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Abstract

In the digital age, a vast reservoir of unstructured data has become readily accessible,
offering opportunities for intelligent applications such as data analysis, Automatic Text
Summarization (ATS), caption or headline generation, and rumor detection, among many
others. There are different approaches in text mining; summarization is one of those
approaches. Text summarization automatically creates a brief overview of a lengthy text
document while retaining crucial details. Text summarization has many techniques or
approaches according to need and expectation. In this review paper we describe the
research scenario of text summarization from 1958 to 2024. The purpose of this paper is
to understand the evolution between old techniques and new techniques. It presents a
variety of datasets, assessment strategies, and automatic text summary approaches.
Nowadays, deep learning provides significant results in text summarization. Selecting key
phrases from the source text that accurately communicate the original meaning is crucial
when summarizing text. These surveys do provide a comprehensive evaluation framework
for assessing the approaches mentioned. Therefore, this survey provides three main
contributions: 1) Explanation of techniques and classification of text summarization
methods based on expected output and available data. 2) An exploration of datasets along
with their evaluation techniques and results as discussed in some papers. 3) Identification
of research gaps for further study. This paper provides an overview of text summarization
and identifies opportunities for further research.

Keywords: Summarization, Automatic, Deep Learning, Evaluation, Extraction,
Abstraction.

A. Introduction

The internet provides access to numerous articles and multimedia information daily. As
of April 2024, there were 5.44 billion internet users worldwide; 5.07 billion, or 62.6
percent of the world's population, were social media users [1]. The digital age has
produced a huge amount of unstructured data, creating opportunities like data analysis,
data science, and full-stack development. Natural Language Processing (NLP)
concentrates on the representation and analysis of human language. A broad range of
technologies is available for the improved utilization of vast unstructured data, including
text summarization, caption or headline generation, and rumor detection, among others.
Summarization techniques are essential in text mining as they mitigate information
overload, enhance information retrieval, and facilitate more effective decision-making
across diverse domains [3]. Various methodologies exist for summarizing content, one of
which is the fuzzy extractive approach. Fuzzy logic (FL) improves Automatic text
Summarization (ATS) algorithms to manage significantly greater uncertainty or
ambiguity, rendering it a useful asset in text mining. FL can facilitate decision-making
regarding the relevance or significance of content in a summary by evaluating degrees of
membership across many categories [4], [5].

There are other difficulties, such as user-specific summaries, multi-document summaries,
supported language issues, and evaluation techniques for the generated summaries. To
address these issues, it is necessary to develop new procedures with enhanced precision.
In addition, progress in natural language processing can enhance the precision and
coherence of the produced summaries. This survey outlines text summarization
techniques, explores datasets, and identifies research gaps, providing an overview of
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expected output and available data, highlighting opportunities for further study. This
study work aims to identify gaps and review prior techniques to advance further.

B. Dataset:

In ATS research, the selection of an appropriate dataset is essential for assessing the
efficacy of suggested methodologies. Datasets may be classified as private or public.
Public datasets are widely utilized, with approximately 85% of research depending on
them, in contrast to 15% that utilizes private data. Document Understanding Conference
(DUC) is a leading public dataset for text summarizing. It consists of news articles and
abstracts, making it suitable for evaluating the performance of summarization algorithms
on real-world data. Another popular public dataset is CNN/Daily Mail, which contains
news articles paired with bullet point summaries. Researchers often use this dataset to
compare the effectiveness of different summarization techniques. Private datasets, on the
other hand, are typically more specialized and may require additional permissions for
access.

Dig. 1 Data Set Distribution
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C. Distribution of Research:

Text mining research has been conducted for several decades. But since 2018, we've
noticed a big shift in these sectors, with new topics of study appearing more frequently.
This study examines literature from 1958 to 2024. Once more, we derive it from various
types of input documents and output formats. We make an effort to wrap up research
paper 201. This study aims to provide a comprehensive overview of the evolution of text
mining research over the years (Dig. 2 (a)). By analyzing the distribution of research
topics and methodologies, we can gain insights into the trends and advancements in this
field ((Dig. 2 (b)). In the following diagram (Dig. 3) we illustrate the hierarchy of the ATS.
Researchers can select the best technique from the following TS categories, depending on
the type of text and the level of detail they want in the summary.
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D. Review of Relevant Literature:

The review of relevant literature provides a comprehensive overview of the evolution of
text mining research over the years, highlighting key advancements and trends. By
analyzing the distribution of research topics and methodologies, researchers can gain
valuable insights into the current state of the field and identify potential areas for future
exploration. Initially, data is collected and examined to comprehend its substance.
Ultimately, the vital information has been reduced and integrated into a brief overview.

1. Based on Document Type

A single-document summarization (SDS) algorithm identifies significant phrases from a
singular source material [6]. Conversely, multi-document summarizing (MDS) entails
utilizing several documents as input to produce a summary [7]. Mao et al. developed the
Maximal Marginal Relevance (MMR) algorithm to help with issues that arise when there
is only one document and not enough information is available to accurately judge the
importance of each sentence [8]. Mandal et al. utilized the Cuckoo Search algorithm and
sentiment analysis to evaluate phrases in a single-document extractive summarization
approach [9].

Radev et al. proposed that relative utility (RU) serves as a robust metric for assessing the
efficiency of extractive summarization methods for both individual and multiple
documents [10]. Veningston et al. created Reinforcement Learning-MMR, a method that
combines advanced neural single-document summarization algorithms with standard
multi-document summarization metrics to handle the complexity of larger search spaces
[11]. Zajic et al. conducted research on Contextual Multi-document Summarization (CMS)
by employing multi-document summarization and Independent Multi-document
Summarization (IMS), treating each email as a singular document summary task [12].
Wolhandler et al. used the Super-PAL model [13] to predict summary source alignment
scores. This made it easier for summarization datasets and models to combine data from
many sources [14]. Fabbri et al. presented Multi-News, the inaugural extensive MDS news
dataset [15]. Ma et al. conducted a systematic examination of contemporary deep
learning-based MDS algorithms [16]. Zhang et al. looked into how to adapt a state-of-the-
art neural abstractive summarization model MDS. They found that it worked better with
less tweaking on a small set of multi-document summaries [17].

Recent studies on encoder-decoder models for MDS and SDS provide multiple solutions.
Challenges encompass the complicated process of generating summaries for lengthy
meetings involving numerous participants and subjects, the constraints of conventional
assessment metrics such as ROUGE, and the deficiency of parallel data for multi-document
summaries.

Table no. 1 Representation of ATS methods considering Document Type

Source Focus Data / Result
Methodology
[6] Non-negative Matrix DUC 2002 Efficiently defining main
Factorization (NMF) benchmark topics, removing noise,
and improving
performance, using NMF.
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[8] Biased lexrank from DUC 2001 and Integrates prior scores
neighborhood DUC 2002 from neighborhood
documents. datasets documents.
[9] Cuckoo Search Opinosis dataset Technique to assign
algorithm 1.0 scores to sentences, which
helps in determining their
importance and relevance.
[10] RU method DUC 2003 and Demonstrate that RU is a
2004 multi- valid and potentially
document superior metric for
evaluation.
[11] LSTM and RNN for Daily Mail Personalized text
Multi-document dataset, summarization that
Extractive Multinews adapts to user needs and
summarization Text dataset specific tasks.
[12] CMS and IMS Half a million CMS is generally more
emails from the effective than IMS.
folders of 151
Enron
employees.
[14] MDS models DUC (2001 to Fine-tuning on a single
2007), TAC effective document,
(2008, 2009, achieves better summary
2010,2011), performance than fine-
multinews tuning on the full set of
documents.
[15] SDS system DUC 2004 and PG-MMR gives highest
Multi-News Fluency, Non-Redundancy
(Firstlarge-scale | and Informative summary.
MDS news
dataset)
[16] Survey on Deep- Review Comparison between
learning-based MDS dataset
models
[17] RL-MMR for MDS) DUC and TAC Framework effectively
bridges the gap between
SDS and MDS

2. Based on Language

Effective summarizing models must account for the distinct features, syntax, vocabulary,
and cultural specifics of each language to provide precise and coherent summaries. The
Language Grid offers access to a variety of language datasets and tools, essential for
training and enhancing language models for particular languages. The European
Language Grid (ELG) [22] is one example of such a resource.
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Mihalcea et al. presented a language-agnostic extractive summarization technique,
demonstrating its efficacy in English and Portuguese [23]. Li et al. created a way to get
standard and up-to-date summaries by using topic modeling to figure out what's
important and dynamic modeling to handle duplicate content [24]. By automatically
extracting linguistic resources, Denkowski and Lavie made language-specific evaluation
work for languages that hadn't been supported before. They found that Russian (WMT13)
and Hindi had better performance than their baseline BLEU scores [25]. Widjanarko
employed Latent Dirichlet Allocation (LDA) and significance sentence techniques [26].
Wang et al. tackled the challenging problem of processing texts exceeding BERT's window
size with a cascade methodology [27]. Karmakar et al. used LSTM-based Sequence-to-
Sequence (Seq2Seq) Neural Networks along with language-specific preprocessing
techniques to make abstractive text summarization easier, which made it easier to
understand texts in regional languages [28]. Aksenov et al. enhanced abstractive
summarization by incorporating BERT information into a transformer-based model.
BERT-windowing for extended texts employed two-dimensional convolutional self-
attention within the encoder. This method outperformed both baseline and state-of-the-
art models on English and German datasets [29]. ([18], [19], [20], [21]).

Table no. 2 Representation of ATS methods considering language

Sour Focus Data / Result
ce Methodolog
y
[22] ELG address the Methodolog Development and
European Language y deployment of European-
built language.
[23] Language- DUC 2002 The method performs
independent equally well across both
extractive English and Portuguese
summarization, languages.
using iterative
graph-based ranking
algorithms.
[30] Topic Modeling TAC 2008 Dynamic modeling
Approach for and 2009 approach for potential to
Salience improve the quality and
Determination and effectiveness of the
Dynamic Modeling summarization.
Approach for
Redundancy Control
[25] Meteor universal, Wmt13 Improve translation
statistical machine Russian and quality, particularly for
translation wmtl14 languages such as
Hindi Russian and Hindi.
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[26] Summarization for 5 news Significant sentences
the Indonesian document frequently found at the
Language Based on from beginning of the
LDA cnnindonesi documents, thus
a.com supporting the deductive
structure commonly used
in Indonesian online
news articles.
[27] Application of Chinese BERT encoders remain
pretrained dataset (PKU highly effective for
transformer Paraphrase specific IR tasks and offer
encoders, Bank) a lower deployment cost.
particularly BERT
[28] Addressing the News- Perform of existing
challenges in Indian please methods, the challenges
regional languages library, and potential future
Kaggle Hindi directions for improving
Text abstractive
Summarizati summarization.
on Corpus
dataset and
Github
Marathi
News
Document
dataset
[29] Conditioning the CNN/Daily Highlighting
Encoder and Mail, swiss improvements in the
Decoder on BERT text dataset coherence and relevance
of the generated
summaries.

3. Based on Algorithm

Deep learning models have shown impressive results in ATS, with most using an encoder-
decoder framework. Radford et al. demonstrate that language models can acquire skills
like question answering, machine translation, reading comprehension, and
summarization without direct supervision when trained on WebText, a dataset
comprising millions of webpages [31]. Supervised learning typically produces summaries
that closely match human-generated ones, while unsupervised learning offers greater
flexibility and adaptability to various text types but may result in less coherent or
informative summaries [32], [33], [34], [35], [36].

Supervised learning algorithms were used to train summarizers to extract important
segments [37], [38]. Srivastava et al. investigated an unsupervised approach to extractive
summarization, combining clustering with topic modeling to reduce topic bias. They used
Latent Dirichlet Allocation for topic modeling and K-Medoids clustering for generating
summaries [39]. Amini and Gallinari looked into semi-supervised algorithms for text
summarization so that they wouldn't need as much expensive labeled data. They tested
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the new algorithms on the Reuters and TIPSTER SUMMAC datasets and compared them
to systems that don't learn and systems that can be trained [40].

Nomoto et al. looked at supervised and unsupervised ways to ATS and found that an
extended K-means clustering algorithm works just as well as or better than a decision
tree-based method [41]. Fang et al. combined word-sentence relationships with a graph-
based unsupervised ranking model [42]. Mao et al. proposed methods for single-
document summarization, integrating both supervised and unsupervised learning
techniques [43].

Table no. 3: Representation of ATS methods considering algorithm

Source Focus Data / Result
Methodology
[38] Segmenting 9 u.s. patent It performs favorably
sentences and data well compared to other
Feature methods.
representation
[37] Automatic DUC 2004 Highlight the
Summarization using robustness and
Reinforcement efficiency of the ASRL
Learning (ASRL) approach.
[39] Unsupervised Wikihow Focus on subtopics
extractive dataset, CNN / offers significant
summarization dailymail improvements over
approach that dataset and generic topic modeling
combines clustering DUC 2002 and deep learning.
and topic modeling corpus
[40] Developing semi- The reuters Effectively reduce the
supervised newswire reliance on extensive
algorithms corpus and the labeled data.
computation
and language
(cmp_lg)
[41] Unsupervised text BMIR-]2 Concept diversity in
summarization corpus unsupervised
approach to summarization and
Information-Centric introduces a novel
Evaluation evaluation
methodology.
[42] Proposed word- 600 Comparison with other
sentence co-ranking documents baseline models.
model
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[43] ATS using both DUC 2001 and Used unsupervised
supervised and DUC 2002 score as feature of
unsupervised supervised learning.
learning techniques

Dig. 4 Classification of Output Type

e

Extractive
.
! |
E
rrruur_r Hasd TewRask RNN ree Hasd Method Nahinsdel Seranne Modkl
kt.u'_- Approack Postico Rurk L3T™ cxplatt Based Metded feivenien lienBescd Method
LexRask GRU ead atad Body Bused Meshod Bemurrac Tex: Repeeseatation Modd
HITS BERT R B Nt Ousslogy Bised Medsd
GWN GPY
PageRank

4. Output Type
Output type has three techniques or approaches: extractive, hybrid, and abstractive
summary. The Kasture proposed word-sentence co-ranking model was applied to 600
documents for comparison with other baseline models. The stated meaning of output type
includes three techniques: extractive, hybrid, and abstractive summary. An extractive
summary means extracting it as itis from the content; an abstractive summary rearranges
highlighted content, and a hybrid is a combination of both abstractive and extractive [44].

4.1 Extractive Summarization

Extractive summarization involves selecting and presenting key sentences or phrases
directly from the original content without any modification. This technique is commonly
used in text summarization tasks to provide a concise overview of the main points in a
document.

i.  Statistical Based

Luhn proposed the first algorithm for automatic summarization ATS, high-frequency
words are usually related sentences considered in summary. [45]. In that year, Baxendale
used human scanning patterns in selecting topic sentences and phrases composed of
nouns [46]. Edmundson and Wyllys utilized a relative frequency methodology to obtain
an automatic extraction summary [47]. Knight and Daniel devised a statistical
methodology for word selection using a decision tree and a noisy-channel model [48].

495



Int. J.Adv.Sig.Img.Sci, Vol. 11, No. 5s, 2025

ii.  Position-Based

Earlier studies concentrated on frequency words; however, Edmundson proposed
methods to treat three additional components: pragmatic words (cue words), title and
heading words and structural indicators (sentence location) [47]. Earl suggested two
significant elements that provide structural information for each sentence. The
requirement that Part of Speech (POS) supply the structure information for every
sentence is one of the indicators used to determine a sentence's relevance [49]. Mihalcea
and Tarau developed the TextRank algorithm, which was a rank- based approach for ATS
[50].

Kupiec et al. presented novel methodologies in the domain of summarization and included
machine-learning approaches, including Bayesian classification [51]. Radev introduced a
stochastic rank-based method computing the relative importance of textual unit natural
language processing. [52]. The noise in the data that could arise from a poor topical
grouping of documents was not taken into account by the LexRank method. Suanmali et
al. showed the drawback of traditional methods in terms of accuracy and fluency. [53].
According to the findings of Grover and Wason's, concluded in their comparative study,
PageRank can be easily manipulated by creating links to pages with page rank, even if the
pages are not relevant to each other. And it also stated that Hyperlink-Induced Topic
Search (HITS) was not suitable for modern search engines because it was query-
dependent and computationally expensive. [54].

It was shown by Pujari that the results from HITS were strongly related to the results of
the Naive Bayes classifier, which was used to give the document rank weight [55].For the
final score of each phrase [56], Goularte used the output membership function, which is
divided into three separate membership functions: Output {Unimportant, Average, and
Important}. This function took the fuzzy results from the inference engine and turned
them into a precise output. FL. may enhance the quality of summary results derived from
general statistics.

A rank-based methodology has been extensively employed across numerous applications,
including summarization, question answering, text categorization, sequence labeling, fact
checking, and machine translation. In order to measure the weight assigned to a
component that indicates how much the specific edge is related to the overall themes,
Belwal suggested a new rank-based summarizing technique [57]. Additionally, Dehru et
al. showed that TextRank was faster (by about 10%) and performed better than other
extractive models because the sentences in the summaries made by other models were
spread out. TextRank could show bias towards lengthy sentences or those with a greater
number of keywords. This may result in summaries that fail to accurately reflect the key
points of the text [58].

Cai observed that the words in different sentences do not have equal importance. They
proposed a HITS-based attention-hierarchical encoder-decoder framework. However, in
many domains and applications, representing data in traditional vectors or matrices is
either inconvenient or not directly feasible. A prime example is the field of chemistry. [59].

iii. ~ Deep Learning

Salchner and Jatowt demonstrated the evolution of graph neural networks (GNNs). Graph
Neural Networks (GNNs) are a method for processing non-Euclidean data [60].According
to Yang, GNNs are an easy-to-use and powerful algorithm for text sentence rating. Its
foundation was the notion that sentences that are similar to one another are more likely
to be significant [61].

Dalal evaluated prior LexRank methodology like Pre-training with Extracted Gap-
sentences for Abstractive Summarization (PEGASUS) for artificial summarization and
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compared their results across six distinct documents. By achieving a superior ROUGE-F1
score, the LexRank model's generated summary outperforms the other examined models
[62]. Gupta and Lehal noted that extractive summarizing possesses numerous errors,
with one of the most significant being its potential to produce summaries that lack
consistency and semantic integrity. This is due to the fact that extractive summarization
disregards the interrelationships among phrases within a text corpus [63]. Cheng and
Lapata used attention-based extractors to help in locating an important region. They
basically used an RNN-based encoder-decoder for extractive summarization of
documents [64].

4.2 Abstractive Summarization:

Abstractive summarization, on the other hand, aims to generate summaries that are more
coherent and maintain the semantic integrity of the original text by paraphrasing and
rephrasing information. This approach involves understanding the content of the text and
generating a summary in a more human-like manner. Further, Saggion et al. expressed
the need for a summarization technique based on syntactic and semantic analysis for
abstractive information from multiple documents [65].

i.  Structure-Based

Structure-based summarization focuses on organizing information in a logical manner to
generate coherent summaries. This method involves analyzing the structure of the text to
extract key information and present it in a concise format. Structure-based text
summarization involves using the organization and relationships within a document's
structure to generate summaries.

e Tree-based method

Barzilay and McKeown invented sentence fusion through the text-to-text generation
methodology. It produces summary phrases that do not like the input materials [66].
Kikuchi determined that the sentence sub-tree technique markedly enhanced the ROUGE
score [67].

e Template-based method

Template-based methods involve using predefined templates to extract important
information from the text and generate summaries. By filling in the template with relevant
details, this method can create concise and informative summaries efficiently. Harabagiu
and Finley developed the GISTEXTER system, which refers to information extraction.
GISTEXTER uses information extraction (IE), lexical chaining, and discourse analysis to
figure out how the text is structured so that a summary can be made [68]. Bilal determined
that the template-based strategy summarizes content into three components: Main Story,
Majority Opinion, and Minority Opinion, which facilitates improved information inclusion
[69].

e Lead and body phrase methods

To enhance the informativeness of broadcast news lead sentences, one way is to
incorporate more background information in the lead. According to Khan et al., the Lead
and Body Phrase technique worked by replacing parts of the lead sentence with
alternative phrases that maintained the same grammatical structures [70].

o Rule-based Method

The rule-based method involves using predefined rules to generate lead sentences that
capture the main points of a news story efficiently. This method has been found to be
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effective in improving the clarity and conciseness of broadcast news articles. To maintain
satisfactory language quality and duplication standards. Le and Le suggested a method
for abstractive text summarization using discourse rules, syntactic restrictions, and word
ranks [71]. Vodolazova and Lloret proposed syntactic rules to convert text into its
semantic representation utilizing the subject-verb-object framework [72].

ii.  Semantic Model

Semantic-based text summarizing requires understanding the meaning and context of a
document's content to produce more precise and relevant summaries. Semantic-based
methodologies aim to clarify the fundamental semantics of the text. The following are
essential elements of semantic-based text summarization [73].To reduce the readability
challenges encountered in extractive summarization, researchers proposed a semantic
methodology. Khan et al. used the SENNA semantic role labeler to pull out predicate
argument structures. They then found groups of predicate argument structures that were
semantically similar across the text and used a genetic algorithm to rank them [70].
Mohamed and Oussalah advanced multi-document summarization by synthesizing
knowledge derived from graphs and textual information [74].

e Semantic-Based Multimodel

To minimize the readability issues that occurred in extractive summarization,
researchers introduced a semantic approach. Khan et al. used the SENNA semantic role
labeler to extract predicate argument structure, then find clusters of semantically similar
predicate argument structures across the text and make rank weighted by a genetic
algorithm [70]. Mohamed and Oussalah contributed to MDS by integrating knowledge
obtained from graphs and knowledge gained from text [74].

e Information-item-based methods

Information-item-based methods have also been explored, where the summary is
generated by selecting important information items from the text and organizing them in
a coherent manner. These approaches aim to improve the quality and coherence of the
generated summaries by focusing on semantic relationships between information items.
Genest and Lapalme gave the idea to collect the smallest element of meaningful
information in a text for the summarization [75].

e Semantic Text Representation Model

By focusing on the underlying meaning of the text, this model can produce summaries that
are not only accurate but also easily understandable for readers. Moawad presented the
generation and deduction of semantically rich graphs. This model reduces around 50% of
the data [76]. Khan et al. discovered a novel method for graphing nodes to illustrate
predicate argument structures (PASs), with the similarity weight denoting the graph
edges [77].

e Ontology-based

FL can be included with both extractive and abstractive summarizing methods. Lee et al.
presented an ontology-driven methodology utilizing FL [78]. We learned about fuzzy
ontology models of linguistic variables from Zhai et al. [79]. These models take into
account the semantic relationships of fuzzy concepts, like set relations, order relations,
equivalence relations, and semantic association relations. A FL based methodology
includes the selection of fuzzy rules and membership functions, along with essential
components such as a fuzzifier, inference engine, defuzzifier, and knowledge base. This
strategy is utilized to determine the most significant sentence from a source document or
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context, demanding duplication elimination for optimal outcomes. Suanmali et al.
introduced a method for generating summaries by arranging ranking sentences from the
original text [80]. Furthermore, many studies have investigated this methodology in their
ATS research [81], [82], [83], [84], [85].

ili.  Deep Learning

These models have also been incorporated into the methodology to enhance the accuracy
and efficiency of ATS systems. These models utilize neural networks to learn patterns and
relationships within text data, improving the overall performance of the summarization
process. Nallapati et al. improved semantic representation of text with an attention-based
encoder-decoder RNN [86]. Zhang et al. proposed a bi-GRU model that integrates a
forward GRU network with a backward GRU network to extract semantic information
from words [87].

4.3 Hybrid Summarization:

White et al. presented a summarizer that requires the retrieval of a collection of
documents followed by the generation of an abstractive summary [88]. Hori and Furui
showed a dynamic programming method in 2004 that used term co-occurrence, a tri-
gram language model, and confidence score features to find a set of important phrases in
a real document [89]. Barzilay and McKeown provided a summary that exclusively
utilized words from the extractive summary and subsequently reassembled the sentences
[66]. Yousfi-Monod proposed an alternative technique that eliminates nonessential
components while maintaining grammatical accuracy [90].

Filippova applied term frequency for word graphs and subsequently integrated sentences
based on POS tagging and term co-occurrence [91]. Gupta and Lehal suggested an
integrated methodology utilizing probabilistic and generative algorithms [63]. Boudin et
al. developed a technique for key-phrase extraction manipulation and presented N-
shortest pathways for summarization [92]. Pontes and Montr evaluated the methods
mentioned earlier and determined that Filippova's method yielded significantly more
information than the alternatives [93].

The development of deep learning architectures has led to sustained and comparably high
performance in numerous natural language processing applications [94]. Deep learning,
namely deep neural networks, significantly enhances both abstractive and extractive
summarization. Suleiman and Awajan mentioned that transformer models, which have
attained state-of-the-art performance across numerous summary tasks, have served as a
guide for text summarization. However, challenges in abstractive summarizing remain,
including the dataset, evaluation metrics, and the quality of the produced summary [95].

1. Recurrent Neural Networks (RNN)

RNN have also been widely used in text summarization tasks due to their ability to capture
sequential information. The traditional neural network involves the extraction of words
from information to provide a summary. The deep learning component is considered
within a hybrid methodology. Chopra et al. identified conditional RNN. They worked to
construct concise sentences while maintaining their meaning [96]. According to Young et
al. [97], recurrent neural networks (RNNs) have problems like the vanishing gradient,
which is also known as the long-term dependency problem. This problem means that the
network has trouble keeping information for long periods of time, which causes it to lose
information quickly over time [97]. To address the vanishing gradient problem, two
neural network methodologies have been proposed: the gated recurrent unit (GRU) and
the long short-term memory (LSTM). RNNs are proficient in forecasting each succeeding
character in a text and are capable of managing more complicated tasks. The OKAM-CGAN,
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a knowledge-based ontology-aware multi-focus conditional generative adversarial
network, was used to look at smaller semantic units and come up with new phrases [98].
OKAM-CGAN is evaluated against sophisticated techniques including RNN-W, CopyNet,
GCU, Seq2Seq, and KESG with ROUGE scores.

2. Long Short-Term Memory (LSTM)

Gers and Schraudolph highlighted the advantages of LSTMs over traditional RNNs, using
peepholes and forget gates to examine new techniques for LSTM in summarization [99].
The peephole enables all connection gates to examine the current cell state, even while
the output gate is closed. Rahman and Siddiqui's proposed model has been improved
using the Central Composite Design (CCD) combined with Response Surface Design (RSD).
However, models indicate decreased efficiency when producing substantial quantities of
content, such as summaries [100]. Aljumah and Berriche presented a bi-LSTM integrated
with an attention model to generate a summary of comments. BiLSTM yields significantly
superior outcomes compared to GRU [101]. LSTM networks have demonstrated superior
efficacy compared to traditional RNNs [102]. Kaur and Sharma conducted precise
sentiment analysis from the consumer review perspective with the LSTM summarization
model for investors [103].

3. Gated Recurrent Unit (GRU)

[tis an alternative form of recurrent neural network frequently used for tasks such as text
summarization. GRU is more efficient and easy to use compared to LSTM. Chung et al.
stated that GRU resemble RNNs, but with several significant differences. Gated Recurrent
Units (GRUs) possess two gates: a reset gate and an update gate [104].Rehman et al.
implemented a GRU-based encoder-decoder combined with a Bahdanau attention
mechanism to address the large amount of input content. This model was utilized for
generating news headlines [105]. Alternative neural architectures that do not rely on
CNNs and RNNs include GANs [106].

4. Bidirectional Encoder Representations from Transformers (BERT)

It is another example of a non-RNN architecture that has gained popularity for natural
language processing tasks. BERT utilizes transformer models to achieve state-of-the-art
results in various NLP applications. Devlin et al. were the first to introduce BERT. They
developed the deep bidirectional architecture and a representation approach focused on
fine-tuning. It consists of two phases: pre-training and fine-tuning. Interpretation of
medical data might run into difficulties with BERT [107]. Turchin et al. conducted a
comparison between complex medical concepts and standard BERT. Both BioBERT and
Clinical BERT outperformed standard BERT [108].

In 2019, Liu et al. advanced BERT by modifying its parameters and providing it with
additional data [109]. He et al. enhanced prior methodologies by incorporating two
further elements. The initial feature is calculating word weights by disentangled matrices
according to their content and position, with the subsequent improvement being an
optimized mask decoder [110].

5. Generative Pre-trained Transformers (GPT)

GPT is another example of transformer models that have been enhanced through
modifications to their architecture and training data. These advancements have led to
improved performance in natural language processing tasks, showcasing the potential for
continued innovation in this field. Radford and Salimans enhanced understanding of
languages using generative pre-training. GPT completed a two-phase training process
that included unsupervised pre-training and supervised fine-tuning [111]. Brown et al.
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suggested a trained model that can finish jobs fast even when the data is small in size.
Nonetheless, there are certain disadvantages: few-shot learning algorithms can result in

significant computing costs during training [112].

Table no. 4 Representation of ATS methods considering output type

Source Focus Data / Result
Methodology
[50] Supervised techniques Inspec, DUC Does not require deep
namely textrank for 2002 linguistic knowledge, nor
keyword extraction domain or language
specific annotated
corpora.
[51] Focus more on the 30 reuters Trainable summarization
conceptual framework newswire model and discusses its
documents(ma methodology.
nually created
abstract)
[10] Unsupervised model, DUC 2003 and Rank-based centrality
adaption of page rank 2004 measures, adapted from
the field of network
analysis.
[53] ATS based on General 125 Decision-support and
Statistic Method documents expert
from DUC systems with powerful
2002 reasoning capabilities.
[54] Pagerank and HITS Theoretically Comparison of the
comparison performance of pagerank
and HITS in various
scenarios.
[55] Naive Bayes and HITS 90 News Focused on extracting
articles from opinionated sentences.
Yahoo!
Website
[56] Handles Uncertainty, Brazilian Fuzzy rule-based method
Reduced Rule Base Portuguese performed well than the
texts other extractive
summarization.
[57] Rank-based used to DUC 2002 Considering document-
find document to-sentence similarity,
similarity helps to join two
sentences.
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[58] To handle long 1) News Textrank slightly faster
sentences, used the Summary (about 10%).
Bahdanau attention Dataset from
layer Kaggle 2) Food
Reviews
Amazon from
Kaggle
[59] Authority and hub CNN/daily Relevance to the main
scores from the HITS mail dataset, topic and those cited by
algorithm New York many other sentences
times (NYT) receive more attention.
annotated
corpus
[60] A comprehensive CNN/dailymail | Capture long relationship
overview of models and DUC 2004 between sentences and
utilizing GNN generate abstractive
[62] Lexrank , PEGASUS, Comparative Paraphrasing technique
Transformer study using the lexrank
algorithm and PEGASUS
transformer for
abstractive summary.

[65] Describe "sumum” Journal Rapid Rich with indicative

Prototyping summary, in

and journal formativeness, and text
Internet acceptability.
Research

[66] Multigen system for DUC Accurately identifies

multi document common information.

[67] Based on RST use as RST signaling Relations between

extraction textual units corpus sentences and relations
between words

[68] Techniques DUC 2002 Abstract and extract from

implemented in single and multiple
GISTEXTE documents.

[69] Opinion detection Tweeter Addresses micro blogs
accuracy(specially (COVID-19 and like tweets
opinions in micro UK Elections) [t separates Main Story

blogs) from Majority Opinion
and Minority Opinion.
[113] Improve news opening 257 articles Make the first sentence of

sentences

from news
programs

news stories better.
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[71] Utilizes discourse rules, 50 documents Shorten sentences and
syntactic constraints, collected also fix grammar issue.
and word graphs Vietnamese
newspaper
websites
[72] Subject-verb-object DUC 2002 Try to make theoretically
concept correct sentences and
identify important
themes and ideas.
[78] Ontology with crisp 2002, 2003 Capturing and
concepts and 2004 representing the
typhoon news uncertainty and
imprecision.
[114] Abstractive ATS DUC 2002 Semantic similarity
measures to make
clusters.
[74] Detailed SRL works DUC 2002 Combination Semantic
Role Labeling and
Wikipedia-based explicit
semantic analysis.
[76] Rich semantic graph methodology Reducing summary to
reduction fifty percent of original.
[77] predicate argument DUC 2002 Predicate argument
structures, Semantic structures used to
graph with nodes improve ranking
representation algorithms.
[48] Decision-based model Cmplg corpus In evaluation they
using probability compare grammatical
and important parts.
[88] Rapldly Portable TDT2 RIPTIDES presents a
Translingual holistic system for user-
Information extraction directed MDS.
and interactive
multiDocumEnt
Summarization.
(RIPTIDES) system
[89] Extraction using Newspaper This paper is based on
Dynamic Programming text audio summarization but
can try to apply this in
text too
[91] Shortest paths in word Google news Does not rely on syntactic

graphs

information
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[92] Re-ranking step to the Google news N-best reranking
most relevant approach to improves the
keyphrases information and quality
[93] Extraction used Boudin and Give comparison with
techniques Latent Morin corpus other model
Semantic Indexing
(LSD), LDA and
textrank.
[64] Neural network-based DUC 2002 and Two model classes,
hierarchical document dailymail news | focusing on sentence and
reader and an word extraction
attention-based
hierarchical content
extractor
[86] Capturing the hierarchy Gigaword Consider hierarchy of
of sentence-to-word corpus sentence-to word
structure, Emitting structure
words that are rare or
unseen during training
[99] LSTM with Peephole Methodology Peephole LSTM variant is
Connections emphasized as being
capable of learning exact
and extremely robust
timing algorithms
[100] Multi-layered CNN-Daily Use of CCD and RSM to
Attentional Peephole Mail get optimized parameters
Convolutional LSTM of model like batch size,
(MAPCOL) epoch number
[101] Source Code 51 million Java Time Efficiency
Summarization using methods from
Deep Learning more than
5000 projects
[87] Relation Extraction Semeval-2010 Without the use of
Based on Keywords Task additional NLP reduce
Attention (REKA) using dependency on external
Bi- GRU tools.
[115] Effective Use of GRU CNN/Daily GRU-based encoder and
and Attention Mail decoder, coupled with the
Mechanism

Bahdanau attention
mechanism, Single
Sentence Summary for
Headline Generation
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[108] Biobert and clinicalbert MIMIC-III Biobert and clinicalbert
dataset gave better results than
regular BERT.
[116] Robustly optimized BOOKCORPUS) Critical Examination of
BERT approach plus English Hyperparameters
WIKIPEDIA,
CC-NEWS,
OPENWEBTEX
T
[116] DEBERT (Decoding- Wiki+Book, Word weights using
enhanced BERT with openwebtext, disentangled matrices
disentangled attention) Stories, CC- and enhancement mask
that improves the BERT News decoder.
[117] Greek abstractive text Greeksum Umt5, outperform
summarization models, greekbart
based on umt5
[118] The purpose of this HEAS available Not implementation on
study is to leverage on the Google algorithms like BERT, XL
NLP for the knowledge Scholar Net and GPT2
summarization of High
Entropy Alloys (HEAS).

5. Based on the Summarization Domain:
ATS systems are classified into three groups based on their input and output domains:

e (Genre Specific:

The distinctive characteristics and conventions of various text subject matter, such as
news stories, scientific papers, novels, or legal documents, are taken into consideration
while summarizing texts. Genre-specific text summarizing tailors the summary technique
to various text genres. [119], [120], [121]. Seki proposed an artificial summarizing
technique that combines document genre and text structure to enhance efficacy [122].
Goldstein et al. developed a methodology that commences with the identification of the
document genre. The researchers evaluated 16 genres and compared various machine
learning techniques, concluding that random forests had superior performance [123]. A
unified framework for categorizing news genres that recognizes both the architecture of
a news piece and the order of its components [124], [125]. Nenkova and McKeown
emphasized the importance of language generation and an enhanced semantic
comprehension of language for future progress in the discipline [126].

e Domain Dependent:

Additionally, the researchers highlighted the significance of domain-specific features in
improving classification accuracy. They suggested that incorporating domain knowledge
could further enhance the performance of machine learning models. Domain-dependent
summarization is customized for a particular domain [127]. According to Sparck-Jones,
their architecture requires background study to customize a template to an appropriate
level of detail, providing it is domain dependent [128].
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e Domain Independent:

The RAKE approach is effective for extracting keywords from individual documents
regardless of the domain. It does not require specific domain knowledge to generate
accurate results. Rose et al. came up with the Rapid Automatic Keyword Extraction
(RAKE) method, which is unsupervised, doesn't depend on the domain, and works with
any language to pull keywords from single documents [129]. A domain-independent
summarization system isn't limited to any particular domain of the source materials.
Borchers et al. highlighted domain independence simply, facilitating computers in

understanding and aiding users effectively across diverse areas [130].

Table no. 5 Representation of ATS methods considering Summary Domain

Source Focus Data / Result
Methodology
[122] Emphasizes the Viewsumm30, Use document genre
importance of newspaper and text structure
document genre and editorials significantly
text structure
[123] Addresses critical Tipster Handles the challenges
issues such as of MDS by employing
compression, speed, fast statistical
redundancy, and processing
selection using
domain-independent
[125] Focus on analyzing 10 different Better balance
the task of automatic English and between
tweet generation Spanish indicativeness and
from a text newspaper interest
online
[124] Comparison between Primary Data SARA framework to
printed text and text- analyze and
to-speech (TTS) systematically restore
audio information content in
headings during TTS
presentation
[127] Decision Express, an Primary Data Decision express is the
ATS system first for legal
developed for legal documents
document
[129] Comparison of MPQA Corpus RAKE effectively
textrank and RAKE extracts keywords
[130] Users pattern Methodology
languages to gain
knowladge

6. Based on Summary Type
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e Summary of the headline:

Banko et al. examined headline generation with statistical translation algorithms [131].
Zhou et al. used a word selection-based clustering approach [120]. The process begins
with the identification of significant sentences by document summarizing algorithms
[66].

According to user studies, Tran et al. handled the challenges with automatic event
selection by increasing relevance and understanding in comparison to current systems
[132]. Sepulveda-Torres et al.'s successful two-stage classifier Headline Stance Checker
[133] addressed the problem of headline text irrelevance. Headings enhance the
likelihood of topics being included in summaries [125], [134].

e Sentence Level:

Liu et al. presented a novel document-level encoding using BERT for semantic
representation and sentence extraction [135]. Ferreira et al. evaluated 15 sentence
scoring algorithms across several text forms, including news, blogs, and articles, and
provided recommendations for improvement [136]. Al-Sabahi et al. modified the
PageRank method to evaluate phrases utilizing both internal and external data [137]. Cao
et al. chose sentences with good scores for summaries [17]. Han et al. evaluated diverse
summarization techniques, including extractive methods (which choose high-ranking
sentences) and abstractive methods (which rephrase the principal ideas) [138].

e Highlight:

Highlights are quick bullet points extracted from the source text. Nasar et al. created a
supervised regression method for automatically pulling out the most important parts of
scientific papers, which cuts down on the need for manual annotation [139]. Cagliero and
Quatra introduced a new regression method for the automatic generation of highlights in
scientific papers [121]. Liu et al. created the Highlight Transformer, enhancing abstract
MDS by highlighting significant terms [140]. The CNN/DM dataset, frequently utilized for
summarization, includes articles and their corresponding highlights.

Table no. 6 Representation of ATS methods considering summary type

Source Focus Data / Result
Methodology
[131] Uses statistical models 25,000 news Generate coherent
to jointly handle term articles summaries that are
selection and term shorter than a single
ordering based on sentence

patterns learned

[120] To generate very short DUC 2003 Paper indicates that finer
summaries, specifically tuning of parameters
headlines of 10 words or related to the size limit
less
[66] Evaluation of sentence 100 themes Ability to accurately
fusion, a novel text-to- identify and select
text generation method common information

507



Int. J.Adv.Sig.Img.Sci, Vol. 11, No. 5s, 2025

[132] Novel framework for News articles Users prefer the timeline
ATS for news stories summaries generated by
the headline-based
approach
[133] Determine whether Fnc-1 and Highlights that the
headlines accurately emergent headlinestancechecker
reflect the content of the dataset. approach
articles or not
[125] Extractive News and Original tweets were not
summarization tweets always considered the
techniques for most interesting or
generating automatic indicative, despite being
tweets from news informative.
documents
[134] Neural sequence-to- English Performance
sequence models for the Gigaword improvements due to
task of headline corpus coarse-to-fine approach
generation compared to baseline
neural sentence
summarization models
[140] Highlighting mechanism Multi-news Advantages of the
within the encoder to dataset highlight-transformer
enhance attention on model and provide
key phrases insights into its potential
for improving
summarization
[136] Discusses RAKE MPQA Corpus RAKE's efficiency in
(focusing on its terms of computational
performance and resource usage and
keyword extraction processing time
[137] Combination of modified DUC 2002 and MBM25EMB, have
BM25 with word DUC 2004 enhanced the
embeddings and a performance of textrank
graph-based ranking algorithm
method
[141] Group-Based Extractive ACL-all dataset | Average length of source

Text Summarization
with Clustering
Algorithms and Semantic
Links

texts affects the
performance and quality
of group-based
summaries compared to
paragraph-based
summaries.
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[138] Sentence-Level Semantic DUC 2004 Consider the sentence
Graph Model (SLSGM) meaning and word
which exploits the ordering
semantic information
[139] Reduces input variable 63 texts in Correlating feature gives
using FL Portuguese better result than the
data reduction
techniques
[121] Insights derived from CSPubSumm Regression models
the content of scientific tailored to specific
articles. Done topics, potentially
automatically, without enhanced with fine-
doing manually tuned embedding
models

7. Based on Summary Content
There are different kinds of criteria can be developed, based on the user:
e Inductive:
This involves creating general conclusions from specific events or observations. An
inductive summary provides a concise summary of a work, highlighting the essential facts
and principal concepts without drawing new conclusions or making generalizations.
When summarizing a research report, the focus should be on delineating the principal
findings, methods, and key points [142], [143], [144].

e Informative:

This means providing fresh insight or information about a subject. Harabagiu and
Lacatusu presented two new representations based on subject themes and discussed five
previously recognized topic representations. An inductive summary of a research report
involves constructing broad generalizations from the individual facts and observations
expressed in the document [145]. Mishra et al. explored diverse methodologies for
effective information extraction from text, including topic modeling (LSI, NMF), key
phrase extraction Term Frequency-Inverse Document Frequency (TF-IDF), and text
summarization (LSA, TextRank) [118]. JeZek et al. examined a range of summarization
methods, from classical to modern approaches, addressing the ongoing challenge of
information overload in the digital age [146].

Table no. 7 Representation of ATS methods considering summary content

Source Focus Data / Result
Methodology
[143] Text summarization by | News, Blogs and | Enhances the quality of
employing FL to Article contexts ATS conclusion drawn
identify important and from specific details

relevant sentences

[142] Integrating latent Private Dataset Hidden semantic
semantic analysis into relations between
the FL system concepts in a text
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[144] Virtual graph concept, 15 different Builds from specific
exhaustive shortest Article details to a general
path algorithm conclusion
[145] Use of different topic DUC Improvement in
representations for summary quality using
MDS (Presents main topic themes highlights
ideas and key points) the importance of

choosing appropriate
topic representations

for MDS
[118] Using advanced Review Demonstrates the
methods like LSI, NMF, potential of these
weighted TF-IDF, LSA, techniques to
and textrank, aims to significantly enhance
improve the efficiency the process of
and effectiveness understanding and

retrieving information

[146] Comprehensive Methodology Addressing the
overview of the history ongoing challenge of
and current state of information overload
automatic text in the digital age

E. Evaluation Metrics:

The quality of machine-generated text is crucial for assessing and improving models in
natural language processing (NLP). There are some widely recognized metrics for this
purpose are ROUGE (Recall-Oriented Understudy for Gisting Evaluation), BLEU (Bilingual
Evaluation Understudy) and METEOR (Metric for Evaluation of Translation with Explicit
Ordering)

ROUGE

ROUGE is an essential statistic for evaluating ATS systems. C. Lin and Rey introduced

ROUGE, showing its efficacy in assessing both SDS and MDS tasks. They also mentioned

ROUGE's stability and importance in automatic evaluation are highlighted. Despite

challenges in achieving high correlation with human judgments, especially in MDS,

ROUGE's stability and significance in automatic evaluation are emphasized. The study

looks at 17 ROUGE score comparisons with human scores for summarizing tasks with

multiple documents from DUC 2001, 2002, and 2003 [147]. ROUGE comprises multiple
metrics:

e ROUGE-N with Multiple References: Calculates pairwise summary-level ROUGE-N
scores between a candidate summary and each reference summary. ROUGE-N
specifically measures the overlap of N-grams (sequences of N words) between the
candidate summary and the reference summary.

e ROUGE-L: Utilizes the longest common subsequence (LCS) to assess summaries by
examining the longest shared sequence of words between the candidate and
reference summaries, emphasizing sentences over individual words.

e ROUGE-W (Weighted LCS): The weighted LCS (WLCS) technique enhances the
fundamental LCS by prioritizing successive matches and distinguishing between
sequential and non-sequential matches. This resolves limitations of the fundamental
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LCS technique and offers a more precise assessment of the similarity between two
sequences of words or phrases.

e ROUGE-S (Skip-Bigram Co-Occurrence Statistics): These statistics quantify the
number of similar word pairings, or skip-bigrams, that appear in both the candidate
translation and a set of reference translations. It's a way to see how closely the
candidate matches the references. It's a way to see how closely the candidate matches
the references.

e ROUGE-C provides evaluation independent of human reference summaries and
demonstrates strong correlation with approaches relying on reference summaries.
Calculating the co-occurrence of successive n-grams (sequences of n words) between
the candidate summary and the document, divided by the total number of n-grams in
the candidate summary [148].

These metrics statistically evaluate the alignment of ATS with reference summaries,

taking into account both included (accuracy) and omitted (recall) information. They offer

a method to calculate precision, recall, and F1 score, essential to the effective evaluation

of ATS systems.

Total Number of Items in Candidate Summary
Number of Correct Items in Candidate Summary

Precision =

Total Number of Items in Reference Summary
Number of Correct Items in Candidate Summary

Recall =

( Precision + Recall)
(2 X Precision x Recall)

F1 Score =

BLUE

Another commonly used method for evaluating summaries is BLEU, which also has its
own set of limitations. BLEU primarily measures the n-gram overlap between the system-
generated summary and reference summaries. However, it may not capture the overall
coherence and fluency of the summary, leading to potential inaccuracies in assessment.
However, BLEU scores alone may not provide a complete picture of a summary's quality,
as they do not account for factors such as readability and relevance. Therefore, it is
important to consider multiple evaluation metrics when assessing the effectiveness of a
summary.

N
BLUE = BP x exp (z wyplog P,)

n=1
where BP is the brevity penalty, w,, is the weight, and P, is the precision of n-grams.

METEOR
METEOR is another commonly used metric for evaluating the quality of summaries. It
takes into account not only n-gram precision but also word order and synonymy.
According to research, using multiple evaluation metrics like BLEU and METEOR together
can provide a more comprehensive assessment of summary quality. METEOR is an
automatic metric for machine translation evaluation based on unigram matching between
machine-produced translations and human-produced reference translations.
METEOR=(1-Penalty)xFmean

METEOR = (1 — Penalty) * Fyeqn
Where:
F,canis the harmonic mean of precision (P) and recall (R)
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The penalty (Penalty) is a factor to penalize incorrect word ordering
C hunk)lg
m

Penalty =y * (

Where:
chunks is the number of contiguous matched word groups
y and (3 are penalty parameters (default y=0.5,=3)

F. Drawbacks of Evaluation Method:

Firstly, it is challenging to establish a reliable standard for judging the quality of
summaries produced by Automated Text Summarization (ATS) systems. An ideal
summary is difficult to define because ATS systems might create effective summaries that
differ from those generated by humans[150]. Human preferences vary, leading to
different selections in both extractive and abstractive summaries [151]. This subjectivity
makes manual evaluations less suitable for all types of summaries.

ROUGE, a common tool for evaluating summaries, has its drawbacks. It mainly focuses on
counting matching word sequences between computer-generated and human-written
summaries[152]. This approach has limitations because it does not recognize synonyms
or different wordings that convey the same meaning. Additionally, ROUGE does not
account for how well the summary reads or its natural flow. Therefore, while ROUGE is
useful, it may not provide a complete picture of a summary's quality[153], [154], [155],
[156], [157]

G. Application:

Text summarization applications offer a wide range of benefits, including time savings,

improved productivity, better information retrieval, and enhanced decision-making[21],

[158], [159], [160], [161]

e Microblog summarization: Microblogging is a form of online communication that
allows users to publish short text updates, images, links, or other media content.
Summaries can make information more accessible to a wider audience, including
those with limited time [69], [161], [162], [163].

e Tweet summarization: Tweet summarization refers to the process of condensing the
content of one or more tweets into a concise summary [164], [165], [166], [167].

e Social Media Monitoring: Text summarization applications can analyze social media
posts, comments, and conversations to provide users with summaries of trending
topics, sentiment analysis, or key insights [168], [169], [170], [171].

e Email thread summarization: Email chain or email conversation, refers to a series
of related email messages exchanged between one or more individuals. These
messages are typically grouped together in email clients, such as Gmail or Outlook.
Email thread summarization involves condensing the content of a series of email
exchanges into a concise summary [172], [173], [174], [175].

e Legal document summarization: Legal document summarization involves
condensing the content of legal documents, such as contracts, court opinions, statutes,
and legal briefs, into concise summaries while preserving the essential information
and meaning [176], [177], [178], [179], [180].

e Meeting summarization: In meetings there are different types of people with
different topics. So it becomes difficult to drop a summary. Meeting summarization
involves condensing the key points, decisions, action items, and discussions from a
meeting into a concise summary [181], [182], [183], [184].
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H. Challenges:

These challenges can impact both manual and automated summarization processes. Some
important problems when writing articles are:

e Language-speech problems:

Word comprehension is inconsistent (multiple meanings, syntactic ambiguity) [24],
[185], [186], [187], [188]. In fact, there is much room for improvement and other issues
such as morphology also need to be addressed [189].

e Challenges in multiple document:

Different data may present conflicting or opposing views on a topic. Summarization
systems must be capable of handling the overload and extracting the most important
information[145], [190], [191]. Comparative terms are often used for conflicting news,
opinions, and product reviews. But note that there is currently a need for new techniques
to handle this problem [192].

e Challenges due to evaluation metrics

The quality of the content may be as desired and may vary according to personal
preferences. Many traditional metrics, such as ROUGE and BLEU, are based on n-gram
overlap between the generated content and the reference content [27], [193], [194],
[195], [196]. They may miss the opportunity to capture semantics, resulting in potentially
damaging evaluations [197]

e Challenges in Strategic Summaries:

It's important to measure readability, ease, and overall quality, but these differences vary
from person to person [171], [198]. Recently there is a need to focus on developing
content collection systems according to specific goals and user needs [196].

e Challenges due to dataset:

Human dropped summaries are complete and detailed, covering all aspects of something;
sometimes it becomes biased too. [t is also expensive and time consuming, typically taking
several months. Optimization of text content requires data that will show the structure of
content-specific data [199], [200]. State-of-the-art summarization systems have been
studied on large web-crawled datasets, but data quality issues are missing or unclear
[135], [201]. Difficult to find information in languages other than English [202].

Conclusion:

In conclusion, the literature review on text summarization highlights the significant
evolution of techniques and methodologies from 1958 to 2024, showcasing the transition
from traditional methods to advanced deep learning approaches. The review emphasizes
the importance of text summarization in managing the vast amounts of unstructured data
generated in the digital age, addressing challenges such as information overload and the
need for effective decision-making. Various summarization techniques, including
extractive, abstractive, and hybrid methods, have been explored, with a focus on their
applications across different domains, such as social media, legal documents, and email
threads.

The paper identifies key datasets and evaluation metrics, such as ROUGE, while also
acknowledging the limitations of these metrics in capturing the quality and semantics of
generated summaries. Furthermore, it outlines the challenges faced in summarization
tasks, including language ambiguities, conflicting information from multiple documents,
and the need for user-specific summaries. In order to satisfy the changing demands of
users in a world that is becoming more and more data-driven, the evaluation ends by
highlighting research gaps and areas requiring additional research.
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