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ANALISIS SENTIMEN PROGRAM MAKAN BERGIZI
GRATIS DI MEDIA SOSIAL X DENGAN
STACKING NAIVE BAYES
SVM DAN RF

Agil Wira Pratama

ABSTRAK

Program Makan Bergizi Gratis yang diusung oleh pemerintah menimbulkan
beragam opini publik di media sosial, khususnya Twitter. Penelitian ini bertujuan
untuk menganalisis sentimen masyarakat terhadap program tersebut menggunakan
pendekatan Stacking Ensemble yang menggabungkan tiga algoritma klasifikasi:
Naive Bayes, Support Vector Machine (SVM), dan Random Forest. Pengumpulan
data dilakukan melalui Twitter menggunakan kata kunci relevan, lalu diproses
melalui tahap praproses teks dan representasi fitur dengan metode TF-IDF.
Untuk mengatasi ketidakseimbangan data, digunakan teknik Synthetic Minority
Oversampling Technique (SMOTE). Evaluasi model dilakukan menggunakan
metrik akurasi, presisi, recall, dan F1-score. Hasil pengujian menunjukkan bahwa
model Stacking menghasilkan performa lebih baik dibandingkan model dasar
individu, dengan akurasi tertinggi mencapai 92,98% pada skenario pembagian data
90:10. Temuan ini menunjukkan bahwa pendekatan ensemble dapat meningkatkan
efektivitas klasifikasi sentimen dalam studi opini publik.

Kata Kunci: Analisis Sentimen, Makan Bergizi Gratis, Naive Bayes, Random
Forest, Stacking, SVM
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SENTIMENT ANALYSIS OF THE NUTRITIOUS MEAL PROGRAM ON
SOCIAL MEDIA X USING STACKING NAIVE BAYES, SVM, RF

Agil Wira Pratama

ABSTRACT

The Free Nutritious Meal Program initiated by the government has generated
diverse public opinions on social media, particularly Twitter. This study aims
to analyze public sentiment toward the program using a Stacking Ensemble
approach that combines three classification algorithms: Naive Bayes, Support
Vector Machine (SVM), and Random Forest. Data was collected from Twitter using
relevant keywords, followed by preprocessing and feature representation using the
TF-IDF method. To handle data imbalance, the Synthetic Minority Oversampling
Technique (SMOTE) was applied. The models were evaluated using accuracy,
precision, recall, and F1-score metrics. The results show that the Stacking model
outperformed individual base classifiers, achieving the highest accuracy of 92,98%
under the 90:10 data split. These findings indicate that ensemble approaches can
enhance sentiment classification performance in public opinion analysis.

Keywords: Free Nutritious Meals, Naive Bayes, Random Forest, Sentiment
Analysis, Stacking, SVM
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