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Abstract. Detecting mental health expressions in Bangla social media text re-
mains a critical challenge, particularly in a rapidly digitalizing society where
users increasingly express emotions and psychological distress online. We used
the B-MHD (Bangla Mental Health Disorder Text) dataset, a manually annotated
collection of 7,130 Bangla and BanglaEnglish code-mixed social media posts
gathered from Facebook, YouTube, Twitter, and Reddit. While previous studies
have explored traditional and transformer-based approaches for Bangla sentiment
and depression detection, the integration of explainability into transformer archi-
tectures for mental health analysis remains underexplored. To address this gap,
we conduct a systematic evaluation of classical, recurrent, and transformer-based
models for Bangla mental health detection. As part of this evaluation, we em-
ploy various machine learning and deep learning modelsincluding SVM, Logistic
Regression, BiILSTM, GRU, and LIME-based explanation analysisto investigate
token-level contributions and model behaviour. Building upon these insights, this
paper introduces one of the first explainable self-attentive transformer-based mod-
els designed specifically for Bangla mental-health text recognition, incorporating
an attention and mean-pooling mechanism to enhance contextual understanding
and interpretability. Experimental findings demonstrate that transformer-based
models outperform traditional methods, with BanglaBERT combined with self-
attention pooling achieving an F1-score of 97.04% and an accuracy of 96.98%.
Through LIME-based explanation analysis, we further interpret token-level con-
tributions, showing that emotionally expressive words strongly influence predic-
tions, while metaphorical or contextually ambiguous phrases remain challenging.
This study advances the development of explainable mental health detection sys-
tems for Bangla social media contexts.

Keywords: Bangla mental health detection, Transformer model, Self-attention,
Social media text analysis, Explainable Al

1 Introduction

The increasing incidence of mental health disorders, including depression, anxiety, and
stress, has become a worldwide issue. More than 300 billion people suffered from de-
pression in 2017, an 18% surge over the last decade, as reported by the World Health
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Organization (WHO) [10]. In Bangladesh, The Daily Star has reported that 4.6% of all
adults and 1% of children have depressive symptoms [15]. With the rapid expansion
of social media, individuals increasingly express emotions, frustrations, and life expe-
riences online, creating an opportunity to study mental well-being through language
patterns in digital spaces.

Previous studies across several languages have explored sentiment and emotion detec-
tion using lexicon-based, statistical, and machine-learning techniques [12]. More re-
cently, deep-learning architectures such as RNNs and LSTMs have improved social
media text analysis, outperforming earlier feature-based approaches [16]. Despite this
progress, research on Bangla remains limited. Although Bangla ranks among the most
widely spoken languages globally, mental health detection in Bangla social-media text
is still underdeveloped. The frequent code-mixing between Bangla and English, translit-
eration, irregular spelling, and informal syntax further complicate computational pro-
cessing and model generalization.

To address these issues, we present an explainable transformer-based framework that
improves contextual understanding and interpretability in detecting mental health disor-
der expressions from Bangla and Bangla-English code-mixed social media text. Lever-
aging recent progress in neural architecture, we develop a hybrid model that integrates
language representation with interpretation and explanation for emotionally complex
and psychologically expressive contents. In addition, we perform extensive compar-
isons between classical, recurrent, and transformer-based approaches in order to ensure
a consistent evaluation of the models’ capabilities across architecture families. Our con-
tributions are summarized as follows:

— Development of a self-attentive transformer model integrating attention and mean-
pooling for effective representation of Bangla mental health expressions.

— Incorporation of LIME-based explainability to interpret token-level contributions
and enhance transparency in model predictions.

— Comprehensive evaluation comparing classical ML, DL, and transformer architec-
tures on the Bangla Mental Health Disorder (B-MHD ) dataset.

2 Related Works

Early research in Bangla mental health detection primarily relied on traditional deep-
learning architectures. One of the first studies [17], applied an LSTM model to classify
depressive and non-depressive social media posts, demonstrating the potential of recur-
rent neural networks for emotion-based text analysis. Although this work provided an
initial foundation, its small dataset and narrow focus limited generalization. The intro-
duction of large-scale pre-trained models such as BERT [6] and RoBERTa [9] marked
a major shift, enabling bidirectional contextual representation and improved transfer
learning across tasks. These models have since become the basis for mental health de-
tection in multiple languages, including Bangla, where their contextual embeddings
outperform traditional feature-based methods.

Several Bangla-specific studies have expanded upon these advancements through clini-
cal annotation and hybrid modeling. [8] developed a clinically validated depression de-
tection dataset and compared classical algorithms (SVM, Random Forest, KNN) with
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neural models (LSTM, GRU, CNN-RNN), where GRU achieved the highest perfor-

mance. Subsequent work,such as TRABSA by [7] combined transformer encoders with

BiLSTM and attention layers to retain sequential and contextual dependencies. The use

of SHAP and LIME analyses in this study introduced early interpretability into Bangla

emotion classification. Ensemble-based frameworks have also been explored; for exam-
ple, [11] proposed an ensemble of XLM-R, DistilBERT, and BanglaBERT using a prob-
ability aggregation method (MaxOfAvgProb), improving consistency across datasets.
Similarly, [2] presented a large-scale depression dataset and showed that BanglaBERT

outperformed other RNN and transformer variants, emphasizing the benefit of language-
specific pretraining.

Recent works have increasingly focused on improving interpretability and contextual

understanding in low-resource mental health detection. [1] proposed a CNN-BiLSTM

architecture with deep attention visualization, highlighting key emotional tokens con-
tributing to predictions, while [4] investigated CNN-BiLSTM models using various

embeddings (TF-IDF, FastText, and BERT), finding that BERT-based representations

offered better contextual balance and stability. Collectively, these studies demonstrate

a gradual evolution from early recurrent models toward transformer-driven and inter-
pretable architectures, motivating the development of our explainable self-attentive trans-
former framework for robust and transparent Bangla mental health detection.

3 Dataset

This study employs the B-MHD (Bangla Mental Health Disorder Text) dataset [14], a
manually annotated collection of 7,130 Bangla and Bangla-English code-mixed social

media posts gathered from Facebook, YouTube, Twitter, and Reddit.
The dataset was curated to cap-
tl'lre diverse linguistic eXPIeS-  pataset Statistics
sions of mental health condi-
tions in informal online dis-  Min Character Length 11
course. Each post is labeled =~ Max Character Length 5784
according to the presence or Mean Character Length 476.43
absence of mental health indi- ~ Min Word Count 2
cators, such as expressions of ~ Max Word Count 1147
depression, anxiety, loneliness, Mean Word Count 86.43
or emotional distress. Annota-  Unique Word Count 51362
tion was performed by native Dataset split #Samples
Bangla speaker§ with linguistic Train 4991
and p§ychologlcal awareness, Val 712
f'ollowmg a strqctured gu1dej- Test 1427
line that emphasized both lexi-

Total 7130

cal and contextual cues such as
self-referential statements, af-
fective adjectives, and expres-
sions of hopelessness-to ensure

Table 1: General Statistics of the B-MHD Dataset.
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reliable labeling. For data integrity, we pre-processed all records by deleting emojis,
hashtags, bleeding URLs, and duplicated posts. The dataset was subsequently stratified
into 70% training, 10% validation, and 20% test splits, maintaining the original class
proportions to enable consistent evaluation across models, as illustrated in Figure 1.

Table 1 shows the main characteristics of the dataset; text lengths (in characters) range
from 11 to 5,784 and word counts per message for each post vary between 2 and 1,147
(mean 86). It comprises 51,362 unique tokens due to the diversity of vocabulary and its
informal status in social media language, including transliteration and code-mixing.

Presence Absence Presence Absence Presence Absence
50.8% 49.2% 50.7% 49.3% 50.8% 49.2%
(a) Train set (b) Validation set (c) Test set

Fig. 1: Class distribution across train, validation, and test splits in the B-MHD dataset,
showing balanced representation of samples indicating the presence and absence of
mental health indicators.

4 Methodology

Our proposed framework aims to detect mental health disorder-related expressions in
Bangla social media text using the B-MHD dataset. Each input text sample X7 is repre-
sented and classified through a transformer-based encoder followed by a self-attention
and pooling mechanism, as illustrated in Figure 2.

4.1 Text Representation.

Given a Bangla text input X7, we employ a pretrained transformer based text encoder
@1 to obtain contextualized token embeddings:

Hr = {ticLsy, t1, t2, ..., th} = ¢7(XT)

Here, t[cLs) denotes the special classification token capturing the overall semantic rep-
resentation of the text, while tq, ..., ty represent contextualized token-level embed-
dings.
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4.2 Self-Attention Layer.

To enhance the model’s ability to focus on psychologically informative cues within the
text, we apply a self-attention mechanism over the hidden representations:

where Q, K, V are learnable projection matrices derived from H, and dk denotes the
scaling factor. This operation emphasizes contextually important tokens such as those
reflecting emotional distress, anxiety, or self-referential statements.

4.3 Mean Pooling.

The attention-refined representations are aggregated via mean pooling to produce a
fixed-length vector h:

hT = Mean-Pooling(A)

This pooled embedding captures the global contextual semantics of the input while
smoothing over local variations.

4.4 Classification Head.

The final pooled vector hT is passed through a classification head comprising a linear
layer and a softmax activation function to predict the presence or absence of mental
health disorder indicators:

y = Softmax(W¢ - ht + b)

where W and b are trainable parameters. The model is trained using the categorical
cross-entropy loss:

c
£=-> yilog(y)
i=1

with C = 2 representing the binary classes.

4.5 Experimental Setup

All experiments were conducted on the Kaggle platform using an NVIDIA Tesla P100
GPU with 16 GB VRAM, 32 GB RAM, and 8 CPU cores. We used BanglaBERT [3],
mBERT [6], and XLM-RoBERTa [5] models for text encoding. Training was performed
for up to 70 epochs with early stopping, a batch size of /6, and a learning rate of 2e-
5, optimized using AdamW. The implementation utilized PyTorch 2.4.0 and Hugging-
Face Transformers 4.45.1, with NumPy 1.26.4, Pandas 2.2.3, Matplotlib 3.7.5, Seaborn
0.12.2, and scikit-learn 1.2.2 used for data preprocessing and analysis.
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Fig.2: Overview of the proposed method, where input text is tokenized and encoded
by BanglaBERT, followed by a self-attention and mean-pooling layer, and finally a
classification layer predicting the presence or absence of mental health indicators.

S Result Analysis

The comparative performance of all evaluated models is summarized in Table 2. Results
show a gradual improvement from traditional machine learning models to deep learning
and transformer-based architectures. Classical methods employing Bag-of-Words and
TF-IDF representations provided stable but limited performance, as they rely on surface-
level lexical patterns and fail to capture deeper contextual meaning in code-mixed text.
Deep learning approaches such as LSTM and BiLSTM achieved higher accuracy by
modeling sequential dependencies, while the BILSTM+CNN combination further im-
proved contextual representation through joint learning of local and global features.
Transformer-based models demonstrated additional improvement due to their ability
to encode contextual relationships and long-range dependencies. The inclusion of self-
attention and mean-pooling layers consistently enhanced performance across all trans-
former variants, indicating that these mechanisms help the model concentrate on lin-
guistically and psychologically salient tokens. Among them, the BanglaBERT model
with the self-attentive pooling delivered the most reliable results, showing clear gains
over its [CLS]-only version and the multilingual alternatives. These findings highlight
the advantage of language-specific pretraining combined with attention-based feature
refinement for detecting the presence or absence of mental health indicators in Bangla
social media text.

6 Error Analysis

Quantitative Analysis. We performed a quantitative error analysis of the BanglaBERT
+ Self-Attention + Mean-Pooling model, which achieved the best overall performance
on the B-MHD . The confusion matrix in Fig. 3 becomes evident that the adopted
model preserves balanced prediction accuracy for both classes, which can accurately
identify most samples, indicating and not-indicating mental health indicators. The mis-
classifications are few, since only a small fraction of the absence cases were predicted
to be presence and vice versa, showing that the two categories have little overlap. This
suggests that the model effectively distinguishes psychologically expressive language
from general non-indicative content, although occasional errors may arise from short or
context-ambiguous posts that lack clear emotional cues.
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Models Pr(%) Re(%) F1 (%) Acc (%)
ML-based Models
LR + BoW 93.14 93.15 93.13 93.13
LR + TF-IDF 92.49 92.50 92.50 92.50
SVM + BoW 91.76 91.58 91.51 91.51
SVM + TF-IDF 93.19 93.20 93.20 93.20
XGB +BoW 9222 92.23 9222 9222
XGB + TF-IDF 92.07 92.07 92.07 92.08
DL-based Models
LSTM 90.55 89.88 89.92 89.97
BIiLSTM 93.94 93.88 93.89 93.90
GRU 91.76 91.58 91.51 91.51
BiGRU 93.27 93.28 93.27 93.27
BiLSTM+CNN 94.40 94.38 94.39 94.39

Transformer-based Models

XLM-RoBERTa

+ [CLS] 97.00 94.88 95.43 95.42

+ Attention + Mean 97.35 96.55 96.95 96.91
mBERT

+[CLS] 92.10 94.10 93.00 93.12

+ Attention + Mean 93.92 96.00 94.95 94.81
BanglaBERT

+[CLS] 96.09 96.68 95.89 95.84

+ Attention + Mean (Ours) 96.84 97.24 97.04 96.98

Table 2: Comparison of ML, DL, and transformer models on the B-MHD dataset for
Bangla mental health disorder detection. Results are reported in Precision (Pr), Recall
(Re), Fl-score (F1), and Accuracy (Acc). Best-performing scores are highlighted in
bold and color.

Absence

true label

Presence

Absence Presence
predicted label

Fig.3: Confusion matrix of the BanglaBERT model with self-attention and mean-
pooling, showing balanced classification between the presence and absence of mental
health indicators.
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Qualitative Analysis. Examining representative cases in Table 3 reveals several recur-
ring patterns in the proposed model’s predictions. Posts explicitly expressing emotional
distress or hopelessness are generally recognized correctly, indicating that the model
effectively captures strong lexical and affective cues associated with mental health dis-
course. However, subtle expressions of sadness or indirect emotional cues are some-
times misidentified as absence cases, which indicates there may be challenges in rec-
ognizing implicit and metaphorical signs. On the other hand, such supportive or mo-
tivational sentences are also wrongly recognized as presence examples by the model,
suggesting it may confuse empathetic or supportive language to self-referential men-
tal health expressions. These confusions typically occur when affectionate language
that is positive conflict with language related to mental health. Overall, these observa-
tions highlight that while the model performs reliably on explicit cues, it remains chal-
lenged by figurative, context-dependent, or emotionally neutral expressions that require
a deeper pragmatic understanding of Bangla social media text.

Text Actual Predicted

T MR @ (FIF A @O I QAE ARWCER S IE, O Absence  Absence
@T51 ?_[ﬁ‘f TCAL A | (If you go to any shop in our country and make a request,
they gladly agree to it.)

iy g v @t SRR feteMity AifF 1 AN TCT (TS TACS! (S Presence  Presence
I FACQ =1, 4 6 1 | (Im completely alone. Im always in depression.

Even if I die, maybe no one will regret it or come looking for me.)

ify 2w @ g @S #AfF T WA TS @M slow & FCE GF60 Presence  Presence
f@@a B9 focused AFTS A M €3 WY AT @R e AN

FACS A2 (I cant grasp things easily; my mind works very slowly. I cant stay

focused on one topic. What can I do to get out of this situation?)

A s ST SR TSR AMGT FACS SATAT | (You are capa-  Absence  Presence

ble of solving your own life problems.)

EE SRR 2It8'e TifS] S @0 C1fR! (Even after giving so much love,  Presence  Absence
I’ve lost today.)
Table 3: Examples of misclassifications produced by the proposed method on Bangla
mental health detection, illustrating consistent error patterns across the two label cate-
gories.

7 Explainability Analysis

To gain interpretability into model behavior, we applied Local Interpretable Model-
agnostic Explanations (LIME) [13] to examine token-level attribution patterns in the
BanglaBERT + Self-Attention + Mean-Pooling model. LIME provides insight into how
individual tokens contribute to the prediction of mental health indicator presence or
absence by approximating the models local decision boundary with an interpretable
surrogate. In Figure 4(a), the model correctly predicts the presence of mental health
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b e Absence
Prediction probabilitics e Text with highlighted words
Absence 015
Presence [0.97 %Cff:““ ISy e R TR (ST 2nf<s | =ity wia e
=11 TS (FO AT S 1, & < 7l
0.13
0. é'
[Siar
0.06l
(a)
Prediction probabilities Absence . Lo
rediction probabilities o Text with highlighted words
Absence [N 0.96 003
Presence ¢ EM;I IR () -mmﬂmwmﬂﬁmw
Bl SRAIEA 0 ICT, BT G707 il 0~ = Wil
0.02
LSt
0.021
AR
aml
(b)

Fig.4: LIME visualizations for Bangla mental health detection showing (a) correctly
predicted presence and (b) correctly predicted absence of mental health indicators,
demonstrating token-level contribution analysis.

indicators, with words such as €< (alone) and fetemita (in depression) receiving the
highest positive contributions toward the prediction. Figure 4(b) shows an absence case,
where neutral words like (MT¥F (countrys) and (IR (shop) dominate, aligning with
non-mental-health-related content. Figure 5 illustrates a misclassified instance where
the token PH&fe (problems) influenced the model toward predicting presence despite
the sentence conveying a motivational tone. These visualizations reveal that while the
model captures explicit emotional cues effectively, it sometimes misinterprets contex-
tually neutral or metaphorical expressions, highlighting the complexity of semantic un-
derstanding in Bangla social media text.

Prediction probabilitics Absence . .
rediction probabilities - Text with highlighted words
Absence 042
Presence AL SIA TG SR GRS S e ST $aro
ST A
0.08
ey
0.06l
T

Fig. 5: LIME visualization showing a misclassified sample that led to predicting pres-
ence instead of absence.

8 Conclusion

We present a comprehensive comparative study of classical, recurrent, and transformer-
based architectures for Bangla mental health detection in social media text. Our evalu-
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ation shows that transformer models, particularly BanglaBERT with self-attention and
mean-pooling, outperform traditional and recurrent approaches, achieving an F1-score
of 97.04% and accuracy of 96.98%. The integration of LIME-based explainability fur-
ther enhances interpretability, revealing that emotionally expressive and self-referential
tokens play a decisive role in classification, whereas figurative or contextually ambigu-
ous phrases often lead to misclassification. These insights highlight the effectiveness of
combining language-specific pretraining with attention-driven interpretability for ana-
lyzing psychological expressions in Bangla social media discourse. In future work, we
plan to explore large language models (LLMs) and advanced methodological frame-
works, such as instruction-tuned and prompt-guided architectures, to further improve
contextual understanding and interpretability.
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