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Abstract 

Public discourse surrounding Indonesia’s Makan Bergizi Gratis (MBG) program reflects diverse opinions that have 

not yet been systematically examined using computational methods. This study addresses that gap by evaluating the 

effectiveness of static and contextual word embeddings within a Capsule Network (CapsNet) framework for 

sentiment analysis of MBG-related tweets on Twitter. A total of 7,133 Indonesian-language tweets were collected 

through web crawling, preprocessed, and manually labeled into positive, neutral, and negative categories. Four 

embedding techniques—Word2Vec, FastText, ELMo, and IndoBERT—were tested under two preprocessing 

settings, raw and stemming. The experimental results show that Word2Vec on raw text achieved the highest accuracy 

of 96.17%, while FastText obtained the best performance on stemmed data with 94.10%. These findings indicate that 

morphological normalization benefits static and subword-based embeddings, whereas contextual models maintain 

stable performance without extensive fine-tuning. Overall, this study demonstrates the potential of combining 

CapsNet with appropriate embedding strategies for Indonesian-language sentiment analysis and provides evidence 

that natural language processing can support data-driven evaluation of public programs such as MBG. 
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1. INTRODUCTION 

The rapid growth of internet penetration in Indonesia has significantly transformed how people 

communicate and exchange information. As of early 2024, internet penetration reached 79.5% of the 

total population [1], illustrating that digital connectivity has become an integral part of daily life, 

particularly among younger generations. This shift is most evident among Millennials and Generation 

Z, whose social interactions have been reshaped by digital communication, forming new cultural 

patterns in information sharing [2]. However, the rapid increase in internet use also presents serious 

challenges, including greater exposure to disinformation and hoaxes. Therefore, enhancing digital 

literacy has become an urgent necessity to ensure that users can critically evaluate the authenticity of 

online information [3][4]. 

One of the most widely discussed government initiatives in this digital era is the Makan Bergizi 

Gratis (MBG) or Free Nutritious Meal program. First introduced by Prabowo Subianto in 2006 as a 

response to Indonesia’s high stunting rate [5], the program was finally implemented after his 

inauguration as the 8th President of Indonesia. With a national budget allocation of Rp71 trillion in the 

2025 State Budget Plan (RAPBN 2025) Rp63.356 trillion for nutritional support and Rp7.433 trillion 

for management [6] MBG represents a large-scale policy with significant socio-economic implications. 

Recent studies highlight the socio-political dynamics of MBG implementation, showing both strong 

public support and critical debate on its long-term sustainability [28]. Given its national importance, 
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analyzing public sentiment toward MBG provides valuable, data-driven insight for policy evaluation 

and communication strategies. 

In this context, social media platforms play a key role in capturing public discourse. Twitter (now 

known as X) remains one of the most influential platforms for expressing opinions and engaging with 

public figures [9][10][11]. Its short-message format, real-time engagement, and open data ecosystem 

make it particularly suitable for large-scale sentiment analysis. Recent works have demonstrated how 

Twitter sentiment reflects socio-political attitudes in Indonesia, providing a real-time pulse of public 

opinion [29]. With its vast and dynamic data stream, Twitter serves as a valuable resource for 

understanding how citizens perceive government initiatives like MBG. 

Sentiment analysis is a Natural Language Processing (NLP) technique used to identify, extract, 

and classify opinions or emotions within text [14][15][16]. It enables researchers to determine sentiment 

polarity positive, negative, or neutral toward an entity such as a product, service, or policy [17]. Earlier 

studies commonly applied traditional algorithms like Naive Bayes and Support Vector Machine (SVM) 

for text classification [18]. However, with advancements in deep learning, models such as Bidirectional 

Long Short-Term Memory (BiLSTM) and Capsule Network (CapsNet) have shown superior 

performance in capturing complex linguistic contexts [19][20]. 

Equally important is the text representation technique, or word embedding, which transforms 

textual data into numerical vectors. Early approaches such as Word2Vec and FastText provided static 

embeddings, assigning a single vector to each word regardless of context. In contrast, contextual 

embeddings like ELMo and BERT generate dynamic representations that vary according to sentence 

structure [21][22]. The emergence of IndoBERT, pretrained on over 220 million Indonesian tokens, 

offers a more linguistically aligned contextual model for Indonesian text [30]. Nevertheless, few studies 

have investigated its effectiveness in policy-related sentiment analysis, which involves unique socio-

linguistic nuances and domain-specific vocabulary. 

Several previous works have explored similar architectures in other contexts. Diviya Prabha and 

Rathipriya (2022) used CapsNet to analyze COVID-19 tweets, achieving 96% accuracy [23]. Dong et 

al. (2020) integrated CapsNet with BiLSTM and GloVe, reaching 98.8% accuracy on the IMDB dataset 

[24]. Toqeer Ehsan et al. (2023) applied contextual embeddings (ELMo) for low-resource languages 

like Tamil and Tulu, achieving modest results (F1-score 0.51) [25]. Haziq et al. (2024) combined LSTM 

with FastText for app review sentiment, reaching 89.11% accuracy [26], while Noryasminda et al. 

(2025) achieved 89.8% using BiLSTM + FastText on monkeypox tweets [27]. Although these studies 

demonstrate the potential of CapsNet and contextual embeddings, none specifically address Indonesian-

language sentiment analysis in socio-political contexts such as MBG. 

Based on these gaps, this study aims to analyze public sentiment toward Indonesia’s Makan 

Bergizi Gratis (MBG) program using data from Twitter. The research integrates Capsule Network 

(CapsNet) with both static (Word2Vec, FastText) and contextual (ELMo, IndoBERT) embeddings to 

evaluate their effectiveness in sentiment classification. The novelty of this study lies in its application 

of IndoBERT and CapsNet within an Indonesian-language, policy-oriented domain providing both 

methodological and practical contributions. Methodologically, it compares the effectiveness of 

embedding types for sentiment classification in a morphologically rich language. Practically, it offers 

informatics-based insights for policymakers to understand public perception and enhance data-driven 

decision-making.  

2. METHOD 

All research processes in this study were conducted using a laptop equipped with an Apple 

Macbook M2 processor and 8 GB of RAM as the primary development environment. To meet the 

computational demands required for deep learning model training, the study utilized Google 
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Colaboratory, a cloud-based Python platform that provides free GPU support. This platform was 

selected due to its flexibility, seamless integration with popular deep learning libraries, and its ability to 

accelerate experiments involving complex architectures such as the Capsule Network (CapsNet). The 

implementation was carried out using the Python programming language, supported by several essential 

libraries, including scikit-learn, matplotlib, seaborn, gensim, fasttext-wheel, and TensorFlow. Through 

this computational setup, the research implemented and compared multiple word embedding techniques 

namely Word2Vec, FastText, BPEmb (ELMo), and IndoBERT which were subsequently integrated into 

the CapsNet model for sentiment classification. 

 

 
Figure 1. Research Method 

2.1. Dataset 

The dataset employed in this study was obtained through a web-crawling procedure using the 

Tweet-Harvest tool, which enables the extraction of public tweets without requiring access to the official 

Twitter API. The query “Makan Bergizi Gratis OR MBG lang:id” was applied under the Latest tab to 

ensure that only the most recently posted Indonesian-language tweets were collected. Data acquisition 

was conducted across five crawling sessions, each yielding approximately 1,500 tweets, resulting in an 

initial pool of around 7,500 entries. After removing duplicates and non-valid records, a total of 7,133 

unique tweets were retained. 

The cleaned dataset was stored in CSV format as mbg_dataset.csv and consisted of 15 attributes, 

including conversation_id_str, created_at, tweet, favorite_count, retweet_count, reply_count, lang, 

location, and username. All retrieved tweets were written in Bahasa Indonesia and represented a diverse 

range of public reactions toward the Makan Bergizi Gratis (MBG) program, forming the basis for 

subsequent exploratory data analysis.. 

 

Table 1. Data Collection Parameter 

Parameter Value 

Keyword “makan bergizi gratis” OR “mbg” lang:id 

Target Number of Tweets 1500 

Search Tab LATEST 

Tool tweet-harvest versi 2.6.1 

Token Twitter Guest Token 

2.2. Data Labeling 

All labeling processes were conducted manually on the dataset after completing the cleaning 

stage. Each tweet was annotated with one of three sentiment labels positive, negative, or neutral based 

on the contextual meaning of the sentence. In this study, 100% of the data were manually labeled, 

ensuring higher classification accuracy and enabling the model to better capture the underlying 

characteristics of each sentiment category [28]. 
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2.3. Preprocessing 

The preprocessing stage was carried out to ensure that the data were clean, consistent, and suitable 

for analysis. This process included several steps such as cleaning unwanted elements (URLs, mentions, 

hashtags, and special characters), converting all text to lowercase to achieve uniformity, tokenizing 

sentences into individual words, reducing words to their base forms through stemming, and removing 

common yet semantically insignificant words known as stopwords. These preprocessing steps were 

essential to eliminate noise and retain meaningful textual components, allowing the subsequent feature 

extraction and modeling stages to perform effectively [29].  

2.4. Word Embedding 

Word embedding is a representation technique that transforms words into fixed-dimensional 

numerical vectors, designed to capture the semantic meaning of words based on their contextual use 

within sentences. Each word is encoded as a dense vector, allowing semantic relationships among words 

to be measured mathematically through similarity operations such as cosine similarity [30]. Word 

embeddings are generally categorized into two main types: static and contextual. Static embeddings, 

such as Word2Vec and FastText, generate a single, context-independent vector representation for each 

word, effectively capturing general semantic relationships but struggling to differentiate polysemous 

words. In contrast, contextual embeddings such as ELMo and BERT produce dynamic vector 

representations that vary depending on sentence context, enabling a more precise understanding of word 

meaning [31][32][33]. By employing both static and contextual embeddings, this study aims to compare 

their effectiveness in improving sentiment classification performance using the Capsule Network 

(CapsNet) model. 

2.4.1. FastText 

FastText is an extension of the Word2Vec library that adopts the Skip-Gram with Negative 

Sampling (SGNS) approach and introduces a word representation model based on character-level n-

grams [17]. For instance, the word “sukses” is represented as the sum or average of the vectors of all its 

character n-grams: 

 

<s, <su, <suk, <suks, suk, suks, sukse, sukses, uks, ukses, ks, kses, se, ses, es, s>. 

 

Here, the symbols ‘<’ and ‘>’ denote the start and end boundaries of a word during the n-gram 

construction process [32]. By incorporating subword information, FastText is able to better capture 

morphological variations and semantic relationships within words, particularly in morphologically rich 

languages such as Indonesian. 

2.4.2. Word2Vec 

Word2Vec is a neural network–based word embedding algorithm that learns word representations 

by training a shallow network with a single hidden layer and a fully connected output layer. The weights 

obtained during the training process in the hidden layer are then used to form dense word vectors that 

capture semantic and syntactic relationships among words [32]. Word2Vec operates using either the 

Continuous Bag-of-Words (CBOW) or the Skip-Gram architecture, where CBOW predicts a target word 

based on its surrounding context, while Skip-Gram predicts surrounding words given a target word. 

Through this mechanism, Word2Vec effectively captures co-occurrence patterns in large corpora, 

enabling semantically similar words to be represented with closely related vectors in the embedding 

space. 
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2.4.3. ELMo 

Embeddings from Language Models (ELMo) is a contextual word representation model 

developed by the Allen Institute for AI, designed to capture the meaning of a word based on its complete 

sentence context [33]. Unlike static embeddings, ELMo generates different vector representations for 

the same word depending on its usage within a sentence. For example, in the following sentences: 

i. Kepala sekolah sedang memimpin rapat guru. 

ii. Ia menundukkan kepala karena malu. 

the word “kepala” carries different meanings. In the first sentence, it refers to a leader (the head 

of a school), while in the second, it denotes a part of the human body. ELMo captures such polysemy 

by leveraging a bidirectional LSTM architecture trained on a large text corpus, allowing it to encode 

both forward and backward contextual dependencies. This capability enables ELMo to provide rich, 

dynamic embeddings that reflect nuanced word meanings depending on their linguistic context. 

2.4.4. IndoBERT 

IndoBERT is a variant of the Bidirectional Encoder Representations from Transformers (BERT) 

model that has been pre-trained on a large-scale Indonesian corpus consisting of more than 220 million 

words drawn from multiple sources, including Indonesian Wikipedia, news outlets such as Kompas, 

Tempo, and Liputan6, as well as the Indonesian Web Corpus [34]. By being trained exclusively on 

Indonesian-language data, IndoBERT achieves a deeper understanding of the morphological structure, 

syntax, and contextual semantics of the Indonesian language compared to the multilingual BERT model. 

This allows IndoBERT to generate high-quality contextual representations for Indonesian text, making 

it particularly effective for natural language processing tasks such as sentiment analysis, named entity 

recognition, and text classification. 

2.5. Capsule Network 

The Capsule Network (CapsNet) is a deep neural architecture developed to overcome the 

limitations of conventional Convolutional Neural Networks (CNNs), particularly in capturing spatial 

and hierarchical relationships among features. Unlike CNNs, which tend to lose spatial information 

through pooling operations, CapsNet groups neurons into small clusters called capsules, each capable 

of representing not only the presence of a feature but also its pose information, including orientation, 

position, and scale [35]. 

 

 
Figure 2. Capsule Network Architecture 

 

The CapsNet architecture consists of two main components: an encoder and a decoder. The 

encoder is responsible for extracting and encoding textual features through a series of convolutional 

layers, primary capsules, and digit capsules, which transform low-level features into higher-level 

representations. The decoder, on the other hand, reconstructs the original input from the capsule outputs 

to reinforce the model’s ability to learn spatial dependencies among features [36]. In this study, CapsNet 

was chosen for its capability to maintain inter-word and contextual relationships within sentences 

without requiring extensive data augmentation. However, a key limitation of CapsNet lies in its high 
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computational complexity, as the dynamic routing process used to determine how information flows 

between capsules requires multiple iterations and involves a large number of parameters, resulting in 

longer training times and higher computational costs [37]. 

2.6. Confusion Matrix 

 
Figure 3. Confusion Matrix 

 

The confusion matrix used in this study categorizes sentiment into three classes: positive, neutral, 

and negative. In this context, True Positive (TP) represents the number of data instances that genuinely 

belong to the positive category and are correctly classified by the model. True Neutral (TNeu) refers to 

data that are actually neutral and correctly identified as such, while True Negative (TNeg) indicates the 

number of negative data points that are accurately classified. Conversely, False Positive (FP) denotes 

the number of non-positive data instances (either neutral or negative) that are incorrectly predicted as 

positive by the system. False Neutral (FNeu) corresponds to data from the positive or negative categories 

that are misclassified as neutral, and False Negative (FNeg) represents data from the positive or neutral 

categories that are incorrectly predicted as negative. This classification framework provides a more 

comprehensive evaluation of model performance by revealing specific areas where misclassification 

occurs, thereby facilitating targeted improvements to enhance overall accuracy. The accuracy, precision, 

and recall metrics are calculated using the following standard formulas: 

𝑇𝑜𝑡𝑎𝑙 =  𝑇𝑃 +  𝐹𝑁𝑒𝑢 +  𝐹𝑁𝑒𝑔 +  𝐹𝑃 +  𝑇𝑁𝑒𝑢 +  𝐹𝑁𝑒𝑔 +  𝐹𝑃 +  𝐹𝑁𝑒𝑢 +  𝑇𝑁𝑒𝑔 (1) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TNeu+TNeg

𝑇𝑜𝑡𝑎𝑙
 (2) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

𝑇𝑃+𝐹𝑃+𝐹𝑃
 (3) 

𝑅𝑒𝑐𝑎𝑙𝑙  =
TP

𝑇𝑃+𝐹𝑁𝑒𝑢+𝐹𝑁𝑒𝑔
 (4) 

2.7. Model Training Configuration 

To improve model generalization and evaluate robustness, a randomized hyperparameter search 

was conducted over 10 independent trials (N = 10) using a fixed random seed (SEED = 42). Each trial 

used a random combination of key parameters within controlled ranges. The configuration space was 

defined as follows: 
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Table 2. Parameter Configuration 

Parameter Value 

MAX_LEN 128 

VAL_SIZE 

TEST_SIZE 

Learning Rate (Lr) 

Dropout Rate 

Batch Size (Bs) 

Epochs 

Routing Iteration 

0.10 

0.10 

10U (0.10,0.30) 

U (0.10,0.30) 

16,24,32 

10,25 

2,3 

 

Each trial trained the Capsule Network (CapsNet) model using the Adam optimizer with 

categorical cross-entropy loss. The best-performing configuration was selected based on validation F1-

score. All experiments were implemented in TensorFlow 2.17 and executed on Google Colaboratory 

(GPU runtime) for computational efficiency. This randomized search approach allows a broader 

exploration of the parameter space while maintaining reproducibility through a consistent seed value. 

3. RESULT 

3.1. Exploratory Data Analysis (EDA) 

The dataset used in this study was collected through a web crawling process using the tweet-

harvest tool, which extracts public tweets without relying on the official Twitter API. The query "Makan 

Bergizi Gratis OR MBG lang:id" was applied in the “Latest” tab to ensure chronological recency of 

collected tweets. Data acquisition was performed in five sessions, each retrieving approximately 1,500 

tweets, resulting in a total of 7,500 tweets, from which 7,133 unique entries were retained after cleaning. 

The final dataset was saved in CSV format as mbg_dataset.csv and contained 15 attributes, 

including conversation_id_str, created_at, tweet, favorite_count, retweet_count, reply_count, lang, 

location, and username. All tweets were written in Bahasa Indonesia and reflected various public 

reactions to the Makan Bergizi Gratis (MBG) program. 

Each tweet was manually labeled into one of three sentiment categories: positive, neutral, or 

negative. As shown in Table 4, positive tweets dominate the dataset (34.38%), followed by neutral 

(34.68%) and negative (30.63%). This distribution suggests that public opinion on the MBG program 

tends to be favorable, although the class imbalance may influence the model’s recall performance for 

minority sentiments such as negative opinions. 

 

Table 3. The dataset has been labeled 

No created_at full_text ... Label_sentimen 

1 Sat Jun 21 

18:19:40 

+0000 2025 

 

Dalam satu piring sehat terkandung kekuatan 

untuk hidup dan belajar. Hari ini mari 

sukseskan MBG demi generasi unggul 

Indonesia 

 positif 

 

2 Sat Jun 21 

18:11:44 

+0000 2025 

Tebak negara mana yang mau belajar soal 

MBG dari Indonesia wkwk halu banget 

 negatif 

 

... ... ... ... ... 

7268 Sat Jun 21 

18:11:18 

+0000 2025 

 

Kebijakan MBG tidak pernah menyetujui 

snack manis atau makanan mentah Lanjutkan 

MBG. 

... netral 
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Table 4. Distribution of Sentiment Labels 

Sentiment Count Percentage (%) 

Positive 2,474 34.68 % 

Neutral 2,474 34.68 % 

Negative 2,185 30.63 % 

Total 7,133 100 % 

3.2. Model Training and Evaluation Setup 

Each embedding configuration Word2Vec, FastText, ELMo, and IndoBERT was trained and 

tested ten times using identical hyperparameters to ensure result stability. The final values represent the 

best-performing accuracy and mean results across ten runs. The standard deviation remained below 

0.8%, confirming model consistency. 

3.3. Performance Comparison of Embeddings 

Based on the stemmed dataset (Table 5), FastText achieved the highest accuracy at 94.10%, 

followed by ELMo and IndoBERT (93.67%), while Word2Vec produced 93.48%. On the raw dataset 

(Table 6), Word2Vec achieved the best performance with 96.17%, followed by FastText (95.25%), 

ELMo (94.10%), and IndoBERT (93.67%). These results show that Word2Vec performs substantially 

better on raw text, while FastText benefits more from stemming, likely due to its subword-based 

architecture. 

 

Table 5. Best parameters for steming data and accuracy results. 

Embeddi

ng 

Learnign 

Rate 
Dropout 

Batch

_size 
Epoch Routings 

Performance Metrics 

Acur

accy 

Preci

sion 

Reca

ll 

F1-

Score 

FastText 0.001070 0.100226 128 37 3 94.10

% 

94.11

% 

94.10

% 

94.10

% 

Word2Ve

c 

0.001803 0.385502 32 20 2 93.48

% 

93.57

% 

93.48

% 

93.51

% 

IndoBER

T 

0.000023 

 

0.290142 32 16 2 93.67

% 

93.75

% 

93.75

% 

93.67

% 

ELMo 0.000270 0.187368 48 17 2 93.67

% 

93.67

% 

93.67

% 

93.66

% 

 

Table 6. Best parameters for raw data and accuracy results. 

Embeddi

ng 

Learni

gn 

Rate 

Dropo

ut 

Batch_si

ze 

Epoc

h 

Routin

gs 

Performance Metrics 

Acurac

cy 

Precisi

on 
Recall 

F1-

Score 

FastText 0.0014

65 

0.2229

65 

32 31 3 95.25% 95.26% 95.25

% 

95.26

% 

Word2V

ec 

0.0001

17 

0.2120

85 

48 26 3 96.17% 96.29

% 

96.17

% 

93.18

% 

IndoBER

T 

0.0000

53 

 

0.2197

31 

24 12 2 93.67% 93.75% 93.75

% 

93.67

% 

ELMo 0.0001

43 

0.1467

98 

32 21 2 94.10% 94.10% 94.10

% 

94.08

% 
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Figure 4 and 5 illustrates the comparative accuracy across embeddings. Word2Vec shows 

consistent superiority on the stemmed dataset, whereas FastText benefits more from morphological 

normalization. 

 

 
Figure 4. Comparison of Model Accuracy on Stemming Data 

 

 
Figure 5. Comparison of Model Accuracy on Raw Data 

3.4. Impact of Stemming on Model Performance 

f The results demonstrate that stemming has different effects on static and contextual embeddings. 

On the stemmed dataset, FastText achieved the best performance with an accuracy of 94.10%, showing 

a slight improvement compared to its raw-text performance (95.25%). This improvement is expected 

because FastText relies on subword representations; reducing morphological variation through 

stemming allows its character n-gram units to become more consistent and informative. Word2Vec, on 

the other hand, showed a slight decrease when applied to stemmed text (93.48%) compared to its raw 

performance of 96.17%, indicating that Word2Vec captures semantic relationships more effectively 

when words remain in their original morphological forms. 

Contextual embeddings such as ELMo and IndoBERT exhibited minimal performance 

differences between raw and stemmed datasets (<1%). This aligns with the inherent capability of 

contextual models to dynamically encode meaning based on sentence structure, making them less 

dependent on morphological normalization. Overall, stemming primarily benefits subword-based 

models like FastText, while raw-text representations are more suitable for static models such as 

Word2Vec. 

3.5. Confusion Matrix Analysis 

To further evaluate the classification behavior of the best-performing model, a confusion matrix 

analysis was conducted using the CapsNet + Word2Vec (raw) configuration, which achieved the highest 

accuracy of 96.17%. Table 7 summarizes classification outcomes across the three sentiment categories. 
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The model demonstrated strong capability in identifying positive and neutral sentiments, reflected 

by high true positive and true neutral counts. Misclassification was more prominent in the negative class, 

where some negative tweets were incorrectly predicted as neutral, likely due to subtle sentiment 

expressions in policy-related discourse. The confusion between neutral and negative categories is 

consistent with prior sentiment studies on public policy discussions, where linguistic cues can be 

ambiguous or indirect. 

 

 
Figure 6. Confusion Matrix Summary for CapsNet + Word2Vec (Raw) 

4. DISCUSSIONS 

4.1. Comparative Analysis with Previous Studies 

Overall, the findings demonstrate that the Capsule Network (CapsNet) model integrated with 

static embeddings (Word2Vec and FastText) outperforms contextual embeddings (ELMo and 

IndoBERT) in both stability and accuracy. The best configuration CapsNet + Word2Vec with stemming 

achieved an accuracy of 96.17%, surpassing results from previous studies employing similar methods. 

For example, Diviya Prabha and Rathipriya (2022) reported 96% accuracy using CapsNet on 

COVID-19 tweet sentiment data [23], while Dong et al. (2020) achieved 98.8% on the IMDB dataset 

with a hybrid BiLSTM + CapsNet + GloVe model [24]. Toqeer Ehsan et al. (2023) used ELMo-based 

embeddings on low-resource Tamil and Tulu texts, yielding modest performance (F1-score 0.51) [25]. 

In contrast, Haziq et al. (2024) achieved 89.11% accuracy with LSTM + FastText on MyTelkomsel app 

reviews [26], and Noryasminda et al. (2025) reported 89.8% accuracy with BiLSTM + FastText for 

sentiment analysis of monkeypox-related tweets [27]. Compared to these works, the present study’s 

96.17% accuracy confirms a substantial improvement within the same methodological scope, 

particularly in the context of morphologically rich Indonesian text. 

The advantage of the proposed model lies in its ability to maintain semantic coherence through 

dynamic routing, a hallmark of the CapsNet architecture. This allows the model to retain inter-word 

spatial relationships that are often lost in CNN or LSTM frameworks. The improvement of +1% 

accuracy in FastText after stemming further underscores the importance of morphological normalization 

for static and subword-based embeddings. Meanwhile, contextual embeddings such as ELMo and 

IndoBERT remained stable across both datasets, showing that they already encode syntactic and 

semantic context without preprocessing intervention. 
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Table 7. Comparison with Related Works 

Ref Method Accuracy 

[23] CapsNet 96% 

[24] BiLSTM + CapsNet + GloVe 

 

98.80% 

 

[25] BiLSTM + ELMo 

 

51.33% 

[26] LSTM + FastText 

 

89.11% 

[27] BiLSTM + FastText 89.80% 

 

Our Proposed 

Method 

CapsNet + Word2Vec (Stemming) 

 

96.17% 

 

4.2. Trade-Off Between Static and Contextual Embeddings 

A clear trade-off is observed between static and contextual embeddings. Static embeddings—

particularly Word2Vec—perform optimally when applied to raw text, as preserving the original 

morphological structure enriches semantic co-occurrence signals. In contrast, FastText benefits more 

from stemming because its subword-based representation becomes more consistent after affix reduction. 

Contextual embeddings (ELMo and IndoBERT), which dynamically encode word meaning based 

on full-sentence context, show limited improvement from stemming and remain stable across both 

datasets. However, they incur higher computational costs and require large-scale fine-tuning to 

outperform static embeddings on domain-specific tasks such as MBG sentiment analysis. 

In Indonesian, a language with extensive affixation and derivational morphology, static 

embeddings may struggle when morphological variation is high. Stemming reduces this variation and 

thus improves FastText performance, but raw input remains more beneficial for Word2Vec. This 

indicates that embedding choice should be aligned with linguistic properties and preprocessing 

strategies. 

4.3. Implications for Informatics 

The combination of CapsNet and word embeddings has meaningful implications for 

computational informatics and public policy analysis. From a technical standpoint, CapsNet provides a 

robust feature extraction mechanism capable of capturing nuanced semantic relationships often lost in 

traditional CNN/LSTM architectures. This makes it suitable for real-time large-scale sentiment 

monitoring scenarios. 

From a policy and governance perspective, the model offers a data-driven mechanism to gauge 

public perception toward large-scale government initiatives such as the MBG program. Sentiment 

analytics derived from social media discourse can serve as an early indicator of public support, program 

bottlenecks, or misinformation trends. This integration demonstrates how informatics can be leveraged 

to enhance transparency, responsiveness, and evidence-driven policymaking in Indonesia’s social and 

health sectors. 

4.4. Limitations and Future Work 

Despite promising results, several limitations remain. First, manual sentiment labeling introduces 

subjective bias, as interpretations may vary across annotators. Future work should incorporate multiple 

annotators and inter-rater reliability metrics such as Cohen’s Kappa to improve consistency. Second, 
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although CapsNet offers strong representational capabilities, its dynamic routing mechanism increases 

computational cost, limiting scalability for very large datasets or production-level systems. 

Further research may explore fine-tuning contextual embeddings such as IndoBERT on domain-

specific corpora, integrating ensemble architectures (e.g., CapsNet–BiLSTM hybrids), or optimizing 

routing algorithms to reduce overhead while retaining semantic richness. Expanding the dataset beyond 

a single trending topic and incorporating multimodal signals (images, user metadata) may also enhance 

the generalizability of the sentiment classification model. 

5. CONCLUSION 

This study demonstrated the effectiveness of the Capsule Network (CapsNet) model in classifying 

public sentiment toward Indonesia’s Makan Bergizi Gratis (MBG) program. Among all evaluated 

configurations, CapsNet combined with Word2Vec on raw text achieved the highest accuracy of 

96.17%, highlighting the strong performance of static embeddings when morphological information is 

preserved. FastText showed the best performance on the stemmed dataset, indicating that subword-

based models benefit from reduced morphological variation. Contextual embeddings such as ELMo and 

IndoBERT achieved stable but lower accuracy, suggesting that additional fine-tuning may be required 

for optimal performance on Indonesian social-media text. 

Overall, these findings confirm the suitability of CapsNet for sentiment analysis in 

morphologically rich languages and demonstrate its potential for supporting data-driven evaluation of 

public policies. Future research should investigate domain-specific fine-tuning for IndoBERT, explore 

ensemble architectures such as CapsNet–BiLSTM, and optimize routing mechanisms to improve 

scalability while maintaining classification accuracy. 
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