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OPTIMASI ALGORITMA LSTM MENGGUNAKAN FEATURE
SELECTION BERBASIS SWARM INTELLIGENCE PADA

SENTIMENT ANALYSIS CRYPTOCURRENCY

Kristian Ekachandra

ABSTRAK

Cryptocurrency menjadi topik yang banyak diperbincangkan oleh masyarakat global
sejak tahun 2017, terutama pada platform X. Pesatnya pertumbuhan pasar cryptocurrency
ditandai dengan meningkatnya volatilitas yang dipengaruhi oleh sentimen masyarakat. Opini
masyarakat pada media sosial berperan penting dalam mengubah pandangan mereka tentang
cryptocurrency. Namun perkembangan yang cepat terhadap jumlah pengguna media sosial
seperti platform X, serta adopsi teknologi secara masal oleh masyarakat dunia, telah membuat
sentiment analysis konvensional tidak lagi relevan. Oleh sebab itu, penelitian ini melakukan
optimasi sentiment analysis menggunakan feature selection berbasis swarm intelligence yang
dapat menangani permasalahan tersebut. Penelitian ini menggunakan framework Knowledge
Discovery in Database Process (KDD) mencakup proses selection dengan data collection,
pre-processing pada data, transformation dengan tahapan data labeling dan data splitting,
serta data mining meliputi feature selection dan modeling. Proses modeling yang dilakukan
menggabungkan sentiment analysis dengan klasifikasi menggunakan algoritma deep
learning yaitu Long Short-Term Memory Networks (LSTM) yang diintegrasikan dengan
feature selection berbasis swarm intelligence. Algoritma swarm intelligence yang dimaksud
yaitu Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), dan Cat Swarm
Optimization (CSO). Adapun membandingkan model LSTM baik dengan dan tanpa feature
selection berbasis swarm intelligence PSO, ACO, dan CSO dalam sentiment analysis
cryptocurrency. Hasil yang didapatkan dari penelitian ini adalah feature selection berbasis
swarm intelligence dapat meningkatkan kemampuan klasifikasi algoritma LSTM. Kinerja
model terbaik yang didapatkan penelitian ini adalah model LSTM yang dioptimasi dengan
PSO, diikuti dengan model CSO-LSTM, ACO-LSTM, dan LSTM. Hal tersebut ditandai
dalam testing model dengan peningkatkan accuracy 0.76% menjadi 86%, menurunkan loss
35% menjadi 57%, dan mempercepat execution time 81.03 detik menjadi 58 detik
dibandingkan dengan LSTM konvensional.

Kata kunci: Cryptocurrency, Feature Selection, LSTM, Sentiment Analysis,
Swarm Intelligence
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OPTIMIZING LSTM ALGORITHM USING FEATURE
SELECTION BASED ON SWARM INTELLIGENCE IN

CRYPTOCURRENCY SENTIMENT ANALYSIS

Kristian Ekachandra

ABSTRACT (English)

Cryptocurrency has become a widely discussed topic globally since 2017, mainly on
platform X. The rapid growth of the cryptocurrency market was marked by increased
volatility influenced by public sentiment. Public opinions on social media played a significant
role in shaping their views on cryptocurrency. However, the swift increase in social media
users on platforms like X and the mass adoption of technology worldwide rendered
conventional sentiment analysis irrelevant. Therefore, this study optimized sentiment
analysis using swarm intelligence-based feature selection to address this issue. The research
utilized the Knowledge Discovery in Database Process (KDD) framework, encompassing the
selection process with data collection, pre-processing, transformation involving data
labeling and splitting, and data mining, including feature selection and modeling. The
modeling process integrated sentiment analysis with classification using the deep learning
algorithm Long Short-Term Memory Networks (LSTM), enhanced with swarm intelligence-
based feature selection. The swarm intelligence algorithms used included Particle Swarm
Optimization (PSO), Ant Colony Optimization (ACO), and Cat Swarm Optimization (CSO).
The study compared LSTM models with and without swarm intelligence-based feature
selection PSO, ACO, and CSO in cryptocurrency sentiment analysis. The results indicated
that swarm intelligence-based feature selection improved the classification capability of the
LSTM algorithm. The best model performance achieved in this study was the PSO-optimized
LSTM model, followed by CSO-LSTM, ACO-LSTM, and conventional LSTM models. This
improvement was evidenced in model testing with a 0.76% increase in accuracy to 86%, a
35% reduction in loss to 57%, and a decrease in execution time from 81.03 seconds to 58
seconds compared to the conventional LSTM.

Keywords: Cryptocurrency, Feature Selection, LSTM, Sentiment Analysis,
Swarm Intelligence
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