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Abstract

Extracting sentiment from textual data is crucial for understanding public opinion and guiding strategic decisions. We
introduce a hybrid deep-learning pipeline that combines convolutional feature detectors, bidirectional recurrent units, and
a custom attention mechanism. First, convolutional layers with pooling condense local n-gram patterns into compact
feature maps. These maps are fed into a bidirectional LSTM network that captures sequence information in both forward
and reverse directions. A specialized attention module then assigns relevance scores to individual tokens, sharpening the
final classification. Evaluations on widely used sentiment benchmarks show that our method outperforms leading models
in terms of accuracy as well as requires fewer computational resources, making it a practical solution for scalable emotion

detection in text.
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1. Introduction

Sentiment analysis involves examining a piece of text to
judge whether its tone is positive, negative, or neutral and
it has become essential for interpreting customer reviews,
survey responses, and open-ended feedback streams
([1]). Utilizing advanced language processing algorithms
in conjunction with data driven learning models often
termed “emotion detection” or “affective
computing ’researchers analyze sentiment at three
granularity levels:

Document-level, which assigns an overall polarity to an
entire text;Sentence-level, which evaluates each sentence
independently;Aspect-level, which isolates opinions
about specific attributes (e.g., product quality or service
efficiency) ([2], [3]). Organizations across sectors
leverage these insights to monitor brand health, engage
customers more effectively, and inform strategic
decisions. In e-commerce, for instance, aggregating
large-scale  feedback enables dynamic pricing
adjustments and guides iterative improvements in
product design. In healthcare, mining patient comments
and social discussions aids in early detection of public
health trends, adverse drug reactions, and emotional
well-being. Government and policy makers also employ
sentiment analysis to gauge public reaction to legislation
and social initiatives ([4]).

However, real-world text is often noisy: social media
posts abound with misspellings, slang, emojis, and
hyperlinks, all of which complicate automatic
classification. Robust pre-processing such as whitespace
normalization, stop-word removal, stemming or
lemmatization, and part-of-speech tagging is therefore
critical before model training ([5]). Converting text into

numerical form traditionally relies on methods like TF-
IDF or one-hot encoding, but these fail to capture
semantic relationships. Modern approaches instead use
embedding layers (e.g., Word2Vec or GloVe) to produce
dense vector representations that preserve contextual
meaning [6]. Deep learning architectures have further
advanced the field: CNNs excel at extracting local n-
gram features, while RNNs—particularly LSTM and
GRU are designed to model sequential dependencies and
mitigate vanishing-gradient issues through gating
mechanisms ([7], [8]). Bidirectional LSTMs extend this
capability by processing sequences in both forward and
backward directions, thereby enriching contextual
understanding ([9]). Introducing attention layers enables
models to assign varying importance to critical tokens on
the fly, sharpening their focus on words that carry
sentiment ([10]). More recently, models employing the
transformer architecture, notably BERT and XLNet,
which rely solely on attention layers, have set new
performance benchmarks without the gradient-stability
problems of earlier RNN architectures ([11]).

2. Related Works

Deep learning models, including LSTM, GRU, Bi-
LSTM, and CNN, are widely employed for sentiment
classification tasks ([12]). ([13]) They enhanced a
conventional LSTM based sentiment classifier by
embedding a sentiment lexicon, thereby augmenting
word representations with specialized emotional
information. An additional attention layer was
incorporated to aggregate insights from the entire text
sequence, rather than restricting focus to individual
tokens. ([14]) The proposed ABCDM framework merges
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convolutional and recurrent components into a
bidirectional, attention-enhanced architecture, using
separate bidirectional LSTM and GRU modules to
extract contextual information from both earlier and later
portions of the text. In another effort, composite models
integrating LSTM units, convolutional networks, and
support vector machines were evaluated on eight diverse
tweet and review corpora to assess performance across
multiple domains. ([15]) In recent sentiment analysis
research, distributed word representations are commonly
employed; Yet, these approaches usually concentrate on
encoding word meanings and fail to account for their
emotional connotations. To overcome this limitation, an
enhanced word representation technique is proposed, It
augments the classic TF-IDF method with sentiment cues
to create weighted word embeddings. These sentiment-
aware vectors are then passed through a Bi-LSTM
network, enhancing its ability to model contextual
dependencies and  yielding  richer = comment
representations ([16]). For advanced text preprocessing,
pre-trained Word2Vec embeddings are used to transform
words into dense vector representations. These vectors
are then input into a deep convolutional neural network,
which efficiently extracts relevant features aligned with
user-specific patterns or preferences ([17]). Recurrent
neural networks excel at modeling temporal relationships
within sequence data but are not well suited for parallel
extraction of localized patterns. Additionally, Training
often encounters problems where gradients either
diminish to near zero or escalate without bound , which
undermines their capacity to learn long-range
dependencies effectively ([16]). Lightweight models for
resource-constrained environments have been proposed
to address computational challenges, improving
efficiency [18]. Recurrent networks often fail to learn
long-term patterns in sequences due to vanishing or
exploding gradients during training. To address this,
bidirectional LSTM models process data in both forward
and reverse directions, allowing the system to draw on
context from earlier and later time steps and thereby
improve its understanding of sequential information
([19]). GloVe-DCNN combines pre-trained GloVe
embeddings with a deep convolutional network to
perform sentiment detection on Twitter. Tweets are
labeled as positive or negative, and benchmark tests
confirm that this approach delivers both high accuracy
and faster inference times ([20]). This work integrates a
comparison - driven module into a BiLSTM network
enhanced with multi-head attention, streamlining the
computation of feature interactions. Across three
benchmark sentiment corpora, this architecture
consistently achieves higher accuracy than a wide range
of earlier models ([21]). They present the ACL-SA
framework, which integrates convolutional feature
extraction and recurrent sequence modeling with an
attention layer. Initially, data undergoes cleaning and
transformation using TF-IDF and pre-trained GloVe
vectors to form robust feature inputs. Convolutional
layers followed by max-pooling distill local context and
reduce dimensionality, while a bidirectional LSTM
captures extended dependencies. An attention module
then highlights salient tokens from the convolutional
outputs, and the inclusion of Gaussian noise along with

14

Serial no. 115

dropout regularizes the network to mitigate overfitting
([23]). A hybrid convolutional-recurrent framework was
developed to jointly capture local feature patterns and
long-range dependencies, with its complementary
structure helping to alleviate overfitting. The authors also
stress that the fidelity of embedding representations is
pivotal: off-the-shelf Word2Vec or GloVe vectors, if
used without further adaptation, can sometimes
undermine sentiment classification accuracy ([24]).
([25]) They introduced the ARC framework, integrating
recurrent and convolutional layers with an attention
mechanism to process tweets and reviews. A single
bidirectional GRU layer first encodes sequence
information, and its output is then passed through
convolutional filters to extract both local n-gram cues and
broader textual patterns for sentiment categorization.
([26] , [6]) They devised a sequential framework that
blends Dbidirectional gated recurrent units with
convolutional layers to perform sentiment analysis. By
uniting GRU-driven sequence modeling and CNN-based
feature extraction, the architecture captures both fine-
grained textual patterns and overarching contextual
relationships. ([27]) They introduced a hybrid
architecture combining recurrent layers with a
convolutional attention module. First, CNN layers distill
high-level representations from input sentences. An
attention layer then computes relevance scores over these
features, emphasizing those most critical for downstream
prediction. ([28]) They developed the SAMF-BIiLSTM
framework, which enriches BIiLSTM networks
incorporating a self-attention mechanism and multiple
input channels. Initially, the system learns sentence-level
embeddings, then applies Bi-LSTM to aggregate these
into document-wide sentiment vectors. Evaluation
results indicate that SAMF-BiLSTM surpasses state-of-
the-art techniques in accuracy. Additionally, the SR-
LSTM architecture featuring two stacked hidden layers
was introduced to better handle long-form text and inter-
sentence semantics, offering improved performance on
document-level  sentiment tasks compared to
conventional models that falter over extended sequences
([29]). ([30]) They proposed the CRAN framework,
which fuses recurrent processing with convolutional
attention modules arranged in a multi-level hierarchy for
sentiment categorization. In parallel, the field has seen a
surge of machine learning—driven strategies that
consistently boost text sentiment accuracy, as a wide
array of innovative architectures continues to emerge and
enhance classification performance. ([31]) They
introduced a composite architecture that unites a deep
convolutional network with long short-term memory
units. The CNN segment employs multiple layers of
convolutions and max-pooling to distill hierarchical
feature representations, while the LSTM component
models extended sequential dependencies. By fusing
these capabilities, the hybrid framework captures both
fine-grained patterns and long-range context, leading to
enhanced sentiment classification accuracy. ([32])
Researchers have developed RU-BILSTM, a recurrent
network that combines BiLSTM layers, word
embedding, and an attention module to perform
sentiment analysis on Roman Urdu. ([33]) They
developed a convolutional LSTM pipeline for sentiment
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detection, initially validated on the 50,000-review IMDb
corpus. To counteract label imbalance, the approach uses
data augmentation driven by a pretrained RoBERTa
model. Additionally, the system integrates Facebook Al
Research’s fastText classifier and applies the combined
framework to analyze US airline-related tweets,
demonstrating its capacity to extract actionable opinions
from social media ([34]). The Wilson Cowan framework,
a neural mass network model tailored for metapopulation
dynamics, represents subcortical brain areas as
interacting nodes within a network. The links between
these nodes reflect different types of neural connectivity
including structural, functional, and effective pathways
capturing the communication patterns among distinct
brain regions. ([35]).

3. Proposed model

The proposed model employs a deep learning approach
to classify reviews into positive and negative categories.
It integrates data preprocessing, word representation, and
a hybrid CNN-Bi-LSTM network. The preprocessing
step enhances data quality by correcting errors and
eliminating noise. A CNN augmented with max-pooling
layers is employed to distill key features and compress
their dimensionality. The Bi-LSTM layer captures long-
term dependencies, while an attention mechanism
highlights the importance of individual words in the
output. Experimental evaluation using movie and airline
review datasets demonstrates that This approach
demonstrates superior performance compared to other
deep learning methods, offering advantages in both
accuracy and computational efficiency. An overview of
the proposed sentiment analysis framework is illustrated
in Figure. 1.

3.1. Data Preprocessing

Data  preprocessing involves  converting raw,
unorganized data into a consistent, dependable format
ready for analysis. Social media datasets, being large and
varied, often include noise, inconsistencies, and
incomplete or missing data due to the diverse sources and
contributors. These challenges are tackled by employing
a suite of preprocessing steps lemmatizing words,
stripping out punctuation, filtering stop words,
segmenting text into tokens, and assigning part-of-speech
labels . These steps ensure the text is clean and ready for
model training ([1]) , ([5]).

3.2. Train Embedding Layer

A variety of machine learning and deep learning
strategies encode vast volumes of textual data into
numerical formats. Word embedding methods assign
words to vectors based on a dictionary. Classical
approaches, such as Bag of Words (BOW) and TF-IDF,
emphasize word frequency but don't capture the syntactic
or semantic connections between words. In contrast,
methods like word2vec and GloVe create word
embeddings, which more accurately reflect the semantic
relationships and subtleties of word meanings. These
models are trained on vast text datasets in an
unsupervised manner and excel in learning the meaning
of words.
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Fig 1. Proposed Model

Word2Vec crafts continuous, distributed word
embeddings through two primary frameworks
Continuous Bag of Words and Skip-Gram each

implemented as a straightforward neural network with a
single hidden layer. Word2Vec learns word vectors by
processing a text corpus, constructing a vocabulary, and
refining the vectors through backpropagation and
stochastic gradient descent. Skip-Gram takes a single
focus word and uses it to predict its neighboring words,
whereas CBOW does the reverse using the surrounding
words to infer the central word. Both architectures use a
three-layer feedforward neural network to generate word
vectors ([1]), ([7]) . The architectural diagram for word
embedding model (CBOW and skip-gram) is presented
in Figure. 2.
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Fig. 2. CBOW & Skip-gram Model
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3.3. Convolutional neural network

CNN are layered, feed-forward models originally created
for image recognition that demand only basic data
preparation. When applied to NLP, they treat word or
token embeddings as a 1D signal, using sliding
convolutional filters to automatically extract local n-
gram patterns and key features from text ([1]).

3.3.1. Convolution Layer

The “convolution” in CNN refers to its core operation of
applying learnable kernels over the input to reveal salient
patterns. In image tasks, these kernels slide across small
patches to capture edges and textures while maintaining
spatial structure. Analogously in text classification, one-
dimensional convolutional filters move over embedding
sequences to build a feature map that summarizes
meaningful word or phrase combinations, enabling
efficient downstream analysis.

3.3.2. Pooling Layer

When processing high-dimensional inputs, reducing
feature size while retaining important patterns is essential
to limit the number of learnable parameters. This is
typically done by incorporating pooling layers between
convolutional stages. Pooling also known as
downsampling shrinks the spatial resolution of feature
maps to create a more compact and informative
representation. Common techniques include max pooling,
which selects the highest activation in a given window;
average pooling, which computes the mean; and sum
pooling, which totals the values. The method adopted in
this study applies max pooling to emphasize the most
significant features in each region.

3.3.3. Fully Connected Layer

The fully connected layer often implemented as a multi-
layer perceptron serves as the final stage in the network,
where a softmax function is applied to produce
probability distributions over target classes. Here, each
neuron links to every unit in the next layer, allowing for
a full integration of the extracted features. The preceding
convolutional and pooling operations encode high-level
abstractions, which the dense layer leverages to perform
classification based on learned representations from
training.

3.4. Recurrent neural network

RNNs are built to model sequences by incorporating
memory of previous states, in contrast to feed-forward
networks that process inputs independently. While
standard RNNs can learn short-range patterns, they have
difficulty preserving information across long sequences,
a challenge referred to as the long-term dependency issue.
To address this, Long LSTM units were introduced,
offering specialized gating mechanisms that enable the
network to maintain and update long-term contextual
information more effectively ([32]).
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3.5. Long short-term memory (LSTM)

LSTM architectures are a refined RNN variant, purpose-
built to counteract the vanishing and exploding gradient
issues endemic to traditional recurrent models. At every
timestep, the LSTM fuses the current input with its
previous hidden state to produce an output, which it then
forwards through the sequence just like a standard RNN.
An LSTM unit comprises a cell state c;, that preserves
information over arbitrary durations, plus three nonlinear
gates input i, a forget gate f;, an output gate o;. which
control the cell’s information intake and release (see Fig.

3(a) ([18]).

3.6 Gated recurrent unit (GRU)

A GRU employs two gates an update gate (z;) and the
reset gates (1;) to jointly regulate state updates. The reset
gate 1 determines how much of the previous hidden
state h,_, contributes to the candidate activation h

lower values of 7; lead to greater omission of past
information. ( see Fig. 3(b)), ([8]).

GRU Cell

LSTM Cell he

oo - _'L,
(@) (b)

Fig. 3. LSTM vs. GRU: (a) LSTM architecture, (b)
GRU architecture

3.7. Bidirectional LSTM

Bi-LSTM extends the capabilities of standard LSTM
networks by processing input sequences in both forward
and backward directions. By processing sequences in
both directions, this method strengthens the model’s
contextual understanding of preceding and subsequent
tokens, leading to superior sequential text analysis versus
traditional LSTMs. Fig.4 shows the Bi-LSTM
architecture [9].

Heart is not

Embedding Layer [TTT7] mmun| O

Forward
LST™M

LST™

Backward
LSTM

C & L
Flatten

Fig. 4. Architecture of a Bi-LSTM

3.8. Attention-Based Bidirectional Network

Conventional LSTM networks are constrained by their
unidirectional nature, relying solely on prior time steps
for context. Conversely, our Bi-LSTM framework
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integrates an attention layer to harness context from both
carlier and later tokens. This is accomplished by
employing three independent bidirectional hidden layers,
whose outputs are merged and subsequently processed
through an attention layer to refine the final
representation. Our proposed The bidirectional
architecture is built from two hidden LSTM layers: a
forward layer Ly and L, , respectively. The BiLSTM
module processes word embeddings bidirectionally,
extracting full-spectrum contextual information. An
attention mechanism is applied to emphasize tokens that
carry stronger sentiment relevance, selectively weighting
significant features while minimizing the influence of
less informative ones. The enhanced feature
representations are routed into a dense softmax layer to
deliver the final classification results.

Attention Mechanism

Each hidden state h, from the LSTM layers is fed into the
attention module, which allocates unique importance
scores to different tokens. The context vector is then
computed as a weighted sum of all these hidden states
(see Fig. 5) .

u; = tanh(W X hy +b) )
__exp (u{uy)
ar = >t exp (uzuw) (2)
Sa, :l Sentence Vector ]
attention

H
ha

U iU U ()
— | = [~ —
Cp O (e 08
Lwn]) (w2 (ws) (wi]

Fig. 5. The bidirectional model’s attention module

Let u_t denote the hidden representation derived from
state h_t and let u_w be a context vector that is randomly
initialized and then optimized during training. To gauge
the relevance of each word, we compute the similarity
between u_t and u_w. For an input sequence of length
T, this yields a raw score at each time step t, which is then
normalized into an attention weight a_t. Finally, we form
the context vector ¢ by taking the weighted sum of the
hidden states using these attention weights, so that ¢
succinctly captures the aggregated information from all
words in the review.

17

Serial no. 115

3.9. Running-Time Scalability Study

Time complexity quantifies how long a procedure takes
to run on a given input. A model with low time
complexity will require less time to train and make
predictions. A running time record of proposed method
and ACL-SA ([22]) model on US-Airline Twitter dataset
under the same circumstance in colab with GPU runtime
are listed in Table 1. Empirical results demonstrate that
our model enhances sentiment analysis effectiveness
without extending training duration.

Table 1. Epoch-wise training duration on the US-
Airline Twitter dataset

Dataset | Models | Accuracy Training-
time(sec)
Aliilsi;e Attention-
Twitter CNN- 97.65% 71.27
WIer | il STM
dataset
CNN-
A(C[ZLZ‘]S)A Attention | 94.01% 82 98
-BiLSTM

4. Experiments and Analysis

This section outlines the experimental setup and presents
an in-depth evaluation of the obtained results. The
proposed model is tested on two datasets: US-Airline for
short text analysis and IMDB for long-form content. The
primary objective is to rigorously measure the model’s
effectiveness. In the final stage, the performance of our
approach is benchmarked against existing methods to
validate its predictive strength.

4.1. Datasets

This study employs two benchmark datasets: US-Airline
for short-text sentiment and IMDB for long-text analysis.
The US-Airline dataset, available on Kaggle, includes
14,641 tweets from 2015 addressing airline-related issues,
labeled as positive, negative, or neutral. After filtering
out neutral entries, 11,541 tweets were retained for this
work. The IMDB dataset features 50,000 movie reviews,
evenly divided into 25,000 positive and 25,000 negative
samples. Detailed statistics of the dataset are listed in
Table 2.

Table 2. Comprehensive dataset metrics

Dataset Positive Negative Total
US Airline 2363 9178 11,541
IMDB 25,000 25,000 50,000

4.2. Experimental Setup

The input layer is primed by merging embeddings from
both Word2Vec and GloVe, each with 200-dimensional
vectors, alongside other learnable parameters during
training. The CNN block consists of three parallel
channels with 128, 64, and 32 filters, each employing a
kernel size of 3 and ReLU activation. Outputs from these
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convolutional layers are downsampled via max pooling
with a window size of 2. The architecture stacks three Bi-
LSTM layers of 128 units each, then transitions to a 128-
unit fully connected layer with ReLU activation.
Attention mechanisms are applied to the outputs from
each Bi-LSTM layer to emphasize relevant features,
which are then merged through a concatenation layer. A
Sigmoid function is applied in the output layer to
facilitate binary classification. Training is performed by
minimizing binary cross-entropy loss, with weight
updates handled by the Adam optimizer. Experiments
were carried out on a Windows 10 workstation powered
by a 2.27 GHz Intel Core i5 processor and 4 GB of
memory, with hyperparameter details listed in Table 3.
The hyperparameters were optimized using both grid
search and manual tuning.

Tables 3. Configuration of hyperparameters
employed during training of the proposed model

Parameters Values
Epoch count [1-10]
Batch size 32
Embedding size 200
Kernel size 3
Filter 32,64,128
Pool size 2
Number of CNN layers 3
Number of Pooling 3
BiLSTM layer output 128
Number of Dropout 3
Dropout rate 0.1
Optimization step size 0.0001
Optimizer Adam, RMSprop
Activation function type RelLu
Loss function Cross-entropy

4.3. Performance evaluation parameters

The proposed model’s effectiveness is assessed through
conventional classification measures accuracy, precision,
recall, and F1-score each calculated from its confusion
matrix. Moreover, the classifier’s performance is further
examined using the Receiver Operating Characteristic
curve and its corresponding area under the curve. These
evaluation criteria facilitate a comprehensive analysis
and comparison of the model’s predictive capabilities.

1. Precision: It is defined the ratio of true positive
prediction to the total number of positive
prediction. It measures the exactness of the
classifier. It can be expressed as:

Precision = 4)

TP+FP
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ii.  Recall: It is defined as the ratio between
the number of true positive prediction to

the total number of actual positive sample. It is
also known as sensitivity.

TP
TP +FN (5)

Recall =

iii.  F-measure: It is the harmonic mean of
Precision and Recall.

F1 = 2 x frecisionxRecall ©)

Precision+Recall

iv.  Accuracy: It is defined as the fraction
of samples that are predicted correctly.

(7

TP+TN

Accuracy = ————
Y = TPITN+FP+FN

Classification Report:

precision recall fl-score  support

negative 8.89 a8.97 8.98 1839
positive 8.87 .99 .98 1833
accuracy 8.98 3672
macro avg 3.28 .98 .98 3672
welghted avg 8.98 8.98 8.98 3672

Fig. 6. Precision, Recall, and F1-Score metrics using the
CNN-BIiLSTM algorithm with an attention mechanism
and word embedding based on GloVe on the US-Airline
dataset.

Loss vs. Epochs

0 2 a4 6 8
Epochs

accuracy

0 2 4 6 8
Epochs

Fig. 7. Loss and accuracy charts using the CNN-BiLSTM
algorithm with an attention mechanism and word
embedding based on GloVe on the US-Airline dataset.
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Fig. 8. Confusion matrix using the CNN-BiLSTM
algorithm with an attention mechanism and word
embedding based on GloVe on the US-Airline dataset.

Tables 4.

Comparison of the time complexity of the

proposed model with the model used in Kamyab et al.
(2021) under identical parameters on the US-Airline

Twitter dataset.

Attention-CNN- &EII;;S;:
Feature BiLSTM (Proposed y
Model) etal,
2021)
US-Airline Twitter US-Alrhne
Dataset Twitter
dataset
dataset
Accuracy 97.65% 94.01%
Training Time 71.27 s 82.98 s
Epoch 10 10
Embedding GloVe =200 Glg(\)’g B
Optimizer RMSProp RMSProp
Kernel L2
Regularization 1.2 (0.0001) (0.0001)
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Fig. 9. ROC curve using the CNN-BiLSTM algorithm
with an attention mechanism and word embedding based
on GloVe on the US-Airline dataset.

4.4. Baseline methods

This study evaluates the proposed model using two
benchmark datasets and compares its performance
against several recently developed sentiment
classification models. Below, we outline a selection of
the most relevant and up-to-date baseline methods used
for comparative analysis. ABCDM ([15]): The model
employs an attention-driven architecture that integrates a
bidirectional CNN-RNN framework. It utilizes two
separate bidirectional recurrent layers to extract
surrounding context by looking at both prior and
subsequent tokens. Subsequently, a CNN layer is applied
to the combined RNN outputs to compress the feature
space and enhance representation efficiency.

ACL-SA ([22]): This architecture leverages CNN to
identify local contextual patterns and employs Bi-LSTM
to learn long-range dependencies within the text. An
attention layer is applied over the CNN output to
highlight the most informative features. For representing
words, the model utilizes GloVe embeddings that have
been pre-trained on large text corpora.

Word embedding-CNN ([3]): CNN-based frameworks
were explored and combined with TF-IDF features and
word embedding techniques to convert textual input into
a suitable format for deep neural networks, enabling
effective sentiment prediction.

Co-LSTM ([8]): A hybrid approach combining two deep
learning architectures, CNN and LSTM and RNN with
memory, is proposed for sentiment classification of
reviews across various domains.

([11]) The experiments focused on applying attention
mechanisms within recurrent neural architectures,
particularly those incorporating long short-term memory
units and gated recurrent units. The attention strategies
used in this study are adaptable and can be extended
beyond sentiment analysis to a wide range of text
classification problems and other application domains.
([32]) Introduce RU-BILSTM, a deep recurrent network
that merges bidirectional LSTM layers with word
embeddings and an attention module to perform
sentiment analysis on Roman Urdu. ([33]) proposed a
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CNN-LSTM Approach for sentiment analysis. a data
augmentation technique using a pre-trained RoBERTa
model to address class imbalance and applied the fast
Text classifier of US airlines Twitter dataset ([34]).

The Wilson-Cowan framework, utilized in neural mass
network modelling for metapopulations, conceptualizes
distinct subcortical brain areas as interacting nodes. The
links between these nodes reflect different types of neural
connectivity structural, functional, or effective capturing

the dynamic relationships among brain regions. ([35])

4.5. Analysis and Interpretation of Results

This section juxtaposes our model’s outcomes with those
of the baseline methods. Additionally, we applied four
different variations of the model using Word2Vec and
GloVe word representations, along with various deep
learning algorithms. Training proceeded for ten epochs in
mini-batches of 32 samples with a learning rate of 1x107*
to reach the target accuracy on the datasets.

4.5.1. Analysis of Results on the US-Airline Dataset
Table 4 presents the performance of each model on the
US-Airline Twitter dataset. Against the baseline
approaches, our proposed model achieves an impressive
97.65% accuracy.

Table 4. Accuracy comparison on the US-Airline
Twitter dataset with baseline models

Accuracy
Reference Models (%)
([13) ABCDM 92.75
([20]) ACL-SA 94.01
3D TF-IDF-CNN 85.45
3D TF-IDF-RNN 82.80
([3D Word embedding-
CNN 90.37
([3D Word embedding-
RNN 90.45
(132D RoBERTa 96.23
Proposed models Word2Vec GloVe
CNN-LSTM 94.55 97.19
CNN-BILSTM 94.06 96.51
CNN-GRU 93.81 96.35
Attention-CNN-
GRU 95.88 96.89
Attention-CNN-
BiLSTM 96.26 97.65
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4.5.2. Analysis of Results on the IMDB Dataset

Table 5 displays the results of evaluating both our model
and the chosen baselines on the IMDB dataset, with our
approach attaining 90.53% accuracy.

Table 5. Evaluating Accuracy comparison on the
IMDB dataset relative to the baseline Models

Accuracy
Reference Models
(%)
(e Co-LSTM 83.13
(3D _IDF-
TF-IDF 32 30
CNN
3D TF-IDF-
RNN 56.39
(3D Word
embedding- 86.07
CNN
(3D Word
embedding- 87.05
RNN
([31)) CNN-LSTM 85.0
([33] Bert+
Wilson- 87.46
Cowan
model RNN
LSTM 86.21
Bi-LSTM 86.69
(9D GRU 85.78
Self-Att-
LSTM+wor 89.71
d2vec
Word2Vec | GloVe
CNN-LSTM 89.19 89.51
CNN-
BIiLSTM 89.34 89.49
Proposed
CNN-GRU 87.76 88.30
models
Attention-
89.17 89.66
CNN-GRU
Attention-
CNN- 89.10 90.53
BiLSTM
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4.5.3 Ablation Study of Model Components

study by removing or modifying one module at a time
from the proposed configuration (GloVe + CNN +
BiLSTM + Attention).

Table X shows that eliminating the attention layer leads
to a 1.9% drop in accuracy, while removing the CNN or
BiLSTM modules results in decreases of about 3% and
1.8%, respectively.

These results confirm that all three components—CNN
for local feature extraction, BiLSTM for long-range
context modeling, and the attention mechanism for
focusing on sentiment-relevant tokens work together to
enhance the model’s overall performance.

Model Variant Description AC((:([;I‘)ZI y
(1]
Full Model
(GloVe + CNN + Proposed 97.65
BIiLSTM + architecture ’
Attention)
_ Attention Without attention 9572
layer
Without
— CNN convolutional 94.63
layers
Replaced with
— BILSTM unidirectional 93.88
LSTM
_ GloVe Using Word2Vec 96.26
only
5. Conclusion
Utilizing convolutional and recurrent network

architectures markedly boosts the accuracy of text
categorization. We propose a sentiment-analysis
framework that fuses CNN with BiLSTM layers,
enhanced by an attention mechanism. The model
incorporates ~ multiple  stages, including data
preprocessing, we integrate pretrained word vectors with
neural modules engineered to handle noisy social -
media data, then apply convolutional filters to capture
local contextual cues and employ max-pooling to distill
and compress those features. The Bi-LSTM component
captures bidirectional dependencies Via a dual-pass
approach on the feature sequence first moving forward,
then in reverse. Attention mechanisms are employed to
dynamically highlight sentiment-relevant tokens.
Experimental evaluations demonstrate that the model
achieves strong performance, obtaining 90.53% accuracy
on the IMDB dataset and 97.65% on the US-Airline
dataset. The architecture maintains a relatively simple
design, offers reduced computational overhead, and
surpasses several existing models with respect to
classification accuracy.

6. Limitations and Future Work

Although the proposed Attention-based CNN-BiLSTM
model demonstrates strong results on both short and long
textual datasets, several limitations remain. First, since
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the model relies on monolingual pretrained embeddings
(Word2Vec and GloVe), its generalizability to
multilingual or code-mixed content may be limited.
Moreover, the model’s performance could decrease when
applied to extremely noisy, informal social-media text
that includes emojis, abbreviations, or misspellings.
Future work will explore integrating multilingual
contextual embeddings such as mBERT or XLM-R and
applying domain-adaptive pretraining to enhance
robustness. Additionally, extending the framework to
multimodal sentiment analysis incorporating visual or
emoji features represents a promising direction for
improving real-world applicability.
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