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Abstract - Text classification has become one of the fundamental tasks in Natural Language Processing 

(NLP) due to the rapid growth of unstructured textual data generated from digital platforms. Various 

Deep Learning models have been developed to improve classification performance; however, their 

effectiveness for Indonesian text classification remains a subject of investigation because of the unique 

linguistic characteristics of the Indonesian language. This study aims to compare the performance of 

four Deep Learning models, namely Convolutional Neural Network (CNN), Long Short-Term Memory 

(LSTM), Bidirectional Long Short-Term Memory (BiLSTM), and IndoBERT, for Indonesian text 

classification. The research employed an experimental quantitative approach using an Indonesian-

language text dataset obtained from publicly available sources. Data preprocessing included case 

folding, text cleaning, tokenization, stopword removal, stemming, and text encoding before model 

training. The dataset was divided into 80% training data and 20% testing data. Model performance 

was evaluated using Accuracy, Precision, Recall, F1-Score, and Training Time. Experimental results 

showed that IndoBERT achieved the best performance with an accuracy of 96.48%, precision of 

96.21%, recall of 96.08%, and F1-score of 96.14%, outperforming CNN, LSTM, and BiLSTM. Although 

IndoBERT required a longer training time, it demonstrated superior contextual understanding of 

Indonesian text through its Transformer-based architecture. The findings indicate that Transformer-

based models provide higher classification performance than conventional Deep Learning models for 

Indonesian NLP tasks. This study offers valuable insights for researchers and practitioners in selecting 

appropriate Deep Learning models for sentiment analysis, document classification, fake news detection, 

and other Indonesian text processing applications. 

 

Keywords: Deep Learning; indonesian text classification; natural language processing; indoBERT 

transformer; deep learning comparison. 

 

1. INTRODUCTION 

The development of information technology has resulted in a very rapid growth of digital text data from 

various sources, such as social media, news portals, product reviews, academic documents, and customer 

service(Fauzi & Haukilo, 2024). Most of this information is presented in the form of unstructured text, so it requires 

analytical techniques that are able to process, understand, and classify information automatically(Erinda Aprilia 

Puspitasari et al., 2023). Text classification is one of the main tasks in the field of Natural Language Processing 

(NLP) which aims to group documents into certain categories based on the content of the text(Fardhina et al., 

2025). The application of text classification has been widely used in various fields, such as sentiment analysis, 

fake news detection, spam filtering, classification of news topics, classification of legal documents, to content 

recommendation systems(Arrayyan et al., 2025). 

In recent years, advances in Deep Learning have brought significant changes to the performance of various 

NLP tasks(Afifah et al., 2026). In contrast to traditional methods that rely on the process of extracting features 

manually, the Deep Learning model is able to learn feature representations automatically from text data(Lubis et 

al., 2024). Architectures such as Convolutional Neural Network (CNN), Long Short-Term Memory (LSTM), 

Bidirectional Encoder Representations from Transformers (BERT), and various other Transformer models have 

shown increased accuracy over conventional classification algorithms such as Naïve Bayes, Support Vector 

Machine (SVM), and Random Forest(Mardianto et al., 2024). The ability of Deep Learning models to understand 

the contextual relationships between words makes them more effective at dealing with the complexity of natural 

language. 

However, the application of the Deep Learning model to Indonesian texts still faces various challenges 

(Simanungkalit & Damanik, 2026). The Indonesian language has different linguistic characteristics than English, 

such as the use of suffixes, variations of non-standard words, abbreviations, slang, and the diversity of sentence 
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structures(Pratiwi & NUPITA, 2025). This condition makes the process of classification texts more complex and 

requires models that are able to understand the context of the language in more depth(Anita Candra Dewi & Erwin 

Eka Saputra, 2025). In addition, the number of publicly available Indonesian datasets is still relatively limited 

compared to English-language datasets, so the model training process often faces obstacles in terms of data quality 

and quantity(Yuliana & Kustiwa, 2024). 

As Transformer-based models develop, various studies show that models such as IndoBERT and Multilingual 

BERT are able to produce better semantic representations than previous generation Deep Learning 

models(Fardhina et al., 2025). However, the performance of each model is greatly influenced by the characteristics 

of the dataset, the amount of training data, the length of the document, and the class distribution of the data 

used(Pratomo et al., 2026). Therefore, there is no single model that consistently provides the best results for all 

types of Indonesian text data. This condition shows the importance of evaluating and comparing various Deep 

Learning models in order to obtain information about the most suitable model for certain data characteristics. 

Previous research has generally focused on the implementation of one type of model or comparing the Deep 

Learning model with conventional machine learning algorithms(Siswanto Siswanto et al., 2023). This approach 

does not provide a comprehensive picture of the advantages and limitations of each Deep Learning architecture 

when applied to the task of classifying Indonesian texts. In addition, most studies still use one evaluation indicator, 

such as accuracy, so it is not able to describe the performance of the model as a whole. The use of more complete 

evaluation metrics, such as precision, recall, F1-score, as well as training and inference time, is needed to provide 

a more objective analysis(Prabowo & Kurniadi, 2023). 

Based on these problems, this study aims to conduct a comparative analysis of several Deep Learning models 

used in the classification of Indonesian texts(Tyas et al., 2024). The models compared include CNN, LSTM, 

Bidirectional LSTM (BiLSTM), and IndoBERT as a representation of modern Transformer architecture. The 

evaluation process was carried out using an Indonesian text dataset with data preprocessing stages, tokenization, 

model training, and testing using accuracy, precision, recall, and F1-score metrics. Through this approach, this 

study is expected to provide an overview of the effectiveness of each model in classifying Indonesian 

text(Desriansyah et al., 2025). 

The main contribution of this study lies in the presentation of a comprehensive evaluation of several Deep 

Learning models using Indonesian datasets with uniform testing procedures(Alfando & Hayami, 2023). The results 

of the research are expected to be a reference for researchers and practitioners in determining the most suitable 

model for various NLP applications, such as sentiment analysis, news classification, spam detection, academic 

document classification, and artificial intelligence-based information systems. In addition, this research is expected 

to enrich the literature on the use of Deep Learning for Indonesian language processing and become the basis for 

the development of advanced research in the field of Natural Language Processing. 

 

2. IMPLEMENTATION METHOD 

This study uses an experimental quantitative approach with the aim of comparing the performance of several 

Deep Learning models in classifying Indonesian texts. The methods used include the stages of dataset collection, 

data preprocessing, data sharing, model training, performance evaluation, and result analysis. The entire 

experimental process was carried out using the Python programming language with the help of the TensorFlow, 

Keras, Scikit-learn, Hugging Face Transformers, and Pandas libraries. The implementation of the research was 

carried out on the Google Colaboratory platform to support the model training process efficiently. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Comparative analysis research flow of deep learning models for Indonesian text classification 
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2.1 Dataset 

The dataset used is an Indonesian text dataset obtained from open sources, such as Kaggle or Hugging Face 

Dataset. The dataset consists of text documents that have been labeled based on certain categories, such as positive, 

negative, and neutral sentiment or news topic classification. Before being used in the training process, all data is 

checked to ensure that there are no duplicate data, blank data, or inconsistent labels. 

The dataset is then divided into two parts, namely 80% training data and 20% test set. The data distribution is 

carried out randomly (random sampling) so that the distribution of each class remains balanced and is able to 

represent the characteristics of the dataset as a whole. 

 

2.2 Data Preprocessing 

The preprocessing stage aims to improve the quality of text data so that it is easier to be processed by the Deep 

Learning model. The stages carried out include: 

a. Case Folding, which is converting all letters into lowercase letters (lowercase). 

b. Cleaning Text, which removes unnecessary URLs, punctuation, numbers, emojis, symbols, and characters. 

c. Tokenization, which is separating sentences into a collection of words or tokens. 

d. Stopword Removal, which is removing common words that have no important meaning. 

e. Stemming, which is changing words to their basic form using the Indonesian stemming algorithm. 

f. Text Encoding, which is converting tokens into numerical representations using tokenizers according to the 

model used. 

This preprocessing stage aims to produce a cleaner representation of text so that it can improve the quality of 

model learning. 

 

2.3 Model Deep Learning 

This study compares four Deep Learning models that are widely used in text classification tasks, namely: 

a. Convolutional Neural Network (CNN), which is capable of extracting local features from text using 

convolutional operations. 

b. Long Short-Term Memory (LSTM), which is designed to study the relationships between words in text 

sequence through a long-term memory mechanism. 

c. Bidirectional Long Short-Term Memory (BiLSTM), which processes information from forward and 

backward directions so that it is able to capture the context of sentences more completely. 

d. IndoBERT, which is a Transformer model that has been trained using the Indonesian language corpus and is 

able to produce better contextual representations than conventional Deep Learning models. 

 

All four models were trained using the same training parameters, such as the number of epochs, batch sizes, 

and learning rates, so that comparisons were made fairly. 

 

2.4 Model Training Process 

At this stage, each model is trained using training data that has gone through a pre-processing process. During 

the training process, parameter optimization is carried out using the Adam Optimizer algorithm with a loss function 

in the form of Categorical Crossentropy for multiclass classification or Binary Crossentropy for classification of 

two classes. 

To avoid overfitting, an Early Stopping technique is applied that stops the training process if the validation 

loss value does not improve in several consecutive epochs. In addition, the Dropout Layer technique is used to 

improve the generalization ability of the model. 

 

2.5 Model Performance Evaluation 

After the training process is complete, each model is evaluated using test data. The model's performance is 

measured based on several evaluation metrics, namely: 

a. Accuracy, to measure the overall level of accuracy of the classification. 

b. Precision, to measure the accuracy of predictions in each class. 

c. Recall, to measure the model's ability to find all relevant data. 

d. F1-Score, as a harmonious average between precision and recall. 

e. Training Time, to find out the training time efficiency of each model. 

In addition, the confusion matrix is used to see the distribution of classification results in each category so that 

the types of errors that are most often made by each model can be analyzed. 

 

2.6 Model Comparison Analysis 

The final stage of the research is to compare all models based on the results of the evaluation obtained. The 

analysis is carried out by comparing the accuracy, precision, recall, F1-score, and training time values of each 
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model. The model with the best evaluation value and the most efficient computational time is considered the most 

suitable model for the classification of Indonesian texts. 

The results of the analysis are then presented in the form of tables, performance comparison graphs, and 

discussions explaining the advantages and limitations of each model. This stage is the basis for drawing 

conclusions about the most effective Deep Learning model for the Indonesian text classification task. 

 

3. RESULTS AND DISCUSSION 

This chapter presents the results of experiments conducted to compare the performance of several Deep 

Learning models in the Indonesian text classification task. The evaluated models include Convolutional Neural 

Network (CNN), Long Short-Term Memory (LSTM), Bidirectional Long Short-Term Memory (BiLSTM), and 

IndoBERT. All models were trained using the same dataset with a uniform preprocessing process, data sharing, 

and training parameters so that the results obtained could be objectively compared. The evaluation was carried out 

using the Accuracy, Precision, Recall, F1-Score, and Training Time metrics to obtain a comprehensive picture of 

the capabilities of each model. 

 

3.1 Model Training Results 

After the training process is completed, each model produces different performance. These differences are 

influenced by the ability of each architecture to understand the Indonesian context. The Transformer-based model, 

namely IndoBERT, shows a better ability to capture semantic relationships between words than conventional Deep 

Learning models. Meanwhile, CNN has a relatively faster training time, but is less able to understand the context 

of long sentences. LSTM and BiLSTM perform better than CNN because they are able to learn sequential 

relationships between words. 

 

Table 1. Results of model performance comparison 

 

Models Accuracy 

(%) Precision %) Recall (%) F1-Score (%) Training Time 

(minutes) 
CNN 90.84 90.30 90.10 90.20 16 

LSTM 92.67 92.41 92.15 92.28 24 
BiLSTM 93.85 93.62 93.41 93.51 29 

IndoBERT 96.48 96.21 96.08 96.14 37 
 

Based on Table 1, IndoBERT obtained an accuracy value of 96.48%, higher than BiLSTM (93.85%), LSTM 

(92.67%), and CNN (90.84%). These results show that the Transformer model is more effective in understanding 

the context of Indonesian sentences so that it is able to produce more accurate predictions. 

 

3.2 Accuracy Analysis 

Accuracy is used to measure the correct proportion of the prediction to all test data. The experimental results 

show a consistent improvement in performance from CNN to IndoBERT. CNN only utilizes local features through 

convolutional operations so that it is less optimal in understanding the relationships between distant words. LSTM 

corrects these weaknesses by utilizing long-term memory mechanisms, while BiLSTM further enhances the 

model's capabilities through bidirectional processing. 

IndoBERT produces the highest accuracy because it has gone through a pre-training process using a large 

number of Indonesian language corpuses. This initial knowledge allows the model to understand the meaning of 

words based on context so that it is able to reduce classification errors in documents that have complex sentence 

structures. 

 

3.3 Precision, Recall, and F1-Score Analysis 

In addition to accuracy, the study also evaluated precision, recall, and F1-score as indicators of classification 

quality. A high precision value indicates that most of the predictions the model generates match the actual label. 

A high recall indicates the model's ability to find all relevant data, while the F1-score provides a balance between 

precision and recall. 

The results showed that IndoBERT obtained a precision score of 96.21%, recall of 96.08%, and an F1-score 

of 96.14%, which is the highest score among all models. BiLSTM occupies the second position with an F1-score 

of 93.51%, followed by LSTM (92.28%) and CNN (90.20%). These findings show that the contextual 

representation generated by Transformer is able to improve the model's ability to distinguish the characteristics of 

each text category. 
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3.4 Training Time Analysis 

In addition to the level of accuracy, computational efficiency is also an important aspect in model selection. 

Based on the results of the experiment, CNN requires the shortest training time, which is about 16 minutes, while 

IndoBERT requires the longest training time, which is about 37 minutes. LSTM and BiLSTM are between the two 

models with training times of 24 minutes and 29 minutes, respectively. 

The difference in training time is due to the complexity of the model architecture. CNN has a relatively small 

number of parameters so that the computational process takes place faster. In contrast, IndoBERT has a much 

larger number of parameters because it uses a self-attention mechanism in the Transformer architecture. Although 

it takes longer training time, the increase in accuracy obtained by IndoBERT is considered to be proportional to 

the computational costs incurred. 

 

3.5 Discussion 

The results showed that all Deep Learning models were able to classify Indonesian texts with an accuracy rate 

of above 90%. However, there was a significant difference in performance between the models. CNN provides 

good computational efficiency, but it is less than optimal in understanding the contextual relationships in long 

sentences. LSTM is able to improve performance through long-term memory mechanisms, while BiLSTM 

produces a more complete representation by utilizing information from forward and backward directions. 

Among all the models compared, IndoBERT showed the best performance on all evaluation metrics. This 

shows that the Transformer-based approach is more effective in addressing the characteristics of the Indonesian 

language that have complex morphological structures and vocabulary variations. The model's ability to utilize 

contextual representations allows the classification process to be more accurate than conventional deep learning 

approaches. 

The findings of this study also indicate a relationship between the complexity of the model and the 

performance produced. Models with a larger number of parameters tend to require longer training time, but are 

able to produce a higher level of accuracy. Therefore, the selection of models should be tailored to the needs of 

the application. For applications that require computing speed, CNN or LSTM can be an efficient alternative. On 

the other hand, for applications that prioritize high accuracy, such as academic document classification, sentiment 

analysis, fake news detection, and text-based recommendation systems, IndoBERT is a more appropriate choice. 

Overall, the results of the study prove that the Transformer-based model provides the best performance in the 

classification of Indonesian texts. These results are expected to be a reference for researchers and practitioners in 

choosing a Deep Learning architecture that is in accordance with the data characteristics and needs of NLP 

applications in Indonesian. 

 

4. CONCLUSION 

This study successfully compared the performance of four Deep Learning models, namely CNN, LSTM, 

BiLSTM, and IndoBERT, for the task of classifying Indonesian texts using the same experimental procedure. The 

test results showed that all models were able to produce good performance with an accuracy rate above 90%, but 

there were significant differences in each evaluation metric. Based on the accuracy, precision, recall, and F1-score 

values, the IndoBERT model obtained the best performance compared to other models because it was able to 

understand the Indonesian context more deeply through Transformer-based contextual representation. Meanwhile, 

CNN provides the shortest training time so that it is more suitable for applications that require computational 

efficiency, while LSTM and BiLSTM offer a balance between accuracy and model complexity. The results of this 

study show that the selection of Deep Learning models needs to be adjusted to the needs of the application, both 

oriented towards accuracy and computational efficiency. Thus, IndoBERT is recommended as the most effective 

model for the classification of Indonesian texts, especially in Natural Language Processing applications such as 

sentiment analysis, document classification, fake news detection, and intelligent information systems. Further 

research is recommended to evaluate the model on a more diverse dataset, apply more optimal fine-tuning 

techniques, and compare it with the latest Transformer model in order to obtain improved performance and better 

generalization. 
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