Journal of Kerbala University, Vol. 22, Issue 2, June , 2025

IRROI

Academic Scientific Journals

Available at https://www.iasj.net/iasj
Iraqi Academic Scientific Journals

Journal homepage:
https://journals.uokerbala.edu.ig/index.php/UOKJ

Research Article

Sentiment Analysis in Arabic Social Media: Optimized Performance

through CNN-LSTM and BERT

Nada abdalameer habeeb *Hiba J. Alegabie
LDepartment of Computer Science Faculty of Education

University of Kufa, Naja, Iraq

“Computer Science Department, College of Computer Science and Information
Technology, University of Kerbala, Karbala, Iraq.

Article Info

Article history:
Received 24 -2-2025
Received in revised
form 13-3-2025
Accepted 17-4-2025
Available online 30 -6 -
2025

Keywords: Arabic
Sentiment, Arabic
language, BERT, CNN-
LSTM.

Abstract:

Within the domain of text mining and natural language processing,
sentiment analysis is currently very relevant: it allows us to understand
the opinions or feelings of folks as communicated in texts. Sentiment
analysis, which is often directed at English and under-researched for
Arabic (due to language complexity, large dialects, and low-quality
annotated datasets), Most prior works. To tackle these problems, we
propose the hybrid deep learning approach with Convolutional Neural
Networks and Long Short-Term Memory (CNN-LSTM) from Scenes to
Encoder-Decoder ~ Refinement  using Bidirectional Encoder
representations from Transformers (BERT) in this research. CNN-
LSTM, for example, reaches the state-of-the-art accuracy of 95.5% on
our dataset of 330k Arabic product reviews while BERT hits 92%. This
research adds to it (1) the development of Arabic deep learning models
for sentiment classification accuracy in social media, (2) proof of concept
that hybrid deep learning is effective on Arabic text, and (3) helps
alleviate the dearth of annotated datasets for this task on an enormous
scale using extensive data. This research indicates that deep learning
models can surmount several hurdles of Arabic sentiment analysis and
serve as a stepping stone for more robust, yet scalable solutions.
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1. Introduction

The growing influence of social media &
online platforms has created a very high
volume of user-generated text, which is
mainly utilized for analyzing public sentiment
nowadays. Natural language processing
(NLP) discipline applied to determine
whether a given text has positive, negative, or
neutral sentiment is called sentiment analysis
(SA) [1]. It has abundant applications in
general, in contexts such as business, politics,
and customer reviews analysis, etc. Although
much research has been done on EMOTION
in  English and further resource-rich
languages, Arabic sentiment classification
turns out to be a more complex problem than
anyone initially thought[2].

Arabic is an extremely inflected language: a
word may take on myriad forms depending on
gender, number, and . Arabic is a
language with high polysemy (more new
shapes from existing words as compared to
English) as opposed to English where most
word structures are stable [3]. In general
Arabic (extensive dialects!) However, the
Communications in it are mostly the local
dialects (not standard) far from MSA
(Modern Standard Arabic). Often written in
formal, somewhat archaic MSA, social media
content is usually from regional dialects that
do not have a standard and vary widely
between countries and cities. A lot of dialects
in Arabic use separate vocabulary, spelling
variations, and syntactic differences, which
results in models trained on MSA being hard
to transfer to other sorts of Arabic texts [4].
One of the biggest hurdles is the lack of
annotated, large-scale Arabic datasets for
sentiment analysis. In Arabic, we have less
corpus compared to e.g. English with a
massive amount of labeled data for an easier
machine learning task[5]. Sentiment datasets
were sparse in size and nature compared to
other rich labeled data available for training
machine learning models, in the case of e.g.
Arabic, as opposed to many languages (and
like English), formal is the dominant form of
the language [3].

Most of the resourceful datasets available are
only dialects for formal Arabic, and there is
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nothing related to dialects sentiment analysis.
To a certain extent, the absence of large
volumes of carefully annotated datasets limits
supervised learning models' efforts in terms of
improving their accuracy as they perform
better with resources on large scales.
Additionally, Twitter in general contains
spelling as well as colloquialisms, emojis,
transliterations, and English-Arabic code-
switches, which make the sentiment
classification harder[4].

This research utilizes a hybrid deep learning
method of CNN-Convolutional Neural
Networks with Long-short-term memory
(CNN-LSTM) and Bidirectional Encoder
Representations from Transformer (BERT) to
tackle these limitations. We use a large
dataset (330k Arpu-product reviews) from
multiple sources to improve the accuracy of
sentiment classification and make models
more generalizable to different Arabic text
types. Contribution Here, we show that
complex deep learning methods can polish
some of the worst linguistic problems as well
as enable a scalable architecture for Arabic
sentiment analysis on social media[6].

The rest of this paper is organized as follows.
Section 2 presents Challenges in the Arabic
language. Section 3 explains related work.
Section 4 presents the Methodology. Section
5 explains Dataset and Preprocessing. Section
6 concludes the paper with Results,
Discussion, Conclusion, and Future Work.

2. Related work

Arabic sentiment analysis has become more
popular recently, but because of the
language's complexity, it is still a difficult
undertaking. For Arabic sentiment
categorization,  several  studies  have
investigated various machine learning and
deep learning models, with differing degrees
of success.

Traditional machine learning classifiers,
including Support Vector Machines (SVM),
Naive Bayes (NB), Decision Trees (DT), and
K-Nearest Neighbors (KNN), were the main
focus of early Arabic Sentiment Analysis
(ASA) research. For example,[7] suggested
creating a manual data corpus for training and
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assessment and using various classifiers, such
as SVM, NB, K-Nearest Neighbor, Random
Forest, and Decision Tree. The SVM had the
highest accuracy, with an F1 measure of 83%.
While this study highlights the potential of
traditional classifiers, it also illustrates their
limitations, particularly in feature extraction
and contextual understanding. Conventional
methods often struggle to capture the nuanced
meanings within the Arabic language, leading
to suboptimal performance in complex
sentiment categorization tasks. The system
may be extended to include tests on all
datasets, including the classification
approach, using all NLP tools, without NLP
tools, and individually on Facebook posts and
Twitter tweets using NLP tools.

In contrast, sentiment analysis has been

greatly enhanced by deep learning since it no
longer requires manual feature engineering, as
presented by [8]. The proposed system
employs a hybrid model integrating
Convolutional Neural Networks (CNN) and
Long Short-Term Memory (LSTM) networks.
The efficiency of the suggested method was
measured using F-measure and accuracy,
yielding results of (97, 97.58) %, (84, 86)%,
(95, 97)%, and (82, 81.6)%, respectively.
Deep learning models, unlike traditional
classifiers, automatically learn features from
the data, allowing them to capture complex
patterns and contextual relationships in
sentiment analysis. However, a significant
drawback of these models is the need for
large labeled datasets and considerable
processing power to achieve optimal results.

In reference [9], researchers assess firms'
performance with deep learning techniques.
Convolutional Neural Network (CNN)
models and Recurrent Neural Network (RNN)
approaches were employed. The results
showed that in the HARD dataset, the
AraBERT model achieved the maximum
accuracy, scoring 96.442%. In other datasets,
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BERT consistently attained the highest
accuracy ratings, ranging from 83.04% to
97.45%. While BERT demonstrates superior
performance compared to traditional models,
it also faces challenges such as the need for
additional embeddings like Word2Vec and
GloVe, which can complicate the modeling
process.

The advent of transformer-based architectures
like BERT has revolutionized sentiment
analysis. [10] proposed a thorough
assessment of significant contributions in the
domain of Arabic sentiment analysis (ASA)
utilizing Naive Bayes (NB), K-Nearest
Neighbors (KNN), and Support Vector
Machine (SVM). The system's transition from
fundamental word-level sentiment analysis to
concept-based approaches and enhanced word
embedding addresses the complexities of the
Arabic language. However, challenges
remain, including the extraction of dialectal
Arabic features, a scarcity of sentiment
lexicons, and a deficiency of corpora and
datasets, which hinder the performance of
traditional classifiers.

Additionally, Ohud et al. (2024) explored four
supervised learning  algorithms—support
vector machine, k-nearest neighbor, decision
tree, and random forest—to help companies
market, improve, and discontinue coffee
products by analyzing consumer perceptions.
Their technique predicted accuracy above
95.95% in hard votes and 94.51% in soft
votes. While these results are promising, the
reliance on traditional classifiers highlights
their limitations in understanding complex
sentiment nuances. Deep learning methods
like CNNs and ANNs must be studied[11]
[12]. Nevertheless, susceptibility to dialectal
differences is a drawback of transformer
models such as BERT, necessitating model
customization for distinct Arabic dialects.
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3. Methodology of the proposed
system

This research seeks to assess sentiment for
rating reviews as favorable or negative. The
methodology comprises the following steps:
dataset acquisition, pre-processing, using
skip-gram algorithm, and then using two
methods: CNN-LSTM Model and bird each
one separately, as shown in Figure 1, and
Performance Evaluation and Visualization of
Results. This study advocates for the
utilization of contemporary techniques to
achieve enhanced precision. The use of the
CNN-LSTM framework and BERT is
especially pertinent for tackling issues related

to the Arabic language, including
morphological differences and dialects. The
CNN-LSTM model effectively captures local
features along with long-term relationships in
sequential data, essential for comprehending

the subtleties of Arabic sentiment.
Simultaneously, BERT's bidirectional
contextual comprehension enables it to

discern the nuances of meaning that may vary
according to dialectical application. This
study promotes the wuse of modern
methodologies to attain improved accuracy.
The procedures are outlined in the following
sections.

Dataset
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Figure 1: Methodology diagram

3.1 Dataset

This dataset comprises 330,000 Arabic
product reviews gathered from many sources.
Each review is assigned a binary sentiment
label: 1 for good reviews and O for negative
reviews, as shown in Table 1. The dataset is

intended for sentiment analysis, natural
language processing (NLP) tasks, and the
training of machine learning models. The
dataset can be accessed via the link below :
https://www.kaggle.com/datasets/abdallaellait
hy/330k-arabic-sentiment-reviews/data

Table 1: samples of the dataset
Text label
LS 13 Be) iy By ol L2315 GUS 13 IS ailae 1
i el b el ileny adl A5 0l qodid el sgh 4l 3 s o s O (o (35 e Tsul 020 0
clile 1 Lal el el Ul o1 el i las 231 5 43) GUSI 1as canl G Ul 00 51 1
o il JUa o3 LI 138 Jlas 43 il Le o o) oY) 2SN 8 038 o JuNiwia, |0
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3.2 Pre-processing
The dataset was processed and arranged in

this phase using suitable natural language

processing (NLP) techniques, including
normalization, stop word removal, and
stemming. This was executed subsequently:

1. Normalization: The dataset is free of null
values, hashtags, and URLs. We used
Python's nltk package to remove
punctuation and English language from
Arabic texts. Repetitive letters in slang can
indicate exaggeration, such as the Arabic
term  “dwa”  signifying  “nice”  or
“beautiful,” may alternatively be rendered
as “daea” or “dunes” The advantage of
normalization is that it standardizes the
text, facilitating more consistent analysis
and diminishing noise, hence improving
model performance.

2. Stemming: is common in preprocessing. It
reverts derived concepts to their roots,
replacing several words with a single root
phrase. Slang often uses repetitive letters
to indicate exaggeration, such as “cadu”
becoming  “<»Y” in  Arabic. The
ISRIStemmer from the NLTK package
performed this step. Stemming offers the
benefit of diminishing data dimensionality
by unifying related terms, hence enhancing
model efficiency and enabling a focus on
the fundamental meaning of the text.

3. Stop-word removal: These common words
are used in phrases but have little sense
when examined. They include pronouns,

3.3.1 Hyperparameters Used in Training

« Batch size 8: A reduced batch size can
result in a more stable training process,
enabling the model to update weights
with more frequency. Nonetheless, it
may also prolong the training duration.

e Epochs: 5: This denotes the frequency
with which the complete training dataset
is processed by the model. Although an
increased number of epochs can enhance
learning, excessive epochs may result in
overfitting.

e Optimizer RMSprop: RMSprop is
efficient for training deep learning
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tools, and prepositions (* <" 2" """
"), while preserving "al" «"¥", and """
for text analysis. Thus, deleting stop words
reduces data and improves model
accuracy[13] [14] . The primary advantage
of stop-word removal is its ability to
improve the signal-to-noise ratio in the
dataset, enabling the model to focus on the
most significant words that influence
sentiment analysis.

. Text vectorization: The resulting sentences

get converted into a feature vector for
input into the classifiers. [6]. This stage
allows the identification of links between
words and their settings, essential for
proficient sentiment analysis.

3.3 Training

The skip-gram algorithm is essential in
binary classification as it transforms texts

into comprehensive numerical
representations. These representations
assist classification models in

comprehending  the  contexts and
relationships of words, enhancing the
accuracy and efficacy of categorization.
This is generally accomplished by
averaging word vectors in the text,
resulting in a numerical representation of
each text. It forecasts the words adjacent to
a specific word depending on that word
(targeted word). So it was used first and
then a method was used CNN-LSTM and
BERT

models as it dynamically adjusts the
learning  rate,  facilitating  faster
convergence and minimizing the risk of
local minima.

Learning rate 0.001: A smaller learning
rate offers more exact fine-tuning of
model  weights, while potentially
decelerating the training  process.
Balancing the learning rate is essential
for optimizing convergence.

Loss function Cross Entropy Loss: This
loss function is frequently employed for
categorization  jobs. The  model's
performance is assessed by juxtaposing
the projected outputs with the actual
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labels, hence informing the optimization
process.

e LSTM hidden size 128: This parameter
specifies the number of units in the
LSTM's hidden layer, influencing the
model's ability to discern patterns and
dependencies within the data. A larger
size can encapsulate more intricate
patterns but may also elevate the
likelihood of overfitting.

e Weight Decay 0.01: Weight decay is a
regularization technique that mitigates
overfitting by imposing penalties on
excessive model weights. This promotes
the model's acquisition of simpler
patterns and enhances generalization.

3.4 Evaluations

The assessment of classifiers was quantified
using accuracy, precision, recall, and the F1-
score. We computed the performance metrics
for the classifiers using the following
equations, where “TP” denotes true positive,
“TN” denotes true negative, “FP” denotes
false positive, and “FN” denotes false
negative, Accuracy assesses the classifier's
overall correctness by computing the
proportion of true positives and negatives
among all examples. It gives a broad picture
of the model's performance across classes in
sentiment analysis:
Accuracy =TP+TN ..................(1)

TP+FN+ TN+ FP

Precision was assessed by quantifying the
classifier's false positives, and the precision of
the classifier signifies accurate predictions.
True positives plus false positives provide
genuine positives. In forecasting positive

sentiment, elevated sentiment analysis

accuracy indicates the model's probable

correctness, which is essential for applications

where false positives may lead to

misinterpretations:

Precision =TP_..........cccceeee e (2)
(TP + FP)

Recall was assessed by quantifying the
classifier's erroneous negatives, often called
sensitivity, recall is the ratio of true positives
to the sum of true positives and false
negatives. Sentiment analysis requires a high
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recall rate to accurately identify the most
positive sentiments:
Recall=TP.......cccco e vee e e (3)

(TP + FN)

The F1-score was computed as the weighted
harmonic mean of the recall and precision
metrics. The F1-score, which is the harmonic
mean of precision and recall, equilibrates both
metrics. This renders it advantageous in
sentiment analysis with imbalanced datasets,
as it considers both false positives and false
negatives, facilitating a more comprehensive
assessment of the classifier.

F1 — Score =2 x Precision x Recall......... 4)

Precision x Recall

Precision is  wuseful in  preventing
overclassification of the major classes with
inconsistent terms and colloquialisms of the
Arabic dialect, while recall is useful to have
all minority sentiment classes properly
identified without requiring too many
misclassifications from previous intuitions
looking in the past systems of systems.
previous work ([15], [16]) has emphasized the
difficulties, that models trained on MS Arabic
fail badly when it comes to standard
deviations of the dialect that affect recall and
thus the general classification accuracy. Using
them serves as an improvement over our
model assessment, providing a more thorough
view of how well the Arabic sentiment
analysis is working.

4. Results and discussion

These results show that in the task of Arabic
sentiment analysis, as shown in Table2,
CNN-LSTM was 95.5% accurate and BERT
accuracy is at 92%; Our findings are
consistent with prior work as well, but also
have particular capabilities — while earlier
approaches using traditional machine learning
models were dependent on dialect variation
and especially challenging in morphologically

rich languages, our deep learning models
adapt context embeddings that streamline
classification performances. This practice was
motivated by performance optimization in
terms of dataset splits (95%-5% for BERT
and then 90%-10% for CNN-LSTM) making
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about computational resources and training
demands for each architecture— benefiting
from a larger training data (due to being
CNN-LSTM) as well as BERT out of the box
works well even with smaller test split thanks
to transfer learning. This gives us a sense of
the high-level performance in Figure 2, with
the confusion matrices showing that Arabic
sentiment analysis is hard (misclassifications
occur more on mixed-dialect reviews.
Furthermore, the real-world applications of

these results mean that companies monitoring
customer sentiment, people tracking public
opinion (or political shifts) and platforms
tracking trends in Arabic social media will
benefit. This study not only improves the
performance of Arabic sentiment
classification but also gives an understanding
of how deep learning can be made more
effective in dealing with the many challenges
that come with processing human language.

Table 2: The Classification Report By Use Of BERT
precision Recall fl-score support
0 0.92 0.92 0.92 8157
1 0.93 0.92 0.92 8343
Accuracy 0.92 16500
macro avg 0.92 0.92 0.92 16500
weighted avg 0.92 0.92 0.92 16500

Confusion Matrix

Actual
Negative

Positive

1
Megative

Predicted

FOO00

6000

5000

4000

— 3000

— 2000

- 1000

Positive

Figure 2: Confusion matrix by use BERT

For the method CNN-LSTM, the dataset is
divided into 90% for training and 10% for
testing, with the test dataset utilized to assess
the model after training. Below, we explain
the “Training and Validation Loss and
Accuracy Plot” chart. (Loss): This chart
displays the variation of training loss and
validation loss during the epochs.
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The objective is to minimize training and
validation loss, signifying enhanced model
performance.

(Accuracy): Displays the variation in training
accuracy and validation accuracy during the
epochs.

The objective is to enhance training and
validation accuracy, signifying effective
model learning.
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Loss Accuracy

—— Training Loss —— Training Accuracy
—— walidation Loss —— walidation Accuracy
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Figure 3: Training and Validation Loss and Accuracy Plot

Values from the confusion matrix can be (TP/(TP + FP)). Recall: Representing the
utilized for scaling computations such as: favorable trend of total true positive cases (TP
(Precision): Denotes the ratio of true positives / (TP + FN)). F1 score: It quantifies the
to the sum of true positives and false positives balance between precision and recall.

Confusion Matrix

14000

12000
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10000

Actual

- 8000

- 6000

Positive

- 4000

]
MNegative Positive
Predicted

Figure 4: confusion matrix by use CNN-LSTM
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Comparing the proposed system with the related work, Table 3 shows the results

Table 3: comparison with related works

Study Model Dataset Size Best Accuracy (%) | Key Limitations

Used
Hnaif et al. SVM, Manual corpus, SVM: 83% Limited dataset, no deep
(2021) 7] NB, size not specified learning methods

KNN, RF,

DT
Jalil & Aliwy CNN, Various datasets, CNN-LSTM: Requires large labeled data,
(2023) [8] LSTM size unspecified 97.58% lacks transfer learning
Hameed CNN, HARD dataset and | AraBERT: 96.44% | Limited embeddings, no dialect-
(2023) 9] RNN others (size specific fine-tuning

unspecified)

AlMotairi & NB, Multiple Arabic NB, KNN, SVM Struggles with dialectal Arabic
Hadwan KNN, datasets (size (range: 83.04% - | and dataset scarcity
(2024) [10] SVM unspecified) 97.45%)
Proposed CNN- 330,000 Arabic CNN-LSTM: Handles dialect variations
Approach) LSTM, product reviews 95.5%, BERT: better, leverages pre-trained

BERT 92% embeddings

This evolution of methods from traditional
machine learning over deep learning
approaches in the context of sentiment
analysis is also illustrated in the comparison
of related works. Previous works (e.g Hnaif et
al.,2021 [1]) 2021, relied on classifiers such
as SVMs and Naive Bayes that achieved 83%
accuracy respectively but failed to capture
textual sentiment effectively due to the
manual feature extraction Consequently,
(2023) [8], Jalil & Aliwy and introduce deep
learning models such as CNN-LSTM or
AraBERT reduced the accuracy but were still
suffering from limitations in dataset and
dialects. AlMotairi & Hadwan (2024) [10],
also experimented with various other Arabic
sentiment analysis datasets but still
complained of challenges about informal
Arabic text.

In this study, we leveraged CNN-LSTM and
BERT over a large-scale dataset of Arabic
product reviews ca23 (330k) to outperform
most of the prior approaches with lightweight
embedding and output-enhancing deep
learning architectures [6]. The result shows
that CNN-LSTM gets 95.5% accuracy and
BERT achieves 92%, proving the hybrid deep
learning model performs better compared to
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their linguistic complexities, such as Arabic,
especially social media sentiment analysis in
the real world. Such results imply that deep
learning is more scalable and adaptable than
traditional classifiers, so we must use very
sophisticated NLP methods for doing Arabic
sentiment analysis with confidence.

5. Conclusion and Future Work

Though accurate, our models have several
challenges to mention while using them. One
of the largest limitations is the dataset—
having around 330k Arabic product reviews,
this does not represent the full breadth of
Arabic dialects and informal language, which
could hinder generalization for text
classification from this model. A related
difficulty is that both BERT and CNN-LSTM
are computationally expensive, to the point

that  real-time deployment may be
challenging,  particularly in  resource-
constrained environments. Our model was

primarily designed for Modern Standard
Arabic (MSA), so the outcomes on different
dialects are completely unknown as well. We
also admit that sentiment analysis is not only
for product reviews, thus testing on domains
like politics or healthcare can be used to
determine how universalized these models are
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as well. Finally, a more extensive error
analysis would reveal typical mistakes and
biases to be able to build sentiment analysis
more reliably and just in Arabic social media.

Moving forward, natural language processing
and machine learning will likely provide a
solution to these issues as the field advances.
More accurate sentiment classification based
on the transformer-based architectures, deep
learning approaches, or fine-tuned versions of
BERT for Arabic, dialects could potentially
be vast enhancements in deep learning
architectures. Next, increasing annotated
datasets as well as transfer learning
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