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Abstract 

The effectiveness of suicide prevention in Indonesia is severely hindered by significant underreporting and social 

stigma, leading at-risk individuals to express their distress on social media platforms such as Twitter. However, 

detecting these signals is computationally challenging due to the informal nature of Indonesian slang and the risk of 

losing emotional context through aggressive pre-processing. This study aims to evaluate the performance of various 

deep learning and traditional models in detecting suicidal ideation while specifically analyzing the impact of syntactic 

preservation. We performed a comparative analysis using IndoBERT, Multilingual BERT (mBERT), and three 

baseline models including Logistic Regression, Support Vector Machine, and Random Forest which were evaluated 

through two distinct pre-processing strategies, namely Dataset A (fully preprocessed) and Dataset B (partially 

preprocessed). Experimental results demonstrate that IndoBERT achieved the highest performance on Dataset B with 

an accuracy of 90.6%, outperforming traditional baselines. The results indicate that omitting stopword removal and 

stemming is more effective for transformer-based architectures, as retaining original word forms helps preserve 

semantic integrity and emotional nuances required for contextual understanding. These findings highlight the 

importance of context-aware solutions to bridge the data gap in public health. By providing a robust computational 

framework that maintains linguistic integrity, this research has the potential to facilitate scalable, real-time 

interventions for supporting the identification of high-risk individuals within the Indonesian digital landscape. This 

study contributes to the development of automated mental health screening tools by demonstrating the potential of 

NLP-based methods for detecting psychological distress in low-resource, informal languages. 

 

Keywords: IndoBERT, Indonesian language, Multilingual BERT, Natural language processing, Suicidal ideation, 

Transfer learning. 
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1. INTRODUCTION 

Suicide is a critical threat to global public health, particularly among young people facing the 

increasing pressures of modern life. According to the World Health Organization (WHO), suicide was 

the fourth leading cause of death for individuals aged 15-29 years in 2019, with over 703,000 deaths 

worldwide [1]. These alarming statistics call for the urgent development of early detection mechanisms 

to provide intervention and support in time [2]. However, identifying at-risk individuals is challenging 

because suicidal behavior does not usually arise spontaneously; rather, it stems from suicidal ideation, 

defined as thoughts, desires, or plans to end one's life, ranging from a fleeting want to commit the act to 

concrete planning of methods [3, 4]. As noted by Klonsky, et al. [5], these thoughts stem from profound 

despair and intense emotional pain, often triggered by interpersonal conflicts that lower self-esteem or 

struggles that erode one's perception of their worth in life. Consequently, ideation often remains invisible 

to family and clinicians until it is too late. 

Given that ideation precedes action, detecting these signals in communication is vital. Social 

media has evolved into a primary platform for such expressions, driven by the "online disinhibition 

effect" which allows users to disclose sensitive feelings more freely than in face-to-face interactions. 

https://jutif.if.unsoed.ac.id/
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Hubers, et al. [6] highlighted that individuals who openly express suicidal thoughts face a 400% 

increased risk of attempting suicide. This correlation is further supported by Swedo, et al. [7], whose 

study on a suicide cluster case in Ohio revealed that 24.9% of individuals posting explicit plans or cries 

for help displayed confirmed suicidal tendencies. While these platforms offer a window for detection, 

they also pose a risk of "contagion." Exposure to such content may validate the feelings of a vulnerable 

person, leading to an increase in suicidal thoughts within the community [8]. 

In the specific context of Indonesia, suicide prevention is severely hindered by the scarcity of 

reliable data. Onie, et al. [9] reported a massive underreporting rate of 859.10%. This issue is 

exacerbated by the general mindset and social stigma against mental health issues. A study by Hartini, 

et al. [10] indicates that this stigma is primarily caused by a lack of public knowledge and awareness 

regarding mental health, leading to ineffective prevention methods. Because of this stigmatization in the 

physical world, many Indonesians turn to cyberspace as a safe harbor to express their distress. 

Fortunately, Indonesia’s digital landscape offers a potential solution to this data gap. As a microblogging 

platform characterized by the rapid exchange of information, Twitter allows users to share perspectives 

in real-time, creating a constantly renewed data source. Carley, et al. [11] identified Indonesia as having 

the fifth-largest Twitter user base globally, with the highest activity ratio of 1,813.53 tweets per user. 

This high volume of user-generated content provides a rich, albeit unstructured, dataset for 

psychological analysis. 

However, most existing studies on suicidal ideation detection have primarily focused on high-

resource languages like English, leaving a significant gap in the development of robust models for the 

Indonesian language [12-20]. Previous Indonesian-centric research often relies on traditional machine 

learning or basic deep learning architectures that struggle with the complexity of informal "slang" and 

the nuanced emotional syntax of Indonesian netizens. A recent effort to address this gap was conducted 

by Setiawan, et al. [21] who utilized a hybrid IndoBERT-Large and LSTM architecture to achieve a high 

accuracy of 91.41%. However, their approach relied on extensive pre-processing and formal 

normalization of colloquial text. Furthermore, there is a lack of consensus regarding the impact of text 

pre-processing in mental health contexts given that many studies automatically apply aggressive 

cleaning such as stemming and stopword removal, which potentially strips away vital emotional 

indicators and linguistic context [22]. This study addresses these gaps by not only comparing state-of-

the-art transformer models [23, 24] but also by critically evaluating the preservation of syntactic 

integrity through different pre-processing scenarios. 

Capitalizing on the potential of this digital landscape, this study aims to bypass the limitations of 

official reporting by developing a suicide detection system based on Indonesian Twitter data [21]. 

However, analyzing these tweets presents significant computational challenges due to the unique 

linguistic patterns of Indonesian users, including the extensive use of slang, abbreviations, and code-

mixing blending Indonesian with English. Traditional keyword-based approaches often fail to interpret 

the semantic meaning in such unstructured and noisy text [22]. Consequently, there is a pressing need 

for a model capable of capturing bidirectional context and local linguistic nuances to ensure accurate 

detection. 

To address ini, this paper proposes a comparative study utilizing pre-trained BERT-based 

architectures [23-25] specifically IndoBERT for local nuances and Multilingual BERT (mBERT) 

benchmarked against traditional algorithms such as Logistic Regression, SVM, and Random Forest. The 

primary novelty of this work lies in the systematic evaluation of two distinct pre-processing strategies 

consisting of a fully preprocessed dataset known as Dataset A and a partially preprocessed dataset 

known as Dataset B that retains stopwords and original word forms. While previous state-of-the-art 

efforts such as the work by Setiawan, et al. [21] achieved high accuracy through a hybrid IndoBERT-

Large and LSTM architecture, our research focuses on the impact of syntactic preservation using 

https://jutif.if.unsoed.ac.id/
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standard transformer models. The objective of this study is to identify the most accurate model and data 

configuration for detecting suicidal ideation in Indonesian Twitter posts, providing a high-precision 

screening mechanism to facilitate timely professional intervention. 

2. METHOD 

This study follows a systematic workflow ranging from data acquisition and processing to model 

evaluation. The proposed method consists of several steps, as illustrated in Figure 1. 

 

 
Figure 1. Proposed Framework 

 

Based on the workflow illustrated in Figure 1, the research process begins with data collection by 

scraping tweets from Twitter. The collected data then undergoes labeling to categorize the content into 

suicide or non-suicide classes. Subsequently, the pre-processing stage transforms the unstructured text 

through four sequential steps including case folding, data cleaning, tokenization, and normalization. 

Following this, the data is split into two experimental scenarios consisting of Dataset A with full pre-

processing that includes stop word removal and stemming and Dataset B with partial pre-processing that 

preserves these elements to maintain syntactic integrity. The core phase involves Model Training and 

Testing where the pre-trained IndoBERT and Multilingual BERT (mBERT) models are fine-tuned and 

benchmarked against traditional baselines such as LR, SVM, and RF. Finally, the effectiveness of each 

model and pre-processing strategy is comprehensively analyzed in the performance evaluation stage to 

identify the most accurate configuration for detecting suicidal ideation. 

2.1. Data Collection by Scraping Twitter Data 

The primary dataset for this study consists of tweets authored by Indonesian users, collected using 

the Twitter Academic Search API via the Tweepy library in Python. To ensure linguistic relevance, a 

https://jutif.if.unsoed.ac.id/
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language filter was applied during the scraping process without a specific time-range constraint to 

capture a broader diversity of expressions, resulting in a total of 4.001 tweets. These tweets were 

categorized into a balanced dataset of 2.000 suicidal ideation tweets and 2.001 non-suicidal tweets, with 

the entire labeling process validated by a professional psychologist to ensure the psychological accuracy 

and emotional context of each label. 

2.2. Data Labelling 

Dataset labeling was performed to categorize the collected tweets into suicidal and non-suicidal 

classes by assigning binary identifiers, where a value of 1 represents suicidal ideation and 0 represents 

non-suicidal content. For the suicidal class, tweets were extracted based on specific linguistic criteria, 

including explicit statements of wanting to end one's life, mentions of self-injury plans, or expressions 

of profound hopelessness. Conversely, non-suicidal tweets were identified as those containing casual 

conversations, informative news, or figurative uses of keywords that do not demonstrate an actual 

intention of self-harm. To ensure the clinical accuracy of these identifiers, the entire labeling process 

was validated by a professional psychologist. This expert validation was essential to distinguish between 

genuine cries for help and ambiguous or figurative language often found on social media, thereby 

ensuring that the ground truth for model training aligns with psychological assessment standards. An 

example of the labeled tweet dataset is provided in Table 1. 

 

Table 1. Example of a tweet text 

No Tweet Text Classification Label 

1 sumpah gabut banget pengen main tapi tugas numpuk banget kayak 

dosa tolongin hambamu ini capek banget sekolah online terus 

Non-Suicide 0 

2 aku sudah tidak kuat banget rasanya ingin menyusul ayah saja tiap 

malam menangis terus capek banget pura-pura kuat maaf ibu 

Suicide 1 

 

2.3. Pre-processing Data 

To transform raw, unstructured Twitter data into a standard format suitable for computational 

analysis, we defined a comprehensive pre-processing workflow consisting of six sequential steps. First, 

Case Folding is applied to convert the entire corpus to lowercase, ensuring uniformity and preventing 

the model from treating identical terms as distinct features. This is followed by Data Cleaning, where 

Python’s Regular Expressions (Regex) are used to filter out social media noise such as URLs, mentions, 

hashtags, and emojis. The cleaned text then undergoes Tokenization, deconstructing sentences into 

individual discrete units for granular analysis.  

To address the informal nature of the platform, Word Normalization is used to map slang and 

abbreviations to their formal Indonesian equivalents. This serves as a post-processing step for Dataset 

B to maintain its syntactic integrity. For other configurations, the workflow continues with Stop Word 

Removal to remove high-frequency words with low information value. Finally, Stemming reduces 

words to their root form by removing affixes, consolidating feature representations into a structured 

dataset ready for training. 

2.4. Splitting Data 

The pre-processed dataset was partitioned into training, validation, and testing sets using a 

stratified sampling method to maintain class proportions and ensure a robust evaluation while preventing 

data leakage. We employed a 70:15:15 split ratio to preserve the balance between suicidal and non-

suicidal classes across all subsets. The training set, comprising 70% of the data, was utilized to train the 

model and optimize internal weights by learning feature representations from the Indonesian tweet 

https://jutif.if.unsoed.ac.id/
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corpus. Another 15% was allocated as a validation set, which functioned as a pseudo-test set during the 

fine-tuning phase for hyperparameter optimization and convergence monitoring to prevent overfitting 

by identifying the optimal epoch for early stopping. Lastly, the remaining 15% was designated as a test 

set, which remained entirely unseen by the model during the training phase to provide a constant and 

unbiased benchmark for assessing the model’s generalization capabilities on completely new data. 

2.5. Model Training and Testing 

This study leverages two specific pre-trained variants of Bidirectional Encoder Representations 

from Transformers (BERT) [24], IndoBERT [23] (specifically trained on the Indonesian corpus) and 

Multilingual BERT (m-BERT) [26]. BERT represents a major milestone in NLP, utilizing deep 

bidirectional training of Transformers [27] to capture context from both left and right directions. 

Essentially, this architecture uses multiple heads of the self-attention mechanism, enabling the model to 

look at one word in a sentence with multiple contextual perspectives simultaneously rather than 

sequentially. This ability allows efficient modeling of rich contextual dependencies and local linguistic 

nuances via parallel computation. 

For the implementation, we applied the HuggingFace Transformers Python library. Both models 

are based on the typical BERT-Base architecture, which includes 12 encoder layers, 12 self-attention 

heads, and a hidden layer size of 768, with roughly 110 million parameters. During the fine-tuning 

process, we employed the AdamW optimizer with a learning rate of 2e-5 and a batch size of 16 for 4 

epochs to minimize loss and ensure optimal convergence. 

For a strict benchmark on performance as well as to validate the effectiveness of the deep learning 

approach, we also trained and tested the dataset with three traditional machine learning methods, namely 

Logistic Regression, Support Vector Machine (SVM), and Random Forest. For these baseline models, 

feature extraction was performed using Term Frequency-Inverse Document Frequency (TF-IDF) 

vectorization to convert text into numerical representations. These baseline systems were tested in 

similar conditions for comparison. This comparative analysis aims to measure in a fine-grained way 

how much the breakthrough enabled by the Transformer architecture aids in detecting the subtle and 

informal patterns of suicidal ideation in Indonesian tweets. 

2.6. Experimental Setup 

To maximize classification performance, this study designed a series of experiments structured 

around three key variables, namely dataset pre-processing, hyperparameter tuning, and pre-trained 

model selection. 

2.6.1 Dataset Configurations 

To rigorously evaluate the impact of various text cleaning levels on the model's performance, the 

dataset was partitioned into two distinct configurations. The first scenario, Dataset A (Fully 

Preprocessed), underwent a comprehensive cleaning pipeline that included noise removal, word 

normalization, stop word removal, and stemming. This configuration aims to isolate core emotional 

keywords and reduce data dimensionality, which is beneficial for traditional machine learning 

classifiers. 

In contrast, Dataset B (Partially Preprocessed) was developed to preserve the linguistic context 

of the messages. While this dataset underwent initial cleaning and normalization, it specifically omitted 

the stop word removal and stemming phases. This approach was designed to maintain the syntactic 

structure and semantic integrity of the sentences, as preserving personal pronouns and original word 

forms is often crucial for BERT-based models to achieve a deeper contextual understanding of mental 

health crises. 

https://jutif.if.unsoed.ac.id/
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2.6.2 Hyperparameter Settings 

Model refinement was performed using consistent batch sizes and learning rates, while varying 

the epoch duration to find the optimal convergence point. These parameters were selected based on 

established guidelines in the literature to ensure robust training stability. The batch size was fixed at 16 

to balance computational efficiency and memory usage [28]. Furthermore, the learning rate was set at 

0.00002 (2e-5) to mitigate catastrophic forgetting, a phenomenon where previously learned knowledge 

from the pre-training phase is lost during task-specific fine-tuning [29]. Finally, we tested three different 

epoch durations 4, 10, and 16 epochs as suggested by prior research [29-32] to determine the optimal 

trade-off between underfitting and overfitting. 

2.6.3 Pre-trained Model Selection 

To assess the effects of language-specific versus multilingual initial training, this study compares 

the performance of two distinct pre-trained models. The first model, IndoBERT, was selected for its 

specialized capabilities in Indonesian Natural Language Processing, as it was trained on a massive local 

corpus comprising billions of words [25]. In contrast, m-BERT (Multilingual BERT) was chosen for its 

extensive generalization capabilities across 104 different languages. Using m-BERT provides a crucial 

benchmark to evaluate how effectively a global, multilingual model handles the nuances and 

informalities of Indonesian social media text compared to a localized model [32, 33]. 

2.7. Performance Evaluation 

To provide a comprehensive assessment of the model, this study uses four standard metrics based 

on the confusion matrix, namely precision, recall, F1-score, and accuracy. In the context of suicide 

detection, correct classification is denoted as True Positive (TP) for suicide-related posts and True 

Negative (TN) for non-suicide posts. We pay particular attention to misclassifications, where False 

Positives (FP) occur when non-suicide posts are incorrectly flagged, while False Negatives (FN) 

represent critical failures where genuinely risky posts are missed. The metrics are calculated using the 

following equations: 

a. Accuracy: Measures the overall correctness of the model across all classes. The formulation 

is shown in Equation 1. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 (1) 

b. Precision: It validates the trustworthiness of positive predictions by reducing the number of 

false alarms. The formulation is shown in Equation 2. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

c. Recall: Crucially emphasized in this study to ensure the model captures the maximum number 

of at-risk cases, thereby minimizing missed detections (False Negatives). The formulation is 

shown in Equation 3. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3) 

d. F1-Score: Utilized as the harmonic mean of precision and recall to provide a balanced metric 

that accounts for potential class imbalances in the dataset. The formulation is shown in 

Equation 4. 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  
2 ×  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 

https://jutif.if.unsoed.ac.id/
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3. RESULTS 

This section presents the empirical results of the suicidal ideation detection experiments. It covers 

the dataset characteristics and splitting protocols, the data processing workflow, and a comparative 

analysis between Transformer-based models and traditional machine learning baselines across Dataset 

A and Dataset B. Finally, a classification error analysis is conducted to evaluate model performance and 

identify common misclassification patterns. 

3.1. Dataset 

This study utilizes a dataset consisting of 4,001 entries collected from Twitter. The data represents 

various expressions of mental health states, categorized into suicide related and non-suicide related 

content. A representative sample of the raw data, including the text content, classification, and numerical 

labels, is shown in Table 2. 

Table 2. Dataset Twitter 

No Text Classification Label 

1 aku sudah tidak tahan lagi dan sudah mengunci diri di kamar dengan 

pisau 

Suicide 1 

2 rasanya hidup ini sia-sia kalau hanya untuk menderita setiap hari Suicide 1 

3 terima kasih ya sudah mendengarkan ceritaku tadi malam itu sangat 

membantu 

Non-Suicide 0 

4 aku sedang dalam perjalanan pulang setelah bekerja lembur sampai 

malam 

Non-Suicide 0 

5 dunia akan lebih tenang jika aku tidak pernah dilahirkan ke sini Suicide 1 

… … … … 

3997 sumpah gabut banget pengen main tapi tugas numpuk banget kayak 

dosa tolongin hambamu ini capek banget sekolah online terus 

Non-Suicide 0 

3998 aku sudah tidak kuat banget rasanya ingin menyusul ayah saja tiap 

malam menangis terus capek banget pura-pura kuat maaf ibu 

Suicide 1 

3999 sepertinya aku akan menyerah saja karena semua pintu terasa tertutup 

bagi saya 

Suicide 1 

4000 minggu depan aku akan mendaftar kursus bahasa inggris untuk 

menambah skill 

Non-Suicide 0 

4001 perpisahan ini adalah keputusanku aku sudah menelan semua pil 

yang ada 

Suicide 1 

 

3.2. Pre-processing Data 

To optimize processing efficiency, all raw data was preprocessed according to the steps outlined 

in Table 3 and Table 4 as continued. 

Table 3. Example Pre-Processing Data 

Proses Text 

Original Input SUMPAH GABUT BGT … pengen main tp tugas numpuk bgt kek dosa... woylah 

@kemdikbud_ri tolongin hambamu ini capek bgt sekolah online mulu... 

Case Folding sumpah gabut bgt anjir… pengen main tp tugas numpuk bgt kek dosa... woylah 

@kemdikbud_ri tolongin hambamu ini capek bgt sekolah online mulu... 

Data Cleaning sumpah gabut bgt anjir pengen main tp tugas numpuk bgt kek dosa tolongin 

hambamu ini capek bgt sekolah online mulu 

https://jutif.if.unsoed.ac.id/
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Tokenization ["sumpah", "gabut", "bgt", "anjir", "pengen", "main", "tp", "tugas", "numpuk", "bgt", 

"kek", "dosa", "woylah", "tolongin", "hambamu", "ini", "capek", "bgt", "sekolah", 

"online", "mulu"] 

 

Table 4. Example Pre-Processing Data (Cont.) 

Proses Text 

Word 

Normalization 

["sumpah", "bosan", "banget", "ingin", "main", "tapi", "tugas", "menumpuk", 

"banget", "kayak", "dosa", "woilah", "tolong", "hamba", "ini", "capek", "banget", 

"sekolah", "daring", "selalu"] 

Stopword 

Removal 

["sumpah", "bosan", "banget", "ingin", "main", "tugas", "menumpuk", "banget", 

"kayak", "dosa", "tolong", "hamba", "capek", "banget", "sekolah", "daring"] 

Stemming sumpah bosan banget ingin main tugas tumpuk banget kayak dosa tolong hamba 

capek banget sekolah daring 

3.3. Data Splitting 

To evaluate the impact of different pre-processing levels on the model performance, the dataset 

is divided into two scenarios. The specific transformation steps for Dataset A are shown in Table 5 and 

the steps for Dataset B are shown in Table 6. 

3.3.1. Dataset A (Full Pre-processing)  

As shown in Table 5, Dataset A employs a complete sequence of case folding, data cleaning, 

tokenization, normalization, stopword removal, and stemming to optimize feature extraction. 

 

Table 5. Example Data Splitting Dataset A 

Proses After Stopword Removal 

Original Input min tolong lolosin. aku udh gakuat bgt rasanya pgn nyusul ayah aja... tiap malem 

nangis trs capek bgt pura2 kuat. sorry mom. @convomfs [trigger warning] 

https://t.co/sad 

Case Folding min tolong lolosin. aku udh gakuat bgt rasanya pgn nyusul ayah aja... tiap malem 

nangis trs capek bgt pura2 kuat. sorry mom. @convomfs 

Data Cleaning admin tolong loloskan aku sudah tidak kuat banget rasanya ingin menyusul ayah 

saja tiap malam menangis terus capek banget pura-pura kuat maaf ibu 

Tokenization ["admin", "tolong", "loloskan", "aku", "sudah", "tidak", "kuat", "banget", "rasanya", 

"ingin", "menyusul", "ayah", "saja", "tiap", "malam", "menangis", "terus", "capek", 

"banget", "pura-pura", "kuat", "maaf", "ibu"] 

Word 

Normalization 

["admin", "tolong", "lulus", "aku", "sudah", "tidak", "kuat", "sangat", "rasa", 

"ingin", "menyusul", "ayah", "saja", "tiap", "malam", "menangis", "terus", "capek", 

"sangat", "pura-pura", "kuat", "maaf", "ibu"] 

Stopword 

Removal 

tolong lulus kuat rasa ingin menyusul ayah malam menangis capek pura-pura kuat 

maaf ibu 

Stemming tolong lulus kuat rasa ingin susul ayah malam tangis capek pura kuat maaf ibu 

 

3.3.2. Dataset B (Partial Pre-processing) 

As shown in Table 6, Dataset B employs a partial sequence of case folding, data cleaning, 

tokenization, and normalization to focus on context preservation, while excluding stopword removal 

and stemming. 
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Table 6. Example Data Splitting Dataset B 

Proses After Stopword Removal 

Original Input TERIMA KASIH ya udh dengerin ceritaku td malem... itu sangat membantu bgt!!! 

@temanbaik https://t.co/curhat  

Case Folding terima kasih ya udh dengerin ceritaku td malem... itu sangat membantu bgt!!! 

@temanbaik https://t.co/curhat 

Data Cleaning terima kasih ya udh dengerin ceritaku td malem itu sangat membantu bgt 

Tokenization ["terima"], ["kasih"], ["ya"], ["udh"], ["dengerin"], ["ceritaku"], ["td"], ["malem"], 

["itu"], ["sangat"], ["membantu"], ["bgt"] 

Word 

Normalization 

["terima"], ["kasih"], ["ya"], ["sudah"], ["mendengarkan"], ["cerita saya"], ["tadi"], 

["malam"], ["itu"], ["sangat"], ["membantu"], ["banget"] 

3.4. Processing Data 

3.4.1. Experimental Scenarios for Model Evaluation 

To investigate the synergy between pre-processing depth and model architecture, we conducted a 

cross-evaluation using two distinct datasets and two embedding models. Each model, IndoBERT and 

m-BERT, was trained and tested independently using both Dataset A (Fully Preprocessed) and Dataset 

B (Partially Preprocessed). This experimental setup was designed to observe how localized versus 

multilingual embeddings react to varying levels of linguistic noise and structural integrity. By crossing 

these variables, the study aims to identify whether specialized Indonesian models require intensive 

cleaning to achieve peak accuracy, or if multilingual models like m-BERT benefit more from the 

preserved syntactic context found in partially preprocessed data. The specific configurations are detailed 

in Table 7, which outlines the experimental scenarios for model evaluation. 

Table 7. Experimental Scenarios for Model Evaluation 

Scenario Model Dataset Type Pre-processing Level 

Scenario 1 IndoBERT Dataset A Full (Stemming & Stopword Removal) 

Scenario 2 IndoBERT Dataset B Partial (Context Preserved) 

Scenario 3 m-BERT Dataset A Full (Stemming & Stopword Removal) 

Scenario 4 m-BERT Dataset B Partial (Context Preserved) 

3.5. Comparative Analysis of Classification Models 

3.5.1. Performance of Transfer Learning Models (IndoBERT and mBERT) 

The performance of IndoBERT and Multilingual BERT (mBERT) models was evaluated across 

various epoch durations to highlight the comparative effectiveness of each architecture, with the 

complete results summarized in Table 8. 

Table 8. Performance Experiment Results 

Model Data Epoch Precision Recall F1-Score Accuracy 

Indo-BERT A 4 0.841 0.845 0.843 0.843 

10 0.867 0.871 0.869 0.869 

16 0.883 0.887 0.885 0.885 

B 4 0.873 0.876 0.874 0.875 

10 0.891 0.894 0.892 0.893 

16 0.904 0.908 0.906 0.906 

m-BERT A 4 0.817 0.821 0.819 0.819 

  10 0.835 0.839 0.837 0.838 

  16 0.849 0.853 0.851 0.851 

 B 4 0.835 0.839 0.837 0.838 

  10 0.853 0.857 0.855 0.856 

  16 0.871 0.875 0.873 0.874 
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As indicated in Table 8, IndoBERT using Dataset B at 16 epochs emerged as the best-performing 

configuration, achieving a precision of 90.4%, recall of 90.8%, F1-score of 90.6%, and an overall 

accuracy of 90.6%. To further visualize the impact of pre-processing strategies, the accuracy comparison 

between models is illustrated in Figure 2. 

 

 
Figure 2. Performance of Transfer Learning Models 

As shown in Figure 2, both IndoBERT and mBERT demonstrate a performance increase when 

trained on Dataset B compared to Dataset A. Specifically, IndoBERT’s accuracy improved from 88.5% 

to 90.6%, while mBERT’s accuracy rose from 85.1% to 87.4%. 

3.5.2. Performance of Traditional Machine Learning Models 

The performance of traditional machine learning models, including Logistic Regression, Support 

Vector Machine (SVM), and Random Forest, was evaluated using TF-IDF vectorization to provide a 

benchmark for the deep learning approach, with the complete results summarized in Table 9. 

Table 9. Performance Experiment Results using Traditional Method 

Model Dataset Precision Recall F1-Score Accuracy 

Logistic Regression (LR) A 0.860 0.86 0.859 0.86 

B 0.862 0.862 0.862 0.862 

Support Vector Machine (SVM) A 0.855 0.855 0.855 0.855 

B 0.860 0.86 0.86 0.86 

Random Forest (RF) A 0.853 0.853 0.853 0.853 

B 0.835 0.835 0.835 0.835 

 

As indicated in Table 9, Logistic Regression (LR) emerged as the best-performing traditional 

classifier, achieving a precision, recall, F1-score, and overall accuracy of 86.2% on Dataset B. While 

this baseline result is competitive, it remains lower than the peak performance achieved by the 

IndoBERT model. To further visualize the comparative performance of these traditional models across 

both pre-processing scenarios, the accuracy results are illustrated in Figure 3. 
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Figure 3. Performance of Traditional Machine Learning Models 

 

As shown in Figure 3, the traditional models exhibit a different trend compared to Transformer 

models. While Logistic Regression and SVM show slight improvements on Dataset B, Random Forest 

experienced a decrease in accuracy from 85.3% on Dataset A to 83.5% on Dataset B.  

3.6. Classification Error Analysis 

To evaluate the model's reliability in identifying critical suicidal ideation cases, a granular 

analysis of classification errors is presented. This analysis specifically focuses on the Transformer-based 

models, IndoBERT and mBERT, as they represent the primary architectures investigated for their 

contextual understanding capabilities. The results show that IndoBERT on Dataset B achieved superior 

sensitivity, missing only 9 suicidal instances (False Negatives) compared to 11 misses by mBERT. 

Furthermore, Dataset B effectively reduced False Positives in the IndoBERT model to 10 cases. The 

comprehensive distribution of these classification results is illustrated in Figure 4. 

 
Figure 4. Confusion Matrices Comparison 
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As illustrated in Figure 4, there is a performance gap in sensitivity between the architectures. The 

IndoBERT models consistently demonstrate superior sensitivity by misclassifying fewer suicidal tweets 

compared to mBERT. Specifically, IndoBERT on Dataset B missed 9 cases of False Negatives, whereas 

mBERT missed 11 cases in both scenarios. Furthermore, Dataset B reduced False Positives in the 

IndoBERT model from 15 cases in Dataset A to 10 cases in Dataset B. 

4. DISCUSSIONS 

4.1 Comparison with Previous Research 

The peak accuracy of 90.6% achieved by the IndoBERT model in this study represents a 

significant benchmark in Indonesian suicidal ideation detection. When compared to the work of 

Setiawan, et al. [21], which reported an accuracy of 91.41% using a hybrid IndoBERT-Large and LSTM 

architecture, our results are highly competitive. While Setiawan et al. utilized complex lemmatization 

and formal normalization of slang, our study proves that a standard IndoBERT model can achieve nearly 

identical performance by preserving the original semantic context. 

Furthermore, our findings regarding traditional machine learning models align with Naseem, et 

al. [16], who argued that traditional methods like SVM and Random Forest are often limited in capturing 

both-low and high-level features in complex social media data. The performance gap between our 

Logistic Regression baseline (86.2%) and IndoBERT (90.6%) confirms that Transformer-based 

architectures are more effective than frequency-based features like TF-IDF for understanding the 

nuanced mental state of a user. 

4.2 Interpretation of Results 

The experimental results indicate a clear distinction in how different architectures respond to text 

pre-processing. Transformer-based models, such as IndoBERT and mBERT, showed improved 

performance on Dataset B (Partial Pre-processing). This suggests that these models rely on the original 

syntactic structure and emotional markers such as specific conjunctions or informal affixes to accurately 

identify suicidal intent. This is consistent with the theory that contextual embeddings require the "raw" 

semantic sequence to function optimally. In contrast, traditional models like Random Forest experienced 

a decrease in accuracy to 83.5% on Dataset B. This indicates that traditional classifiers are less sensitive 

to syntactic preservation and instead depend on the aggressive reduction of noise (Dataset A) to find 

word-frequency patterns. 

This distinction highlights a significant contribution to the field of Informatics, particularly in the 

optimization of NLP pipelines for low-resource languages. By demonstrating that high-accuracy 

detection can be achieved without aggressive stemming and stop word removal, this study provides a 

more computationally efficient yet contextually rich framework for real-time monitoring. The 

importance of this approach lies in its ability to maintain the "human" element of the text, such as 

emotional nuances and personal pronouns, which are often lost in traditional pre-processing but are 

critical for identifying psychological distress. 

The safety-critical nature of the system is further validated by the confusion matrix analysis in 

Figure 4. The IndoBERT model on Dataset B achieved high sensitivity by missing only 9 suicidal 

instances (False Negatives). As emphasized by both [16, 21], minimizing undetected suicidal posts is 

more crucial in a screening context than reducing false alarms, as a missed high-risk case represents a 

failure in suicide prevention. 

5. CONCLUSION 

This study demonstrates the superior efficacy of transfer learning in detecting suicidal ideation 

within the linguistic complexity of Indonesian Twitter, where the fine-tuned IndoBERT model achieved 
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a peak accuracy of 90.6%, significantly outperforming the best traditional baseline of Logistic 

Regression at 86.2%. The results confirm that IndoBERT’s pre-training on local corpora enables it to 

capture informal nuances and slang more effectively than multilingual variants, yielding exceptional 

sensitivity with minimal false negatives which is a crucial requirement for safety-critical screening 

systems. This research underscores the vital role of computational linguistics in addressing urgent 

societal challenges. By proving that partial pre-processing in Dataset B is more optimal than aggressive 

cleaning, this study challenges traditional NLP paradigms and establishes a more efficient framework 

for handling low-resource, informal languages in transformer-based architectures. 

The urgency of this research is highlighted by the rising need for automated, real-time mental 

health monitoring tools that can operate at scale. In the field of transfer learning model, this provides a 

foundation for the development of early-warning systems that enable timely intervention in high-risk 

scenarios where human monitoring is impossible. However, this study is limited by its focus on 

unimodal text analysis, restricted hyperparameter tuning, and lack of historical user context. 

Consequently, future research aims to address these constraints by developing multimodal frameworks 

that integrate images and video, employing automated hyperparameter optimization, and incorporating 

user-level behavioral patterns to further enhance detection reliability and its practical implementation in 

public health infrastructure. 
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