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INTISARI

Penelitian ini bertujuan untuk membandingkan kinerja dua metode
klasifikasi, yaitu Support Vector Machine (SVM) dan Naive Bayes, dalam analisis
sentimen komentar YouTube pada kanal CNN Indonesia terkait proyek Kereta
Cepat Jakarta-Bandung (WHOOSH). Analisis sentimen merupakan proses
otomatisasi yang digunakan untuk mengidentifikasi dan mengelompokkan opini
atau emosi dari teks, yang dalam hal ini berasal dari komentar pengguna di platform
YouTube. Data yang digunakan dalam penelitian ini terdiri dari komentar yang
dikumpulkan dari video terkait topik Kereta Cepat Jakarta-Bandung di kanal
YouTube CNN Indonesia. Proses penelitian ini meliputi beberapa tahapan utama,
yaitu pengumpulan data, preprocessing, serta penerapan metode klasifikasi SVM
dan Naive Bayes. Kinerja kedua metode kemudian dibandingkan berdasarkan
beberapa metrik evaluasi seperti akurasi, presisi, recall, dan F1-score. Hasil
penelitian menunjukkan bahwa masing-masing metode memiliki kelebihan dan
kekurangan tersendiri dalam menganalisis sentimen. Hasil pengujian dan evaluasi
Support Vector Machine (SVM) yaitu Kernel Linier dan Kernel RBF. Untuk Kernel
Linier mendapatkan 81,3%, Presisi 80,9%, Recall 79,5%, F1-Score 80%.
Sedangkan untuk Kernel RBF mendapatkan akurasi sebesar 80,9%, Presisi 81,6%,
Recall, 78,8%, F1-Score 80%. Lalu untuk hasil pengujian Naive Bayes yang dibagi
menjadi dua yaitu Complement Naive Bayes dan Gaussion NB. Untuk Complement
Naive Bayes mendapatkan akurasi sebesar 63,98%, Presisi 63,3%, Recall 62,6%
dan F-1 Score 61%. Sedangkan untk Gaussion NB mendapatkan 64,41%, Presisi
62,4%, Recall 62,1%, F1-Score 62%. Hasil penelitian ini dapat menunjukkan
bahwa Support Vector Machine (SVM) performa lebih baik daripada Naive bayes.
Temuan ini memberikan wawasan berharga bagi peneliti dan praktisi dalam
memilih metode klasifikasi yang paling sesuai untuk analisis sentimen komentar di

media sosial, khususnya pada platform YouTube.
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ABSTRACT

This study aims to compare the performance of two classification methods,
Support Vector Machine (SVM) and Naive Bayes, in sentiment analysis of
YouTube comments on CNN Indonesia‘s channel regarding the Jakarta-Bandung
High-Speed Rail (WHOOSH) project. Sentiment analysis is an automated process
used to identify and classify opinions or emotions from text, which in this case
comes from user comments on the YouTube platform. The data used in this study
consists of comments collected from videos related to the Jakarta-Bandung High-
Speed Rail topic on CNN Indonesia's YouTube channel. The research process
involves several main stages: data collection, preprocessing, and the application of
SVM and Naive Bayes classification methods. The performance of both methods is
then compared based on several evaluation metrics such as accuracy, precision,
recall, and F1-score. The results of the study indicate that each method has its own
advantages and disadvantages in analyzing sentiment. The testing and evaluation
results for Support VVector Machine (SVM) with Linear Kernel showed an accuracy
of 81.3%, precision of 80.9%, recall of 79.5%, and F1-score of 80%. For the RBF
Kernel, the accuracy was 80.9%, precision was 81.6%, recall was 78.8%, and F1-
score was 80%. For Naive Bayes, the results are divided into Complement Naive
Bayes and Gaussian NB. Complement Naive Bayes achieved an accuracy of
63.98%, precision of 63.3%, recall of 62.6%, and F1-score of 61%. Gaussian NB
achieved an accuracy of 64.41%, precision of 62.4%, recall of 62.1%, and F1-score
of 62%. The findings of this study demonstrate that Support VVector Machine (SVM)
performs better than Naive Bayes. These findings provide valuable insights for
researchers and practitioners in selecting the most appropriate classification method
for sentiment analysis of social media comments, particularly on the YouTube
platform.
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