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INTISARI

Penelitian ini bertujuan untuk menganalisis sentimen masyarakat di Twitter
terkait kebijakan kenaikan Pajak Pertambahan Nilai (PPN) sebesar 12% serta
membandingkan kinerja algoritma Naive Bayes dan Support Vector Machine
(SVM) dalam klasifikasi sentimen. Data dikumpulkan dari Twitter dan melalui
tahapan preprocessing yang meliputi pembersihan teks, case folding, tokenization,
stopword removal, dan stemming. Data kemudian dibagi menjadi data latih dan data
uji untuk proses evaluasi model. Hasil eksperimen menunjukkan bahwa model
SVM yang dioptimasi menggunakan kernel Radial Basis Function (RBF)
memperoleh kinerja terbaik dengan tingkat akurasi sebesar 79,93%. Berdasarkan
classification report, SVM menunjukkan performa lebih konsisten dalam
mengidentifikasi kelas Negative (f1-score = 0,86) dibandingkan kelas Positive (f1-
score = 0,65), dengan nilai weighted average f1-score sebesar 0,80. Sementara itu,
model Naive Bayes memperoleh akurasi sebesar 74,07%, dengan fl-score sebesar
0,83 pada kelas Negative dan 0,46 pada kelas Positive, serta weighted average f1-
score sebesar 0,71. Berdasarkan hasil tersebut, dapat disimpulkan bahwa SVM
memiliki performa yang lebih unggul dibandingkan Naive Bayes dalam analisis
sentimen Twitter terkait kebijakan kenaikan PPN 12%.

Kata kunci : PPN 12%, Naive Bayes, Support Vector Machine
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ABSTRACT

This study investigates public sentiment on Twitter regarding the 12% Value
Added Tax (VAT) increase policy and compares the performance of Naive Bayes
and Support Vector Machine (SVM) algorithms for sentiment classification. The
dataset was collected from Twitter and processed through text preprocessing
stages, including cleaning, case folding, tokenization, stopword removal, and
stemming. The data were then divided into training and testing sets for model
evaluation. Experimental results indicate that the optimized SVM model with the
Radial Basis Function (RBF) kernel achieved the best performance, with an
accuracy of 79.93%. The classification report shows that SVM performed more
consistently in identifying the Negative class (fl1-score = 0.86) compared to the
Positive class (fl-score = 0.65), with an overall weighted average f1-score of 0.80.
In contrast, the Naive Bayes model obtained an accuracy of 74.07%, with an f1-
score of 0.83 for the Negative class and 0.46 for the Positive class, resulting in a
weighted average fl-score of 0.71. These findings demonstrate that SVM
outperforms Naive Bayes in sentiment classification of Twitter data related to the
VAT increase policy, making it a more effective approach for this task.

Keywords : PPN 12%, Naive Bayes, Support Vector Machine
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