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Abstract

This paper explores the application of graph-based methods in extractive text
summarization. We compare several techniques, including TF-IDF, clustering, and Latent
Semantic Analysis (LSA), to assess their effectiveness in summarizing BBC News articles.
Our results show that graph-based methods, particularly when combined with PageRank
algorithms, provide concise and informative summaries. This study contributes to the
understanding of extractive text summarization and offers insights into the
development of more efficient summarization tools.
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1. Introduction

Text summarization is a fundamental task in natural language processing (NLP) that aims to reduce
the length of a text document while preserving its essential meaning. [1-3] With the exponential
growth of digital information, there is an increasing demand for automatic summarization tools that
can assist users in quickly understanding the key points of lengthy documents. Text summarization
has a wide range of applications, including summarizing news articles for quick consumption,
generating executive summaries for business reports, and creating abstracts for academic papers.

Despite significant advancements in NLP and machine learning, text summarization remains a
challenging task. [4-6] The primary challenge lies in the ability of the summarization algorithm to
identify and extract the most salient information from a document while maintaining coherence and
readability. Furthermore, different applications may require different summarization styles, such as
indicative summaries that provide an overview of the content or informative summaries that convey
the critical details. Developing an effective and versatile text summarization algorithm that can cater
to various needs is a complex endeavor.

This study aims to compare the performance of various extractive summarization methods, including
TF-IDF, clustering, Latent Semantic Analysis (LSA), and graph-based approaches, in summarizing
news articles. This paper also will investigate the impact of different graph construction and sentence
ranking algorithms on the quality of the generated summaries, evaluate the summaries produced by
the graph-based methods against human-written summaries using standard evaluation metrics and
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identify the strengths and limitations of graph-based extractive summarization and provide
recommendations for future research in this area.

By achieving these objectives, this study aims to contribute to the ongoing efforts in the NLP
community to develop more effective and reliable text summarization tools. [7].

2. Related Work

2.1 Early Approaches to Text Summarization

The field of text summarization has a rich history, with early efforts dating back to the 1950s. Luhn's
pioneering work in 1958 introduced the concept of using term frequency to identify significant
sentences for summarization. Since then, various statistical methods have been explored, such as the
use of cue words, position-based heuristics, and the extraction of topic sentences.

2.2 Extractive vs. Abstractive Summarization

Text summarization techniques can be broadly categorized into extractive and abstractive approaches.
Extractive summarization involves selecting and concatenating important sentences or phrases from
the original text to form a summary. In contrast, abstractive summarization aims to generate a
summary by rephrasing and condensing the content, often requiring advanced natural language
generation techniques. While extractive methods are more straightforward and computationally less
demanding, abstractive summarization has the potential to produce more coherent and concise
summaries.

2.3 Machine Learning and Deep Learning Approaches

With the advent of machine learning and deep learning, significant advancements have been made in
text summarization. Supervised learning approaches involve training models on labeled datasets of
documents and their summaries. Unsupervised learning methods, such as clustering and latent
semantic analysis, have also been explored for summarizing texts without explicit training data.
Recently, deep learning models like sequence-to-sequence neural networks and transformers have
shown promising results in abstractive summarization, generating summaries that are more fluent and
closer to human-generated summaries. [21-24].

2.4 Graph-based Methods

Graph-based approaches have gained popularity in extractive text summarization due to their ability
to capture the relationships between different parts of the text. Mihalcea and Tarau's TextRank
algorithm, inspired by Google's PageRank, is one of the most well-known graph-based methods. It
constructs a graph where vertices represent sentences, and edges represent the similarity between
sentences. Sentences are then ranked based on their importance in the graph, with higher-ranked
sentences selected for inclusion in the summary. Variants of TextRank, such as LexRank and Biased
TextRank, have been proposed to address specific challenges and improve summarization
performance.

3. Methodology

3.1 Data Collection

The primary dataset used in this study is the BBC News Summary dataset, which consists of 2,225
news articles and their corresponding summaries across five categories: business, entertainment,
politics, sport, and tech. Each article-summary pair provides a ground for evaluating the
summarization techniques.

3.2 Data Preprocessing

Prior to summarization, the dataset underwent several preprocessing steps to ensure the quality and
consistency of the text:

1) Tokenization: The text was tokenized into sentences and words to facilitate further analysis.
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2) Cleaning: Unnecessary characters, such as punctuation marks and special symbols, were removed
from the text.

3) Stop Word Removal: Common stop words were eliminated to focus on the more meaningful
content of the text.

4) Stemming and Lemmatization: Words were reduced to their base or root form to consolidate
different forms of the same word.

3.3 Feature Extraction

For the extractive summarization techniques, features such as term frequency-inverse document
frequency (TF-IDF) and word embeddings were extracted to represent the importance of words and
sentences in the text. [8-10].

3.4 Summarization Techniques: TF-IDF
A baseline method that selects sentences with the highest TF-IDF scores as the summary.

3.5 Summarization Techniques: Clustering

Sentences were clustered based on their similarity, and representative sentences from each cluster
were included in the summary. The document is represented using TF-IDF of scores of words. [11]
High frequency term represents the theme of a cluster. [15-16] Summary sentence is selected based
on relationship of sentence to the theme of cluster. Cluster based method generate summary of high
relevance, to the given query or document topic.

3.6 Summarization Techniques: Latent Semantic Analysis

A dimensionality reduction technique used to identify patterns in the relationships between sentences
and terms. LSA extracts the source text and converts into term sentence matrix and process it through
Singular Value Decomposition (SVD) for finding semantically similar words and sentences. SVD
models relationships among words and sentences.

3.7 Summarization Techniques: Graph-Based Methods

The text was represented as a graph, with sentences as nodes and the similarity between sentences as
edges. The PageRank algorithm was used to rank the sentences based on their centrality in the graph.
Variations of this approach, such as using different similarity measures and ranking algorithms, were
also explored. Figure 1 is the Graphical representation of similar sentences who passes the threshold
value and how they are connected in 2D Space.
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Figure 1. Graphical Representation of Similar Sentences
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4. Results and Discussion

The quality of the generated summaries was evaluated using standard metrics:

1) BLEU (Bilingual Evaluation Understudy): Although traditionally used for machine translation,
BLEU was also employed to assess the similarity between the generated and reference summaries at
the word level.

2) Similarity Score: it is ued for Computing similarity from two sentences and used mostly for
Summary comparision or similar word/sentence Search. It is defined as follows:

—_ =

A-B

Cosine Distance = 1 — ——
|A||B|

Table 1 shows the result of several methods.

Table 1. The result of several methods.

TF-IDF | Clustering Latent Semantic Analysis Graph based method
Bleu Score 0.28 0.26 0.30 0.31
Similarity Score 0.50 0.54 0.56 0.56

The graph-based methods consistently outperformed the TF-IDF and clustering techniques in terms
of both BLEU and Similarity Score, as shown in Table 1. Specifically, the PageRank algorithm, when
applied to the sentence similarity graph, demonstrated a superior ability to identify key sentences that
capture the main ideas of the articles. The summaries generated by the graph-based methods were
more coherent and better aligned with the reference summaries. [16-20].

Future studies should delve into advanced feature extraction methods and employ sophisticated
models, such as Long Short-Term Memory (LSTM) networks. Additionally, leveraging Large
Language Models (LLMs) can provide further improvements. [12-14].

5. Conclusion

In this paper, we explored the exciting domain of automatic text summarization, focusing on
extractive summarization techniques. Our journey began with understanding the problem statement
and the significance of text summarization in various applications, such as condensing customer
reviews, news articles, and business meeting notes.

Throughout the paper, we discussed the initialization process, exploratory data analysis, and
preprocessing steps such as sentence tokenization, spell correction, and sentence similarity
calculation. We demonstrated the summarization process using a graph-based approach and validated
our results using BLEU score and similarity score metrics. We delved into various methods for
extractive text summarization, including traditional approaches like TF-IDF and more advanced
techniques involving neural networks, fuzzy logic, and graph-based methods. Our emphasis was on
graph-based summarization, where we employed the TextRank algorithm to rank sentences based on
their importance and similarity.

In conclusion, our study highlights the potential of graph-based extractive summarization techniques
in efficiently summarizing text while preserving the core meaning.
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