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ABSTRAK

Konten kesehatan berbahasa Indonesia pada platform X (Twitter) berkembang
sangat cepat dan memuat berbagai informasi serta pengalaman masyarakat terkait
penyakit, sehingga diperlukan sistem yang mampu melakukan klasifikasi konten
kesehatan secara otomatis dan akurat. Penelitian ini bertujuan untuk
mengoptimalkan akurasi klasifikasi konten kesehatan berbasis penyakit dengan
memanfaatkan IndoBERT embedding sebagai representasi semantik teks serta
membandingkan performa algoritma XGBoost dan Light Gradient Boosting
Machine (LightGBM) sebagai model klasifikasi. Data penelitian diperoleh melalui
proses data scraping dari platform X dengan fokus pada tiga kategori penyakit, yaitu
jantung, hipertensi, dan diabetes, kemudian dilakukan prapemrosesan teks dan
pembentukan embedding IndoBERT. Selanjutnya, embedding digunakan sebagali
masukan untuk pelatihan model XGBoost dan LightGBM, dengan evaluasi kinerja
menggunakan metrik accuracy, precision macro, recall macro, dan F1-score macro
melalui pendekatan K-Fold Cross Validation. Hasil penelitian menunjukkan bahwa
kombinasi IndoBERT + LightGBM menghasilkan performa terbaik dengan nilai
accuracy sebesar 85,26%, precision macro 85,29%, recall macro 85,26%, dan F1-
score macro 85,27%, lebih tinggi dibandingkan kombinasi IndoBERT + XGBoost
yang memperoleh akurasi 83,25%. Penelitian ini diharapkan dapat memberikan
kontribusi dalam pengembangan sistem Klasifikasi konten kesehatan digital
berbahasa Indonesia yang lebih- akurat dan kontekstual, serta mendukung
peningkatan literasi kesehatan digital di Indonesia.

Kata Kunci: IndoBERT "Embedding, XGBoost, LightGBM, Klasifikasi Teks,
Konten Kesehatan



ABSTRACT

Indonesian-language health content on the X (Twitter) platform is growing rapidly
and contains various types of information and public experiences related to
diseases, creating the need for a system capable of automatically and accurately
classifying health content. This study aims to optimize the accuracy of disease-
based health content classification by utilizing INndoBERT embeddings as semantic
text representations and by comparing the performance of the XGBoost and Light
Gradient Boosting Machine (LightGBM) algorithms as classification models. The
research data were obtained through a data scraping process from the X platform,
focusing on three disease categories, namely heart disease, hypertension, and
diabetes, followed by text preprocessing and the generation of IndoBERT
embeddings. The embeddings were then used as input for training the XGBoost and
LightGBM maodels, with performance evaluation conducted using accuracy, macro
precision, macro recall, and macro F1-score metrics through a K-Fold Cross
Validation approach. The results show that the IndoBERT + LightGBM
combination achieved the best performance, with an accuracy of 85.26%, macro
precision of 85.29%, macro recall of 85.26%, and macro F1-score of 85.27%,
outperforming the INdoBERT + XGBoost combination, which achieved an accuracy
of 83.25%. This study is expected to contribute to the development of more accurate
and context-aware Indonesian-language digital health content classification
systems and to support the improvement of digital health literacy in Indonesia.

Keywords: IndoBERT Embedding, XGBoost, LightGBM, Text Classification,
Health Content
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