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Abstract: This study analyzes public opinion on the Free Nutritious Meals Program (MBG) policy
on the Reddit platform using the IndoBERT model. The study uses a dataset of 6,295 Reddit
comments collected from 2024 to 2025. The preprocessing stage implemented a comprehensive suite
of textual refinement procedures, encompassing normalization of colloquial language, emoji
conversion, and translation into Indonesian to establish linguistic consistency across the corpus.
Manual annotation was performed with meticulous care on a balanced dataset of 3,000 comments,
evenly allocated among positive, negative, and neutral classes. An 80:20 train-test split was applied
to enhance the reliability of model training and evaluation. A fine-tuned IndoBERT model exhibited
outstanding performance, attaining 99.00% for accuracy, F1-score, and precision. Applied to the full
dataset, the model predicted neutral sentiment as predominant (59.44%), followed by positive
(34.11%) and negative (6.45%) sentiments, a distribution that suggests a measured and reflective
public discourse on the topic. Model reliability was further supported by a mean confidence score
of 0.8502 and a processing throughput of 137.93 samples per second, indicating strong potential for
deployment as an effective tool for near real-time sentiment monitoring in public policy contexts.

Keywords: IndoBERT; sentiment analysis; Reddit; Free Nutritious Meal Program; Natural
Language Processing

1. Introduction

The rapid development of internet technology has fundamentally changed how
people communicate and obtain information. In recent years, many users have shifted
from traditional news media to digital platforms, with social media becoming a primary
source of information [1]. Social media not only provides rapid and open access to news
but also enables users to connect, exchange opinions, and participate in public discussions
[2].

Reddit was selected as the data source because it supports substantially longer textual
content—up to 40,000 characters for posts and 10,000 characters for comments —than
platforms such as X/Twitter, which historically limited posts to 280 characters. This
capacity encourages more detailed discussion and produces linguistic complexity and
sentiment nuance that are valuable for natural language processing research [3], [4]. In
addition, Reddit’s topic-based subreddit structure, relative anonymity, and application
programming interface make it suitable for large-scale extraction of public opinion
concerning the Free Nutritious Meal Program [5].

International Journal of Human Computing Studies, 2026, 8(2), 54-72

https://journals.researchparks.org/index.php/IJHCS


mailto:suprianto@umsida.ac.id

55

The Free Nutritious Meal Program was selected because it is a large-scale and long-
term public policy intended to support children, students, and pregnant women while
addressing malnutrition, stunting, and food insecurity. Its implementation may influence
human-resource quality and provide a reference for similar social-welfare policies in the
future [6]. The study is also temporally relevant because the data were collected from 2024
to 2025, covering the policy-announcement period, early implementation, and subsequent
public evaluation. The findings therefore provide both a current description of public
opinion and a baseline for monitoring changes in sentiment over time.

Sentiment analysis was adopted to examine public responses to the Free Nutritious
Meal Program. Through natural language processing, public comments can be classified
into positive, negative, and neutral categories [7], while their emotional tone and
evaluative orientation can also be investigated. Because Indonesian social-media
discourse includes formal language, slang, code-mixing, regional expressions, and
context-dependent meanings, IndoBERT was selected for its ability to represent
contextual relationships across diverse writing styles.

This study aims to evaluate the accuracy and computational performance of a fine-
tuned IndoBERT muodel in classifying Reddit comments concerning the Free Nutritious
Meal Program. It also examines the predicted sentiment distribution, confidence scores,
dominant lexical patterns, and differences in text length among sentiment classes.
Through these objectives, the study seeks to provide a more detailed understanding of
public expectations, support, concerns, and criticism related to the implementation of a
child-welfare policy.

A review of previous studies identified several substantive research gaps that
motivated the present investigation.

Nurjoko and Rahardi applied IndoBERT to identify verbal-violence sentiment on
Twitter and reported an accuracy of 72%; however, their study did not systematically
optimize hyperparameters and the optimizer to maximize the model’s ability to capture
emotionally nuanced expressions [8].

Nur, Wibisono, and Megasari combined fine-tuned IndoBERT with BERTopic for
sentiment analysis of technology brands on platform X. However, the absence of a
separate comparison between the pretrained and fine-tuned models made it difficult to
isolate the effect of model optimization [9].

Munir analyzed sentiment toward the Free Nutritious Meal Program using support
vector machines and a generic BERT model on an imbalanced platform-X dataset. The
absence of an optimized Indonesian-specific model and the exclusion of Reddit’s
distinctive linguistic characteristics leave an important methodological gap [7].

Pham et al. compared VADER, TextBlob, and generic BERT models for Reddit
sentiment analysis concerning artificial intelligence. Their use of a generic BERT model
rather than an Indonesian-specific model, together with a topic unrelated to Indonesian
public policy, demonstrates the need for language- and domain-adapted modeling [4].

Wagay and Jahiruddin demonstrated the effectiveness of an SBERT-BiLSTM
architecture for classifying mental-health content in Reddit posts. Nevertheless, their
hybrid architecture did not evaluate a standalone fine-tuned IndoBERT model or focus on
three-class sentiment distribution in the public-policy domain [10].

Based on these gaps, this study optimizes IndoBERT through carefully selected
hyperparameters and the AdamW optimizer for Indonesian public-policy sentiment
analysis on Reddit. It further investigates the distribution and linguistic characteristics of
public responses to the Free Nutritious Meal Program while accounting for colloquial
language, regional variation, and contextual noise in social-media data.

2. Materials and Methods

This study employed a quantitative deep-learning-based sentiment-analysis
approach to examine public opinion systematically and objectively. It adopted a positivist
experimental paradigm in which model performance was evaluated through measurable
quantitative metrics [11].
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2.1 Research Workflow

The research workflow consisted of six sequential phases: (1) collecting Reddit data
through the PRAW API using the keywords “MBG” and “Makan Bergizi Gratis”; (2)
preprocessing through slang normalization, emoji conversion, and translation into
Indonesian; (3) preparing the data through partial manual annotation and an 80:20 train—
test split; (4) fine-tuning IndoBERT with hyperparameter optimization and the AdamW
optimizer; (5) evaluating the model using accuracy, precision, recall, and F1-score; and (6)
applying the model to the complete dataset to identify sentiment distributions and
characteristics. Figure 1 summarizes the methodological framework and shows the
feedback mechanism used when model performance did not satisfy the evaluation
criteria.
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Figure 1. Research Workflow

Figure 1 presents the six methodological phases. Phase 1 acquires raw Reddit data
through the API. Phase 2 cleans and normalizes the text. Phase 3 performs manual
labeling and divides the data into training and test sets. Phase 4 fine-tunes IndoBERT
through hyperparameter optimization. Phase 5 evaluates the model using accuracy,
precision, recall, and F1-score. Phase 6 applies the trained model to the complete dataset
for sentiment-distribution analysis. The dashed feedback loop indicates that model
configuration may be revised when the evaluation results do not meet the required
criteria.
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2.2 Data Collection

The data were obtained from Reddit, particularly the r/Indonesia subreddit. Reddit
supports extended, topic-centered discussion and relative anonymity, making it a
valuable source for studying public opinion [12]. Comments were collected through the
Reddit API using the Python Reddit API Wrapper (PRAW) [5]. Figure 2 presents the data-
collection process.
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Figure 2. Data Collection Flowchart

Figure 2 illustrates the systematic data-collection procedure. The process began with
the creation of a Reddit developer account to obtain an API key consisting of a client ID,
client secret, and user agent. The keywords “MBG” and “Makan Bergizi Gratis” and the
target subreddit were then defined. PRAW extracted comment data and stored the
attributes comment_id, thread_title, thread_url, comment_body, created_utc, author, and
score. The extracted data were exported to CSV and Excel formats for preprocessing. This
procedure emphasized authenticated API access and comprehensive metadata retention
for subsequent analysis.

Data collection used the keywords “MBG” and “Makan Bergizi Gratis” for the period
from January 2024 to August 2025 and initially produced 16,268 comments. After strict
selection and cleaning, the final dataset contained 6,295 comments. Table 1 summarizes
the extracted attributes and provides an overview of the information retained for each
Reddit comment.

Table 1. Reddit Comment Attributes

Attribute Details
comment_id Unique comment identifier.
Keyword_pencarian Keyword used during data collection.
Subreddit Reddit discussion community.
thread_title Topic or thread title.
thread_url Topic or thread URL.
comment_body Comment text.
created_utc Comment creation time.
author Username.
score Number of upvotes or downvotes.

Table 1 lists the principal attributes extracted from each Reddit comment. The
comment_id field serves as a unique identifier and supports duplicate detection;
keyword_pencarian records the search term used to retrieve the comment; subreddit
identifies the discussion community; and thread_title and thread_url preserve
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conversational context. The comment_body field contains the text analyzed by the model,
created_utc enables temporal analysis, and author and score provide user and
engagement metadata.
2.3 Data Preprocessing

Data preprocessing is a critical component of an NLP pipeline because it cleans and
normalizes unstructured social-media text [13]. Table 2 provides an example of the
transformation from a raw Reddit comment to its normalized form.

Table 2. Example of Preprocessing Results

Raw Comment

Preprocessing

Woyy program MBG keren bgt nih!!
@ @ Program makan bergizi gratis
100% bakal ngebantu bgt buat anak2
sekolah di daerah terpencil 9 @9

Link lengkapnya di sini:
https://reddit.com/r/indonesia/
comments/xyz123

Gue sih setuju 100% sama program
ini, tapi ada yg bilang kualitasnya
kurang bagus... Ya gimanaaa lagi ya
kalo budgetnya terbatas @& @&

Btw, menurut kalian gimana? Worth

hei program makan bergizi gratis
hebat banget ini fire fire program
makan bergizi gratis seratus persen
akan membantu banget untuk anak
anak sekolah di daerah terpencil
crying face crying face saya sih setuju
seratus persen sama program ini tapi
ada yang bilang kualitasnya kurang
bagus ya bagaimana lagi ya kalau
budgetnya terbatas smiling face with
smiling with
ngomongo ngomong menurut kalian
bagaimana layak tidak sih thinking
face

tears face tears

it gak sih? @

#MBG #MakanBergiziGratis
#IndonesiaEmas2024

Table 2 demonstrates the transformation of a Reddit comment containing slang,
abbreviations, emojis, a URL, repeated characters, and mixed Indonesian-English
expressions. The preprocessing result standardizes colloquial terms, expands
abbreviations, converts emojis into textual descriptions [14], removes the URL, and
normalizes the language. This transformation improves corpus consistency while
retaining information that may contribute to sentiment classification.

Systematic cleaning and adaptive normalization are necessary to transform raw
social-media data into coherent and structured representations [15].

Figure 3. Preprocessing Sequence

Figure 3 presents a ten-stage preprocessing pipeline. The sequence begins with
lowercasing, followed by normalization of slang and abbreviations. Special symbols and
number-based word repetition are standardized, emojis are converted into text, URLs and
non-alphanumeric noise are removed, excessive character repetition is reduced, and
redundant spaces are deleted. Translation into Indonesian is performed at the final stage
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to obtain a more linguistically homogeneous corpus. The sequence was designed to
improve input quality without unnecessarily eliminating affective information.
2.4 Data Labeling and Splitting

Manual labeling was prioritized because it provides high-quality ground truth for
supervised sentiment classification [9]. In addition to the three primary sentiment labels,
annotators recorded affective-context notes to support consistent interpretation [16], [17].
A total of 3,000 comments were manually labeled with a balanced distribution of 1,000
positive, 1,000 negative, and 1,000 neutral comments. Table 3 summarizes the labeling
scheme.

Table 3. Labeling Scheme

Label Numerical Description Criteria
Code

Positive 1 A comment that Praise, positive
supports, praises, expectations, explicit
or expresses support, or favorable
optimism testimony.
regarding the
program.

Negative 0 A comment that Direct criticism,
criticizes, rejects, or disappointment,
expresses sarcasm or cynicism, or
pessimism explicit rejection.
regarding the
program.

Neutral 2 An informative or Description, factual

interrogative
comment without a
clear evaluative
position.

question, information
without opinion, or
balanced positive and
negative content.

Table 3 presents the three-class sentiment framework developed for the public-policy
context. Each class is defined through an affective orientation, a numerical code for
computational processing, and observable operational criteria. The criteria include lexical
signals, sentence context, emotional intensity, explicit support or rejection, and the
absence of a clear evaluative position. This structure was intended to improve annotation
consistency and reproducibility.

The labeled data were divided using an 80:20 stratified split to preserve the same class
proportions in the training and test sets. Figure 4 illustrates the resulting distribution and
shows that each sentiment class was represented equally in both subsets.
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Figure 4. Class Distribution in the Training and Test Sets

Figure 4 shows identical class proportions in the training and test sets. Positive,
neutral, and negative comments each account for 33.3% of both subsets, confirming the
use of stratified splitting [18]. The training set contains 2,400 comments, with 800
comments per class, while the test set contains 600 comments, with 200 comments per
class. A balanced distribution reduces the likelihood that the model will favor a dominant
class [19].

2.5 Model Configuration and Training

The study used IndoBERT-base (indobenchmark/indobert-base-p1), which consists of
12 transformer layers, a hidden size of 768, and 12 attention heads [3]. IndoBERT has
demonstrated strong performance in Indonesian NLP tasks, including the detection of
potential stress sources in media text [20]. Table 4 presents the hyperparameter
configuration used in this study.

Table 4. Hyperparameter Configuration

Parameter Value Justification

Epochs 5 Sufficient for convergence without
excessive overfitting.

Batch Size (Train) 16 Compatible with GPU capacity and
gradient stability.

Batch Size (Eval) 32 A larger batch is feasible because
evaluation uses only forward passes.

Learning Rate 2x10% Commonly effective for BERT fine-
tuning.

Warmup Steps 500 Stabilizes optimization during the early
training stage.

Weight Decay 0.01 L2 regularization to reduce overfitting.

International Journal of Human Computing Studies, 2026, 8(2), 54-72 https://journals.researchparks.org/index.php/IJHCS



61

Parameter Value Justification

Gradient 2 steps Simulates a larger effective batch size.

Accumulation

Mixed Precision FP16 Accelerates computation and reduces
memory use.

Evaluation Strategy Per epoch Monitors performance at regular
intervals.

Save Strategy Best F1-score Retains the model with the strongest F1-
score.

Early Stopping Patience 2 Stops training when performance does
not improve.

Random Seed 42 Supports reproducibility.

Table 4 lists the 12 principal hyperparameters used to fine-tune IndoBERT. The first
group consists of basic training parameters, including the number of epochs, training and
evaluation batch sizes, and learning rate. The second group comprises optimization
strategies such as warmup steps, weight decay, gradient accumulation, and mixed-
precision training. The third group includes evaluation, model-saving, early-stopping,
and reproducibility settings. Together, these parameters were selected to balance
convergence, computational efficiency, regularization, and model-selection reliability.

The hyperparameter values were selected from prior IndoBERT fine-tuning practices
and adjusted to the characteristics of the balanced dataset. The configuration was
intended to obtain stable convergence, reduce overfitting, and improve the model’s
sensitivity to contextual and affective variation in Indonesian public-policy discourse.

3. Results
3.1 Data Collection Results

The collection process retrieved 16,268 Reddit comments before systematic filtering.
Figure 5 summarizes the reduction of the dataset to the final analytical sample.

Ll
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[
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Figure 5. Dataset Filtering Visualization

Figure 5 shows the reduction from 16,268 initial comments to 6,295 final comments.
Duplicate removal based on comment_id eliminated 989 comments, the 2024-2025
temporal filter removed 2,760 comments, duplicate thread-title removal eliminated 6,040
comments, and the removal of moderator-deleted comments eliminated 184 records. The
final dataset represented 38.7% of the initially collected comments.

The raw scraping output was stored in a structured CSV file. Figure 6 shows the
dataset opened in Microsoft Excel before automated preprocessing.
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Figure 6. Raw Dataset in Microsoft Excel

Figure 6 displays the raw dataset with the columns comment_id, keyword_pencarian,
subreddit, thread_title, thread_url, comment_author, comment_body, tanggal_komentar,
and skor_komentar. The file contained 16,268 Reddit-comment records and was used for
manual inspection and curation before preprocessing.

3.2 Data Preprocessing Results

After preprocessing with Python and Pandas, the normalized data were exported to

Excel for documentation and validation. Figure 7 shows the resulting dataset.
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Figure 7. Preprocessed Dataset

Figure 7 presents Reddit comments after cleaning, normalization, emoji conversion,
and translation. The processed text was then used as the input for manual labeling and
sentiment-model training.

3.3 Data Labeling Results

The labeling stage assigned positive, negative, or neutral sentiment to each selected
comment. A sentiment-notes field was also included to record contextual cues and assist
annotators in making consistent labeling decisions.
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Figure 8. Labeled Dataset
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Figure 8 shows the manually labeled dataset after preprocessing. The file contains
cleaned and translated comments, sentiment labels, and contextual notes and was
prepared for supervised model training.

3.4 Model Training Results

The model achieved its highest evaluation performance at the fifth epoch. Figure 9
presents the training loss, validation loss, accuracy, Fl-score, precision, and recall
recorded at each epoch.

1
0104800
.041 700

D020

(1. a1

Figure 9. IndoBERT Training Results by Epoch

Figure 9 shows that accuracy increased from 88.00% in the first epoch to 98.00% in the
second epoch and reached 99.00% in the fifth epoch. Training loss declined from 1.0800 to
0.0265, while validation loss declined from 0.6482 to 0.0592. The fourth epoch produced a
temporary increase in validation loss to approximately 0.0700 before the metric improved
in the final epoch.

3.5 Model Evaluation

The final model was evaluated on a test set of 600 comments. Table 5 summarizes the

evaluation metrics and inference speed.

Table 5. Model Evaluation on the Test Set

Metric Value
Evaluation Loss 0.0592
Accuracy 0.9900 (99.00%)
F1-Score 0.9900 (99.00%)
Precision 0.9900 (99.00%)
Recall 0.9900 (99.00%)
Evaluation Runtime 4.35 seconds
Samples per Second 137.93

Table 5 shows an evaluation loss of 0.0592 and accuracy, precision, recall, and F1-score
of 99.00%. This result corresponds to six misclassified comments among the 600 test
examples. The evaluation runtime was 4.35 seconds, equivalent to 137.93 samples per
second [21].

=== (Classification Report ===
precision rec; fl-score  support

positif .99 .9g 0.99 260
negatif .99 .99 8.99 200
netral .99 .98 B.99 260

accuracy 8.99 668
macro avg -99 .99 8.99 660
weighted avg .99 .99 08.99 660

Figure 10. Classification Report

Figure 10 presents precision, recall, F1-score, and support for each class. Positive and
negative sentiment obtained precision, recall, and F1-score values of approximately 0.99.
Neutral sentiment obtained precision and F1-score values of approximately 0.99 and recall
of 0.98. Both the macro and weighted averages were 0.99.
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Figure 11. Confusion Matrix

Figure 11 shows 198 correctly classified positive comments, 199 correctly classified
negative comments, and 197 correctly classified neutral comments. The six errors
consisted of two positive comments predicted as neutral, one negative comment predicted
as positive, and three neutral comments predicted as negative.

3.6 Full-Dataset Prediction Results

The trained model was applied to all 6,295 comments. Figure 12 presents the predicted

sentiment distribution.
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Figure 12. Predicted Sentiment Distribution

Figure 12 shows 3,742 neutral comments (59.44%), 2,147 positive comments (34.11%),
and 406 negative comments (6.45%). Neutral sentiment therefore constituted the largest
predicted category, followed by positive and negative sentiment.
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Figure 13. Prediction-Stage Output

Figure 13 presents the final inference output for the complete dataset. Each record
contains the processed comment, the model’s predicted sentiment, and the associated
confidence score.

3.7 Confidence Score Analysis

Confidence scores indicate the probability assigned by the model to its selected

prediction. Table 6 summarizes the confidence-score distribution for the complete dataset.

Table 6. Confidence Score Statistics for the Complete Dataset

Metric Value

Mean 0.8502
Median 0.9332
Standard Deviation 0.1777
Minimum 0.0000*
Maximum 0.9985

*Note: The minimum value of 0.0000 indicates cases in which the model assigned
nearly equal probabilities to multiple classes.

Table 6 shows a mean confidence score of 0.8502, a median of 0.9332, a standard
deviation of 0.1777, and a maximum of 0.9985. A total of 57.27% of predictions had
confidence scores of at least 0.90, 22.47% were between 0.70 and 0.90, and 20.25% were
below 0.70.
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Figure 14. Confidence Scores by Sentiment Category

Figure 14 compares confidence-score distributions across sentiment classes. Neutral
sentiment had the highest median confidence, approximately 0.97, and the narrowest
interquartile range. Positive sentiment had a median of approximately 0.89 and moderate
variability, while negative sentiment had a median of approximately 0.72 and the widest
distribution.
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3.8 Keyword and Linguistic Pattern Analysis
Keyword analysis was conducted to identify frequent lexical items in each sentiment
category. Table 7 lists the ten most frequent terms by class.

Table 7. Top 10 Keywords by Sentiment Category

Rank Positive Sentiment Negative Neutral Sentiment
(Freq.) Sentiment (Freq.) (Freq.)

1 makan (866) makan (54) makan (1,132)
2 buat (587) orang (45) gratis (768)

3 gratis (538) face (37) sekolah (693)
4 sekolah (535) anak (34) saja (647)

5 tapi (534) kamu (33) bergizi (559)
6 saja (532) saja (31) jadi (548)

7 orang (505) buat (31) makanan (524)
8 jadi (468) sama (30) tapi (494)

9 anak (467) jadi (27) anak (492)
10 program (376) anjing (25) sama (487)

Table 7 shows that the term “makan” appeared most frequently in all three categories,
with 1,132 occurrences in neutral comments, 866 in positive comments, and 54 in negative
comments. Positive comments frequently contained operational and evaluative terms
such as “buat,” “jadi,” and “program,” whereas negative comments included
confrontational or vulgar expressions. Neutral comments contained many program-
related and descriptive terms, including “gratis,” “sekolah,” “bergizi,” and “makanan.”
Computational linguistic analysis was used to identify recurrent lexical and discursive
patterns [22].
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Figure 15. Word-Cloud Analysis of the Free Nutritious Meal Program

Figure 15 presents separate word clouds for positive, negative, neutral, and complete-
dataset comments. Font size corresponds to term frequency. The visualizations confirm
the dominance of program-related words and common conversational connectors across
the dataset.

Table 8. Text-Length Statistics by Sentiment

Sentiment Mean (words) Median Minimum Maximum
(words) (words) (words)
Positive 31.4 18 1 355
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Sentiment Mean (words) Median Minimum Maximum
(words) (words) (words)
Negative 12.6 7 1 275
Neutral 254 15 1 763

Table 8 shows that positive comments had the greatest mean length at 31.4 words and
a median of 18 words. Neutral comments averaged 25.4 words with a median of 15, while
negative comments were the shortest, averaging 12.6 words with a median of 7. The
longest neutral comment contained 763 words.

4. Discussion

The findings demonstrate that a carefully curated and balanced dataset, combined
with language-specific transformer fine-tuning, can produce highly accurate three-class
sentiment classification for Indonesian public-policy discourse. The 99.00% accuracy,
precision, recall, and Fl-score indicate that the model learned highly separable
representations of positive, negative, and neutral comments in the labeled test set. This
performance is substantially higher than the 72% accuracy reported in earlier IndoBERT
research on verbal-violence sentiment [8] and is consistent with the broader observation
that domain-specific fine-tuning improves Indonesian-language representations [3], [9],
[20]. The result should not be understood only as evidence of IndoBERT’s architectural
capability. It also reflects the effect of balanced labels, stratified splitting, systematic
preprocessing, and a controlled annotation framework. Accordingly, the model’s
performance is best interpreted as the combined outcome of model selection and data-
engineering decisions rather than as an attribute of the pretrained model alone.

The rapid increase in accuracy between the first and second epochs suggests that the
pretrained IndoBERT parameters transferred efficiently to the MBG policy domain.
Accuracy rose from 88.00% to 98.00% while both training and validation loss declined
sharply, indicating that the model quickly adapted to recurrent linguistic patterns in the
annotated comments. The temporary increase in validation loss during the fourth epoch
may indicate mild instability or the beginning of overfitting, although the decline in the
fifth epoch prevented a sustained divergence between training and validation
performance. The use of weight decay, warmup steps, gradient accumulation, mixed
precision, and early stopping helped maintain training stability. Nevertheless,
performance across only five epochs does not establish that the selected configuration is
globally optimal. Repeated experiments with multiple random seeds, cross-validation,
and systematic ablation studies would be required to determine how strongly each
hyperparameter contributed to the final score.

The balanced annotation design was an important strength because each class
contributed 1,000 labeled comments before the stratified split. This structure reduced the
class-dominance problem that often affects sentiment analysis and enabled macro and
weighted averages to remain identical. Previous work has shown that imbalanced data
can distort classifier behavior and suppress minority-class recall [18], [19]. In the present
study, the confusion matrix contained only six errors, with no evidence that the classifier
systematically ignored one class. However, the exceptionally high test performance also
requires careful methodological scrutiny. Duplicate removal by comment identifier and
thread title reduced obvious repetition, but semantic near-duplicates, quoted text, or
highly similar comments could still appear across the training and test sets. Future
validation should therefore include similarity-based deduplication, grouped splitting by
discussion thread, and an external test set collected from a later period or another platform
to rule out hidden information leakage.

The error pattern provides a more informative view of model behavior than the
aggregate accuracy alone. Three neutral comments were classified as negative, two
positive comments were classified as neutral, and one negative comment was classified
as positive. These errors occurred near evaluative boundaries where a comment may
combine information, uncertainty, irony, criticism, and conditional support. Neutrality in
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public-policy discourse is not always the absence of sentiment; it can include balanced
argumentation, indirect evaluation, or factual wording that carries pragmatic
implications. This explains why neutral recall was slightly lower than the corresponding
values for positive and negative sentiment. Similar ambiguity has motivated hybrid and
context-sensitive architectures in Reddit classification [10] and more specialized
approaches for code-mixed and imbalanced sentiment data [18]. Qualitative examination
of the six misclassified comments would strengthen the analysis by identifying whether
the errors arose from annotation uncertainty, sarcasm, translation artifacts, or genuinely
ambiguous stance.

The dominance of neutral sentiment in the complete dataset is one of the study’s most
important substantive findings. A total of 59.44% of comments were classified as neutral,
indicating that Reddit discussions about the MBG program frequently involved questions,
information sharing, explanation, comparison, or mixed evaluation rather than explicit
approval or rejection. This result is plausible because Reddit supports longer and more
topic-centered discussion than many short-form platforms [12]. Nevertheless, neutral
dominance should not automatically be interpreted as public indifference or objective
consensus. A neutral label may conceal implicit criticism, cautious support, uncertainty,
or a request for additional evidence. The classification outcome therefore describes the
linguistic stance identified by the model, not a direct measurement of policy approval. A
complementary stance-detection or aspect-based sentiment framework would be useful
for separating factual discussion from ambivalent, conditional, or strategically indirect
positions.

Positive sentiment accounted for 34.11% of the predictions, which indicates
substantial support for the program while remaining clearly below the neutral proportion.
Positive comments were also longer on average than negative comments, suggesting that
support was often expressed through explanation, expectations, or arguments concerning
program benefits. This finding is relevant to the policy’s stated social-welfare objectives,
including nutritional support and the reduction of inequality [6]. From a communication
perspective, positive discussion may reflect the perceived value of government programs
when their intended beneficiaries and social purpose are clearly understood [2]. However,
the presence of positive sentiment should not be equated with satisfaction with every
implementation component. Users may support the policy’s objectives while criticizing
menu quality, budget allocation, distribution, targeting, or administrative execution.
Aspect-level analysis is therefore needed to distinguish support for the policy principle
from evaluations of implementation quality.

Negative sentiment represented only 6.45% of the complete dataset, but it produced
the lowest median confidence and the widest confidence distribution. This pattern
indicates that negative comments were more linguistically heterogeneous and more
difficult for the model to classify consistently. The keyword analysis also showed
confrontational expressions and vulgarisms in the negative class, while the shorter
average text length suggests that criticism was often delivered through brief, emotionally
intense statements. At the same time, negative public discourse frequently uses sarcasm,
rhetorical questions, understatement, and implicit comparison rather than direct negative
vocabulary. Emoji conversion helps preserve affective cues [14], but it cannot fully
reconstruct pragmatic meaning. More advanced preprocessing, context windows,
conversation-thread modeling, and sarcasm-specific training data would be necessary to
improve performance on such cases [15]-[17].

The confidence-score distribution adds an important layer of reliability assessment.
Although the mean confidence was 0.8502 and the median reached 0.9332, approximately
one-fifth of predictions had scores below 0.70. The difference between the mean and
median indicates that most predictions were highly confident while a smaller group of
uncertain cases lowered the average. For practical deployment, the model should not treat
all predictions as equally reliable. A human-in-the-loop workflow could automatically
accept high-confidence predictions, route medium-confidence cases for periodic
sampling, and require manual review for low-confidence comments. Calibration analysis,
including reliability diagrams, expected calibration error, and temperature scaling, would
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also be necessary because a high softmax probability does not always correspond to a
well-calibrated probability of correctness. This is particularly important when model
outputs are used to support policy monitoring or decision-making.

The processing rate of 137.93 samples per second demonstrates that the fine-tuned
model is computationally suitable for rapid batch analysis and potentially for near-real-
time monitoring. At this rate, the complete dataset can be processed in less than one
minute under the reported hardware and software conditions. Combined with PRAW-
based data collection [5], the model could support a pipeline that retrieves new comments,
performs preprocessing, predicts sentiment, and updates a monitoring dashboard.
Nevertheless, operational deployment requires more than inference speed. The system
would need error handling, data-version control, API-rate-limit management, privacy
safeguards, model-drift detection, and scheduled human validation. Processing speed
should therefore be presented as evidence of technical feasibility rather than as proof that
the system is ready for unsupervised policy use.

The keyword and word-cloud analyses provide a descriptive view of the vocabulary
associated with each class. Terms related to eating, schools, children, free provision, and
nutrition dominated the dataset, confirming that the collected comments remained
topically connected to the program. Positive comments contained terms associated with
action and program utility, whereas negative comments included direct interpersonal and
emotionally charged expressions. Neutral comments contained many descriptive
program terms and discourse connectors. These lexical differences help explain why the
classifier achieved strong separation among the classes. However, raw frequency does not
reveal whether a term is uniquely associated with one class or simply common
throughout the corpus. Statistical measures such as log odds, chi-square association, TF-
IDF, contextual embeddings, and keyness analysis would provide a more rigorous
account of class-specific language [22].

Differences in text length also reflect the communicative conventions of the platform.
Positive comments averaged 31.4 words, neutral comments averaged 25.4 words, and
negative comments averaged only 12.6 words. Longer positive and neutral comments
may contain justification, policy explanation, personal experience, or comparison,
whereas short negative comments may function as direct criticism, ridicule, or emotional
reaction. Reddit’s support for long-form comments makes these distinctions analytically
useful [12]. Even so, text length may become a shortcut feature if the classes differ
systematically. The model might partly learn that shorter comments are more likely to be
negative rather than relying exclusively on semantic evidence. Future work should
evaluate performance across length-controlled subsets and use interpretability techniques
to determine whether predictions depend on meaningful contextual tokens or superficial
structural cues.

The study also has implications for the interpretation of online public opinion. Reddit
users are not a random sample of the Indonesian population, and participation in
r/Indonesia is shaped by internet access, platform familiarity, age, education, language
preference, and self-selection. Anonymity may encourage candid expression, but it can
also increase sarcasm, exaggeration, and adversarial speech. Ethical research on Reddit
must therefore consider contextual integrity, user expectations, quotation practices, and
the difference between technically public data and ethically unrestricted data [12]. The
observed sentiment distribution should be described as discourse within the collected
Reddit corpus rather than as a national approval rating for the MBG program.
Triangulation with surveys, interviews, news comments, and other social platforms
would provide a broader and more representative assessment.

Several methodological strengths support the credibility of the study. The workflow
clearly documents data collection, preprocessing, manual annotation, stratified splitting,
model configuration, and multiple evaluation metrics. The retention of contextual notes
during labeling is particularly useful because sentiment in policy discourse often depends
on pragmatic interpretation. The study also reports both predictive performance and
computational throughput, followed by complete-dataset inference, confidence analysis,
keyword frequencies, and text-length statistics. These components move the analysis
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beyond a single accuracy value. At the same time, reproducibility would be improved by
reporting the annotation instructions in full, the number and qualifications of annotators,
inter-annotator agreement, adjudication procedures, hardware specifications, software
versions, preprocessing dictionaries, and the exact code used for training and evaluation.

The principal limitations concern generalizability, annotation reliability, and
comparative evaluation. Data were collected from one subreddit and through two
keywords, which may exclude relevant discussions that use alternative terms. Translation
into Indonesian improves linguistic consistency but may alter sarcasm, cultural
references, and code-mixed expressions. The test set was derived from the same curated
annotation pool as the training set, and no cross-platform or temporal external validation
was conducted. The study also did not report comparisons with simpler baselines, generic
multilingual BERT, an unfine-tuned IndoBERT model, or alternative optimizers.
Consequently, the 99.00% score demonstrates excellent internal performance but does not
yet establish superiority under broader conditions. These limitations should guide the
design of subsequent experiments rather than diminish the value of the current findings.

Future development should combine technical refinement with policy-oriented
analysis. A stronger system would include grouped and temporal validation, model
calibration, explainable predictions, active learning for uncertain cases, and periodic
retraining to address language and policy drift. Aspect-based sentiment analysis could
distinguish opinions about nutrition, menu variety, distribution, budget, governance,
targeting, and implementation. Conversation-aware models could incorporate parent
comments and thread context to improve sarcasm and implicit-stance detection.
Comparative experiments with IndoBERT variants, multilingual transformers, hybrid
neural architectures, and classical baselines would clarify the contribution of each
modeling choice. Finally, a responsible monitoring dashboard should communicate
uncertainty, display representative themes rather than isolated comments, and prevent
automated sentiment scores from being treated as a substitute for inclusive public
consultation.

5. Conclusion

This study successfully fine-tuned IndoBERT for three-class Indonesian sentiment
classification and obtained accuracy, precision, recall, and F1-score values of 99.00% on a
balanced test set. Application of the model to 6,295 Reddit comments showed that neutral
sentiment was dominant at 59.44%, followed by positive sentiment at 34.11% and negative
sentiment at 6.45%. The model achieved a mean confidence score of 0.8502 and processed
137.93 samples per second, demonstrating its potential for rapid public-policy
monitoring. Nevertheless, the lower confidence and greater variability observed in
negative comments indicate that sarcasm, implicit criticism, and context-dependent
expressions remain challenging. The findings should therefore be interpreted as evidence
of model performance on the curated Reddit dataset rather than as a nationally
representative measure of public opinion.

5.1 Future Research

Future studies should expand data collection to additional digital platforms and
demographic contexts to improve the representativeness of public-opinion analysis.
IndoBERT may also be integrated with rule-based or contrastive-learning components to
improve sarcasm and implicit-criticism detection. Aspect-based sentiment analysis could
identify responses to specific dimensions of the Free Nutritious Meal Program, such as
menu quality, distribution, budget efficiency, nutritional adequacy, and program
governance. A real-time monitoring dashboard and longitudinal time-series analysis
would further support the examination of sentiment changes across the policy cycle.
External validation, inter-annotator agreement measurement, baseline-model
comparison, and explainability analysis are also required before operational deployment.
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