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e ABSTRACT

Depression is a major global health concern. Recent studies suggest that language used on
social media may reveal early signs of psychological distress before individuals seek formal
clinical support. The objective of this study was to develop and evaluate transformer-based
natural language processing models for detecting depressive risk signals in long-form Reddit
posts using the ERISK2025 dataset. A traditional TF-IDF representation combined with
Logistic regression served as the baseline and was compared with BERT-base and the emotion-
aware Emotion-RoBERTa model under identical experimental conditions. Model performance
was assessed using accuracy, risk-class recall, macro-F1, AUC, and confusion-matrix-based
error distribution. Emotion-RoBERTa achieved the highest overall accuracy (0.76) and the
strongest sensitivity to high-risk users with a risk-class recall of 0.91 and the lowest false-
negative rate among the tested models. BERT-base showed moderate performance.
The TF-IDF baseline was weakest at identifying high-risk cases. These findings indicate that
emotion-aware language representations can improve early detection of depression risk
in social media text and may identify wvulnerable users more reliably than traditional
text-representation methods. The results also indicate that model evaluation in this setting
should rely on clinically meaningful metrics rather than accuracy alone. Future work should
consider larger datasets together with temporal patterns in user posts and ethical constraints
related to real-world mental health screening.

Keywords: Depression detection, Reddit, eRisk2025, TF-IDF; BERT-base,
Emotion-RoBERTa
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I. INTRODUCTION

Over the past decade, social media has become deeply integrated into everyday life.
Large proportions of the global population now depend on online platforms for communication,
information exchange, and self-expression (Chaffey, 2025, Online; Pew Research Center,
2025, Online). In Thailand, national statistics report high levels of internet and mobile phone
use, particularly after the COVID-19 pandemic shifted many activities into digital environments
(National Statistical Office of Thailand, 2025, p. 33). During periods of social distancing, social
media was widely used to share experiences, concerns, and uncertainty, making these platforms
a primary space for emotional expression and social support (Tsao et al., 2021, p. 184;
Handayani et al., 2023, p. 8). Platform features such as status updates, comments, and reactions
allow users to express feelings quickly and respond to others in real time, creating conditions
where emotional content spreads easily (Steinert & Dennis, 2022, pp. 11-13; Chen et al., 2022,
p. 61). Prior studies show that online language can reflect psychological conditions, including
depression, social exclusion, and bullying among adolescents (Ophir et al., 2019, pp. 3-4), and
emotional changes can be observed in online discussions during recovery from substance use
(Yang et al., 2023, p. 2). These findings suggest that social media data may reveal signs of
distress before individuals seek formal help.

Depression is a major global health problem, affecting a large number of people and
contributing substantially to disability and suicide worldwide (WHO, 2025a, Online). Recent
estimates indicate that depressive and anxiety disorders account for a significant share of
disability-adjusted life years and have increased steadily over the past decades (Fan et al., 2025,
pp- 8-10). Many cases remain undiagnosed or untreated, leading to functional impairment and
economic burden (Yoch & Sirull, 2021, Online; Proudman et al., 2021, p. 620). Social and
economic pressures, including chronic stress, loss, and inequality, are associated with the onset
and progression of depressive symptoms (Reddy, 2010, pp. 1; Moreno-Agostino et al., 2021,
p. 241). In Thailand, mental health reports show rising levels of stress and depression risk,
especially among young people, while access to mental health services remains limited (WHO,
2025b, Online; Bangkok Post, 2022, Online; Munthuli et al., 2023, p. 3; National Health
Security Office, 2023, Online). Stigma toward mental illness also discourages help-seeking
behaviour (Pruksarungruang & Rhein, 2022, p. 2). In such conditions, individuals often express
emotional distress online before contacting health professionals, making social media a useful
source of early indicators.

Recent research has explored the use of natural language processing and machine learning
to identify depressive signals in social media text. Patterns of sadness, hopelessness, and
loneliness in online posts have been used to predict depression with promising results. Social
media data are suitable for early detection because they are abundant, time-stamped, and reflect
real-world communication. Advances in deep learning have improved the ability to extract
emotional features from large text corpora, but several challenges remain. Social media
language is informal and often includes slang, spelling variation, sarcasm, and code-switching,
which can obscure emotional meaning (Alaramma et al., 2023, p. 77). Emojis and special
characters also add complexity to interpretation (Algahtani et al., 2023, p. 325). Many earlier
studies relied on short texts, small datasets, or simple binary labels, which limit the detection
of subtle psychological states (Salas-Zarate et al., 2022, p. 2; Ahmed et al., 2022, p. 5; Bao et
al., 2025, p. 1). Long-form platforms such as Reddit provide richer narratives that allow
observation of emotional change over time, and the eRisk dataset offers longitudinal posts
labelled using validated self-report instruments for research on early risk detection (Boettcher,
2021, pp. 2-3; Bao et al., 2025, p. 1). These characteristics make long-form data suitable for
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testing transformer-based models designed to capture contextual and emotional information in
text (Triantafyllopoulos et al., 2023, p. 3; Bokolo & Liu, 2023, p. 9; Zhang et al., 2022, pp. 46-47).
Based on these considerations, this study investigates the effectiveness of transformer-based
classification models for detecting depressive risk signals in long-form Reddit posts using the
ERISK2025 dataset. The research compares three model conditions under identical experimental
settings. The first condition is a traditional baseline that combines TF-IDF features with
Logistic regression. The second is the general-purpose BERT-base transformer. The third is
the emotion-aware Emotion-RoBERTa model. The comparison gives particular attention to
performance measures that are relevant for early screening. These include recall for high-risk
users and reduction of false-negative predictions. In addition, the study applies a multi-metric
evaluation framework, including accuracy, macro-F1, recall, and AUC, in order to provide a
more clinically meaningful interpretation of model performance in early depression risk detection.

II. LITERATURE REVIEW

Recent studies have examined the use of natural language processing and machine learning
for detecting depression from textual data, particularly from social media where users often
express emotions and personal experiences. Automated text analysis has been proposed as an
alternative to traditional screening methods based on interviews and questionnaires, allowing
large volumes of text to be analysed for linguistic patterns associated with depressive
symptoms (Teferra et al., 2024, pp. 1-2). Transformer-based language models such as BERT
and related architectures have been widely used because they capture contextual relationships
more effectively than feature-based approaches, and domain-adapted models trained on
mental-health corpora have shown improved ability to detect emotional cues in informal
language (Mao & Han, 2025, p. 6). Comparative studies also report that traditional machine
learning algorithms, including logistic regression and support vector machines, can perform
competitively depending on dataset size, class balance, and feature representation, which
makes multi-metric evaluation necessary for reliable comparison (Ding et al., 2025, p. 1; Mao
& Han, 2025, pp. 8-9). Other research shows that combining contextual embeddings with
additional linguistic or behavioural information, as well as applying balancing techniques, can
improve classification performance when analysing social-media text (Kerasiotis et al., 2024, p. 1;
Qasim et al., 2025, p. 4; Zhang et al., 2024, pp. 6-8).

Taken together these studies establish that transformer models can detect depressive language
in social media text and that domain adaptation tends to improve sensitivity to emotional cues.
Two methodological questions remain less settled. The first concerns long-form posts because
extended writings place greater demands on context handling than the short texts examined in
much prior work. The second concerns emotionally nuanced modelling because the added
value of emotion-aware pretraining over general contextual representation is not yet clear under
directly comparable conditions. Simpler classifiers also remain competitive under some data
conditions which further complicates model selection. The present study addresses these
unresolved points by comparing a traditional baseline with general-purpose and emotion-aware
transformers on long-form Reddit text under identical conditions and by evaluating the models
with multiple metrics.

The present research is based on previous findings comparing traditional classifiers and
transformer-based models for depression detection, particularly studies showing that contextual and
emotion-aware representations may improve the identification of risk-related language in
social-media text, while simpler models may still provide stable performance under certain
data conditions (Kuzmin et al., 2025, p. 34535). Research using long-form data from platforms
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such as Reddit indicates that extended text provides richer emotional context, which supports
the use of transformer architectures for risk detection (Qasim et al., 2025, pp. 3-4; Zhang et al.,
2024, p. 3). Prior work also shows that evaluation based only on accuracy may not reflect true
model behaviour, especially when class imbalance and false-negative errors are present, and
therefore multiple metrics should be used for reliable comparison (Bokolo & Liu, 2023, p. 11).
Based on these findings, the present study proposes three hypotheses: that an emotion-aware
transformer model will achieve higher recall for the depressive risk class than a general-
purpose transformer model (H1), that the emotion-aware model will produce fewer false-
negative predictions in long-form text classification (H2), and that differences in model
performance will be more clearly identified when multiple evaluation metrics such as accuracy,
macro-F1, recall, and AUC are used instead of accuracy alone (H3).

III. RESEARCH METHODOLOGY

This study employed a quantitative experimental design with a comparative approach to
evaluate the performance of deep learning—based natural language processing models for
detecting depressive signals in social media text. A cross-sectional framework was used to
analyse patterns of emotional expression within a defined time period and to ensure a fair
comparison between models under identical conditions (Teferra et al., 2024, p. 12). The data
source was the ERISK2025 benchmark dataset, which contains 11,042 English-language text
instances derived from longitudinal Reddit user writings for early mental health risk research.
Each instance was labeled as risk or non-risk. To maintain reproducibility and class balance,
the dataset was divided using a stratified procedure into 8,833 instances for training and 2,209
instances for testing, preserving the original distribution (risk = 55.4%, non-risk = 44.6%).
This corresponds to an approximately 80:20 train/test partition in which the test set was held
out from model development and used only for final evaluation. Included texts were required
to be written in English, contain interpretable emotional content, and exceed a minimum
length, while posts consisting only of links, symbols, advertisements, duplicated content, or
very short messages without clear emotional meaning were excluded to reduce noise during
model training (Salas-Zarate et al., 2022, p. 4; Ahmed et al., 2022, p. 6).

Data processing and analysis were performed using Python. Text preprocessing and model
implementation were conducted with the HuggingFace Transformers library together with
PyTorch. A TF-IDF + Logistic Regression classifier was implemented as a traditional
machine-learning baseline using the same stratified train/test partition to provide a direct
comparison with the transformer-based models. Two transformer-based language models
were evaluated: BERT-base (uncased) as a general-purpose pretrained model and Emotion-
RoBERTa as a model pretrained on mental health—related text. Both models were adapted for
binary classification using the same classification head to allow direct comparison (Bokolo &
Liu,2023, p. 7; Qasim et al., 2025, The ERISK2025 dataset was constructed from longitudinal
Reddit posts provided by users who participated voluntarily in standardized mental health
assessments. Risk labels were assigned from validated self-report questionnaires, including
the Beck Depression Inventory (BDI), rather than clinical diagnosis, so the labels indicate
elevated depressive risk rather than confirmed disorder (Bao et al., 2025, p. 2). Therefore, the
labels used in this study represent depressive risk identified through screening instruments
rather than confirmed clinical diagnoses.Text data were cleaned, deduplicated, and
standardised before tokenisation. Inputs were prepared using padding, truncation, and
attention masks, with a fixed maximum sequence length of 256 tokens. Texts longer than this
limit were truncated, and shorter texts were padded to ensure consistent batch processing.

International Journal of Industrial Education and Technology http://doi.org/10.55003/IJIET.8109 DJIET &(1)



86
Janon and Chaiwuttisak (2026)

Model development and evaluation used the same stratified partition of 8,833 training
instances and 2,209 testing instances described above. The train/test split was generated with
the class label used for stratification and random_ state = 42 specified for the split procedure.
Separating data into distinct training and evaluation sets follows established practice in text-
classification research (Kowsari et al., 2019, p. 4; Wang, 2023, pp. 93-96). Both models were
fine-tuned with the AdamW optimiser, learning rate 2 x 1075, batch size 16, and 3 training
epochs. A linear learning-rate scheduler with warmup (ratio = 0.1) was applied, and all
settings were kept identical for both models to maintain a controlled comparison.
Model performance was evaluated on the test set using accuracy, recall, F1-score, AUC, and
confusion-matrix-based error distribution, with macro or weighted F1 reported when class
imbalance occurred, and confusion matrices were used to analyse classification errors (Bokolo
& Liu, 2023, p. 12; Teferra et al., 2024, p. 9).

IV. RESULTS

The ERISK2025 dataset used in this study contained 11,042 text instances. To ensure fair
evaluation, the data were divided using a stratified split into 8,833 documents for training and
2,209 documents for testing while preserving the original label distribution. The proportion of
texts labelled as risk was 55.4%, whereas 44.6% were labelled as non-risk. Model
performance on the held-out test set was reported using accuracy, risk-class recall, macro-F1,
AUC, and confusion-matrix-based error distribution to provide both threshold-dependent and
threshold-independent assessment. Each evaluation metric was linked to one of the study
hypotheses. Recall for the risk class served as the primary indicator for H1 because it
measures the proportion of high-risk users that a model identifies. False-negative counts from
the confusion matrices served as the indicator for H2 because they record missed high-risk
cases directly. The combined use of accuracy, risk-class recall, macro-F1, AUC, and error
distribution addressed H3 because performance differences among models are identified more
clearly with multiple metrics than with accuracy alone. Table 1 presents the dataset summary and
class distribution.

Table 1: Dataset summary and class distribution

Item Count
Total documents 11,042
Train set 8,833
Test set 2,209
Non-risk 4,925 (44.6%)
Risk 6,117 (55.4%)

The performance of the evaluated models on the test set is shown in Table 2, including the
TF-IDF + Logistic regression baseline, BERT-base, and Emotion-RoBERTa. Evaluation
focused on accuracy, macro-F1, recall for the risk class, and AUC. Emotion-RoBERTa
achieved the highest recall for the risk class (0.91), followed by BERT-base (0.88) and the
baseline model (0.81). Overall accuracy values were 0.69 for TF-IDF + Logistic regression,
0.75 for BERT-base, and 0.76 for Emotion-RoBERTa. The hypothesis mapping is therefore
interpreted from the main held-out test-set results in Table 2 and the error-distribution results
in Table 3, rather than from a separate additional comparison table.
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Table 2: Performance comparison across models

Model Accuracy Precision Recall Macro-F1 AUC
TF-IDF + Logistic 0.69 - 0.81 (Risk) 0.67 0.75
regression
BERT-base 0.75 - 0.88 (Risk) 0.73 0.82
Emotion-RoBERTa 0.76 - 0.91 (Risk) 0.74 0.82

Receiver Operating Characteristic (ROC) curves for the three models are shown in Figures
1-3. The baseline model produced an AUC of 0.75, indicating moderate discrimination ability.
The BERT-base model achieved an AUC of 0.82, showing improved separability between risk
and non-risk instances. Emotion-RoBERTa also produced an AUC of 0.82 with a curve closer
to the upper-left corner, indicating stronger sensitivity across thresholds.
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Figure 1: ROC curve of the TF-IDF + Logistic regression model on the test set
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Figure 2: ROC curve of the BERT-base model on the test set
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Figure 3: ROC curve of the emotion-RoBERTa model on the test set
Error distribution across models is summarised in Table 3, including true positives, false
positives, false negatives, and true negatives. The baseline model produced 228 false negatives
and 458 false positives. BERT-base reduced false negatives to 143 and false positives to 407.
Emotion-RoBERTa produced the lowest number of false negatives (109) with 431 false
positives. These results show differences in classification outcomes across models and provide
additional information on prediction behaviour in the test set.

Table 3: Summary of FN / FP of three models

Model TP FP FN TN
Baseline (TF-IDF + LR) 996 458 228 527
BERT-base 1081 407 143 578
Emotion-RoBERTa 1115 431 109 554

V. CONCLUSION AND DISCUSSION

The study evaluated the effectiveness of different natural language processing approaches
for detecting depressive risk in social media text using the ERISK2025 dataset. The comparison
included a TF-IDF + Logistic regression baseline, the BERT-base model, and the Emotion-
RoBERTa model, with performance assessed using accuracy, recall, macro-F1, AUC, and error
distribution. The results showed that Emotion-RoBERTa achieved the highest recall for the
risk class and the lowest number of false-negative predictions, indicating stronger sensitivity
to high-risk language than the other models. The results also show that model selection should
not rely on accuracy alone. The TF-IDF + Logistic regression model remains a useful traditional
baseline because it provides an interpretable comparison point. However, BERT-base improved
over the baseline in accuracy, risk-class recall, macro-F1, and AUC, while Emotion-RoBERTa
provided the strongest risk-class recall and the lowest false-negative count. For depression-risk
screening, model selection should therefore consider risk-class recall, false negatives, macro-F1,
AUC, and error distribution rather than overall accuracy alone. The analysis also confirmed
that evaluating models with multiple metrics provided a clearer understanding of performance
than relying on accuracy alone, particularly when class imbalance and safety-related errors
were considered. Error distribution analysis further showed that the emotion-aware model
minimized missed high-risk cases, whereas the baseline model produced the highest number
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of false negatives. These findings indicate that model evaluation in depression risk detection
should consider both aggregate metrics and error patterns to obtain reliable results.

The findings indicate that the emotion-aware transformer model provided stronger performance
in detecting depressive risk signals than the general-purpose transformer architecture, as
Emotion-RoBERTa showed higher recall for the risk class and a more balanced macro-F1
score, reflecting improved sensitivity to psychologically vulnerable users. This result is consistent
with previous studies reporting that transformer architectures can capture richer semantic and
affective information from text, while domain-adapted or emotionally trained models may better
detect subtle psychological expressions in social media language (Mao & Han, 2025, pp. 1-3;
Kuzmin et al., 2025, p. 34542). The comparison between Logistic Regression and BERT also
suggests that higher model complexity does not always result in more stable classification
performance. Although BERT-base achieved better overall evaluation scores, the TF-IDF +
Logistic Regression baseline remained competitive and provided consistent results under the
same experimental conditions. This finding supports previous studies indicating that simpler
classifiers may remain effective when feature representations are informative and class
distributions are relatively stable. Therefore, model selection in mental health NLP should
consider not only predictive performance but also interpretability, computational efficiency,
and deployment requirements. In addition, the results confirm that multi-metric evaluation
provides a more reliable interpretation of model behaviour than accuracy alone, because recall,
macro-F1, and AUC revealed differences in class detection and error distribution that were not
visible from accuracy values, which is consistent with methodological recommendations that
high-stakes NLP applications should rely on multiple performance indicators to capture differences
in sensitivity, stability, and error patterns (Mao & Han, 2025, p. 5).

SUGGESTION

Future research should extend the present findings by using larger and more diverse datasets,
including longitudinal user histories, to improve robustness and support earlier identification
of depressive risk patterns. Additional work should examine alternative model architectures
and hybrid approaches, such as temporal or hierarchical transformers and ensemble methods
that combine semantic and emotional features, in order to improve detection stability and
sensitivity beyond the performance observed in this study. Validation across different platforms,
languages, and cultural contexts is also recommended to assess generalisability and reduce
dependence on a single dataset, with evaluation under conditions that resemble practical
screening use. Further studies should also consider issues related to model interpretability, error
balance, and ethical use, including the need to protect user privacy and to apply automated
detection as a supportive tool rather than a clinical diagnosis.
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