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Depression is a mental health disorder that often remains undetected due to limited
access to mental health services and persistent social stigma. Social media platforms
provide an alternative source for identifying depressive symptoms through linguistic
expressions shared by users in textual posts. This study proposes an applied data
science approach for detecting depression symptoms in Indonesian social media text
using Transformer-based models. The dataset was constructed by combining the
DEPTWEET dataset with social media posts collected through keyword-based
scraping guided by PHQ-9 indicators. The proposed framework consists of dataset
construction, text preprocessing, Transformer-based modeling, and performance
evaluation. Two pre-trained language models, IndoBERT and XLM-RoBERTa,
were evaluated under two preprocessing configurations, namely normal
preprocessing and light preprocessing. Experimental results show that preprocessing
strategies significantly influence classification performance. Light preprocessing
consistently improves contextual representation and leads to better results compared
with normal preprocessing. XLM-RoBERTa combined with light preprocessing
achieves the best overall performance with a test accuracy of 0.77 and an F1-score
of 0.77. Additional robustness analysis and pairwise model agreement evaluation
further indicate that both models maintain relatively stable predictions when
processing noisy social media text. Findings from this study demonstrate the
effectiveness of Transformer-based models for multi-class depression detection in
Indonesian social media environments. The proposed framework provides insights
into how applied data science techniques can support large-scale analysis of mental
health signals in online platforms and contribute to the development of data-driven
approaches for early detection of depression symptoms.

This is an open access article under the CC-BY-SA license.

l. INTRODUCTION

Mental health disorders represent a major public health
concern due to their long-term impact on emotional stability,
social interaction, and overall quality of life. Depression is
widely recognized as one of the most prevalent psychological
conditions affecting individuals across different age groups
and social backgrounds [1]. Many cases remain undiagnosed
or untreated during the early stages, which may lead to
worsening psychological conditions and reduced well-being.
Limited access to mental health services and persistent social
stigma often discourage individuals from seeking

professional assistance. Early identification of depression
symptoms therefore becomes an important step for
improving mental health awareness and enabling preventive
intervention [2].

Online social media platforms have become an important
medium for communication and personal expression. Users
frequently share their experiences, emotions, and daily
thoughts through short textual posts that reflect their
psychological conditions [3], [4]. Linguistic patterns
contained in these posts often reveal emotional signals such
as sadness, loneliness, anxiety, or feelings of worthlessness
[5]. Large volumes of user-generated content produced in
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social media environments create new opportunities for
analyzing emotional and behavioral indicators at scale.
Computational approaches capable of extracting meaningful
information from such textual data can therefore support the
identification of potential mental health risks [6].

Advances in Natural Language Processing (NLP) have
enabled automated analysis of textual data for various
applications including sentiment analysis, emotion
recognition, and psychological state classification [7], [8].
Early studies in text classification often relied on
conventional machine learning algorithms combined with
manually engineered statistical features [9], [10]. Feature-
based approaches typically represent text using bag-of-words
or term-frequency representations that fail to capture deeper
contextual relationships between words. Informal language
structures, slang expressions, spelling variations, and noisy
text frequently found in social media further complicate the
effectiveness of these traditional approaches [11].

Recent developments in deep learning have introduced
Transformer-based architectures that significantly improve
contextual language representation [12]. Transformer models
utilize self-attention mechanisms capable of modeling long-
range dependencies within sentences and capturing semantic
relationships more effectively. Pre-trained language models
such as Bidirectional Encoder Representations from
Transformers (BERT) [13], [14] and Robustly Optimized
BERT Approach (ROBERTa) [15], [16] have demonstrated
strong performance across numerous NLP tasks including
sentiment classification and mental health detection.
Multilingual adaptations and language-specific variants of
these models provide promising opportunities for analyzing
social media text written in Indonesian [17].

Existing research on depression detection using textual
data has predominantly focused on English-language
datasets and controlled experimental environments. Studies
involving Indonesian-language social media remain
relatively limited despite the rapid growth of digital
communication in the region [18]. Several challenges remain
in handling linguistic diversity, informal expressions, and
noise commonly found in Indonesian social media text.
Comparative investigations that examine the effectiveness of
different  Transformer architectures for Indonesian
depression detection tasks are still scarce, particularly those
that analyze the influence of preprocessing strategies and
model robustness in real-world social media data [19], [20].

This study proposes an applied data science approach for
detecting depression symptoms in Indonesian social media
text using Transformer-based models. The research
investigates the performance of two pre-trained language
models, IndoBERT and XLM-RoBERTa, within a multi-
class classification framework representing different levels
of depressive symptoms [21]. Experimental analysis
evaluates the impact of preprocessing strategies on
classification accuracy and predictive stability. Multiple
evaluation metrics including accuracy, precision, recall, F1-

score, and ROC-AUC are used for performance assessment
[22]. Findings from this study provide empirical insights into
the effectiveness of Transformer models for supporting
automated early detection of depression indicators in
Indonesian social media environments [23].

The present study provides several contributions to the
development of computational approaches for mental health
analysis in Indonesian social media environments. A
structured applied data science framework is introduced for
detecting depression symptoms from user-generated textual
data collected from social media platforms [24]. Integration
of social media scraping guided by PHQ-9 indicators with
the publicly available DEPTWEET dataset enables the
construction of a dataset that reflects real-world linguistic
expressions related to depression in Indonesian online
communication [25]. Comparative evaluation between two
Transformer-based language models, INndoBERT and XLM-
RoOBERTH®, is conducted within a multi-class classification
setting that represents different levels of depressive
symptoms [26]. Examination of preprocessing strategies is
also performed in order to analyze how different levels of
text normalization influence contextual representation and
classification performance. Robustness analysis and
pairwise comparison using Cohen’s Kappa further provide
additional insights into model stability and agreement when
processing noisy social media text [27]. Findings from this
study contribute empirical evidence regarding the
effectiveness of Transformer-based models for Indonesian
depression detection tasks and demonstrate the potential of
applied data science methodologies for supporting early
identification of mental health signals in large-scale social
media data [28].

Il. METHOD

A. Dataset Construction

Social media text provides a rich source of linguistic
signals that reflect emotional expressions and psychological
conditions shared by users in online environments [29].
Textual posts written in Indonesian were collected from the
social media platform X through a keyword-based scraping
process, where keywords were derived from indicators in the
Patient Health Questionnaire-9 (PHQ-9), a widely used
instrument for assessing depression symptoms. Linguistic
expressions associated with each PHQ-9 indicator were
identified based on common phrases frequently used in
Indonesian  social media conversations [30]. The
DEPTWEET dataset was incorporated to enrich the diversity
of depression-related textual samples and improve dataset
variability [25], [31]. Data from both sources were integrated
through a structured process involving normalization,
removal of duplicate entries, filtering of incomplete or
irrelevant posts, and alignment of textual formats to ensure
consistency prior to model training.
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Labeling was performed using a rule-based approach
guided by PHQ-9 indicators [34]. Each textual post was
assigned to a depression severity category based on
predefined keyword patterns corresponding to specific PHQ-
9 symptoms. Representative keywords were mapped to each
indicator to capture linguistic expressions commonly
associated with emotional distress in Indonesian social media
communication [35]. This approach enables scalable labeling
for large datasets; however, the contextual nature of language
may introduce ambiguity, as similar expressions can reflect
different emotional intensities depending on usage. PHQ-9
indicators were further used as a conceptual framework for
organizing linguistic expressions into multiple levels of
depression severity, as summarized in Table 1.

TABLE 1.
PHQ-9-BASED KEYWORD CATEGORIES FOR SOCIAL MEDIA DATA
COLLECTION

Depression PHQ-9 Example Keywords

Level Indicator (Indonesian)

Mild 0 kurang gembira, kehilangan
keinginan, tidak ada
kegembiraan, tidak ada tujuan,
tidak ada motivasi

1 kesepian, hari buruk, menangis,
kecewa, merasa sedih

2 kurang tidur, terjaga, tidur
berlebih, aktif malam hari

Moderate 3 lelah, tidak melakukan apa-apa,
malas, lemah

4 nafsu makan buruk, diet, merasa
gemuk

5 tidak berguna, diabaikan, merasa
malu

Severe 6 linglung, tidak fokus,
overthinking

7 cemas, marah, panik, gelisah
8 bunuh diri, menyakiti diri, lebih
baik mati

Keyword-based data collection introduces potential
sampling bias, as posts containing explicit depressive
expressions are more likely to be retrieved compared with
subtle or implicit emotional signals. This limitation may
affect dataset representativeness and the generalizability of
the model in capturing nuanced depression-related language
in social media environments. Class imbalance observed in
the combined dataset was addressed using an undersampling
strategy applied to the majority class in order to produce a
more balanced distribution across depression categories
[[32], [33]. This step reduces model bias toward dominant
classes and supports more reliable learning across multiple
levels of depression severity.

B. Text Pre-processing

Text data collected from social media platforms often
contain informal language structures, abbreviations,
repeated characters, and various forms of textual noise. Raw
social media posts therefore require preprocessing in order
to improve data consistency and reduce irrelevant elements
before being processed by machine learning models [10],
[36]. Preprocessing also helps standardize textual inputs so
that linguistic patterns can be more effectively captured
during model training.

Several preprocessing operations were applied to the
collected dataset. Lowercasing was performed to convert all
characters into a consistent format. URLS, user mentions,
and hashtags were removed because these elements do not
contribute meaningful semantic information for depression
detection. Slang normalization was applied to convert
informal expressions commonly used in Indonesian social
media into their standard forms [37]. Repeated characters
were reduced in order to normalize exaggerated expressions
frequently found in online conversations. Stopword removal
and stemming were also applied to reduce lexical variation
and simplify word representations [38].

Two preprocessing configurations were examined in this
study in order to analyze their influence on model
performance [39]. Normal preprocessing included the full
sequence of operations consisting of lowercasing, noise
removal, slang normalization, stopword removal, and
stemming. Light preprocessing applied only minimal
normalization steps such as lowercasing and basic noise
removal while preserving most of the original linguistic
structure. This configuration was designed to retain
contextual information that may carry emotional signals
relevant for depression detection in Transformer-based
models [40].

C. System Architecture

The proposed system follows an applied data science
pipeline designed for detecting depression symptoms from
Indonesian social media text. The overall architecture
consists of several stages including data collection, text
preprocessing, Transformer-based modeling, and prediction
generation. Each stage plays an important role in
transforming raw textual data into structured representations
that can be processed by machine learning models.

Social media posts collected from the dataset construction
stage are first processed through the text preprocessing
module. This stage removes irrelevant elements and
standardizes the textual format so that meaningful linguistic
patterns can be preserved. Preprocessed text is then
converted into tokenized representations that serve as input
for the Transformer-based language models. Contextual
embeddings generated by the Transformer encoder capture
semantic relationships between words and phrases within
each sentence.

An Applied Data Science Approach for Detecting Depression Symptoms in Indonesian Social Media Text Using
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Feature representations produced by the Transformer
model are subsequently forwarded to a classification layer
that predicts the corresponding depression category. The
output layer produces a multi-class prediction representing
different levels of depression severity derived from the PHQ-
9 indicators. Prediction results generated by the model can be
further analyzed using evaluation metrics and additional
robustness assessments. Figure 1 illustrates the owverall
architecture of the proposed depression detection framework.

D. Transformer Models

Transformer architectures have become a dominant
approach in Natural Language Processing due to their ability
to capture contextual relationships within textual data. Self-
attention mechanisms enable Transformer models to
represent semantic dependencies between words across long
textual sequences [41]. Pre-trained language models built on

this architecture provide contextual embeddings that
significantly improve performance in various text
classification tasks, including sentiment analysis and mental
health detection [26], [42].

Two Transformer-based language models were employed
in this study, namely IndoBERT and XLM-RoBERTa.
IndoBERT is a pre-trained language model specifically
developed for the Indonesian language and trained on large-
scale Indonesian textual corpora. Linguistic representations
produced by IndoBERT are therefore well adapted to the
vocabulary, grammar, and contextual patterns commonly
found in Indonesian text. XLM-RoBERTa is a multilingual
Transformer model trained on a large multilingual corpus
covering numerous languages. Multilingual training enables
the model to capture cross-lingual semantic patterns while
still maintaining strong contextual understanding for
individual languages [43].
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Figure 1. Overall Architecture of the Proposed Depression Detection Framework
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Fine-tuning was performed by adapting each pre-trained
Transformer model to a multi-class classification task
representing different levels of depression severity.
Tokenized input text was processed through the Transformer
encoder to generate contextual feature embeddings [44],
[45]. A classification layer was added on top of the encoder
output in order to map these representations into depression
categories derived from PHQ-9 indicators. Model parameters
were updated during training so that the Transformer
representations could be optimized for detecting depression-
related linguistic signals in Indonesian social media text [46].

E. Model Training Procedure

Model training was performed through a fine-tuning
process using the labeled dataset generated during the dataset
construction stage. Pre-trained Transformer models were
adapted to the depression classification task by updating
model parameters based on the training data [47], [48]. Fine-
tuning enables the contextual representations learned during
large-scale pretraining to be adjusted for identifying
linguistic patterns related to depression symptoms in
Indonesian social media text [49]. The dataset was
partitioned into training, validation, and testing subsets to
ensure reliable model evaluation, where the training set was
used for parameter learning, the validation set for model
tuning, and the testing set for final performance assessment.

Hyperparameter screening was conducted to determine the
optimal training configuration for each model. Several
combinations of batch size, learning rate, and weight decay
were evaluated during the screening stage [50]. Each
configuration was trained on the training dataset and
evaluated using the validation dataset in order to identify
parameter settings that produced the best classification
performance. This approach ensures that model selection is
not biased toward the test data and helps prevent overfitting
during the training process.

Final model training was conducted using the best
hyperparameter configuration obtained from the screening
stage. The models were trained for a fixed number of epochs
using the training dataset, while performance was
continuously monitored using validation metrics. The final
evaluation was performed on the unseen test dataset to
provide an unbiased estimate of model performance. This
training procedure enables the models to learn contextual
representations that capture linguistic signals associated with
different levels of depression severity in Indonesian social
media text [51], [52].

F. Evaluation Metrics

Performance evaluation was conducted to assess the
effectiveness of the Transformer-based models in detecting
depression symptoms from Indonesian social media text
[53]. Several quantitative metrics commonly used in text
classification tasks were employed to evaluate the predictive
performance of the models. These metrics include accuracy,

precision, recall, and Fl-score, which provide
complementary perspectives on classification capability
across multiple classes [54].

Accuracy measures the proportion of correctly predicted
instances among the total number of predictions produced by

the model [55]. The accuracy score is calculated as:

4 _ TP+ TN )

CUraY = TP Y FP+ TN + FN

where TP represents true positives, TN represents true
negatives, FP represents false positives, and FN represents
false negatives.
Precision reflects the proportion of correctly predicted
positive instances among all instances predicted as positive.
Recall measures the ability of the model to correctly identify
relevant instances belonging to a particular class [56]. These
metrics are defined as:

procioion = TP
recision = TP n Fp
2
Recall P
€Cat = TP FN

The F1-score represents the harmonic mean of precision and
recall and is commonly used to evaluate classification
performance when class distribution is imbalanced.

2 X precision X recall
F1 —score = — 3
precision + recal

Additional evaluation was conducted using confusion matrix
analysis and Receiver Operating Characteristic Area Under
Curve (ROC-AUC). Confusion matrix analysis provides
detailed information about classification errors across
different depression categories, while ROC-AUC measures
the discriminative capability of the model across
classification thresholds [57].

G. Robustness Analysis

Robustness analysis was conducted to evaluate the
stability of the Transformer-based models when processing
noisy or modified textual inputs [10]. Social media text

frequently contains spelling variations, punctuation
irregularities, abbreviations, and informal linguistic
expressions that may influence model predictions.

Evaluation of model robustness therefore provides insights
into the ability of the models to maintain consistent
classification performance when the input text undergoes
minor perturbations [58].

Several perturbation strategies were applied to simulate
common forms of textual noise observed in social media
communication [59]. Character-level modification was
introduced through random character swapping within
selected words in order to imitate typographical errors
frequently produced in informal online writing. Punctuation
perturbation was also applied by inserting random
punctuation symbols into the text to reflect stylistic
variations often present in social media posts [28].
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Lexical variation was further simulated through synonym
replacement, where selected words were substituted with
semantically similar expressions [29]. This modification
preserves the overall meaning of the sentence while altering
its surface representation. Performance of the models under
these perturbation conditions was evaluated using the same
classification metrics employed in the primary experiments.
Robustness analysis therefore provides additional evidence
regarding the reliability of the Transformer models when
handling noisy Indonesian social media text [30], [60].

H. Pairwise Model Agreement

Pairwise model agreement analysis was conducted to
examine the consistency between predictions produced by
different Transformer models when processing the same
textual inputs [61], [62]. Agreement analysis provides
additional insight beyond standard performance metrics by
evaluating how similarly the models classify each instance in
the dataset. Consistency between model predictions indicates
that both models capture similar linguistic patterns associated
with depression-related expressions[63].

Cohen’s Kappa coefficient was employed to measure the
level of agreement between the predictions generated by
IndoBERT and XLM-RoBERTa [26], [64]. This statistical
measure accounts for the possibility of agreement occurring
by chance, making it more reliable than simple percentage
agreement. The coefficient is calculated using the following
formulation:

Po - Pe
T 1+P,

where P, represents the observed agreement between the two
models, while P, represents the expected agreement that may
occur randomly. Higher values of the Kappa coefficient
indicate stronger agreement between the classification results
produced by the models [65].

(4)

TABLE 2.

INTERPRETATION OF COHEN’S KAPPA VALUES
Kappa Value | Interpretation
0.00-0.20 None
0.21-0.39 Minimal
0.40 - 0.59 Weak
0.60 -0.79 Moderate
0.80—0.90 Strong
>0.90 Almost Perfect

Interpretation of the Kappa coefficient follows commonly
accepted agreement categories used in classification analysis
[66]. These categories provide qualitative descriptions of
agreement strength ranging from no agreement to almost
perfect agreement. Table 2 presents the interpretation ranges
used for evaluating the agreement between the two models.

I11. RESULTS AND DISCUSSIONS

A. Dataset Distribution

Dataset distribution analysis was conducted to examine
the class composition of the collected textual data before and
after preprocessing and class balancing procedures.
Understanding the distribution of depression categories is
important because highly imbalanced datasets may lead to
biased model predictions and reduced classification
performance. In multi-class classification tasks, imbalance
can cause the model to overfit toward dominant classes while
underrepresenting minority classes, particularly those
associated with moderate and severe depression levels.
Visualization of class distribution therefore provides critical
insights into how the dataset was constructed and how it may
influence model learning behavior.

Figure 2 illustrates the initial class distribution of the
DEPTWEET dataset, where the non-depression class
dominates the dataset while other categories contain
significantly fewer instances. This imbalance reflects real-
world conditions in which explicit expressions of severe
depression are relatively rare compared with neutral or non-
depressive content. However, such distribution poses
challenges for machine learning models, as the model may
develop a bias toward predicting the majority class, leading
to reduced sensitivity in detecting minority classes. Figure 3
presents the class distribution obtained from the keyword-
based scraping process after filtering procedures were
applied. The integration of scraped data with the
DEPTWEET dataset increases the diversity of linguistic
expressions, particularly for depression-related categories,
although it may still retain certain biases toward explicitly
expressed emotional content.

Persebaran Kelas Sebelum Undersampling
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Figure 2. Class Distribution of the DEPTWEET Dataset Before
Undersampling
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Figure 3. Class Distribution of Scraped Social Media Data

Class balancing was subsequently performed using an
undersampling strategy applied to the majority class, as
illustrated in Figure 4. This approach reduces the dominance
of the majority class and produces a more uniform
distribution across depression categories. A more balanced
dataset enables the Transformer models to learn decision
boundaries more effectively across all classes, particularly
for intermediate categories that exhibit higher linguistic
ambiguity. However, undersampling may also reduce the
overall volume of training data, potentially limiting the
richness of contextual patterns learned by the model. Despite
this trade-off, the balancing process contributes to improved
model fairness and more reliable classification performance
across different levels of depression severity.

Model training experiments were conducted to evaluate
the performance of IndoBERT and XLM-RoBERTa under
different preprocessing configurations. Hyperparameter
screening was performed to determine the optimal
combination of batch size, learning rate, and weight decay
for each model. The screening results are summarized in
Table 3 and Table 4 for normal preprocessing and light
preprocessing respectively. The results indicate that different
Transformer architectures require distinct parameter
configurations to achieve optimal performance, reflecting
differences in model capacity and training dynamics.

INdoBERT achieved its best performance using a smaller
batch size and relatively higher learning rate, suggesting that
the model benefits from more frequent parameter updates
when learning language-specific representations. In contrast,
XLM-RoBERTa performed better with a larger batch size
and non-zero weight decay, indicating that regularization
plays a more important role in stabilizing training for
multilingual ~ representations.  Light  preprocessing
consistently produced higher F1-score and accuracy values
compared with normal preprocessing. This improvement can
be attributed to the preservation of contextual and expressive
linguistic features in social media text, such as informal
structure, repetition, and emotionally rich phrases.
Transformer-based models rely heavily on contextual
embeddings; therefore, excessive normalization through
stemming and stopword removal may distort semantic
relationships and reduce the model’s ability to capture
nuanced emotional signals

Persebaran Kelas Setelah Undersampling TABLE 3
1299 1299 1295 HYPERPARAMETER SCREENING RESULTS USING NORMAL PREPROCESSING
Model Batch | Learning | Weight F1- Acc
Size Rate Decay score
IndoBERT | 8 3 0.00 0.7561 | 0.7000
§ XLM- 16 2x10° 0.01 0.7295 | 0.7307
3 RoOBERTa
h TABLE 4
HYPERPARAMETER SCREENING RESULTS USING LIGHT PREPROCESSING
Model Batch Learning Weight F1- Acc
Size Rate Decay score
: : : IndoBERT | 8 2x10° 0.0 0.7988 | 0.7982
Tidak Depresi Depresi Ringan Depresi Sedang Depresi Berat XLM— 16 3 X 10_5 001 07804 07809
Figure 4. Final Dataset Distribution After Undersampling RoBERTa
B. Model Training Results
TABLE 5
FINAL MODEL PERFORMANCE USING NORMAL PREPROCESSING
Model Test Test F1 Validation Validation F1-Class 0 F1-Class 1 F1-Class 2 F1-Class 3
Accuracy Accuracy F1
IndoBERT 0.76 0.76 0.75 0.75 0.75 0.64 0.73 0.88
XLM- 0.70 0.70 0.76 0.76 0.76 0.67 0.74 0.88
ROBERTa
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TABLE 6
FINAL MODEL PERFORMANCE USING LIGHT PREPROCESSING

Model Test Accuracy Test F1 Validation Validation F1-Class 0 F1-Class 1 F1-Class 2 F1-Class 3
Accuracy F1
IndoBERT 0.76 0.76 0.78 0.78 0.80 0.70 0.74 0.88
XLM-RoBERTa 0.77 0.77 0.79 0.79 0.78 0.71 0.77 0.90

Final model training was subsequently conducted using
the optimal hyperparameter configurations obtained from the
screening stage. Table 5 and Table 6 present the final
performance results for normal preprocessing and light
preprocessing respectively. Performance comparison shows
that XLM-RoBERTa combined with light preprocessing
achieved the best overall results with a test accuracy of 0.77
and an F1-score of 0.77. This result suggests that multilingual
pretraining enables the model to capture more diverse
semantic patterns, which is advantageous when processing
noisy and informal social media text. Class-wise F1-score
analysis further indicates that both models perform better in
detecting extreme depression categories, particularly Class 0
and Class 3, where linguistic signals tend to be more
distinctive. In contrast, intermediate classes remain more
challenging due to overlapping semantic characteristics and
ambiguity in emotional expression, which makes fine-
grained classification more difficult.

C. Classification Performance Analysis

Classification performance analysis was conducted to
examine how effectively the Transformer models distinguish
between different levels of depression severity in Indonesian
social media text. Confusion matrix visualization and ROC-
AUC analysis were used to provide detailed insights into
prediction patterns and the discriminative capability of the
models across different classes. These evaluation approaches
enable a deeper understanding of how the models handle
class imbalance and semantic ambiguity in multi-class
depression classification.

Confusion matrix results for both models using normal
preprocessing are presented in Figure 5 and Figure 6. The
matrices indicate that both IndoBERT and XLM-RoBERTa
perform well in predicting extreme classes, particularly Class
0 and Class 3, which represent non-depression and severe
depression categories. Linguistic signals associated with
these classes tend to be more distinctive and explicit,
allowing the models to identify them more accurately. In
contrast, misclassification occurs more frequently between
intermediate classes, especially Class 1 and Class 2, where
textual expressions often share overlapping emotional
characteristics. This ambiguity makes it more difficult for the
models to establish clear decision boundaries, leading to
increased classification errors in these categories.

100
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- 40

-20

Predicted

Figure 5. Confusion Matrix of IndoBERT with Normal Preprocessing
100
80

- 60

-40

-20

Predicted

Figure 6. Confusion Matrix of XLM-RoBERTa with Normal
Preprocessing

Figures 7 and 8 present the confusion matrices obtained
using light preprocessing. Performance improvements can
be observed in several classes, particularly in the
classification of Class 1 and Class 2. Preservation of
contextual linguistic structures during light preprocessing
appears to help the Transformer models capture subtle
emotional signals embedded in social media text. Informal
expressions, repetition, and contextual cues that are retained
in light preprocessing contribute to richer semantic
representations, which are essential for distinguishing
nuanced differences between moderate depression levels.
XLM-RoBERTa demonstrates stronger performance in
detecting higher depression levels, suggesting that
multilingual contextual representations enhance sensitivity
to more complex emotional patterns, while IndoBERT
shows relatively better performance in identifying lower
severity categories due to its stronger adaptation to
Indonesian linguistic structures.
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Figure 7. Confusion Matrix of IndoBERT with Light Preprocessing
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Figure 8. Confusion Matrix of XLM-RoBERTa with Light Preprocessing
Additional evaluation using ROC-AUC analysis further
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Figure 10. ROC-AUC Curve of XLM-RoBERTa with Normal
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Figures 11 and 12 present the ROC-AUC results obtained
with light preprocessing. Overall AUC scores increase
compared with normal preprocessing, reinforcing the
importance of preserving contextual information in
Transformer-based classification. XLM-RoBERTa with
light preprocessing demonstrates the most stable
classification performance across all depression categories,
indicating that the multilingual Transformer architecture can
effectively capture diverse semantic patterns present in
Indonesian social media text, even under conditions of
linguistic variability and noise.

highlights the discriminative capability of the models.
Figures 9 and 10 illustrate the ROC-AUC curves for
IndoBERT and XLM-RoBERTa under normal preprocessing
conditions. Both models achieve high AUC values for
extreme classes, particularly the severe depression category,
indicating strong capability in distinguishing clearly defined
emotional states. However, relatively lower AUC values for
intermediate classes suggest that these categories remain
more challenging due to semantic overlap and variability in
expression.
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Figure 12. ROC-AUC Curve of XLM-RoBERTa with Light Preprocessing
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D. Robustness and Model Agreement Analysis

Robustness evaluation was conducted to examine the
stability of the Transformer models when processing noisy or
perturbed textual inputs. Social media text frequently
contains typographical errors, punctuation variations, and
lexical substitutions that may affect model predictions.
Robustness analysis therefore provides insights into how
well the models maintain classification performance under
such perturbation conditions and how resilient their

contextual representations are when facing variations
commonly found in real-world social media data.
TABLE 7
ROBUSTNESS ANALYSIS RESULTS USING NORMAL PREPROCESSING
Model Perturbation Noisy Noisy F1-
Type Accuracy score
IndoBERT Character swap 0.722 0.722
Random 0.733 0.734
punctuation
Synonym 0.743 0.743
replacement
XLM- Character swap 0.679 0.678
RoBERTa
Random 0.710 0.710
punctuation
Synonym 0.702 0.702
replacement

Table 7 presents the robustness results obtained using
normal preprocessing. IndoBERT demonstrates relatively
stronger stability across all perturbation types compared with
XLM-RoBERTa. Performance degradation is more visible in
the XLM-RoBERTa model when character-level noise is
introduced, suggesting that multilingual tokenization may be
more sensitive to disruptions in word structure. Character
swapping alters subword segmentation, which can
significantly affect embedding generation in Transformer
models.

TABLE 8
ROBUSTNESS ANALYSIS RESULTS USING LIGHT PREPROCESSING
Model Perturbation Noisy Noisy F1-
Type Accuracy score
IndoBERT Character swap 0.749 0.749
Random 0.770 0.770
punctuation
Synonym 0.766 0.766
replacement
XLM- Character swap 0.766 0.767
RoBERTa
Random 0.779 0.780
punctuation
Synonym 0.760 0.760
replacement
Synonym replacement produces the highest noisy

performance among the tested perturbations, indicating that

semantic preservation within the sentence allows the models
to maintain prediction accuracy even when lexical variations
occur. This finding highlights that Transformer models are
more robust to semantic-level variations than to structural
noise that disrupts token-level representations.

Results obtained from light preprocessing are summarized
in Table 8. Both models exhibit improved robustness
compared with the normal preprocessing configuration.
Preservation of contextual linguistic structures in light
preprocessing contributes to more stable semantic
representations, allowing the models to better tolerate
perturbations. XLM-RoBERTa achieves the highest noisy
accuracy and F1-score under punctuation perturbation,
suggesting that its multilingual training enhances robustness
to stylistic variations commonly found in informal text.
INdoBERT also maintains consistent performance across
perturbation variants, indicating strong adaptation to
Indonesian linguistic  patterns, although its overall
performance remains slightly lower than XLM-RoBERTa in
this configuration.

TABLE 9
PAIRWISE MODEL AGREEMENT BASED ON COHEN’S KAPPA

Preprocessing Type | Cohen’s Kappa | Interpretation
Normal Preprocessing | 0.7219 Moderate
Light Preprocessing 0.7453 Moderate

Pairwise agreement analysis between the two models was
further conducted using Cohen’s Kappa coefficient. Table 9
presents the agreement scores obtained under both
preprocessing settings. The Kappa values indicate moderate
agreement between IndoBERT and XLM-RoBERTa
predictions, suggesting that while both models capture
similar high-level patterns in depression-related language,
they differ in handling ambiguous or context-dependent
cases. Light preprocessing produces a slightly higher
agreement score compared with normal preprocessing,
indicating that preserving contextual information leads to
more consistent classification behavior across models. This
result further supports the importance of maintaining
linguistic context in Transformer-based approaches for
detecting nuanced emotional signals in social media text.

1V. CONCLUSION

Findings from this study demonstrate that Indonesian
social media text can serve as a valuable data source for
identifying depression-related linguistic signals through
computational analysis. Integration of the DEPTWEET
dataset with social media data collected using PHQ-9-based
keywords enables the construction of a dataset suitable for
multi-class depression detection. Experimental evaluation
shows that preprocessing strategies significantly influence
model performance. Light preprocessing consistently
produces better results compared with normal preprocessing
because contextual linguistic structures remain preserved for
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Transformer-based models. Performance comparison further
indicates that XLM-RoBERTa combined with light
preprocessing achieves the best overall classification
performance, while IndoBERT shows relatively strong
capability in identifying lower severity depression
categories.

Several limitations should be acknowledged in this study.
Dataset size and class distribution remain constrained by the
availability of depression-related expressions in Indonesian
social media posts, which may influence model
generalization capability. Informal language variations and
contextual ambiguity in social media text also create
challenges in accurately distinguishing intermediate
depression categories. Future research may explore larger
and more diverse datasets, investigate advanced architectures
or ensemble approaches, and incorporate additional
contextual information such as temporal posting patterns or
user interaction signals. Practical implementation of the
proposed framework may support early-stage monitoring of
mental health signals within large-scale social media
environments, enabling researchers and mental health
professionals to identify potential emotional trends and
develop data-driven strategies for preventive mental health
interventions.
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