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In the current educational landscape, a large number of educators prefer
using generative artificial intelligence techniques to produce textual content
to be presented for learning. However, these generated texts may not meet
the specific needs of learners or align with their abilities. Many traditional
methods and techniques can be employed to assess the complexity of a text,
such as traditional readability formulas, but these techniques are time-
consuming and labor-intensive. In this paper, we introduce a deep learning
approach for automatically evaluating the readability of Arabic texts by
analyzing and classifying sentences into different difficulty levels within
educational content. The initial stage of the proposed approach is
preprocessing textual content and leveraging natural language processing
(NLP) methodologies for feature extraction, such as Word2Vec. The
approach then concentrates on refining and evaluating a deep learning model
to classify text into different readability levels. This paper introduces a
hybrid classification model that combines convolutional neural networks
(CNNs) and bidirectional long short-term memory (BiLSTM) layers,
attaining an accuracy of 96.68%. This model demonstrates the significance
of applying hybrid deep learning models in analyzing educational materials
and establishes a foundation for subsequent progress in the field of
automated Arabic readability assessment.
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1. INTRODUCTION

In modern educational environments, it is widely recognized that students display diverse levels of
learning progress. Within the same classroom or study group, the knowledge and understanding of one
student can significantly vary from that of their peers. To optimize learning outcomes and ensure effective
teaching, adopting innovative learning strategies is crucial for teachers [1]. One solution to addressing this
challenge is the teaching at the right level (TaRL) approach, a personalized learning methodology that helps
learners develop essential reading and math skills [2]. This strategy recognizes the individual learning
differences and pace of each student [3]. It is pivotal in addressing the varying academic abilities within a
classroom, ensuring that all students, regardless of their starting point, and have the opportunity to advance in
their learning journey [4]. It calls for educators to tailor the educational content to match each student's
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unique needs [5], [6]. Educators play an important role in this adaptive learning model [7]. By measuring the
readability of a text, teachers can ensure the material meets the specific needs of each learner [8]. This
methodology allows learners to advance according to their personal learning rhythm, avoiding any sense of
being swamped with information or disinterest due to lack of challenge. Readability is influenced by a range
of factors, such as vocabulary complexity, sentence and paragraph structure, and various textual features [9].
These elements are critical for educators to consider when selecting or creating educational materials,
allowing them to adjust the difficulty level to match their students' abilities.

However, the manual evaluation of text readability is both time-consuming and costly, limiting its
practical application in educational settings [10]. For the Arabic language, one of the main challenges that
face readability assessment is the language's inherent complexity [11]. The assessment of readability in the
Arabic language poses additional challenges due to the language's complex morphology, extensive lexicon,
and diverse sentence construction [12]. Arabic's high level of inflection, which allows single words to convey
various grammatical nuances, further complicates this task. These difficulties have spurred interest in seeking
technological innovations for automating the process of readability assessment. Among these solutions, deep
learning and natural language processing (NLP) have emerged as particularly promising approaches. Both
NLP and deep learning are interdisciplinary fields that merge computer science with artificial intelligence
[13], [14], equipping machines with the ability to process, understand, and interpret human language in a
meaningful and contextually appropriate manner. NLP, in the context of readability measurement, utilizes
text classification techniques to assess the readability of texts by categorizing them into various readability
levels or categories [15], [16]. This approach involves training machine learning models to analyze textual
features and make predictions about the readability of a given text [17]. The integration of deep learning
techniques within this domain offers the potential for even more refined analysis. Deep learning's ability to
process and learn from large datasets can uncover subtle patterns in language use that are indicative of text
complexity, thereby enhancing the precision of readability predictions [18].

The field of text readability assessment is an area of increasing interest [19]. Reviewing previous
research efforts offers important background for the current study, emphasizing their primary contributions,
techniques, and results, with a particular focus on the methodologies employed to address the issues of text
readability and their effectiveness in attaining high prediction accuracy. For instance, Nassiri et al. [20]
employed machine learning techniques to evaluate the readability of modern standard Arabic (MSA) texts.
They mapped the resulting readability levels to the interagency language roundtable (ILR) scale for assessing
second language proficiency. From an initial set of 170 readability features, the proposed approach achieved
an accuracy of 90.43% in a three-class classification task using the instance-based k-nearest neighbors (IBK)
and random forest algorithms. However, this study was based on traditional machine learning techniques,
which have limited capacity to attain high accuracy. Nassiri et al. [21] explore the use of statistical machine
learning to predict the readability of Arabic texts for second-language learners. Using various feature sets and
algorithms, the study aims to maintain or increase prediction accuracy while simplifying the feature set.
Experiments showed maximum accuracies of up to 86.15%, confirming that a reduced feature set could
achieve comparable results. Saddiki et al. [22] present a comprehensive computational study on Arabic
readability, a challenging task given Arabic's morphological complexity and low-resource status. The study
evaluates both first-language (L1) and second-language (L2) Arabic readability, uniquely combining them in
the same experimental setting. By incorporating advanced features like language modeling, the study
achieves a 94.8% accuracy for L1 and a 74.1% accuracy for L2, marking significant error reductions
compared to traditional methods. The paper suggests that using L1-generated models can enhance L2
readability assessment.

Berrichi et al. [23] used various methods for assessing the complexity of text for native (L1)
speakers. Two primary approaches were evaluated. The first approach involved analyzing specific,
handcrafted features that help determine a text's difficulty level. In the second approach, authors explored
word embeddings (including continuous bag-of-words model (CBOW), skip-gram, and Arabic bidirectional
encoder representations from transformers (AraBERT)) as an alternative to the handcrafted features.
The AraBERT model performed best among the techniques, achieving a prediction accuracy of
approximately 76.93%. Bessou and Chenni [24] employ machine learning to predict text complexity, aiming
to make Arabic text more accessible to learners. Various classifiers and features like count and term
frequency-inverse document frequency (TF-IDF) were tested, revealing that a combination of n-gram
features and specific data representations significantly boosted performance. The most accurate results were
achieved using TF-IDF vectors and support vector machine (SVM), reaching an overall accuracy of 87.14%
across four complexity classes.

Saddiki et al. [25] evaluate simple readability features using publicly accessible and open-source
tools, achieving performance comparable to existing Arabic readability studies. The study found that
cost-effective features like morpheme counts, type and token counts, and part-of-speech tags had a good
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cost/benefit ratio. The best results in terms of accuracy were 73.74% achieved by random forest classifier.
Baazeem et al. [26] explored using eye-tracking to enhance Arabic text readability prediction, revealing that
eye-tracking data, when combined with linguistic features, can more accurately assess readability. The
effectiveness varies by algorithm, suggesting further investigation is needed. Limitations include insufficient
data and the use of basic machine learning models. Ouassil e al. [27] present a novel approach for Arabic
readability assessment using a hybrid BERT-bidirectional long short-term memory (BiLSTM) model. This
method marks a significant advancement in text difficulty classification. The proposed model achieved an
accuracy rate of 89.53%.

The preceding review reveals a clear opportunity to improve upon the performance and accuracy of
classical models. Therefore, in this study a novel approach based on NLP and hybrid deep learning model is
presented to assess Arabic text readability by classifying sentences into different levels of difficulty. The
major contributions of this study include:

—  Developing an accurate system to automatically classify the difficulty of Arabic sentences using a
combination of two deep learning techniques: convolutional neural network (CNN) and BiLSTM.

—  Analyzing the effect of convolutional depth on the BiLSTM layer by studying the impact of adding a
varying number of convolutional layers.

The remainder of this paper is structured as follows. Section 2 describes the approach, materials, and
algorithms utilized in developing the proposed system. Results are presented in section 3. The final section 4
concludes and summarizes the paper.

2. METHOD

This work proposes a computational model for automatically analyzing and grading the linguistic
complexity levels of Arabic text, classifying it as easy, moderately difficult, or complex to read and
understand. A deep learning model was employed to achieve this, and it was trained to accurately classify
sentences based on their linguistic and semantic characteristics. Figure 1 illustrates the proposed approach
that consists of four main stages: data representation, preprocessing, word representation, and classification.
In the data representation stage, the dataset used in the experiments was described, including its textual
content, the distribution of sentences by complexity, key vocabulary statistics, and a visualization of the
dataset's content using a word cloud technique. In the preprocessing stage, the text was clean and standardize
to prepare it for analysis. This consists of several key operations: text cleaning removes irrelevant noise like
punctuation or HTML tags, normalization ensures uniformity by standardizing word forms, and tokenization
breaks each sentence down into its individual words called tokens. In the word representation stage, the word
embedding technique Word2Vec was employed to convert the clean text into a numerical format the model
can process. Word2Vec generates a unique vector for each word, mathematically capturing its semantic and
syntactic context. Lastly, these contextual word vectors as input were used for the proposed deep learning
model. The model was finetuned, trained, and tested to classify each sentence by its complexity.

Data Representation Preprocessing

-y’
ﬁ—n-
’f—l

Raw Corpus Visualisation

Word Representation

Training and Testing

________________

Figure 1. The flowchart of the proposed system

2.1. Dataset representation
The dataset used in this research was collected from one of the largest Arabic language learning
platforms (Al-Jazeera Learning Arabic), which is an open-source tool designed to simplify Arabic language
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acquisition through interactive and easy-to-navigate content [27]. For this end, the authors used a scraping
tool to collect texts from this platform that were already labeled and classified by the platform's editors into
three different learning categories: beginner, intermediate, and advanced. This dataset comprises two
columns: the 'Text' column contains sentences as textual content, and the 'Label' column contains numbers
from 1 to 3, representing the level of sentence difficulty. Each sentence was categorized into one of three
proficiency levels: beginning, intermediate, or advanced. Beginning sentences are simple in structure and
vocabulary for beginners. Intermediate sentences are moderately complex, suitable for learners with basic
language skills. Advanced sentences contain complex grammar and extensive vocabulary for learners with
high proficiency. Table 1 showcases examples from the dataset.

Table 2 provides an overview of sentence distribution across three language proficiency levels
within the dataset, containing 4,519 sentences, 81,743 tokens, and 23,188 unique words. It illustrates a
progression from the beginner class, with 1,418 sentences and 8,444 tokens, to the advanced class, with
1,356 sentences and 41,904 tokens, indicating increasing sentence complexity and vocabulary size.
Sentence length varies from 2 to 40 tokens, and the number of letters per sentence ranges from 4 to 265
across the classes.

Table 1. Labelled samples

Sentences and its translations Classes
ALl 5 pidiad jain g Live SS o e gi A dlas/ oy Beginning

The harvest begins in November of each year and lasts for ten days.

Cyanll bl SaSo y e Lusa (g 3T o piinss LIS Dlaie) il () stains mgaianss 40 o Y ulil] ansd ClaSlell o £ 50l 138 ol Y] CiliR5;  Intermediate
Opinions differ about this type of treatment, some people do not believe in it, some rely on it completely, and others
consider it an assistant and complement to modern medicine.

sl ol Cemig o s f il il e el (o o a5 e e s gl o Lol ailas o) sl 6 (5T il o5 o A 5 L il i (o Sib LG Advanced
A South African child born with HIV surprised experts by completely recovering from the virus after just one year
of treatment, followed by eight and a half years without taking any medication.

Table 2. Number of sentences per class

Classes Number of Total Vocabulary Min tokens Max tokens Max letters Min letters
sentences tokens size per sentence per sentence per sentence per record
Beginner 1,418 8,444 2,747 2 10 192 4
Intermediate 1,745 31,395 12,496 12 24 166 41
Advanced 1,356 41,904 15,510 25 40 265 94
Overall 4,519 81,743 23,188 2 40 265 4

To gain an initial understanding of the textual content within a dataset, the word-cloud technique
was utilized. This method serves as a tool for the visual representation of word frequency, thereby providing
an immediate overview of the most prominent terms and key terminologies of each class within the dataset.
Figure 2 illustrate word cloud presentations of the three classes within the dataset. Figure 2(a) is the word
cloud presentation of beginner class, Figure 2(b) is the word cloud presentation of intermediate class, and
Figure 2(c) is the word cloud presentation of advanced class.

il e ; uw"‘ﬂl“l&“ ;D.UL;.E.A.H
ple? SSEL ol
Yook e AT W e Ml.?‘“‘” QW'UM

(@) (b) (©)

-

Figure 2. Word cloud presentations for the three classes within the dataset of (a) beginner, (b) intermediate,
and (c) advanced

2.2. Preprocessing
Preprocessing is an essential step in NLP, aimed at ensuring data quality and consistency [28]. In
this research, three steps are used. The first step is identifying and removing redundant data. Special
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characters, HTML tags, punctuation marks, and unnecessary whitespace are removed. The second step is
removing stop words such as common articles or prepositions; these words contribute little to the overall
meaning. The final step is breaking down the text into tokens, making it easier to analyze and extract
meaningful information.

2.3. Word representation

In order to transform textual preprocessed tokens into a numerical representation that can be used as
input for deep learning algorithms, the CBOW-Word2Vec technique is proposed for representing tokens.
Word2Vec is a word embeddings approach that encodes linguistic meaning by projecting words into a
high-dimensional space where their proximity reflects semantic similarity [29], [30]. CBOW is a variant of
Word2Vec that predicts a word given its context [31]; CBOW models are trained by maximizing the average
log probability [32].

% %:1 lOg p(tilti—lv RN ti—lv ti+1' ey ti+l) (1)
Where {t;_;, ..., t;_1, tiy1, -, tis1} is a set of words that represents the context of the term t;.

In this study, the word embedding layer using AraVec was implemented, specifically the version
trained on the Arabic Wikipedia corpus using the CBOW architecture. This pre-trained model provides
300-dimensional dense vectors. It was configured with a window size of 5 and a minimum term frequency of
20 during its training phase [30].

2.4. Classification task

In this step, a hybrid CNN-BIiLSTM model was developed to address the Arabic readability
assessment. The CNN-BiLSTM model represents a fused neural architecture that integrates the feature
extraction capabilities of CNNs with the temporal modeling of BiLSTM networks. CNNs are used for local
feature extraction, often capturing spatial hierarchies in the data [33]. BILSTMs are employed for sequence
modeling, taking into account both past and future context [34]. The architecture is often represented by a
sequence of equations, but a simplified form for the BILSTM cell could be h, = BiLSTM (h,_4, x;), and for
the CNN layer x = Conv(x; W, b), where W and b are the filter weights and bias.

Figure 3 illustrates the architecture of the hybrid CNN-BiLSTM model, which begins with an
embedding layer that transforms input data into dense vectors of fixed size. This is followed by a dropout
layer to prevent overfitting by randomly setting input units to 0 during training. The model then employs two
Conv1D layers, each followed by a MaxPooling layer, to extract and downsample features from the input
data, capturing local dependencies. Afterward, a BILSTM layer is used to learn dependencies from both past
and future context by processing data in both directions. To enhance training stability and speed, batch
normalization is subsequently employed to normalize the input distributions across each layer. Finally, a
dense layer followed by an activation layer is used to make predictions based on the learned features, with
the activation layer determining the output format: beginner, intermediate, and advanced.

Word 1, Word 2...... Word L

Embedding Dimension Maximum length L = 40
Embedding Layer Output (None,40,300)

HM <\ Jropout (Rate=0.3)
H“HHHHHW“ Output (None,40,300)

Convl1D (Filters=64, Kernel=9, Activation =ReLU)
Output (None,40,64)

MaxPooling (Pool: 2)
Output (None,20,64)

Convl1D (Filters=64, Kermnel=9, Activation =ReLU)
Output (None,20,32)

MaxPooling (Pool: 2)
Output (None,10,32)

Bidirectional LSTM (Units: 100, Drop: 0.3)
Output (None,100)

U (—\ Dense (Activation=Softmax)
A

Output:

r \
Beginner Intermediate  Advanced

Figure 3. The layers of the hybrid CNN-BiLSTM classifier with dimensions and hyperparameters
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3.  RESULTS AND DISCUSSION

In this section, a detailed overview of the experimental settings and the corresponding results is
provided, including descriptions of the methods used and a summary of the key findings. To assess the
performance of the proposed model, standard performance metrics was employed including classification
accuracy, precision, recall, Fl1-score, and area under the curve (AUC). The confusion also provided. These
metrics are widely adopted in the field of text classification. Furthermore, to ensure a robust evaluation, a
five-fold cross-validation approach was employed for all experimental procedures. Table 3 demonstrates the
elements of the confusion matrix.

Table 3. Elements of the confusion matrix

Predicted beginner Predicted intermediate Predicted advanced
Actual beginner True beginner (TB) Misclassified as intermediate ~ Misclassified as advanced
Actual intermediate ~ Misclassified as beginner True intermediate (TI) Misclassified as advanced
Actual advanced Misclassified as beginner  Misclassified as intermediate True advanced (TA)

The presented experiments were conducted on Google Collaboratory platform, on a virtual machine
with T4 GPU and 54 GB of RAM. To identify optimal configurations for the proposed model, a grid search
approach was employed. This research approach allowed us to systematically explore a range of parameter
values and select the set that resulted in the best performance. Table 4 provides a detailed overview of the
primary parameters and their respective value ranges used in this grid search.

Table 4. Set of hyperparameters used by the search grid

Hyperparameters Values
Word embedded dimension [100, 300]
Number of 1D convolutional layers [1,2,3,4,5,6,7,8,9,10]
Number of epochs: [10, 20,30]
Optimizer: [Adam, SGD, Nadam]
Dropout rate [0.1,0.2,0.3]
Learning rate [10E-3]

Based on the grid search results, the optimal hyperparameter configuration for the model was
determined. This setup employs a word embedding dimension of 300 and an architecture that includes two
1D-convolutional layers. The model is trained using the Adam optimizer for 20 epochs with a learning rate of
0.2. We reserved 20% of the dataset as an independent held-out test set. The remaining 80% was used for
model training and validation using 5-fold cross-validation.

3.1. Training and validation results

In this subsection, the performance of the proposed hybrid model was examined by analyzing the
progression of loss metrics over the course of the training and validation phases. Figure 4 shows the
evolution of validation and training losses over a series of 20 epochs. Initially, the validation loss starts at a
value of 0.686, indicating a significant error between the model's predictions and the actual targets. However,
it decreases over time, reaching a low of approximately 0.158 at epoch 8, before experiencing a consistent
increase, rising to 0.281 by the final epoch. The training loss follows a more consistent downward trajectory,
starting from 0.429 and significantly reducing to 0.019, showcasing the model's learning and adaptation to
the training data. These patterns indicate successful model training regarding the training set, highlighted by
the steady decrease in loss values. However, the subsequent rise in validation loss suggests distinct
overfitting. To overcome this overfitting problem, dropout techniques can be introduced, effectively
improving the model's ability to generalize by preventing complex co-adaptations on training data. This
method randomly disables a fraction of the neurons during the training process, which helps in making the
model enhancing generalization and minimizing the risk of overfitting on specific details of the training data.

Figure 5 illustrates the progress of training and validation accuracies throughout a 20-epoch period
for the hybrid deep learning model. The training accuracy commenced at 84.95%, which consistently
improved, culminating in 99.29% by the end of the training. This steady increase demonstrates the model's
effective learning from the training data. On the validation side, accuracy began at 66.45%, a figure that
highlights the initial challenge the model faced in generalizing to unseen data. Despite some fluctuations,
validation accuracy saw a notable rise, achieving highs such as 96.60% and concluding at 96.15% in the final
epoch. Both training and validation accuracies improved progressively during the 20-epoch training period
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highlights the model's successful adaptation and optimization, showcasing its ability to learn from the
training data effectively while maintaining robust performance on unseen data.

1.0 100
Training Loss
0.9 90
08 ——Validation Loss 30
0.7 70
0.6 2 60
2 g
% 0.5 g 50
< 2
~ 0.4 29
03 30
20
02 Training Accuracy
01 10
- ——Validation Accuracy
0.0 0
Epochs Epochs
Figure 4. Validation and training loss of the Figure 5. Training and validation accuracy of the
proposed model proposed CNN-BiLSTM model

3.2. Evaluating the impact of integrating CNN layers into a BILSTM

The impact of integrating CNN layers into a BILSTM was examined by studying the effect of
incrementally adding various numbers of ConvlD layers. This examination aimed to determine the optimal
convolutional depth that enhances feature extraction while maintaining the temporal learning strengths of
BiLSTM. The results illustrate the impact of Conv1D layer depth evaluated across multiple standard metrics,
specifically accuracy, precision, recall, F1-score, and AUC, alongside testing execution time.

Table 5 and Figure 6 demonstrate that augmenting the number of ConvlD layers to 2 enhances
performance across all evaluated metrics. Specifically, the model achieves peak values with an accuracy of
96.68%, precision of 96.70%, recall of 96.68%, and an F1-score of 96.68%. Additionally, the AUC reaches a
high of 99.04%, indicating strong discriminative ability. This configuration also achieves an efficient testing
execution time of 0.863 seconds, as shown in Figure 7, suggesting an improvement in feature extraction
without imposing excessive computational overhead.

Table 5. Accuracy, precision, recall, F1-score, and AUC metrics across different numbers of Conv1D layers
Number of added Conv1D layers  Accuracy (%)  Precision (%)  Recall (%)  Fl-score (%) AUC (%)
1 95.58 £0.85 95.66+0.78 9558+0.85 9558+0.86 99.09+0.14

2 96.68 £0.25 96.70 £0.26  96.68+0.25 96.68+0.25 99.04+0.15
3 96.13 £0.49 96.19+0.44 96.13+0.49 96.12+049 98.82+0.22
4 96.02 + 0.44 96.05+0.45 96.02+0.44 96.02+0.44 98.76=0.11
5 96.28 £0.17 96.32+0.18 9628+0.17 96.28+0.17 98.91+0.18
6 96.02 £0.52 96.07+0.50 96.02+0.52 96.02+0.51 98.99+0.11
7 95.66 £ 0.35 95.70+£0.34 95.66+0.35 95.66+0.34 99.10+0.12
8 95.75+£0.78 95.78+0.76  95.75+0.78 95.75+£0.78  99.06 £0.17
9 96.13 £0.20 96.16 021 96.13+0.20 96.13+£020 99.22+0.08
10 94.98 £ 0.55 95.06£0.52 9498+0.55 94.98+£0.56 98.96 £0.26

97%

96%

95%

Accuracy

94%

93%
1 2 3 4 5 6 7 8 9 10

Number ConvlD layers

Figure 6. Accuracy variation across different numbers of Conv1D layers
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Figure 7. Testing time in seconds across different numbers of Conv1D layers

However, beyond this optimal point, further addition of layers leads to a degradation in these
comprehensive metrics, suggesting overfitting. The fluctuating values with layer depths beyond 3 indicate
diminishing returns from increased model complexity. For instance, at 10 layers, the accuracy drops to
94.98%, with corresponding declines in precision 95.06%, recall 94.98%, and Fl-score 94.98%.
Simultaneously, the computational cost rises, indicated by the testing execution time peaking at
0.963 seconds, which further suggests that deeper models may suffer from overparameterization and a failure
to generalize effectively.

The findings revealed that the integration of two ConvlD layers represents the optimal
configuration. This particular setup achieves a superior balance between representational capacity and
generalization. This was empirically validated by the model achieving peak scores across precision, recall,
and F1-score metrics while maintaining computational efficient.

3.3. Evaluating the impact of combining CNN and BiLSTM

To analyze the effect of the combination of CNN and BiLSTM, we compare the hybrid model's
performance metrics and execution time with its parts: traditional CNN and BiLSTM models. Figure 8
demonstrates the superiority of the CNN-BiLSTM hybrid model, which outperforms the individual CNN and
BiLSTM models across all metrics. It leads by approximately 1.75% in accuracy and 1.65% in precision
compared to BILSTM, and nearly 2.06% and 1.99% respectively over CNN, signifying a significant
improvement. This advantage extends to recall and F1-score, confirming that the hybrid model excels in both
precision and comprehensive data analysis, making it a more effective tool for complex classification tasks.

97%

@A Accuracy & Precision
Recall COF1-Score

96%

95%

Performance

94%

BiLSTM
Models

Figure 8. Comparative metrics of BILSTM model vs. traditional CNN and BiLSTM models

Figure 9 illustrates that the CNN-BiLSTM model marks a balance between efficiency and
computational time. Figure 9(a) shows that the training time for CNN-BiLSTM is 162.98 s, which is notably
less than BiLSTM's 244.95 s, suggesting a more efficient training process while maintaining performance. In
contrast, CNN has the shortest training time at 101.9 s but it does not provide the same level of accuracy as
the hybrid model. Figure 9(b) shows that during testing CNN-BiLSTM and CNN have similar times 0.86 s
and 0.9 s, but BILSTM is significantly slower at 1.44 s. Thus, the CNN-BiLSTM hybrid offers an optimal
blend of performance and training efficiency, ideal for scenarios where both factors are critical.
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Figure 9. Execution time of CNN-BiLSTM, CNN, and BiLSTM for (a) training and time (b) testing time

Figure 10 illustrates the confusion matrices for three models, hybrid CNN-BiLSTM, CNN, and
BiLSTM in classifying sentences across three difficulty levels: beginner, intermediate, and advanced. In
Figure 10(a), the hybrid CNN-BiLSTM model demonstrated notable precision, correctly identifying
250 beginner sentences, 358 intermediate sentences, and 265 advanced sentences. It shows minimal
misclassifications, with 5 intermediate sentences and 3 advanced sentences incorrectly classified as beginner;
1 intermediate sentence misclassified as advanced; and 9 advanced sentences wrongly identified as
intermediate. In Figure 10(b), the CNN model accurately classified 250 beginner sentences but faced
challenges with higher complexity levels, misclassifying 9 advanced sentences as intermediate and
16 intermediate sentences as advanced, alongside smaller errors in other categories. In Figure 10(c), the
BiLSTM model showed consistent accuracy, correctly classifying 244 beginner, 350 intermediate, and 263
advanced sentences. These outcomes underscore the hybrid CNN-BiLSTM model's superior performance in
accurately discerning a wide range of sentence complexities with high precision and minimal errors, marking
it as particularly effective for detailed and precise classification tasks.

Beginner
Beginner
Beginner

True Label
Intermediate
True Label

Intermediate
True Label
Intermediate

Advanced
Advanced
Advanced

Beglﬁner Interm‘ediate Advanced Beg\ﬁner \nterm‘ediate Advanced Beg\ﬁner \nterﬁediate Advanced
Predicted Label Predicted Label Predicted Label

(2) (b) (©)

Figure 10. Confusion matrices of the three models: (a) hybrid CNN-BiLSTM, (b) CNN, and (c) BILSTM

3.4. Discussion

In this study, a novel system for assessing the difficulty levels of Arabic sentences was introduced,
employing a hybrid deep learning model. The method involves a four-step process, including data
presentation, preprocessing, semantic numerical conversion using the Word2Vec technique, and sentence
classification using this deep learning model. The study into the hybrid model architecture highlighted the
benefits of combining CNN layers with a BILSTM framework, focusing on finding the optimal combination
for effective feature extraction. The integration of two Conv1D layers was found to be most beneficial,
achieving an impressive accuracy of 96.68%, which showcases the potential of CNN and BiLSTM layers in
processing complex data. The hybrid CNN-BiLSTM model's performance was compared with traditional
CNN and BiLSTM models and nine traditional machine learning classifiers. Figure 11 illustrates the ROC
curves and AUC scores showing the performance of the model across all target classes.
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Figure 11. ROC curves and AUC scores showing the performance of the AraVec-based model across all
target classes

This research underscores the advantages of hybrid deep learning models in linguistic analysis,
particularly for languages with complex structures like Arabic. The outstanding performance of the
CNN-BiLSTM model sets a new benchmark for sentence difficulty classification, suggesting a promising
direction for future advancements in computational linguistics. Further exploration could extend the model's
application to other linguistic tasks, enhancing its utility and impact in the field.

For a closer look at the error classification, Table 6 shows examples of misclassified text. In the first
example, the model misclassified an intermediate sentence as advanced. Several reasons could be behind this
like vocabulary and the frequent use of nouns instead of verbs (nominalization), such as '\L=8¥!' (moderation)
and '+WSY) (contentment). The sentence also includes medical term (calories, diabetes) and formal words like
'aiad (necessitates). The model likely considers the difficult vocabulary as a sign of the advanced class. In the
second example, the level of an advanced sentence was considered as intermediate, because the of the
simplicity of the sentence structure and the use of the active present-tense verbs like 'J#ix¥ and 's¢~3' and
common connectors like 'Y, rather than the complex noun phrases usually found in advanced Arabic.
Although the ideas are complex (cognitive faculties and deep thinking), the specific words are common
(‘314" for reading, '&a ' for fast). The model associates these common words with intermediate topics and
misses the deeper academic context. This shows that the model relies largely on surface-level aspects; errors
occur when simple concepts utilize formal language, or when complex thoughts are written explicitly.

Table 6. Examples of misclassified text
Text Actual label  Predicted label

Example 1:
LN i o i 55 e g B Sl ) 0 e s o 1 AT o
aaly Aalady A PRV Pk ‘;ﬁ
Translation: Intermediate Advanced
Attention must be paid to its high sugar and calorie content, which requires patients with diabetes
and those suffering from obesity to consume it in moderation, limiting themselves to just one
piece.
Example 2:
e A a5 Ua) agdl cililee ) sl sny (f S g pual) el o g il 13 o a5 Gl e oS0
el Sl 3 Al lSla (g oS3
Translation: Advanced Intermediate
However, Maryanne Wolf argues that this type of rapid skimming can limit the development of
slower comprehension and cognitive processes, which contribute to forming the faculties of
reading and deep thinking.

The model relies on formal structures, largely because the word embeddings were trained on
Wikipedia data. This restricts the model's ability to generalize, as the formal register used in Wikipedia does
not reflect the dialects and non-standard syntax often found on social platforms. AraVec-Twitter could be
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used to fix this. Since these embeddings come from tweets, they provide the dialect vocabulary the model
needs to handle text outside of formal contexts.

In summary, the results presented in this paper demonstrate that the proposed model achieved
remarkable accuracy. Additionally, experimental results show that the integration of the combined model
based on word embedding techniques yielded a positive change in prediction performance when compared
with other models presented in the literature. In Table 7, the performance of the proposed model is compared
to that of similar studies examined in this paper.

Table 7. Comparison of the proposed model with recent related works

Reference Dataset Feature representation Classifiers Accuracy (%)

[23] MoSAR corpus BERT CNN 71.5

[21] Combination of global language Linguistics  features Traditional —machine 89.15
online support system (GLOSS)- (PoS-based frequency) leaming  algorithms
reading, =~ GLOSS-listening, and (KNN, SVM)
Aljazeera-learning (AL) datasets.

[27] Aljazeera learning platform dataset BERT BILSTM 89.55

Proposed method  Aljazeera learning platform dataset Word2vec Hybrid CNN-BiLSTM 96.68

4. CONCLUSION

The evaluation of readability is fundamentally important in education, acting as a key tool to adapt
educational materials to suit the varied needs of learners. Addressing this necessity, a novel system was
introduced that aims to assist educators in delivering customized and appropriate textual materials based on
students’ reading levels. This system measures the readability of Arabic text through the classification of
sentence difficulty. The process began by collecting a dataset of Arabic sentences that have been labeled
according to three levels of difficulty. Subsequently, NLP techniques are employed to extract meaningful
features from the sentences. Following that a hybrid deep learning classifier is trained and compared.
Experimental results demonstrate that the hybrid deep learning model achieved the highest accuracy rate of
96.68%. This research contributes to the field of Arabic text analysis by introducing an effective tool for
measuring sentence readability and highlighting the importance of accurate readability assessment in Arabic
language processing. The upcoming research proposes enhancing the system's performance by enlarging the
dataset and implementing other word embedding techniques, along with other deep learning and
transformer models.
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