for this work

Step 2: Evaluation and Comparisons of RQ1 and RQ2 with the state of art

techniques.
Phase 4: Writing the Research Report

Step 1: Document the research methodology and results to comprehensively

analyze the study’s outcomes.

1.10 Dissertation Organization

e Chapter - 1: Introduction - This opening chapter sets the stage for the
thesis by introducing the context of the study, stating the research problem,
objectives, and research methodology. It serves as the groundwork for the

reader to understand the research’s scope and significance.

e Chapter 2: Literature Review - This chapter provides a comprehensive litera-
ture review of the existing literature in the field. It examines previous studies,
frameworks, and methodologies established by the research community. The
aim is to identify the gaps in the current body of knowledge that this thesis
intends to fill.
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e Chapter 3: Extraction of Section-Headings and Mapping to IMRaD Structure
- This chapter presents the first key contribution of the thesis. It discusses
the proposed Methodology for accurately identifying actual sections within
research papers and mapping them to the logical IMRaD structure. The pro-
posed strategy, its implementation, and the subsequent results are extensively

discussed.

e Chapter 4: Section’s Ranking and Weights Adjustment to Discover Biblio-
graphically Coupled Papers - Chapter delves into the second main contribution
of this research. It focuses on a novel technique for ranking sections and the
dynamic assignment of weights in the context of discovering bibliographi-
cally coupled papers. The proposed strategy, its implementation, and the

subsequent results are extensively discussed.

e Chapter 5: Overall Conclusion and Future Work - This final chapter sum-
marizes the research findings, highlighting the contributions made in the
field. It discusses the implications of the findings and their potential for
future research. It concludes with reflections on the study and suggestions

for possible directions for future research in the domain.

This systematic layout provides a step-by-step progression through the study,

ensuring a coherent and comprehensive understanding of the research.



Chapter 2

Literature Review

2.1 Overview

The chapter provides a literature review of different techniques, such as content-
based and metadata-based approaches, explaining the method, its primary goal,
and the analysis of that technique. It also includes a literature review of methods
for extracting sections from research papers and mapping them to the IMRaD

structure (Introduction, Methodology, Results, and Discussion).
Additionally, it discusses the appropriate dataset to be used in this research.

The focus of the review is as follows:

1. Explore research on identifying sections in research papers and how they

relate to the IMRaD structure.
2. Investigate existing techniques used to discover related research papers.

3. Explore the advantages of using bibliographic information to find related

research papers.

4. Explore research on new methods to improve bibliographic coupling tech-

niques.

22
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5. Conduct a detailed analysis of existing datasets to identify the most suitable

dataset of related papers.

2.2 Inclusion and Exclusion Criteria

To maintain focus and transparency, this literature review applied well-defined
inclusion and exclusion criteria during the study’s selection process. These criteria
ensured the inclusion of the most relevant and high-quality research aligned with

the study’s objectives.

Inclusion Criteria

e Research publication published between the years 2001 to the year 2024.

e Peer-reviewed journal articles, conference papers, and book chapters relevant

to scientific paper recommendations.

e Papers focused on methodologies such as bibliographic coupling, content-
based filtering, metadata-based strategies, and hybrid systems. These key-

words are used to find the relevant papers.

e The research publication is available in the English language.

Exclusion Criteria

Any recommender system’s publication unrelated to research papers related-

ness, such as unrelated topics or non-academic domains.
e Duplicate studies or earlier versions of papers already included in the review.

e Articles with incomplete or unavailable data limit the ability to replicate or

validate findings.

e Studies focused on irrelevant areas (e.g., non-computer science disciplines,
clinical medicine, or niche industrial applications) that do not align with the

scope of this review.
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2.3 Techniques for Logical Section Extraction in

Scientific Research Papers

The work by Ding et. al.[1] investigates the distribution of references across texts
and its implications for citation analysis. Using a dataset of 866 articles from
the Journal of the Association for Information Science and Technology (JASIST)
published between 2000 and 2011, the study analyzes 32,496 references and 53,017
mentions. The authors employ algorithms to detect structural patterns and identify
implicit sections based on content placement within the text. Regular expressions
detect sections and their headings, while section boundaries are determined using
linguistic and contextual information. However, the study concludes that the
approach struggles with consistently identifying sections due to the formatting

variability across papers.

The technique proposed by Shahid et al. [2] focuses on transforming unstructured
or semi-structured scientific documents into documents with clearly defined logical
sections. This method automates the tagging of sections such as Introduction,
Methodology, and Results, improving the precision of information retrieval systems.
It employs a two-pronged approach: a dictionary of key terms for accurate text seg-
ment identification and a structural layout template to guide classification. Tested
on a dataset of 5,000 research papers from CiteSeer containing 39,420 sections, the
method achieved a precision and recall rate of 0.78. Despite promising results, chal-
lenges include variability in section naming conventions and scientific terminology’s
evolving nature, necessitating regular dictionary and template updates. Habib et
al. [3] proposed a method for section-based bibliographic coupling for research
paper recommendation. Using a CiteSeer-based dataset (Dataset-1) comprising
320 papers divided into 32 subsets, the study extracts sections using XML tags.
It maps them to generic types such as Introduction, Related Work, Methodology,
Results, and Conclusion. The method successfully extracted and mapped sections
with 90% accuracy for randomly selected papers. However, the research focuses
solely on XML tags and does not consider the content of the sections, nor does

it map sections to the IMRaD structure. Additionally, the study’s evaluation is
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limited to a small and non-representative dataset, which may not generalize well

to larger collections.

2.3.1 Dataset for Extraction of Sections and Mapping to
IMRaD

The dataset utilized in this study originates from the work of Shahid et al., sourced
explicitly from the Journal of Universal Computer Science (J.UCS), a
multidisciplinary journal in Computer Science. The selection of this dataset was
motivated by the diverse expertise of its contributors, providing a broad and
representative foundation for investigation. Utilizing pdfx, documents from J.UCS
were downloaded and converted into XML format. Sections were extracted in
an initial dataset of 12,180 sections across 1200 research papers. However, a
comprehensive preprocessing phase was conducted to mitigate noise and encoding
issues, reducing the dataset to 7000 refined sections. From this, 329 research
documents were randomly selected for detailed analysis, producing a subset of 1833

sections.

Two domain experts manually annotated the dataset, following the methodology
described by Shahid et al. [2]. The experts classified sections into predefined logical
categories—Introduction, Related Work, Methodology, Results, Discussion, and
Conclusion—by examining section titles and consulting the document content
for accuracy. This process aligns with established tasks in the literature, such
as sentence classification into predefined categories. The annotation achieved a
high level of reliability, with an inter-annotator agreement kappa value of
0.91, reflecting strong consistency between the experts. The dataset, derived from
the structured content of J.UCS, provides a robust resource for examining the
classification of academic content and its application in bibliographic coupling. Its
combination of automated extraction, rigorous preprocessing, and expert-driven
annotation makes it a reliable foundation for text classification and bibliometric
analysis research.Therefore, the dataset can be utilized to identify various sections

within academic documents and accurately map them to the IMRaD structure
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(Introduction, Methodology, Results, and Discussion). This mapping provides a
systematic way to categorize and analyze the content of academic papers. Fur-
thermore, the results obtained from this analysis can be compared with findings
from previous research, allowing for a deeper understanding of trends, patterns,
and potential discrepancies in how different studies structure and present their
findings. Such comparisons can also contribute to validating the methodology and

identifying areas for further refinement.

2.4 Literature Survey on Techniques for Finding

Related Papers

A literature review explored methods for identifying related academic papers,
focusing on techniques like bibliographic coupling, co-citation analysis, and text-
based approaches. The strengths and weaknesses of different techniques for finding
related papers were then examined. The mechanism and effectiveness of each
method in uncovering relevant literature were carefully assessed. The most notable
techniques were selected based on their relevance and impact. This involved
identifying those with practical approaches for identifying related papers and
addressing research gaps.Papers cited in the literature were reviewed to gain
deeper insights into the selected techniques. This included analyzing seminal works
and understanding how methods have evolved. Acknowledging the limitations
of relying solely on older literature surveys, the latest techniques were adapted

% M

by incorporating keywords such as ”bibliographic coupling,” ”co-citation,” and

"text-based techniques” to identify and review the most cited and influential papers

in the field.

2.5 Techniques to Find Related Research Papers

A comprehensive investigation by Beel et al. [35] found that hundreds of paper

recommendation approaches were introduced. These approaches can be categorized
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into multiple types. These diverse approaches contribute to the richness of the
research paper recommendation landscape, each offering unique perspectives and

methods to enhance the discovery of relevant scholarly articles.

Content-based Strategies

Metadata-based Approaches

Collaborative Filtering Based Approaches

User Profile-Based Approaches

Data Mining Approaches

2.5.1 Content-based Strategies

Content-based strategies for research paper recommendation involve meticulously
examining each document’s intrinsic features and characteristics. Ding et al. [1]
focuses on analyzing textual components, including titles, abstracts, and keywords,
to discern the content similarities among papers. Researchers have introduced
techniques to enhance the effectiveness of recommendation systems. The latest

advancements include:

Keyphrase-Based

Keywords-Based

Concept-Based

Graph-Based

Hybrid Approaches
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Keyphrase-Based

Ferrara et al

The Keyphrase-Based approach was initially proposed by Ferrara et al. [36]. This
method involves several steps: first, candidate phrases are extracted through POS
tagging and n-gram extraction, followed by stemming and stopword removal. Next,
statistical and linguistic properties characterize each candidate phrase, including
frequency, POS value, depth, last occurrence, and lifespan. These features compute
a score for each word, and the top-ranked keyphrases are selected based on a
predefined threshold. A matching score between user profiles and document
representations is calculated using cosine similarity. Results show that the proposed
method outperforms with a precision of 0.93 compared to 0.83 precision of uni-
gram. However, challenges include accurate keyphrase extraction, robust user profile

construction, scalability for larger datasets, and generalization across domains.

Sarkar et al. 2010

A study by Sarkar et al. [37] proposed an innovative keyphrase extraction model
using neural networks. Their work demonstrates improvements in precision and
recall over traditional statistical methods. The model leverages large-scale datasets
to capture contextual information in text processing, showcasing the potential of

neural networks in enhancing keyphrase extraction.

Umair et al. 2022

Umair et al. [38] proposed a novel keyphrase extraction method using pre-trained
language models (PLMs), combining attention mechanisms and semantic similarity.
Their approach addresses the limitations of traditional extraction models by captur-
ing deeper contextual relevance and enhancing performance on complex documents.
Additionally, graph-based ranking and phrase-document similarity techniques have
been integrated into PLMs to achieve superior results in keyphrase extraction,
improving accuracy without needing labeled data, thus supporting low-resource

settings and domain-specific tasks.

Ajallouda et al.’s Overview of Deep Learning in AKE (2023):

Ajallouda et al. [39] presented a comprehensive review of automatic keyphrase
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extraction (AKE) using deep learning methods. Their study highlights how AKE
evolved from traditional machine learning techniques to advanced neural networks,
including RNNs, CNNs, and autoencoders. The paper discusses both keyphrase
extraction (from the text) and keyphrase generation (predicting absent phrases)
approaches. It identifies challenges in keyphrase extraction, such as semantic
redundancy, and offers future directions for enhancing extraction precision through

hybrid models that integrate supervised and unsupervised learning techniques.

Liu et al. 2024

Liu et al. (2024) [40] introduce AdaptiveUKE, an unsupervised keyphrase extraction
model employing gated topic modeling to address semantic diversity challenges.
The approach assigns topics independently based on document richness and uses
a novel scoring algorithm considering topic importance and relatedness, ensuring
both keyphrase relevance and diversity. Experimental results across datasets like
Inspec and SemEval2010 demonstrate the model’s superior performance, surpassing
state-of-the-art baselines by notable margins. This study highlights the importance
of adapting to topic variability for improved extraction quality in real-world

documents.

Keyword-Based

Zhang et al. (2021)

In 2021, Zhang et al. [41] proposed a keyword-based recommendation system using a
hybrid approach integrating keyword extraction with semantic analysis. This system
addresses the limitations of earlier methods by incorporating contextual information,
thereby enhancing the retrieval accuracy of research papers. Evaluation using
datasets from various digital libraries shows a significant increase in recommendation

precision.

Pohan et al.’s (2022)
Pohan et al. [42] conducted a systematic literature review on transformer models

within recommender systems. Their study highlights the growing importance
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of online transactions during the pandemic and the challenges of providing per-
sonalized recommendations among many products. The authors examine how
transformers, with their parallel processing capabilities, outperform traditional
models such as Recurrent Neural Networks (RNNs) in processing large-scale data.
Their literature review identifies key applications of transformer-based systems,
ranging from e-commerce platforms to academic research repositories, emphasizing
recommendation speed and precision improvements. They also document the
dominance of transformer-based methods in recent studies, demonstrating how

these models have become essential for next-generation recommender systems.

Concept-Based/User Profile Based

Research in personalized recommendation systems has increasingly focused on
improving user satisfaction by expanding user profiles through advanced techniques
such as semantic analysis. The proposed APRPRS (Advanced Personalized Re-
search Paper Recommendation System) by [43] aims to enhance the user profile
with semantic keyword expansion, leading to improved recommendation accuracy.
The system leverages WordNet to identify semantically similar keywords, thus
enriching the user profile and increasing the relevance of recommended papers.
Previous work on recommendation systems has used techniques like collaborative
filtering and rule-based filtering, but these approaches lack the adaptability of
semantic keyword expansion. Additionally, semantic expansion to enhance person-
alization supports the hypothesis that including contextually relevant keywords
can improve recommendation outcomes. This paper contributes to the field by
demonstrating a 9% increase in user satisfaction when using expanded semantic

profiles, showcasing a substantial improvement over traditional methods.

Graph-Based

Huang et al. (2002)
The hybrid recommendation system proposed by Huang et al.[44] utilizes content-

based and collaborative methods within a graph-based model to enhance book
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recommendations. This system constructs a two-layer graph where books are linked
by content similarity and customers by demographic similarity, with purchase his-
tory forming inter-layer links. Recommendations are generated using graph search
techniques, such as the Hopfield net algorithm. The evaluation, which uses precision
and recall metrics, shows that the hybrid approach outperforms pure content-based
and collaborative methods. However, content-based recommendations excelled
in some assessments, suggesting a heavy reliance on book content. Challenges
include the computational complexity of managing high-degree associations and

the difficulty in representing user interests solely based on purchase history.

Hybrid Approaches

Guo et al.’s Paper Discovery Technique

The approach by Guo et al. [45] uses structural and content information within
papers to improve academic paper discovery. By constructing paper-author and
paper-area heterogeneous information networks and using citation relationships,
author collaborations, and research area details, the model employs a random walk-
based strategy to uncover paper relevance. Despite its success in outperforming
specific traditional and graph-based methodologies, it faces challenges like potential

biases and the complexity of accurately modeling scholarly relationships.

Kanakia et al. [46] developed a scalable hybrid recommendation system for Mi-
crosoft Academic to manage approximately 160 million English research papers and
patents. This system addresses challenges such as incomplete citation data and the
cold-start problem in existing recommender systems. Integrating co-citation and
content-based approaches balances the novelty and authority of recommendations.
The evaluation through a user study indicated a strong correlation between partici-
pant scores and the system’s similarity rankings, revealing areas for improvement

in precision, particularly in content-based recommendations.

Liu et al.’s Enhanced Model (2020)

Recent advancements in keyphrase extraction have emphasized hybrid and neural
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network-based approaches to enhance precision and adaptability. Traditional sta-
tistical models, while effective, often fall short of capturing the deeper semantic
relationships within documents. Researchers like Zhang and Xu (2020) introduced
hybrid keyword-based recommendation systems that combine statistical and se-
mantic techniques to improve the relevance of paper recommendations. Guo et al.
(2015) [45] explored heterogeneous information networks to enhance academic paper
discovery, demonstrating the power of connected data. As mentioned in recent
studies, transformer-based models are proving instrumental in contextual keyword
extraction, enabling dynamic adjustments to varying document structures. This is
complemented by research from Dong et al. (2019), highlighting the limitations of
content-based filtering in paper recommendations, urging the need for advanced,
adaptive systems. The integration of neural networks, as demonstrated by Liu
et al. (2020), further refines keyphrase extraction by leveraging large datasets
and contextual embeddings. Emerging trends point towards combining deep learn-
ing techniques with traditional methods, achieving higher precision and recall.
With the evolving complexity of data, adaptive extraction systems are becoming

increasingly crucial for personalized and context-aware paper recommendations.

Nair Machine Learning Approach (2021)

Nair et al. [47] propose a novel Content-Based Scientific Article Recommendation
(C-SAR) model using a combination of deep learning and classical algorithms. The
C-SAR model leverages Gated Recurrent Units (GRU) and the Apriori algorithm
to provide article recommendations based on content similarity. GRUs capture
sequential patterns in text data, while Apriori aids in frequent itemset mining,
offering an additional filtration layer for relevant articles. This hybrid approach
outperforms traditional methods by integrating content-based filtering with machine

learning models.

Recent advancements highlight the importance of deep learning models for improv-
ing recommendation systems. Practical, collaborative filtering and citation-based
methods often struggle with the cold-start problem and sparse data. Researchers

have explored neural networks, such as Long-Short-Term Memory (LSTM), to
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address these limitations for personalized recommendations. Additionally, concept-
based models and graph-based techniques are increasingly being adopted to enhance

the precision of recommendations.

Recurrent neural networks (RNNs) have gained traction for processing sequential
data and modeling user behavior. Studies show that incorporating user feedback
improves the relevance of recommendations. However, while offering personalization,
purely content-based approaches often lack scalability for large datasets. The C-
SAR model aims to overcome these limitations using a hybrid approach, making it

suitable for scientific repositories with extensive datasets.

Su-Anne Teh et al. 2023

Su-Anne Teh et al. [48] explored a hybrid-based research article recommender
system that integrates multiple recommendation techniques, including content-
based filtering, collaborative filtering, and hybrid filtering approaches. Their work
highlights the advantages of combining different recommendation methods to
address challenges such as data sparsity, cold start, and scalability, ultimately
enhancing performance and accuracy in personalized recommendations. The
study demonstrated the effectiveness of recommender systems in e-commerce and
academic contexts, where they help users save time and improve decision-making

by providing customized suggestions.

In summary, the fusion of content-aware deep learning techniques [49] with data
mining algorithms presents a promising direction for research paper recommenda-
tions. Models like C-SAR pave the way for personalized and efficient literature
retrieval, addressing challenges related to information overload researchers today

face.

2.5.2 Metrics for Evaluating Research Paper Similarity

Several similarity measures have been proposed and utilized in the literature for

text similarity tasks. This review focuses on the most widely used measures.
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Cosine Similarity

The Cosine Similarity formula, shown in Equation 2.1, measures the cosine of the
angle between two vectors A and B. It provides a similarity score independent of
the magnitude of the vectors, making it highly suitable for text similarity tasks
with varying document lengths. This measure ranges from 0 to 1, where 1 indicates
identical orientation, meaning the texts are aligned, and 0 indicates no similarity

(orthogonality) [50].

A-B
Cosine Similarity = TATTET (2.1)

Euclidean Distance

The Euclidean Distance formula (Equation 2.2) measures the straight-line distance
between two points in n-dimensional space. It is straightforward but less effective
in high-dimensional spaces due to the ”curse of dimensionality.” While it captures
absolute differences, it does not consider vector direction, limiting its utility for

text similarity tasks.

Euclidean Distance = Z(Az — B;)? (2.2)

Jaccard Similarity

Jaccard Similarity, shown in Equation 2.3, measures the similarity between two
sets A and B. It is defined as the size of the intersection divided by the size of the
union of the sample sets. Jaccard Similarity is especially useful for comparing the
diversity of sets but is limited in text similarity tasks as it does not account for

term frequency [51].

_|AnB
- |AUB|

J(A, B) (2.3)
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Manhattan Distance (MD)

Manhattan Distance (Equation 2.4), also known as L1 distance, is the sum of the
absolute differences of the coordinates of two vectors. It is useful for capturing

absolute differences but is sensitive to data scale [52].
Manhattan Distance = Z |A; — B (2.4)
i=1

Hamming Distance

Hamming Distance, presented in Equation 2.5, counts the number of positions at
which two equal-length strings differ. It is particularly useful for categorical data

but less effective for text similarity tasks [53].

Hamming Distance = z:(Az # B;) (2.5)

i=1
Jensen-Shannon Divergence (JSD)

Jensen-Shannon Divergence (Equation 2.6) measures the similarity between two
probability distributions. It is a symmetric and finite measure based on the
Kullback-Leibler divergence. The use of JSD is advantageous because it provides a

bounded measure, making it easier to interpret [54].

ISD(PIQ) = 3 Dce(PI[M) + 3 D (@[ M) (26)

where M = (P + Q) and Dy, is the Kullback-Leibler divergence.

2.5.3 Techniques Based on Metadata

In academic research, the quest to find related papers has evolved beyond tradi-

tional keyword searches and basic text parsing. Utilizing metadata—including
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elements such as a paper’s title, abstract, keywords, author information, publication
date, references, and citation data—has become critical in uncovering intricate
connections between research works. Metadata acts as a comprehensive framework
that allows for a nuanced exploration of research literature, revealing links that
would otherwise remain hidden when relying solely on content-based methods.
Metadata-based features are not only used to find related papers but also help to
Classify Research Paper Topics [55].

Employing metadata significantly transforms information retrieval processes. It
allows computer programs to identify and analyze academic documents’ structural
and contextual elements, leading to a systematic approach to discovering related
papers. This metadata-driven strategy enables researchers to uncover latent con-
nections within the scholarly literature, offering new pathways for scientific inquiry
[56]. However, this approach also introduces complexity, as navigating vast and
varied metadata requires sophisticated algorithms and computational techniques.
Metadata essentially serves as a key to unlocking the complex interrelationships in
academic research. It simplifies grasping the core contributions of research papers,
not just for specialized audiences but also for a wider readership. Despite the
challenges in its application, particularly regarding data quality and consistency,
the benefits of incorporating metadata in scholarly research are substantial. It
facilitates bridging gaps between established knowledge and emerging insights, thus

propelling the advancement of science.

Bethard et al. (2008)

Bethard et al. [57] proposed a system that learns the relative importance of various
factors deemed crucial by researchers through citation patterns. These factors
include term similarity, citation frequency, the recency of citations, usage of similar
terms in citations, thematic similarity, and social patterns (such as collaboration
networks). The system employs a linear classifier to combine these factors into a
scoring function that ranks articles, with the classifier learning feature weights from
the citation network. In their evaluation, using a dataset of 10,921 papers from the

Anthology Reference Corpus, the system demonstrated a significant improvement
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in mean average precision over methods that used only related work features or

did not incorporate iterative learning.

Shahid et al. (2009)

Shahid et al. [58] introduced a method based on in-text citations to identify related
papers within an article’s body. Their approach delved into the internal links
between citing and cited papers, proposing that the frequency of in-text citations
serves as a critical indicator of paper relatedness. The underlying assumption was
that papers cited more than five times within the text will likely have a significant
thematic overlap with the citing paper. This method highlighted the importance
of understanding how citations are distributed within an article, offering a detailed

perspective on paper interconnectivity.

Nassiri et al. (2010)

Nassiri et al. [59] developed the Normalized Similarity Index (NSI) to measure
the similarity between papers within a citation network. The NSI incorporates
co-citations, bibliographic, and longitudinal coupling, providing a holistic measure
of paper similarity. Their study found a high correlation between NSI results
and peer reviews, suggesting that NSI could serve as an effective proxy for expert
assessments. In comparative analysis, NSI outperformed combined linkage and

weighted direct citation techniques to identify closely related research.

Krapivin et al. (2011)

Krapivin et al. [60] adapted the PageRank algorithm, designed initially for ranking
web pages, to suit the academic domain for identifying related papers. Given that
academic papers typically contain numerous outbound citations, they recognized
the unique challenge this posed to traditional PageRank. To address this, they in-
troduced the Focused PageRank approach, which modified the algorithm to capture
the significance of references in academic documents better. In their evaluation
using a dataset of 266,788 ACM papers, Focused PageRank demonstrated higher
effectiveness than basic Citation Count and traditional PageRank, underscoring

the value of tailored ranking algorithms in scholarly contexts.
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Gori et al. (2012)

Gori et al. [61] further refined the use of PageRank in academic settings by
developing a citation graph model. Their method utilized random walks with
properties of attenuation and propagation to better represent paper relationships
in the citation network. They introduced matrices to represent these relationships,

achieving a 100% ranking accuracy for related papers in their experiments.

This work highlighted the potential of advanced graph-based techniques in enhanc-

ing the identification of relevant literature.

El-Arini et al. (2013)

El-Arini et al. [62] challenged the traditional reliance on keyword-based queries
for academic paper searches. Instead, they proposed using a paper’s references to
yield relevant search results, introducing the concept of influence flow to capture
the transmission of ideas from cited to citing papers. Their approach outperformed
existing systems such as Google Scholar, demonstrating the superiority of reference-
based searching in understanding the intellectual lineage and thematic continuity

of research.

Strohman et al. (2015)

Strohman et al. [63] introduced a novel system where users could submit incomplete
documents to retrieve related papers. Their method employed text analysis, citation
analysis, and feature-based similarity measures. By incorporating six distinct
features in a two-step ranking process, they significantly improved the accuracy
of paper recommendations, offering a tailored search experience for researchers in

drafting new research manuscripts.

Reyhani et al. (2017)

Reyhani et al. [64] proposed SimCC, a method for calculating the similarity
between two papers based on the contribution score of the cited paper to the
citing paper. By combining content analysis and citation analysis, SimCC aimed
to capture references’ nuanced contributions to the citing work. Their evaluation

demonstrated that SimCC outperformed other similarity metrics, such as cosine
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similarity and Dice’s coefficient, highlighting the importance of considering the

contextual impact of citations.

Bichteler et al. (2018)

Bichteler et al. [65] explored the combined use of bibliographic coupling and
co-citation analysis to recommend related papers. Their study found that while
each method had individual merits, combined use provided a comprehensive view
of paper interrelationships. A subsequent user study supported the effectiveness of
integrating bibliographic coupling and co-citation analysis, underscoring the value

of multi-faceted approaches in academic recommendation systems.

Gipp et al. (2019)

Gipp et al. [8] introduced Citation Proximity Analysis (CPA), a technique de-
signed to find similar documents and assist researchers in literature discovery.
CPA considers the proximity of citations within a document, arguing that closely
spaced citations are likely thematically related. This method provided precise
results than traditional co-citation analysis and was evaluated using a dataset
from Scienstein.org, which contained 1.2 million publications. CPA’s precision in
capturing meaningful research connections highlighted its potential to enhance

literature review processes.

Mustafa et al. (2021)

Mustafa et al. [55] thoroughly evaluated metadata-based features in classifying
research paper topics. They highlighted the limitations of relying solely on content
due to accessibility issues with many journal articles. By combining metadata
elements like title, abstract, keywords, and general terms, the authors demonstrated
that metadata can significantly enhance classification accuracy, achieving an F-
measure score of 0.88. Their findings advocate for the broader use of metadata in

document classification to improve retrieval effectiveness in academic databases.

Guo et al. (2020)
Guo et al. [56] introduced a hybrid approach that utilizes content-based and
metadata-driven information to uncover connections between research papers.

By leveraging metadata elements such as citation data, author information, and
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publication dates, their study illustrated the importance of metadata in identify-
ing complex interrelationships not readily apparent through traditional keyword

searches alone.

In summary metadata-based techniques in academic research retrieval have evolved
into sophisticated systems that integrate content analysis, citation networks, and
advanced machine learning algorithms. These methods reveal complex connections
between research works that go beyond simple keyword matching, aiding in the
discovery of related literature and enhancing the comprehensiveness of academic

research.

Researcher Sub-categories Metadata in these two major techniques.

e Co-Citation

e Bibliographic Coupling

Co-Citation

Small’s Co-Citation Analysis (1973):

Small [25] introduced co-citation analysis as a method to discover related research
papers. This method identifies connections between two papers based on how
frequently other works cite them. Co-citation analysis helps unveil hidden relation-
ships between documents that might not be obvious through regular citations. It
is akin to finding documents that often go hand-in-hand with research, revealing
connections that might not be explicit. Despite its usefulness, co-citation analysis

comes with challenges. One notable challenge is its static nature.

Since it relies on past citations, co-citation analysis may not capture dynamic
changes in the research landscape, particularly emerging trends or recent devel-
opments, which limits its ability to stay current with the most relevant papers.
Additionally, it may overlook shifts in research focus or changes in the significance
of specific works. Despite these limitations, co-citation analysis remains valuable,

but researchers must be mindful of its static nature when interpreting results.
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Gipp et al.’s Citation Proximity Analysis (2009)

Gipp et al. [8] introduced Citation Proximity Analysis (CPA) as an advanced
form of co-citation analysis. CPA considers the proximity of citations within a
document, providing a precise measure of relatedness than traditional co-citation.
CPA can detect stronger thematic connections between documents by focusing
on the distance between citations in the text. Despite its improved precision,
CPA involves a considerable effort to process documents, and while it enhances

traditional co-citation analysis, it does not entirely replace it.

Haruna et al.’s Citation-Based Recommender System (2018)

Haruna et al. [66] proposed a citation-based recommender system designed to
help researchers navigate the vast amounts of scholarly information. Their ap-
proach utilizes the latent relations between citations and research papers to deliver

personalized recommendations without necessitating extensive user profiles.

This innovation addresses critical limitations of existing systems, particularly
the challenge of accessing full paper contents due to copyright restrictions. The
authors demonstrated the effectiveness of their system through experimental results,
which showed significant improvements in recommendation quality compared to
baseline methods. By leveraging publicly available metadata, their work enhances
accessibility and applicability across diverse research contexts, offering a practical

solution to the issue of information overload in academia.

Chen et al.’s Dynamic Co-Citation Analysis (2021)

Chen et al. proposed a dynamic co-citation analysis approach to address the
static nature of traditional co-citation methods. Their method can capture emerg-
ing research areas and recent developments by incorporating real-time citation
data and analyzing trends. This approach improves the relevance of literature

recommendations by continuously updating the co-citation network.

However, it requires significant computational resources and access to up-to-date

citation databases, posing scalability and operational implementation challenges.



Literature Review 42

Shahid et al.’s In-Text Citation Frequency Analysis (2021)
Shahid et al. [67] developed a recommendation approach that leverages in-text

citation frequencies to enhance the identification of relevant research papers.

Their method tracks how frequently and prominently references are mentioned
within the citing paper’s text, surpassing traditional techniques like bibliographic
coupling and metadata analysis. Evaluated on a dataset of 1,200 documents from
J.UCS, the approach demonstrated higher precision, with a 96% accuracy rate
compared to the 76% achieved by content-based methods. This model delivers
improved relevance but introduces challenges in extracting citations from PDF's

(Portable Document Format).

Bibliographic Coupling

Kessler’s Bibliographic Coupling (1963)

Kessler [6] laid the foundation for bibliographic coupling by introducing a method
to identify related research papers based on their shared references. His approach
posited that if two papers cite the same sources, they likely have a thematic connec-
tion. This insight was groundbreaking, providing an alternative to content-based
methods, which primarily focused on analyzing the actual text of the documents.
Kessler’'s method was relatively simple and computationally feasible, which made
it appealing in an era when computational resources were limited. Unlike co-
citation, which considers how often other works cite two papers, bibliographic
coupling directly focuses on the overlap of references between papers. This made
bibliographic coupling particularly useful for exploring the historical and thematic
linkage between scientific papers, as it identified clusters of research built upon
common intellectual foundations. However, while bibliographic coupling was a
crucial development, it did not initially account for the dynamic evolution of

citations over time, a limitation addressed by subsequent research.

Salton et al.’s Similarity Measures (1983)
Salton et al. [13] expanded on the concept of bibliographic coupling by introducing

the overlap coefficient as a key metric for assessing the degree of similarity between



Literature Review 43

two papers. The overlap coefficient is calculated as the ratio of shared references to
the total number of references in both papers. This coefficient provided a refined
approach to measuring the extent of thematic overlap in academic literature,
moving beyond the mere presence of shared citations to consider the relative size
of the reference lists. This refinement was particularly useful for distinguishing
between papers that might share references coincidentally and those with substantial
thematic overlap. However, the overlap coefficient’s accuracy could be compromised
in cases where papers had very short or highly diverse reference lists, skewing
the perceived relevance. Despite its limitations, the introduction of the overlap
coefficient was significant, setting the stage for nuanced similarity measures in

bibliographic coupling research.

Jaccard’s Coefficient (1901)

While Jaccard originally introduced the Jaccard similarity coefficient citejac-
card1901etude for botanical studies, it later found application in bibliographic
coupling. The Jaccard coefficient offered a balanced measure by comparing the
size of the intersection of shared references to the union of all unique references in
both papers. This approach addressed some of the overlap coefficient’s limitations
by considering the commonalities and differences in the reference lists. Using the
Jaccard coefficient provided a nuanced analysis, especially when dealing with pa-
pers with varying lengths of bibliographies. However, while the Jaccard coefficient
improved on previous methods, it still did not fully account for the importance
or thematic weight of the shared references. As a result, two papers could appear
highly similar based on the number of shared citations without considering the

depth or context of those citations within the papers’ content.

Calado et al.’s Link-Based Measures (2003)

Calado et al. [68] explored how combining link-based and content-based methods
can enhance web document classification. They evaluated measures derived from
link structures like bibliographic coupling and co-citation and traditional classifiers
like TF-IDF. Their findings indicated that link-based metrics improve classification,

though the effectiveness varies based on the type of links analyzed. This research
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highlighted the potential for hybrid approaches that leverage link structures and

textual content, contributing to accurate and robust classification models.

Koseki et al.’s Coupling Strength (2007)

Koseki et al. [69] introduced the concept of coupling strength to refine bibliographic
coupling analysis further. This method assigned weights to shared references based
on their frequency of occurrence, assuming that frequently cited references indicate
stronger thematic connections. By incorporating this weighting system, Koseki
et al.’s approach allowed for a granular assessment of the significance of shared
citations, thereby offering a robust indication of paper relatedness. However, this
emphasis on citation frequency introduced a potential bias towards popular topics,
which could overshadow niche but highly relevant research areas. For instance, fields
with well-established foundational texts might dominate the analysis, potentially
limiting the diversity of identified research connections. Despite this drawback,
the coupling strength method marked an important step toward considering the

influence of citation dynamics in bibliographic coupling.

Boyack et al.’s Evaluation of Coupling Methods (2010)

In a comprehensive study, Boyack et al. [28] compared various bibliometric tech-
niques, including Bibliographic Coupling (BC), Co-Citation Analysis (CCA), Direct
Citation (DC), and a Hybrid Approach (HYB), to understand their effectiveness
in mapping biomedical research literature. Their evaluation provided insights into
the strengths and weaknesses of different coupling methods. Co-citation analysis
demonstrated the highest coverage, capturing 98.37% of articles. However, the
hybrid approach (combining bibliographic coupling, co-citation, and direct citation)
exhibited the highest textual coherence, resulting in tighter thematic clusters of
related papers. Although bibliographic coupling showed strong coherence, it was
less comprehensive than the hybrid method. The hybrid approach, while highly
effective, came with significant computational costs. In contrast, bibliographic cou-
pling offered a efficient analysis, striking a balance between coverage and coherence.
This study underscored the importance of method selection based on the specific

objectives of the bibliometric analysis.
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Habib and Afzal’s Enhanced Coupling (2017)

Habib and Afzal [70] proposed an enhanced bibliographic coupling technique incor-
porating Citation Proximity Analysis (CPA) to identify related papers accurately.
CPA analyzes the proximity of in-text citations within a document, offering a
deeper understanding of how closely related the referenced papers are in the con-
text of the citing paper’s arguments. They employed a density-based clustering
algorithm (DBSCAN) to facilitate this analysis to group papers based on their
citation proximity patterns. Their approach achieved a 55% accuracy rate, signifi-
cantly outperforming content similarity approaches (20% accuracy) and traditional
bibliographic coupling (45% accuracy). Despite its success, the method faced
challenges related to the availability and quality of citation data, as well as the
computational intensity of the clustering process. This study marked an important
advancement in the field by emphasizing the contextual importance of in-text

citations for bibliographic coupling.

Khan et al.’s Section-Wise In-Text Citation Score (2019)

Khan et al. [9] introduced the Section-Wise In-Text Citation Score (SwICS)
technique to improve bibliographic coupling by analyzing where and how frequently
papers cite each other across different sections. Recognizing that citations in
sections like the methodology or results often carry thematic weight than those
in the introduction or background, SwICS assesses the contextual importance
of citations within these sections. SwICS provided a detailed understanding of
paper relatedness by assigning section-specific weights to in-text citations. Their
evaluation showed that SwICS matched user-perceived paper similarity 73% of
the time, significantly outperforming older methods, which had a 45% match rate.
This advancement underscored the need for a nuanced consideration of citation

context in bibliographic coupling.

Habib’s Citation Contextualization (2019)

Building on his earlier work, Habib [3] proposed a method that focused on where
references are cited within a paper’s structure (e.g., introduction, discussion) to
contextualize citations for bibliographic coupling. This approach aimed to discern

the importance of citations within different sections, providing a refined measure
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of similarity between papers. The technique demonstrated an 8.5% improvement
in relevance over content-based methods and a 2.7% improvement over traditional
bibliographic coupling. However, it required careful adjustment to suit different
research fields and was somewhat limited by its dependence on specific digital
library datasets, highlighting the need for further research in adapting citation

contextualization to diverse academic domains.

Bordons et al.’s Data Integration Challenge (2019)

Bordons et al. [71] explored the challenges of integrating diverse data sources in
bibliographic coupling. They emphasized the need for careful data merging to ensure
compatibility, particularly when incorporating multiple citation databases with vary-
ing coverage and formats. Their study suggested that hybrid approaches combining
bibliographic coupling, content analysis, and user preferences could enhance recommen-
dation accuracy. However, they also underscored the importance of addressing data
integration challenges, such as ensuring data consistency, completeness, and quality, to

realize the full potential of these advanced bibliometric methods.

Zhang et al.’s Temporal Analysis in Bibliographic Coupling (2021)

Zhang et al. [72] introduced temporal analysis into bibliographic coupling to account
for the dynamic evolution of research themes over time. Traditional bibliographic
coupling methods often treated the citation network as static, ignoring changes in
research trends. By analyzing the temporal aspects of citation networks, Zhang
et al. captured the ebb and flow of research topics, allowing for a accurate
recommendation of recent and emerging research areas. This approach provided
a dynamic perspective on paper relatedness, reflecting the shifting landscape of
academic research. Despite its innovative nature, temporal analysis presented
challenges in real-time data processing and required sophisticated algorithms to

handle the complexity of evolving citation networks.

Yun’s Generalization of Bibliographic Coupling and Co-citation (2022)

Yun [73] proposed novel methods for estimating bibliographic coupling (BC) and

co-citation (CC) using a node split network approach. This method allows for the
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efficient emulation of citation-based coupling measures without the computationally
expensive direct calculations typically required for large datasets. By splitting
nodes into citing and cited roles, Yun’s approach utilizes Personalized PageRank
(PPR) and neural embedding (EMB) techniques to capture similarities between

documents, even in cases where direct citation links are absent.

The findings indicate that PPR can accurately estimate similarities by analyzing
paths between nodes, thus uncovering long-range connections often overlooked
in traditional measures. Furthermore, the study highlights that many links with
high similarity are missing in conventional BC and CC networks, suggesting the
necessity of considering long-range similarities. Yun’s research not only refines
the methodologies for research paper recommendation systems but also enhances
our understanding of citation dynamics by addressing the limitations of existing

citation-based measures.

Kanwal and Amjad (2024)

Kanwal and Amjad [74] proposed a novel research paper recommendation system
named RRMF, which integrates multiple citation and collaboration network features.
Their study addresses the challenge researchers face in finding relevant scholarly
papers amid the increasing volume of publications. By constructing a multi-level
citation network, RRMF identifies structural and semantic relationships within the

citation network while extracting key authors from the collaboration network.

The authors utilized the AMiner v12 DBLP-Citation Network for experimentation,
which includes over 4.8 million academic papers and 45.5 million citation rela-
tionships. The performance of RRMF was evaluated using standard information

retrieval metrics, including Mean Average Precision (MAP), Mean Reciprocal Rank

(MRR), and Normalized Discounted Cumulative Gain (NDCG).

The results demonstrated that RRMF outperformed baseline approaches, such
as the Multilevel Simultaneous Citation Network (MSCN) and Google Scholar,
achieving up to 87% better recommendation accuracy. This work emphasizes
the importance of combining citation analysis with collaboration networks to

enhance the quality and relevance of recommendations. The findings suggest
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that incorporating multiple features can significantly improve the performance
of research paper recommender systems, making it a valuable contribution to

information retrieval.

Conclusion

The bibliographic coupling has evolved through various stages, from shared reference
counts to complex, context-aware, and Al-augmented models. Each iteration has
addressed specific limitations of earlier techniques, contributing to a refined under-
standing of research paper relationships. While content-based and metadata-based
approaches offer valuable insights, the ongoing integration of machine learning,
natural language processing, and dynamic data analysis in bibliographic cou-
pling represents a promising direction for future research in academic information

retrieval.

2.6 Strengths and Limitations of Content-Based

and Metadata-Based Approches

The ever-expanding volume of scientific literature necessitates sophisticated doc-
ument recommendation systems to assist researchers in finding relevant works.
These systems are broadly categorized into content-based and metadata-based

approaches, each leveraging different data aspects to provide recommendations.

2.6.1 Advantages of Content-Based Approaches

Content-based recommendation systems offer a powerful method for suggesting
relevant literature by analyzing the textual content of documents. This approach

has several notable advantages:

e Direct Relevance: Content-based systems ensure that recommendations
are directly aligned with the user’s research interests or the thematic content

of the query document. These systems provide highly personalized and
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relevant suggestions by thoroughly analyzing the text of documents. This
direct relevance is particularly beneficial for researchers seeking literature that

closely matches their study area, enhancing the overall research experience.

e Independence from Citation Data: One of the significant strengths of

content-based recommendation systems is their independence from citation
networks. Unlike citation-based systems, which rely on the frequency and
patterns of citations to determine the relevance of documents, content-based
systems focus solely on the textual content.
This makes them particularly useful for recommending newer publications
that may not have accumulated many citations yet but are highly relevant
to current research topics. By not depending on citation data, these systems
can identify and highlight cutting-edge research and emerging trends early
on [75].

e Detailed Analysis: Content-based approaches employ sophisticated natural
language processing (NLP) techniques to analyze documents deeply. These
techniques enable the system to identify specific themes, methodologies, and
results, allowing for nuanced recommendations that go beyond superficial
matching [76]. This detailed analysis ensures that the suggested literature

provides a comprehensive and in-depth understanding of the topic.

e Customizable Filtering: Users can tailor recommendations to their precise
needs by setting filters based on desired topics, research methods, or the
presence of specific keywords. This level of customization enhances the
system’s utility and flexibility, enabling researchers to focus on literature
that meets their exact requirements [77]. Customizable filtering ensures the

recommendations are relevant and aligned with the user’s research criteria.

2.6.2 Issues with Content-Based Approaches

Despite their strengths, content-based approaches encounter several challenges:
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e Limited Analysis: Focusing primarily on textual content, these systems
may overlook important non-textual elements such as images, tables, and
the document’s format, which can contain critical information for some

disciplines.

e Vocabulary Mismatch: The effectiveness of content-based recommen-
dations can be hindered by terminology differences across research fields.
Synonyms and domain-specific jargon may cause relevant documents to be

missed because the system fails to recognize them as related [78].

e Scalability Issues: The computational demands of processing and analyzing
large volumes of text in real-time can challenge scalability and responsiveness,

especially as the available literature continues to grow [13].

e Lack of Contextual Insight: Content-based systems might not adequately
consider the broader academic impact or the context within which a paper was
published, such as its reception or the reputation of its authors, potentially

overlooking influential but thematically divergent works [79].

2.6.3 Advantages of Metadata-Based Approaches

In contrast, metadata-based approaches rely on structured data about documents

for recommendations:

e Precise Document Matching: By leveraging explicit details like authors,
publication dates, and keywords, metadata-based systems can quickly identify
documents with a high degree of topical or authorial relevance, providing

accurate recommendations with minimal processing overhead.

e Quick Filtering and Identification: Metadata’s structured nature allows
for efficient sorting and matching, enabling users to rapidly find documents
that meet specific criteria, such as being from a particular publication or

written by a specific author.
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e Simpler Implementation: Unlike content-based systems that require com-
plex NLP algorithms, metadata-based approaches can be straightforward
to implement, as they primarily involve database queries and matching

algorithms.

e Easy Integration with Digital Libraries: Metadata standards like Dublin
Core facilitate the integration of these systems with digital libraries and repos-
itories, making it easier to access and recommend documents across different

platforms.

2.6.4 Issues with Metadata-Based Approaches

However, the metadata-based systems also face distinct challenges:

e Content Nuances: This approach may overlook the nuances of document
content, such as the argument’s quality or novelty, as recommendations are

based on descriptive rather than substantive data.

e Metadata Quality: The effectiveness of metadata-based recommendations
is contingent on the accuracy and completeness of the metadata. Inconsistent

or sparse metadata can lead to poor recommendation quality [80].

e Missed Content-Based Relationships: By focusing on explicit metadata,
these systems may miss deeper thematic or methodological connections

between documents that are not readily apparent from metadata alone.

e Overlooked Implicit Connections: Important but implicit connections,
such as those based on the evolution of ideas or interdisciplinary relevance,

might be overlooked, limiting the breadth of recommendations.

2.6.5 Collaborative Filtering Approaches

Collaborative filtering (CF) approaches recommend documents by analyzing users’

preferences and behaviors regarding items (e.g., documents).
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e Advantages: CF methods excel at discovering user preferences and predict-
ing items that similar users have liked, offering personalized recommendations
based on user interaction patterns. This approach can uncover unexpected

recommendations beyond content similarity, enhancing discovery [81].

e Challenges: The "cold start” problem is significant in CF systems, where
new items or users with few interactions are difficult to recommend accurately.
Additionally, CF methods can suffer scalability issues as the user-item matrix
grows, and they may not effectively capture the content’s novelty or diversity

82).

2.6.6 Graph-Based Approaches

Graph-based approaches utilize the structure of networks, where documents and
other entities (e.g., users, keywords) are nodes, and their relationships are edges,

to recommend documents.

e Advantages: These methods are adept at capturing complex relationships
between items, allowing for nuanced recommendations considering the inter-
connectedness of documents, users, and metadata. Graph algorithms can
identify influential nodes or clusters within the network, providing insights

into community preferences or emerging trends [83].

e Challenges: Constructing and maintaining large-scale graphs can be com-
putationally intensive, particularly as the number of documents and relation-
ships grows. Additionally, graph-based methods may require sophisticated

algorithms to navigate and interpret the network’s complexity effectively [84].

2.6.7 Data Mining-Based Approaches

Data mining-based approaches employ algorithms to uncover hidden patterns and

relationships in large datasets, including text corpora.
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e Advantages: These methods are powerful in detecting latent patterns,
trends, and associations within the data, facilitating the recommendation
of documents based on deep content analysis and user interaction histories.
Data mining can enhance the accuracy and relevance of recommendations by

leveraging classification, clustering, and association rule mining [85].

e Challenges: The scalability and computational efficiency of data mining-
based approaches can be problematic, especially with the continuous growth
of digital content. Additionally, these methods may require extensive prepro-

cessing to transform raw data into a suitable format for analysis [86].

2.6.8 Citation-Based Approaches

Citation-based approaches recommend documents by analyzing citation networks,

where citations among papers indicate relationships and potential relevance.

e Advantages: Citation analysis can reveal the impact and significance of
documents within a research field, providing recommendations based on schol-
arly influence and thematic connections indicated by citation patterns. These
methods benefit from the structured nature of citation data, enabling the iden-
tification of seminal works and emerging research fronts [87]. Citation-based
approaches can effectively highlight the most influential papers, ensuring
users are exposed to high-impact research. By leveraging the citation net-
work, these approaches can also uncover the connections between different
research areas, promoting interdisciplinary discoveries and a comprehensive

understanding of a topic.

e Challenges: Relying solely on citation data may overlook newer, less-cited
papers that are nonetheless relevant. Citation-based methods can also be
biased towards older, established works, potentially stifling the discovery of
innovative research. Furthermore, citation motivations can vary, and not all
citations indicate positive relevance [88]. The delay in citation accumulation

means that cutting-edge research might not be immediately recommended,
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hindering the dissemination of novel ideas. Additionally, citation-based
approaches may inadvertently reinforce the dominance of well-established
research groups or institutions, potentially marginalizing emerging scholars

or less mainstream areas of study.

Both content-based and metadata-based approaches offer valuable tools for docu-
ment recommendation but face unique challenges. A hybrid approach that combines
the depth of content analysis with the efficiency and scalability of metadata-based
filtering could offer a comprehensive solution, addressing the limitations inherent
in each method while leveraging their strengths. For instance, integrating citation
analysis with content-based filtering can provide a balanced recommendation sys-
tem that values documents’ influence and content relevance. Such hybrid systems
can dynamically adapt to users’ needs, offering personalized recommendations that

evolve with the research landscape.



TABLE 2.1: Strengths and Limitations of Scientific Paper Recommendation Techniques

Approach

Methodology

Strengths

Limitations

Citation Based

Content Based

User Profile Based

Uses bibliographic methods
such as co-citation and biblio-
graphic coupling to establish
relationships among papers.

Analyzes the text content of
papers using NLP, extract-
ing topics, abstracts, and key-
words for recommendations.

Generates recommendations
by analyzing users’ interac-
tions, such as searches and
downloads, to match papers

with individual preferences.

Leverages peer-reviewed liter-
ature [89].

Provides insights into intellec-
tual structures [90].

Improves content relevance
and precision [93].

Unveils nuanced thematic rela-
tionships beyond citations.
Highly personalized recom-
mendations [95].

Enhances user engagement

with adaptive suggestions.

Subject to delays in emerging
field detection [91].

Prone to self-citation manipu-
lation [92].

High computational cost for

processing text data [94].

Raises privacy concerns due to
tracking user behavior [95].
Requires frequent updates to

reflect changing user interests.

Continued on next page
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Table 2.1 — Continued from previous page

Approach

Methodology

Strengths

Limitations

Collaborative Filtering

Data Mining Based

Metadata Based

Hybrid Methods

Uses behavior patterns of mul-
tiple users to suggest papers,
assuming similar users will
have shared interests.

Applies clustering, classifica-
tion, and association rule min-
ing to uncover patterns within
bibliographic datasets.
Utilizes metadata fields such
as author, venue, publication
year, and keywords to recom-
mend relevant papers.
Combines content-based and
collaborative filtering tech-
niques to enhance recommen-

dations.

Learns from community prefer-

ences for dynamic adaptation

[96).

Discovers latent themes and
new research trends [97].
Scalable to handle large
datasets [94].

Fast retrieval due to indexed
metadata.

Effective in filtering papers by
specific attributes.

Balances precision and diver-

sity in recommendations [76].

Struggles with cold-start issues
when data is sparse [79].

Can prioritize popular over
niche topics.

Requires extensive preprocess-
ing [97].

Models can be complex to in-
terpret.

Limited by the quality and
completeness of metadata.
Struggles to capture the full
content relevance.

Hybrid models are computa-
tionally intensive and complex

to implement.
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2.6.9 Dataset for Related Papers

In facilitating experimental evaluations, attention is directed toward two meticu-
lously chosen datasets. The first, Dataset - 1[46], is a manually annotated dataset
tailored for experimentation. Concurrently, Dataset - 2[3], as utilized in the biblio-
graphical approach presented by Habib and Afzal [3], aligns seamlessly with the

requisites of our research, furnishing a solid foundation for result comparison.

Manually Annotated Dataset (Dataset - 1)

To ensure the robustness and accuracy of our experiments, acquiring a meticulously
annotated dataset is paramount. Kanakia et al. [46] present an invaluable resource
in the Microsoft Knowledge Graph dataset, manually annotated through a rigorous
user study. This dataset is a foundational component for our research, offering a
comprehensive collection of 2400 recommendation pairs. The annotation process in-
volved the active participation of 40 individuals, providing diverse and nuanced per-
spectives. The meticulous grading by participants adds depth to the dataset, making
it a reliable source for evaluating section weights in alignment with our research
objectives. The dataset is openly accessible on GitHub at https://github.com/
akanakia/microsoft-academic-paper-recommender-user-study, ensuring trans-
parency and facilitating reproducibility in our experiments. By leveraging this
manually annotated dataset, the research aims to contribute to a thorough com-
parative analysis, particularly in juxtaposition with the methodology introduced

by Habib et al. [3].

Previous Research Dataset - (Dataset - 2)

The dataset by Habib and Afzal [3] employed in the study was utilized to enhance
the bibliographical approach. This dataset, referred to as ”Dataset-2,” possesses
the characteristics required for our research and offers a basis for result comparison.
A robust and extensive dataset was crucial to evaluating proposed methodologies

comprehensively.Dataset-2, characterized by its breadth and depth, encompasses a
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collection of 5,000 papers interconnected through bibliographic coupling, spanning
various academic fields. To ensure a rich and varied data pool for our evaluation,
the research meticulously crafted a set of 17 queries. These queries were designed
to cover a broad spectrum of research interests, including but not limited to social
network analysis, information retrieval techniques, Bayesian networks, feature selec-
tion methods, collaborative and recommendation systems, content-based filtering,
software testing methods like black box testing, automatic content generation,
regression testing, query processing strategies, advancements in sensor and wireless
networks, opinion mining and subjectivity analysis, the dynamics of online mar-
keting, and graph theory applications. This strategic selection of topics allowed
for a comprehensive assessment of our system’s capabilities across diverse research

domains.

2.7 Discussion

This literature review highlights the intricate and evolving landscape of research
paper discovery techniques, emphasizing the interplay between content-based,
metadata-based, and hybrid approaches. Content-based strategies, such as keyphrase
extraction and semantic analysis, provide personalized and nuanced recommen-
dations by analyzing textual features, including titles, abstracts, and keywords.
However, these techniques encounter limitations in scalability and domain-specific
vocabulary mismatches, which hinder effective information retrieval across inter-
disciplinary fields [51, 78]. The need to refine these methods further is evident,
particularly given the rapid growth of academic publications that demand sophisti-

cated, scalable solutions [76].

Metadata-based approaches, such as co-citation analysis and bibliographic coupling,
offer structured, efficient filtering through citation networks, author metadata, and
publication dates. These methods excel at identifying influential papers within
established research areas, but they face challenges in recognizing emerging research
topics and handling sparse citation data for recent publications [87, 90]. Notably,
bibliographic coupling—first introduced by Kessler [90]—has evolved significantly,
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with modern advancements incorporating section-based weighting and in-text

citation analysis to enhance the precision of related paper discovery [9].

The review also underscores the importance of hybrid approaches that integrate
content-based and metadata-driven techniques. For example, combining biblio-
graphic coupling with semantic filtering demonstrates improved recommendation
accuracy by leveraging shared references and thematic similarity [3]. These hybrid
models overcome individual limitations by aligning content with citation patterns,
offering a dynamic and adaptable framework for identifying related research. The
use of real-time citation networks, such as those proposed by Chen et al. [98],
further highlights the potential of dynamic approaches to keep pace with the

evolving research landscape.

In addition, collaborative filtering and graph-based techniques extend the scope of
recommendation systems beyond traditional content and metadata analysis. By
utilizing user behavior patterns and network structures, these methods can uncover
implicit relationships and recommend interdisciplinary works that may not be
evident through conventional approaches [81, 84]. However, these techniques face
the cold-start problem, especially for new users and items, and require sophisticated

algorithms to process large datasets efficiently [82].

Recent research has also introduced advanced metrics, such as the Section-Wise
In-Text Citation Score (SwICS), to refine bibliographic coupling by assigning
dynamic section weights based on their relevance [9]. This approach highlights the
growing importance of contextual information in citation networks, underscoring
the need for nuanced analysis methods. Additionally, integrating machine learning
and natural language processing techniques in recommendation systems offers new

avenues for improving recommendation quality and relevance [47, 49].

In conclusion, this review reveals that the most effective solutions for research
paper discovery lie in hybrid approaches combining content-based, metadata-based,
and collaborative filtering techniques. Future research should focus on developing
adaptive models that dynamically integrate multiple data sources and account for

evolving research trends. Furthermore, improving dataset quality and ensuring
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comprehensive validation across different academic disciplines will be essential
for advancing the state of the art in research paper recommendations. This
multifaceted approach will enable researchers to navigate the expanding academic
literature effectively, promoting interdisciplinary discoveries and fostering scientific

innovation.

2.8 Summary

The literature review chapter is crucial and challenging, as it aims to discover
related research papers amidst the rapid growth of online publications. The
review explores methods for identifying relevant sections within research papers,
investigates techniques for finding related papers, examines the use of bibliographic
information, explores new approaches to enhance bibliographic coupling techniques,

and analyzes existing datasets for the most suitable collection of associated papers.

A literature survey focused on methods like bibliographic coupling, co-citation
analysis, and text-based approaches. This review identified the strengths and
weaknesses of different techniques for finding related papers and selected the
most notable techniques based on their effectiveness and relevance. This included
carefully analyzing seminal works and adapting the latest techniques to review

influential papers.

The chapter categorizes the hundreds of paper recommendation approaches iden-
tified by Beel et al. into content-based strategies, metadata-based approaches,
collaborative filtering-based approaches, user profile-based approaches, and data
mining approaches. Each category encompasses various methods to enhance the
discovery of scholarly articles, with unique perspectives and methods contributing
to the richness of the research paper recommendation landscape. Content-based
strategies are discussed using keyword-based, concept-based, graph-based, and
hybrid approaches. Each technique has its methodology, strengths, and limitations,

ranging from precise relevance and independence from citation data to challenges
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in accurately capturing and interpreting scientific texts and scalability issues. Col-
laborative filtering is highlighted as a technique that suggests items by examining
users’ preferences with similar tastes. It is applicable across various domains, such
as e-commerce, movies, and research paper recommendations. Despite its utility,
challenges such as the 'cold start’ problem and the necessity for comprehensive
data processing are noted.User profile-based approaches leverage digital library
access logs and user profiles to recommend related scientific papers, focusing on
personalizing recommendations based on individual research needs and interests.
However, privacy concerns and the need for continuous updating to accurately

reflect user interests are mentioned as limitations.

Data mining techniques are presented as revolutionary methods for generating
scientific paper recommendations. They offer personalized and relevant suggestions
based on user preferences and behaviors. Challenges include the need for significant

preprocessing and the complexity of models.

Techniques based on metadata are discussed for their role in uncovering connec-
tions between research papers. These techniques utilize titles, summaries, and
references to facilitate the discovery of related works. The chapter concludes by
exploring techniques for extracting sections, mapping them to the IMRaD logical
structure, and reviewing various approaches to identifying related research papers.
Recent studies demonstrate promising results when using section-wise bibliographic
coupling, underscoring the critical role that sections of research papers play in

improving the accuracy of bibliographic coupling.

In summary, this literature review chapter comprehensively analyzes existing
methods for discovering related research papers and evaluating their methodologies,

strengths, and limitations.



Chapter 3

Extraction of Section-Headings
and Mapping to IMRaD

Structure

3.1 Overview

The chapter explains the process of extracting section headings from research
articles and mapping them to the widely recognized IMRaD structure, which stands
for Introduction, Methods, Results, and Discussion. Introducing an intelligent
system designed to accurately detect section boundaries, categorize them correctly,
and map them to the appropriate IMRaD structure. Finally, the results will be

discussed and compared with the existing research.
The answer to this question needs the answers to the following three questions:

RQ1: How can a method be devised with improved accuracy to map the sections
of research papers to the IMRaD structure, considering the variations of these

sections?

RQ1a-1: What potential features can be used to increase the accuracy of

section mapping onto the IMRaD structure?
62
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RQ1la-2: How can an intelligent algorithm be devised to identify the
section, its sub-sections, and its boundaries?
RQ1a-3: How the wrongly identified subsections in the content file can
be auto-corrected.
The proposed technique expands the research carried out by Shahid et al. [2].
Upon reviewing the literature, it was observed that their approach lacked the use
of certain features that could enhance the accuracy of identifying and mapping
sections to the IMRaD structure, thereby improving precision and recall of Habib
and Afzal [3]. This research has significant implications for citation indexes and

digital libraries.

3.2 Introduction

Research articles are typically organized into well-defined sections to present scien-
tific work logically. One of the most widely used organizational structures is IMRaD,
which divides research papers into four major sections: Introduction, Methods,
Results, and Discussion. The IMRaD structure provides a clear framework
for communicating scientific findings, enabling readers to easily understand the

problem, methodology, outcomes, and conclusions.

Despite the widespread adoption of IMRaD, research papers often exhibit substan-
tial variability in their structure and formatting. Different journals, conferences,
and disciplines may introduce variations in naming conventions and the organiza-
tion of sections. Such inconsistencies present significant challenges for automated
systems attempting to map sections accurately to the IMRaD structure. Addi-
tionally, academic papers may contain subsections, figures, tables, and citations

distributed unevenly across sections, further complicating the task.

This work proposes a robust system to extract and map section headings from
research articles into the IMRaD framework, addressing the challenges posed by
structural variability. The system identifies primary and secondary sections with

high precision by leveraging advanced techniques, including XML parsing, regular
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expressions, and natural language processing. Furthermore, the system incorporates
additional discriminative features, such as the frequency of figures, tables, and
citations, to enhance the mapping process. These features provide critical insights

into the logical flow of documents and ensure accurate section classification.

The proposed methodology integrates four key modules: the Schema Generation
Engine (SGE), the Data Extraction Engine (DEE), the Data Mapping Engine
(DME), and the Mapping View Engine (MVE). Each module plays a vital role,
from parsing the structure of research articles and mapping sections to IMRaD
to visualizing the results effectively. The process begins with converting research
papers into XML format, followed by the systematic extraction and classification

of sections using a relational database schema for structured storage.

This research builds upon prior studies but overcomes limitations in existing
approaches that often fail to recognize the hierarchical relationship between headings
and subheadings. For instance, earlier work did not account for the nuances of
subsections, leading to misclassification and false mappings. Our system addresses
these issues by employing regular expressions to distinguish between main and

sub-sections, preserving the logical integrity of the research document.

The proposed system’s effectiveness is validated through rigorous performance
evaluations using a benchmark dataset, comparing it against state-of-the-art tech-
niques. The results demonstrate significant improvements in precision, recall, and
F-measure, establishing the proposed system as a reliable solution for section
extraction and IMRaD mapping. These advancements offer practical applications
for citation indexing, digital libraries, and information retrieval systems, facilitating

efficient navigation and understanding of scientific literature.

3.2.1 Features for Section Extraction and IMRaD Map-

ping

At the onset of this chapter, the exploration reveals potential features that could

enhance the accuracy of section mapping.
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e Subheadings Mapping
e Object Counts

e In-Text Citations Frequency

Subheadings Mapping

Headings in research papers organize the content into major sections, such as
Introduction, Methods, Results, and Discussion. Subheadings are smaller titles
within these sections that further divide the content into specific topics or themes,
aiding in navigation and comprehension of the paper’s structure and content.
Therefore, correct subheading identification plays an important role in identifying

the heading.

In the PDF file depicted in Figure 3.1, the Introduction section of a research
paper titled ”1. Introduction” encompasses three subsections: ”1.1. Biology needs
computation,” 71.2. Genes and cells,” and ”1.3. GemCell.” In the corresponding
XML file shown in Figure 3.3, the main heading (i.e., 1. Introduction) is represented
with the <h1> tag, while all subheadings are marked with the <h2> tag. The content
within the brackets of the heading tag is considered the name of an independent
logical section. Notably, the existing approach [2] fails to differentiate between a
paper’s main section and subsections, treating them all as independent headings.

This deficiency leads to a significant issue, which is explained below.

Ding et al. [1] have previously utilized the heading <h1> and <h2>. However,
in Figure 3.2, there is a sub-section named ”1.3 Related Work.” As per the
IMRaD structure, this section would be considered independent and mapped to the
"Related Work” section. Unfortunately, the section does not belong to the literature
review section of IMRaD. Such challenges result in false mapping, compromising
the performance of Information Retrieval (IR) systems. A closer examination
revealed that most headings start with a bullet number, like ”1...” for main

headings and "1.1...,” 71.2...)7 71.3..,” and ”"1.4..” for subheadings. The inability to
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differentiate the logical structure through XML can be addressed by employing

regular expressions to distinguish sections based on these patterns intelligently.

In summary, the examples discussed above illustrate that the existing research
in logical section mapping struggles to map subsections intelligently. Treating all
subsections as independent sections and explicitly mapping them to the IMRaD
structure can negatively impact the overall precision of IR systems. Our study
overcomes these challenges by implicitly using regular expressions to map subsec-
tions to their respective main sections. As mentioned earlier, our proposed study
incorporates potential features such as In-Text citation count, Figure count, and
Table count to determine the association of a section with specific logical sections

of IMRaD. The rationale for leveraging these parameters is provided below.

1. Introduction

All living organisms are made of cells, so it would be desirable to have a single, generic tool to model and simulate

1.1. Biology needs computation

Efforts to describe and study complex biological systems have yielded a vast amount of biological knowledge. This
overwhelming and complex information has lead to the development of specialized branches of biological science.
1.3. GemCell

In view of the above, we have decided to begin with the cell as a whole and not with the genome that formed it.
We have adopted. as it were. a top-down point of view in which we relate to a whole cell as the smallest sub-unit
1.2. Genes and cells

Two fundamental entities lie at the basis of life: the genetic code and its translation into functioning proteins, and
the cell. The cell is the building block of all living organisms; the ability of the cell to carry out behavioral decisions

FI1GURE 3.1: Subheading example in the form of PDF file.

<section class="DoCO:Section">
<hl class="DoCO:SectionTitle" id="5" page="1" column="1">
1 Introduction 1.1 Skyline Queries </hl>

<hl class="DoCO:SectionTitle" id="13" confidence="possible"
page="2" column="1"> 1.2 Online Skyline Computation </hl>

<hl class="DoCO:SectionTitle" id="18" confidence="possible"
page="2" column="2"> 1.3 Related Work </hl>

FI1cURE 3.2: Subheading Example-2
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Objects Count

Scientific articles commonly convey results and findings using figures, tables,
algorithms, and graphs, and their frequency often correlates with specific IMRaD
logical sections. For instance, sections such as ”Methodology” and ”Results” are
typically characterized by a higher occurrence of figures and tables, reflecting their
emphasis on experimental setups and data visualization. However, contemporary
approaches, such as those proposed by Shahid et al. [2], overlook the inclusion of

"Figure count” and ”Table count” as parameters for section identification.

<section class="deo:Introduction">
<hl class="DoCO:SectionTitle" id="9" page="2" column="1">
1. Introduction </hl>

<h2 class="DoCO:SectionTitle" id="20" page="3" column="1">
1.1. Biology needs computation </h2>

<h2 class="DoCO:SectionTitle" id="40" page="3" column="1">
1.2. Genes and cells</h2>

<h2 class="DoCO:SectionTitle" id="44" page="3" column="1">
1.3. GemCell </h2>

F1cURE 3.3: Subheading Example-1

In this study, we address this limitation by incorporating these parameters, hy-
pothesizing that the frequency of figures and tables can serve as reliable indicators
of their association with specific IMRaD sections. Figures and tables are identified
as distinct objects within XML-encoded documents, enabling systematic extraction
and analysis. This integration enhances the accuracy of section mapping by lever-
aging the inherent relationship between object frequency and the logical structure

of scientific articles.

<region class="DoCO:FigureBox" id="F1">
<caption class="deo:Caption" id="9" page="1" column="2">
Figure 1: Skyline of hotels in Nassau (Bahamas) </caption>

FIGURE 3.4: Figures in research publications.
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<region class="DoCO:TableBox" id="Tx100">
<content>
<table class="DoCO:Table" number="1" page="9">
<thead class="table"/>
<tbody>
<tr class="table">
<td class="table"></td>
<td class="table"> 100,000 Points</td>
<td class="table"> 1,000,000 Points</td>
</tr>
</tbody>
</table>
</content>

FIGURE 3.5: Tables in research publications.
In-Text Citations Frequency

Similar to the assumptions made for "Figure Count” and ”Table Count,” the
"In-Text Citation count” can be crucial in determining association with a specific
logical section. Ding et al. [1] have used the frequency of in-text citations in all
logical sections. Our manual investigation found varying in-text citation counts
among sections. For example, the ” Literature Review” section contains more in-text
citations than others. Our approach maps the logical section with the highest
in-text citations to the Literature Review section. Citations are also represented

as objects in XML files.

Contemporary studies have overlooked the importance of potential features like " In-
Text Citation count,” ”Figure count,” 3.6, and " Table count.” 3.5 These parameters,
as explained above, can contribute to section identification. This study aims to

address these deficiencies to improve system performance significantly.

3.3 System Architecture

This section details the proposed methodology, working in four modules to map

logical sections of research articles to the IMRaD structure.

The modules include:
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e Schema Generation Engine (SGE)
e Data Extraction Engine (DEE)

e Data Mapping Engine (DME)

The PDF file dataset is collected from CiteSeer and converted into XML using
the PDFX [99] tool. SGE generates the schema of the XML files, which are
maintained in PostgreSQL to parse and insert the XML data. DEE extracts
headings, subheadings, and other objects like citations, figures, and tables. Mapping
SQL Engine (MSE) maps the extracted headings and subheadings to IMRaD using
a devised algorithm. The last module, Mapping View Engine (MVE), visualizes
the resulting mapping using XPath/XQuery expressions. The mapped sections are
evaluated using a benchmark dataset containing section annotations formed with
the help of a user study. The overall structure of the proposed methodology is
shown in Figure 3.7. The proposed algorithm is formally represented below, and
detailed explanations of all implemented modules are delineated in the following

sections.

<xref ref-type="bibr" rid="R1" id="21" class="deo:Reference">
1 </xref>,

<xref ref-type="bibr" rid="R2" hidden="1" id="22" class
"deo:Reference" > 2

</xref>,

<xref ref-type="bibr" rid="R3" hidden="1" id="23" class =
"deo:Reference" > 3

</xref>,

FI1GURE 3.6: Example of a figure caption.



Taxonomy of Sections Names.

1. Introduction

1. Introduction

2. Background

3. Literature Review
2. Methodology

1. Methodology
2.  Method
3. Design
4. ...

3.

IMRaD Sections Sequence.

* Introduction
*  Methodology

PDF Files

‘ Data Extraction Engine (DEE) ! l

PDF to XML

l XML Files

XML Heading/sub-heading Tag Extractor &

‘ Schema Generation Engine (SGE) !

] Generate Database Schema

Sections

Section Formulator

II

‘ Data Mapping Engine (DME) |

v

> Section Headings to IMRaD Classifier

Classification Refinner as Per

¢ Results
* Discussion

IMRaD Sequence

Classification Refinner Using Count of -

Objects

\4
A

24n3on3S (VYN 03 burddopy puv sbuipvo [J-101399G [0 U01IDITH

Mapped Section to IMRaD

FIGURE 3.7: System Architecture

v
Object/Feature Extractor

Count of Objects
1. Citation

2. Graph

3. Figures

4. Tables

5. Algorithms

0L



Extraction of Section-Headings and Mapping to IMRaD Structure 71

3.3.1 Schema Generation Engine (SGE)

The Schema Generation Engine (SGE) is an integral component in facilitating
the transition of research papers from their native PDF format to a structured
XML representation. This conversion is pivotal for the systematic processing and
querying of the dataset. The primary function of the SGE is to architect and
implement a database schema that accurately reflects the complex hierarchical
and relational aspects of research publications. Utilizing PostgreSQL, known for
its extensive XML data manipulation capabilities, the SGE maps the elaborate
structure of research papers into a relational database schema. This schema allows
for organized XML data storage and simplifies data manipulation and retrieval

processes, significantly enhancing data handling efficiency.

The purpose of the SGE is to define the structure for storing essential elements
of research documents, including metadata, sections, figures, tables, and citations.
This relational database schema ensures that extracted information is stored
systematically for efficient retrieval and manipulation, enhancing the precision of

downstream processing tasks.

Schema Design and Table Definitions

The following tables represent the core structure of the schema used to store and

manage research documents and their components.

CREATE TABLE documents (
document_id SERIAL PRIMARY KEY,
title VARCHAR(255) NOT NULL,
author VARCHAR(255),
publication_date DATE,
abstract TEXT,
keywords TEXT,
file_path VARCHAR(255)

);

FiGURE 3.8: Table Contain the Paper Information
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The table in figure 3.8 holds metadata for each document’s title, author, and

publication date. The primary key document_id ensures unique identification.

CREATE TABLE sections (
section_id SERIAL PRIMARY KEY,
document_id INT NOT NULL,
section_title VARCHAR(255),
section_level INT,
imrad_type VARCHAR(50),
start_page INT,
end_page INT,
FOREIGN KEY (document_id)
REFERENCES documents(document_id) ON DELETE CASCADE

FIGURE 3.9: Table Contains the Sections

The table in figure 3.9 stores information about each section within a document.
It uses a foreign key to link each section to its corresponding document, ensuring

referential integrity.

CREATE TABLE section_mappings (
mapping_id SERIAL PRIMARY KEY,
imrad_type VARCHAR(50) NOT NULL,
confidence_score FLOAT

)i

FiGURE 3.10: Table Contains Section Mapping

The table in figure 3.10 records the mapping of sections to IMRaD categories, along

with a confidence score for the classification.

The table in figure 3.11 allows many-to-many relationships between mappings and

sections.

The table in figure 3.12 captures metadata for figures, linking them to their sections

and documents.

The table in figure 3.13 stores information about tables within documents, ensuring

each entry is linked to its corresponding section and document.
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tREATE TABLE section_mapping_sections (
mapping_id INT NOT NULL,
section_id INT NOT NULL,
PRIMARY KEY (mapping_id, section_id),
FOREIGN KEY (mapping_id)
REFERENCES section_mappings(mapping_id) ON DELETE CASCADE,
FOREIGN KEY (section_id)
REFERENCES sections(section_id) ON DELETE CASCADE
);

FIiGURE 3.11: Table Contain Section Mapping Relations

CREATE TABLE figures (
figure_id SERIAL PRIMARY KEY,
document_id INT NOT NULL,
section_id INT,
caption TEXT,
page_number INT,
FOREIGN KEY (document_id)
REFERENCES documents(document_id) ON DELETE CASCADE,
FOREIGN KEY (section_id)
REFERENCES sections(section_id) ON DELETE CASCADE
);

FiGURE 3.12: Table Contains the Figures Information

CREATE TABLE tables (
table_id SERIAL PRIMARY KEY,
document_id INT NOT NULL,
section_id INT,
caption TEXT,
page_number INT,
FOREIGN KEY (document_id)
REFERENCES documents(document_id) ON DELETE CASCADE,
FOREIGN KEY (section_id)
REFERENCES sections(section_id) ON DELETE CASCADE
);

FI1GURE 3.13: Table Contains the Table Information
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CREATE TABLE citations (
citation_id SERIAL PRIMARY KEY,
document_id INT NOT NULL,
section_id INT,
citation_text TEXT,
page_number INT,
FOREIGN KEY (document_id)
REFERENCES documents(document_id) ON DELETE CASCADE,
FOREIGN KEY (section_id)
REFERENCES sections(section_id) ON DELETE CASCADE
);

FIGURE 3.14: Table Contain the Citaion Information

The table in figure 3.14 captures references within the document, linking them to

relevant sections.

CREATE TABLE algorithms (
algorithm_id SERIAL PRIMARY KEY,
document_id INT NOT NULL,
section_id INT,
algorithm_name VARCHAR(255),
description TEXT,
page_number INT,
FOREIGN KEY (document_id)
REFERENCES documents(document_id) ON DELETE CASCADE,
FOREIGN KEY (section_id)
REFERENCES sections(section_id) ON DELETE CASCADE

FicURE 3.15: Table Contains the Algorithms Information

The table in figure 3.15 stores metadata for algorithms, linking them to their

respective sections and documents.

The table in figure 3.16 stores metadata for graphs, linking them to their respective

sections and documents.
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CREATE TABLE graphs (

graph_id SERIAL PRIMARY KEY,

document_id INT NOT NULL,
section_id INT,
graph_title VARCHAR(255),
description TEXT,
page_number INT,
FOREIGN KEY (document_id)

REFERENCES documents(document_id) ON DELETE CASCADE,
FOREIGN KEY (section_id)

REFERENCES sections(section_id) ON DELETE CASCADE

);

FIGURE 3.16: Table Contains the Graphs Informations
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FIGURE 3.17: ERD of Database Schema
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3.4 Data Extraction Engine (DEE)

The Data Extraction Engine (DEE) is critical in pre-processing the XML-formatted
data. It meticulously filters and normalizes the data to remove "noise,” which
includes non-standard formatting, extraneous metadata, or inconsistent heading
usage, thereby ensuring the data’s integrity. The DEE extracts all pertinent XML
tags through sophisticated parsing techniques, enabling the precise determination of
the document’s structure, including main headings and subheadings. This approach
departs from previous methodologies by accurately preserving the document’s
intended logical structure. In addition to structural tags, the DEE identifies and
extracts essential elements such as citations, figures, and tables, enriching the

dataset with crucial metadata for further analysis.

The purpose of DEE is to ensure that only relevant content is stored in the
database by filtering noise, such as footers and non-standard metadata. It identifies
XML tags representing key elements and inserts them into appropriate database

tables for further analysis.

3.5 Data Mapping Engine (DME)

Upon data extraction, the Data Mapping Engine (DME) is tasked with interpreting
and aligning the extracted information with the IMRaD format, a standardized
structure for scientific articles encompassing Introduction, Methods, Results, and
Discussion sections. Employing a blend of XQuery, XPath, and SQL queries, the
DME maps each document’s sections to the corresponding IMRaD components
based on established structural rules observed in the XML data. This engine
ensures the accurate classification of subheadings within their respective main
sections, eliminating the common misclassification issues observed in previous
systems. By acknowledging the hierarchical relationship between headings and
subheadings, the DME guarantees that the document’s logical flow is maintained,

significantly improving the precision of bibliographic analyses.
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The purpose of DME is to enhance the logical flow of documents by eliminat-
ing misclassification issues common in previous systems. It accurately identifies
subheadings and aligns them with their parent sections using SQL and XPath

queries.

3.5.1 Subheadings Mappings

The structural organization of documents plays a pivotal role in bibliographic
analysis, particularly within the context of scientific research publications. These
documents are typically delineated into various sections, utilizing headings and
subheadings to outline the hierarchical organization of content. A critical aspect
of analyzing these documents involves accurately segregating and mapping these
headings and subheadings to standardized sections such as those defined in the

IMRaD (Introduction, Methods, Results, and Discussion) structure.

Historically, certain methodologies have approached the mapping of document
structures by treating headings and subheadings as independent, standalone sections
without due consideration for their hierarchical relationship. For example, in
scenarios where an <h1> tag encapsulates multiple subheadings denoted by <h2> and
<h3> tags, these methodologies might erroneously consider each tag as demarcating
a distinct section. This approach can lead to inaccuracies, such as misclassifying
IMRaD headings, whereby subheadings are mistakenly mapped as primary section
headings.

To address this issue, the proposed approach introduces a nuanced method of
distinction between main headings and subheadings utilizing regular expressions.
This methodology diverges from previous practices by refraining from directly
mapping subheadings to the IMRaD structure. Instead, subheadings are associated
with the IMRaD section corresponding to their parent heading, thereby preserving
the inherent document hierarchy. This strategy addresses two critical oversights in

the scientific community’s approach to document structure analysis:
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1. XML Tag Utilization: Subheadings are distinguishable in the XML repre-
sentation of documents through the use of specific tags (<h2>, <h3>, etc.).
This tagging system facilitates the straightforward identification of hierarchi-

cal relationships between headings and subheadings.

2. Regular Expression Analysis: In instances where document formatting
does not explicitly distinguish between headings and subheadings or where
such distinctions are not adequately represented in XML tags, regular expres-
sions are employed. These expressions are designed to discern the structural
hierarchy based on patterns, such as numbering or bullet points, that imply

a hierarchical organization.

Consideration of XML files in the dataset has revealed instances where document
structures deviate from standard tagging conventions, necessitating alternative
approaches for identifying headings and subheadings. For example, the "region
class=\DoC0:TextChunk"" element in XML can serve as an indicator of section
demarcations in the absence of explicit header tags 7?. This observation underscores
the necessity of a flexible, adaptive approach to document structure analysis capable

of accommodating various formatting styles and conventions.

In summary, the proposed approach enhances the accuracy of section mapping
within bibliographic analysis by judiciously distinguishing between main headings
and subheadings. This distinction is achieved through explicit XML tagging and
the strategic application of regular expressions, thereby addressing previously

overlooked complexities in document structure interpretation.

3.5.2 Sections Sequences

Adopting the IMRaD (Introduction, Methods, Results, and Discussion) structure
in academic writing represents a cornerstone in disseminating scientific knowledge.
This standardized format facilitates the organization of research findings and en-
hances the readability and comprehension of scholarly documents. For Information

Retrieval (IR) systems, the IMRaD structure provides a predictable framework
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for indexing and querying research papers, thereby significantly improving the

efficiency and accuracy of literature searches.

Despite the widespread endorsement of the IMRaD format within the scholarly
community, deviations in adherence to its sequential order have been observed. A
detailed analysis of PDF files from the dataset revealed instances where research
papers diverged from the conventional sequence of the IMRaD structure. Such
variations pose significant challenges for IR systems, which rely on the expected

order of sections to identify and categorize content within documents accurately.

The implications of these deviations are twofold. Firstly, the non-standard arrangement
of sections can lead to misinterpretation of content, whereby IR systems may incorrectly
assign relevance to search queries based on misplaced sections. Secondly, the variability
in document structure necessitates the development of sophisticated algorithms capable
of recognizing and adapting to non-conventional arrangements of sections. Alternative
methodologies have been explored to address these challenges. These include imple-
menting advanced parsing algorithms that employ natural language processing (NLP)
techniques to understand the context and content of sections, regardless of their order.
Analyzing linguistic cues and thematic continuity, these algorithms can accurately
identify the intended IMRaD sections even when presented in an unconventional
sequence. In summary, while the IMRaD structure remains a foundational element
in scientific communication, the observed deviations in section sequencing necessitate
reevaluating IR systems’ strategies for document analysis. Through the adoption of
NLP and machine learning techniques, it is possible to enhance the robustness of IR
systems, ensuring accurate section identification and categorization across a wide range
of document structures. This approach’s evolution mitigates the challenges posed by
non-standard arrangements and paves the way for adaptive and intelligent literature

retrieval systems.

3.5.3 Sections Known Names

Academic research papers are meticulously organized into sections that guide the

reader through the research journey, from initial inquiry to conclusions. This



Extraction of Section-Headings and Mapping to IMRaD Structure 80

organization not only facilitates a systematic approach to presenting research but
also aids in the comprehension and analysis of the study. Recognized universally
across scholarly domains, these sections serve distinct purposes, reflecting the
multifaceted nature of research dissemination. The following detailed overview

provides insights into each section’s role within the academic manuscript:

e Abstract: A succinct summary of the research study, including its aims,
methodology, key findings, and conclusions, designed to provide a quick
overview for the reader.

e Keywords: Selected terms that encapsulate the core themes and subjects
of the paper, facilitating searchability and indexing in databases.

e Introduction: Introduces the research topic, outlines the research prob-
lem, and states the study’s objectives, setting the stage for the subsequent
investigation.

e Background or Theoretical Framework: Provides a detailed context
for the study, reviewing relevant literature and establishing a theoretical
foundation for the research.

e Literature Review / History / Related Work: A comprehensive exam-
ination of existing research related to the study’s focus, highlighting gaps the
current research aims to fill.

e Methodology / Methods: Describes the research design, data collection
methods, and analytical techniques employed, ensuring reproducibility and
transparency.

e Experimental Design / Experimental Setup: Details the experimental
framework, including variables, controls, and the experimental environment,
critical for empirical studies.

e Data Collection / Data Acquisition: Elucidates the processes and tools
used to gather research data, underscoring the study’s empirical basis.

e Data Analysis / Data Processing: Explains the methodologies applied
to analyze the collected data, including statistical tests, qualitative analysis

techniques, and data interpretation methods.
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e Results / Findings / Observations: Presents the outcomes of the data
analysis, objectively reporting the study’s findings without interpretation.

e Discussion: Interprets the results, discusses their implications in the context
of existing literature, and may also integrate findings directly.

e Conclusions and Future Directions: Summarizes the study’s key take-
aways, its contributions to the field, and potential avenues for future research.

e Limitations: Acknowledges the study’s constraints and potential biases,
lending credibility to the research.

¢ Recommendations: Offers suggestions for practical applications of the
research findings or proposes areas for further study.

e Acknowledgments: Credits individuals, organizations, or funding bodies
that contributed to the research but were not directly involved in its execution.

e Appendices / Supplementary Materials: Contains additional data and
materials that support the paper’s content but are not essential to its primary
narrative.

e Ethical Considerations: Addresses ethical issues related to the research,
including consent and data privacy, where applicable.

e Conflict of Interest Statement: Discloses any potential conflicts of inter-
est that could influence the research outcomes or interpretations.

¢ Funding Information: Lists the sources of financial support for the research,
acknowledging the role of funding bodies in facilitating the study.

e References / Bibliography: Compiles all works cited in the paper, en-

abling readers to explore the research context and background further.

While generally consistent across disciplines, the nomenclature for these sections
can exhibit considerable variation, reflecting the diverse styles and preferences
within the scientific community. This variability presents a significant challenge for
Information Retrieval (IR) systems tasked with parsing and categorizing the content
of research articles. The deviation from standardized section names, such as the
substitution of ”Evaluation” or ” Analysis” for the traditional ”Results/Discussion”

section, necessitates a flexible and adaptive approach to document analysis.
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Recognizing the importance of accurately mapping document sections regardless of
the specific terminology employed, this study embarked on a comprehensive review
of synonyms used to denote the various sections of research papers. Drawing upon a
dataset of 1200 research articles, an exhaustive list of synonyms was compiled for each
commonly recognized section. This list serves as a critical resource for the proposed
methodology, enabling matching section names to their logical equivalents within the

IMRaD structure, even in instances where non-standard terminology is used.

The process of synonym extraction and matching represents a significant advancement
in the field of document analysis. It offers a solution to one of the intractable problems
faced by IR systems: the accurate identification and categorization of document
sections in the presence of varied nomenclature. By leveraging this comprehensive
synonym database, the proposed methodology demonstrates a heightened sensitivity
to the nuances of academic language, ensuring that the logical structure of research

papers is preserved and accurately reflected in IR systems.

In summary, identifying and utilizing section name synonyms play a pivotal role in
enhancing the precision of IR systems. Through a meticulous analysis of a vast
corpus of research articles, this study has not only highlighted the diversity of
terminology within academic writing but also provided a robust framework for
navigating this variability. The result is a adaptable and intelligent approach to
document analysis, capable of accommodating the rich tapestry of expressions and

terms employed by the scholarly community.

Introduction

e Introduction
e Background or Theoretical Framework

e Literature Review

Methods

e Methodology / Methods

e Experimental Design / Experimental Setup
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e Data Collection / Data Acquisition
e Data Analysis / Data Processing
e Architecture / Architectural Design

Results
e Results
e Findings

e Observations

Discussion

Discussion (may include findings from the Results section)

Limitations

Recommendations

Conclusions and Future Work

Note that some sections may not fit neatly into IMRaD and are thus categorized

separately. Following is the list of those sections.

e Abstract

o Keywords

e Acknowledgments

e Appendices / Supplementary Materials
e Ethical Considerations

e Conflict of Interest Statement

e Funding Information

e References / Bibliography

The detailed exploration and mapping elucidate the structured approach to aca-
demic writing, facilitating clarity, coherence, and comprehensiveness in research

dissemination. Recognizing and aligning the varied section names with the IMRaD



Extraction of Section-Headings and Mapping to IMRaD Structure 84

format underscores the adaptability and universality of this structure in schol-
arly communication. This alignment not only aids authors in organizing their
manuscripts effectively but also assists readers and researchers in navigating the

document efficiently, enhancing the accessibility and impact of scientific findings.

In summary, the meticulous categorization and mapping of section names to the
IMRaD structure, supplemented by an understanding of additional sections beyond
this format, provide a foundational framework for academic writing. This framework
supports the effective presentation of research, ensuring that each element of the
manuscript contributes meaningfully to the overarching narrative of scientific
discovery. This structured approach renders academic papers comprehensive and

navigable, maximizing their utility and relevance within the scholarly community.

3.5.4 Citation Count as a Metric for Section Identification

Citations are a critical aspect of scientific communication, providing a way to
acknowledge previous work and establish the context for current research. Different
sections of a paper exhibit varying citation densities. For example, sections like
Literature Review or Related Work are often citation-rich, reflecting their role
in summarizing existing studies. In contrast, sections like Results or Discussion
may contain fewer citations, as they focus on presenting new findings. In this
study, XML-formatted documents are analyzed to extract citation elements, such
as <Xref> and <ref>, using attributes like ref-type="bibr’. The citation count
for each section is calculated and used as a metric to identify and categorize the

sections accurately.

3.5.5 Object For Section Identification

3.5.5.1 Figures as a Metric for Section Identification

Figures provide visual summaries of data and are critical for conveying experimental

results or methodologies. Sections such as Results and Discussion typically have
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a higher density of figures, reflecting their focus on presenting and interpreting
findings. In XML-formatted documents, figures are represented with tags like
<FigureBox>. By analyzing the occurrence and distribution of these elements, the
system can effectively identify and classify sections that rely heavily on visual data

representation.

3.5.5.2 Algorithms as a Metric for Section Identification

Algorithms are often included in papers to describe computational methods or
processes. These elements are most commonly found in the Methodology section,

where they outline the steps taken to achieve the results.

Using XML tags such as <Algorithm>, this study identifies and counts algorithms
within each section. The frequency and placement of algorithms are used to refine

section classification and confirm the logical structure of the document.

3.5.5.3 Graphs as a Metric for Section Identification

Graphs are essential for illustrating trends and relationships in data, making them a
frequent feature of the Results and Discussion sections. Their occurrence provides

valuable insight into the purpose of a section.

By detecting XML elements like <Graph>, this study analyzes the distribution of
graphs to enhance the accuracy of section identification and mapping to logical

categories.

3.5.5.4 Tables as a Metric for Section Identification

Tables are widely used to organize and summarize data in a concise format. They
are particularly prevalent in the Methodology and Results sections, where they

present experimental setups, datasets, or outcomes.
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XML tags such as <TableBox> are used to locate and count tables within a
document. This information aids in identifying sections that rely on tabular data,

contributing to the overall accuracy of section classification.

Algorithm 1 IMRaD Section Mapping
Input: XML File: xmlFile
Output: IMRaD Section Mapping: imradMapping

1: Initialize imradMapping < {} > Empty mapping dictionary
2: Initialize imradSequence <— {Introduction, Methodology, Results, Discussion}
3: Load XML structure from zmliFile into sectionsList

4: Analyze sectionsList to extract section titles and order

> Step 1: Match section sequence to IMRaD

5. for all section € sectionsList do

6: Match section.title to closest label in imradSequence

7: Add mapping to imradMapping

8: end for > Step 2: Refine mapping using IMRaD sequence
9: for all mappedSection € imradMapping do
10: if mappedSection is out of logical order based on imradSequence then
11: Reorder mappedSection to align with IMRaD flow
12: end if
13: end for > Step 3: Refine using count objects

14: Initialize statistics < {}
15: for all section € sectionsList do

16: Compute counts: citations, figures, graphs, algorithms, tables
17: Update statistics for each section
18: end for > Step 4: RaMapp the IM D

19: for all mappedSection € imradMapping do
20: if counts suggest a different IMRaD label then

21: Update imradMapping based on refined statistics

22: end if

23: end for

24: Return imradMapping > Return the IMRaD mappings

3.6 IMRaD Section Mapping

The proposed algorithm, detailed in Algorithm 1, outlines a systematic approach
for mapping sections of a document to the IMRaD (Introduction, Methodology,
Results, and Discussion) structure. The algorithm takes an XML file as input and

produces a refined mapping of sections to the IMRaD categories as output.
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Input and Output

e Input: An XML file (zmlFile) containing the structure of a document,

including section titles and content.

e Output: A mapping (imradMapping) that assigns each section in the docu-

ment to one of the IMRaD categories.

Steps of the Algorithm 1

The algorithm is divided into three primary steps, as explained below:

Step 1: Match Section Sequence to IMRaD

The algorithm starts by analyzing the section titles from the XML file. Each section
title is compared with the IMRaD categories (Introduction, Methodology, Results,
Discussion) to identify the closest match. This step creates an initial mapping of

sections to IMRaD labels.

e Section titles are matched using heuristic or textual similarity measures.

e The initial mapping is stored in a dictionary (imradMapping).

Step 2: Refine Mapping Using IMRaD Sequence

Once the initial mapping is created, the algorithm refines it by ensuring that the

sequence of sections adheres to the logical flow of the IMRaD structure:

1. Checks if any section is mapped out of order, e.g., a Results section appearing

before Methodology.

2. Reorders the mapping to align with the standard IMRaD sequence.



Extraction of Section-Headings and Mapping to IMRaD Structure 88

Step 3: Refine Using Counts of Citations, Figures, Graphs, Algorithms,
and Tables

The final refinement step involves leveraging statistical data within each section to

validate and improve the mapping:

e For each section, counts of citations, figures, graphs, algorithms, and tables

are computed.

e Based on these counts, sections are re-evaluated to ensure that their mapping

aligns with their content. For example:

— Sections with a high number of figures and graphs are likely to belong
to the Results category.

— Sections with a high number of citations may correspond to Introduction

or Related Work.

Final Output

After the refinements, the algorithm returns the completed imradMapping, which
provides a reliable assignment of each document section to one of the IMRaD

categories.

3.7 Execution and Processing Time

The performance of the proposed approach was evaluated on an AWS medium
instance environment. Each experiment was repeated ten times to ensure
consistency, and the median values were reported for comparison. Table 3.1
presents a detailed comparison of the execution time between the proposed approach
and three state-of-the-art techniques. The experiments in this research were
conducted on a medium Amazon Web Services (AWS) compute instance. The

hardware specifications of the instance used are as follows:
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e Instance Type: AWS EC2 mb.xlarge

vCPUs: 4

e Memory: 16 GiB

Storage: EBS-optimized instance with 100 GB SSD

Networking: Up to 10 Gbps

e GPU: Not applicable (CPU-based computation)

The method by Ding et al. [1] was the fastest, completing the task in only 10
seconds due to its reliance on dictionary-based section identification, which
is less computationally demanding. Shahid et al. [2] required 14 seconds, as it
combines templates with dictionary terms, increasing processing complexity
slightly. Habib et al. [3] took 21 seconds since it involves citation counting and

text parsing, which requires additional computational effort.

The proposed approach offers improved accuracy while taking the most time at 34
seconds. This additional processing time results from the integration of multiple
features, such as figures, tables, and citation frequency, making it comprehensive
than other methods. However, since the proposed method is executed offline,
preprocessing and database maintenance ensure that query response times

remain fast, with results precompiled and ready for users.

TABLE 3.1: Processing Time Comparison of Techniques

Techniques Time (Seconds)
Ding et al. [1] 10
Shahid et al. [2] 14
Habib et al. [3] 21
Proposed Approach 34

The comparison shown in Table 3.1 highlights the trade-off between speed and

accuracy. Ding et al.’s dictionary-based method is the fastest but lacks the
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depth required for complex analyses. Shahid et al.’s approach balances speed
and complexity, while Habib et al.’s method provides better accuracy through
text parsing and citation analysis. The proposed method achieves the highest
accuracy but with a longer processing time. Nevertheless, since the method
operates offline, users benefit from precompiled results, ensuring fast query
responses. This offline approach minimizes the impact of the longer processing
time on user experience and significantly improves precision for identifying related

research papers.

3.8 Results

Once all the modules of the proposed methodology have been implemented, the

next steps involve evaluating data using the benchmark data set.

TABLE 3.2: Comparison of Precision of Combined Sections

Approach Precision
Ding 0.87
Shahid 0.81
Habib 0.89
Proposed 0.97

TABLE 3.3: Comparison of Recall of Combined Sections

Approach Recall
Ding 0.81
Shahid 0.81
Habib 0.89
Proposed 0.97

The outcomes are evaluated in two phases: (1) identified a one-layer hierarchy
of sub-headings and then mapped the sections to the IMRaD (2) Afterwards,
determined the collective contribution of all the parameters in a hybrid manner by

combining the parameters ”citation count,” "figures count” and ”tables count.”
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TABLE 3.4: Comparison of F-Measure of Combined Sections

Approach F-Measure
Ding 0.81
Shahid 0.81
Habib 0.89
Proposed 0.97

3.8.1 Precision and Recall Calculations for IMRaD Sec-

tions

This section explains how precision and recall are computed for different sections

of research papers (Introduction, Methodology, Results, and Discussion).

Each term and symbol is carefully explained to ensure clarity.

Equation 3.1: Precision and Recall for Each Section

TP,
p—_ tia
Y TP, +FP,
_ TP,
* TP, +FN,
= 7 = Introduction (3.1)

= x1 = Methodology
= x5 = Results

= x3 = Discussion

Explanation of Equation 3.1

Equation 3.1 defines the precision and recall for each section x, where x is an index

referring to one of the four sections of a research paper.
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Precision (P,) Measures the proportion of correctly identified instances of

section z to all instances classified as section x.

TP,
P =
TP, + FP,

Recall (R,) Measures the proportion of correctly identified instances of section

z to all actual instances of section z.

TP,

. = TP, + FN,

Notation Used

e T'P,: True Positives — The number of correctly identified section x instances.

e ['P,: False Positives — The number of instances incorrectly classified as

section x.

e ['N,: False Negatives — The number of actual instances of section x that

were missed.
e 1. Introduction section.
e 11: Methodology section.
e 15: Results section.

e 13: Discussion section.

Equation 3.2: Average Precision and Recall Across All Sec-

tions
3
P,
Pavg = szo
Ravg - £=0" =
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Explanation of Equation 3.2

Equation 3.2 calculates the system’s overall performance by computing the average
precision and recall across the four IMRaD sections (Introduction, Methodology,

Results, and Discussion).

Average Precision (P,,) The arithmetic mean of precision values for all
sections. It measures the system’s overall accuracy in identifying the correct

sections.

o P

Pavg: 4

Average Recall (R,y,) The arithmetic mean of recall values for all sections. It

measures the system’s ability to correctly identify each section’s instances.

a0 e

Ravg = 4

Notation Used

e P, Average precision across all sections.
o R,.: Average recall across all sections.
e P,.: Precision for section z.

o R,: Recall for section x.

Detailed Breakdown of the Calculations

The precision (P,) and recall (R,) for each section = are computed using the true
positive, false positive, and false negative counts. The index z is used to denote

the specific section being evaluated:
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zo = Introduction
x1 = Methodology
T9 = Results

z3 = Discussion

How the Metrics Are Averaged The average precision and recall are com-
puted by summing 3.3 the individual precision and recall values for all four sections
and dividing by 4, reflecting each section’s equal contribution to the overall perfor-

mance evaluation.

M«

Poyg = P,/4 = P,,, = Average Precision

Il
o

T

. (3.3)
Rawg = Z R,/4 = Rg,, = Average Recall
=0

3.9 Evaluation

The comprehensive evaluation of the proposed system for mapping research paper
sections to the IMRaD structure is crucial for assessing its effectiveness and
advancements over existing methodologies. This section outlines the evaluation
framework, detailing the dataset, metrics, comparative analysis, and statistical

significance of the findings.

3.9.1 Comparative Analysis

System performance was compared with three renowned methodologies: Ding et

al. [1], Shahid et al. [2], and Habib and Afzal [3], based on the metrics mentioned
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above, under identical conditions on the same dataset.

This analysis indicated that the proposed system consistently outperformed the
comparative group across all metrics, achieving a precision, recall, and F-measure of
0.97. This suggests significant improvements in accurately identifying and mapping

sections to the IMRaD structure.

The proposed system achieved a precision rate of 97%, a notable improvement over
the closest competing system, which recorded a precision of 89%. This enhancement
in precision is attributable to the refined algorithm’s ability to accurately identify
and categorize sections into the IMRaD structure, underscoring the system’s

sophisticated analytical capabilities.

In conclusions the detailed analysis of results substantiates the proposed system’s
superiority in accurately mapping research paper sections to the IMRaD structure.

These advancements open new avenues for future research, particularly in optimizing
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algorithmic efficiency and exploring additional discriminative features that could
further enhance precision and recall. Future studies might also explore the system’s
scalability to accommodate larger datasets and its adaptability to different scientific

disciplines.

3.10 Discussion

The performance evaluation and results of the proposed system reveal a significant
improvement over existing methodologies in mapping section headings to the IM-
RaD structure. The enhancements in precision, recall, and F-measure demonstrate
the effectiveness of incorporating features such as subheadings mapping, figures
and tables count, and in-text citation frequency. These findings highlight the
potential of these features to address some of the core challenges identified in

previous research, such as Shahid et al. [2], which primarily relied on template
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matching and dictionary terms. Ding et al. [1], which did not fully account for
the hierarchical relationships between sections and subsections. The proposed
methodology’s use of regular expressions for implicit mapping of subsections to
their respective main sections has also positively impacted the overall accuracy
of the system. Unlike previous studies, which treated subsections as independent
entities, this approach acknowledges the logical structure of academic documents.
It ensures that subheadings contribute to the correct identification of primary
IMRaD sections. This finding supports the assertion by Habib and Afzal [3] that
improving the handling of document structures can enhance the performance of
information retrieval systems. Moreover, introducing new discriminative features,
such as the count of figures, tables, and in-text citations, has proven beneficial in
distinguishing between sections that are often challenging to classify. For instance,
sections like ”Results” or ”Discussion” generally contain more figures and tables,
while the ”Literature Review” tends to have a higher frequency of citations. By
incorporating these features, the system can accurately identify previously misclas-
sified sections, as noted by Ding et al. [1]. This addresses the gap in prior research

where content-specific features were ignored or underutilized.

However, while the proposed system’s offline processing addresses the computa-
tional complexity concerns, it introduces a trade-off regarding processing time.
Although the average processing time of 34 seconds per document is longer than
other methods, this is mitigated by the fact that this process is conducted of-
fline and results are precompiled. This implies that the system is suitable for
applications where the quality of mapping and classification takes precedence over
real-time performance, such as in citation indexing and digital library manage-
ment. The statistical significance of the improvements in precision, recall, and
F-measure further confirms the robustness of the proposed methodology. Despite
the advancements, there remain areas for further exploration. For example, future
work could investigate the system’s scalability for larger datasets and its adapt-
ability to different academic domains. Additionally, integrating natural language
processing (NLP) techniques could further refine section identification, especially

in documents that deviate from conventional IMRaD structures. In conclusion,
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this discussion highlights the proposed system’s contributions to addressing the
deficiencies of previous methodologies and outlines potential avenues for enhancing
document section mapping in academic literature. By integrating novel features
and acknowledging the inherent hierarchical structure of research papers, this work

lays a foundation for accurate and reliable bibliographic analyses.

Summary

This chapter introduces a comprehensive system designed to accurately identify
section headings within research papers and map them to the IMRaD structure.
It addresses research questions aimed at enhancing the accuracy of this mapping
process. This involves determining potential features to increase mapping accu-
racy, devising an intelligent section and boundary identification algorithm, and
auto-correcting wrongly identified subsections. The methodology builds upon the
research of Shahid et al. and Habib and Afzal, identifying gaps in their approaches,
such as the need for features that could improve the precision and recall of section
mapping. The system has been developed to overcome these challenges by inte-
grating novel features such as subheading mapping, figures and tables count, and
in-text citation frequency. These features are crucial for accurately identifying and

classifying sections using the IMRaD format.

The chapter delves into the specifics of these features, explaining how subheadings
play a vital role in the structure of research papers and how the frequency of
figures, tables, and in-text citations can indicate the association with specific
IMRaD sections. It highlights the importance of distinguishing between main
headings and subheadings using regular expressions to prevent false mapping
and improve information retrieval system performance. The methodology section
outlines the proposed system’s four main modules: Schema Generation Engine
(SGE), Data Extraction Engine (DEE), Data Mapping Engine (DME), and Mapping
View Engine (MVE). Each module is specific in converting PDF files to XML
format, extracting relevant data, mapping extracted data to IMRaD sections, and

visualizing the mapping results. The system architecture is designed to handle
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extensive datasets, with the data stored in a relational database format for easy
manipulation. Performance evaluation compares the proposed system with state-of-
the-art techniques, demonstrating its precision, recall, and F-measure superiority.
The evaluation is conducted in two phases, focusing on the hierarchy of sub-headings
and the hybrid contribution of features like citation, figure, and table counts to

the mapping process.

The results section compares the proposed system’s performance with existing
techniques. It showcases the significant improvements achieved by incorporating
novel features and a sophisticated mapping algorithm. The proposed system
accurately identifies and maps sections to the IMRaD structure, outperforming
previous approaches. This chapter presented a system for accurately extracting
section headings from research papers and mapping them to the IMRaD structure.
By integrating unique features and a comprehensive methodology, the system
significantly improves the precision and recall of section mapping, offering promising
implications for citation indexes and digital libraries. The system’s performance,
validated through rigorous evaluation against existing techniques, establishes a new

benchmark for future research in this domain.



Chapter 4

Section’s Ranking and Weights
Adjustment to Discover

Bibliographically Coupled Papers

4.1 Overview

This chapter presents a system for improving the identification of bibliographically
coupled research papers by dynamically adjusting section weights. The main
research question is assigning the weights to the IMRaD structure and finding the
related papers. To achieve this, a deep learning neural network is used to fine-tune

the weights assigned to different sections of research articles.

The literature review highlights the availability of two datasets, Dataset-1 and
Dataset-2. The dataset referred to as Dataset-2, used in prior studies, provides a
benchmark for comparison. However, since this dataset was created using statistical
methods like Jensen-Shannon Divergence (JSD) and is not manually annotated, it
requires further validation. The Dataset-1 consists of manually annotated data,
ensuring precise labeling for evaluation. This chapter also covers the validation
process for the first dataset to ensure its reliability. Finally, the chapter presents

102
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the outcomes of the proposed technique on both datasets and offers a detailed

discussion of the results.

The chapter is Phase 3 (Planning the Research Study) of Research Methodology.

The specific focus of this chapter is to answer the following research questions:

e RQ2: How can sections’ weights be tuned to maximize the correlation

between Bibliographic Coupling strength and paper relatedness?

4.2 Introduction

In today’s digital age, researchers are increasingly challenged by the sheer volume
of academic publications. Identifying related research papers has become critical
for conducting comprehensive literature reviews, building on existing knowledge,
and avoiding duplication of efforts. Bibliographic coupling, which connects pa-
pers through shared references, offers a promising solution. However, traditional
bibliographic coupling approaches treat all research papers equally, disregarding
the distinct roles that sections such as Introduction, Methodology, Results, and

Discussion (IMRaD) play in academic discourse.

Citations in different sections reflect varying types of relationships between papers.
For instance, a citation in the introduction often reflects conceptual or theoretical
influence, whereas one in the results section might indicate alignment in experimen-
tal outcomes. Assigning uniform weights to all sections in bibliographic coupling
can obscure these nuances, reducing the effectiveness of the coupling process. To
address this gap, this research proposes a system that dynamically adjusts the
weights assigned to different sections, improving the discovery of related research

papers.

This study builds on the work of Habib and Afzal [3], who demonstrated the value
of section-specific weights but relied on static, heuristic assignments. This research

seeks to refine the weight adjustment process by employing a deep learning-based
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approach, optimizing the weights through backpropagation. Additionally, Jensen-
Shannon Divergence (JSD) is utilized to validate the dataset and ensure accurate
identification of related papers. The outcome is a nuanced bibliographic coupling
mechanism that better reflects the conceptual connections between research papers,

enabling researchers to discover relevant works precisely.

4.3 Methodology

This section outlines the methodology for enhancing bibliographic coupling by
assigning dynamic section weights. The approach leverages machine learning and
statistical techniques to identify related research papers accurately. Specifically, a

Deep Neural Network (DNN) model is employed to fine-tune section weights.

4.3.1 Data Collection

The datasets used for this research include manually annotated and statistically

generated datasets.

e Dataset-1: A manually curated dataset providing ground truth for evaluat-
ing section-wise bibliographic coupling. Domain experts have annotated this

dataset to ensure reliable clustering of related papers.

e Dataset-2: This dataset was generated using JSD-based clustering by Habib
and Afzal [3]. Although it captures thematic similarities, its automated

creation introduces potential biases, necessitating further validation.

The collected datasets include metadata such as titles, authors, abstracts, publica-

tion dates, and full-text sections structured according to the IMRaD format.

Dataset-1 is a manually annotated collection that serves as the benchmark or
“ground truth” for our experiments. This dataset has been carefully curated

by domain experts who manually assessed and annotated relationships between
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papers based on their thematic and conceptual connections. Due to this manual
curation process, Dataset-1 is inherently reliable and accurately reflects the expected

clustering of research papers. Therefore, it does not require further validation.

On the other hand, Dataset-2 is derived using an automated approach. Specifically,
Habib and Afzal [3] utilized Jensen-Shannon Divergence (JSD) to generate
this dataset by quantifying textual similarity between papers. Unlike Dataset-1,
Dataset-2 is not manually annotated; it relies entirely on JSD’s statistical analysis
to identify and cluster related documents. Given this automatic generation process,
the clusters produced by JSD in Dataset-2 need to be validated to ensure they
accurately capture the thematic and conceptual relationships in the research papers.
This validation is crucial because JSD effectively clusters documents based on their

semantic content.

4.3.2 Dataset Validation Methodology

To validate the accuracy and reliability of Dataset-2, employed a step-by-step
procedure that involves comparing the clusters generated by JSD in Dataset-2 with
the ground truth provided by Dataset-1. Precision, recall, and F1-score metrics are

used to evaluate the clustering performance and identify areas for improvement.

4.3.2.1 Step-by-Step Validation Process

1. Cluster Extraction Extract clusters from both Dataset-1 (manually anno-
tated) and Dataset-2 (JSD-generated). Each cluster in Dataset-2 contains

papers grouped based on their JSD scores, representing thematic similarity.

2. Pairwise Comparison For each cluster in Dataset-2, identify all possible
pairs of papers. Check if these pairs exist in the corresponding clusters of

Dataset-1 to determine if they match the ground truth.

3. Precision Calculation Calculate precision as the ratio of correctly identified
paper pairs in Dataset-2 (also in Dataset-1) to the total number of paper

pairs generated by JSD in Dataset-2. Precision indicates how many of the
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identified pairs in Dataset-2 are genuinely related, based on the manual

annotations in Dataset-1.

True Positives

Precision =
True Positives + False Positives

4. Recall Calculation: Compute recall as the ratio of correctly identified pairs
in Dataset-2 to the total number of related pairs in Dataset-1. This measures

how JSD captures all the relevant paper relationships in the ground truth.

True Positives

Recall =

True Positives + False Negatives
5. Fl-score Calculation: Determine the Fl-score, which is the harmonic
mean of precision and recall. The Fl-score provides a balanced assessment,

considering the clustering process’s accuracy (precision) and completeness

(recall).
Precision x Recall

Fi1- =2 X
seore Precision + Recall

6. Analyze Discrepancies If discrepancies arise between Dataset-2 and Dataset-
1 (e.g., pairs that exist in Dataset-1 but not in Dataset-2), a in-depth analysis
is conducted to understand the nature of these discrepancies. This may
involve examining specific clusters to identify patterns in JSD’s clustering
performance, such as whether some thematic regions are under or overrepre-

sented.

4.3.2.2 Preprocessing

Text preprocessing is crucial to normalizing the data and making it suitable for

analysis. The preprocessing steps include:

e Tokenization This step involves splitting the text into individual words
or phrases, ensuring each word or phrase is treated as an individual unit
of meaning. For example, the sentence "The quick brown fox” would be

tokenized into ["The”, ”quick”, "brown”, ”fox”].
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e Stop-word Removal Common words that do not contribute significant
meaning to the text (e.g., “the,” "and,” ”in”) are removed. This step reduces
noise and focuses on meaningful content. For instance, from the tokenized

list ["The”, "quick”, "brown”, ”fox”], the word ”The” would be removed.

e Lemmatization This involves reducing words to their base or root form
(e.g., "running” to "run”) to ensure that variations of a word are treated as
a single item. This step is performed using libraries such as NLTK or spaCy

in Python.

4.3.2.3 Vectorization

After preprocessing, the textual data is converted into numerical representations
using the Term Frequency-Inverse Document Frequency (TF-IDF) method. TF-IDF

vectorization involves the following steps:

e Term Frequency (TF): This measures the frequency of a word in a docu-

ment. The term frequency T'F(t,d) is calculated as:

TF(t,d) = %
d

where f; is the number of times term ¢ appears in document d, and Ny is the

total number of terms in document d.

e Inverse Document Frequency (IDF): This measures how important a
word is to a document in a corpus. The inverse document frequency I DF(t)

is calculated as:

IDF(t) = log (ﬂ>

Uz

where NV is the total number of documents, and n; is the number of documents

containing the term t¢.
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e TF-IDF Calculation: The TF-IDF value is computed by multiplying the

term frequency and inverse document frequency:
TF-IDF(t,d) =TF(t,d) x IDF(t)

This results in a vector representation of each document, which is used for

similarity calculations.

4.3.2.4 Jensen-Shannon Divergence Calculation

Jensen-Shannon Divergence (JSD) measures the similarity between the TF-IDF

vectors of two documents. The steps to compute JSD are as follows:

1. Compute the Average Distribution M: Given two probability distribu-

tions P and (@, the average distribution M is calculated as:

M=(P+Q)

2. Calculate Kullback-Leibler Divergence (KLD): The KLD between P
and M, and Q and M, is computed as:

KLD(P||M) = ZP log + P(0)
’L

KLD(Q||M) = ZQ —ZZ)

3. Compute JSD: Finally, the JSD is calculated as:

JSD(PI|Q) = 5 KLD(PI|M) + S KLD(QI|M)

4.3.2.5 Algorithm in Pseudocode for JSD

The following pseudocode outlines the steps for calculating JSD between two

documents:
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Algorithm 2 Jensen-Shannon Divergence (JSD) Calculation

Require: Two documents, Doc1 and Doc2

Ensure: Jensen-Shannon Divergence (JSD)
1: Initialization:
2: Initialize empty vectors P and () for the TF-IDF values of Docl and Doc2.
3: Set threshold for JSD similarity (optional, for further decision-making).

4: Step 1: Preprocessing
5. Tokenize Docl and Doc2 into words.
6: Remove stop-words and apply lemmatization to each token in both documents.

7: Step 2: Vectorization

8: Convert the preprocessed Docl and Doc2 into TF-IDF vectors, resulting in
probability distributions P and Q).

9: Normalize P and () so that the sum of their elements equals 1.

10: Step 3: Compute Average Distribution
11: Calculate the average distribution:

M (P +Q)

12: Step 4: Calculate Kullback-Leibler Divergence (KLD)
13: Compute KLD for P relative to M:

P(i)
M(i)

KLD(P||M) + ) P(i)log

14: Compute KLD for @ relative to M:

Q1)
M(i)

KLD(QIIM) - Q(i)log

15: Step 5: Calculate Jensen-Shannon Divergence (JSD)
16: Compute the JSD:

JSD(PI|Q) + SKLD(P|M) + L KLD(QI[M)

17: Step 6: Decision (Optional)

18: if JSD(P||Q) i threshold then

19: Output: Documents are considered similar.

20: else

21: Output: Documents are not considered similar.
22: end if

23: Step 7: Return the JSD Value
24: return JSD(P||Q) as the measure of similarity between Doc! and Doc2.
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Explanation of the Algorithm 2

The algorithm calculates the Jensen-Shannon Divergence (JSD) between two
documents to measure their similarity. It follows a systematic process broken down

into seven steps:

Initialization The algorithm begins by initializing empty vectors P and @) to
store the TE-IDF values for the two documents. Additionally, an optional similarity

threshold can be set to decide the similarity of the documents at a later stage.

Step 1: Preprocessing In this step, the documents undergo preprocessing to
prepare them for analysis. Tokenization breaks the documents into individual
words, after which stopwords are removed. Lemmatization reduces words to base

forms, making the text consistent for further analysis.

Step 2: Vectorization The preprocessed documents are then converted into
TF-IDF vectors, representing each document as a probability distribution over its
vocabulary. These vectors are normalized so that the sum of their elements equals

1, ensuring they can be treated as probability distributions.

Step 3: Compute Average Distribution Here, the algorithm calculates the
average distribution M by taking the midpoint of the two probability distributions
P and ). This distribution M serves as a reference point for computing the

divergence of each document from this average.

Step 4: Calculate Kullback-Leibler Divergence (KLD) The algorithm
computes the Kullback-Leibler Divergence for both P relative to M and @) relative
to M. The KLD quantifies the difference between the original distributions (P and
@) and the average distribution (M).
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Step 5: Calculate Jensen-Shannon Divergence (JSD) Using the KLD
values calculated in Step 4, the algorithm computes the JSD. This step averages
the two KLD values to obtain a symmetric and bounded measure of divergence,
ensuring that JSD(P||Q) = JSD(Q||P). The resulting JSD value ranges between
0 (identical distributions) and 1 (completely different distributions).

Step 6: Decision (Optional) The algorithm can decide whether the documents
are similar if a threshold is set during initialization. If the JSD is less than
the threshold, the documents are considered similar; otherwise, they are not.
This decision-making step is useful in applications with a clear cutoff to classify

documents as similar or dissimilar.

Step 7: Return the JSD Value Finally, the algorithm returns the computed
JSD value, providing a numerical representation of the similarity between the
two documents. Lower JSD values indicate higher similarity, making this algo-
rithm valuable for document clustering, information retrieval, and academic paper

recommendation systems.

This detailed algorithm effectively combines natural language processing (NLP)
techniques and statistical measures to quantify document similarity, offering a

robust tool for text analysis in various fields.

4.3.3 Results and Discussion of Validation of Dataset-2

The validation of Dataset-2, generated through Jensen-Shannon Divergence (JSD),
aimed to confirm its reliability by comparing it against a gold-standard reference:
Dataset-1. As Dataset-1 is a manually annotated collection, it provides high-quality
ground truth for assessing the performance of the JSD-based clustering method

used for Dataset-2.

To validate the structure of Dataset-2 indirectly, applied the same JSD-based

clustering technique on Dataset-1. This allowed us to measure the correlation
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between the bibliographic coupling relationships identified by JSD and the manually
annotated relationships within Dataset-1. There is strong correlation approximately
0.90 between JSD and Mannualy annoyed dataset, affirming that the JSD-based

clustering aligns well with human expert annotations.

Given these results, it can confidently conclude that the JSD-based structure
of Dataset-2 is reliable for bibliographic coupling analysis. Since the clustering
approach aligns closely with the manually curated relationships in Dataset-1,
Dataset-2 can be utilized for further bibliometric research and related studies with
high confidence. This validation confirms the quality of Dataset-2 and highlights the
efficacy of JSD as a clustering method for bibliographic coupling tasks, consistent

with prior findings from Habib and Afzal [3].

Given the consistency across datasets, researchers can leverage Dataset-2 for
bibliometric tasks such as citation analysis, thematic clustering, or academic
recommendation systems. The minimal variance between the two datasets ensures
that Dataset-2 can be reliably used in studies where manually annotated datasets
are not feasible, thereby extending the applicability of JSD-based clustering for
large-scale bibliometric analyses. The discussion could include practical implications
of using Jensen-Shannon Divergence (JSD) in real-world scenarios, highlighting its
impact on research workflows and information retrieval systems. JSD’s superior
performance enhances the relevance of search results by providing a nuanced
similarity measure, which directly improves the ranking and recommendation
quality. For information retrieval systems, this ensures that users receive highly

relevant documents, thereby enhancing user satisfaction and engagement.

Additionally, JSD is crucial in content-based recommendation systems, particularly
in digital libraries and academic search engines, where precise recommendations
are essential. By accurately identifying subtle similarities between research papers,
JSD improves the efficiency of literature reviews and supports trend detection
and knowledge discovery in research workflows. As a result, integrating JSD into
information retrieval systems can streamline the research process, reduce cognitive

load, and promote targeted exploration of scholarly content.
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4.4 System Architecture to Find Dynamic Weights

of Sections

This section details the methodology proposed to assign weights to the citations
appearing in logical sections of two bibliographically coupled papers. Contemplation
of IMRaD while assessing the potential of a citation in a particular context has
already been proven useful by various studies [3]. Habib and Afzal [3] presented
a section-wise weight assignment strategy to determine relatedness between two
bibliographically coupled papers and achieved 5% improved results compared to
those yielded without weight assignment. As discussed earlier, Habib and Afza
[3] have assigned weights to the sections in a heuristic manner. On the contrary,
the proposed method incorporates a novel deep learning neural network (ANN)
based approach that utilizes a backpropagation algorithm to discover appropriate

weights.

4.4.1 DNN: Deep Neural Network with Backpropagation

Several techniques are used to form decision-making models, such as machine learn-
ing (ML), Artificial Neural Networks (ANN), deep learning, and Backpropagation.
The neural network mimics the functioning of the human brain, following the
concepts of neurons to train the data to make decisions. The neural networks
are considered a subset of machine learning, functioning similarly but varying in
capabilities. Unlike ML models that require human guidance for improvement,
deep learning models, such as Artificial Neural Networks (ANN), can independently
sense the accuracy of predictions and proceed accordingly. Deep learning becomes
essential when an extensive training process is required, achieved by increasing the

number of hidden layers in the ANN to form a deep neural network.

The prime purpose of the proposed study is to discover the section-wise weights for
the citations of bibliographically coupled papers. The ANN uses certain weights

and biases to train the model in this context. The deep neural network was tuned
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to exploit its weight assignment strategy for discovering section-wise weights of

citations.

The two datasets, dataset-1 and dataset-2, were partitioned into training and
testing datasets with a 70%-30% ratio. Initially, all papers were transformed
into XML, followed by the identification of the sections and the computation of
the bibliographic coupling strength of each paper with the entire dataset. This
bibliographic coupling strength was further reduced to determine the section-wise

bibliographic coupling strength, which served as input to the neural network.
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Model Design and Training

Model Inputs

The proposed model leverages section-wise bibliographic coupling strengths (BCS)
as input features. For each pair of papers A and B, the bibliographic coupling

strengths for both same-section and cross-section pairs are considered.

Same-Section Coupling:

Sw - 11 (Introduction-Introduction)
Sw+ MM  (Methodology-Methodology)
Sy RR  (Results-Results)
Sw+ DD (Discussion-Discussion)

Cross-Section Coupling:

Sy - IM  (Introduction-Methodology)

Sy IR

Introduction-Results)

Sw+ MR (Methodology-Results)

Sw-MD

(
(

Sw - ID  (Introduction-Discussion)
(
(Methodology-Discussion)
(

Sy RD

Results-Discussion)

Neural Network Architecture

The Deep Neural Network (DNN) with backpropagation is designed to process
the section-wise BCS input features and predict the relatedness between the two

papers. The architecture comprises the following layers:
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Input Layer: The input layer accepts section-wise bibliographic coupling strengths

and is normalized to ensure efficient processing.

Hidden Layers: The DNN includes multiple hidden layers to capture complex

interactions:

Layer 1: 128 neurons with ReL U activation.

Layer 2: 64 neurons with ReLLU activation.

Layer 3: 32 neurons with ReLU activation.

Layer 4: 16 neurons with ReLLU activation.

Layer 5: 8 neurons with ReLLU activation.

These layers progressively condense the input features into meaningful representa-

tions.

Output Layer: The output layer consists of a single neuron with a sigmoid
activation function. This outputs a probability score between 0 and 1, representing

the likelihood that the two papers are related.

Training and Backpropagation

The training process involves the following steps:

1. Forward Propagation: Input data is passed through the network, and

predictions are generated.

2. Loss Calculation: The Binary Cross-Entropy loss function is used to com-

pute the error between predicted and actual values.
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3. Backpropagation: Gradients of the loss function with respect to weights

are computed using the chain rule.

4. Weight Updates: Weights are updated using the Adam optimizer to mini-

mize the loss.

Backpropagation Update Rule

The weights are updated iteratively using the following rule:

where:

o w®: Weight at layer i.
e «: Learning rate.

e [: Loss function.

oL .

o 2% Gradient of the loss with respect to w®.
w

Iterative Weight Adjustment Algorithm

The algorithm for refining section weights during training is presented in Algo-

rithm 3.

In conclusion the proposed DNN effectively learns the relationships between section-

wise bibliographic coupling strengths of papers.

By leveraging backpropagation, the model dynamically adjusts section weights
to optimize the relatedness prediction, enhancing the accuracy of bibliographic

coupling analysis.
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Algorithm 3 Refining Section Weights for Enhanced Bibliographic Coupling
Analysis
Require: Section-wise bibliographic coupling strengths for each paper pair (A, B)
Ensure: Refined section weights wintro, Weth, WRes, Whisc

1: Initialize weights: wWintro, Weth, WRes, Whise <— Equal values

2: iter < 0, max_iter < Maximum allowed iterations

3: while iter < max_iter do

4: for all paper pairs (A, B) do

5: Compute predicted relatedness: 7+ f(w, A, B)
6: Calculate actual relatedness: r

7 Compute error: err < |7 —r|

8: if err > Threshold then

9: Update weights: w «— w — ozg—i

10: end if

11: end for

12: iter <—iter + 1

13: end while

4.5 Results and Evaluations

To elucidate the outcomes and analytical insights derived from applying the pro-
posed methodology. The evaluation leveraged two distinct datasets: ”Dataset-1,” a
manually annotated dataset for verifying the technique, and ”Dataset-2,” sourced
from Habib and Afzal [3], comprising 5000 academic papers. The application of
the methodology on ”Dataset-2” yielded a correlation coefficient of 0.84, surpass-
ing the 0.77 coefficient reported by Habib and Afzal [3]. Similarly, ”Dataset-1”
demonstrated correlation coefficients of 0.83 and 0.85, indicating the efficacy of the

proposed approach in capturing the relational dynamics within the data.

Significantly, the methodology employs a deep neural network, fine-tuned over
several epochs, to ascertain the optimal weights for section mapping to the IMRaD
structure. Unlike the arbitrary weight assignments by Habib and Afzal [3], the
proposed system systematically derives weights, normalizing them within the 0
to 1 range for coherence and comparability. Tables 4.2 and 4.3 delineate the
weights discerned for the datasets under study, showcasing minor variations across
datasets but maintaining correlation coefficients within the 0.83 to 0.85 range.
This consistency underscores the methodological robustness and adaptability of

the proposed system across diverse datasets.
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The analysis also explores section-specific weights and their implications for biblio-
graphic coupling in academic literature. When two papers are bibliographically
coupled, common citations within identical sections (e.g., Introduction, Methodol-
ogy, Results, Discussion) suggest thematic and methodological congruence. This
scenario is addressed through the weights presented in Table 4.2. Conversely,
cross-sectional citation patterns, where common citations span different sections
across the coupled papers, necessitate a separate weighting schema, as illustrated

in Tables 4.2 and 4.3 for ”Dataset-1” and ”Dataset-2,” respectively.

The slight variation in weights across datasets, without significant deviation,
suggests the proposed methodology’s scalability and applicability across varied
research themes. Figure 4.4 and 4.5, alongside comparative analysis tables 4.4
and 4.5, affirm the methodological merit and the consistent performance of the
system. This evidence collectively advocates for the proposed approach as a
viable and scalable solution for enhancing bibliographic coupling analysis and
section mapping in academic research. The methodological application reveals a
systematic and intelligent approach to determining section-specific weights within
bibliographic coupling. The derived insights validate the proposed methodology’s
effectiveness and highlight its potential for broad-scale implementation in academic
research analysis. Through strategic weight allocation and deep neural network
optimization, the system significantly improves correlation scores, offering a refined

tool for scholarly article evaluation and classification.

4.6 Complete Example: JSD and Spearman’s

Correlation

4.6.1 Step 1: Data Preparation

The normalized weights and common references for Papers A and B are in table

4.1:
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TABLE 4.1: IMRaD Sections Normalized Weights

Section Normalized Weight Paper A Paper B
Introduction 1.00 4 3
Methodology 1.82 6 5
Results 2.73 5 4
Discussion 3.55 2 3

4.6.2 Step 2: Weighted Common References

The weighted common references are calculated as:

Weighted Common References = Normalized Weight * Common Reference Count

For Paper A

Introduction:
Methodology:
Results:

Discussion:

For Paper B

Introduction:
Methodology:
Results:

Discussion:

4.6.3 Step 3: Probabilities

1.00 x 4 =4.00

1.82 x 6 = 10.92

273 x5 =13.65
3.50 x 2="17.10
1.00 x 3 = 3.00
1.82 x5 =9.10

2.73 x4 =10.92

3.55 x 3 =10.65

Convert the weighted references into probabilities by dividing each section’s weight

by the total weighted references.
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Total Weighted References for Paper A: 4.00 + 10.92 + 13.65 4+ 7.10 = 35.67

Total Weighted References for Paper B: 3.00 4+ 9.10 + 10.92 + 10.65 = 33.67

400 10.92 13.65 7.10
Py = = [0.112,0.306, 0.383, 0.1
4 [35.67’35.67’35.67’35.67} [0-112,0.306,0.383,0.199)
3.00 9.10 10.92 10.65
Py = — [0.089,0.270, 0.324, 0.317
b [33.67’33.67’33.67’33.67} 10089, 0.270,0.324,0.317)

4.6.4 Step 4: Jensen-Shannon Divergence (JSD)

Calculate the mean distribution:

Py+Pg  [0.112+0.089 0.306 + 0.270 0.383 +0.324 0.199 + 0.317
2 N 2 ’ 2 ’ 2 ’ 2

M=
M = [0.1005, 0.288, 0.3535, 0.258]

Compute the Kullback-Leibler divergence for P, and Pg:

P
KL(Pa||M) =" Pylog MA

0.112 0.306 0.383 0.199
KL(P,||M) = 0.1121 306 log —> 40.3831 0.199 log ~—°
(Pal|M) = 0.112log Fmrone+0.306 log gee + °8 03535 " 8 0.258
KL(Pa||M) = 0.012 + 0.018 + 0.030 — 0.054 = 0.006
L(P||[M) =) Pg log—

0.089 0.270 0.324 0.317

Pyl|M) = 0.0891 0.270 log ~2 +0.32410 0.317log ~2=*
KL(P|[M) ¢ 01005 ¢ 0oss " ¢ 03535 8 0.258

KL(Pg||M) = —0.011 — 0.017 — 0.027 + 0.065 = 0.010
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The JSD is:

1 1
JSD(P4|Pg) = SKL(P4[|M) + SKL(P| | M)

1
JSD(P4||Pp) = 5(0.006 +0.010) = 0.008

4.6.5 Step 5: Spearman’s Rank Correlation

The JSD measures the similarity between the distributions of common references
as 0.008, indicating high similarity. The Spearman’s correlation coefficient is 1,

indicating perfect agreement in rankings.

TABLE 4.2: The section’s Ranking and Weights - (Dataset-1)

IMRaD Sections Weights
Introduction 0.10
Methodology 0.23
Results 0.31
Discussion 0.36

TABLE 4.3: The section’s Ranking and Weights - (Dataset-2)

IMRaD Sections Weights
Introduction 0.11
Methodology 0.20
Results 0.30
Discussion 0.39

TABLE 4.4: Cross Sections Weights Paper A and Paper B - (Dataset-1)

Sections of A/B I M R D

Introduction 0.10 0.18 0.09 0.03
Methodology 0.10 0.23 0.09 0.07
Results 0.05 0.07 0.31 0.08

Discussion 0.20 0.10 0.40 0.36
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H Introduction
I Methodology

[ Results
O Discussion

FIGURE 4.2: IMRaD Sections Weights (Dataset-1)

B Introduction
O Methodology

O Results
O Discussion

FIGURE 4.3: IMRaD Sections Weights (Dataset-2)
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TABLE 4.5: Cross Sections Weights Paper A and Paper B - (Dataset-2)

Sections of A/B I M R D

Introduction 0.11 0.19 0.03 0.01
Methodology 0.10 0.23 0.09 0.07
Results 0.05 0.09 0.30 0.02
Discussion 0.11 0.12 0.14 0.39

TABLE 4.6: Correlation (%) for Dataset-1

Method Correlation (%)
Proposed 86
Habib 75
BC 72
CBF 71

TABLE 4.7: Correlation (%) for Dataset-2

Method Correlation (%)
Proposed 84
Habib 7
BC 71
CBF 73

4.7 Conclusion

The study aimed to improve the process of identifying relevant research papers. An
Artificial Neural Network (ANN) with a backpropagation algorithm was utilized to
assign weights to the different sections of scholarly articles, such as Introduction,

Methods, Results, and Discussion (IMRaD).

The findings revealed insights into the importance of different sections within
research papers. In Dataset-1, the Discussion section was assigned the highest
weight, followed by Results, Methods, and Introduction. This reflects the common
understanding that the Discussion and Results sections often contain crucial insights.
Dataset 2 showed a similar pattern, reinforcing the consistency of the approach
across different datasets. Comparatively, the accuracy of the proposed method

demonstrated a significant improvement over traditional bibliographic coupling



Section’s Ranking € Weights Adjustment to Discover Bibliographically .... 126

100 [ :
95 |- 8
S
= 90| N
L
E 86
8 8| |
@)
)
&D
o
¢ 80| 8
<
75
5 8
72
71
70| H ﬂ |
[ [ [ [
Proposed Habib BC CBF

FIGURE 4.4: Results: Comparison of correlation for dataset-1

methods. Specifically, the correlation scores obtained from analysis—0.83 to 0.85 for
Dataset-1 and 0.84 for Dataset-2—markedly surpass the benchmark set by Habib
and Afzal, which was previously reported at 0.77. This enhancement in accuracy
validates the efficacy of incorporating dynamic section weights and highlights the
potential of the proposed methodology to revolutionize the identification of relevant

research papers.

e Employing an Artificial Neural Network (ANN) with a backpropagation
algorithm to assign weights to different sections of scholarly articles, such
as Introduction, Methods, Results, and Discussion (IMRaD), the research

demonstrates significant improvements over traditional methods.

e The study introduces a dynamically assigning weights to sections to enhance

the accuracy of bibliographic coupling in identifying relevant research papers.
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e The findings reveal that certain sections, like the Discussion, hold importance,

reflecting the inherent value of scholarly contributions.

e Moreover, the methodology’s adaptability and ability to integrate with exist-
ing bibliographic coupling approaches offer robust tools for researchers across
various domains, promising effective and efficient exploration of scholarly

literature

4.7.1 Limitations and Challenges

Despite the positive outcomes, this study encountered several limitations and

challenges that warrant discussion:

e Dataset Limitations Dataset-2, which relies on automated clustering using

JSD, lacks manual annotation, introducing potential biases in the generated
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clusters. Although validation was conducted by comparing with Dataset-1,
further refinement and validation of Dataset-2 are required to ensure its

robustness.

e Scalability Issues While the proposed deep learning model performed
well on the available datasets, its computational requirements may increase
significantly with larger datasets.

Training deep neural networks demands substantial hardware resources,
including high-performance GPUs, which may limit the system’s applicability

in resource-constrained environments.

e Section-Level Granularity The proposed model assumes uniform impor-
tance for each section across all research papers. However, the significance of
specific sections may vary depending on the research domain. Future work
could explore context-aware models that dynamically adjust section weights

based on the type or field of the research paper.

e Generalizability to Other Formats The methodology is based on the
IMRaD structure, which is prevalent but not universally used across all
disciplines. Papers in humanities or interdisciplinary research often deviate

from the IMRaD format, posing challenges to this model’s generalizability.

e JSD Assumptions and Limitations Although JSD effectively captures
thematic similarities, it assumes that the text distributions are well-represented
by TF-IDF vectors. In cases where the vocabulary distribution is sparse or

inconsistent, JSD may not perform optimally.

Future work could explore alternative similarity measures or hybrid ap-

proaches.

e Impact of Hyperparameter Tuning: The neural network’s performance
heavily depends on hyperparameters such as learning rate, activation func-
tions, and the number of hidden layers.

While the model was fine-tuned for the current datasets, hyperparameter

optimization for different datasets and domains remains challenging.
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4.8 Summary

This chapter introduces a novel system designed to enhance the discovery of
bibliographically coupled papers by dynamically adjusting section weights. The
research directly addresses the question of maximizing the correlation between
bibliographic coupling strength and paper relatedness, leveraging both deep learning

neural networks and Jensen-Shannon Divergence (JSD) for validation and clustering.

The chapter first validates two datasets: Dataset-1, which serves as a manually
annotated ”ground truth,” and Dataset-2, generated using JSD. The validation
process emphasizes the necessity of confirming Dataset-2’s accuracy due to its
automated generation. This establishes the foundation for using JSD as a reliable

method for identifying thematic relationships in academic papers.

JSD’s role in this system is crucial. By measuring the similarity between the
probability distributions of textual content, JSD accurately clusters related papers.
The chapter provides a detailed algorithm for calculating JSD, illustrating how
it can efficiently uncover relationships based on word distributions. For example,
in academic research databases, this clustering enables precise literature reviews
by filtering relevant studies based on thematic content, ultimately streamlining
researchers’ workflows. Additionally, JSD’s application in citation management
software helps identify papers that may not be immediately apparent as related,

offering researchers a broader view of the literature landscape.

The chapter then outlines the system architecture of the proposed method, which
employs a deep neural network (DNN) with backpropagation to assign and refine
section weights. Unlike previous heuristic methods, the neural network systemati-
cally learns the importance of sections such as Introduction, Methodology, Results,
and Discussion. For instance, in a real-world application, this approach could
be used to prioritize the discussion sections of research papers when suggesting
references for a review article, as these sections often contain crucial insights.
Through extensive evaluation, the system’s performance demonstrates a high corre-
lation between the predicted paper relatedness and bibliographic coupling strength,

with accuracy scores surpassing traditional bibliographic coupling methods. The
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study’s results indicate that using dynamic section weights significantly enhances
the identification of related research papers. This improvement has direct prac-
tical implications: academic search engines can utilize the weighted sections to
provide targeted search results, improving the accuracy of paper recommendations
for researchers. Similarly, in personalized recommendation systems for academic
libraries, these weights can guide the system to suggest literature aligned with

specific research interests.

4.8.1 Applications of the Proposed Method

While the summary mentions potential implications, this section provides specific

examples of real-world scenarios where the proposed methodology can be applied:

e Academic Search Engines Search platforms such as Google Scholar or
IEEE Xplore can leverage section-weighted bibliographic coupling to provide
accurate search results.

For instance, if the system detects a stronger coupling in the Discussion
section, it can prioritize papers with similar conclusions, aiding researchers

in quickly finding relevant studies.

e Citation Recommendation Tools Tools like Zotero and EndNote can
utilize the dynamic weight model to suggest citations accurately based on
the content section. For example, if a user is working on the Methodology
section of their paper, the system can recommend research papers with similar

methodologies, improving citation relevance.

e Systematic Reviews and Meta-Analyses The methodology can assist
researchers in conducting systematic reviews by automatically identifying
papers with similar methodologies or results. This ensures the inclusion of

relevant studies and speeds up the literature review process.

e Academic Libraries and Institutional Repositories University libraries

can use the proposed method to create thematic clusters of publications from



Section’s Ranking € Weights Adjustment to Discover Bibliographically .... 131

their repositories. For example, clustering dissertations or theses by weighted
sections allows for better organization, helping students find relevant research

efficiently.

e Interdisciplinary Research Tools Since interdisciplinary research often
involves connecting papers from different fields, the dynamic section-weighting
system can prioritize meaningful connections across disciplines. For example,
it can link papers based on shared methodologies or similar results, even if

they belong to different domains.

e Research Grant Applications and Reports Research institutions could
use the system to identify trends in specific research areas. For example,
clustering previous papers by weighted sections can reveal the most impactful
methods or findings, supporting data-driven decisions for grant applications

or policy recommendations.

e Personalized Recommendation Systems Personalized recommendation
engines, embedded within academic platforms or learning management sys-

tems, could benefit from section-wise weight adjustment.

For example, the system could suggest relevant papers for PhD students or
early-career researchers based on their ongoing work, such as finding studies

with complementary results or methodologies.

In conclusion, the chapter presents a comprehensive approach that combines the
strengths of JSD and deep learning for bibliographic coupling analysis. By incorpo-
rating section weight adjustment into the clustering process, the system offers an
innovative tool that not only improves the accuracy of related paper identification
but also has the potential to revolutionize academic literature exploration, making

research accessible and interconnected for scholars.



Chapter 5

Overall Conclusion and Future

Work

5.1 Overview

This chapter concludes the dissertation’s key findings. It emphasizes accurately
mapping IMRaD sections (Introduction, Methods, Results, and Discussion) and
later focuses on identifying and weighting research paper sections to enhance
bibliographic coupling. The chapter also discusses the results and compares them
with previous research. The paper addresses the issues found during the research
process and opens opportunities for future research to refine methods for finding

related papers.

5.2 Conclusion

In this dissertation, it has been argued that logical sections of research papers are
crucial in finding related papers through various information retrieval techniques,
such as content-based, bibliographic coupling, and co-citation-based approaches.
Accurately identifying and mapping these sections to the IMRaD (Introduction,
Methods, Results, and Discussion) structure is a foundational step in bibliometric

132
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analysis. Additionally, since each section holds specific importance, assigning
appropriate weights is critical to enhancing the effectiveness of related paper
identification methods. This research primarily focused on accurately identifying
these sections and assigning appropriate weights, thus improving the precision of

the bibliographic coupling approach.

This research addressed two major gaps identified through a critical review of the
literature: (1) the low accuracy reported in mapping section headings to the IMRaD
structure and (2) the arbitrary assignment of weights to sections in bibliographically

coupled papers. These issues formed the basis for the following research questions:

e RQ1: How can a method be devised with improved accuracy to map the
sections of research papers to the IMRaD structure, considering the variations

of these sections?

e RQ2: How can sections’ weights be tuned to maximize the correlation

between Bibliographic Coupling strength and paper relatedness?

5.2.1 RQ1: Section Mapping to IMRaD

The first research question was addressed by developing a comprehensive method-
ology for accurately mapping the logical sections of research papers to the IMRaD
structure. The methodology employed advanced techniques to achieve this goal,
including PDF-to-XML conversion, feature extraction, and machine learning algo-

rithms. The key elements of the approach were:

e Data Conversion: Research papers were converted from PDF to XML format
to enable structured data processing. This conversion was crucial as it

provided a standardized way to extract textual content and metadata.

e Feature Extraction The methodology focused on extracting potential features
such as subheadings mapping, figures and tables count, and in-text citation

frequency. These features were critical in identifying the unique characteristics
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of different sections and mapping them to the corresponding logical sections

in the IMRaD structure.

5.2.1.1 Results Comparison

To quantify the impact of the proposed methodology, a comparative analysis with
existing approaches was conducted using precision, recall, and F-measure. Table 5.1
presents the results, highlighting the significant improvements achieved by the
proposed method.

TABLE 5.1: Comparison of Methodologies for Section Mapping Accuracy

Methodology Precision Recall F-Measure
Ding et al. [1] 0.87 0.81 0.81
Shahid et al. [2] 0.81 0.81 0.81
Habib et al. [3] 0.89 0.89 0.89
Proposed Method 0.97 0.97 0.97

Table 5.1 indicates that the proposed methodology significantly outperforms existing
techniques for all three metrics. The precision and recall rates of 0.97 demonstrate
the method’s high accuracy and ability to effectively map sections in the IMRaD
structure. This advancement addresses the earlier limitations in the literature,
where false positives and missed section boundaries often led to incorrect mapping.
By incorporating subheading mapping, figures and table counts, and citation
frequency as features, the proposed method improved the precision by 8% and

recall by 8% compared to the best existing approach.

5.2.1.2 Issues in PDF-to- XML Conversion and Annotation

Despite advancements in automated tools, several technical challenges arise during
the PDF-to-XML conversion process, requiring manual corrections and interven-

tions. This section outlines some key challenges encountered, especially when using

tools like PDFX.
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PDFX-Related Issues

PDFX and similar PDF-to-XML converters encounter various difficulties due to
the inherently visual nature of PDF documents. Designed for presentation, PDFs

often make extracting structured data into XML complex and prone to errors [100].

1. Loss of Hierarchical Structure: Nested headings, such as section titles and
subsections, often become flattened during conversion, resulting in an inaccurate
XML representation. This loss of hierarchy complicates downstream processing,

such as document parsing.

2. Handling Complex Layouts: Converters struggle with layouts involving
multiple columns, tables, or embedded images. Mismatches and broken sections are
common in XML output, which affects the readability and usability of converted

documents [100].

3. Text Formatting Errors: Fonts, special characters, and text styles are
frequently misrepresented or lost during conversion. These errors require manual

adjustments to accurately restore the original document’s intent and structure.

4. Graphical Data Extraction: Extracting data from charts and images is
challenging, often requiring manual intervention to align figures with their corre-
sponding sections in XML. This limits the automation potential of tools like PDFX
[100].

5. Manual Corrections and Annotations: Semi-structured PDFs demand
manual corrections, particularly for complex academic documents. The limitations
of PDFX highlight the need for careful validation to ensure reliable conversion and

annotation [100].

In conclusion the enhanced accuracy achieved by the proposed method is evident
when compared to the performance of existing techniques (Table 5.1). While Ding
et al. [1] and Shahid et al. [2] relied on dictionary terms and templates for mapping,
they struggled to capture the nuanced differences between sections, often resulting

in misclassifications. The proposed method’s integration of multiple discriminative
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features, including the frequency of figures, tables, and in-text citations, allowed for
a comprehensive analysis of section characteristics, significantly improving mapping

accuracy.

5.2.2 RQ2: Optimizing Section Weights for Bibliographic

Coupling

The second part of the study focused on addressing the problem of arbitrary
weight assignments in bibliographically coupled papers. The research introduced
an Artificial Neural Network (ANN) with a backpropagation algorithm to optimize
these weights systematically. By learning from a large corpus of annotated data, the
ANN could fine-tune the importance of different sections about paper relatedness.
Table 5.2 and Table 5.3 summarize the accuracy improvements achieved through

this approach.

TABLE 5.2: Correlation Scores for Different Recommendation Approaches
(Dataset-1)

Approach Correlation (%)
Proposed 86
Habib et al. [3] 75
Bibliographic Coupling (BC) 72
Content-Based Filtering (CBF) 71

TABLE 5.3: Correlation Scores for Different Recommendation Approaches
(Dataset-2)

Approach Correlation (%)
Proposed 84
Habib et al. [3] 7
Bibliographic Coupling (BC) 71
Content-Based Filtering (CBF) 73

The proposed approach achieved an correlation of 86% with Dataset-1, showing a
significant improvement over the method by Habib et al. [3], which achieved 75%,
and a 15% improvement over traditional Bibliographic Coupling (72%). Similarly,
the method outperformed Content-Based Filtering (CBF), which achieved 71%.

With Dataset-2, the proposed method maintained a high correlation score of
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84%, outperforming Habib et al. [3] by 7%, who achieved 77%. The results also
surpassed traditional Bibliographic Coupling (71%) and Content-Based Filtering
(CBF) (73%).

These results highlight the effectiveness of the proposed machine-learning-based
approach in dynamically adjusting section weights, maximizing the correlation
between bibliographic coupling strength and paper relatedness across different
datasets. The superior performance demonstrates the model’s ability to better
capture nuanced patterns in section-wise coupling, setting a new benchmark in

academic paper recommendation systems.

5.3 Discussion

The results achieved in this study represent a significant advancement over existing
methodologies in bibliometric analysis. The research addressed the long-standing
issues of section misclassification and arbitrary weight assignments by combining

structured data conversion, discriminative feature extraction, and machine learning.

One key contribution of the study is its focus on subheading mapping and integrating
additional features, such as figures, tables, and citation counts, to improve the

accuracy of section mapping.

This approach goes beyond the traditional reliance on static dictionary terms
or templates, allowing for a nuanced understanding of the document’s structure.
Incorporating machine learning models further refined this process, enabling the

system to learn complex patterns in section characteristics.

Despite these successes, the study also identified limitations. Although essential, the
PDF-to-XML conversion process introduced potential errors due to the PDF files’
semi-structured nature. This issue underscores the need for sophisticated document
parsing algorithms to handle complex formats. Furthermore, the approach’s

dependency on bibliographic coupling limits its applicability to research papers
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with citation links. Future work should explore integrating co-citation analysis and

content-based methods to broaden the methodology’s scope.

5.4 Future Work

Building on the findings of this research, several avenues for future exploration are

proposed:

e Advanced Document Parsing: Develop enhanced algorithms for accu-
rately converting PDF files to XML, focusing on resolving issues related to

complex document structures.

e Dynamic Weight Adjustment: Investigate using reinforcement learning
models to adjust section weights in bibliographic coupling to adapt to changing

research trends.

e Cross-Disciplinary Validation: Extend the methodology to other aca-
demic disciplines to assess its generalizability and adapt it for fields with

different publication norms.
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e Integration with Co-Citation Analysis: Explore the combination of
bibliographic coupling and co-citation analysis to enhance the identification

of related papers, potentially developing a hybrid IR model.

e Influence of Citation Context on Bibliographic Coupling: The rela-
tionship between two bibliographically coupled papers may be influenced by
their bibliographic coupling strength and the total number of citations each

paper has. For example:

— Case 1: Paper E has 20 citations, Paper F has 10 citations, and their
bibliographic coupling strength is 2 as both cites paper C and D as

mentioned in Figure 5.1.

— Case 2: Paper A has 2 citations, Paper B has 2 citations, and their
bibliographic coupling strength is also 2 as both cites paper C and paper

D as mentioned in figure 5.1.

While the bibliographic coupling strength is the same, the context differs
significantly. It can be checked in the future whether Case 2, with a higher
proportion of overlapping references relative to total citations, indicates a
stronger relationship compared to Case 1, where the overlap is a smaller
fraction of the total references. This analysis can help refine the interpretation

of bibliographic coupling strength in the context of citation distributions.

5.5 Summary

The chapter ”Overall Conclusion and Future Work” encapsulates the culmina-
tion of the dissertation’s findings and proposes avenues for future research. The
dissertation’s central argument revolves around the significance of logical section
identification in research papers and the criticality of assigning appropriate weights
to these sections to enhance the effectiveness of related paper identification methods,
particularly in bibliographic coupling. Here’s a detailed summary of the chapter:
The dissertation begins by highlighting the importance of accurately identifying and

mapping logical sections of research papers to the IMRaD structure. It emphasizes
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the need for assigning weights to these sections to improve the efficacy of related

paper identification methods, especially in bibliographic coupling.

A critical literature analysis identifies two primary research gaps: low accuracy in
mapping section headings to the IMRaD structure and assigning arbitrary weights
for tuning section weights as outlined in papers. The research questions (RQ1 and
RQ2) are formulated based on these identified gaps. They focus on maximizing
the correlation between bibliographic coupling strength and paper relatedness and

collecting /preparing an annotated dataset for evaluation.

The dissertation presents a novel method for improving the accuracy of mapping
logical sections onto the IMRaD structure. This method incorporates in-text cita-
tion, figure, and table count, resulting in significantly improved precision and recall
compared to contemporary approaches. Additionally, a comprehensive method-
ology for tuning section weights is outlined to maximize the correlation between
bibliographic coupling strength and paper relatedness. This methodology utilizes
an Artificial Neural Network with a backpropagation algorithm, demonstrating

substantial accuracy improvement in weight assignment.

Despite the significant contributions, the proposed approach has limitations, in-
cluding dependency on PDF-to-XML conversion tools and applicability restricted
to bibliographically coupled papers.

The chapter concludes with a comprehensive discussion of future research directions,
focusing on enhancing conversion algorithms for section identification, optimizing
section weights using ANN, broadening the scope of application across disciplines,
extending the approach to co-cited papers, and leveraging big data and Al for

bibliometric analysis.

Each future research direction is elaborated with specific strategies and potential
advancements, aiming to address the identified limitations and push the boundaries

of bibliometric analysis.
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