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ABSTRACT 

 

Sentiment analysis in Bahasa Melayu leverages Natural Language Processing (NLP) to 

interpret opinions and emotional tone expressed in Malay texts. This research investigates 

the application of transformer-based deep learning models—Bidirectional Encoder 

Representations from Transformers (BERT), DistilBERT, BERT-multilingual, ALBERT, and 

BERT-CNN—for sentiment classification into positive, negative, and neutral categories. The 

study addresses challenges in Bahasa Melayu sentiment analysis, including limited 

annotated resources, linguistic nuances, and common mixed-language usage on platforms 

like social media.To train and evaluate the models, a large-scale Malay dataset (Malaya 

dataset) was used. Pretrained models from HuggingFace were fine-tuned using 10-fold 

cross-validation to improve generalization. Optimization methods such as data 

augmentation were also implemented. The evaluation considered not just accuracy but also 

precision, recall, F1 score, and computational efficiency. Among the models, BERT-CNN 

achieved the best performance, with 96.30% accuracy and consistently high scores across 

all sentiment classes. BERT also performed well, especially for neutral sentiment, reaching 

89.5% accuracy but showed slightly lower recall in the positive class. DistilBERT offered 

competitive performance (88.96% accuracy) while being faster and more lightweight, 

making it suitable for deployment in resource-limited environments. BERT-multilingual 

showed balanced results with a peak accuracy of 89.84%, and ALBERT, despite having 

fewer parameters, reached 88.76% accuracy but underperformed in positive sentiment 

recall. The results demonstrate that transformer-based models outperform traditional 

machine learning and lexicon-based approaches, particularly in handling informal, mixed-

language Malay text. The proposed models can support real-world applications such as 

analyzing consumer sentiment, public opinion, or social response to policies. This study 

contributes to advancing sentiment analysis for low-resource languages by offering 

comparative insights and effective model configurations, setting a solid foundation for 

further research and practical deployment. 
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PENGELASAN ANALISIS SENTIMENT BERASASKAN TRANSFORMER DALAM 

PEMPROSESAN SEMULA JADI UNTUK BAHASA MELAYU 

ABSTRAK 

 

Analisis sentimen dalam Bahasa Melayu memanfaatkan Pemprosesan Bahasa Asli (NLP) 

untuk mentafsir pendapat dan nada emosi yang dinyatakan dalam teks Melayu. Penyelidikan 

ini menyiasat aplikasi model pembelajaran mendalam berasaskan transformer—Perwakilan 

Pengekod Dwi Arah daripada Transformers (BERT), DistilBERT, BERT-berbilang bahasa, 

ALBERT dan BERT-CNN—untuk klasifikasi sentimen kepada kategori positif, negatif dan 

neutral. Kajian ini menangani cabaran dalam analisis sentimen Bahasa Melayu, termasuk 

sumber beranotasi terhad, nuansa linguistik dan penggunaan bahasa campuran biasa pada 

platform seperti media sosial. Untuk melatih dan menilai model, set data Melayu berskala 

besar (dataset Malaya) telah digunakan. Model pra-latihan daripada HuggingFace telah 

diperhalusi menggunakan pengesahan silang 10 kali ganda untuk meningkatkan 

generalisasi. Kaedah pengoptimuman seperti penambahan data juga dilaksanakan. 

Penilaian itu bukan sahaja mempertimbangkan ketepatan tetapi juga ketepatan, ingatan 

semula, skor F1, dan kecekapan pengiraan. Antara model, BERT-CNN mencapai prestasi 

terbaik, dengan ketepatan 96.30% dan skor tinggi secara konsisten merentas semua kelas 

sentimen. BERT juga menunjukkan prestasi yang baik, terutamanya untuk sentimen neutral, 

mencapai ketepatan 89.5% tetapi menunjukkan ingatan lebih rendah sedikit dalam kelas 

positif. DistilBERT menawarkan prestasi kompetitif (88.96% ketepatan) sambil lebih pantas 

dan lebih ringan, menjadikannya sesuai untuk digunakan dalam persekitaran terhad 

sumber. BERT-berbilang bahasa menunjukkan hasil yang seimbang dengan ketepatan 

puncak 89.84%, dan ALBERT, walaupun mempunyai parameter yang lebih sedikit, 

mencapai ketepatan 88.76% tetapi kurang berprestasi dalam ingatan sentimen positif. 

Keputusan menunjukkan bahawa model berasaskan pengubah mengatasi pembelajaran 

mesin tradisional dan pendekatan berasaskan leksikon, terutamanya dalam mengendalikan 

teks bahasa Melayu tidak formal dan bercampur. Model yang dicadangkan boleh 

menyokong aplikasi dunia nyata seperti menganalisis sentimen pengguna, pendapat umum 

atau tindak balas sosial terhadap dasar. Kajian ini menyumbang kepada memajukan 

analisis sentimen untuk bahasa sumber rendah dengan menawarkan cerapan perbandingan 

dan konfigurasi model yang berkesan, menetapkan asas yang kukuh untuk penyelidikan 

lanjut dan penggunaan praktikal.  
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

Sentiment analysis is the process of determining the opinion or emotional tone of a 

given text and involves the use of Natural Language Processing (NLP). Natural language 

processing (NLP) focuses on techniques which enable computers to understand, interpret 

and generate human language.  In addition to identifying particular feelings and viewpoints 

expressed in the text, this can also involve assessing the general sentiment of the text—

whether it be positive, negative, or neutral. NLP also makes it possible to intepret words, 

such as sentiments.  

Applications for sentiment analysis are numerous and include evaluating consumer 

reviews, identifying the tone of news articles, and reviewing the tone of social media posts.  

For instance, an organization may employ sentiment analysis to automatically categorize 

customer reviews as neutral, negative, or positive in order to instantly effectively determine 

the general perspective of its customers. Another example of sentiment analysis is detecting 

the sentiment of social media posts about a particular topic or brand. This can be useful for 

businesses, as it can help them understand how people are feeling about their products or 

services, and identify areas for improvement. 




