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ABSTRAK

PERBANDINGAN METODE NAIVE BAYES, SUPPORT VECTOR MACHINE, DAN
LOGISTIC REGRESSION DALAM ANALISIS SENTIMEN KOMENTAR TIKTOK
TERHADAP PENGELOLAAN SAMPAH DI INDONESIA DAN BELANDA

Nofita Munir
1222001019@student.bakrie.ac.id

Permasalahan sampah masih menjadi isu lingkungan yang mendapat perhatian di banyak negara,
termasuk Indonesia dan Belanda, yang memiliki sistem pengelolaan sampah berbeda dan kerap
dibandingkan di media sosial, khususnya TikTok, meski opininya belum banyak diukur secara
sistematis. Penelitian ini menganalisis sentimen komentar pengguna TikTok terhadap pengelolaan
dan daur ulang sampah di kedua negara, sekaligus. Membandingkan kinerja tiga algoritma
klasifikasi, yaitu Naive Bayes, Support Vector Machine, dan Logistic Regression. Data
dikumpulkan dari tujuh unggahan TikTok menggunakan Apify, dengan komentar berbahasa
Belanda diterjemahkan ke Bahasa Indonesia, kemudian melewati tahap preprocessing, pelabelan
sentimen berbasis InSet Lexicon yang dilengkapi aturan negasi dan penanganan sarkasme, serta
pembobotan kata menggunakan TF-IDF. Hasil analisis menunjukkan masyarakat Indonesia
cenderung memberikan opini positif, sedangkan masyarakat Belanda cenderung lebih berimbang
antara positif dan negatif. Pada perbandingan kinerja model, Logistic Regression memperoleh
hasil terbaik dengan akurasi 75,91%, diikuti Support Vector Machine 74,62% dan Naive Bayes
71,83%, sehingga Logistic Regression menjadi algoritma paling optimal dalam penelitian ini.
Belum tercapainya akurasi di atas 80% diduga dipengaruhi oleh keterbatasan data kelas netral dan

karakteristik bahasa informal pada komentar media sosial.

Kata kunci :Analisi Sentimen, TikTok, Naive Bayes, Support Vector MAchine, Logistic
Regression, TF-IDF, Pengelolaan Sampah
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ABSTRACT

A COMPARISON OF NAIVE BAYES, SUPPORT VECTOR MACHINE, AND LOGISTIC REGRESSION
METHODS IN SENTIMENT ANALYSIS OF TIKTOK COMMENTS ON WASTE MANAGEMENT IN
INDONESIA AND THE NETHERLANDS

Nofita Munir
1222001019@student.bakrie.ac.id

Waste management remains a pressing environmental issue in many countries, including
Indonesia and the Netherlands, which have different waste management systems that are
frequently compared on social media, particularly TikTok, although public opinion in the comment
sections has not been widely measured systematically. This study analyzes the sentiment of TikTok
users' comments regarding waste management and recycling in both countries, while comparing
the performance of three classification algorithms: Naive Bayes, Support Vector Machine, and
Logistic Regression. Data were collected from seven TikTok uploads using Apify, with Dutch-
language comments translated into Indonesian, then processed through preprocessing, rule-based
sentiment labeling using the InSet Lexicon complemented by negation handling and sarcasm
detection, and them weigthting using TF-1D. The results show that Indonesian users tend to express
positive opinions, while Dutch users show a more balanced sentiment between positive and
negative. In the model comparison, Logistic Regression achieved the best result with an accuracy
of 75.91%, followed by Support Vector Machine at 74.62% and Naive Bayes at 71.83%, making
Logistic Regression the most optimal algorithm in this study. The failure to reach accuracy above
80% is presumably influenced by the limited data in the neutral class and the informal language

characteristics of social media comments.

Keywords :Sentiment Analysis, TikTok, Naive Bayes, Support Vector Machine, Logistic
Regression, TF-IDF, Waste Management
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