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INTISARI 

 

Perkembangan media sosial memungkinkan masyarakat menyampaikan 

opini secara terbuka terhadap berbagai isu, termasuk mengenai Tim Nasional 

Indonesia. Cuitan yang muncul di platform Twitter sering kali memuat beragam 

aspek sekaligus, seperti strategi pelatih, performa pemain, hasil pertandingan, dan 

opini umum. Oleh karena itu, analisis sentimen multi-aspek diperlukan untuk 

memahami sentimen publik secara lebih mendalam. Penelitian ini bertujuan untuk 

menerapkan metode ensemble weighted soft-voting dengan menggabungkan model 

Logistic Regression dan IndoBERT dalam tugas deteksi aspek multi-label dan 

klasifikasi sentimen per aspek terhadap cuitan Twitter berbahasa Indonesia 

mengenai Timnas Indonesia pada era kepelatihan Patrick Kluivert. Proses 

penelitian meliputi pengumpulan data cuitan, praproses teks, pemodelan 

menggunakan Logistic Regression berbasis TF-IDF dan IndoBERT, serta evaluasi 

kinerja model. Pada masing-masing model dilakukan hyperparameter tuning dan 

threshold tuning untuk memperoleh konfigurasi terbaik. Selanjutnya, kedua model 

digabungkan menggunakan metode ensemble weighted soft-voting dengan 

pencarian bobot dan ambang keputusan optimal pada setiap aspek. Evaluasi 

dilakukan menggunakan metrik Macro-F1, Micro-F1, dan Area Under the Curve 

(AUC). Hasil penelitian menunjukkan bahwa pendekatan ensemble mampu 

meningkatkan performa dibandingkan model tunggal. Pada tugas deteksi aspek, 

model ensemble menghasilkan nilai Macro-F1 keseluruhan yang lebih baik 

dibandingkan Logistic Regression maupun IndoBERT. Pada tugas klasifikasi 

sentimen per aspek, pendekatan ensemble juga menunjukkan kinerja yang lebih 

stabil dengan performa tertinggi pada aspek hasil pertandingan. Secara keseluruhan, 

kombinasi kedua model memberikan kontribusi dalam meningkatkan stabilitas dan 

akurasi prediksi pada analisis sentimen multi-aspek. 

 

Kata kunci: analisis sentimen, multi-aspek, ensemble, Logistic Regression, 

IndoBERT, Twitter. 
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ABSTRACT 

 

The rapid growth of social media enables the public to freely express their 

opinions on various issues, including discussions about the Indonesian National 

Football Team. Tweets posted on Twitter often contain multiple aspects 

simultaneously, such as coaching strategy, player performance, match results, and 

general opinions. Therefore, aspect-based sentiment analysis is required to better 

understand public sentiment in a more detailed manner. This study aims to 

implement an ensemble weighted soft-voting method that combines Logistic 

Regression and IndoBERT models for multi-label aspect detection and aspect-

based sentiment classification on Indonesian-language tweets related to the 

Indonesian National Team during the Patrick Kluivert coaching era. The research 

process consists of tweet data collection, text preprocessing, model development 

using TF-IDF-based Logistic Regression and IndoBERT, and model evaluation. 

Each model undergoes hyperparameter tuning and threshold tuning to obtain 

optimal configurations. The predictions from both models are then combined using 

an ensemble weighted soft-voting approach by determining the optimal weights and 

decision thresholds for each aspect. Model performance is evaluated using Macro-

F1, Micro-F1, and Area Under the Curve (AUC) metrics. The results show that the 

ensemble approach improves performance compared to individual models. In the 

aspect detection task, the ensemble produce better overall Macro-F1 values than 

both Logistic Regression and IndoBERT. In the aspect-based sentiment 

classification task, the ensemble approach also demonstrates more stable 

performance, with the highest results observed in the match result aspect. Overall, 

combining the two models contributes to improved prediction stability and 

accuracy in multi-aspect sentiment analysis. 

 

Keywords: sentiment analysis, aspect-based sentiment analysis, ensemble, 

Logistic Regression, IndoBERT, Twitter. 


