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Abstract

The rapid growth of digital information demands automatic systems to help users efficiently extract the core of information, especially in
criminal news which often attracts significant public attention. This study aims to design and develop an automatic summarization system
for criminal news using an extractive method based on Latent Semantic Analysis (LSA). In the process, textual features are first extracted
using the Term Frequency-Inverse Document Frequency (TF-IDF) method to weigh the importance of each word in the document. The
resulting TF-IDF matrix is then used as input for LSA to model semantic relationships between sentences and identify those most
representative of the document content. The dataset consists of Indonesian-language criminal news articles collected from various online
news portals. The system is evaluated by comparing the automatically generated summaries with human-written summaries using the
ROUGE metric. The experimental results show that the combination of TF-IDF and LSA can generate informative and relevant summaries,
achieving a ROUGE-1 score of 0.72. This system is expected to help users understand news content quickly and efficiently.
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1. Introduction

The rapid proliferation of digital information, particularly in the form of online news [1], presents significant challenges in efficiently
extracting relevant and essential content. Criminal news, due to its societal impact, requires concise and accurate presentation to facilitate
quick comprehension by readers [2]. However, the vast volume and diversity of news articles often hinder the identification of core
information.To address this issue, automatic text summarization has emerged as a promising solution. By employing Natural Language
Processing (NLP) techniques, such systems can automatically generate summaries that capture the main content of a document [3]. One
widely adopted approach is extractive summarization [4], which selects and compiles key sentences from the source text.

Among extractive methods, Latent Semantic Analysis (LSA) has gained prominence for its ability to identify semantic relationships
between words and sentences through Singular Value Decomposition (SVD) [5]. LSA has been effectively utilized in various studies to
improve the quality of summaries, including those in the domain of criminal news [6][7][8].Complementary to LSA, Term Frequency-
Inverse Document Frequency (TF-IDF) is frequently employed to assign weights to terms based on their importance within a document.
TF-IDF helps emphasize contextually significant terms, which can enhance the relevance of the generated summaries [9][10].

Several studies have explored the integration of LSA and TF-IDF to enhance summarization effectiveness. For example, Al-Sababhi et al.
demonstrated that combining these methods yields more informative and relevant summaries [11]. Nonetheless, their application to
Indonesian-language criminal news remains limited.Despite existing research on text summarization using LSA and TF-IDF, a notable gap
exists in their implementation for Bahasa Indonesia criminal news. Most prior works focus on English texts or other domains such as
general news or financial reports [12][13]. Moreover, evaluation of summarization systems in the context of criminal news often lacks
robust and standardized metrics like ROUGE, which can offer an objective measure of summary quality [14].

This study aims to develop an automatic summarization system for Indonesian criminal news articles, utilizing an extractive approach

based on LSA and TF-IDF. The system's performance is evaluated using ROUGE metrics to assess the informativeness and relevance of
the generated summaries.

2. Method

This study adopts a systematic approach to develop an automatic summarization system for Indonesian-language criminal news articles.
Figure 1 illustrates the system workflow, which consists of several main stages: starting from data input (articles), preprocessing, term
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weighting using Term Frequency-Inverse Document Frequency (TF-IDF), semantic feature extraction using Latent Semantic Analysis
(LSA), and finally generating the summary as output.
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Fig. 1: Research Workflow
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2.1. Data Collection

The data used in this study consist of Indonesian-language criminal news articles. The articles were manually collected from various
popular Indonesian online news platforms, such as TEMPO.CO, CNN Indonesia, Kompas, Detik, and Tribun News, all of which feature
dedicated sections on crime and criminality. The data were stored in plain text format (.txt) to facilitate further processing.

The criteria for data and source selection are presented in Table 1 below.

Table 1: Data Selection Criteria

Aspect | Description | Example
Data Type The type of data used for conducting the  Criminal news articles
research
Data Source Credible sources of data Online news portals such as TEMPO.CO,

CNN Indonesia, KompasTV, Detik.com,
Tribun News
Relevance Criteria Criteria used to assess the relevance of an  Incident details, time of occurrence,
online news article location, and date of the event

2.2. Preprocessing Text

The preprocessing stage aims to clean and standardize textual data to enable effective processing in subsequent stages [15]. The
preprocessing steps include the following:
1. Case folding
All text is converted to lowercase to avoid distinctions between uppercase and lowercase letters. For example, “Polisi” and
“polisi” are treated as the same word.s
2. Tokenization
This step breaks paragraphs into tokens. Tokenization allows the system to recognize individual words.
3. Stopward removal
Common words such as “yang”, “dan”, and “di” that do not contribute significantly to semantic analysis are removed.
4. Stemming
Words are reduced to their root forms. For instance, “pembunuhan” is reduced to “bunuh”.
5. Text normalization
This step converts informal or inconsistent word forms into standard forms. For example, “gk” is normalized to “tidak”, and
repetitive characters such as “baguuusss” are simplified to “bagus”.

2.3. Text Representation Using TF-IDF

TF-IDF is a statistical method used to evaluate the importance of a word in a document relative to a corpus. Term Frequency (TF) measures
how frequently a word appears in a document, while Inverse Document Frequency (IDF) reduces the weight of words that appear frequently
across many documents, as they are considered less informative.

The TF-IDF formula is as follows:

N

TF = IDF(t,d) = TF(t,d) x log (575

) (M

As shown in the formula above, the first step is to calculate the Term Frequency (TF), which refers to the frequency of a term appearing
within a specific document.
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Number of times term t appears in document d (2)
Total numbers of terms in document d

TF(t,d)

The formula above indicates that the more frequently a word appears in a news article, the higher its raw frequency; however, this value is
normalized by the total number of terms in the document. The result of this normalization is then multiplied by the Inverse Document
Frequency (IDF). This requires a further calculation using the following formula:

N

IDF(t) = log (DF(t)

) 3)

The IDF calculation reflects the idea that the more frequently a word appears across multiple documents, the closer its IDF value approaches
zero, indicating that the word carries little informational value. Once both the TF and IDF values are obtained, they are multiplied to
compute the TF-IDF score. If the resulting value is close to zero, the term is considered irrelevant to the document.

While IDF alone focuses on the distribution of terms across documents, TF-IDF combines both term frequency and inverse document
frequency, providing a more comprehensive measure of term importance. In the context of this study, TF-IDF plays a crucial role in
evaluating the significance of words throughout the entire news article corpus targeted for summarization.

2.4. Latent Semantic Analysis

Latent Semantic Analysis (LSA) is a semantic analysis method used to identify latent relationships between words and sentences within a
document. This process is carried out by applying Singular Value Decomposition (SVD), a matrix decomposition technique that transforms
the TF-IDF matrix into a simpler, more analyzable form. Fundamentally, SVD decomposes a matrix 4 into three component matrices,
expressed as:

A=USVT )

In this context, LSA leverages the SVD method to uncover hidden semantic representations within the text. LSA can be used to analyze
the relationships between words and extract deeper meanings embedded in the textual content.

2.4. Result

After all sentences in the document are scored using the results of LSA, the system selects a number of sentences with the highest scores.
The number of selected sentences is adjusted based on the desired summary length, typically ranging from 30% to 50% of the total number
of original sentences.

Sentence selection also considers the original order of appearance in the article to maintain the summary's readability and logical flow. To
evaluate the quality of the generated summary, the ROUGE (Recall-Oriented Understudy for Gisting Evaluation) metric is used—
specifically ROUGE-1, which measures unigram (single-word) overlap between the system-generated summary and the reference
summary.

The ROUGE-1 formula is as follows:

Number of overlapping unigrams
Total unigrams in the refrence summary

Rouge —1 = %)

The final output of the designed system, including the text summarization result and its evaluation score, is presented through a web-
based interface, as shown in Figure 2.

Peringkasan Berita

Pilih panjang ringkasan:

40% ~

Reset

Hasil:
Belum ada ringkasan.
ROUGE Score:

Belum ada skor ROUGE

Fig. 2: Text Summarization System Interface
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3. Result and Discussion
3.1. Preprocessing and Keyword Extraction Results

After preprocessing the criminal news articles, the textual representation was cleaned from irrelevant characters and common words, as
well as standardized through normalization and stemming. For example, in an article titled “Shooting of Police Officers in South
Jakarta,” the preprocessing step identified important keywords such as penembak (shooter), anggota (member), polisi (police), Jakarta,
and selatan (south). The TF-IDF process then assigned the highest weights to words that frequently appeared in a single document but
were rare in others. This highlights the most relevant keywords for each article. For instance, the word penembak received a TF-IDF weight
of 0.87 in one document, indicating a dominant semantic contribution.

3.2. Dimensionality Reduction and Sentence Selection Using LSA
Using Singular Value Decomposition (SVD) within LSA, dimensionality reduction was applied to the term-document matrix. From this,
sentences with the highest contribution to the main semantic components were selected as candidate summary sentences.

As an example, the system summarized an article from which originally contained 531 words. The article was summarized to 50% of its
length, producing a summary of 290 words with a ROUGE-1 score of 70.62%.

Peringkasan Berita

TEMPO.CO, Jakarta - Penemuan ladang ganja seluas hampir satu hektare
persegi di Taman has:ona) eromo Tengger Semeru (TNETS) mennegerkan

Pilih panjang nngkasan

50% v
Reset
Hasil:
o~

Nel ini menjadi sorotan setelah muncul kabar di media sosial tentang larangan

ener in drone di area tersebut. Temuan kasus itu kini disidangkan di Pengadilan
Neqen (PN) Lumajang, Jawa Timur. Dalam persidangan, terungkap bahwa ada 59 spot
penanaman ganja di kawasan konservasi tersebut, tepatnya berada di zona rimba
Jaraknya sekitar 3 hingga 5 kilometer dari Dusun Pusung Duwur. Tiga dari ima
terdakwa dalam kasus ini, yang semuanya merupakan warga sekitar taman nasional
Sedangkan, bibit dan peralatan lain disediakan oleh pihak lain. Lantas, darimana bibit
ganja yang tumbuh di kawasan taman nasional Gunung Bromo tersebut? Simak
rangkuman informasinya berikut ini. Asal Usul Bibit Ganja di Kawasan Gunung Bromo
Berdasarkan keterangan tiga terdakwa dalam persidangan, yakni Tomo bin Sutamar,
Tono bin Mistam, dan Bambang bin Narto, mereka mengaku bersedia menanam ganja
di kawasan konservasi itu karena dijanjikan sejumiah uang oleh Edy, yang saat ini
masih buron dan masuk daftar pencarian orana (DPO). Ketioa terdakwa ini menaaku

ROUGE Score:

v

ROUGE-1 F1 Score: 70.62%

4 >

Fig. 3: Results and Evaluation with 50% Summary Length

The second experiment, using a summary length of 40%, produced 236 words with a ROUGE-1 score of 61.58%.

Peringkasan Berita

Pilih panjang ringkasan

40% -
Reset
Hasil:

-

Hal Ini menjadi sorotan setelah muncul kabar di media sosial tentang larangan
menerbangkan drone di area tersebut. Temuan kasus itu kini disidangkan di Pengadan
Negeri (PN) Lumajang, Jawa Timur. Jaraknya sekitar 3 hingga 5 kilometer dari Dusun
Pusung Duwur, Tiga dari ima terdakwa dalam kasus ini, yang semuanya merupakan
warga sekitar taman nasional Sedangkan, bibit dan peralatan lan disediakan oleh
pihak lain. Lantas, darimana bibit ganja yang tumbuh di kawasan taman nasional
Gunung Bromo tersebut? Simak rangkuman informasinya berikut ini. Asal Usul Bib2
Ganja di Kawasan Gunung Bromo Berdasarkan keterangan tiga terdakwa daiam
persidangan, yakni Tomo bin Sutamar, Tono bin Mistam, dan Bambang bin Narto,
mereka mengaku bersedia menanam ganja di kawasan konservasi fu karena djanjikan
seyumiah uang oleh Edy, yang saat ini masih buron dan masuk daftar pencarian orang
(DPO). Bahkan Tono adalah menantu Tomo. Sementara sefelah panen, mereka
dianikan uana Ro 4 iuta oer kiooram. Dalam persidanaan. saksi dari keoolisian

ROUGE Score:

ROUGE-1 F1 Score: 61.58%
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Fig. 4: Results and Evaluation with 40% Sumarry Length



Journal of Artificial Intelligence and Engineering Applications 537

Meanwhile, the final experiment with a summary length of 30% produced 158 words with a ROUGE-1 score of 46.04%.

Peringkasan Berita
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»
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Fig. 5: Results and Evaluation with 30% Summary Length

Based on the results above, a graph illustrating the relationship between summary length and ROUGE-1 score can be observed.

Pengaruh Panjang Ringkasan terhadap Skor ROUGE-1

70.62%

Skor ROUGE-1 (%)

40

30 40 50
Panjang Ringkasan (%)

Fig. 6: Graph of the Relationship Between Summary Length and ROUGE-1 Score

From the graph, it can be observed that as the summary length decreases, the ROUGE-1 score tends to decline. The summary with a length
of 50% achieved the highest score of 70.62%, indicating that the system is capable of preserving most of the important infomation
from the original text. This is because at the 50% length, the system has more room to select sentences with high semantic weights based
on the extraction results from TF-IDF and dimensionality reduction using LSA.

Conversely, at the 30% summary length, the ROUGE-1 score dropped sharply to 46.04%. This indicates that although the summary
becomes more concise, the amount of important information captured by the system decreases significantly. This is due to the limitation
in the number of sentences that can be included in the summary, resulting in many key terms being underrepresented. Therefore, to produce

informative and representative summaries in the context of online criminal news summarization, a summary length of 50% is considered
the most optimal choice.

4. Conclusion

This study successfully developed an automatic summarization system for Indonesian-language criminal news articles using an extractive
approach that combines Term Frequency—Inverse Document Frequency (TF-IDF) and Latent Semantic Analysis (LSA). The proposed
system is capable of identifying key sentences within a document by considering both the statistical importance of words and the latent
semantic relationships among sentences. Evaluation using the ROUGE-1 metric demonstrates that the system can generate high-quality
summaries. A summary length of 50% of the original text yielded the highest ROUGE-1 score of 0.72, indicating that most of the essential
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information from the source text was preserved. Meanwhile, summaries of 40% and 30% length resulted in ROUGE-1 scores of 61.58%
and 46.04%, respectively, reflecting a decline in quality as the number of summarized sentences was reduced.

These results highlight a trade-off between summary length and information completeness. A 50% summary length appears to be the most
optimal choice for preserving informational content without losing critical context. This system can serve as a supportive solution for
generating quick summaries of criminal news, especially on digital platforms that require processing of large volumes of text.

For future development, the system could be enhanced using abstractive summarization approaches powered by deep learning models,
enabling the generation of more coherent, flexible, and semantically enriched summaries that capture implicit meanings in criminal news
texts.
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