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ABSTRACT

The growing volume of digital text content requires automated
summarization systems as fundamental tools that enable users to access
information at high speed. Automatic Multi-Document Summarization
(MDS) requires systems to produce a summary that combines essential
information from multiple documents. The extractive methods, which rely
on lexical signals and sentence-based rules, yield only repetitive results
because they cannot capture complex thematic relationships. This study
developed an improved extractive MDS model that combines topic

modeling with pattern-based semantic indicators and a method to choose
diverse sentences. The model employs LDA to identify concealed thematic
structures, retrieves typical word patterns to improve topic models, and
selects topics via a greedy algorithm that reduces redundancy to achieve
appropriate salience and coverage. The proposed system achieves better
results than classical baselines on the DUC 2006 and DUC 2007 datasets,
outperforming Lead, CLASSY04, KL.-SUM, LexRank, TextRank, and
PETMSUM. The system demonstrates superior performance over all
baseline methods, achieving better results on the ROUGE-1, ROUGE-2,
and ROUGE-SU4 evaluation metrics. The results show that extractive
summarization tasks achieve their best performance when topic—pattern
representations are combined with diversity-aware scoring methods.
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1. Introduction

The rapid expansion of digital text in every digital sector has created an urgent need for automated
methods that are capable of organizing, filtering, and condensing information efficiently [1], [2].
Automatic Document Summarization (ADS) is the process of extracting essential information from a
single or multiple documents to produce a short, concise, informative, and comprehensive summary. In
recent years, ADS has been developed to address information overload. Based on the number of
documents processed, ADS can be classified into two broad categories: single-document summarization
(SDS) and multi-document summarization (MDS) [3]. According to its approach, ADS can also be
classified as extractive and abstractive summarization. Extractive methods produce a summary by
selecting the existing most important lexical and syntactic units from text, such as words, phrases, and
sentences. Abstractive methods construct a summary by generating new sentences that are similar to
human- written text using a complex natural language processing approach [4], [5]. The majority of
automated summarization systems still use the extractive method because it is simple, widely applicable,
and requires less effort for deep understanding of natural language processing.

d. heeps://doi.org/10.26555/ijain.v12i2.2352 @v http://ijain.org ijain@uad.ac.id


https://doi.org/10.26555/ijain.v12i2.2352
http://ijain.org/index.php/IJAIN/index
mailto:ijain@uad.ac.id?subject=%5BIJAIN%5D
mailto:shaufiah@telkomuniversity.ac.id
http://creativecommons.org/licenses/by-sa/4.0/
http://creativecommons.org/licenses/by-sa/4.0/
http://crossmark.crossref.org/dialog/?doi=10.26555/ijain.v12i2.2352&domain=pdf

487 International Journal of Advances in Intelligent Informatics ISSN 2442-6571
Vol. 12, No. 2, May 2026, pp. 486-502

Early studies in automatic summarization date back to Luhn’s study in 1958 [6] followed by
Edmunson’s improvements in 1969 through the introduction of features, such as sentence position and
cue phrases [7], [8]. Since then, extractive summarization has remained used due to its interpretability
and computational efficiency. However, the method has also been criticized for relying heavily on shallow
lexical cues and simple heuristics, which often fail to capture deeper thematic structures and introduce

redundancy [3].

A later survey by [9], [10], [11] highlights two difficulties in MDS. The first requirement needs
methods that eliminate duplicate information, and the second requirement needs to monitor how the
main subject transforms between different document collections. The development of advanced topic—
pattern-based models became necessary because current models fail to produce accurate results at their
current level of performance. To address these problems, several researchers have explored modeling
techniques that capture semantic signals rather than only surface-level word statistics. One example of
topic modeling methods is Latent Dirichlet Allocation (LDA) in [12], [13] that uncovers latent
thematic structure.

Pattern mining [14], [15] serves as a method that identifies recurring lexical patterns that point to
important subjects. The present topic-driven summarization approaches lack a unified framework that
manages both topic value assessment and word pattern identification and minimizes duplication [3], [9],
[15], [16] The research introduces an improved extractive MDS system that draws on the PETMSUM
framework. The model consists of three parts that implement topic significance, pattern-based cues, and
diversity-aware sentence selection to create more detailed summaries while avoiding duplicate
information [17]. The model's behavior under various sentence budget conditions becomes observable
through multiple summary-length experiments.

In short, the contributions of this paper are as follows:

o The new sentence evaluation system evaluates core information by performing a thorough analysis
of particular language components.

o The system selects sentences through a method that chooses information that adds novelty to the
content while keeping the discussion focused on the main topic. Thus, the final summary is
balanced.

e The evaluation process tested various summary length options to identify which sentence
organization method generated the most effective summary results.

This paper is structured as four sections. We briefly review related work in Section 2. In section
three, we describe the method in detail. The results and discussion section appears in Section 4, followed
by Section 5, which contains the conclusion together with limitations and future research directions.

2. Related Work

Automatic text summarization has evolved through numerous methodologies. The earlier work
began with statistical techniques, and then expanded into topic-modeling-based, graph-based, and
neural summarization, both abstractive and extractive. This section discusses previous studies that
provide the basis for this research and mainly focus on extractive multi-document summarization (MDS)
and its challenges.

2.1. Classical and Statistical Extractive Summarization

Extractive summarization approaches extract the most essential sentences from the document(s) and
provide them in a short-form summary. The importance of the content is based on several decision
criteria, such as statistical measures, word frequency, title, cue words, sentence location, and sentence
length. Luhn’s pioneering model identified important words based on frequency statistics [6], and
Edmundson built on this by aligning cue words, positional indicators, and title-based features [7]. These
methods established the foundation for subsequent extractive techniques that used external heuristics
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to determine sentence importance. These methods are computationally efficient, but still struggle to
capture semantic relationships in large text collections and generate redundant summaries[2], [9]. These
challenges have spurred the development of more advanced models capable of capturing thematic
coherence across multiple documents.

2.2. Topic-Modelling-Based Summarization

Topic representation approaches create a representation of a document or set of documents and then
identify important sentences based on that representation. Numerous topic modeling techniques are
commonly applied to topic representation in extractive summarization. The example shows how word
frequency-based term weighting produces TF*IDF (Term Frequency * Inverse Document Frequency)
[18], Latent Semantic Analysis approaches [19] that apply the Singular Value Decomposition (SVD),
and Bayesian models that represent the content of the document using probabilistic topic models [16],
[20], [21].

The Latent Dirichlet Allocation (LDA) model allows researchers to identify concealed thematic
patterns that documents share between their clusters. The main subjects in documents enable
summarization systems to identify essential sentences that contain the fundamental information. [14],
[22] Summarization systems frequently use these topic distributions to identify sentences most
representative of major themes. Wang et al. [16] demonstrated that MDS content selection achieves
better results through researcher-based sentence-level topic identification. The system achieves better
results through its advanced capabilities, yet it maintains multiple essential restrictions which multiple
studies [3].

Pattern mining provides an alternative approach for detecting common lexical patterns that co-occur
with thematic coherence. PETMSUM (3], [17] PETMSUM [17] incorporates such patterns into topic
scoring, improving the precision of sentence selection, and further [23] extended this idea by applying
closed patterns to strengthen topical relevance. Despite their benefits, topic-driven models still lack
solutions to data redundancy and to weak connections between pattern signals and topic importance or
sentence diversity.

2.3. Graph-Based Summarization

Graph-based approaches play an important role in MDS because they explicitly model relationships
among sentences, allowing them to detect redundant information and maintain content diversity [19],
[24] Their popularity is largely due to strong performance in settings where documents contain a high
degree of overlap [8], [25], [26], [27]. The traditional graph models depend primarily on lexical similarity
to analyze text, but this approach fails to detect complex semantic and conceptual connections between
words [3]. The current research focuses on two new approaches that combine graph neural networks
(GNNs) with hybrid graph—transformer models to solve this problem. The models in [24], [28], [29],
[30], [31], [32], [33], [34], [35], [36], [37], [38], [39], [40], and GSum [41] improve discourse-level
modeling through their combination of graph structures with contextual embeddings.

2.4. Neural Extractive and Abstractive Summarization

The introduction of BERT [42], and other pretrained transformer models established a new standard
for document representation through their transformer architecture. The development led to
BERTSUM [43], which applied these contextual embeddings to extractive summarization, achieving
excellent performance on single-document summarization tasks. However, when applied to multi-
document datasets, neural extractive systems do not always generalize well unless they are carefully fine-
tuned. The writing styles in DUC collections become most apparent because these collections contain
documents that authors wrote in different ways and documents about different subjects.

The development of abstractive models has advanced through three main architectural stages,
beginning with pointer-generator networks [44] and sequence-to-sequence RNNs [45], and culminating
in the introduction of PEGASUS [46]. These models generate summaries with a natural flow that appear
as if written by people. The models demonstrate strong performance but need large amounts of training
information to function and their decision-making processes remain unexplained. The current
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limitations of extractive methods make them useful for specific applications that require stable
operations, transparent systems, and flexible domain management.

2.5. Challenges in Multi-Document Summarization

The process of Multi-document summarization (MDS) presents unique difficulties which distinguish
it from single-document summarization tasks. Multiple studies, including surveys [3], [9], [27] and
DUC evaluation [47], [48], [49] demonstrate that systems need to address three main problems:
handling duplicate information across documents, tracking changes in document topics, and handling
different evaluation metrics for selection tasks. Most existing approaches tackle only parts of this
problem. Graph-based models succeed in detecting duplicate content, but they do not create successful
links between sentences and essential thematic elements.

The methods that focus on specific topics identify general concepts, but they fail to detect specific
word choices. Improved semantic understanding in neural models comes with limitations, as they require
large amounts of supervised training data and strong computing power to operate across diverse real-
world environments.

2.6. Summary and Research Gap

The present summarization approaches operate independently of one another because they fail to
create a unified framework that integrates topic importance, discriminative lexical pattern modeling, and
explicit redundancy management into a single evaluation system. The research by PETMSUM [17]
linked topic models to pattern-enhanced representations through a fundamental connection, but its
redundancy management system operated with limited capabilities and failed to achieve complete
integration within a unified optimization framework. The research develops an integrated framework for
extractive summarization that combines three fundamental elements into one decision system. The
proposed model improves content diversity by linking thematic content to penalty values that detect
redundant information at each sentence-selection stage. The new system connects its elements through
a core methodological advancement that exceeds the capabilities of previous topic—pattern-based
methods.

3. Method

To strengthen the semantic representation used in extractive multi-document summarization, this
study adopts a topic—pattern modeling approach that integrates two complementary signals: the latent
themes captured by LDA and the lexical patterns that frequently appear across documents. The
framework employs LDA to produce topic distributions that help identify recurring lexical patterns,
enabling the detection of essential relationships among text segments. The system discovers semantic
relationships between words that standard topic probability analysis fails to detect through these
patterns. The system uses these patterns to assess sentence meaning with enhanced precision and
understanding of the context. The model produces an expanded set of topic—pattern features through
its integration of thematic cues with pattern information, which directs both candidate sentence scoring
and diversity-aware selection.

3.1. Definition

Given a document set D = {d4,d,, ..., d,} that discusses a common theme, the aim of extractive
MDS is to create a concise summary using a selected subset of sentences from D. Let S be the full pool
of candidate sentences, and let " € S denote the sentences chosen for the final summary. The objective
is to balance three factors: capturing the main ideas, covering the core topics, and keeping redundancy
to a minimum [6], [7], [8], [49].

3.2. Overview of the Proposed System

The proposed system builds on ideas from both traditional summarization techniques and more
recent topic-oriented models. The proposed system leverages the strengths and seeks to avoid the
weaknesses of MDS outlined in Section 2. An overview of the system design is shown in Fig. 1, which
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can be understood through the following steps. First, preprocess and import documents into MALLET,
then perform topic modeling using Latent Dirichlet Allocation (LDA) [50] to extract thematic
information from the document set. Next step, do pattern mining with the FP-growth algorithm to
generate topic—pattern representations. Next, score each sentence based on how well it aligns with the
combined topic and pattern features. Next, redundancy reduction through similarity-based penalties
applied during scoring, followed by sentence selection using a greedy strategy that balances relevance and
diversity. Last, summary generation, in which the system selects a fixed number of sentences, e, to form
the final output.

3.3. Topic Extraction Using LDA

LDA is applied to the document set D to estimate latent topics represented by topic—word
distributions ¢ and document—topic proportions 6(qy [22]. Each candidate sentence is mapped to a
sentence—topic relevance vector by aggregating the topic probabilities of its constituent words. This
results in a coarse-grained semantic representation that reflects the sentence’s thematic alignment with
discovered topics.

3.4. Pattern Mining and Topic-Pattern Representation

While LDA identifies broad thematic tendencies, it often fails to capture specific lexical cues that
provide additional semantic detail. To address this, the FP-growth algorithm [51], is used to extract
frequent lexical patterns from the document set. FP-growth is widely used in text mining due to its
efficiency in identifying recurrent term combinations [52], [53]. These lexical patterns are then aligned
with LDA topic—word distributions to construct topic—pattern vectors that highlight topically coherent
and semantically informative associations, following the principles of pattern-enhanced topic modeling

[17], [54].

The resulting sentence representation integrates both topic relevance and pattern activation, enabling
more discriminative sentence scoring.

3.5. Unified Sentence Scoring Framework

The proposed model uses three elements to create informative summaries that prevent duplicate
information through its single scoring system. The system evaluates sentences by combining all three
signals to determine both topic salience and diversity. For each candidate sentence s, the final score is

defined as:
Score(s) =a-TS(s)+ - PR(s) — & - Red(s,S) 1)

where T'S(s)measures the strength of the sentence’s alignment with dominant LDA topics in the
document cluster; PR(s) quantifies the activation of frequent topic-coherent lexical patterns which
the FP-growth mining technique identifies; and Red(s, S)represents the maximum cosine similarity
between a sentence s and the already selected summary set S. The system distributes its attention

between different data aspects through the weighting parameters a, 3, 6.

This formulation ensures that sentences are not selected solely because they are central (as in graph-
based models) or solely because they match dominant topics (as in topic-only models). Instead, a
sentence is preferred only if it simultaneously: aligns strongly with salient topics, activates discriminative
lexical patterns, and the selected content receives new information which differs from what has been
presented before.

The system implements the redundancy penalty as a dynamic process which runs during the greedy
selection phase. After each sentence is selected, similarity scores are recomputed for remaining
candidates, and their final scores are updated using the diversity control parameter §. The unnormalized
saliency scale that TS(s)and PR computation require needs a § value of 5 to maintain equal importance
between relevance and diversity terms. The system blocks users from choosing additional options that
produce similar sentences that contain strong thematic connections.
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The model allows users to manage information diversity through a single parametric equation that
achieves maximum coverage with minimum redundancy. The proposed framework uses a single
evaluation approach that differs from conventional centrality-based systems yet provides an exact
mathematical model for describing pattern-topic connections in PETMSUM-inspired models. The
proposed system is illustrated in Fig. 1, and the detailed algorithm is shown in Fig. 2.

Algorithm 1. PETMSUM-Unified Topic Sentence Selection

Input:
e {SR,}Y_, : top-n ranked sentence sets per topic
¢ L : required number of sentences
* a, f,0 : weighting parameters

Multiple |
Documents

MALLET Output: Summary S of size L

S+0
PL+®
{ — Candidate Pool Construction —}

iy

3: forv=1tVdo
4 for each sentence s in SR, do
Modelling 5: if 5 ¢ PL then
6: Insert s into PL
Topic_stat Topi d_weight 3 il
9: end for

{ — Initial Unified Score Computation — }
10: for each s € PL do
11: Compute topic significance T'S(s)

Topic Sentence-

Topic Sentence pased Pattern

Representation Ditebiery 12: Compute pattern activation PR(s)
13: Score(s) + a-TS(s) + B - PR(s)
14:  end for
Pattern Sentence- 15: '
Sentence Scoring Topic : PL' < PL

Interpretation

{ — Greedy Selection with Diversity Penalty —}
16: while |S| < L do

3 Z 17: s* « arg max ¢ pyr Score(s)
’ ummary 18: S+« Su{s*}
Sentence Sent 1,
Selection SEniones 2, 19: foreach x € PL', x # 5™ do
fa 20: Score(x) + Score(x) — & - sim(x,s")
e 21: end for

22: Remove s* from PL’
23: end while
24: return S

Fig. 1. Complete pipeline from preprocessing to Fig. 2. PETMSUM- Unified Topic Sentence Selection
selection of the proposed system. Algorithm.

3.6. Redundancy-Aware Sentence Selection

The selection process works step by step, beginning with the system picking the highest-scoring
sentence from the candidate pool. Second, redundancy penalties are applied to the remaining sentences
based on their semantic similarity. Third, the scores are updated, and the process repeats.

This continues until the summary reaches the set sentence limit. The approach ensures that the
selected sentences are both topically important and sufficiently distinct from one another, following the
principles of the PETMSUM framework.

3.7. Summary Length Criterion

The proposed system generates summaries with a specific number of sentences, whereas PETMSUM
produces summaries of approximately 250 words. The proposed system generates summaries with a fixed
number of sentences, enabling better comparison between baseline models.

3.8. Experimental Setup

3.8.1. Dataset

The proposed model was evaluated using two benchmark datasets from the Document
Understanding Conference (DUC): DUC 2006 and DUC 2007 [47], [48]. These datasets are standard
for multi-document and query-focused summarization research.
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The DUC 2006 collection contains 50 document clusters, each comprising 25 news articles. DUC

2007 includes 45 clusters, each with 25 articles. The number of sentences per cluster ranges from 5 to

79 in DUC 2006 and from 9 to 125 in DUC 2007. Each cluster is provided with multiple human-

generated reference summaries: 10 in DUC 2006 and 4 in DUC 2007. Both datasets specify a target
summary length of approximately 250 words.

A brief overview of dataset characteristics is provided in Table 1.

Table 1. DUC Dataset Description.

P Dataset
arameter DUC 2006 DUC 2007
Number of Documents Sets 50 45
Number of articles in each set 25 25
Min number of sentences per document set 5 9
Max number of sentences per document set 79 125
Length of Summary (in words) 250 250

3.8.2. Baseline

To provide a comprehensive comparison, the proposed model was evaluated against several
established extractive summarization baselines, as shown in Table 2. These baselines represent the
evolution from early rule-based and statistical approaches to modern neural methods. The proposed
model is compared against all baselines using identical preprocessing and evaluation conditions.

Table 2. Comparison of Baseline Model and Proposed System.
Componen Lead CLASSY KL- LexRa TextRa PETMSU BERTSU Propos

t/ Aspect [52] 04 SUM nk nk M [17] M ed
[53] [20] [24] [25] [44] Model
Descriptions Selects the Employs Minimizes Graph- Graph- Utilizes A neural The
first few clustering KL- based based pattern- extractive proposed
sentences of and divergence  centrality centrality enhanced model using  algorithm
each statistical- between methods methods topic pretrained applies
document. linguistic the source  thatscore  thatscore  modeling for BERT unified
Effective for ~ techniques ~ documents  sentences  sentences query- encoders, topic—
structured to select and based on based on focused often pattern
news but representati  summary,  similarity  similarity MDS, achieving scoring
less robust ~ ve sentences  preserving graphs. graphs. integrating strong with a
for word- topic performance greedy
heterogeneo distributio salience, for single- diversity
us text. n similarity pattern document penalty to
activation, summarizati select
and on. salient,
redundancy non-
reduction. redundant
sentences
under a
predefine
d
sentence
budget in
MDS.
Model Heuristic Clustering +  Probabilist Graph- Graph- Topic— Neural Topic—
Para digm statistical ic based based pattern- (Transforme pattern-
divergence based r-based) based
minimizati (enhanced
on )
Designed for No Yes Yes Yes Yes Yes Primarily Yes
Moulti- single-
document
Document
|
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| e
Componen Lead CLASSY KL- LexRa TextRa PETMSU BERTSU Propos
t/ Aspect [52] 04 SUM nk nk M [17] M ed
[53] [20] [24] [25] [44] Model
Topic No No No No No Yes (LDA- No (implicit Yes
Modelin g based) via (LDA
Int » embeddings) with
niegration refined
weighting
)
Pattern- No No No No No Yes No Yes
Based (integrate
Lexical d into
Modeling scoring)
Sentence Positional Cluster- Distributio  Eigenvect ~ PageRank No Classificatio No
Centrality bias based n or -based n-based (topic—
. selection alignment  centrality ranking scoring pattern
Mechanism scoring)
Redundan(y None Limited Implicit via ~ Similarity ~ Similarity Greedy Learned Refined
Handling (cluster distributio  threshold  threshold diversity implicitly via greedy
filtering) n match penalty training diversity-
Strategy aware
penalty
Supemised No No No No No No Yes No
Training
Required
Computatio Low Low- Moderate Moderate ~ Moderate Moderate High (GPU  Moderate
nal Moderate recommende
. d
Requirement )
Interpretabil High High High High High High Limited High
ity (black-box
encoder)
Explicit Fixed Heuristic Word- Length Length Word-count  Length fixed Explicit
Sentence positional distributio heuristic heuristic (-250 words) during sentence-
n guided training number
Budget control
Control (3_25)
3.8.3. Experimental Setup

To ensure consistency and equal experimental conditions, all experiments were conducted using
default parameters. No fine-tuning was applied to BERTSUM. The proposed system experimental setup
was configured as shown in Table 3.

Table 3. Experimental Setup Parameters.

Parameter Search Space
Number of toni DUC 2006 : DUC 2007 :
umber of topics 20 topics 25 topics
Candidate pool
Top 27 -
(highest-ranked sentences per topic) op 27 =50
Pattern mining FP-growth

Summary length

3,5, 10, 15, 20, and 25
(Fixed sentence budgets) )2 T 0 AU an

Redundancy control Cosine similarity
Penalty weight (3) 5
ROUGE-1, ROUGE-2, ROUGE-SU4

Evaluation

The diversity penalty weight § was set to 5 after preliminary tuning to balance coverage and
redundancy suppression. Cosine similarity in [0,1] was used for redundancy computation, so deduction
per selection step I was bounded by §. Since the saliency scores are computed on an unnormalized scale,
this value preserves the proportional influence of the relevance and diversity terms.
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3.8.4. Evaluation Metric

Lin (2004) developed ROUGE, which includes evaluation metrics and software tools for automatic
summary assessment through Recall-Oriented Understudy of Gisting Evaluation. ROUGE relies on the
number of overlapping contiguous words, N-grams, and word pairs between the system-generated
summary to be evaluated and the ideal summaries. To assess the quality of the generated summaries,
this study employs the three ROUGE (Recall-Oriented Understudy for Gisting Evaluation) metrics,
which are extensively used in extractive multi-document summarization research [55]:

ROUGE-1: The system-generated summary and reference summary are evaluated through unigram
(word-level) overlap assessment. The metric measures how well the model identifies essential
content words in individual texts.

ROUGE-2: The system evaluates its ability to preserve reference bigrams through its bigram overlap
calculation, which assesses its maintenance of reference word sequences and their associated
semantic relationships.

ROUGE-SU4: A skip-bigram measure allowing skips of up to four words in addition to unigrams. The
ROUGE-SU4 metric holds special value for multi-document Summarization because it
handles the different word patterns that appear between documents. The SU4 system enables
researchers to conduct flexible semantic similarity assessments, as implemented in multiple
DUC/TAC evaluation studies.

All scores are reported in recall form, which is standard in MDS evaluation, because the goal is to
measure how much essential information from the reference summary the system successfully captures.
ROUGE metrics automatically assess the quality of a summary by comparing it to a human-created gold
standard. We use the ROUGE 2.0 toolkit [56] to evaluate the performance of our summarization system.
The ROUGE-2.0 toolkit was used with default settings, including Porter stemming and case
normalization. ROUGE-1, ROUGE-2, and ROUGE-SU4 recall scores were reported following standard
DUC evaluation practice. For ROUGE-SU4, the maximum skip distance was set to 4 as defined in the
original configuration. ROUGE scores were computed against all available reference summaries and
averaged across document topics. Unlike some recent summarization studies that report F1 variants of
ROUGE, this work strictly follows the recall-based DUC evaluation setting to ensure direct
comparability with prior MDS benchmarks.

4. Results and Discussion

The results of the ROUGE evaluation for DUC 2006 and DUC 2007 are presented in Table 4. The
proposed model demonstrates performance. The performance evaluation reveals several consistent
patterns regarding how the proposed summarization model behaves under different sentence-length
configurations. In general, integrating topic-enhanced scoring with redundancy-controlled sentence
selection improves ROUGE recall scores.

4.1. Trend Across ROUGE Metrics

Fig. 3 reports the ROUGE-1, ROUGE-2, and ROUGE-SU4 recall curves of the proposed framework
evaluated across varying sentence budgets on DUC 2006 and DUC 2007. It demonstrates that ROUGE-
1, ROUGE-2, and ROUGE-SU4 scores steadily increase as the number of selected sentences grows from
3 to approximately 10-15. The model achieves improved topic coverage by processing additional
document clusters that contain their full sentence content. The essential information becomes visible
when all curves achieve their peak at the 15-sentence point. The scoring system applies redundancy
penalties to eliminate statements that add minimal value. As expected, ROUGE-2 and ROUGE-SU4
have lower absolute values than ROUGE-1 because of the stricter nature of bigram and skip-bigram
matching. The two metrics show the same monotonic pattern, which proves that the model maintains
both phrase-level coherence and lexical relevance.
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Fig. 3. Length-sensitivity analysis showing ROUGE-1, ROUGE-2, and ROUGE-SU4 recall trends across
sentence budgets (3—25 sentences) for DUC 2006 and DUC 2007 datasets.

4.2. Consistency Across Datasets

Across both DUC 2006 and DUC 2007, three consistent behaviors emerge. First, the system
produces superior results as text length increases from 3 to 10 sentences because it allows the inclusion
of additional information about multiple subjects. Second, the system reaches its highest coverage
between 10 and 15 sentences, representing the saturation point. Third, the ROUGE metrics show an
identical pattern, indicating that the proposed system operates with stability while eftectively handling
redundant information. The proposed system demonstrates stability by preserving its patterns
throughout the process, demonstrating its ability to process datasets with different sentence structures
and writing styles.

4.3. Comparison with Baseline Systems

The results in Table 4 demonstrate that the proposed system outperforms LexRank, TextRank, KL-
SUM, and the DUC baseline system on the ROUGE-1 and ROUGE-SU4 metrics.

Table 4. Rouge Evaluation Result on DUC 2006 and DUC 2007 Data.

DUC 2006 DUC 2007
System Recall

Rouge-1 Rouge-2 Rouge-SU4 Rouge-1 Rouge-2 Rouge-SU4
Lead (1998) NA NA NA 031 0.06 0.11
CLASSY04 NA NA NA 0.41 0.10 0.15
DUC Baseline 0.30 0.05 0.10 0.40 0.10 0.15
PETMSUM 0.39 0.08 0.14 0.43 0.12 0.17
KL-SUM 0.36 0.03 0.12 0.36 0.03 0.11
LexRank 0.37 0.04 0.12 0.36 0.03 0.11
TextRank 0.37 0.04 0.12 0.36 0.03 0.11
3 Sentences 0.25 0.08 0.12 0.23 0.06 0.11
5 Sentences 0.33 0.10 0.16 0.30 0.08 0.13
10 Sentences 0.46 0.15 0.22 0.43 0.11 0.19
15 Sentences 0.47 0.15 0.22 0.45 0.11 0.19
20 Sentences 0.47 0.14 0.22 0.45 0.11 0.19
25 Sentences 0.47 0.14 0.22 0.45 0.11 0.19

The model produces superior results because it employs topic—pattern representations, which enable
it to capture specific lexical relationships that standard methods based on sentence centrality and surface
similarity cannot. The model also surpasses PETMSUM in most ROUGE scores. For instance,

PETMSUM records a ROUGE-2 score of 0.08 on DUC 2006, whereas Systems 3 and 4 reach 0.15. The
—
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ROUGE-SU4 metric increases from 0.14 in PETMSUM to 0.22 across Systems 3 through 6. The

research findings demonstrate that the enhanced scoring system, together with better diversity
management in the proposed framework, produces positive results.

Most of the proposed system’s ROUGE scores also surpass PETMSUM. For instance, PETMSUM
records a ROUGE-2 score of 0.08 on DUC 2006, whereas the 10 Sentences System and 15 Sentences
System reach 0.15. Similarly, ROUGE-SU4 increases from 0.14 (PETMSUM) to 0.22 in the 10-, 15-,
20-, and 25-Sentence Systems. These results highlight the benefit of the refined scoring strategy and
improved diversity management incorporated in the proposed framework.

4.4. Length Constraint Justification

The research assesses system performance using predetermined sentence budgets, which replace the
standard 250-word DUC evaluation protocol, to investigate how summary length influences the results.
The analysis in Fig. 4 shows the average number of words for each sentence arrangement for fair
evaluation purposes. The 15-sentence configuration enables researchers to create summaries that meet
the DUC 250-word limit for standard baseline evaluations with equal assessment.

Average Word Count Per Sentence Budget
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Fig. 4. Average Word Count Per Sentence Budget.

4.5. Contribution Analysis of System Components

The proposed framework comprises various components that can be studied through performance
trend analysis across different baselines and sentence-length settings. The analysis reveals more about
the model behavior through its results without requiring additional experimental work. The topic
modeling component serves as the primary mechanism for selecting sentences based on their global
importance for identifying major themes. The topic-driven mechanism enables better thematic
exploration across document clusters because it operates differently from graph-based methods, such as
LexRank and TextRank, which rely on sentence importance and word similarity. The system achieves
higher ROUGE-1 recall, indicating it performs better at identifying essential content words.

The pattern-based lexical representation system enables improved sentence discrimination by
conducting extensive analysis. The analysis of topic distributions reveals how different themes connect
to each other, but it also reveals word patterns that standard topic models fail to detect. The evaluation
results demonstrated that ROUGE-2 and ROUGE-SU4 achieved superior performance to PETMSUM
and KL-SUM because the model enhanced its ability to activate patterns, which resulted in better phrase
coherence and skip-bigram coverage.

The system needs a sentence-selection method that identifies unnecessary information to maintain
summary diversity as the number of available sentences increases. The ROUGE scores reach their highest
values at sentence lengths of 10-15, indicating that the diversity penalty successfully eliminates repetitive
information. The proposed framework operates at a distinct operational level from systems that generate
unregulated, repetitive patterns in their expanded summaries, because it maintains reliable operation by

managing both the number of topics and the amount of duplicated information. The effectiveness of
ee—
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redundancy control is influenced by the penalty parameter §. The empirical tuning process showed
that § values that fell between moderate and extreme levels generated the most effective results for
achieving complete coverage and producing various outcomes.

The system components operate as a single unit to deliver complete coverage through topic modeling,
with pattern mining enhancing discrimination and redundancy-aware selection producing diverse results.
The system performs better than classical extractive methods because their interaction yields superior
results that surpass PETMSUM's performance without using neural networks or supervised learning.

4.6. Qualitative Comparison of Extracted Summaries

The quantitative assessment was supported by a qualitative assessment that investigated user behavior
when choosing sentences using various summarization methods. An example document cluster from the
DUC dataset was analyzed by comparing summaries generated by PETMSUM and the proposed system.
The PETMSUM system generates summaries that contain relevant information but sometimes repeat
themselves because it selects sentences based on topic relevance rather than uniqueness.

The system selects sentences that contain multiple subtopics and avoids repeating information that
already exists. The behavior results from the system, which combines pattern-based lexical cues with its
redundancy-aware selection mechanism. The qualitative observation aligns with the quantitative results
reported in Table 4, which show that the proposed system achieves higher ROUGE-SU4 scores. The
system produces better results, showing improved preservation of original phrases and reduced repetition,
thus demonstrating that the method yields better numerical results and more diverse, easier-to-
understand summaries.

4.7. Complexity Analysis

The computational complexity of the proposed model consists of LDA inference O(NK), FP-growth
pattern mining that depends on the support threshold, and Greedy sentence selection O(|S|?) in the
worst case due to pairwise similarity. Compared to transformer-based neural models that require large-
scale pretraining and GPU acceleration, the proposed approach operates efficiently on CPU-based
environments, making it suitable for constrained deployment settings.

4.8. Non-Comparable Neural Baseline

BERTSUM exhibits inconsistent performance across the datasets; on DUC 2006, ROUGE-1 reaches
0.29, while on DUC 2007, it reaches 0.15. BERT achieves relatively high ROUGE-2 and ROUGE-SU4
scores, which are 0.23 on DUC 2006, but performs poorly on DUC 2007 across all metrics (ROUGE-2
= 0.07 and ROUGE-SU4 = 0.08). This behavior is expected because:

e BERT was applied without multi-document adaptation and without dataset-specific fine-tuning.
All documents for each topic were concatenated prior to encoding, which may result in truncation
due to model input limits.

e The DUC creates difficulties for neural extractive models because these systems lack the ability to
connect information between different documents during their training process.

The results show that these neural methods perform well, yet the research confirms that extractive
methods using topic patterns remain essential for creating summaries from multiple documents.

4.9. Overall Interpretation

The results confirm several important findings: A summary requires 10 to 15 sentences that present
all required information without repeating any details. The proposed method outperforms PETMSUM
by maintaining stronger lexical associations, resulting in improved ROUGE-2 and ROUGE-SU4 scores.
The proposed method outperforms graph-based baselines, including LexRank and TextRank, by
identifying crucial topical connections that standard similarity assessment methods cannot detect. The
system demonstrates excellent performance in identifying cluster content through its combination of
pattern representation with diversity-aware selection methods. The research results show that the
developed method outperforms the current reference techniques. These findings suggest that sentence-
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budget—aware extractive summarization remains a competitive alternative when interpretability and
domain independence are required. The following section discusses limitations and future work.

Fig. 3 reports the ROUGE-1, ROUGE-2, and ROUGE-SU4 recall curves of the proposed framework
evaluated across varying sentence budgets on DUC 2006 and DUC 2007. It demonstrates that ROUGE-
1, ROUGE-2, and ROUGE-SU4 scores steadily increase as the number of selected sentences grows from
3 to approximately 10-15. The model improves topic coverage by processing additional document
clusters that contain their full-sentence content. The essential information becomes visible when all
curves achieve their peak at the 15-sentence point. The scoring system applies redundancy penalties to
eliminate statements that add minimal value. As expected, ROUGE-2 and ROUGE-SU4 have lower
absolute values than ROUGE-1 because of the stricter nature of bigram and skip-bigram matching. The
two metrics show the same monotonic pattern, which proves that the model maintains both phrase-
level coherence and lexical relevance.

4.10. Limitations

The proposed model outperforms strong baselines; however, some limitations remain. The model
depends on two main components: topic modeling and frequent pattern extraction, as these methods
require statistical properties of the input corpus. The process of extracting topics and patterns becomes
less accurate when analyzing domains that employ intricate vocabulary, impose word-choice restrictions,
and exhibit irregular language patterns. This limitation contributes to reduced bigram coherence, as
observed in DUC 2007. Second, the pattern interpretation component uses heuristic weighting to
evaluate three elements: frequency, topic specificity, and distributional spread. The system achieves its
purpose, but it fails to detect complete semantic connections that advanced embedding-based models
could identify in complex contexts. The redundancy penalty system increases textual diversity but fails
to account for how different sentences relate in a discourse, resulting in the removal of essential
information.

5. Conclusion

The research develops an improved system for multi-document extractive summarization that
combines three key elements to retrieve essential information from documents. The model generates
better sentence representations by combining LDA-derived topic knowledge with standard lexical
patterns, thereby improving topic identification and content selection. The system selects sentences by
scoring them, combining the scores with a diversity penalty to find essential information while
minimizing duplicate content. The proposed method achieves superior results compared to several
traditional summarization methods in experiments conducted on the DUC 2006 and DUC 2007 datasets.
The proposed method outperforms LexRank, TextRank, KL.-SUM, and the standard DUC baseline in
summarization tasks. It also gives clear improvements over PETMSUM, especially on ROUGE-2 and
ROUGE-SU4. The model produced dependable results when processing summaries of varying lengths,
demonstrating its ability to operate flexibly and with stability. The system enhances its extractive multi-
document summarization capabilities by combining topic—pattern representations with diversity-aware
selection methods, but it continues to struggle with precise topic identification and pattern usage, as
well as with maintaining discourse coherence. The research offers multiple avenues for scientists to
advance their findings. The system would achieve better semantic pattern detection by implementing
neural topic representations, an advanced topic modeling approach. A hybrid summarization framework
that combines extractive and abstractive methods would generate summaries that preserve the
document's organization and maintain a readable format. The model needs additional evaluation with
datasets from different languages and specific domains, including legal, clinical, and medical text, to
achieve better generalization and stability. The ROUGE-based evaluation system provides standardized
comparison methods, but researchers should consider using human assessment metrics, such as
readability and coherence, in their future studies.
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