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Abstract

The Makan Bergizi Gratis (MBG) is one of the Indonesian government’s priority initiatives
that has received significant coverage in online media. To understand the main themes
within these narratives, this study applies topic modeling using Latent Dirichlet Allocation
(LDA). However, the results of topic modeling are highly influenced by the preprocessing
stage, patticularly in handling multiword expressions (MWEs) such as named entities,
collocations, and compound words. This study compares two preprocessing approaches:
basic and extended, with the latter involving the masking of MWEs. Experimental results
show that the extended preprocessing model achieved the highest coherence score of
0.5149 at K=22K = 22K=22, with four other scores also exceeding 0.496, whereas the
basic preprocessing model only reached a maximum of 0.3932 at K=10K = 10K=10.
Furthermore, cosine similarity scores between topics in the extended model were lower
(maximum 0.74006) than in the basic model (maximum 0.8244), indicating that the topics
produced were more diverse and less overlapping. These findings highlight the importance
of preprocessing strategies that preserve phrase-level meaning to reduce semantic
distortion and improve topic coherence and representation-particulatly in analyzing media
discourse on public policy programs such as MBG.

Keywords: Multiword Expression (MWE), Text Preprocessing, Topic Modeling, Latent
Dirichlet Allocation (LDA), Topic Coherence

1. INTRODUCTION

The Free Nutritious Meal Program (MBG) is one of the government's priority
programs that has become a national discourse and has been widely discussed in
recent times [1]. According to the Ministry of Finance (2024), this program aims
to improve the quality of human resources by strengthening nutrition for school
children [2]. Along with its implementation, the MBG has been in the media
spotlight because it is not free from various challenges in the field. News about
free nutritious meals has pros and cons, ranging from support for the benefits of
this program for school children, to criticism of its implementation which is
considered less than optimal [3], [4].
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Online news, as a primary medium for shaping public opinion, presents
information about the Free Meal Program (MBG) quickly, broadly, and regulatly
updated [5]. In recent months, various national and local media outlets have
published numerous articles discussing the program's policies, implementation,
and impact. The high volume and variety of coverage demonstrates that the MBG
issue touches on broader social, economic, and political dimensions.
Understanding how the media conveys this issue, particularly the topics covered,
is crucial for assessing public opinion on the free nutritious meal program [6].

To gain a deeper understanding of public opinion, analysis of MBG news can focus
on topic modeling. Topic modeling is a text mining method capable of identifying
and analyzing hidden topics within a collection of text documents (in this case,
news related to MBG) to aid in understanding and managing large-scale data [7].
This method allows for a more structured understanding of the main themes
discussed in a collection of text without having to read the entire document
directly. In the context of news about MBG, topic modeling can reveal how the
media constructs narratives, the dominant topics that frequently arise, and the
dynamics of the issue's development over time [8].

Text analysis representation relies heavily on data preprocessing. The rich
morphological structure of Indonesian, particularly word formation involving
numerous affixations and reduplications, presents challenges that require special
attention during the text preprocessing stage. One important initial process in this
stage is tokenization, which separates text into word units [9]. Tokenization does
not consider the context of the phrase, thus separating important word
combinations such as "eat nuttitiously free" into individual word units that lose
their original semantic meaning (are distorted). In addition to tokenization, the
stemming process also plays a significant role in shaping text representation.
Overly aggressive or inaccurate stemming can truncate words inappropriately and
cause changes in meaning. For example, the word "pelaksanaan" stemmed as
"laksana" can cause confusion in topic interpretation. This problem is exacerbated
by the inability to recognize multiword expressions (MWE), which are word
combinations whose meaning must be processed as a single unit. If a phrase such
as "eat nutritiously free" is separated and processed word by word, the intended
meaning of the policy is lost and changed [10]. Additionally, there are also specific
names or entities (types of MWE) in the text that need to be protected from
distortion during the preprocessing stage. As explained by Amalia et al. (2020),
efforts to maintain semantic representation, including handling multiword
expressions, are crucial, especially in small corpora and specific domains.
Mishandling these elements can result in the loss of important information or
changes in meaning, which will affect topic modeling results [11].
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Although research on topic modeling has developed extensively, many studies tend
to use deep learning-based approaches such as transformers (BERTopic), which
internally can understand the context more deeply without focusing on advanced
preprocessing. However, according to research by Bonetti et al. (2023), the analysis
results of traditional and semi-traditional approaches such as Latent Dirichlet
Allocation (LDA) are highly dependent on strong data preprocessing. According
to Kresnawan et al. (2021), LDA is used to extract the main topic from a collection
of documents by modeling each document as a probability distribution over topics,
and each topic as a distribution of words. This process produces a number of
topics, each consisting of words and their probability values [12]. However,
although very comprehensive, this study does not specifically discuss the handling
of multiword expressions (MWE) or entity protection using named entity
recognition (NER) in preprocessing [13]. Then, research by Khairova et al. (2024)
used LDA with Collapsed Gibbs Sampling to analyze news related to the Ukraine
war, acknowledging the importance of preprocessing multi-word combinations.
However, MWE handling was only mentioned without implementation and was
not accompanied by entity protection or a deep stemming approach. Meanwhile,
Cheevaprawatdomrong et al. (2021) emphasized the importance of phrase
meaning, as their research showed that MWE handling can improve LDA
performance, both in terms of topic coherence and semantic representation [14].

Based on the previous description, this study aims to compare the results of
multiword expression handling to reduce meaning distortion in topic modeling for
news about free nutritious meals. This study also aims to demonstrate that
implementing appropriate preprocessing steps can produce more meaningful
analysis and emphasize the importance of a data-centric approach in text mining
to support model performance [15].

2. METHODS

2.1. Data Collection

The data in this study were obtained through a web scraping process on
Indonesian-language online news sites. The online news media used were Kompas
(https:/ /www.kompas.com/), Tempo (https://www.tempo.co/), and Detik
(https:/ /www.detik.com/) with the tag "makan-bergizi-gratis". Data collection
was cartied out for the period May 23, 2024 to May 23, 2025. The tag "makan-
bergizi-gratis" produced 2003 news documents from Kompas media, 1332 news
documents from Tempo media, and 1778 news documents from Detik media,
which were combined into 5113 news documents. The following is an example of
the collected data. The following shows the general architecture of this research.
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Figure 1. General Architecture

In this study, the data collection process was conducted using web scraping
techniques. Scraping was carried out in two stages: extracting news links and
extracting news content [16]. The following displays the data from the collected
documents.
Table 2. News Document Content
Index Title Content (Indonesia) Media

Fraksi Golkar mengapresiasi pemerintah karena

visi misi dan program unggulan presiden dan wafkil

gg; Fliik'i presiden terpilib - Prabowo  Subianto-Gibran
.. ) Rakabuming Raka, dimasnkkan dalam Kerangka
pwi Program
0 Makan Ekonomi Makro dan Pokok-pokok Kebijakan — detik
B; ?zi Gratis Fiskal (KEM-PPKF) RAPBN 2025. Salah
Pral%lowo A satunya program makan bergizi gratis untuk anak

sekolah. Anggota Komisi IX DPR Dewi Asmara
mewakili Fraksi Golkar mengatakan hal ini
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penting dilakukan agar pemerintaban baru bisa
langsung  melaksanakan  programnya  dengan
dukungan anggaran yang. ..

KARANGANYAR,  KOMPAS-  Wakil
BupatiKaranganyar, Adbe Eliana, mengingatkan
para Aparatur Sipil Negara (ASN) untuk bersiap
menghadapiefisiensi anggaran. Peringatan tersebut
Peringatan disampaikan saat memimpin apel perdana di
Wakil Bupati /lingkungan Pemerintah Kabupaten —(Pemkab)

5112 Karanganyar  Karanganyar pada Senin (24/2/2025). "Kalan kompa

untuk ASN di  ¢fisiensi ini sudabh kelnar, pastinya semuanya akan s
Bumi menjadi polemife dan itu pasti. Dan kita pasti siap
Intanpari... tidak  siap harus siap,"  wjar Adbe  dalam

sambutannya. Baca juga: Analisis dan Dampalk
Kebijakan — Penghematan — Anggaran — Prabowo
Subianto... Adbe juga menekankan pentingnya
kesabaran dan semangat ASN. . ..

2.4. Exploratory Data Analysis (EDA)

The Exploratory Data Analysis (EDA) process was conducted to understand the
dataset’s structure, quality, and distribution before proceeding to preprocessing
and modeling. The main steps are as follows:

1) Check Data Structure and Type

The initial step involved examining the dataset’s structure and attribute types to
ensure that each variable had the correct data format and to identify potential
inconsistencies.
@  judul 5893 non-null object
1 isi 4999 non-null  object
2 media 5113 non-null  object
dtypes: object(3)
memory usage: 120.0+ KB

Figure 2. Data Structure and Types

2) Check for Duplicate Values.

A duplication check was performed to identify and remove redundant entries. The
results revealed that two records contained identical information, indicating the
need for duplicate handling during the preprocessing stage. The findings are
summarized in Table 3[17].
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Table 3. Duplicate Value Check Results

e-ISSN: 2656-4882

Tndex Title Content (Indonesia) Media

Baca berita dengan sedikit iklan,klik di sini

TEMPO.CO,Jakarta- Hingga Senin  siang

puknl 13.55 WIB, demonstrasi

Demonstrasi bertaguklndonesia  Gelapdi  kawasan — Patung

BEM SI Kuda Monas, Jakarta Pusat, belum juga

Indonesia berlangsung.  Tampak  puluban — mabasiswa

2385 Gelap, Universitas - Pembangunan Nasional 1 eteran
Mahasiswa Jakarta dan Universitas Mubammadiyah Prof. tempo

)

Bersiap ke Dr. Hamtka (Ubamka) bertedub di area parkir

Patung Kuda Masjid Riblatul Jannah dari gnyuran air hujan

Monas sambil menunggn unjuk rasa dinulai. Baca berita

dengan sedikit iklan, klik di

ST oo

Baca berita dengan sedikit iklan,klik di sini

TEMPO.CO,Jakarta- Hingga Senin  siang

puknl 13.55 WIB, demonstrasi

Demonstrasi bertagukelndonesia  Gelapdi  kawasan — Patung

BEM SI Kuda Monas, Jakarta Pusat, belum juga

Indonesia berlangsung.  Tampak  puluban — mabasiswa

2386 Gelap, Universitas  Pembangunan Nasional 1 eteran
Mahasiswa Jakarta dan Universitas Mubammadiyah Prof. tempo

Y

Bersiap ke Dr. Hambka (Ubamka) bertedub di area parkir

Patung Kuda Masjid Riblatul Jannah dari gnyuran air hujan

Monas sambil menunggn unjuk rasa dinmlai. Baca berita

dengan sedikit iklan, klik di

3) Check Text Length Statistics

Descriptive statistics were calculated to analyze the distribution of text lengths
within the dataset. This analysis provides insights into the variability of document
sizes and guides appropriate text segmentation or tokenization strategies. The
results are illustrated in Figure 3 [18].

4) Check for Unusual Characters

This step involved identifying and counting unusual or non-standard characters,
including punctuation marks, numeric symbols, emoijis, non-alphanumeric, and
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non-Latin characters. The findings support the design of a targeted text-cleaning
procedure during the preprocessing stage [19].

count 5113.000000
mean 2478.860160
std 1197.17096%
min 1.000000
25% 1895.000000
50% 2382.000000
75% 2039.000000
max 14271.000000

Name: panjang_teks, dtype: floaté4
Figure 3. Results of Text Length Statistics Check

5) Check the Potential for Multiword Expressions (MWE).

To investigate potential multiword expressions, word cloud visualizations were
generated for the most frequent bigrams and trigrams. This helped identify
compound expressions and contextual word relationships that could enrich the
feature representation. The visualization results are shown in Figure 4 [20].

program ini gergizi Gratis

i bergizi gratis s

H
elayanan Peneﬂuhdn Gizi layanan “"‘h satu

M ‘Badan Gizi Nasional | B program makan bergizi 9.,

om0l § S 1N T e
TO CONTINUE WITH uBa Ca be r lt a dengan sed1k1t 1k?an g?ngan

— plcgram MBG makan bel’ngl gratisen:

se 1k1t 1klan kllK p,r g l Z l :

sedikit iklan, klik d1
2 g uji (oha °

Makan Bergizi Gratls

berita dengan se Baca berita dengan™

Bé?@f?i Gratls

dengan sediki1t s sig oo
Figure 4. MWE Potential Check Results

bergizi gratis. &

rgizi

iklan,klik di sini

MBG di

2.5. Data Preprocessing

Basic Text Preprocessing consists of eight stages: handling missing values,
handling duplicate values, text cleaning, lowercasing, tokenization, stopword
removal, stemming, and feature extraction. Meanwhile, one important stage is
added before the final tokenization process in Extended Text Preprocessing:
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multiword expression detection with IndoBERT. The final result of this process is
a corpus, which is a representation of each document in the form of a list of pairs
(token, count) that show how often each token appears in the document. In the
next stage, these tokens will be mapped to token_id through a dictionary, so that
the corpus can be used as numeric input for the Latent Dirichlet Allocation (LDA)
model. The following table shows an example of the corpus results generated from
basic text preprocessing and extended text preprocessing. The results of extended
text preprocessing show the presence of multiword expression (MWE) tokens,
such as "makan gizi gratis" and "sultan b najamuddin," which were identified
through the masking and phrase detection stages. The presence of MWE is
expected to improve the topic coherence generated by the model, as shown in
Table 4.

Table 4. Corpus Contents of Basic and Extended Text Preprocessing

No corpus basic text preprocessing corpus extended text
preprocessing

347 |(gizi', 2), (gratis', 1), (makan', 1), [(program’, 1), (‘salah’, 1), (‘'satu’, 2),

(penuh’, 1), (program’, 1), (‘salah’, ('menu’, 1), (ada', 1), (lhat, 1),

1), (satu', 2), (menu', 1), (siap', 1), (siap', 1), (mbg', 2), (layan', 1),

(mbg', 2), (layan', 1), (daput, 2), ('dapur’, 2), ('makan gizi gratis', 1),

(depok’, 2), (sppg’, 1), (bayun', 1), ('depok’, 1), ('sppg’, 1), (penuh gizi',

(depok-', 1), (mpg', 1), (tapos’, 2)] 1), (bayun', 1), (mpg’, 1), (‘tapos', 1),
('tapos depok depok-', 1)]

The final corpus results are shown in Table 5 is the form of a Bag of Words (BoW).
At this stage, each text document that has undergone text preprocessing is
converted into a list of (token_id, count) pairs, where the token_id is obtained
from a dictionary that maps each unique token to a numeric 1D.

Table 5. Bag of Words Results from Basic and Extended Text Preprocessing

No corpus basic text preprocessing corpus extended text
preprocessing

347 [(0,2),(1,1),3,1),(47,1),5,1),22,1),( [(5,1),(22,1),(23,2),(48,1),(58,1),(59,1),
23,2),(48,1),(49,1),(30,2),(50,1),(51, (49,1),(30,2),(50,1),(51,2),(17,1),(52,1),
2),(52,2),(53,1),(54,1),(55,1),(56,1),  (53,1),(60,1),(54,1),(56,1),(57,1),(61,1)]
(57.2)

The count of (token_id, count) indicates the frequency of occurrence of the token
in the document. The results of extended text preprocessing show the presence of
multiword expression (MWE) tokens such as "makan gizi gratis" or "sultan b
najamuddin" that have been combined and given their own token_id. This numeric
representation is then used as input for topic modeling with Latent Dirichlet
Allocation (LDA).
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To determine the optimal number of topics, experiments were conducted by trying
various values of the number of topics (K), ranging from 2 to 64. At each iteration,
an LDA model was built with parameters passes=20 and iterations=400 to ensure
a sufficiently in-depth training process, and alpha and eta were set to 'auto' to allow
the model to adjust its topic distribution based on priors (learn the topic
distribution itself). The model also used the option per_word_topics=True so that
it could produce a topic distribution per word. The final result of LDA modeling
is two important components: the topic distribution per document and the word
distribution per topic. This information is then used to compare topic modeling
results between basic text preprocessing and extended text preprocessing,
specifically to analyze the effect of multiword expression masking on the
coherence of the resulting topics.

2.7. Model Evaluation

In this study, the evaluation was conducted using two main approaches: topic
coherence and cosine similarity between topics [9]. These two metrics were used
to assess the extent to which the LDA model was able to generate meaningful,
non-ovetlapping topics [21].

3. RESULTS AND DISCUSSION
3.1. Determining the Optimal K (Number of Topics) Value

Determining the number of topics (K) is a crucial step in topic modeling using
Latent Dirichlet Allocation (LDA). Too small a K value can result in overly general
topics, while too large a K value can result in overlapping or meaningless topics.
Therefore, an experiment was conducted to evaluate the coherence score of the
LDA model with various numbers of topics [10]. The experiment was conducted
by building an LDA model for K=2-64 and calculating the coherence score (c_v)
for each K value, then visualizing it in a graph. Figure 5 shows the coherence results
with a range of K values from 2 to 63 from basic text preprocessing and extended
text preprocessing.

Figure 5 show that in the basic text preprocessing approach, the coherence value
increases with the number of topics, reaching a peak at K=10 with a coherence
value of 0.3932. After that, the coherence value begins to fluctuate and shows no
significant improvement. Meanwhile, in the extended text preprocessing approach
(with multiword expression masking), the coherence value is already relatively high
at the start, ranging from 0.44—0.49, and increases significantly in the K=20-23
range, peaking at K=22, reaching a maximum value of 0.5149. Figure 5 shows that
the cleaned dataset from extended text preprocessing consistently produces higher
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coherence than basic text preprocessing at almost all K values, especially around
the optimal number of topics.

Perbandingan Koherensi: Basic vs Extended Text Preprocessing

" -®- Basic Text Preprocessing
" A m- Extended Text Preprocessing

0.45 o

0.40 L

Coherence Score

035 »
;

Jumlah Topik (K)

Figure 5. Coherence Results from Data to Find Optimal K
3.2. Topic Distribution per Word

After determining the optimal number of topics (10 for the model with basic text
preprocessing and 22 for the extended text preprocessing), the next step was to
analyze the distribution of key words representing each topic. The following shows
the distribution of topics by word, Table 6 show the top ten words from each topic
for the LDA model with basic text preprocessing.

Table 6. Top Ten Words from the Basic Text Preprocessing Model Topics
Topic Key Words (Indonesia)
1 indonesia, papua, program, perintab, ajar, tolak, tni, gratis, didik, masyarakat
2 mbg, siswa, makan, racun, sekolab, gizi, menu, sppg, dapur
3 giZi, program, makan, mbg, gratis, dad, bgn, badan, nasional, laksana
4 kantin, surabaya, dagang, sumenep, henti, mbg, makan, sekolah, grats, jual

10 b, 930, program, anggar, mbg, makan, triliun, juta, gratis

The distribution of these words indicates that the topics generated by the model
are closely related to the issue of the free nutritious meal program (MBG). This is
evident from the dominance of wotds such as "eat,”" "nutrition," "free," "program,”
and "school" that recur across various topics. Furthermore, there are topics that
highlight specific entities or regions, such as "Papua," "Jakarta," or figures like
"Prabowo" and "Gibran," indicating a geographic and political aspect in the
analyzed documents.
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The occurrence of words such as "sppg," "kitchen," and "kantin" also indicates a
focus on the technical implementation of the nutritious meal program. Thus, the
topics obtained from the LDA model are generally consistent and relevant to the
theme raised in the document corpus, namely the MBG program, which has
become a public discourse. Table 7 shows the distribution of topics by word,
showing the top ten words for each topic for the LDA model with extended text
preprocessing.

Table 7. Top Ten Words from Topics in the Extended Text Preprocessing Model

Topic Key Words (Indonesia)

1 matkan, program, gigl, ummkm, gratis, mbg, usaha, jadi, koperasi, libat

2 desa, tni, pangan, program, gizi, tani, bangun, siap, bahan, jadi

3 manggarai, sikka, domba, khoirudin, bangka, ganjar, karya, persero, kereta,
labu

4 prabowo, menteri, presiden, perintah, indonesia, negara, tabun, efisiensi, kerja,
kabinet

5 matkan, gigi, anak, gratis, jadi, program, sehat, menn, protein, beri

22 Jakarta, makan, coba, uji, gizgi, gratis, per, porsi, bern

These topics show that the LDA model is able to recognize important themes in
the corpus, such as free nutritious meal programs (Topics 1, 5, 6, 8), political and
government issues (Topics 4, 13, 14, 15), up to certain geographic areas (Topics 3,
10) and child health and nutrition (Topics 5, 7, 11, 20). This indicates that the
extended text preprocessing process successfully lifts relevant MWE (entities and
word combinations) to support more semantic and informative topic modeling.

3.3. Distribusi Topic in Document

After the LDA model is built with the optimal number of topics, an analysis is
performed to see how the topic distribution appears in each document [22]. This
process is done by taking a representation of the topic distribution from each
document. The output of the model is a probability distribution for each topic that
reflects the extent to which a document is affiliated with certain topics [23]. Figure
6 shows the topic distribution across all documents from the cleaned dataset with
basic text preprocessing,.

The visualization results show that Topic 7, Topic 2, and Topic 5 are the most
dominant topics in the corpus, with average probabilities of approximately 0.16,
0.16, and 0.15, respectively. This indicates that these three topics appear
consistently and significantly across most documents, making them key
representatives of the themes contained in the data. Meanwhile, Topic 9, Topic 1,
and Topic 6 also have significant contributions, but slightly lower than the three
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main topics. Conversely, Topic 3, Topic 4, and Topic 0 have the lowest average
probabilities, each below 0.06, with Topic 3 appearing the least frequently (around
0.02). This suggests that these topics likely appear in only a small proportion of
documents, or only serve as supporting context for the main theme.

Rata-rata Probabilitas

A Vv 9 9 > © Kd N ™
& & N N Q Q Q" Q Q N
<0 A9 <0 A0 0 <0 <0 “9 0 0
Topik

Figure 6. Topic Distribution Across Basic Text Preprocessing Documents

Figure 7 illustrates that although the model generated ten topics, not all topics
appeared equally. Some topics dominated discussion in the corpus, while others
were more specific or minor. This imbalance actually reflects the natural structure
of news documents which tend to focus on certain issues that are currently being
hotly discussed.

0.12 -

o o
o =
@ o

Rata-rata Probabilitas
o
o
o

0.04 4

0.02 1

0.00 -

s o a ~ o ) A
& o o & & s & & & g
R & & & & & <X <X <R &
Topik

Figure 7. Topic Distribution Across Documents from Extended Text
Preprocessing
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Based on the topic and key words generated by the LDA model using data from
extended text preprocessing, it appears that the resulting topics are more focused
and less generic. For example, Topic 21 is dominated by words like "makan," "
gizi" "sekolah," " siswa," " laksana," which explicitly refer to the implementation
of free nutritious meals in schools. Meanwhile, Topic 6 contains the words
"program," "makan," " gizi)" and "terima," which indicate the operational or
administrative aspects of program implementation. Visualizing the topic
distribution across documents in the LDA model using data from extended text
preprocessing (Figure 7) shows that the average probability of each topic is more
selective, with certain topics (e.g., Topics 6 and 21) dominating with probability
values above 0.1, while other topics have lower contributions. This indicates that
documents in the extended model tend to have a clearer topic focus and are not
evenly distributed across multiple topics, as is the case in the LDA model using
data from basic text preprocessing. This contrasts with the LDA model for basic
text preprocessing (Figure 6), where the topic distribution within the document
appears more even. This suggests that without masking, the model struggles to
distinguish meaning boundaries between phrases, resulting in overlapping topics
and generic words like "program," "free," or "eat," spread across multiple topics.

3.4.  Evaluation of Coherence Score and Cosine Similarity

In the basic text preprocessing approach, the highest coherence value was obtained
at K=10 with a coherence score of 0.3932, while the next highest values were
found at larger K values, such as K=48 (0.3834) and K=35 (0.3823). Conversely,
in the extended text preprocessing using masking multiword expressions (MWE),
the LDA model consistently produced higher coherence scores. The peak was
reached at K=22 with a value of 0.5149, followed by K=20 (0.5061) and K=23
(0.5019). Table 8 shows the five highest coherence results and their optimal
number of topics using two cleaned datasets.

Table 8. K Values with the Highest Coherence Scores

K Basic Coherence Score K Extended Coherence Score
10 0.3932 22 0.5149
48 0.3834 20 0.5061
35 0.3823 23 0.5019
15 0.3804 21 0.5015
59 0.3797 6 0.4964

In addition to coherence evaluation, cosine similarity is also used to evaluate the
semantic closeness between topics generated by the LDA model. Each topic is
represented as a word distribution vector, and its distance to other topics is
calculated using the cosine metric. High cosine similarity values indicate similar
semantic representations between topics, which may indicate topic duplication.
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Table 9 shows the five topic pairs with the highest cosine similarity values in the
basic preprocessing and extended preprocessing models.

Table 9. Cosine Similarity Values

Model Topic Pair Cosine Similarity

Topik 6 dan Topik 7 0.8244

Topik 2 dan Topik 9 0.7398

Basic Topik 2 dan Topik 6 0.7324
Topik 5 dan Topik 9 0.7187

Topik 2 dan Topik 7 0.7035

Topik 5 dan Topik 18 0.7406

Topik 19 dan Topik 20 0.7395

Extended Topik 5 dan Topik 19 0.7323
Topik 0 dan Topik 18 0.7100

Topik 4 dan Topik 20 0.7056

Table 9 show that the LDA model with basic text preprocessing produces topic
pairs with higher similarity, such as Topic 6 and Topic 7, which have a cosine
similarity value of 0.8244. This indicates that the two topics are very similar
semantically and may overlap. In contrast, the LDA model with extended text
preprocessing achieved the highest cosine similarity value at 0.7406. This indicates
that the resulting topics have more discrete semantic representations, enabling the
model to distinguish topics more clearly and specifically. This result also supports
the previous topic coherence and distribution evaluation, which showed an
increase in topic coherence after multiword expression (MWE) masking.

3.5. The Effect of Multiword Expression Masking on Topic Modeling

Multiword Expression (MWE) masking is performed as part of the extended text
preprocessing stage to maintain the unity of meaning of important phrases that
frequently appear in documents. Phrases such as "makan gizi gratis" (free
nutritious meal), "program utama" (supetior program), or "kitchen makan gizi"
(nutritious meal kitchen) have specific and coherent meanings, so if the words are
separated, the contextual meaning can be distorted. Therefore, these phrases are
combined into a single token with an underscore (e.g., "makan_bergi_gratis") so
that they are treated as a single meaning unit by the LDA model [24].

The impact of MWE masking can be seen significantly in the increase in topic
coherence values. In the LDA model with basic text preprocessing, the highest
coherence value was only 0.3932, whereas after applying MWE masking, the
coherence value increased to 0.5149. This improvement indicates that the resulting
topics are more semantic, consistent, and relevant. Furthermore, changes are also
visible in the topic distribution within the documents. The visualization results
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show that the topic distribution in documents resulting from advanced
preprocessing has become sharper, meaning that each document is more dominant
in only one or two topics. This contrasts with the LDA model using basic text
preprocessing, which tends to show a flatter and more diffuse topic distribution,
indicating unclear semantic representation [25]. Multiword expression (MWE)
masking not only improves topic coherence based on the coherence score but also
strengthens thematic focus at the document level. This suggests that data cleaning,
including multiword expression (MWE) masking, plays a significant role in
improving the resulting topic representation.

3.6. Discussion

The analysis of the Free Nutritious Meal Program (MBG) news articles using topic
modeling has revealed meaningful insights into how media constructs narratives
around this national issue. By comparing basic and extended text preprocessing—
particularly focusing on the application of Multiword Expression (MWE)
masking—this discussion highlights key implications, methodological strengths,
and potential limitations in the modeling process.

The application of MWE masking has significantly improved topic clarity and
coherence in the LDA model. This is evident from the substantial increase in
coherence scores—from 0.3932 in the basic model to 0.5149 in the extended
model. This improvement underscores the importance of semantic preservation in
the preprocessing phase, especially when analyzing domain-specific corpora like
policy-related news. MWE masking helped retain the contextual meaning of
phrases such as “makan gizi gratis” or “program utama,” which would otherwise
be distorted if treated as separate tokens. In public discourse, these phrases are
often used as policy terms or slogans and carry implications that transcend their
literal word-by-word meaning. By treating them as single tokens, the extended
preprocessing ensures that the model understands these key expressions as unified
concepts, thereby allowing more accurate topic grouping.

Another key observation is the improved separation between topics in the
extended preprocessing model. Cosine similarity scores between topic pairs were
lower in the extended model, suggesting reduced semantic overlap. This allows
each topic to represent a more distinct area of discourse. For instance, some topics
clearly focused on political stakeholders, such as “Prabowo,” “presiden,” and
“menteri,” while others concentrated on logistical or technical aspects like “menu,”
“kantin,” or “dapur.” The basic preprocessing model, by contrast, resulted in more
overlapping themes, with generic keywords like “program,” “makan,” and “gratis”
appearing across several topics. This diluted the semantic identity of each topic
and reduced the model's ability to differentiate between nuanced sub-themes.
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In practical terms, the results from the extended preprocessing model offer more
actionable insights for stakeholders such as policymakers, educators, and nutrition
experts. For example, the identification of geographically specific discussions (e.g.,
“Manggarai,” “Sikka,” “Karanganyar”) allows for targeted analysis of program
implementation across regions. Similarly, topics focusing on operational terms like
“dapur,” “sppg,” and “menu protein” highlight the areas where public and media
attention are concentrated, potentially signaling program bottlenecks or public
interest points. This level of interpretability is critical when using topic modeling
for policymaking support. Policymakers rely on clear, focused themes to inform
decision ns; muddled or overlapping topics (as seen in the basic model) would
hinder this process.

The findings reinforce the necessity of adopting a data-centric approach in natural
language processing (NLP), especially in languages like Indonesian where
affixation and reduplication are prevalent. Traditional preprocessing steps—
though widely used—may not sufficiently preserve the richness of meaning
embedded in local expressions. As shown in this study, the inclusion of steps such
as MWE detection and entity preservation using tools like IndoBERT can yield
significantly better results. Moreover, this research opens pathways for further
exploration into the integration of Named Entity Recognition (NER) and more
sophisticated contextual embeddings that could further enhance topic
differentiation. While this study used Latent Dirichlet Allocation (LDA),
integrating deep learning-based models like BERTopic with strong preprocessing
foundations could produce even more nuanced insights.

While the extended preprocessing model has shown superior performance, it is
not without limitations. The detection of multiword expressions relies heavily on
the accuracy of the IndoBERT model, which may not capture all relevant
expressions in a domain-specific corpus. Furthermore, the decision to mask certain
expressions involves subjective judgment that could bias results if not carefully
validated. Additionally, while coherence and cosine similarity are effective
evaluation metrics, they may not fully capture the subjective quality of topic
interpretability from a human reader’s perspective. Future research could benefit
from incorporating qualitative assessments, such as expert reviews or public
opinion analysis, to validate the relevance and usefulness of identified topics.

The improved quality of topic modeling achieved through enhanced preprocessing
also holds broader implications for how digital media narratives are analyzed. As
media continues to shape public discourse on critical national programs like MBG,
the ability to accurately extract dominant themes can help monitor misinformation,
track sentiment shifts, and assess public engagement. Moreover, the use of topic
modeling with robust preprocessing can be a valuable tool for government
communication strategies. By understanding the evolving themes in public
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narratives, communication teams can tailor their messaging, correct
misunderstandings, and emphasize program strengths more effectively.

4, CONCLUSION

Based on the results of the analysis and experiments that have been conducted, it
can be concluded that this study shows that masking multiword expressions
(MWE) including entities, collocations, and compound words improves coherence
and topic representation in Latent Dirichlet Allocation (LDA)-based modeling.
The LDA model with extended text preprocessing (which involves masking)
produces an optimal coherence score K of 0.5149, higher than the LDA model
with basic text preprocessing of 0.3932 for its optimal coherence score K. The
distribution of topics in documents in the LDA model with extended text
preprocessing is sharper and more focused, indicating a more representative topic
mapping of the document content. Cosine similarity analysis shows that topics in
the LDA model with basic text preprocessing tend to be more similar to each
other, while in the LDA model with extended text preprocessing, topics are more
diverse and do not overlap. Masking MWE is proven to be able to maintain the
relatedness of phrase meaning, reduce meaning distortion, and improve overall
topic representation.
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