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Abstract. The rapid growth of information technology, especially the internet, has accelerated the spread of online news,
making it increasingly difficult for readers to quickly capture the essence of articles. Automatic text summarization offers
a solution by generating concise representations of lengthy documents. This study proposes an extractive summarization
approach based on TextRank, enhanced with Weighted Inverse Document Frequency (WIDF) for more accurate term
weighting and Latent Semantic Analysis (LSA) for dimensionality reduction. WIDF assigns weights by considering word
frequency within documents and across a corpus, while LSA employs Singular Value Decomposition (SVD) to uncover
deeper semantic relationships. Sentences are then ranked using TextRank and cosine similarity, with top-ranked sentences
forming the summary. The method was evaluated on 3,000 news articles against human-written summaries. Results show
that the best performance occurred at a 50% compression rate, achieving an average Recall of 0.6313, Precision of 0.3450,
and F1-score of 0.4340, indicating the effectiveness of the proposed hybrid approach.
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1. Introduction

In the Indonesian context, automatic summarization research is still relatively limited compared to
English and other widely spoken languages. The IndoSum dataset provides a valuable benchmark for such
research, enabling fair comparisons across methods [1]. This study focuses on evaluating how the integration
of WIDF and LSA with TextRank performs in summarizing Indonesian news articles, highlighting trade-offs
between recall, precision, and F1-score at different compression rates. The novelty of this study lies in its
hybrid approach, tailored for Indonesian, where semantic richness and contextual nuances present unique
challenges for summarization systems.

Recent studies have shown that integrating weighting techniques with TextRank improves
performance. Weighted Inverse Document Frequency (WIDF) is a refinement of the classical IDF, assigning
more discriminative power to words based on their occurrence across multiple documents [2]. Meanwhile,
Latent Semantic Analysis (LSA) leverages Singular Value Decomposition (SVD) to uncover hidden semantic
structures, allowing sentences to be represented in a reduced semantic space [3]. Combining these methods
with TextRank is expected to enhance summarization outcomes, especially for morphologically rich
languages such as Indonesian.

TextRank, introduced by Mihalcea and Tarau, has become one of the most widely used algorithms in
extractive summarization due to its unsupervised and graph-based ranking nature [4]. It applies a similar
principle to Google's PageRank algorithm, where sentences are treated as nodes in a graph and edges
represent semantic similarity. However, its accuracy depends greatly on the representation of sentences,
which in turn depends on how word importance and semantic structures are computed.

The exponential growth of online news has resulted in an overwhelming amount of information
available to readers. This information overload often prevents readers from quickly identifying essential
points, reducing efficiency in knowledge absorption. Automatic text summarization addresses this challenge
by condensing large volumes of text into concise summaries while maintaining meaning integrity. Extractive
summarization is more widely applied due to its lower complexity and higher interpretability. Various
techniques for automatic summarization have been introduced, both in global studies and within Indonesian-
language research [5][7].

2. Related Work

Automatic text summarization has been studied for decades, with extractive approaches often
preferred due to their simplicity and efficiency. TextRank has been applied in multiple languages and
domains and consistently produces concise summaries without requiring supervised learning. However, its
performance strongly depends on the representation of sentence similarity [8].
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Several studies attempt to enhance TextRank by incorporating weighting schemes such as TF-IDF to
improve similarity matrices. Recent studies show that the choice of weighting method significantly affects
sentence ranking performance, and WIDF has emerged as a promising approach because it gives more
emphasis to salient terms across documents [2].

LSA is another technique used for enhancing extractive summarization. By applying SVD, LSA
reduces dimensionality and uncovers latent semantic relationships among sentences, making sentence
comparison more semantically meaningful [3]. Prior studies indicate that combining LSA with graph-based
summarization can increase coverage of key information.

Research on Indonesian text summarization remains limited. IndoSum is currently one of the largest
benchmarking datasets for summarization in Indonesian [1]. Comprehensive reviews mapping the evolution
of summarization methods—from extractive to contemporary neural approaches—have been detailed in prior
survey studies [9][10]. Recent advances incorporate neural and sequence-to-sequence models, including
reinforcement learning and neural extractive methods [11][12]. Despite progress in neural summarization,
hybrid extractive models remain relevant due to lower computational cost and interpretability, especially for
low-resource languages such as Indonesian.

3. Materials and Methods

This research utilized the IndoSum dataset, a benchmark collection for Indonesian text summarization
tasks, which consists of thousands of online news articles. From this dataset, 3000 articles were selected to
ensure a manageable yet representative sample. Each article was paired with a human-written summary to
provide ground truth references for evaluation. The diversity of topics and article lengths within IndoSum
makes it a suitable dataset for testing summarization algorithms.

The overall workflow of the proposed summarization model is illustrated in Figure 1. The system is
designed to process news articles through several stages, starting from preprocessing and term weighting to
semantic analysis, sentence ranking, and summary generation. Each component plays a crucial role in
ensuring that the final summary captures both the statistical significance and semantic coherence of the
original text.
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Figure 1. System Design of the Research Framework
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Preprocessing

The preprocessing phase ensured that raw news articles were standardized for analysis. This included
sentence tokenization, text normalization, case folding, stopword removal, and word tokenization. These
steps minimized noise and established consistency in word and sentence representation, especially important
for morphologically rich languages like Indonesian.
Weighted Inverse Document Frequency (WIDF)

Weighted Inverse Document Frequency assigns higher weights to words that appear frequently in a
single document but less often across the corpus. The WIDF value for a word t in document d is calculated
as:

WIDF(t,d) = tf(t,d) X log (%(t)) (1)

where tf (t,d)is the term frequency of term tin document d, df (t)is the number of documents
containing term ¢, and Nis the total number of documents.

Latent Semantic Analysis (LSA)
Latent Semantic Analysis reduces the dimensionality of the WIDF matrix Ausing Singular Value
Decomposition (SVD):

A= UV 2

where Uy, X, and V,are truncated matrices preserving the most significant latent semantic features.

Cosine Similarity
Sentence similarity is measured using cosine similarity:

Si'S;
ISl 1Sl

CosSim(S;, S;) = 3)

where S;jand Sjare vector representations of sentences S;and S;.

TextRank Algorithm
Sentences are modeled as nodes in a graph with cosine similarity as edge weights. The TextRank score of
sentence S;is calculated iteratively:

w

s, TR(S) 4)
ZSkEOut(Sj) Wik '

SjEITl(Si)

TR(S) =(1—d) +d

where dis the damping factor (commonly 0.85), In(S;)is the set of sentences linking to S;, and wy;is the
similarity weight.

Evaluation (ROUGE-1)
Summaries were evaluated using ROUGE-1, measuring unigram overlap between generated and reference

summaries:

IGNR| . . IGNR| PrecisionxRecall
Recall = ——, Precision = JF1 =2 X —M— 5)
IR| G| Precision+Recall

where Gis the set of unigrams in the generated summary and Ris the set of unigrams in the reference
summary.
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4. Results

The evaluation of the automatic summarization system was conducted at two compression rates,
namely 30% and 50%. The purpose of this experiment was to examine how different compression levels
influence the balance between Recall, Precision, and F1-score.

At the lower compression rate (30%), the system produced shorter summaries that were closer in
length to human-written references, reducing redundancy and maintaining compactness. In contrast, at the
higher compression rate (50%), the summaries captured a larger portion of the original information but
included more irrelevant sentences, leading to a decrease in Precision.

To provide a clearer illustration of these quantitative results, Figure 2 presents a comparison of the
key evaluation metrics (Recall, Precision, and F1-score) at both compression levels. This visualization
highlights the trade-off between information coverage (Recall) and content accuracy (Precision), with the
F1-score serving as an indicator of balance between the two.
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Figure 2. Recall, Precision, and F1-score at 30% and 50% compression rates.

The results of the experiments demonstrated distinct differences between the two compression rates
tested. At a 30% compression rate, the generated summaries were more concise and closer in length to
human-written references. This produced a balanced trade-off between Recall and Precision, with values of
0.4320 and 0.3765, respectively, and an Fl-score of 0.3871. Although Recall was lower, the summaries
tended to contain fewer redundant sentences and offered a level of compactness that is often desirable in
practical applications.

At the 50% compression rate, system-generated summaries achieved higher Recall, reaching 0.6313,
indicating that the summaries were able to capture a larger portion of the information contained in the
reference summaries. However, this improvement came at the cost of Precision, which dropped to 0.3450,
reflecting the inclusion of more irrelevant or less significant content. Nevertheless, the F1-score of 0.4340
was higher than that of the 30% compression rate, suggesting that the longer summaries offered a more
comprehensive representation of the original text.

A comparison with baseline TextRank without WIDF and LSA revealed that the hybrid method
consistently outperformed the baseline in terms of ROUGE scores. This confirms the contribution of WIDF
in better weighting of important words and the role of LSA in capturing latent semantic structures. The
integration of these techniques enhanced the semantic quality of the summaries, enabling the system to rank
sentences more effectively based on content relevance.

In addition to quantitative evaluation, qualitative inspection of selected summaries indicated that the
hybrid approach produced summaries that were more coherent and contextually meaningful. While the
baseline TextRank often selected sentences that were loosely connected, the hybrid method produced
summaries that preserved logical flow and conveyed the main points more effectively. This suggests that the
proposed method not only improves evaluation metrics but also enhances readability and interpretability for
end users.

S. Discussion
This section provides a detailed analysis of the experimental results obtained from the proposed hybrid
text summarization approach. The evaluation focuses on three key metrics—Recall, Precision, and F1-
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score—which serve as standard indicators of system performance in extractive summarization tasks. Table 1
presents the results at two different compression rates, offering insights into how varying the length of the
generated summaries influences the balance between coverage and accuracy. By examining these results, it
becomes possible to identify the inherent trade-offs between capturing more information from the source text
and maintaining the relevance of the extracted sentences.

Furthermore, this discussion aims to contextualize the findings within both theoretical and practical
perspectives. On the theoretical side, the results provide evidence of how feature engineering through
Weighted Inverse Document Frequency (WIDF) and semantic analysis via Latent Semantic Analysis (LSA)
enhance the capabilities of the baseline TextRank algorithm. On the practical side, the outcomes highlight
the potential applications of the system in domains such as media and education, where concise and coherent
summaries are increasingly valuable. The following subsections elaborate on these points in detail, starting
with an interpretation of the results presented in Table 1.

Table 1. Summarization performance at different compression rates.

Compression Rate Recall Precision F1-score
30% 0.4320 0.3765 0.3871
50% 0.6313 0.3450 0.4340

The results indicate a clear trade-off between Recall and Precision across different compression rates.
The 50% compression rate produced longer summaries, allowing the system to capture a greater portion of
the source content, resulting in a higher Recall score. However, this also increased the likelihood of including
less relevant sentences, leading to a decrease in Precision. Conversely, the 30% compression rate generated
shorter summaries with tighter sentence selection and a more balanced performance between Recall and
Precision, although this configuration yielded a slightly lower Fl-score. These findings suggest that
determining the most suitable compression level should be aligned with the intended use case—for example,
applications prioritizing completeness may prefer higher Recall, while applications prioritizing conciseness
may benefit from higher Precision.

The improvement achieved by the proposed hybrid method demonstrates the effectiveness of
combining WIDF and LSA in enhancing the sentence ranking process. WIDF ensures that highly informative
terms receive greater weight, while LSA contributes to understanding the deeper semantic relationships
among sentences. This mechanism allows the system to produce summaries that are not only statistically
significant but also semantically coherent. In addition, previous findings indicate that summarization systems
that incorporate semantic representation—rather than relying solely on surface-level frequency features—
tend to generate summaries with stronger coherence and contextual relevance, as semantic relationships
among sentences are explicitly modeled [6]. This behavior is also reflected in the proposed model, where the
integration of semantic analysis enables the selection of sentences not only based on their importance but
also on their contribution to the overall meaning and flow of the summary.

In addition to its academic contribution, the proposed summarization system offers practical value. In
media contexts, it can assist in generating concise news digests automatically, accelerating information
delivery to end users. In education and research environments, it supports document review processes by
reducing long passages into essential key points. Future development may include integrating contextual
embeddings from transformer-based models and exploring abstractive summarization to produce even more
natural summaries that resemble human writing.

6. Conclusion

This study set out to evaluate the effectiveness of a hybrid extractive summarization approach
combining TextRank with Weighted Inverse Document Frequency (WIDF) and Latent Semantic Analysis
(LSA). Through experiments conducted on 3000 Indonesian news articles from the IndoSum dataset, the
findings demonstrated that this hybrid method improves the quality of summaries compared to baseline
TextRank. The integration of WIDF and LSA enhanced both the statistical weighting of terms and the
semantic representation of sentences, yielding more informative summaries.

The results revealed that compression rates strongly influence summary quality. At a 50%
compression rate, the system achieved higher Recall values, ensuring broader coverage of important content,
although Precision decreased due to the inclusion of less relevant sentences. At a 30% compression rate,
summaries were shorter and more selective, producing a better balance between Recall and Precision but a

Subject Category: Computer Science and Informatics 18
Received: November 10, 2024. Revised: June 09, 2025.



IEESE International Journal of Science and Technology (IJSTE), Vol. 14 No. 3, September 2025, 14-19
ISSN : 2252-5297

slightly lower F1-score. These insights underscore the need to align summarization settings with application
requirements, whether prioritizing comprehensiveness or conciseness.

Beyond quantitative performance, qualitative analysis indicated that the proposed hybrid approach
produced summaries that were more coherent and contextually relevant. This finding highlights the potential
of combining frequency-based weighting and semantic analysis to address challenges in summarizing
Indonesian texts, where linguistic complexity poses unique obstacles. The contributions of this study lie not
only in improving summarization metrics but also in offering practical insights into designing summarization
systems for morphologically rich languages.

Future research can build on this work by exploring abstractive summarization approaches and
integrating deep learning-based embeddings such as BERT, RoBERTa, or other transformer models. Such
methods may further improve the ability of systems to capture meaning beyond surface-level representations.
In addition, domain-specific datasets and cross-lingual studies could expand the applicability of
summarization systems. Ultimately, this research provides a foundation for advancing automatic
summarization in Indonesian, with potential benefits for media, education, and information management
sectors.
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