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Abstract 

This study examines sentiment analysis of traditional Indonesian songs using a fine-tuned 

IndoBERT model, which has been enhanced through the incorporation of contextual and 

textual data augmentation. The dataset consists of user comments related to classic 

Indonesian songs, categorized into positive, negative, and neutral sentiments. Two 

augmentation strategies were applied: textual augmentation using text generation techniques 

and contextual augmentation leveraging semantic similarity. Evaluation was conducted using 

accuracy, precision, recall, and F1-score metrics. Results show that the model trained on the 

original dataset achieved balanced and stable performance (accuracy: 0.86). Textual 

augmentation, despite generating high data variation, reduced model accuracy (0.63) and 

introduced a bias toward negative sentiment. In contrast, contextual augmentation-

maintained performance stability and even slightly improved precision (0.87). These findings 

indicate that contextual augmentation is more effective for enriching sentiment datasets 

without compromising model performance. The findings highlight the effectiveness of 

integrating pre-trained language models and data augmentation strategies for sentiment 

analysis in low-resource. 

Keywords: IndoBERT, Sentiment Analysis, Old Indonesian Songs, Contextual 

Augmentation, Textual Augmentation. 

 

 

1 Introduction 

Sentiment analysis is a widely applied natural language processing (NLP) 

technique that seeks to identify and classify emotional tones expressed in text[1], [2]. In 

recent years, the increasing availability of user-generated content, such as comments on 

music platforms and social media, has opened new opportunities to analyze public 

perception toward songs, including those from past decades[3], [4]. Old Indonesian songs, 
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such as "Tuhan yang Aneh – Apa Elo Tega", often carry deep emotional narratives and 

have regained popularity in online spaces. However, the informal, poetic, and sometimes 

metaphorical nature of song-related commentary poses challenges for traditional 

sentiment analysis methods. The criteria for what we consider “old Indonesian songs” 

were implicitly based on temporal and stylistic attributes, but we acknowledge that this 

was not explicitly stated in the background section. In our study, old Indonesian songs 

are defined as songs that were released before the 1990s and are recognized as part of the 

classic or nostalgic repertoire of Indonesian music, typically characterized by lyrical 

richness, poetic language, and traditional musical arrangements. These songs are often 

still referenced in modern media and evoke a certain cultural sentiment tied to past eras. 

In future revisions, we will clarify this definition in the introduction to provide better 

contextual grounding. 

Pretrained language models like IndoBERT, developed specifically for the 

Indonesian language, have shown great promise in capturing the linguistic nuances 

required for high-quality text classification[5], [6]. Yet, the performance of such models 

depends heavily on the diversity and richness of training data. To address this, data 

augmentation techniques can be employed to enhance model generalization [7], [8]. This 

study explores two augmentation strategies—textual augmentation using synonym and 

paraphrase generation, and contextual augmentation leveraging semantic embeddings—

to fine-tune IndoBERT for sentiment analysis tasks related to "Tuhan yang Aneh – Apa 

Elo Tega". 

Despite the growing interest in analyzing public sentiment toward music, especially 

emotionally intense or controversial songs like "Tuhan yang Aneh – Apa Elo Tega", 

sentiment analysis in the Indonesian language remains underexplored. Most existing 

models are trained on general-purpose datasets and often fail to capture the informal, 

figurative, or context-dependent expressions commonly found in song-related 

commentary. These limitations reduce model accuracy and can lead to biased or 

misleading sentiment predictions. 

This is an important point, and we appreciate the critique. The reason for focusing 

on a single song in the experimental stage was to create a controlled case study to assess 

the effectiveness of IndoBERT when fine-tuned with contextual and generative data 
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augmentation methods. While the title implies a broader scope, we acknowledge that the 

data was limited to one song due to constraints in labeled sentiment datasets for old 

Indonesian lyrics. We do not claim that one song can fully represent all old Indonesian 

songs, but rather that this study serves as a proof of concept. Future work will expand to 

include a larger and more diverse corpus of old Indonesian songs to validate the 

generalizability of the findings. We will revise the title and discussion to reflect this scope 

limitation better. 

Furthermore, high-quality annotated datasets for Indonesian sentiment analysis, 

particularly in the context of music and culture, are limited in both size and variety[9]. 

This scarcity of training data can limit the ability of even powerful models, such as 

IndoBERT, to generalize across diverse expressions and sentiment patterns. While data 

augmentation techniques offer a potential solution, not all augmentation methods are 

equally effective[10], [11]. Textual augmentation using random synonym replacement or 

text generation may introduce noise or distort sentiment polarity, while contextual 

augmentation strategies remain underutilized in Indonesian-language NLP tasks [12], 

[13]. 

The goal of this research is to evaluate the effectiveness of contextual and textual 

data augmentation in improving sentiment classification performance, while also 

understanding how public sentiment toward emotionally charged old songs is represented 

online. The findings are expected to contribute to better sentiment analysis practices in 

the domain of cultural and musical content, particularly in low-resource language settings 

like Bahasa Indonesia. 

2 Material and Methods 

The stages of this research include data collection, pre-processing, data sharing, 

IndoBERT Modeling, Fine-Tuning using Contextual and Textual Augmentation, and 

model evaluation as shown in Fig. 1. 
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Figure 1. Research Framework 

 

Data Collection 

Comment data is gathered from the YouTube video for the song "Tuhan yang Aneh 

– Apa Elo Tega. " This data consists of public comments extracted via web scraping 

and saved in CSV format. These comments represent users' genuine thoughts and 

are divided into three categories: positive, negative, and neutral [8], [14], 

[15]. Alongside the original dataset, this project incorporates additional data 

to enhance and balance the collection. The comments considered for this project 

are sourced from the YouTube video titled "Tuhan Yang Aneh - Apa Elo Tega (Old Song 

2012)," which was re-uploaded by the Pepstun YouTube channel. The video has a total 

of 13,509 comments, of which 4,683 were successfully gathered, excluding replies to 

individual comments. 

 

Preprocessing 

After the data scraping process, data cleaning is carried out. These steps include: 

Removing links, usernames starting with the symbol “@” (@username) or hashtags, and 

numeric characters[16], [17]. In addition, symbols and unnecessary punctuation are also 
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removed to produce cleaner data that is ready to be labeled. Next comes the stage of 

labeling, in which remarks are sorted by hand or partially automatically into sentiment 

groups (positive, negative, neutral) [3], [18], [19]. Following that is the phase of data 

enhancement, which involves two forms of augmentation: textual augmentation that 

includes synonyms or paraphrases, and contextual augmentation utilizing embedding 

methods to preserve the underlying meaning. 

 

Data Split 

The data is divided into 70% training data to train the model, and 30% test data to 

measure the performance of the model [20], [21], [22], and the model is trained with 3 

epochs. 

 

IndoBERT using Contextual and Textual Augmentation 

The model used is indobenchmark/indobert-large-p1, which is a large version of 

Indobert provided by IndoNLU and accessed through the Hugging Face Transformers 

Library[11]. Model training is carried out using a fine-tuning approach, namely retraining 

the pre-trained IndoBERT model on the YouTube comment dataset that has gone through 

the preprocessing and labeling process. The fine-tuning process is carried out separately 

for three data scenarios, namely: 

1. Original data (without augmentation), 

2. Data with Text Generating augmentation, 

3. Data with Contextual Augmentation augmentation. 

Each scenario uses 70% of the total dataset for training data, and the model is trained 

with 3 epochs. This training uses the Google Colab Platform which uses the Tesla T4 

GPU. 

3 Results and Discussions 

IndoBERT's effectiveness was evaluated across three different dataset scenarios: 

the original data (without any modifications), data enhanced with text generation, and 

data that has been supplemented with contextual augmentation. The evaluation criteria 

include accuracy, precision, recall, and f1-score, with a confusion matrix providing a 
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breakdown of predictions for each category. The model excels in identifying the positive 

category (TP: 2039), with only 102 and 24 instances misidentified as neutral and negative, 

respectively. In terms of the neutral category, the model still performs well (TP: 1603), 

although it misclassifies 367 instances as positive, suggesting an inclination to 

overestimate positive sentiments. Regarding the negative category, the model 

demonstrates strong performance with TP: 382, and only a small number are incorrectly 

categorized as positive or neutral.  

The model performs best in identifying positive sentiment, with high accuracy and 

relatively few misclassifications. It is also fairly accurate with neutral sentiment, though 

it often confuses it with positive, as shown in Fig. 2. The negative class has the lowest 

count and highest misclassification rate, suggesting the model struggles more with 

identifying negative sentiment correctly. The color intensity in the heatmap helps visually 

represent the number of occurrences, with darker shades indicating higher values. 

The model shows stable and balanced performance without augmentation. The 

results are evenly distributed across the three classes, with a slight tendency towards the 

positive class, as shown in Fig. 3. 

 

 

Figure 2. Confusion matrix contextual dataset 
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Figure 3. Confusion matrix text generating  

 

Fig. 3 shows that the positive class is still classified dominantly (TP: 1811), but 

there is a spike in errors to negative by 302 comments that should be positive. The neutral 

class is significantly confused, with only 707 correct (TP), while 1122 are misclassified 

as negative. This shows the weakness of the model in recognizing neutrality when the 

data comes from text-generating augmentation. The negative class remains strong with 

TP: 427, showing the model's resilience to negative comments even after augmentation. 

Although the precision and F1-score values are high, the accuracy drops drastically. This 

indicates that text-generating augmentation increases the variation of the data but makes 

it difficult for the model to accurately distinguish neutral and negative comments. 

The prediction distribution shown in Fig. 4 closely resembles the initial dataset. The 

model effectively identifies positive remarks, achieving 2039 true positives, while only 

misclassifying 103 as neutral and 23 as negative. Regarding neutral remarks, there is an 

enhancement in performance when compared to text generation. The misclassification 

numbers are lower, with 361 mistakenly labeled as positive and 83 as negative, resulting 

in 1620 true positives. The negative category is also fairly well-balanced, with 378 true 

positives, suggesting that contextual enrichment does not negatively impact the model's 

efficiency. 
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Figure 4. Confusion matrix text contextual 

 

Assessment of model effectiveness following fine-tuning is presented in Table 1, 

which utilizes accuracy, precision, recall, and F1-score metrics, along with an evaluation 

of the confusion matrix across the three dataset scenarios. It can be inferred that the 

dataset enhanced with contextual augmentation yields the highest and most even 

performance. 

Although the original dataset (without any enhancements) demonstrated strong 

results (both accuracy and F1-score of 0.86), this method faces constraints due 

to the limited quantity and diversity of the initial data. Conversely, contextual 

augmentation effectively enhanced the dataset without compromising the stability of the 

model, yielding evaluation outcomes that matched those of the original dataset 

(accuracy: 0.86, F1-score: 0.86), while maintaining a balanced classification 

 

Table 1. Performance comparison table with augmentation 

Dataset Accuray Precission Recal 
F1-

Score 
Description 

Initial 

Dataset 
0.86 0.86 0.86 0.86 

Stable, no augmentation, 

balanced prediction 

Text 

Generating  
0.63 0.84 0.83 0.85 

High variation but lower 

accuracy, biased to negative 

Text 

Contextual  
0.86 0.87 0.86 0.86 

Variation maintained, 

performance remains stable 
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across sentiment categories. 

           In contrast, augmentation through text generation achieved a relatively high F1-

score (0.85), but accuracy dropped significantly to 0. 63. This suggests that the 

model struggles to differentiate between neutral and negative feedback, a challenge 

that is evident in the confusion matrix. This decline might stem 

from the generated text being less reflective of the original comments' structure and 

context. 

        Therefore, employing contextual augmentation techniques appears to be the most 

effective method for this project, as it enhances data variety without diminishing the 

quality of the model's classifications. This strategy is ideal for expanding the dataset 

while preserving both the accuracy and the generalization capabilities of the IndoBERT 

model. 

4 Conclusions 

This study proposed a sentiment analysis approach for old Indonesian songs using 

a fine-tuned IndoBERT model, incorporating both contextual and generative data 

augmentation techniques. Based on the evaluation results, the model trained with 

generative augmentation outperformed the one using contextual augmentation, achieving 

an accuracy of 87%, compared to the contextual model’s performance. This indicates that 

generative augmentation provides more diverse and effective training data, which 

enhances the model's ability to generalize and classify sentiments more accurately in this 

specific domain. For future work, the following recommendations are proposed: 

incorporate emotion classification, further improve accuracy, develop a web-based 

interactive dashboard, and apply to other social media platforms. 
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