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Abstract

Depression has led to many cases of suicide across the world. Hence, early screenings are needed to
provide the right medical treatments. Recent studies have attempted to use social media text which have
become an integral part of people's daily lives to early detect depression, since users primarily post and
express their thoughts in the form of text or media that reflect their current mental state. This study aims to
fine-tune the pre-trained IndoBERT model on labeled Indonesian social media texts from X (previously
Twitter) for binary depression-related text classification. The dataset used in this study, "Depression and
Anxiety in Twitter (ID)," consists of 2,201 labeled texts on train set and 550 labeled texts on test set. Several
evaluation criteria such as recall, precision, F1-score, and accuracy were used on an unseen test set to
calculate how well the model performed. The results show that the IndoBERT model achieved an overall
accuracy of 86% and a 74.75% F1-score in identifying the depressed class, notably achieving a strong
precision score of 79.17%. These findings show the potential of IndoBERT fine-tuning for Indonesian text-
based depression-related classification while highlighting the need for further improvements and validation.
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1. Introduction

Depression is a major mental health problem that affect individuals' daily lives and overall well-
being significantly. According to the 2023 Indonesian Health Survey (Survei Kesehatan Indonesia/SKI),
the prevalence of depression among Indonesians aged 15 years and older was 1.4% [1]. The complicated
nature of mental disorders often makes it difficult for psychiatrists to identify symptoms early enough to
provide appropriate treatment [2], [3].

In modern days, social media has formed a digital space where people frequently express their
feelings, including deep sadness, emotional shifts, and behavioral changes [3]. Social medias such as
Twitter (now X) and Reddit provide sources of user-generated text in which users may express emotions
and experiences related to psychological well-being [4], [5]. The availability of such data provides an
opportunity to explore Artificial Intelligence (Al) based approaches for analyzing depression-related
content that may support preliminary screening [6].

Despite its potential, detecting depressive symptoms from social media texts remains challenging
because such data are often unstructured, noisy, and often unreliable [7]. Additionally, tweets from social
media are characterized by informal vocabulary, abbreviations, emojis, and hashtags, which pose
challenges for NLP tasks [8]. This challenge is relevant in the Indonesian context, where social media users
frequently use informal language, slang, and abbreviations, making it challenging to accurately classify text
containing signs of emotional distress [9]. These characteristics can limit the performance of traditional
machine learning algorithms that rely on basic feature extraction

hmethods such as TF-IDF or Bag-of-Words. Such methods may not capture the deeper semantic and
contextual information needed to distinguish genuine sign of depression from ordinary expression of
sadness [5], [9]. Within the domain of Natural Language Processing (NLP), te architecture known as
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Bidirectional Encoder Representations from Transformers (BERT) has became state-of-the-art in text
classification due to its capability in capturing complex sequential dependencies and rich context [3], [7],
[10]. Previous studies have shown that BERT and its variants achieved competitive or higher performance
that traditional deep learning architectures in depression and suicide detection tasks on social media [5],
[10].

For text specifically written in Indonesian, localized Transformer models have been developed to
address the unique linguistic challenges of the region. IndoBERT, a state-of-the-art language model pre-
trained on a massive corpus of Indonesian text, has been applied to Indonesian NLP tasks involving social
media text [11]. Recent studies have reported promising performance from fine-tuned pretrained models
such as IndoBERT for classifying emotions linked to depression in Indonesian tweets, bridging the gap
between complex NLP architectures and local language nuances [11], [12]. However, further evaluation is
still needed to assess the effectiveness of IndoBERT for depression-related text classification tasks on
Indonesian social media text, particularly using publicly available Indonesian datasets.

Recent studies have demonstrated the potential of transformer-based models for depression-related
text classification in Indonesian social media. Study [13] fine-tuned IndoBERT in classifying potentionally
depressive text on X. The dataset used in this study consists of 5,000 Indonesian tweets that and the model
achieved an accuracy, precision, recall, and F1-score of 87%. Similarly, [14] explored multiple pretrained
transformer models, including IndoBERT, RoBERTa, and DistilBERT combined with TF-IDF and BoW
feature representations to classify depression-related emotions in Indonesian tweets using a dataset of 5,271
tweets. The combination of DistilBERT and TF-IDF achieved the highest performance among the evaluated
configurations, with an Fl-score of 0.699 and precision of 0.714. Another study [15] evaluated the
effectiveness of IndoBERT in identifying potentially depressive text from social media using a dataset of
37,554 textx from X, achieving an accuracy, precision, recall, and F1-score of 94,91%.

However, existing studies have primarily focused on evaluating transformer-based models on
relatively larger datasets, while the performance of fine-tuned IndoBERT under a relatively smaller labeled-
data setting and in comparison with a task-specific deep elarning architecture remains less explored.
Therefore, this study evaluates fine-tuned IndoBERT which uses pretrained contextual representations and
compares it with a CNN+BiLSTM baseline which uses the IndoBERT tokenizer followed by a task-specific
trainable embedding layer and CNN+BiLSTM feature extraction using the “Depression and Anxiety in
Twitter (ID)” dataset. Thie dataset is used to examine the models under a relatively small labeled-data
setting, with preprocessing consisting of text cleaning, case folding, normalization, and IndoBERT
tokenization. The contribution of this study is a comparative evaluation of pretrained contextual
representations and task-specific trainable representations for depression-related text classification in
Indonesian social media text, providing insight into the performance of a pretrained language model when
labeled data are relatively limitedy.

2. Research Methodology
a. Dataset

The dataset used in our study consists of Twitter/X posts which serve as the corpus for
depressive and non-depressive texts, sourced from Kaggle [16].

This dataset consists of 3 files: datd_train, datd_test, and datd_rand. However, only datd_train
and datd test were used in this study because datd rand contains overlapping positive samples from
datd_test, potentially causing data leakage. All files in this dataset have two columns, namely ‘text’ that
contain the unstructured Twitter/X posts and ‘label’ that contain the label (1/0) for the texts. The ‘1’ label
is for Twitter posts classified as depressed text, meanwhile ‘0’ shows otherwise. Table 1 shows the example
of instances with 1 and 0 label, meanwhile Table 2 shows the distribution of two labels across all files. This
study utilizes datd_train for training and validation purpose, and datd_test for testing purpose.

Table 1. Example of instances from the dataset

Text Text Label
(Indonesian) (English)
Udah ngalihin fokus ke yang lain tapi tetep cemas  Already diverted focus to other things but I’'m still 1
anxious
wkwkwk apaansi lawak wkwkwk so funny 0
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Table 2. Label distribution across train, test, and rand files

. Label
Files 0 1
datd_train 1468 733
datd_test 389 161
datd rand 6247 733

b. Methodology

Figure 1 shows the methodology of this research. The tweet text undergoes a sequence of processing
steps designed to remove noise and keep semantically relevant information for transformer-based models
such as IndoBERT. Transformer models exploit contextual embeddings, and thus preprocessing must avoid
discarding meaningful syntactic or semantic features.

First, case folding converts all characters into lowercase. This is appropriate when using an uncased
pretrained language model such as indobenchmark/indobert-base-p1l, which expects lowercase input
tokens. Lowercasing standardised text and reduces vocabulary sparsity by eliminating capitalization
differences [17].

Second, emojis are important and commonly used in social media and information that is valuable

for classification. Transforming emojis into semantic token labels (& —face with tears of joy) allows
models to learn associations between emotional expressions and the target labels. Previous research
demonstrates that emojis contain sentiment information and should be treated as meaningful tokens rather
than discarded [18].

Third, noises in social media text such as URLs, user mentions (@_), and hashtags (#) was cleaned
using regular expressions. Fourth, social media users frequently elongate words for emphasis by repeating
characters (e.g., 'capekkk’). A normalization function is applied to remove consecutive identical characters
to a maximum of two (e.g., 'capekk'). This prevents the tokenizer from treating elongated variations of the
same word as unknown tokens.

Additionally, tweets frequently contain informal language and slang abbreviations. Studies on
Indonesian Twitter dataset emphasize the importance of normalization for classification task such as
sentiment analysis [19]. Without normalization, such nonstandard tokens increase vocabulary sparsity and
affect model learning. In this study, slang normalization was used to converts variants such as 'gk' or 'bgt'
into standard Indonesian equivalents (‘tidak'/'not', 'banget'/'very"), therefore preventing the token to be
considered out-of-vocabulary.

Finally, text from social media such as Twitter/X often contain irregular spacing. Replacing multiple
whitespace characters with single spaces helps keeping the text consistent before tokenization. This
preprocessing step ensures that the input text is well-structured for subsequent tokenization [8].

After preprocessing, the 2,201 samples from datd_train file were splitted into training and validation
sets using an 80:20 ratio. While the training set was used to fine-tune the IndoBERT model, the validation
set was used to evaluate the model’s accuracy and loss metrics.

IndoBERT [20] represents an advanced pre-trained language model designed specifically to the
Indonesian text. Its structural framework mirrors that of the Bidirectional Encoder Representations from
Transformer (BERT) [21], [22]. Consequently, the system evaluates the entire word sequences at once,
capturing deep contextual relationships from both directions. The key part of this architecture is the self-
attention mechanism, which was introduced in the original Transformer model [23]. Self-attention allows
the model to determine how much attention should be given to each word based on the other words in the
same semtence. The attention mechanism uses three matrices, namely queries (Q), keys (K), and values (V)
with the attention scores scaled according to the dimensionality of the key (dx).
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Figure 1. Research methodology

IndoBERT was pretrained using Indo4B dataset, a large Indonesian text corpus containing
approximately 4 billion words collected from various sources, including news articles, Wikipedia, and
social media data [22]. This pre-training allows the model to learn Indonesian language pattern, including
syntactic rules, semantic meanings, and contextual slang commonly used in Indonesian.

Utilizing the baseline IndoBERT architecture for a specialized NLP task such as depression-related
text classification involves a process called fine-tuning [24], [25]. Before fine-tuning the IndoBERT with
the training set, the data was tokenized using pre-trained IndoBERT’s WordPiece tokenizer. Tokenization
breaks down the normalized tweet into subword units, mapping them to specific integer IDs based on
vocabulary built from the model. To denote the start and end of a tweet sequence, a [CLS] token marks the
start of the input, while a [SEP] token indicates its conclusion. The model maps these tokens to their
corresponding embeddings, combining them with segment embeddings and positional embeddings to retain
the sequence order. Because transformer architecture requires input sequence of uniform length, the
tokenized sequences are padded or truncated to a pre-determined maximum sequence length. During this
step the system also creates an attention mask to differentiate actual word tokens from padding, preventing
the model from processing the padded sections during training [26].
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Following tokenization, the baseline IndoBERT architecture is fine-tuned to the specific tasks. The
entire sequence of embeddings is fed into the stacked Transformer encoder layers [27]. By utilizing feed-
forward networks alongside multi-head self-attention mechanisms, the system dynamically adjusts the
representation of each token based on its context.

For sequence classification, the final hidden state of the special [CLS] token is extracted, as it serves
as the aggregate semantic representation of the entire tweet. A dedicated classification head consisting of a
linear layer is added above this core IndoBERT structure. The classification head produces raw,
unnormalized prediction scores known as logits. To determine the final discrete class prediction (¥), an
argmax function is utilized to select the class associated with the highest logit value, following Equation 1.

9 = argmax(hic,sW" + b) (1)

During fine-tuning, all parameters of the IndoBERT model, along with the newly added classification
layer, are trained jointly using the labeled depression dataset. The training loss is computed using Cross-
Entropy Loss which internally applies a softmax function to the logits to calculate the predicted probability
distribution before computing the error. The model weights were updated using the AdamW optimizer to
minimize this loss. During this process, IndoBERT was able to adapt its pretrained language representations
to the characteristics of the training dataset [25].

Several hyperparameters were also set for the fine-tuning process to ensure reproducibility. The
configuration is shown in Table 3.

Table 3. The Hyperparameter Settings

Hyperparameter Value
Model name Indobenchmark/indobert-base-p1
Batch size 16
Dropout 0.3
Maximum epochs 10
Learning rate (LR) Se-6
Maximum sequence length 128
Early stopping patience 2

During training and model selection, the 5-fold stratified cross validation was conducted only on the
training set (datd_train), with each fold using 80% of the data for training and 20% for validation. At each
epoch, the validation accuracy and loss were monitored to track the model’s learning. Early stopping was
applied with a patience = 2, meaning that training was terminated if the validation loss did not improve for
two consecutive epoch.

For each fold, the checkpoint with the highest validation accuracy achieved during training was first
identified. The best checkpoints from each fold were then compared based on their highest validation
accuracy, and the checkpoint with the highest validation accuracy across the 5 folds was selected as the
best model. This selected model was then evaluated on the independent test set (datd_test) using accuracy,
precision, recall, and F1-Score. Thus, the test set remained unseen throughout the model training and
selection. The calculations for each metric are represented in Equations 2-5, respectively. In the context of
identifying depressive social media text, the F1-Score (defined in Equation 5) was used as the main metrics
or evaluators as it calculates the harmonic mean between recall and precision. Additionally, this metric is
preferred compared to accuracy which may not fully reflect the model’s performance, especially on
evaluating model trained on imbalances datasets used in this research.

TP+TN

A = 2
ey =Tp TN LFP+FN @
. . - 3
Precision TP T FP 3)
Recall = e “4)
= TP T EN

Precision X Recall

F1 — Score =2 X% ®)

Precision + Recall
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Where:

- TP: True positive (tweet indicating depression predicted as indicating depression)

- TN: True negative (tweet not indicating depression predicted as not indicating depression)

- FP: False positive (tweet not indicating depression falsely predicted as indicating depression

- FN: False negative (tweet indicating depression falsely predicted as not indicating depression)

3. Result and Discussion

The fine-tuning of IndoBERT for classifying depressive text in Indonesian social media text was
conducted using 5-fold stratified cross validation over a maximum of 10 epochs with early stopping applied
using a patience of 2. The model’s learning progression was monitored through training and validation loss
and accuracy as shown in Figure 2.

The implementation of patience = 2 during training forced the training process to be stopped when
an improvement in validation loss for two consecutive epochs was recorded. As shown in Figure 2, the
validation loss initially decreased across all folds. However, the validation loss began to increase after
reaching a minimum value, which indicates an overfitting.

Across 5 folds, the minimum validation loss value was achieved before the training process reached
the last epoch. In Fold 1, the minimum validation loss value of 0.3793 was reached on epoch 4. A similar
pattern was found in Fold 2, where the minimum validation loss of 0.4462 was achieved at epoch 4.
Similarly, the lowest validation loss of 0.4452 was recorded at epoch 3 in Fold 3, a minimum of 0.4523 at
epoch 3 in Fold 4, and a minimum of 0.4668 at epoch 3 in Fold 5. As the validation loss increased for the
next two consecutive epochs across all folds, the training was stopped to prevent overfitting. Following the
5-fold stratified cross-validation, the model checkpoint from the fold with the highest validation accuracy
was selected as the best model. This strategy ensures that the chosen model represents the best-performing
configuration among the evaluated folds while maintaining generalization capability on unseen validation
data used in this study.

Confusion Matrix - Test Set
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Figure 2. Confusion Matrix of IndoBERT
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Figure 3. Loss and Accuracy per Epoch

The selected model was evaluated on a test set (datd_test) consisting of 550 unseen samples during
training or validation. As shown in the confusion matrix (Figure 3), the model correctly classified 359 non-
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depression instances (True Negatives) and 114 depression-related instances (True Positives). Meanwhile,
30 non-depression samples were incorrectly classified as depression (False Positives), and 47 depression
samples were misclassified as non-depression (False Negatives). In total, 473 out of 550 test samples were
classified correctly, giving the model an accuracy of 86.00%.

The classification report in Figure 4 shows the effectiveness of fine-tuned IndoBERT for both
classes. For the non-depressive-text class (Class 0), the model obtained a precision of 88.42%, recall of
92.29%, and F1-score of 90.31%. For the depressive-text class (Class 1), the model achieved a precision of
79.17%, recall of 70.81%, and F1-score of 74.75%. The higher recall and precision score for Class 0
indicates that the model performed better in identifying non-depressive-text, while its performance on
depressive-text was comparatively lower.

precision recall fl-score support

0.8842 0.9229 0.9031 389
0.7917 0.7081 0.7475 161

accuracy 0.8600 550
macro avg 0.8380 0.8155 0.8253 550
weighted avg 0.8571 0.8600 0.8576 550

Figure 2. Classification Report of IndoBERT Model

Furthermore, the differences in performance between the two classes in precision, recall, and F1-
score may be related to the class distribution in the dataset, where the number of non-depressive-text
samples (n = 1468) exceeded the number of depressive-text samples (n = 733). Consequently, the model
was exposed to a larger number of non-depression examples during training.

To provide a comparative baseline, the performance of fine-tuned IndoBERT model was compared
to a CNN+BiLSTM architecture (Table 4), which was trained and evaluated on the same dataset. The results
showed that IndoBERT achieved higher precision, recall, F1-score, and accuracy than CNN+BiLSTM on
the test set, as shown in Figure 5 and Table 5. Additionally, Figure 6 shows the learning progression of the
CNN-+BiLSTM model over a maximum of 10 epochs. Early stopping was triggered at epoch 4 because the
validation loss did not improve for two consecutive epochs, despite the decrease on training loss and
increase on training accuracy

On the test set, IndoBERT correctly identified 114 depressive-text samples, whereas CNN+BiLSTM
identified 110. In addition, CNN+BiLSTM produced 51 false-negative predictions compared to 47
generated by IndoBERT. These results indicate the differences in the models' ability to identify depressive-
text within the test set.

Table 4. The Hyperparameter Settings of CNN+BiLSTM

Hyperparameter Value
Vocab size IndoBERT Tokenizer’s vocab size
Embedding dimension 200
Number of onvolutional filters 100
Learning rate (LR) le-3
Maximum epochs 10 (patience = 2)
Number of LSTM layers 2
Dropout rate 0.3
LSTM hidden size 128
Kernel size 3,4,5
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Figure 3. Classification Report of CNN+BiLSTM Model

Table 5. Comparison of IndoBERT and CNN+BiLSTM

Metrics IndoBERT CNN+BILSTM
Accuracy 86% 75.64%
Precision — 0 class (non-depressive-text) 88.42% 85.71%
Precision — 1 class (depressive-text) 79.17% 56.99%
Recall — 0 class (non-depressive-text) 92.29% 78.66%
Recall — 1 class (depressive-text) 70.81% 68.32%
F1-Score — 0 class (non-depressive-text) 90.31% 82.04%
F1-Score — 1 class (depressive-text) 74.75% 62.15%

Training and Validation Accuracy Comparison

0.95 =&— IndoBERT Train Accuracy
IndoBERT Val Accuracy

—¥— CNN+LSTM Train Accuracy

—¥- CNN+LSTM Val Accuracy
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0.85 1
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Figure 4. Training and Validation Accuracy Comparison of IndoBERT and CNN+BiLSTM

The observed differences may be related to the representation learning mechanisms used by the two
approaches. CNN+BiLSTM extract features from a sequence of trainable word representations, while
IndoBERT used contextualized representations learned during pretraining on large-scale Indonesian text
corpora. This may allow IndoBERT to capture semantic information that may be difficult to capture for
CNN-+BiLSTM’s feature extractor approach.

http://openjournal.unpam.ac.id/index.php/informatika 119

This work is licensed under a Creative Commons Attribution-NonCommercial 4.0
BY NG International (CC BY-NC 4.0) License

Copyright © 2026 Ninda Khoirunnisa, Sheraton Pawestri



Jurnal Informatika Universitas Pamulang ISSN: 2541-1004
Penerbit: Fakultas Ilmu Komputer Universitas Pamulang e-ISSN: 2622-4615
Vol. 11, No. 2, June 2026 (111-122) https://doi.org/10.32493/jiup.v11i2.58892

This result show that the fine-tuned IndoBERT model achieved better classification performance
than the CNN+BiLSTM baseline on the evaluated test set. IndoBERT produced fewer false-negative
prediction on the evaluated test set, indicating that IndoBERT correctly classified more depression-related
samples correctly than the CNN+BiLSTM baseline in the test set. However, neither model classified all
posts correctly. This shows that classifying depression-related social media remains challenging.

4. Conclusion

This study aimed to evaluate the performance of IndoBERT for binary depression-related text
classification on Indonesian social media text using the Depression and Anxiety in Twitter (ID) dataset. To
achieve this objective, Transformer-based token encoding was applied prior to model fine-tuning. The
results indicate that the result of IndoBERT fine-tuning was able to classify depressive and non-depressive
content, with an accuracy of 86%, a macro-average F1-score of 82.53%, and a weighted-average F1-score
of 85.76% on the test set consisting of 550 data. These findings demonstrate that the research objective of
evaluating IndoBERT for depression-related text classification within the evaluated Indonesian social
media dataset has been achieved.

In addition to evaluating IndoBERT, this study contributes a comparative analysis using a
CNN+BiLSTM baseline trained and evaluated on the same dataset. The comparison showed that IndoBERT
correctly identified a larger number of depressive-text samples and produced fewer false-negative
predictions than the CNN+BiLSTM model. This finding provides additional context for interpreting the
performance of the proposed approach within the scope of the dataset used in this study.

Analysis of the training and validation curves across 5 stratified cross-validation folds showed that
validation loss reached its minimum value within the first few epochs and subsequently increased while
training loss continued to decrease. The results suggest that overfitting began in the later epochs of training.
To prevent the model to continue the training process when the performance on validation subset was no
longer improving, early stopping was applied. As a result, the best checkpoints were generally obtained
around the third or fourth epoch across the 5 folds.

There a re several limitations to consider in this study. The experiments relied on a single dataset
collected from one social media platform, which may limit the generalizability of the findings to other
datasets, social media platforms, or populations. Additionally, no resampling or class-weighting method
was applied to deal with the class imbalance. This may have affected the model’s ability to correctly identify
the depressive-text class, as reflected in its relatively low recall in this class. The comparison was also
limited to IndoBERT fine-tuning and hybrid CNN+BiLSTM model. Other Transformer-based architectures
such as multilingual BERT and RoBERTa, were not evaluated. Thus, the results should be interpreted as a
comparison of IndoBERT and a conventional neural baseline rather than a comprehensive comparison of a
broader range of models available for this task.

Future studies could address this limitation by applying class-balancing methods and data
augmentation techniques, as well as by evaluating other transformer-based architecture. These approaches
could provide insight on how different modeling and imbalance data handling strategies or methods affect
depression detection in Indonesian social media text.
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