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ABSTRAK

Sebagai salah satu platform permainan daring yang sangat populer di Indonesia,
Roblox memicu beragam respons dari para penggunanya. Penelitian ini bertujuan
untuk menganalisis sentimen ulasan pengguna terhadap Roblox sekaligus
membandingkan performa algoritma Support Vector Machine (SVM) dan Naive
Bayes (NB) dalam klasifikasi teks. Dataset penelitian mencakup 20.000 ulasan
berbahasa Indonesia yang dikumpulkan melalui teknik web scraping selama
periode 12 Agustus hingga 28 Oktober 2025, dengan komposisi teks pendek dan
panjang yang berimbang. Tahapan analisis data meliputi preprocessing teks
(pembersihan, case folding, Tokenizing, Stopword Removal, dan normalisasi),
pembobotan fitur menggunakan TF-IDF, serta pembagian data dengan rasio
80:20. Evaluasi model dilakukan menggunakan confusion matrix, tingkat akurasi,
presisi, recall, dan Fl-score. Hasil eksperimen menunjukkan bahwa SVM
memiliki performa yang lebih unggul dengan akurasi sebesar 81,11% dan FI-
score 71,61%, sementara algoritma NB hanya mencapai akurasi 70,39% dan FI-
score 44,81%. Penelitian ini merekomendasikan penggunaan SVM untuk analisis
sentimen pada ulasan gim berbahasa Indonesia serta memberikan wawasan
strategis bagi pengembang Roblox dalam memahami persepsi publik.

Kata Kunci: Analisis Sentimen, Support vector Machine, Naive Bayes, Roblox,
TF-IDF, Google Play Store
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ABSTRACT

Roblox is a prominent online gaming platform in Indonesia that draws diverse
user feedback. This study analyzes user sentiment regarding Roblox and evaluates
the performance of Support Vector Machine (SVM) and Naive Bayes (NB)
algorithms in text-based sentiment analysis. The dataset consists of 20,000
Indonesian-language reviews collected via web scraping between August 12 and
October 28, 2025, featuring a balanced distribution of short and long-form text.
The data analysis process involves comprehensive text preprocessing—including
Cleaning , case folding, tokenization, Stopword Removal, and normalization—
followed by TF-IDF weighting and an 80:20 data split for training and testing.
Model performance was measured using a confusion matrix, accuracy, precision,
recall, and Fl-score. The results demonstrate that SVM outperformed NB,
achieving 81.11% accuracy and a 71.61% Fl-score, compared to NB’s 70.39%
accuracy and 44.81% Fl-score. This research recommends the SVM algorithm
for sentiment analysis of Indonesian game reviews and provides valuable insights
for Roblox developers in understanding user perceptions.

Keywords: Sentiment analysis, Support vector Machine, Naive Bayes, Roblox,
TF-IDF, Google Play Store
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