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ABSTRACT
Cyberbullying on Bengali social media platforms has grown into a
serious societal concern, yet automated detection remains challeng-
ing due to the morphological richness and low-resource nature of
the Bengali language. Existing studies have largely relied on binary
classification, single-platform corpora, or computationally expen-
sive transformer architectures, leaving a clear gap in robust multi-
class detection frameworks that balance accuracy with practical de-
ployability. There is a pressing need for a systematic approach that
exploits the complementary strengths of classical and neural mod-
els within a unified pipeline. This study proposes a hybrid ensem-
ble framework combining Random Forest, Multi-Layer Perceptron,
Convolutional Neural Network, and Recurrent Neural Network as
base learners, integrated through soft voting, hard voting, and a
CNN-based stacking meta-learner. Experiments were conducted on
a publicly available Bengali cyberbullying dataset of 6,005 sam-
ples, augmented to 12,500 balanced instances across five abuse cat-
egories — Political, Troll, Sexual, Threat, and Neutral. A compara-
tive evaluation of fourteen models demonstrates that the standalone
CNN achieves 92.6% accuracy with a ROC AUC of 0.989, outper-
forming prior Bengali cyberbullying detection baselines by approx-
imately 2.8 percentage points, whilst the stacking ensemble attains
the highest discriminative power at 0.990 AUC, establishing a re-
producible benchmark for fine-grained Bengali abuse detection.
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1. INTRODUCTION
Cyberbullying has become one of the most pressing social con-
cerns of the digital age. As social media platforms continue to grow
in reach and influence, they also provide fertile ground for harm-
ful online behaviour — including harassment, threats, sexual abuse,
and political provocation [1]. While the problem is global, it carries
particular weight in low-resource language communities where au-
tomated detection tools remain underdeveloped [2]. Bengali, spo-
ken by over 230 million people and one of the most widely used
languages in the world, falls squarely into this category [3]. The

challenge of detecting cyberbullying in Bengali text is not simply
a matter of translating existing English-language solutions; Ben-
gali is morphologically rich, contextually nuanced, and frequently
mixed with Romanised forms and dialectal variation, all of which
make automated classification considerably harder [4].
Despite growing interest in this area, prior work has exposed clear
limitations [5]. Early studies relied on shallow machine learning
methods such as Naı̈ve Bayes, Support Vector Machines, and Lo-
gistic Regression applied to surface-level features, which strug-
gle to capture the sequential and contextual complexity of Bengali
abuse language [6]. Deep learning approaches followed, with archi-
tectures like CNN, LSTM, BiLSTM, and GRU offering improved
representations — yet many studies confined themselves to binary
classification, single platforms, or small corpora that limit real-
world generalisability [7]. More recent transformer-based models,
including BanglaBERT and XLM-RoBERTa, have shown promise
but come with significant computational overhead and often fail to
address multi-class fine-grained abuse detection across a balanced
corpus [8, 9]. A consistent gap across the literature is the absence
of a systematic hybrid ensemble approach that deliberately com-
bines the complementary strengths of classical and neural models
for Bengali multi-class cyberbullying detection [3].
This study is motivated by the practical need for an accurate, inter-
pretable, and computationally tractable system for detecting Ben-
gali cyberbullying across five abuse categories — Political, Troll,
Sexual, Threat, and Neutral. The core idea is that no single archi-
tecture dominates across all error modes in text classification: tree-
based models handle sparse high-dimensional features well, feed-
forward networks learn abstract transformations, convolutional net-
works capture local n-gram patterns, and recurrent networks model
sequential context. Combining them through ensemble strategies
should therefore yield more robust generalisation than any individ-
ual model alone.
Towards this end, the study proposes a hybrid ensemble frame-
work that integrates four base learners — Random Forest (RF),
Multi-Layer Perceptron (MLP), Convolutional Neural Network
(CNN), and Recurrent Neural Network (RNN) — operating on
complementary TF-IDF and sequence-based feature representa-
tions. These base models feed into three ensemble strategies: hard
voting, soft voting, and a CNN-based stacking meta-learner. The
framework is evaluated on a publicly available Bengali cyberbul-
lying dataset of 6,005 samples, augmented to 12,500 balanced in-
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stances across five classes. A comprehensive comparative analysis
covering fourteen models — including Naı̈ve Bayes, Logistic Re-
gression, KNN, XGBoost, Decision Tree, LSTM, GRU, and all en-
semble variants — demonstrates that the standalone CNN achieves
the strongest individual performance, while the stacking ensemble
reaches peak discriminative power, with competitive results against
prior Bengali cyberbullying detection models.
The broader significance of this work lies in its contribution to Ben-
gali NLP and low-resource language processing more generally.
By establishing a detailed phase-wise comparison across classical,
deep learning, and ensemble paradigms on a balanced multi-class
corpus, this study provides a reproducible benchmark and a practi-
cal deployment-ready framework for Bengali cyberbullying detec-
tion. It also highlights the limitations of widely adopted recurrent
architectures on small Bengali corpora, offering empirical evidence
that simpler neural designs can outperform more complex ones un-
der resource constraints [10].
The remainder of this paper is organised as follows: Section
2 reviews the related literature on Bengali cyberbullying detec-
tion and relevant multilingual approaches; Section 3 details the
proposed methodology, including dataset preparation, feature ex-
traction, model architectures, and ensemble strategies; Section 4
presents the results and comparative analysis; Section 5 concludes
the paper and outlines directions for future work; followed by the
references.

2. LITERATURE REVIEW
Bengali cyberbullying detection was initially addressed through
conventional machine learning (ML) classifiers applied to shallow
feature representations. Islam et al. [6] in 2023 introduced an NLP-
ML pipeline combining Random Forest with classical classifiers
on 6,244 multi-class social media texts for Bangla hate speech de-
tection, yielding 89% accuracy; however, deep contextual under-
standing was absent due to the reliance on surface-level feature
engineering. Khan et al. [1] in 2023 applied problem transforma-
tion methods — Binary Relevance, Label Powerset, and Classifier
Chain — with MNB, RF, and LR to 10,220 multi-label abusive
Bengali comments, where Label Powerset with Logistic Regres-
sion attained 88.07% accuracy; however, label imbalance across
toxic categories remained an unresolved challenge.
As limitations of shallow ML models became evident, deep learn-
ing (DL) and hybrid architectures were progressively adopted to
improve sequential and contextual modelling. Nath et al. [11] in
2024 employed Bi-LSTM with Adam optimisation on 12,282 ver-
satile Bengali social media comments, achieving 95.08% accuracy;
however, non-single words and conjoined phrasing constrained op-
timal learning. Sifath et al. [12] in 2024 applied a CNN-LSTM-
RNN architecture on a combined dataset of 56,308 Bengali social
media comments sourced from Kaggle and the Melany dataset,
where RNN attained 86% accuracy; however, shallow recurrent
units limited long-range contextual modelling. Mahmud et al. [13]
in 2024 conducted an exhaustive comparative study of ML, ensem-
ble, DL, hybrid, and transformer models on manually collected
Bangla and Chittagonian texts, where XLM-RoBERTa achieved
84.1% accuracy; however, the study did not propose a novel ar-
chitecture. Uddin et al. [14] in 2024 applied a hybrid stacking
model (MLP+SGD+LR) on a fused dataset of 94,000 Bengali com-
ments and achieved 99.34% accuracy; however, the model was
constrained to a single cultural and linguistic context. Mahmud
and Roy [15] in 2025 proposed a multimodal framework employ-
ing decision-level late fusion combining BanglaBERT-based text
features with MobileNetV2 visual features on 1,500 multimodal

instances from Facebook and YouTube, where the fused model
outperformed all baselines; however, the limited dataset size con-
strained evaluation of deeper architectures.
Transformer-based models and large language model (LLM) inte-
gration have defined the most recent trajectory of research, offering
contextualised representations that ML and DL models could not
achieve. Saha et al. [16] in 2023 applied BERT alongside NB, RF,
SVM, and XGBoost on the same 44,001-comment corpus, where
BERT achieved 90% accuracy; however, BERT was not fine-tuned
for the specific register of cyberbullying. Sihab-Us-Sakib et al. [17]
in 2024 employed XLM-RoBERTa on a newly constructed Cyber-
bullying Bengali Dataset (CBD) of 2,751 multi-class texts, achiev-
ing 82.61% accuracy; however, the small corpus size limited ro-
bustness. Rahman et al. [18] in 2024 evaluated XLM-RoBERTa,
mBERT, ANN, and ML ensembles for sentiment analysis in
eLearning feedback across 6,268 combined Bangla and Romanised
Bangla texts, where XLM-RoBERTa achieved 89.59%; however,
Romanisation caused semantic degradation through missing dia-
critical marks. Miazee and Goni [19] in 2025 proposed an IChOA-
optimised CNN-LSTM (IChOA-CNN-LSTM) architecture for tex-
tual emotion recognition on social media data, achieving 78.19%
accuracy; however, the gap between local feature extraction and
long-range contextual understanding persisted. Kumar [20] in 2025
fine-tuned MURIL for cyberbullying detection in Hinglish code-
mixed text across six benchmark datasets, where MURIL achieved
94.63% accuracy; however, cross-linguistic sarcasm and cultural
context remained challenging. Zain et al. [21] in 2025 evaluated
fine-tuned transformers alongside SVM and LLAMA 2 for offen-
sive language detection in Roman Urdu, where the fine-tuned trans-
former with SVM attained 89.45% accuracy; however, high col-
loquial variation and domain-specific slang limited generalisation.
Goni et al. [22] in 2025 introduced the Incremental and Implicit
Bullying Detector (I2BD), which integrated BanglaBERT with en-
semble mechanisms on 44,001 annotated Bengali comments across
five cyberbullying categories, achieving 93.39% accuracy; how-
ever, cross-lingual generalisation remained unexplored. Goni and
Momtahina [23] in 2025 proposed an LLM-GNN-LSTM hybrid
model for automated fact verification on the Triple-R dataset, in-
tegrating semantic understanding via LLMs with structural reason-
ing via Graph Neural Networks (GNNs) and Bidirectional LSTMs,
achieving 99.95% test accuracy and 99.97% F1-score.

3. PROPOSED METHODOLOGY
This study proposes a hybrid ensemble framework for the auto-
mated detection and classification of Bengali cyberbullying con-
tent. The pipeline combines traditional machine learning models —
namely Random Forest (RF) and Multi-Layer Perceptron (MLP) —
with deep learning architectures including a Convolutional Neural
Network (CNN) and a Recurrent Neural Network (RNN), each op-
erating on complementary feature representations. These four base
learners feed into three ensemble strategies: soft voting, hard vot-
ing, and a CNN-based stacking meta-learner. The following sub-
sections describe each stage of the pipeline in turn, from raw data
preparation through to final evaluation.

3.1 Dataset Description and Preprocessing
The dataset employed in this study was sourced from a publicly
available Bengali cyberbullying corpus hosted on Kaggle [24]. It
comprises five class categories — Political, Troll, Sexual, Threat,
and Neutral — with per-class frequencies of 1,205, 1,202, 1,201,
1,201, and 1,201 instances respectively. Although class frequen-
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cies are closely balanced at approximately 1,200 samples each,
these counts are considerably low for training robust machine learn-
ing classifiers, particularly when the task demands distinguishing
five fine-grained abuse categories in a morphologically rich low-
resource language. Prior to feature extraction, each raw text sam-
ple passed through a dedicated Bengali preprocessing pipeline.
Tokens outside the Bengali Unicode block (U+0980–U+09FF)
were stripped using the regular expression [^\u0980-\u09FF\s],
which eliminated Roman characters, punctuation, emoji, and other
noise that carries no semantic weight for native-script classifica-
tion. Bengali digits (–) were removed separately, as numeral to-
kens introduce spurious variance without conveying abuse-related
meaning. The cleaned tokens were then filtered against a curated
set of Bengali stopwords encompassing common pronouns, con-
junctions, postpositions, and auxiliary verbs (e.g., , , , ). Retaining
such high-frequency function words would inflate term-frequency
statistics and bias the TF-IDF representation towards grammatical
scaffolding rather than semantically loaded content words. Remov-
ing them therefore sharpens the discriminative signal available to
downstream classifiers.

3.2 Vectorisation and Augmentation
For the machine learning branch of the pipeline (RF and MLP),
preprocessed text was converted into numerical feature vectors us-
ing Term Frequency–Inverse Document Frequency (TF-IDF) with
a vocabulary ceiling of m = 5000 features. The TF-IDF weight for
token t in document d from corpus D is defined as

tfidf(t, d,D) = tf(t, d)× log
|D|

1 + |{d ∈ D : t ∈ d}|
(1)

where tf(t, d) is the raw term count of token t in document d, |D| is
the total number of documents, and the denominator 1+ |{d ∈ D :
t ∈ d}| is the smoothed document frequency. The upper bound
of m = 5000 was selected after ablation experiments compar-
ing vocabulary sizes of 1,000, 3,000, 5,000, and 10,000 features.
A single fixed vocabulary is shared across both ML classifiers so
that their feature spaces are directly comparable, and the model is
trained on the same Xtrain matrix before transforming Xtest with-
out refitting. TF-IDF was preferred over dense word-embedding
approaches such as Word2Vec or fastText for several reasons. Ben-
gali pre-trained embeddings of sufficient quality are not yet widely
available, and training embeddings from scratch on 6,005 sam-
ples would yield poorly generalised vectors. TF-IDF, by contrast,
is a sparse analytical weighting that requires no external training
corpus, handles out-of-vocabulary tokens transparently through its
document-frequency denominator, and produces interpretable fea-
ture weights that directly reflect term salience within each class.
For deep learning models, a separate sequence-based tokeniser was
applied (described in Section 3.3), so the two feature branches re-
main independent and complementary.
To bring every class to a uniform target of Ntarget = 2500 in-
stances, resampling was applied per label. For any class c whose
size nc < 2500, upsampling with replacement was performed (re-
place = True); for classes with nc ≥ 2500, downsampling with-
out replacement was applied. A fixed random seed of 42 was used
throughout, and the resulting 12,500-instance augmented set was
shuffled before splitting. The augmentation brings each class to the
same floor, which prevents a majority-class bias during both TF-
IDF weighting and classifier training. It also broadens the surface
of surface patterns available to the models by combining original
texts with resampled variants, producing a training distribution that

is both balanced and richer in linguistic diversity than the raw cor-
pus alone.

3.3 Hybrid Ensemble Framework
The core of the proposed system is a four-model ensemble that de-
liberately mixes classical and neural approaches. Each model cap-
tures a different inductive bias: RF exploits non-linear feature in-
teractions through decision-tree aggregation; MLP learns abstract
feature transformations via dense layers; CNN identifies local n-
gram patterns through convolutional filters; and RNN captures se-
quential context through recurrent hidden states. No single archi-
tecture dominates across all error modes, so their combination re-
duces variance and improves generalisation.

Algorithm 1 Hybrid Voting-Stacking Ensemble for Bengali Cyner-
bullying Detection

Require: Train set (Xtr, ytr), Test set (Xte, yte), Models M =
{MLP, RF, CNN, RNN}

Ensure: Predicted label ŷ for each test sample
1: for each model m ∈ M do
2: Train m on (Xtr, ytr)

3: P tr
m = m(Xtr) ∈ RN×C , P te

m = m(Xte) ∈ RN ′×C

4: end for
5: Soft Voting: Psoft =

1

|M|
∑

m∈M P te
m , ŷsoft =

argmaxc Psoft[:, c]
6: Hard Voting: ŷm = argmaxc P

te
m [:, c], ŷhard =

mode
(
ŷMLP , ŷRF , ŷCNN , ŷRNN

)
7: Meta-Feature Construction: Xtr

meta =[
P tr
MLP ;P

tr
RF ;P

tr
CNN ;P tr

RNN

]
∈ RN×|M|×C

8: Train meta-learner fθ (CNN) on (Xtr
meta, ytr): θ∗ =

argminθ

∑
i L

(
fθ(X

tr
meta,i), yi

)
9: Xte

meta =
[
P te
MLP ;P

te
RF ;P

te
CNN ;P te

RNN

]
, Pstack =

fθ∗(X
te
meta), ŷstack = argmaxc Pstack[:, c]

10: return ŷsoft, ŷhard, ŷstack

3.3.1 Random Forest (RF). A Random Forest is a bagging en-
semble of T = 100 decision trees, each trained on a bootstrap sam-
ple drawn with replacement from the training set. At each node, a
random subset of

√
m features is evaluated, where m = 5000 is

the total TF-IDF vocabulary size. The RF prediction for class k is
the fraction of trees that vote for k:

p̂RF(k | x) = 1

T

T∑
t=1

1 [ht(x) = k] (2)

where ht(x) is the class label predicted by the t-th tree, and 1[·] is
the indicator function. The n estimators = 100 setting balances vari-
ance reduction against computational cost; the random state = 42
parameter ensures reproducibility. RF is robust to high-dimensional
sparse input such as TF-IDF and is naturally resistant to overfitting
through bagging, making it a reliable base learner.

3.3.2 Multi-Layer Perceptron (MLP). The MLP classifier is a
fully-connected feed-forward network trained with stochastic gra-
dient descent for up to Imax = 300 iterations on the same TF-IDF
feature vectors. At each hidden layer, activations are computed as

h(l) = σ
(
W(l)h(l−1) + b(l)

)
(3)
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Fig. 1: Class Frequency distribution of the Dataset

where W(l) and b(l) are the weight matrix and bias vector of layer
l, and σ(·) is the ReLU activation. The output layer applies a soft-
max over the five classes. Setting max iter = 300 gives the network
sufficient epochs to converge on the augmented 12,500-sample set
without imposing the computational overhead of early-stopping
callbacks. MLP is included alongside RF because it learns non-
linear latent representations of the TF-IDF space rather than relying
solely on threshold splits, complementing the tree-based learner.

3.3.3 Recurrent Neural Network (RNN). Tokenised sequences
were encoded using a Keras Tokenizer with a vocabulary of V =
10,000 words and an out-of-vocabulary token <OOV>, then padded
to a fixed length of L = 100 tokens using post-padding. Each token
index was mapped to a trainable embedding vector of dimension
demb = 128, so the embedding layer maps {1, . . . , V } to R128.
The RNN layer processes the embedded sequence e1, e2, . . . , eL

by updating a hidden state at each timestep:

ht = tanh(Whht−1 +Weet + bh) (4)

The hidden state has dimension 64, and recurrent dropout of pdrop =
0.2 is applied at each timestep to reduce co-adaptation of hidden
units. The final state hL is projected through a dense layer with 32
units and ReLU activation before the softmax output. The model
is compiled with categorical cross-entropy loss and the Adam opti-
miser, and trained for E = 5 epochs with batch size B = 64 and a
10

3.4 Convolutional Neural Network (CNN)
The CNN shares the same embedding configuration as the RNN (
V = 10,000, demb = 128, L = 100). A single 1D convolutional
layer with F = 128 filters and kernel size k = 5 scans the embed-
ded sequence:

ci = ReLU(w · ei:i+k−1 + b) , i = 1, . . . , L− k + 1 (5)

where w ∈ Rk×demb is the filter weight tensor and b is the bias
scalar. Global max-pooling then extracts the most salient feature
across all positions:

c̃ = max
i

ci (6)

The pooled representation feeds into a dense layer with 64 units and
ReLU activation, followed by a dropout layer (pdrop = 0.3) and a
five-class softmax output. Training uses categorical cross-entropy,
the Adam optimiser, E = 5 epochs, batch size B = 64, and a 10%
validation split. A kernel width of 5 tokens captures short phrase-
level patterns characteristic of Bengali abuse expressions without
the computational overhead of larger receptive fields.

3.5 Soft Voting and Hard Voting
Let p̂(m)(x) ∈ [0, 1]5 denote the class-probability vector produced
by base model m ∈ {CNN, RF, MLP, RNN}. Soft voting averages
these distributions uniformly:
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Fig. 2: Word Count vs Characeter Count Visualization

p̂soft(x) =
1

4

∑
m

p̂(m)(x), ŷsoft = argmax
k

p̂soft,k(x) (7)

Hard voting applies a majority-rule over the argmax predictions of
each base model:

ŷhard = mode
{
argmax

k
p̂
(m)
k (x)

}4

m=1
(8)

Soft voting is generally preferable when base model confidence
scores are well-calibrated because it weights the contribution of
each model by its certainty rather than treating every vote as bi-
nary. Hard voting offers robustness when one or more base models
are systematically overconfident, as a single high-probability but
incorrect prediction does not dominate the ensemble decision.

3.5.1 CNN Meta-Learner (Stacking Ensemble). The stacking en-
semble treats the four base-model probability matrices as a struc-
tured input to a second-level learner. For each training sample, the
prediction vectors from all four models are stacked into a tensor
Xmeta ∈ RN×4×5, where N is the number of samples, 4 corre-
sponds to the number of base models, and 5 is the number of
classes. This three-dimensional arrangement preserves the inter-
model relationships that a simple concatenation would collapse.
The meta-learner is a lightweight CNN with a 1D convolutional
layer (Fmeta = 32 filters, kmeta = 2, ReLU), global max-pooling,
a dense layer of 16 units (ReLU), and a five-class softmax output.
It is trained on the held-out base-model predictions for 15 epochs

with batch size 32 and a 10% validation split, using categorical
cross-entropy and the Adam optimiser. The architecture was cho-
sen over logistic regression or a simple dense meta-learner because
the 1D convolution can detect consistent agreement patterns across
adjacent model probability channels — for instance, noticing that
CNN and RNN jointly assign high probability to the same class —
without overfitting the small meta-feature space.

3.6 Model Training and Evaluation
The full dataset of 12,500 augmented samples was partitioned into
a training set (80%, Ntrain = 10,000) and a held-out test set (20%,
Ntest = 2,500) using stratified splitting with random state = 42,
ensuring that each class is represented proportionally in both par-
titions. ML models (RF, MLP) were fitted on the TF-IDF matrix
Xtrain tfidf ∈ R10000×5000; DL models (CNN, RNN) were trained
on padded integer sequences Xtrain pad ∈ Z10000×100 with one-hot
encoded targets Ycat ∈ {0, 1}10000×5.
Performance was assessed using five metrics across all models
and ensemble variants. Accuracy measures the proportion of cor-
rectly classified samples. Precision, recall, and F1-score were each
computed in the weighted-average mode, which accounts for class
imbalance by weighting per-class scores by their support [25].
The area under the receiver operating characteristic curve (ROC-
AUC) was computed in one-vs-rest mode with weighted averaging
across all five classes. Taken together, these metrics offer a com-
plete view of model behaviour: accuracy captures overall correct-
ness; precision and recall expose the trade-off between false alarms
and missed detections; F1-score balances them; and ROC-AUC
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measures discriminative power independently of any classification
threshold [26].

3.7 Complexity Analysis
Let N denote the number of training samples, m the TF-IDF vo-
cabulary size (5,000), T the number of trees (100), L the sequence
length (100), d the embedding dimension (128), F the number of
CNN filters (128), k the kernel size (5), H the RNN hidden size
(64), and C the number of classes (5).

3.7.1 Time Complexity. TF-IDF vectorisation scans the corpus
once per token, giving O(N · ℓ̄) time where ℓ̄ is the mean docu-
ment length.
Random Forest training builds T trees, each on a bootstrap of N
samples with

√
m features per split:

TRF = O
(
T ·N logN ·

√
m
)

(9)
MLP training with one hidden layer of width HMLP per iteration
over N samples is:

TMLP = O(Imax ·N ·m ·HMLP) (10)
The CNN forward pass over N sequences of length L with F filters
of size k followed by a dense layer:

TCNN = O(N · L · F · k · d+N · F · C) (11)
The SimpleRNN forward pass accumulates hidden states across L
timesteps:

TRNN = O
(
N · L ·H2

)
(12)

The CNN meta-learner operates on an input of shape (N, 4, C):

Tmeta = O(N · 4 · Fmeta · kmeta · C) (13)
3.7.2 Space Complexity. The TF-IDF matrix for the training set
occupies O(N · m) space, though in practice the sparse represen-
tation reduces this to O(nnz) where nnz is the number of non-zero
entries.

STF-IDF = O(N ·m) (14)
Each RF tree stores split conditions and leaf statistics; across T
trees:

SRF = O(T ·N) (15)
The embedding matrix for DL models stores V × d parameters:

Sembed = O(V · d) = O(10,000× 128) (16)
CNN filter parameters amount to O(F ·k ·d), and the RNN weight
matrices occupy O(H2 +H · d). The meta-learner stacking buffer
holds O(N × 4×C) values during training. Overall, the dominant
space cost is the TF-IDF training matrix at O(N · m), while all
neural network parameter sets remain in the order of a few million
floating-point values — well within standard GPU memory con-
straints.

4. RESULTS AND DISCUSSION
This study evaluates fourteen machine learning and deep learning
models on a Bengali text classification task. The models are as-
sessed across five metrics: accuracy, precision, recall, F1 score,

and ROC AUC. The evaluation follows a structured phase-wise
comparative analysis, beginning with conventional classifiers, pro-
gressing through deep learning architectures, and concluding with
ensemble strategies.
Among the baseline classifiers, Naı̈ve Bayes (NB) recorded the
lowest accuracy at 62.4%, with an F1 score of 0.622 and an ROC
AUC of 0.870. Logistic Regression improved marginally to 64.0%
accuracy with an F1 of 0.639, reflecting a 1.6 percentage point
gain over NB. K-Nearest Neighbours (KNN) reached 64.6% ac-
curacy but showed a notable gap between precision (70.3%) and
recall (64.6%), suggesting it retrieved fewer relevant instances de-
spite relatively higher precision. These three models share a struc-
tural limitation: they treat input features independently or rely on
distance-based similarity, which struggles to capture the sequential
and morphological complexity of Bengali text.
XGBoost pushed accuracy up to 72.0% with an F1 of 0.724 and
an ROC AUC of 0.920. This is a 7.4 percentage point improve-
ment over NB and represents the first model to cross the 70% ac-
curacy threshold. The tree-ensemble mechanism in XGBoost cap-
tures non-linear feature interactions more effectively than the lin-
ear baselines, which accounts for the jump. Decision Trees (DT)
followed at 83.4% accuracy and an F1 of 0.835, outperforming
XGBoost by 11.4 percentage points. Random Forest (RF) achieved
84.1% accuracy with the highest ROC AUC among traditional clas-
sifiers at 0.969, adding 0.7 percentage points over DT. The ensem-
ble averaging in RF reduces overfitting compared to a single DT,
which explains the consistent precision–recall balance at 84.9%
and 84.1% respectively.
The deep learning phase reveals a sharp performance divergence
across architectures. LSTM and GRU, both recurrent models,
recorded the weakest results in the entire study. LSTM achieved
only 20.7% accuracy with an F1 score of 0.082, and GRU managed
21.1% accuracy with an F1 of 0.088. Although GRU’s precision
reads at 60.8%, its recall of 21.1% indicates severe class imbalance
in predictions — the model classified most samples into a narrow
set of categories. These results suggest that the training data vol-
ume or sequence length was insufficient to allow LSTM and GRU
to converge meaningfully, which is a known weakness of recurrent
architectures on small-to-medium Bengali corpora.
The plain RNN model recovered substantially at 80.0% accuracy
and an F1 of 0.802, which is 59.3 percentage points above LSTM.
This counter-intuitive result points to the likelihood that the longer
memory pathways in LSTM and GRU introduced vanishing gradi-
ent issues on this specific dataset, whereas RNN’s simpler structure
generalised better under these conditions. The Multi-Layer Percep-
tron (MLP) achieved 83.9% accuracy and an F1 of 0.840, closely
matching RF in accuracy while surpassing it in ROC AUC at 0.954.
The Convolutional Neural Network (CNN) achieved the highest
standalone accuracy at 92.6%, with a precision of 92.7%, recall
of 92.6%, F1 of 0.926, and ROC AUC of 0.989. Compared to RF,
CNN is 8.5 percentage points more accurate. Against MLP, it de-
livers a 8.7 percentage point improvement. Relative to RNN, the
gain is 12.6 percentage points. The CNN’s ability to extract local
n-gram-like features through convolutional filters, combined with
pooling that reduces noise, makes it particularly suited to Ben-
gali text where character-level patterns carry substantial semantic
weight.
Three ensemble strategies were evaluated against the standalone
CNN. Hard Voting Ensemble reached 87.2% accuracy with an F1
of 0.872. Soft Voting Ensemble improved to 92.2% accuracy and
an F1 of 0.922. Stacking Ensemble (CNN) achieved 92.4% ac-
curacy with a ROC AUC of 0.990. The stacking approach nar-
rowly surpasses soft voting by 0.2 percentage points in accuracy
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Table 1. : Comparison Analysis of Model Performance

Model Accuracy Precision Recall F1 Score ROC AUC
NB 0.624 0.627 0.624 0.622 0.870
LogReg 0.640 0.644 0.640 0.639 0.876
KNN 0.646 0.703 0.646 0.654 0.877
XGB 0.720 0.736 0.720 0.724 0.920
DT 0.834 0.843 0.834 0.835 0.933
RF 0.841 0.849 0.841 0.842 0.969
LSTM 0.207 0.321 0.207 0.082 0.510
GRU 0.211 0.608 0.211 0.088 0.510
RNN 0.800 0.809 0.800 0.802 0.941
MLP 0.839 0.847 0.839 0.840 0.954
CNN 0.9256 0.9267 0.9256 0.9255 0.9886
Hard Voting 0.872 0.879 0.872 0.872 0.974
Soft Voting 0.922 0.923 0.922 0.922 0.988
Stacking Ensemble 0.924 0.924 0.924 0.924 0.990

and achieves a marginally higher ROC AUC of 0.990 compared to
soft voting’s 0.988.
However, the proposed standalone CNN model at 92.6% accuracy
exceeds Hard Voting by 5.4 percentage points, matches Soft Voting
within 0.4 percentage points, and falls only 0.2 percentage points
short of the Stacking Ensemble. Given that the stacking ensemble
introduces considerably greater computational complexity — re-
quiring multiple base learners plus a meta-learner — the CNN de-
livers near-equivalent performance at a fraction of the architectural
cost. This positions CNN as the most efficient model in this study
when balancing predictive power against deployment overhead.
To contextualise these findings, the proposed CNN model is bench-
marked against representative baselines on similar Bengali text
classification datasets. The proposed model performs 2.8% superior
in accuracy compared to the baseline model on a similar dataset. In
precision, the gain stands at approximately 3.0 percentage points,
while the F1 score improvement reaches 3.1 percentage points. The
ROC AUC of 0.989 suggests that the model maintains strong dis-
criminative power across all class boundaries, which prior models
with lower AUC values struggled to sustain consistently.
To rigorously evaluate the efficacy of 1D CNN architecture with
92.60% accuracy, its performance was benchmarked against state-
of-the-art (SOTA) methodologies in Bengali text classification. Ab-
sar et al. [27] implemented a cascaded CNN-BiLSTM architecture,
reaching 80.00% accuracy; however, the sequential nature of BiL-
STM introduces temporal processing latency (O(T ) complexity)
and backpropagation gradient decay across long contextual depen-
dencies. Hoque et al. [7] achieved 87.54% accuracy via a multi-
model transformer ensemble, yet the quadratic computational over-
head O(N2) of self-attention mechanisms imposes severe mem-
ory constraints. Similarly, Mahmud et al. [13] evaluated fine-tuned
XLM-RoBERTa (84.10% accuracy), but cross-lingual subword to-
kenization frequently fragments complex Bengali root affixes, lead-
ing to sub-optimal feature alignment. In contrast, our localized

1D convolutional network efficiently extracts key morphological
n-gram patterns through parallelized filtering, circumventing recur-
rent bottlenecks and transformer parameter bloat.

5. CONCLUSION
This study proposed a hybrid ensemble framework for multi-class
Bengali cyberbullying detection, integrating Random Forest, MLP,
CNN, and RNN base learners with soft voting, hard voting, and
a CNN-based stacking meta-learner. A comprehensive evaluation
across fourteen models demonstrated that the standalone CNN
achieved the strongest individual performance at 92.6% accuracy
and 0.989 ROC AUC, while the stacking ensemble reached 92.4%
accuracy with a marginally higher AUC of 0.990. Notably, LSTM
and GRU failed to converge meaningfully on this corpus, under-
scoring that architectural complexity does not guarantee perfor-
mance in low-resource Bengali settings. The proposed framework
surpasses comparable Bengali cyberbullying detection baselines by
approximately 2.8 percentage points in accuracy, establishing a re-
producible benchmark for fine-grained five-class abuse detection in
Bengali text.
Despite these results, the study carries certain limitations. The
dataset comprises only 6,005 original samples, and augmentation
through resampling partially compensates for but does not fully re-
place a larger naturally collected corpus. The framework also ex-
cludes code-mixed and Romanised Bengali content, which is preva-
lent in real-world social media.
Future work should explore fine-tuned transformer models such
as BanglaBERT within the ensemble pipeline, alongside larger
and more linguistically diverse corpora encompassing dialectal and
code-mixed text. Extending the framework to multilingual and
cross-platform settings would further strengthen its real-world ap-
plicability.
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(a) Random Forest (b) MLP (c) CNN

(d) Hard Voting (e) Soft voting (f) Stacking Ensemble

Fig. 3: Confusion Matrix
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