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Abstract

The concept of a welfare state emphasizes the main role of the government in providing
protection and improving welfare such as health and education to its people. The free lunch
program proposed by Prabowo Subianto and Gibran Rakabuming Raka aims to improve
the nutritional quality of school children while driving the national economy. The public's
reaction to Prabowo Subianto's work program plan, on free school lunch program and
nutritional support for Indonesian students, is very diverse in perspective on X. The
Random Forest algorithm proved to be quite effective in classifying public sentiment
regarding the policy of “Free Lunch for Children.” With an overall accuracy of 73%, the
model was able to categorize public opinion into positive, negative, and neutral categories.
To improve the performance of the model, upsampling was performed to balance the
classes in the dataset as well as hyperparameter tuning. After applying these techniques, the
accuracy of the model increased significantly to 80%.
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1. INTRODUCTION

The concept of a welfare state emphasizes the main role of the government in
providing protection and improving welfare such as health and education to its
people. Data compiled by the Ministry of Health in 2020 highlights the serious
problems that continue to afflict most children in Indonesia, especially in the
Jakarta and East Nusa Tenggara (NTT) regions, namely stunting and failure to
thrive. These two diseases pose a significant threat to the physical development
and well-being of children in this country. Stunting is of particular concern because
it has a long-term impact on children's lives, both from a health and education
perspective [1]. Stunting and failure to thrive are complex problems that are
influenced by various factors, including access to adequate nutrition, poor hygiene,
and inappropriate nutrition practices [2].

Data on the high number of stunting in the Jakarta and East Nusa Tenggara (NTT)
regions can be seen as follows In Jakarta, the stunting rate reached 14.8% in 2022.
Meanwhile, NTT has the highest stunting rate nationally in 2021 with a prevalence
of 37.8%. Based on BPS data, in 2019, the percentage of stunting in N'T'T was at
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30%, then decreased to 24.5% in 2020, 20.9% in 2021, 17.7% in 2022, and 15.2%
in 2023. In the last few years. In recent years, NTT has experienced a significant
decrease in stunting rates, with an average decrease of 3.4% over the past five years

[3]-

Addressing this issue requires comprehensive and collective action from the
government, the community and the private sector. In addition, more effective
prevention and intervention efforts are needed, including education on healthy
eating habits and the development of nutrition programs for children [4]. The free
meal program, which is set to begin in 2029, aims to reduce stunting across
Indonesia by providing nutritious meals to children in their growing years. The
program is expected to increase access to adequate and quality nutrition, especially
in areas with high stunting rates such as Jakarta and East Nusa Tenggara (NTT).

This research focuses on the period from when the program was announced until
February at the last presidential debate, to analyze its impact on reducing stunting.
The research includes evaluating the implementation of the program in various
regions, monitoring changes in stunting statistics, and identifying challenges and
successes [5]. The results of this study are expected to provide a comprehensive
picture of the effectiveness of the free meal program in reducing stunting, as well
as provide recommendations for improvement and development of future
nutrition policies [6].

Public reaction to the announcement of a free meal program set for 2029 to reduce
stunting in Indonesia has been mixed. Many people welcomed the initiative,
considering it an important step in addressing nutrition, which remains a major
challenge, especially in areas with high stunting prevalence such as Jakarta and East
Nusa Tenggara (NTT). Parents, health teams, and non-profit organizations praised
the government's efforts in improving access to nutritious food for children.
However, there are also concerns and skepticism emerging from various parties.
Some are concerned about the effectiveness of the program's implementation,
especially in remote areas with inadequate infrastructure [7].

The free lunch program proposed by Prabowo Subianto and Gibran Rakabuming
Raka aims to improve the nutritional quality of school children while driving the
national economy [8]. Through this program, students in need will receive
nutritionally balanced meals, with the hope of improving the quality of human
resources to create the golden generation in 2045. In addition, the provision of
nutritious food is also expected to boost students' learning activities which will
ultimately contribute to economic growth [9]. The program not only focuses on
health and education aspects, but also opens up new business opportunities and
increases community participation in economic development. Partnerships with
the private sector are an important element in the implementation of this program,
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where the large funding required must be managed transparently. With an
estimated cost of Rp15,000 per child, the program also requires effective logistics
management to ensure that the food distribution can reach various areas, including
remote ones. In addition to providing one nutritious meal a day, the program also
has an educational component that teaches students and parents about the
importance of nutritious food and healthy eating habits.

The 2024 President, Prabowo Subianto, proposed a free lunch program and
nutritional support for students of various educational levels, related to the concept
of a welfare state, as a measure to improve the socioeconomic welfare of the
community [10]. One of the most important steps is to improve access to quality
nutrition and appropriate health services, especially in areas where stunting rates
are high. In addition, more effective prevention and intervention efforts are
needed, including education on healthy eating habits and the development of
nutrition programs for children. Improving people's nutrition and reducing the
prevalence of stunting is one of the Ministry of Health's priority programs for the
2020-2024 petiod [11]. The public's reaction to Prabowo Subianto's wotk program
plan on free school lunches and nutritional support for Indonesian students was
very diverse in X perspectives.

The Random Forest method is a machine learning method for classification and
regression by combining multiple decision trees into an ensemble, where each tree
provides independent predictions and is combined by voting or averaging [8]. Its
advantages include handling large datasets with many features, overfitting
tolerance, and handling unbalanced data and also provides an estimate of the
importance of features in prediction, thus providing additional insights [12].

2. METHODS

The research methodology used in this study follows a structured, multi-stage
process illustrated in Figure 1, consisting of four key phases: Planning, Data
Collection, Data Analysis, and Evaluation. These stages guide the systematic
application of the Random Forest algorithm for sentiment analysis related to the
“Free Lunch for Children” policy. Each stage is described in detail as follow.

. Data Analysis » Evaluation

Figure 1. Research Framework
3.1. Planning

The initial stage began with identifying real-world problems, particularly focusing
on public discourse around stunting and the "Free Lunch for Children" policy. The
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primary research objective was formulated to explore public sentiment on this
issue using machine learning techniques—specifically, the Random Forest
algorithm. A thorough literature review was conducted to understand the
theoretical foundation and identify gaps in previous studies, supporting the need
for a data-driven approach to sentiment analysis in public policy evaluation.

3.2. Data Collection

Data was collected from the social media platform X (formerly Twitter) using a
specialized scraping tool called Tweet-Harvest. This tool was selected due to recent
changes in X's API access, which rendered other scraping tools like snscrape
ineffective [13]. Tweet-Harvest enables automated retrieval of tweets, replies,
threads, and comments based on specified keywords—in this case, the phrase “free
lunch prabowo”. The dataset includes rich metadata such as: tweet 1D, tweet text,
number of likes, number of retweets, timestamps, and user profile indicators This
metadata provides contextual depth and supports multi-dimensional analysis
beyond just sentiment classification [14].

3.3. Data Analysis

Once collected, the data was pre-processed to ensure consistency, remove noise,
and handle missing values. Common preprocessing tasks included: lowercasing all
text, removing stop words and punctuation, tokenization, lemmatization, and
removing non-relevant or duplicated tweets. The cleaned data was then fed into
the Random Forest algorithm, a widely used ensemble learning method known for
its robustness and accuracy. This model works by constructing multiple decision
trees and aggregating their predictions to determine the final class—typically using
the mode of classes in classification tasks. To fine-tune the model and avoid
overfitting, two critical hyperparameters were adjusted:

1)  Number of Estimators (N Estimators): Defines the number of trees in the
forest, typically ranging from 10 to 100. The optimal value is crucial for
balancing bias and variance [15].

2)  Maximum Depth (Max Depth): Determines how deep each tree can grow.
Shallower trees reduce complexity and overfitting, while deeper trees may
capture more detailed patterns [16].

To determine the best feature splits within the trees, the Gini Index was used as

the impurity measure instead of alternatives like Information Gain or Gain Ratio.

The Gini Index helps evaluate the "purity" of splits and is mathematically defined

as shown in Equation 1.

Gini Indeks=1-32(p,)’ (1)
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Where pi is the probability of class i at a particular node. For binary classification
problems, such as sentiment (positive vs. negative), p+and p—represent the
probabilities of positive and negative classes respectively.

3.4. Evaluation

In the final phase, the model's performance was assessed using standard evaluation
metrics such as: accuracy, precision, recall, and f1-Score. These metrics offer a
balanced view of how well the model handles both false positives and false
negatives in sentiment classification [17]. The results were then interpreted in light
of policy implications, particularly focusing on public sentiment trends around the
"Free Lunch" initiative. The analysis provided data-driven insights that can support
policymakers in evaluating the policy’s reception and refining communication
strategies.

3. RESULTS AND DISCUSSION
3.1. Data Analysis

The analysis phase of this research begins with the acquisition of public opinion
data from the social media platform X (formerly Twitter) using the Tweet-Harvest
tool. This tool was selected due to recent API restrictions on third-party scrapers
like snscrape, which rendered traditional methods of tweet extraction obsolete [13].
Tweet-Harvest enables the real-time collection of tweet content, including
metadata such as usernames, timestamps, tweet texts, retweets, likes, and replies,
based on the specified keyword: “free lunch prabowo.” This keyword was chosen
to capture public responses to the “Free Lunch for Children” policy associated
with Prabowo Subianto. A sample of the raw tweet data retrieved is shown in Table
1, where we see a range of expressions some critical, some supportive, and others
neutral reflecting public sentiment toward the initiative.

Table 1. Data Sample (Indonesia)
Username Tweets
freethink32 @geloraco @KPK_RI omon? terus petsis @prabowo dr makan
siang gratis mjd makan pagi. banyakan dramanya. tdk diketahui
alamatnya tdk berwenang...bla...bla.... publik pingin aksi kongkret
bknlah omongan. kalau bener tdk takut dgn presiden incapable
@jokowi bapaknya @kaesangp ketum @psi_id
Sgrdamai @rizieqdivist Mungkin ide program makan siang gratis pak Prabowo
berawal dari sini

AlvaroGilan9 Prabowo - Gibran fokus pada kesehatan! Pembagian makan siang
dan susu gratis tindak lanjut program gizi untuk anak-anak dan ibu
hamil. dekade08
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Tweets
Program makan siang gratis buat menurunkan angka stunting
(kurang gizi) yang selama ini cukup tinggi dialami anak-anak
Indonesia terutama untuk menghadapi bonus demografi 2035Kalau
internet gratis? Bisa jamin gak dibuat nonton ... (Isi aja sendiri)

Username
bebyhasibuan_

These tweets represent unstructured, raw textual data, which must be preprocessed
before it can be used for sentiment classification and machine learning analysis.
The preprocessing phase consisted of eight stages: text cleaning, case folding,
tokenization, stopword removal, normalization, stemming, feature transformation
(TF-IDF), and sentiment labeling. The purpose of these preprocessing steps is to
reduce textual noise, normalize language structure, and convert raw tweets into a
format that can be effectively used by classification algorithms. An example of this
preprocessing workflow is provided in Table 2.

Table 2. Pre-Processing Data Sample (Indonesia)

Full text

Text Clean

Stopword
Remover

Stemming

[bicara,
'persis', 'dari',
'makan’, 'siang’,

'oratis', b .
RI omon terus 'menjadi’ 1cara persis
(@geloraco @KPK_RI ersis dr makan 'makan' " a’ . dari makan
omon? terus persis P o ) > P &b siang gratis
siang gratis mjd banyakan', o
@prabowo dr makan makan pac \drarnanva’ jadi makan
siang gratis mjd makan ban alfar% G dak’y ’ pagi banyak
pagi. banyakan dramanya. drama}; o tdk ’alamatn’7a' drama tidak
tdk diketahui alamatnya diket;hui i dak’} ’ alamat tidak
ek alamatnya tdk 'berwenang’, wenang
berwenang...bla...bla.... . o publik pingin
Lo . berwenangblabla publik’, si konokr
publik pingin aksi blik pinoin aksi  'pinoin' 'aksi. ksl kongkret
publik pingin aksi pingin', 'aksi',
kongkret bknlah ' , bknlah
omongan. kalau bener kongkret bknlah ongkret, omong bener
) . omongan kalau 'bknlah', .
tdk takut dgn presiden bener tdk takut ‘omongar! tidak takut
incapable @jokowi den presiden bener'. 't dai<' dengan
bapaknya @kaesangp incapable bapak \ 1; v presiden
o pable bapaknya takut', :
ketum @psi_id ketum id q , incapable
¢ . cngan ) bapak tum
presiden’,
'incapable’,
'bapaknya’,
'ketum']
@rizieqdivist Mungkin Munokin id ide program
ide program makan siang ung ¢ makan siang
; program makan .
gratis pak Prabowo siane oratis pak gratis
berawal dati sini 8 grats p Prabowo
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Full text Text Clean Stopword Stemming
Remover
Prabowo berawal
dari sini
Prabowo Gibran subianto
Prabowo - Gibran fokus fokus pada gibran fokus
pada kesehatan! kesehatan schat bagi

Pembagian makan siang
dan susu gratis tindak

Pembagian makan
siang dan susu

makan siang
susu gratis

lanjut program gizi untuk  gratis tindak lanjut tindak
anak-anak dan ibu hamil.  program gizi untuk program gizi
dekade08 anakanak dan ibu anakanak
hamil decade hamil decade
Program makan program
Program makan siang siang gratis buat makan siang
gratis buat menurunkan ~ menurunkan angka gratis turun
angka stunting (kurang stunting kurang angka
gizi) yang selama ini gizi yang selama ini stunting gizi
cukup tinggi dialami cukup tinggi alami
anak-anak Indonesia dialami anakanak anakanak
terutama untuk Indonesia terutama indonesia
menghadapi bonus untuk menghadapi hadap bonus
demografi 2035Kalau bonus demografi demografi
internet gratis? Bisa jamin Kalau internet internet

gak dibuat nonton ... (Isi
aja sendiri)

gratis Bisa jamin
gak dibuat nonton
Isi aja sendiri

gratis jamin
tidak nonton
isi saja

Once cleaned and structured, the data underwent manual sentiment labeling. Each
tweet was analyzed for its emotional tone and categorized into three sentiment
classes: Positive, Neutral, or Negative. This labeling is essential for supervised
learning algorithms like Random Forest, as it provides the ground truth required
to train and validate the model. Examples of labeled data are presented in Table 3.

Table 3. Labelling Data (Indonesia)

Preprocessing Results Label
bicara persis dari makan siang gratis jadi makan pagi banyak drama tidak Negative
alamat tidak wenang publik pingin aksi kongkret bknlah omong bener
tidak takut dengan presiden incapable bapak tum
ide program makan siang gratis Prabowo Neutral
prabowo gibran fokus schat bagi makan siang susu gratis tindak program Positive
gizi anakanak hamil decade
program makan siang gratis turun angka stunting gizi alami anakanak Positive

indonesia hadap bonus demografi internet gratis jamin tidak nonton isi saja
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Following the labeling process, the next step was featuring extraction using Term
Frequency—Inverse Document Frequency (TF-IDF). This technique quantifies the
importance of each word in a document relative to the entire corpus, allowing the
algorithm to better identify which terms contribute most to classification decisions
[17]. TF-IDF is computed as the product of Term Frequency (TT) and Inverse
Document Frequency (IDF) for each word in each document. This converts the
raw text into a structured numerical format, where each word is assigned, a weight
based on its relevance.

Table 4. TF-IDF

Term Frequency TF-IDF
Term — x> k3 ka PF IDF Kl K2 K3 K4
Aksi 1 0 0 0 1 13829 13829 0 0 0
aamat 1 0 0 0 1 138629 138629 0 0 0
Aami 0 0 0 1 1 138629 0 0 0 1.38629
anakanak 0 0 1 1 2 069314 0 0 069314 0.69314
Angka 0 0 0 1 1 138629 0 0 0 1.38629
Takat 1 0 0 0 1 13829 138629 0 0 0
Tidak 3 0 0 1 4 069314 207944 0 0 0.69314
Tinddk 0 0 1 0 1 138629 0 0 1.38629 0
Tum 1 0 0 0 1 13829 13829 0 0 0
Turun 0 0 0 1 1 138629 0 0 0 1.38629

After getting the TF-IDF representation of the documents, the next step is to build
the decision tree. This step starts by determining the best feature to perform the
first split [18]. In this example, we use the Gini Index (as default from the Python
Scikit-learn library) to select the best feature. In Random Forest, we need to create
multiple decision trees. Fach tree is built with a random subset of the terms
(features) in the dataset. Suppose we build 3 decision trees for this analysis; each
tree will have a different subset of terms, as shown in Equation 2 to 4.

Gini(t)=1- Y, p? )

GiniClunch)=1- (p2,_ . +D% 0 PP ) )

negative pneurral

Gini(lunch)=1- (G)Z + (1)2 + (3)2) =1-2=0.625 @)

4 4

The Random Forest algorithm constructed three decision trees using different
random subsets. From the decision tree calculation, the predicted sentiments for
each document are as follows: K1: Negative, K2: Neutral, K3: Positive, and K4:
Positive. After having several decision trees, the next step is voting to determine
the final prediction of the Random Forest model. For each document, the majority
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prediction is calculated from all trees. The majority voting result will be the final
Random Forest prediction as in Table 5.

Table 5. Majority Voting

Document 1st Tree 2nrd Tree 3rd Tree Ma](?rlty
Voting

K1 Negative Negative Negative Negative

K2 Positive Neutral Neutral Neutral

K3 Positive Positive Positive Positive

K4 Positive Positive Positive Positive

For each document, the majority prediction is calculated from all trees. The
majority voting result will be the final Random Forest prediction as in the following
table. Thus, the final prediction from Random Forest for this dataset is Negative
for K1, Neutral for K2, and Positive for K3 and K4. These results are obtained

based on the voting of the three trees that have been built previously.
3.2. Model Evaluation

This study utilizes the Random Forest model to classify sentiment based on tweet
data that has undergone extensive preprocessing and vectorization using the TF-
IDF (Term Frequency—Inverse Document Frequency) technique. Random Forest
is an ensemble learning method that combines the predictions of multiple decision
trees to produce more accurate and stable results. Its inherent capability to reduce
overfitting and handle high-dimensional data makes it an ideal choice for text
classification tasks such as sentiment analysis.

As illustrated in Figure 3, the Random Forest classifier used in this research was
configured with the parameter n_estimators=100, indicating that the model builds
100 decision trees. During the training phase, each tree is built using a
bootstrapped sample of the training data and a random subset of TF-IDF features.
This randomness introduces diversity among the trees and improves the
generalization performance of the overall model. Once trained, the ensemble of
decision trees is used to predict the sentiment category—positive, negative, or
neutral—of tweets in the test dataset.

nb = RandomForestClassifier(n_estimators=100, random_state=42)

nb.fit(tfidf_train, y_train)
y_pred = nb.predict(tfidf_test)

Figure 3. Random Forest Classifier

Following prediction, the model's performance was evaluated using four standard
classification metrics: accuracy, precision, recall, and Fl-score [19]. Accuracy
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provides a general measure of how many tweets were correctly classified, while
precision assesses how many of the predicted positive sentiments were actually
correct. Recall measures the model’s ability to identify all relevant instances of a
particular sentiment, and the F1-score offers a balanced assessment by combining
both precision and recall. These metrics collectively provide a comprehensive
understanding of how well the model performs across all sentiment categories.

The initial model achieved an accuracy of 73%, reflecting a fairly good ability to
classify sentiment from social media text. However, upon further inspection, it
became evident that the dataset was imbalanced, with certain sentiment categories
being underrepresented. This imbalance negatively impacts classification models
by causing them to disproportionately favor the majority class, which reduces the
accuracy and fairness of predictions across all categories.

To address this issue, the study applied the Upsampling technique to the minority
classes. Upsampling involves duplicating samples from underrepresented
sentiment categories until their frequency is comparable to that of the majority
class [20]. This process balances the training dataset and helps ensure that the
model learns to recognize all sentiment classes equally. By exposing the classifier
to a more balanced distribution of samples, the likelihood of biased predictions is
significantly reduced.

precision recall fl-score support

negatif B - B 257
netral o 5 5 271
positif a . R pLE]

accuracy 771
macro avg 771
weighted avg 771

Figure 4. Performance Evaluation

After implementing upsampling and retraining the model, the overall classification
performance improved. As shown in Figure 4, the Random Forest model’s
accuracy increased to 80%, indicating a meaningful enhancement in predictive
power. This result confirms the effectiveness of the upsampling approach in
resolving class imbalance and producing more equitable and accurate predictions
across all sentiment categories. The improvement in accuracy and other evaluation
metrics demonstrates that Random Forest, combined with proper data balancing
techniques, is highly capable of handling real-world sentiment analysis tasks in a
social media context.

3.3. Discussion

The findings of this study reveal several important insights into the effectiveness
of using the Random Forest algorithm for sentiment analysis of public opinion on
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social media, specifically related to the “Free Lunch for Children” policy. The
application of a structured methodology from data collection via Tweet-Harvest
to preprocessing and TF-IDF vectorization established a solid foundation for the
classification model. The successful execution of this process demonstrates that
social media platforms like X (formerly Twitter) can serve as reliable, real-time
sources for gauging public sentiment on socio-political issues. Initially, the model
achieved an accuracy of 73%, indicating reasonable predictive capability. However,
a closer examination of the dataset revealed an issue commonly encountered in
sentiment classification tasks class imbalance. In this study, the number of positive,
negative, and neutral tweets was not evenly distributed. This skew resulted in a
model that leaned heavily toward predicting the dominant class, thereby affecting
the overall quality and fairness of its predictions. Such imbalances are known to
distort accuracy metrics and often fail to reflect true model performance across all
classes.

To address this challenge, upsampling was introduced as a technique to
synthetically balance the dataset by duplicating samples from the minority classes.
This intervention had a marked effect on the model’s behavior. After retraining
the model on the balanced dataset, the accuracy improved to 80%, and the
distribution of correct predictions across all classes became more consistent. This
improvement highlights the importance of balancing techniques in machine
learning, particularly when working with real-world, user-generated data that is
naturally imbalanced. Beyond accuracy, improvements were also observed in
precision, recall, and F1-score, suggesting the model’s increased ability to correctly
identify and differentiate between sentiment classes. This balanced performance is
crucial in sentiment analysis applications, especially in policy-related contexts
where both positive and negative feedback carry significant weight in influencing
decision-making and public perception.

The results also validate the choice of the Random Forest algorithm for this task.
Its ensemble nature building multiple decision trees on varied data subsets and
combining their outputs proves advantageous in managing textual complexity and
reducing overfitting, especially when combined with feature extraction techniques
like TF-IDF. The algorithm’s robustness, ease of interpretability, and resilience to
noise make it a suitable candidate for sentiment classification tasks, particularly in
the highly dynamic and informal environment of social media platforms.
Furthermore, the use of TF-IDF as a vectorization method contributed to the
model's ability to emphasize contextually important terms in tweets, allowing the
classifier to focus on the most informative words rather than frequent but
insignificant terms. This increased the semantic richness of the input features and
helped distinguish subtle differences between sentiment categories.
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The successful application of this model in analyzing sentiments around the "Free
Lunch" policy demonstrates the potential of machine learning as a decision-
support tool for policymakers. By transforming subjective public opinion into
quantifiable insights, such systems can inform better policy evaluation,
communication strategies, and public engagement. However, it is also important
to acknowledge the limitations of the current approach. Despite improvements,
the model still depends on manual labeling and rule-based preprocessing, which
may introduce bias or inconsistencies. Moreover, social media data is highly
context-sensitive, and sarcasm, slang, or mixed sentiment can still confuse even
the most robust models. As such, future studies could explore integrating deep
learning approaches or contextual language models like BERT, which are capable
of capturing more nuanced sentiment features.

The findings affirm that the integration of TF-IDF-based feature extraction, class
balancing via upsampling, and Random Forest modeling forms an effective
pipeline for sentiment classification in a public policy context. The improved
evaluation metrics post-upsampling emphasize the value of addressing data
distribution issues in building fair and accurate models. These results provide a
practical pathway for using social media sentiment as a reliable metric for real-time
policy monitoring and evaluation.

4. CONCLUSION

The results of this study demonstrate that the Random Forest algorithm is a
reliable and effective method for classifying public sentiment related to the “Free
Lunch for Children” policy. Initially, the model achieved a commendable accuracy
of 73%, successfully categorizing tweets into positive, negative, and neutral
sentiment classes. However, performance limitations due to class imbalance were
evident, particularly in the neutral sentiment category. To address this issue, two
key optimization strategies were implemented: upsampling of minority classes and
hyperparameter tuning. These enhancements significantly improved the model's
overall performance, with accuracy rising to 80%. Additionally, metrics such as
precision and recall showed marked improvements, especially within the neutral
class, indicating that the classifier became more equitable and accurate across all
sentiment categories. This improvement confirms that combining data balancing
techniques with model optimization not only enhances prediction accuracy but
also leads to more balanced and consistent sentiment classification. Such
enhancements enable the model to better capture the diversity and nuance of
public opinion expressed on social media. Ultimately, these findings underscore
the potential of Random Forest—when properly tuned and supported by
preprocessing and balancing strategies—as a robust tool for sentiment analysis in
the context of policy evaluation and public discourse monitoring,.
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