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ABSTRACT: Bengali emotion classification remains challenging due to limited annotated resources,
informal social media language, and the lack of comprehensive evaluations of modern transformer ar-
chitectures. This study presents a unified framework for six-class Bengali emotion classification using
a corpus of 5,401 manually annotated social media comments. We systematically compare recurrent
neural networks, transformer-based models, and hybrid architectures, and propose a soft-voting en-
semble that integrates complementary contextual representations. To enhance transparency, LIME and
SHAP are employed for explainability analysis. Experimental results show that the proposed ensem-
ble achieves 91.31% accuracy and a weighted F1-score of 0.913, outperforming individual models and
establishing a competitive benchmark for Bengali emotion understanding.
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1. Introduction

Social media platforms now generate vast quantities of
user-authored text, making computational emotion un-
derstanding a task of growing practical relevance. Un-
like binary sentiment polarity, fine-grained emotion detec-
tion seeks to distinguish among states such as happiness,
anger, sadness, fear, disgust, and surprise-the six basic cat-
egories described in [1]. Robust emotion classifiers have
downstream value in mental-health surveillance, brand
perception tracking, political discourse monitoring, and
customer experience management.

Although English-centric emotion detection has
reached a high degree of maturity, Bengali-spoken na-
tively by more than 230 million individuals and serving
as the national language of Bangladesh, remains com-
paratively resource-poor in NLP research [2]. Bengali
presents distinctive computational hurdles: a rich inflec-
tional morphology, frequent code-switching with English
and occasionally Arabic script on social platforms, heavy
use of colloquial abbreviations, and a scarcity of publicly
available annotated corpora. These factors limit the direct
transferability of techniques developed for high-resource
languages.

The explosive growth of Bengali-language activity on
Facebook, YouTube, and microblogging sites underscores
the practical demand for automated emotion understand-
ing in this language. Addressing that demand, the present
study conducts a large-scale, controlled comparison of ten
neural architectures five custom recurrent models and five
transformer-based classifiers-on a corpus of 5,401 Bengali
social media comments labeled with six emotions.

Our previously published conference paper (ECCE
2025) [3] is expanded upon and greatly improved in this
work. Transformer-based modeling, explainability anal-
ysis, and thorough benchmarking were absent from the
previous study, which mainly concentrated on hybrid
CNN-BiLSTM architectures. The current work presents
transformer-based architectures, hybrid models, ensem-
ble learning, and thorough experimental evaluation in or-
der to overcome these constraints.

The principal contributions are as follows:

1. By providing a large-scale benchmark of ten models,
including both custom recurrent architectures and
pretrained transformer-based models (BanglaBERT,
XLM-RoBERTa, and MuRIL), this study significantly
extends our previous hybrid CNN-BiLSTM frame-
work and enables a more comprehensive evaluation
of Bengali emotion classification. This benchmark of-
fers valuable insights into the relative strengths and
limitations of different neural architectures for low-
resource language understanding.

2. Compared with the previous baseline framework,
we introduce transformer-enhanced hybrid archi-
tectures that combine contextual transformer em-
beddings with sequential BiLSTM representations.
These hybrid models improve the ability to capture
both semantic context and temporal dependencies,
leading to more effective emotion recognition from
Bengali social media text.

3. To exploit complementary model capabilities, we
propose a soft-voting ensemble framework that in-
tegrates the best-performing transformer and hy-
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brid architectures. The proposed ensemble achieves
91.31% classification accuracy and a weighted F1-
score of 0.913, demonstrating the effectiveness of
model fusion for Bengali emotion classification.

4. This study incorporates explainable artificial intel-
ligence through both LIME and SHAP analyses,
providing transparent interpretation of model pre-
dictions and highlighting the linguistic features
that drive emotion recognition. The explainability
analysis improves model transparency and offers
deeper insights into the decision-making behavior of
transformer-based emotion classification systems.

5. Beyond performance evaluation, the proposed
framework emphasizes methodological rigor
through leakage-safe data processing, inter-
annotator agreement analysis, statistical significance
testing, bootstrap confidence intervals, repeated
stratified-split evaluation, and detailed error analy-
sis. These additions strengthen the reliability, repro-
ducibility, and practical value of the reported find-
ings for future Bengali natural language processing
research.

The paper proceeds as follows. Section 2 surveys
prior work on Bengali sentiment and emotion analysis.
Section 3 introduces the dataset and the preprocessing
pipeline. Section 4 details the ten model architectures. Sec-
tion 5 reports the experimental results and an optimizer ab-
lation study. Section 6 presents the explainability analysis,
Section 7 discusses implications, and Section 8 concludes.

2. Related Work

2.1. Bengali Sentiment and Emotion Detection

Early investigations into Bengali opinion mining relied
on classical machine-learning pipelines. In [2], the au-
thor studied cross-lingual sentiment classification for low-
resource Bengali, showing how resource scarcity and
noisy user-generated language affect supervised senti-
ment models. In [3], the authors demonstrated the effi-
cacy of hybrid deep learning in low-resource Bengali sen-
timent classification by combining CNN and BiLSTM ar-
chitectures. In [4], the authors combined Word2Vec rep-
resentations with sentiment-word information for Bengali
comment classification. In [5], the authors released Ban-
FakeNews and evaluated traditional and neural models
for another Bengali text-classification task. Nevertheless,
transformer-based architectures and model interpretabil-
ity, which are essential for developing reliable and com-
prehensible NLP systems, were not investigated in these
works. In [6], the authors proposed a BILSTM model with
self-attention and pretrained GloVe embeddings, high-
lighting the potential of attention-enhanced recurrent ar-
chitectures for Bengali text analysis.

Among emotion-specific efforts, in [7], the authors
trained deep models on Bangla, English, and romanized
Bangla YouTube comments and reported results for both
sentiment and six-way emotion detection. In [8], the au-
thors used supervised Naive Bayes classification for Ben-
gali Facebook sentiment, illustrating the early reliance

on sparse lexical and bigram features. In [9], the au-
thors benchmarked machine-learning and NLP methods
on Bangladeshi digital newspaper sentiment data. In [10],
the authors used Naive Bayes with TF-IDF, POS, and n-
gram features for Bangla emotion detection. In [11], the au-
thors compared classical classifiers for six-class Bangla tex-
tual emotion analysis. In [12] and [13], the authors devel-
oped lexicon-augmented machine-learning and BiLSTM-
based systems for Bangla sentiment analysis. In [14],
the authors further explored extended lexicon and deep-
learning methods. Despite these advances, most studies
used classical features, smaller neural models, or polarity-
focused labels; comprehensive transformer benchmarking
with explainability across all six emotion classes remains
limited.

2.2. Pretrained Transformers for South Asian Languages

The advent of self-supervised pretraining has reshaped
text classification across many languages. In [15], the au-
thors introduced BERT as a deep bidirectional transformer
for language understanding. In [16], the authors presented
BanglaBERT, a model pretrained on a sizable Bengali web
corpus that encodes morphological and semantic patterns
often missed by language-agnostic models. In [17], the au-
thors introduced MuRIL, a BERT variant trained jointly on
17 Indian languages in both native and romanized scripts.
In [18], the authors described XLM-RoBERTa, a multilin-
gual transformer exposed to 100 languages during pre-
training and capable of competitive cross-lingual transfer.

2.3. Hybrid Transformer—Recurrent Architectures

Stacking recurrent layers on top of transformer encoders
has been proposed to capture local sequential dependen-
cies that a single [CLS] pooling may overlook. Empirical
evidence from sequence labeling tasks shows that a BiL-
STM head over BERT hidden states can recover position-
sensitive cues lost during mean or CLS pooling. In [19],
the authors proposed the Convolutional Block Attention
Module (CBAM), which applies channel-then-spatial gat-
ing and has since been adapted for NLP feature refinement.
In [20], the authors combined convolutional phrase extrac-
tion with LSTM sequence modeling for text classification,
showing why CNN-recurrent hybrids are useful when lo-
cal cues and broader sentence context both matter. Such
hybrid designs, however, have not previously been evalu-
ated together with Bengali-specific and multilingual trans-
formers for six-class Bengali emotion classification.

2.4. Post-hoc Explainability for Text Models

Trust in deployed classifiers depends on the ability to au-
dit individual predictions. In [21], the authors introduced
LIME, which constructs locally faithful linear surrogates
by perturbing input tokens and observing output changes.
In [22], the authors introduced SHAP, which is rooted in
Shapley-value theory and decomposes a prediction into
additive feature contributions. Both methods have been
applied to multilingual and Bengali text classifiers to sur-
face potential biases, yet no prior Bengali emotion study
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has provided dual LIME-SHAP interpretability across all
six emotion classes.

3. Methodology

The main goal of this study is to classify emotions from
Bengali social media text into multiple classes. The sug-
gested method uses a structured pipeline that includes
preprocessing, feature extraction, model training, and
explainability analysis. In this work, a comprehensive,
transformer-driven, and explicable framework for Bengali
emotion classification replaces a baseline model based on
fusion.

The first step is to preprocess the collected dataset of
Bengali comments. This involves filtering the script to
make sure that Bengali Unicode is consistent, and then
removing punctuation and emojis. After cleaning, the
text is tokenized with padding, and low-frequency words
are hidden to cut down on noise. To fix the class im-
balance, SMOTE-based synonym augmentation is used.
To avoid data leakage, SMOTE balancing and synonym-
based lexical augmentation are applied only to the train-
ing split; validation and test samples remain unchanged.
Then, several methods for extracting features are used,
such as Word2Vec embeddings, transformer-based tok-
enizers, and TF-IDF representations. These methods help
us understand the text both semantically and in context.
We use both custom recurrent architectures (like CNN-
BiLSTM, attention-based hybrids, and CBAM-enhanced
models) and transformer-based models (like BanglaBERT,
XLM-RoBERTa, and their hybrid extensions) to build mod-
els. To make the predictions from these models more re-
liable and better overall, a soft voting ensemble strategy
is used to combine them. This averages the probabilities.
Lastly, standard measures like accuracy, precision, recall,
weighted Fl-score, and confusion matrix are used to rate
how well the model works. In order to make things easier
to understand, LIME and SHAP are used to look at token-
level contributions, which gives us a better idea of how the
model makes decisions. Figure 1 shows the basic steps of
our proposed methodology.

The following subsections provide a detailed descrip-
tion of each step taken in the Bengali emotion classification
process, along with information on how they were carried
out.

3.1. Dataset Description

We employ a corpus of 5,401 Bengali comments harvested
from Facebook public pages, YouTube comment sections,
and several online discussion forums. The data were col-
lected from publicly accessible posts in compliance with
each platform’s terms of service. All user identifiers
(names, profile links) were removed from the records prior
to annotation, and no personally identifiable information
is stored or reported in this work, and informed consent
was not required as per standard practice for public social
media research [23].

Annotation procedure. Four native Bengali speakers
with backgrounds in linguistics independently annotated
each sample with one of six Ekman-style emotion labels

— Happiness, Anger, Sadness, Fear, Disgust, and Surprise
— following a written annotation guideline that defined
each emotion category with Bengali-language examples.
Annotators were instructed to label the primary emotion
expressed, and were permitted to assign a 'neutral / am-
biguous’ tag for posts they found unresolvable; such posts
(less than 3% of the total) were discarded. The final label
for each retained sample was determined by majority vote
among the four annotators.

Inter-annotator agreement (IAA). Pairwise Cohen’s x
was computed for all six annotator pairs and averaged to
obtain an overall agreement score of 1 = 0.78, indicating
substantial agreement on the Landis—Koch scale [24]. The
highest pairwise agreement was observed for Happiness
(x=0.81) and the lowest for Fear vs. Disgust pairs (i =0.67),
consistent with the known semantic overlap between these
two categories in Bengali.

Dataset Statistics. As Table 1 shows, the raw distribu-
tion is moderately skewed: Happiness constitutes the
largest share (19.5%) while Surprise is the rarest (12.5%),
a pattern typical of organic social media emotion data.
Across the corpus the mean comment length is 7.70 words
(44.51 characters, 0=3.99 words). Lengths span 1-37
words with a median of 7, confirming that the majority
of posts are brief. Per-class means are tightly clustered-
from 7.2 words for Disgust to 8.0 for Sadness-as visualized
in Figure 2. Table 2 lists illustrative Bengali comments to-
gether with English glosses.

Table 1: Bengali emotion dataset class distribution

Emotion Count %

Happiness 1,054 19.5%
Anger 985  18.2%
Sadness 948  17.6%
Fear 889  16.5%
Disgust 851  15.8%
Surprise 674  12.5%
Total 5401 100%

Table 2: Representative Bengali social media comment examples from
the dataset with English translations

Original (Bengali) Emotion  Translation

NIRRT I Happiness 1 became very
happy

T SN FACA, GH=_M Happiness Inspiring concept,
thanks

AT PN AT Y QAT T Sadness
AR

226 more died of
corona in the coun-

try

e IC(R T BSOS (oI Sadness
R EERR

Worldwide malnu-
trition rising

3.2. Preprocessing Pipeline

Raw Bengali social media text is inherently noisy-laced
with foreign scripts, emoji, slang, and misspellings. The
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Bengali Emotion Dataset
5,401 social media comments
6 emotion classes

|

Text Preprocessing
= . Stratified Split " Feature Extraction
1. Script Filter H 2. Punct/Emoji H 3. Tokenize } Train 70% Train-only Aug. Fit on training data
beg —_— SMOTE + 5,
Bengali Unicode Removal W-space - Pad 64 Validation 15% vl:n:: ;nZh“::gQ Word2Vec / Tokenizers
— Test 15% TF-IDF
4. Low-Freq Mask 5. Split-ready Text
< 2 occurrences Clean corpus
Explain, & Analysis Model Training
Evaluahm_\_ Soft—Vot!x_\g Ensemble Custom R T Boned
Accuracy, Precision Probability average: CNNSBILSTM anglaBERT
5 +Bil ang|
Recall, V\'/elghted'FI BanglaBERT +XLM-R RIS A Yo,
Confusion Matrix +BB+BiLSTM HAN XLM-RoBERTa
BiLSTM+Self-Attn BB+BiLSTM
BiLSTM+CBAM BB+BILSTM+CBAM

Figure 1: Overall workflow of the proposed Bengali emotion classification framework, including data collection, preprocessing, stratified dataset parti-
tioning, training-only augmentation, feature extraction, model training, soft-voting ensemble construction, performance evaluation, and explainability
analysis
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Sadness 948.0 796 386 10 50 7.0 10.0 26.0
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Figure 2: Statistical analysis of text lengths in the Bengali emotion dataset, showing per-class word-count distributions, character-length distribution,
word-length distribution, kernel density estimates, and descriptive statistics across the six emotion categories
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following six-stage pipeline strips this noise while retain-
ing emotion-bearing content.

3.2.1. Script Filtering

A regular-expression filter retains only characters within
the Bengali Unicode block (U+0980-U+09FF), whitespace,
and digits. Latin letters, Arabic script fragments, and
miscellaneous symbols commonly injected by code-mixed
posts are thereby discarded. On average this step short-
ens mean character length by roughly 12%, as illustrated
in Figure 3.

3.2.2. Punctuation and Emoji Stripping

Bengali-specific punctuation (the danda U+0964 and
double-danda U+0965) as well as standard ASCII punctu-
ation marks are deleted. Emoji code points are identified
and removed with the Python emoji library. Consecutive
whitespace left behind is collapsed to single spaces.

3.2.3. Whitespace Tokenization

Given the lack of a universally reliable morphological to-
kenizer for colloquial Bengali, we adopt whitespace split-
ting as a pragmatic baseline. The resulting vocabulary con-
tains approximately 22,000 distinct tokens; the 25 most fre-
quent entries-predominantly function words-account for a
disproportionately large share of total occurrences.
Figure 4 summarizes the token count distribution,
most frequent tokens, and per-class average token lengths.

3.2.4. Fixed-Length Padding

Every token sequence is either truncated or zero-padded
to a uniform length of 64, chosen to cover the 95th-
percentile document length in our corpus (shown in Fig-
ure 2). This choice balances two competing objectives:
padding length 64 retains contextual information for the
vast majority of samples while remaining computationally
efficient. Shorter padding risks losing emotional context,
while excessively longer padding introduces unnecessary
zero-padded positions that waste computation and can de-
grade gradient propagation during training. A vocabulary
index assigns reserved codes for <PAD> and <UNK> tokens.

3.2.5. Low-Frequency Token Masking

Tokens that occur fewer than twice across the training split
are mapped to <UNK>, suppressing likely spelling errors,
transliteration variants, and one-off slang that do not con-
tribute meaningful signal to emotion classification. This
threshold (minimum frequency = 2) was selected to pre-
serve informative low-frequency emotion-bearing words
while filtering noise: a stricter threshold would remove
sarcasm markers or colloquial expressions essential to
Bengali emotion understanding, while a more permissive
threshold would retain spelling noise. This balance is par-
ticularly important for social media text where spelling
variation is common [25]. About 38% of unique vocabu-
lary items fall below this threshold, although they repre-
sent only a marginal fraction of total token mass.

3.2.6. Oversampling and Lexical Augmentation

Two strategies jointly address class imbalance:
SMOTE [26]: applied in TF-IDF character-n-gram space
(after stratified splitting), it synthesizes minority-class
instances by interpolating between nearest neighbours,
equalizing class frequencies in the feature domain. This
prevents data leakage by ensuring that validation and test
splits remain uncontaminated by synthetic samples.
Synonym injection: a hand-curated table of ten common
Bengali emotion words and their near-synonyms is used
to randomly swap 20% of eligible tokens in minority sam-
ples (training set only), adding surface lexical diversity
without altering semantic content. The synonym replace-
ment is applied exclusively to the training set after the
train-validation-test split to prevent information leakage.
Critically, both augmentation techniques are applied
exclusively to the training split, after the full dataset has
been partitioned into train (70%), validation (15%), and
test (15%) subsets. The validation and test sets are never
augmented or modified in any way, ensuring that no syn-
thetic samples can contaminate the evaluation sets and
that reported metrics reflect true generalization perfor-
mance. The original training split contains 3,780 samples;
SMOTE expands the training feature matrix to 4,428 in-
stances, and synonym injection adds 303 training-only text
rows, giving 4,731 augmented training instances across
the reviewer-audited training configurations. Validation
and test sets remain at their original sizes and class dis-

Sample: Before vs After
Non-Bengali Removal

Before After

ST TN fows =9

TSR S5, SIS WIE (P06 [ P Al
e

(O AR I TBIE SEGACI 9k GASHIR

T £ 208 WEAMTHE 07 Gelieg &' T8 SN [979F S|

o7 ISV fowrs =
(ATFAF BI5 SITE SF (FO [ I A
3w

(O A8 SIRIFIBR LAl OIS GASHIF

I WWBW@M@E%QES@WNRS IqF I

Figure 3: Examples illustrating the effect of script filtering and non-Bengali character removal during preprocessing
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Step 3: Tokenization

Token Count Distribution
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Avg Token Count per Emotion
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Figure 4: Tokenization characteristics of the Bengali emotion corpus, including token-count distribution, most frequent tokens, and average token
counts across emotion categories. The token count distribution (left) is slightly right-skewed, with a mean of 7.6 and a median of 7, indicating short
and consistent text lengths. The most frequent tokens (middle) reflect dominant linguistic patterns in the corpus. The average token length across
emotion classes (right) shows minimal variation, suggesting uniform sequence lengths across categories

tributions. Figure 5 visualize the SMOTE rebalancing
processes, respectively. Figure 6 displays per-class word
clouds after preprocessing, and Figure 7 provides an end-
to-end summary of the six-stage pipeline.

Class Distribution: Before vs After SMOTE Samples Added per Class by SMOTE

= Original
= After SMOTE

O pOST gisgtfeRl eSS gpnes®  gprse

Figure 5: Class distribution before and after SMOTE-based oversam-
pling, demonstrating the balancing effect of synthetic sample generation
on minority emotion classes

Word Clouds per Emotion Class (Post-Preprocessing)

s\ 2" 9{
?ﬁaﬂuﬂﬂ»?lna "w E7 o

Figure 6: Word clouds generated from the preprocessed corpus for
the six emotion categories, highlighting the most frequently occurring
emotion-related tokens

4. Model Architectures

Ten neural classifiers, grouped into custom recurrent net-
works (Models 1-4 and 10) and transformer-based models
(Models 5-9), are implemented in PyTorch and evaluated
under controlled conditions.

Avg Ch-r-:rels Removed
r Emotion

.
v* \WM P

Word Length: Before vs After

= Before
After

600

500

°
®

Frequency
3

°

Avg Characters Removed
&

°
S

°

0.0

10

s 20

Word Count 9\59“‘“‘

Figure 7: Summary of the six-stage preprocessing pipeline, illustrating
the impact of each preprocessing operation on the Bengali emotion cor-
pus

4.1. Custom Recurrent Architectures

Each custom model begins with a randomly initialized
128-dimensional embedding layer trained jointly with the
classifier. Optimization uses Adam (Ir=10"3, weight
decay 107°) with cosine-annealing scheduling over 25
epochs. Label smoothing (¢ = 0.1) discourages overcon-
fidence, and gradient norms are clipped at 1.0.

4.1.1. Model 1: CNN + BiLSTM

Local n-gram patterns are extracted by two parallel 1-D
convolutional banks [27] with kernel widths 3 and 5 (128
filters each), whose outputs are concatenated into 256-
channel feature maps. A two-layer BiLSTM [28] (hidden
size 128) then encodes bidirectional context, yielding 256-
dimensional hidden states at every time step. Temporal
mean pooling collapses the sequence into a single vector,
which passes through dropout (p = 0.35) and a linear soft-
max head.
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4.1.2. Model 2: CNN + BiLSTM + Attention

Identical to Model 1 up to the BILSTM output, this variant
replaces mean pooling with Bahdanau additive attention
[29]. A learned query vector scores each hidden state, and
the softmax-weighted sum focuses the representation on
the most emotion-discriminative positions.

4.1.3. Model 3: Hierarchical Attention Network

Following the document-modelling paradigm described
n [30], the token sequence is partitioned into pseudo-
sentences of eight tokens. A word-level BiGRU with Bah-
danau attention compresses each chunk into a sentence
vector; a sentence-level BILSTM with a second attention
layer then aggregates these vectors into a document repre-
sentation for classification.

4.1.4. Model 4: BiLSTM + Self-Attention

A BiLSTM encodes the embedded tokens, after which a
trainable attention matrix computes element-wise impor-
tance scores. The resulting weighted context vector is for-
warded to the classification head, allowing the network to
emphasize emotionally salient tokens without explicit po-
sitional segmentation.

4.1.5. Model 10: BiLSTM + CBAM

After the BiLSTM encoder, a CBAM block [19] adapted
for 1-D sequences applies sequential channel gating (via
global average- and max-pooling across time) and spatial
gating (via pooling across channels followed by a kernel-7
convolution). This dual-axis refinement selectively ampli-
fies informative hidden dimensions and time steps before
classification.

4.2. Transformer-Based Models

All transformer experiments use a maximum token length
of 160, batch size 16, and 8 fine-tuning epochs with 20%
linear warmup. Label smoothing of 0.1 is retained.

4.2.1. Model 5: BanglaBERT

The sagorsarker/bangla-bert-base checkpoint [16],
pretrained on a large monolingual Bengali web corpus,
is fine-tuned end-to-end with a single linear layer over its
[CLS] output.

4.2.2. Model 6: MuRIL

Google’s muril-base-cased checkpoint described in [17],
covering 17 Indian languages, is fine-tuned with a reduced
learning rate (10~°) to avoid the gradient instability ob-
served at higher rates.

4.2.3. Model 7: XLM-RoBERTa

The 100-language x1m-roberta-base [18] is fine-tuned at
Ir=2 x 10~° with the same classification head.

4.2.4. Model 8: BanglaBERT + BiLSTM

Rather than pooling the [CLS] token alone, all 768-
dimensional last-layer hidden states from BanglaBERT are
routed through a two-layer BiLSTM (hidden size 128).
Mean pooling over BiLSTM outputs produces the classifi-
cation vector, granting the network access to local sequen-
tial cues beyond what the pretrained [CLS] embedding
captures.

4.2.5. Model 9: BanglaBERT + BiLSTM + CBAM

This variant inserts a CBAM module between the BiL-
STM encoder and the softmax head, adding channel-and-
spatial gating to the contextual BILSTM features before the
final prediction.

4.3. Soft-Voting Ensemble

After evaluating all ten models individually, the
softmax probability vectors of the three top-
performing transformers-BanglaBERT, XLM-R, and
BanglaBERT+BiLSTM-are element-wise averaged, and the
class with the highest mean probability is selected. This
requires no additional training and exploits the comple-
mentary error profiles of the constituent models.

5. Experiments and Results

5.1. System Specification

All experiments were executed on a Windows 11 worksta-
tion equipped with an NVIDIA RTX 5070 Ti GPU with
15.92 GB visible GPU memory. The software environment
used Python 3.12.10, PyTorch 2.9.0+cul30, Transformers
5.9.0, scikit-learn 1.7.2, imbalanced-learn 0.14.1, NumPy
2.2.6, Pandas 2.3.3, and SciPy 1.16.2. A fixed random seed
of 42 was used for Python, NumPy, and PyTorch to sup-
port reproducibility.

5.2. Training Details

The original labeled corpus was first split into stratified
training, validation, and test subsets using a 70:15:15 ratio.
All imbalance correction was then performed only on the
training subset. Custom recurrent models were trained
for 25 epochs with Adam, cosine-annealing scheduling, la-
bel smoothing (¢ = 0.1), dropout, and gradient clipping.
Transformer-based models used a maximum token length
of 160, batch size 16, 8 fine-tuning epochs, linear warmup,
and checkpoint selection based on validation accuracy. Fi-
nal metrics were computed once on the untouched held-
out test split.

5.2.1. Reproducibility Details

To facilitate reproducibility, the approximate parame-
ter counts of the major models were 1.4 million for
CNN+BiLSTM, 109 million for BanglaBERT, 109 million
for MuRIL, and 110 million for XLM-RoBERTa. The av-
erage training time ranged from 15-20 minutes for custom
recurrent architectures and 40-90 minutes for transformer-
based models under an 8-epoch training schedule with a
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batch size of 16. During inference, the proposed ensemble
required approximately 45 ms per sample on the GPU and
200 ms per sample on the CPU.

5.3. Overall Model Performance

Table 3 and Figure 8 collect the test-set scores for all ten
individual models and the ensemble; the highest value in
each column is boldfaced.

Salient patterns emerge from Table 3—6 and Figure 8-9.

Figure 9 further details BanglaBERT's training dynamics
and per-class confusion matrix.
Pretrained transformers dominate. Every converging trans-
former surpasses every custom recurrent model by a wide
margin. The three-model ensemble reaches 91.31% ac-
curacy (F1=0.913), and BanglaBERT+BiLSTM leads the
individual ranking at 89.60%, closely trailed by XLM-
R (89.03%) and BanglaBERT (88.69%). These gaps un-
derscore that large-scale self-supervised pretraining en-
codes linguistic knowledge difficult to learn from 5,400
labeled samples alone. The exception is MuRIL, which
effectively collapsed to majority-class prediction (18.06%
accuracy), indicating poor transfer from its multilingual
Indian-language pretraining to colloquial Bengali under
the 8-epoch budget.

Table 3: Performance comparison of all models on the Bengali emotion
test set

Model Acc. Prec. Rec. F1

CNN+BiLSTM 74.74 7542 7474 0.748
CNN+BILSTM+Attn  79.66 79.68 79.66 0.796
HAN 7543 7579 7543 0.755
BiLSTM+Self-Attn 78.63 79.00 78.63 0.787
BiLSTM+CBAM 7737 7747 7737 0.774
BanglaBERT 88.69 89.40 88.69 0.888
MuRIL 18.06 326 18.06 0.055
XLM-R 89.03 8896 89.03 0.889
BB+BiLSTM 89.60 89.75 89.60 0.895
BB+BiLSTM+CBAM 86.63 87.47 86.63 0.868
Ensemble 91.31 91,51 91.31 0.913

MuRIL Failure Analysis: The exceptionally poor MuRIL
performance warrants detailed investigation. We con-
ducted additional diagnostic experiments:

1. Tokenizer Mismatch: We verified that the MuRIL tok-
enizer correctly processes Bengali Unicode. Manual
inspection of tokenization outputs confirmed proper
handling of Bengali characters, ruling out character
encoding issues.

2. Learning Rate Sensitivity: We retrained MuRIL with a
10-fold coarser learning rate (Ir = 107°) to avoid gra-
dient instability. Performance remained poor (19.3%
accuracy), suggesting the issue is not solely gradient
magnitude.

3. Extended Training: We extended MuRIL training
from 8 to 25 epochs with checkpoint selection based
on validation accuracy. Best validation performance

plateaued at 22% accuracy by epoch 12, indicating
insufficient convergence rather than overfitting.

4. Hypothesis: MuRIL’s pretraining on 17 Indian lan-
guages likely distributes representation capacity
across multiple linguistic systems, diluting Bengali-
specific patterns. Colloquial Bengali social media
text—with heavy code-switching, slang, and non-
standard morphology—may fall outside MuRIL's
pretraining distribution. The combination of do-
main mismatch and shared multilingual capacity ap-
pears to create a negative transfer scenario for this
specialized task.

These findings suggest that the breadth of multilingual
coverage can hinder performance on low-resource lan-
guages within noisy, domain-specific text, contrasting
with the effectiveness of monolingual BanglaBERT.
Diminishing returns of hybrid complexity. Appending a
BiLSTM to BanglaBERT lifts accuracy by roughly one
point over vanilla BanglaBERT, but stacking CBAM on
top (86.63%) actually degrades performance. The added
gating layers appear to disrupt gradient flow through the
frozen-then-unfrozen BERT backbone rather than provide
useful feature refinement.

Attention benefits recurrent baselines. Within  the
custom group, the attention-equipped variants-
CNN+BiLSTM+Attention (79.66%), BiLSTM+Self-

Attention (78.63%), and BIiLSTM+CBAM (77.37%)-
consistently exceed the plain CNN+BiLSTM (74.74%) and
HAN (75.43%), confirming that explicit attention pooling
extracts more discriminative summaries than uniform av-
eraging.

5.4. Statistical Significance Testing

To validate that reported performance differences are not
due to random chance, we conducted statistical signifi-
cance testing on key model comparisons. Paired McNe-
mar’s test was applied to evaluate whether differences in
misclassification rates between the full ensemble and indi-
vidual models are statistically meaningful:

e Full ensemble vs. XLM-R: x2 = 0.403, p = 0.526 (not
statistically significant)

e Full ensemble vs. BB+BiLSTM: p = 3.10 x 107 (sta-
tistically significant)

The results support a cautious interpretation: the full
ensemble is robust, but its gain over XLM-R is not sta-
tistically significant on the paired test set, so we do
not claim statistical superiority over XLM-R. The full
ensemble is retained as the system model because it
gives the strongest combined evidence: the highest held-
out score among the manuscript models (91.31% accu-
racy, weighted F1=0.913), a significant advantage over
BB+BiLSTM, and the highest repeated-split mean among
the retrained transformer candidates (89.624+0.93% accu-
racy, weighted F1=0.896+0.009). Bootstrap confidence in-
tervals were computed using resampling iterations over
the held-out test-set prediction records. The resulting
95% intervals were tightly concentrated around the full en-
semble estimates: accuracy 91.31% [88.23%, 92.23%] and
weighted F1 0.913 [0.882, 0.922].
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All Models — Performance Comparison
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Figure 9: BanglaBERT training dynamics and classification behavior, including training and validation accuracy curves, loss curves, and the confusion

matrix obtained on the held-out test set

5.5. Repeated Stratified Split Robustness

To address the single-split evaluation concern, we addi-
tionally repeated the full transformer ensemble experi-
ment over five independent stratified 70:15:15 splits using
seeds 42-46. BanglaBERT, XLM-R, and BB+BiLSTM were
retrained under the same Adam-based 8-epoch setup, and
the final prediction was obtained by equal-weight soft vot-
ing. Table 4 reports mean =+ standard deviation over the
five untouched test partitions.

Table 4: Repeated stratified split robustness over five independent runs

from scratch under leakage-safe train-only augmentation,
rather than reusing the original checkpoint.

5.6. Error Analysis

To understand model limitations and common failure
modes, we conducted qualitative and quantitative error
analysis on ensemble misclassifications. Analysis of the
test-set confusion matrices and a sample of misclassified
examples is summarized in Table 5.

Table 5: Summary of major error patterns in the held-out test analysis

Error pattern Evidence and interpretation

Sadness—Fear Sadness—Fear errors reached 11%; nega-

Model Acc. mean+SD F1 mean+SD Runs
BanglaBERT 86.26+1.44 0.863+0.014 5
XLM-R 88.66+1.02 0.887+0.010 5
BB+BiLSTM 85.70+0.90 0.857+0.009 5
Full Ensemble 89.624+0.93 0.8961-0.009 5

overlap

Disgust-Anger
overlap

tive affect and anxiety terms often shared
similar lexical cues.

The false-positive rate was 9%; com-
plaint, blame, and moral judgement to-

The repeated-run ensemble mean remains close to the
single-split held-out result, and the small standard de-
viation indicates that the conclusion is not dependent
on a favorable random partition. The lower mean rela-
tive to the original single-split score is expected because
each repeated run retrains all transformer components

Code-mixed text
Sarcasm / implicit
negation

Ambiguous multi-
emotion samples

kens blurred the class boundary.

23 test errors (2.6%) involved Roman-
ized or English fragments weakened by
Bengali-only filtering.

6 sarcastic errors (0.68%) used positive
surface words to convey negative emo-
tion.

8-10 test samples expressed mixed emo-
tions, while the annotation scheme re-
quired one label.
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5.6.1. Overlapping Emotion Pairs

The strongest confusion occurs between Sadness and Fear
(false positive rate Sadness—Fear: 11%), and between Dis-
gust and Anger (false positive rate: 9%). Linguistic anal-
ysis of misclassified samples reveals substantial lexical
overlap —words like OIN<P (dreadful) appear in both fear
and disgust contexts, and negation particles interact with
these base emotions unpredictably. This suggests that Ek-
man’s discrete emotion categories, while theoretically mo-
tivated, may not perfectly map to colloquial Bengali social
media language use.

5.6.2. Code-Mixed and Transliterated Text

Our preprocessing script removes non-Bengali charac-
ters, including Romanized Bengali transliteration. Sam-
ples mixing Bengali and English (e.g., I L + “T am
happy”) after character filtering become truncated or se-
mantically degraded. We identified 23 test-set errors (2.6%
of total test samples) where code-mixed text was a con-
tributing factor, suggesting that more sophisticated code-
switching handling could improve performance by 1-2
percentage points.

5.6.3. Sarcasm and Implicit Negation

Sarcastic utterances, rare but present in social media, are
consistently misclassified. For example, WY, AT
EEAVIICD (“Great, another lockdown”) expresses sarcastic
sadness but lexically signals happiness. The six misclassi-
fied sarcastic samples in the test set (0.68% of total) were
all predicted as Happiness; none of our models learned to
detect sarcasm explicitly, likely due to its low frequency
and the complexity of sarcasm annotation.

5.6.4. Ambiguous Boundary Cases

Approximately 8-10 test samples were inherently ambigu-
ous, expressing multiple emotions simultaneously. For in-
stance, SN Y f$F Bl &© (“I am happy but worried”)
blends Happiness and Fear. These ambiguous cases force
a hard classification decision despite their inherent multi-
label nature. A future multi-label variant of this work
might address this limitation.

In summary, the full ensemble’s 91.31% accuracy indi-
cates strong single-label classification performance given
the inherent linguistic and annotation ambiguities in Ben-
gali emotion expression. Remaining errors are concen-
trated in theoretically interesting edge cases (code-mixing,
sarcasm, ambiguous boundaries) rather than systematic
model failures. To provide a more comprehensive under-
standing of the ensemble model’s performance, the classi-
fication report is presented in Table 6.

5.7. Per-Class F1 Breakdown

Table 7 disaggregates the F1-scores by emotion for both the
ensemble and the strongest single model.

Figure 10 further displays the ensemble’s confusion
matrix and per-class F1 breakdown. Surprise (0.95) and

Happiness (0.94) are the most cleanly separated classes,
likely because Bengali speakers employ distinctive, seman-
tically concentrated vocabularies when expressing joy or
astonishment. Sadness (0.87) and Fear (0.88) prove harder
to distinguish, consistent with the known lexical overlap
between these states in South Asian languages. Across all
six categories the ensemble improves upon or matches ev-
ery individual model, validating the hypothesis that aver-
aging softmax outputs from architecturally diverse trans-
formers reduces per-model blind spots.

Table 6: Soft-voting ensemble classification report on the held-out Ben-
gali emotion test set

Class Prec. Rec. F1 Support
Anger 09275 0.8649 0.8951 148
Disgust 0.9306  0.9371  0.9338 143
Fear 0.8272  0.9437 0.8816 142
Happiness 0.9264 0.9557  0.9408 158
Sadness 0.9213  0.8239  0.8699 142
Surprise 0.9574 0.9507 0.9541 142
Macro avg 09151 0.9127 09125 875
Weighted avg  0.9154 0.9131  0.9130 875
Accuracy 0.9131 875

Table 7: Per-class Fl-scores for the ensemble and the best individual
model

Emotion Ensemble BB+BiLSTM
Happiness 0.94 0.93
Anger 0.90 0.88
Sadness 0.87 0.85
Fear 0.88 0.84
Disgust 0.94 091
Surprise 0.95 0.95
Weighted avg 0.913 0.895

5.8. Full-Ensemble Optimizer Comparison

We provide the optimizer comparison on the complete
soft-voting ensemble. In this experiment, all three en-
semble members-BanglaBERT, XLM-R, and BB+BiLSTM-
were retrained under the same stratified 70:15:15 split,
the same train-only augmentation policy, and the same
8-epoch transformer training budget. The only changed
factor was the optimizer: Adam, SGD with momentum,
RMSprop, or AdaGrad.

The results in Table 8 and Figure 11 show that Adam
gives the strongest result among the evaluated system opti-
mizers, reaching 89.27% accuracy and weighted F1=0.892.
RMSprop is close but slightly lower at 88.53% accuracy
and weighted F1=0.885. SGD and AdaGrad underfit the
transformer ensemble under the shared learning-rate set-
ting.

6. Few-Shot and Zero-Shot Evaluation

One of the primary motivations for supervised fine-tuning
is the substantial performance gap between trained spe-
cialist models and large pre-trained language models
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Figure 10: Performance of the proposed soft-voting ensemble. Left: confusion matrix showing class-wise prediction outcomes. Right: comparison of
per-class F1-scores between the ensemble and individual transformer-based models
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Figure 11: Full-ensemble optimizer comparison for the proposed soft-voting framework. The figure presents mean component training accuracy,
validation accuracy, training loss, and final test performance obtained using Adam, SGD, RMSprop, and AdaGrad optimizers under identical training
conditions

Table 8: Full-ensemble optimizer comparison for Ensemble (BB+XLM+BB-LSTM)

Optimizer Acc. Prec. Rec. F1

Adam 89.27 89.34 89.27 0.892
RMSprop  88.53 88.61 88.53 0.885
AdaGrad  43.65 4750 43.65 0419
SGD 20.10 19.53 20.10 0.152
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(LLMs) that don’t have task-specific supervision. To mea-
sure this gap for Bengali emotion classification, we test two
unsupervised paradigms on a 200-sample held-out evalu-
ation subset, all without access to training labels.

6.1. Zero-Shot Classification via NLI

We use the joeddav/x1lm-roberta-large-xnli model [31]
as a zero-shot classifier. Each sample is scored against six
hypothesis templates of the form “This text expresses [emo-
tion]”, and the emotion with the highest entailment score
is predicted. No fine-tuning is performed.

6.2. Few-Shot Classification via Embedding Similarity

For the few-shot setting, we use the multilingual sentence
encoder paraphrase-multilingual-MinilM-L12-v2 [32]
with a nearest-centroid classifier. A support set of 3 la-
beled examples per class (18 samples total) is embedded;
test samples are assigned to the nearest class centroid by
cosine similarity. This approach requires no gradient up-
dates and uses only 3 x 6 = 18 labeled samples.

6.3. Results and Comparison

Table 9 summarises the results, and Figure 12 provides a
visual comparison against the supervised models. The re-
sults show a clear “supervision gap”: the zero-shot NLI
method only gets F1=0.058 on Bengali emotion text, which
means it only predicts one class (Anger) for all samples.
This shows that the NLI hypothesis templates don’t work
well with everyday Bengali. The 3-shot embedding sim-
ilarity method gets better, with an F1 score of 0.142, but
it is still much lower than the supervised baseline. The
supervised fine-tuned ensemble (F1 = 0.915) is about 6.3
times better than the 3-shot approach, and the fine-tuned
transformers are 15-16 times better than the zero-shot ap-
proach.

This analysis highlights the necessity of task-specific
supervised training for Bengali emotion classification.

Table 9: Zero-shot and few-shot evaluation vs. supervised baselines on a
200-sample Bengali emotion evaluation subset

Method Setting  Acc. (%) Wt-F1
Zero-Shot(XLM-RoBERTa- 0labels 1850  0.058
large-XNLI)

3-Shot (multilingual MiniLM, 18 labels 16.50  0.142
cosine)

Supervised: BanglaBERT (fine- Full data 88.46  0.886
tuned)

Supervised: ~ XLM-R (fine- Full data 89.60  0.895
tuned)

Supervised: BB+BiLSTM (fine- Full data 89.14  0.891
tuned)

Supervised: Ensemble Full data 91.54 0.915

Future large multilingual models pre-trained on a
larger proportion of Bengali text (e.g., LLMs such as GPT-
4 or Llama with Bengali instruction tuning [33]) may nar-
row this gap, but at present the supervised fine-tuning
paradigm is clearly superior for this low-resource lan-
guage emotion classification task.

6.4. Ablation Study

To understand the impact of each component of our en-
semble model an ablation study is shown in Table 10. The
ablation table was treated as sensitivity analysis because
it measures how the ensemble output changes when one
component is removed. The results show that the ensem-
ble is sensitive mainly to the XLM-R component: removing
XLM-R reduces weighted F1 from 0.9131 to 0.8719, a drop
of 0.0306. Removing BanglaBERT or BB-LSTM gives small
single-split improvements of 0.0078 and 0.0102 weighted
F1, respectively. In accuracy terms, these correspond to
only about 7-9 additional correct predictions on the sam-
ple test set. Therefore, the reduced variants are competi-
tive, but the differences are small and single-split depen-
dent.

The full ensemble is retained because it provides
the most balanced and conservative configuration:
BanglaBERT contributes Bengali-specific contextual rep-
resentations, XLM-R contributes multilingual transfer,
and BB+BiLSTM contributes sequential modeling over
BanglaBERT embeddings. Thus, this table is interpreted
as a component-sensitivity analysis rather than a post-hoc
model-selection table.

6.5. Comparison with Prior Bengali Emotion Systems

Table 11 situates our results within the landscape of pub-
lished Bengali emotion classifiers. The results demon-
strate that the proposed transformer-based ensemble
achieves the highest classification accuracy of 91.31% on
a dataset containing 5,401 samples across six emotion cat-
egories. Earlier studies primarily relied on traditional ma-
chine learning approaches such as Naive Bayes and SVM,
reporting accuracies ranging from 69% to 78.63%, while
deep learning models including RNN-BiLSTM and HAN-
LSTM achieved 85.67% and 84.18%, respectively. Despite
addressing a more challenging six-class emotion classifi-
cation problem, the proposed ensemble consistently out-
performs all prior methods. These findings highlight the
effectiveness of combining pretrained transformer archi-
tectures through ensemble learning for capturing complex
emotional patterns in Bengali social media text and es-
tablish a strong benchmark for future research in low-
resource language emotion analysis.

7. Explainability Analysis

7.1. LIME Token Attribution

To inspect what the best-performing ensemble relies on,
LIME is applied with 100 text perturbations per sample
and 10 retained features. Each token receives a signed
weight: positive values push the prediction toward the
true class and negative values oppose it. Figure 13 dis-
plays the top-10 attributions for one representative sam-
ple per emotion. The explanations reveal interpretable pat-
terns across categories. Happiness predictions are driven
by words denoting celebration and positive life events,
whereas Anger attributions concentrate on interrogative
particles and conflict-related terms. Fear samples high-
light threat vocabulary and negation markers. Impor-
tantly, high-frequency function words (conjunctions, aux-
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Zero/Few-Shot vs Supervised Models — Weighted F1
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Figure 12: Comparison of zero-shot and few-shot LLM approaches vs. supervised models. Top: horizontal bar chart of weighted F1 scores for all mod-
els. Bottom: normalised confusion matrices for the zero-shot (XLM-RNLI, F1=0.058) and 3-shot (MiniLM cosine, F1=0.142) approaches, illustrating
the supervision gap

Table 10: Ablation Study of ensemble components

Setting Accuracy Wt-F1 AF1 vs
Full
Full Ensemble 0.9131 0.9130  +0.0000
w/o BB 0.9211 0.9207  +0.0077
w/o XLM 0.8903 0.8907  -0.0222
w/o BB-LSTM 0.9223 0.9220  +0.0091
Only BB 0.8846 0.8857  -0.0273
Only XLM 0.8971 0.8962  -0.0168
Only BB-LSTM  0.8914 0.8905  -0.0225

Table 11: Comparison with existing works

Method Data
[10] 3780
[11] —
[12] 3600
[13] —
[14] —
Ours 5401

Model Class Accuracy
Naive Bayes 3 78.63%
SVM 2 69%
Naive Bayes 6 73%
RNN+BILSTM 2 85.67%
HAN-LSTM 6 84.18%
Ensemble 6 91.31%
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LIME Explanations — Top 10 Features per Sample
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Figure 13: LIME explanations showing the most influential tokens contributing to the predicted emotion class across representative samples from all
six emotion categories. Positive contributions support the prediction, whereas negative contributions oppose it

iliaries) consistently receive near-zero weights, indicating
that the model has learned to attend to emotion-bearing
content words rather than surface-level frequency artifacts.
Some feature overlap between Disgust and Anger is visi-
ble, aligning with the slightly lower F1 observed for those
two classes.

7.2. SHAP Value Decomposition and LIME-SHAP Compari-
son

To provide a more rigorous interpretation grounded in
game-theoretic principles, we complemented LIME with
SHAP (SHapley Additive exPlanations) analysis. SHAP
values decompose each prediction into additive feature
contributions that satisfy consistency and local accuracy
properties, offering theoretically stronger guarantees than
LIME’s local linear approximation. We computed SHAP
values using the Kernel SHAP method with background
samples for all six emotion classes.

7.2.1. SHAP Results

SHAP values reveal similar overall patterns to LIME but
with quantifiable contribution magnitudes. Figure 14
presents the top SHAP token contributions for all six emo-
tion categories in the same panel structure as the LIME
explanations. For Happiness, positive SHAP values con-

centrate on ﬁf;T, ?i?[, and ¥~IW; for Anger, they empha-

size 919, BE &, and question markers. Disgust, Fear, Sad-
ness, and Surprise show comparable emotion-specific lexi-

cal cues, while negative bars indicate tokens that push the
prediction away from the target emotion.

7.2.2. LIME-SHAP Agreement and Discrepancies

Comparing the two methods qualitatively shows that
both methods consistently identify emotion-bearing con-
tent words as most influential. Table 12 summarizes the
main agreements and differences. However, key differ-
ences emerge in edge cases:

1. Function Word Attribution: LIME occasionally assigns
non-zero weights to high-frequency function words
(conjunctions, articles), while SHAP more reliably as-
signs them near-zero contributions, reflecting their
universal occurrence across classes.

. Magnitude Calibration: SHAP values provide a prin-
cipled probability distribution over contributions,
whereas LIME’s linear coefficients lack direct proba-
bilistic interpretation. On samples where prediction
confidence is marginal (softmax max < 0.65), LIME
weights are often more diffuse, while SHAP values
remain concentrated on the true decision drivers.

. Rare Token Handling: For out-of-vocabulary or rare
tokens, LIME'’s perturbation-based approach may
fail to perturb them meaningfully, while SHAP’s
background-set approach naturally handles low-
frequency features.
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SHAP Results - Top Token Contributions per Emotion
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Figure 14: SHAP-based token attribution analysis for representative samples from each emotion category. Positive SHAP values increase the likeli-
hood of the predicted class, whereas negative values decrease the class score

Overall, both methods corroborate that the ensemble’s
predictions rely on linguistically meaningful emotion in-
dicators rather than spurious statistical correlations, val-
idating model trustworthiness. SHAP provides stronger
theoretical foundations for high-stakes applications, while
LIME offers faster computational and easier visualization.
Together, they provide complementary evidence that Ben-
gali emotion classification via transformer ensembles is ex-
plainable and interpretable.

Table 12: Qualitative comparison between LIME and SHAP explanations for Ben-
gali emotion classification

Aspect LIME SHAP Interpretation

Emotion High attribu- High contri- Both prioritize lexical

words tion bution emotion cues.

Function Occasional Near-zero val- SHAP suppresses com-

words weights ues mon tokens more consis-

tently.

Magnitude Local linear Additive SHAP gives clearer
weight value value decomposition.

Low  confi- Diffuse Concentrated SHAP remains focused

dence weights values on dominant evidence.

Rare tokens Perturbation- Background- SHAP handles sparse
sensitive aware cues more stably.

8. Conclusion

This work presented a controlled, large-scale comparison
of ten neural architectures for six-class Bengali emotion de-
tection, supported by a dedicated preprocessing pipeline
and dual-method interpretability analysis. The study

advances three main contributions: (1) a validated full-
ensemble benchmark of 91.31% accuracy on 5,401 Bengali
social media comments; (2) empirical validation through
statistical significance testing, bootstrap confidence inter-
vals, and leakage audits, establishing a more reliable inter-
pretation of the reported results; and (3) rigorous investi-
gation of model behavior through error analysis, MuRIL
failure diagnosis, and dual LIME-SHAP explainability
methods, providing transparency into both successes and
limitations.

The headline result is that a probability-
averaged ensemble of BanglaBERT, XLM-R, and
BanglaBERT+BiLSTM  achieves = 91.31%  accuracy

(weighted F1=0.913), the highest figure reported to date
on a six-category Bengali emotion benchmark. The
best single model, BanglaBERT+BiLSTM, reaches 89.60%
(F1=0.895), while all custom recurrent architectures re-
main in the 74-80% band, underscoring the critical advan-
tage of Bengali-specific pretraining. MuRIL fails to con-
verge under the current training budget, and an optimizer
ablation identifies AdaGrad (F1=0.782) as unexpectedly
superior to Adam-family methods on the CNN+BiLSTM
backbone. LIME and SHAP analyses verify that the
classifiers attend to emotion-bearing vocabulary rather
than spurious correlations, with Happiness and Surprise
emerging as the most distinctly separable categories.

Several avenues remain open for future investigation:
(i) scaling the annotated corpus to improve coverage of
rare emotional expressions; (ii) modelling code-mixed
Bengali-English input, which is pervasive on South Asian
social platforms; (iii) incorporating multimodal signals
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such as images and emoji for richer affective context;
(iv) designing extended or curriculum-based fine-tuning
schedules to rescue MuRIL convergence; and (v) evaluat-
ing instruction-tuned large language models in few-shot
and zero-shot Bengali emotion classification settings.
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