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HALAMAN PERSEMBAHAN / MOTTO

”You are what you think about. Everything that you think about, you
become. What do you think about? Because thoughts lead to actions.
Actions lead to behavior. Behavior shapes your lifestyle. And your
lifestyle determines your destiny. So, everything begins in the mind.
If you can control and wield your mind, you can very much determine
your destiny. Everything is in your control.”

Luke Belmar
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IMPLEMENTASI ALGORITMA SUPPORT VECTOR MACHINE UNTUK
KLASIFIKASI OPINI PUBLIK TERHADAP INSIDEN PERETASAN

INDODAX

Rafles Kristiyanto

ABSTRAK

Seiring meningkatnya penggunaan cryptocurrency di Indonesia, isu keamanan
siber pada platform pertukaran aset digital seperti Indodax menjadi perhatian
serius. Penelitian ini mengimplementasikan algoritma Support Vector Machine
(SVM) untuk menganalisis sentimen publik terhadap insiden peretasan Indodax
pada September 2024. Data dikumpulkan dari media sosial dan diproses melalui
tahapan preprocessing, seperti pembersihan teks, stemming, dan ekstraksi fitur
menggunakan TF-IDF. Model dilatih dengan GridSearchCV untuk optimasi
parameter, diuji dengan berbagai konfigurasi N-gram, serta menggunakan SMOTE
untuk menangani ketidakseimbangan kelas. Model terbaik, yaitu Linear SVM
dengan konfigurasi TF-IDF N-gram (1,2) dan SMOTE, mencapai akurasi 78,73%
dan macro average F1-score 76,14%. Hasil klasifikasi terhadap data baru
menunjukkan bahwa opini publik didominasi sentimen negatif. Penelitian ini
memberikan kontribusi dalam memahami persepsi masyarakat terhadap insiden
siber dan sebagai masukan bagi platform kripto dalam mitigasi dan strategi
komunikasi.

Kata kunci: Analisis sentimen, Indodax, keamanan siber, opini publik, Support
Vector Machine, TF-IDF.

vii
Implementasi Algoritma Support..., Rafles Kristiyanto, Universitas Multimedia Nusantara



IMPLEMENTATION OF THE SUPPORT VECTOR MACHINE ALGORITHM
FOR PUBLIC OPINION CLASSIFICATION ON THE INDODAX HACKING

INCIDENT

Rafles Kristiyanto

ABSTRACT

As cryptocurrency adoption increases in Indonesia, cybersecurity on digital asset
exchange platforms such as Indodax has become a critical concern. This
study implements the Support Vector Machine (SVM) algorithm to analyze public
sentiment toward the Indodax hacking incident in September 2024. Social
media data were collected and processed through text cleaning, stemming, and
feature extraction using Term Frequency–Inverse Document Frequency (TF-IDF).
The model was trained using GridSearchCV for parameter optimization, tested
with various N-gram configurations, and applied the Synthetic Minority Over-
sampling Technique (SMOTE) to address class imbalance. The best-performing
model, Linear SVM with TF-IDF N-gram (1,2) and SMOTE, achieved 78.73%
accuracy and a macro average F1-score of 76.14%. Classification of post-incident
data indicated a predominance of negative sentiment. This study contributes to
understanding public perceptions of cybersecurity incidents and offers strategic
insights for crypto platform providers in crisis response, risk mitigation, and
communication strategies following security breaches.

Keywords: Cybersecurity, Indodax, Public opinion, Sentiment analysis, Support
Vector Machine, TF-IDF
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