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Abstract—This study introduces an intelligent scoring
approach that leverages natural language processing and
transformer-based models to evaluate student responses across
various academic subjects. Given the linguistic complexity and
variability of Arabic short-answer questions, the research
proposes a novel grading method that moves beyond traditional
techniques. Using the Cairo University Dataset a widely
recognized benchmark focused on environmental science the
study explores different preprocessing strategies and applies
multiple transformer models. These models are integrated into
a custom regression-based neural network designed specifically
for Arabic short-answer grading. The proposed system achieves
a Pearson correlation of 92.34%, surpassing the current state-
of-the-art on the Cairo University Dataset. To evaluate
generalizability, the model was also tested on the Arabic Short
Answer Grading dataset, achieving an 80% Pearson correlation
and outperforming existing benchmarks. These results
demonstrate the approach’s strong potential for educational
applications, offering a scalable and fair grading solution that
reduces teacher workload while maintaining assessment
accuracy.

Keywords—automatic scoring, Arabic short answer scoring,
Natural Language Processing (NLP), transformers, Artificial
Intelligence (Al) in education

1. INTRODUCTION

In the dynamic landscape of educational assessment, the
Arabic Short Answer Grading (ASAG) task stands as a
pivotal and progressive method. At its core, ASAG involves
evaluating student responses against a model answer.
However, it transcends traditional grading approaches,
embodying a sophisticated process that necessitates a
comprehensive understanding of the depth, relevance, and
accuracy of student responses, especially within the intricate
framework of the Arabic language [1].

The significance of ASAG in modern education extends
beyond conventional grading methodologies, heralding a new
era of effectiveness and precision in educational contexts.
ASAG holds significant value in contemporary educational
environments. In an era characterized by educators’
substantial teaching commitments, ASAG emerges as a
notable facilitator. It notably diminishes the time and effort
educators must allocate to grading, thereby liberating
resources for teaching and curriculum enrichment endeavors.
Additionally, this system accelerates the grading process,
providing timely feedback crucial for students’ academic
progress and comprehension [2, 3].
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The swift and accurate evaluation of short answers,
particularly within the nuanced domain of the Arabic
language, is essential for maintaining educational excellence
and assessment standards. In the era of digitization, the
frontiers of Machine Learning (ML) and Deep Learning (DL)
stand poised to revolutionize diverse domains, including
education. The integration of ML and DL methodologies into
the Automated Short Answer Grading (ASAG) task heralds a
new era characterized by heightened efficiency and precision.

These technologies leverage sophisticated algorithms and
models endowed with the ability to comprehend, interpret,
and assess student submissions in a manner reminiscent of
human cognition, albeit with superior velocity and
consistency. Within the realm of Deep Learning for Natural
Language Processing (NLP), notable progress has been
achieved, propelled by the emergence of advanced
architectures such as Recurrent Neural Networks (RNN) [4],
Long Short-Term Memory (LSTM) networks [5],
Bidirectional LSTM (BiLSTM) configurations [6], and Gated
Recurrent Units (GRU) [7]. These architectures have played
a pivotal role in augmenting the efficacy of language
processing endeavors [8, 9], offering distinctive capabilities
in capturing sequential patterns and dependencies within
textual data. Their deployment in ASAG applications for the
Arabic language holds immense potential, facilitating a more
nuanced and contextually aware evaluation of student
responses.

At the core of this technological revolution are the
Transformers [10], a class of models in Deep Learning
distinguished for their remarkable aptitude in grasping the
semantic and syntactic intricacies embedded within textual
data. Transformers are particularly suited for this task as they
capture contextual and semantic meaning, allowing for robust
evaluation of answers even when students use diverse or
unconventional phrasing. Their integration into the ASAG
domain marks a pivotal juncture, particularly significant for
the Arabic language, celebrated for its intricate and
multifaceted linguistic structure. Harnessing sophisticated
architectures, Transformers demonstrate unparalleled
proficiency in unraveling the subtle connotations interwoven
within student responses, thereby establishing a grading
framework distinguished by its swiftness, effectiveness, and
profound comprehension of the language’s intricacies.

This paper aims to scrutinize the transformative influence
exerted by advanced Deep Learning (DL) technologies,
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encompassing RNN, LSTM, BiLSTM, and Transformers,

alongside select Natural Language Processing (NLP)

techniques, within the Automated Short Answer Grading

(ASAGQ) task. It delves into the way these models redefine the

fundamental tenets of language comprehension and

assessment within the domain of Arabic education, furnishing
an unprecedented level of accuracy and insight in the grading
process.

This study addresses the challenge of automatically
grading Arabic short answers by leveraging recent
advancements in deep learning. The key contributions of our
proposed approach are summarized as follows:
® We present a robust and efficient method for the automatic

grading of Arabic short answers, utilizing the advanced

capabilities of pre-trained deep learning transformer
models.

e The study investigates the impact of wvarious text
preprocessing techniques on grading performance and
evaluation metrics.

® An ensemble approach is employed, combining multiple
pre-trained embedding models to capture diverse semantic
representations.

® The method is based on the hypothesis that integrating
features from multiple pre-trained models enhances both
grading accuracy and computational efficiency.

e The integration strategy results in improved performance
while reducing computational overhead.

® This work represents a significant advancement in the field
of Arabic automatic short answer scoring.

The rest of this paper is organized as follows: Section II
presents an in-depth review of current automatic short-answer
grading systems. Section III introduces the Arabic datasets
used in this study, along with representative examples and a
detailed explanation of the proposed methodology. Section
IV describes the experiments conducted and reports the
results. Section V provides a discussion, offering insights and
interpretations of the findings. Finally, Section VI concludes
the paper by summarizing the key outcomes and suggesting
potential directions for future research.

II. LITERATURE REVIEW

The subsequent literature review delves into the body of
literature concerning the task of short answer grading, with a
specific focus on contributions and advancements pertinent to
the Arabic language. By synthesizing previous research
efforts, this literature review aims to provide a comprehensive
overview of the progress made in the field of Arabic short
answer grading. It not only highlights the challenges
encountered but also elucidates the innovative solutions and
methodologies proposed by researchers to overcome these
obstacles.

Magooda et al. [11] tackled a short answer grading
challenge by framing it as a similarity problem rather than
relying on templates or linguistic analyses. They employed a
diverse array of similarity measures, including
string-based [12], knowledge-based, corpus-based, and word
vector representations. The study delineates preprocessing,
similarity measurement, and scaling modules, utilizing
Support Vector Regression (SVR) [13] to map similarity
scores to grades spanning from O to 5. Evaluation across
various datasets, such as the Texas computer science dataset

Extended Texas computer science dataset, Cairo University
Dataset (CUD), and SemEval 2013 dataset, showcases the
system’s effectiveness. Notably, the results encompass a
Pearson’s Correlation of 0.84 and an RMSE of 0.89 for the
CUD, a Pearson’s Correlation of 0.59 for the Texas dataset,
and a Pearson’s Correlation of 0.550 accompanied by an
RMSE of 0.91 for the Extended Texas dataset.

Ouahrani and Bennouar [14] present AR-ASAG, an
innovative Arabic dataset tailored for automated short answer
grading, comprising 2133 pairs of model answers and student
responses. This resource accommodates various formats to
cater to diverse applications. The study employs an
unsupervised corpus-based [15] grading technique for Arabic,
leveraging the COALS algorithm to establish semantic
associations between words. The method amalgamates a
summation vector model, term weighting, and common
words to gauge alignment between the teacher’s model
answers and student responses. The paper delineates three
primary approaches: employing the COALS semantic space
approach with pre-processing, introducing term weighting to
identify discriminative words, and exploring the impact of
stemming. The findings reveal a Pearson’s Correlation of
0.7037 and an RMSE of 1.0454 for AR-ASAG, alongside a
Pearson’s Correlation of 0.7220 and an RMSE of 0.76 for this
dataset.

Gomaa and Fahmy [16] concentrate on scoring Arabic
short answers by juxtaposing various string-based and
corpus-based similarity —measures, evaluating their
amalgamation, and providing immediate constructive
feedback to students. The methodology encompasses the
assessment of fourteen string-based similarity algorithms
employing both holistic and partitioning models and
implementing strategies like Raw, Stop, Stem, and StopStem
to handle student answers comprehensively and partially. The
approaches leverage techniques such as stop word
elimination and stemming, utilizing the Arabic Stemmer from
the Information Science Research Institute (ISRI) [17] for
stemming non-stop words. The study utilizes the Philosophy
Dataset, achieving a Pearson’s Correlation of 0.862 and an
RMSE of 0.76 for this dataset.

Nael et al [18] introduce a deep learning-driven
methodology for assessing Arabic short answers. The
approach involves preprocessing steps, encompassing
cleaning, removal of numbers, symbols, and artifacts from
translation, along with lemmatization to reduce vector size in
non-transformer fine-tuning experiments. The research
explores diverse models, with a specific focus on Arabic, to
ensure equitable comparison. Two baseline experiments are
conducted: a reference-based method utilizing cosine
similarity with normalized scores, and a TF-IDF
vectorization coupled with SVM classification [19],
optimizing hyperparameters to enhance Quadratic Weighted
Kappa (QWK) scores [20]. Initially, default models such as
RNN, LSTM, and BI-LSTM are employed, followed by fine-
tuning of BERT and ELECTRA [21]. The evaluation utilizes
the AR-ASAG dataset, revealing varying effectiveness across
different models, with scores ranging from 0.46 for the
reference-based model to 0.78 for the ELECTRA model.

Badry et al [22] present an automated grading
methodology tailored for Arabic short-answer questions. The
methodology encompasses preprocessing steps such as
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tokenization, stop word removal and lemmatization. The core

implementation revolves around the application of Latent

Semantic Analysis (LSA) [23] between student and reference

answers. The LSA process entails term weight representation

(with the option of local or local and global weights) and

Singular Value Decomposition (SVD) calculations [24].

Subsequently, semantic scoring is conducted using cosine

similarity to assess the semantic alignment between student

and reference responses. The research leverages the AR-

ASAG dataset for evaluation, identifying the optimal model

as the one utilizing both local and global weights, achieving

a 0.745 Pearson correlation.

While previous research has made notable contributions to
Arabic short answer grading, several limitations persist. First,
many studies primarily rely on classical similarity-based
methods or individual deep learning models, without fully
exploring the capabilities of modern transformer-based
architectures tailored for Arabic. Second, few works have
investigated the combined impact of multiple preprocessing
techniques on grading accuracy, often relying on fixed or
minimal text cleaning pipelines. Third, the potential of
ensemble modeling (particularly through the integration of
multiple sentence embedding models) remains underexplored
in Arabic contexts. Moreover, some studies use datasets with
limited diversity or scope, affecting the generalizability of the
results.

In contrast, our work addresses these limitations by:

e Utilizing an ensemble of seven Arabic-specific pre-trained
transformer models for richer semantic representation.

e Conducting  extensive  experiments  across  siX
preprocessing pipelines, including combinations, to
optimize data preparation.

e Evaluating the proposed method on two benchmark
Arabic datasets (CUD and AR-ASAG), demonstrating
both high accuracy and strong generalization capabilities.
Salam et al. [25] introduce a pioneering method for

automating the grading of Arabic short answer questions. The

research leverages a proprietary dataset collected from
various schools in Qalyubia, encompassing responses from

300 students across 50 questions, totaling 15,000 submissions.

Evaluation was conducted using a manual grading system
with scores ranging from 0 to 5. The proposed model entails
three main steps. Firstly, preprocessing is performed,
involving the removal of punctuation and special characters,
word tokenization, stop word elimination and word stemming
to their root forms. Secondly, feature extraction is pursued
utilizing the Bag of Words (BOW) technique, which
transforms pre-processed words into numerical vectors.
Finally, the model incorporates a Long Short-Term Memory
(LSTM) layer combined with the Grey Wolf Optimization
(GWO) technique [26]. This optimization fine-tunes the
values of dropout layers and the dropout rate within the
LSTM layer itself, ultimately assigning a grade to the input
sentence. Notably, the approach yields promising
performance metrics, including a Root Mean Squared Error
(RMSE) of 0.807, R-Square of 0.826, and a Pearson’s
correlation coefficient of 0.909.

Magooda et al. [27] introduce a novel scoring system
named Ans2vec, which operates on the CUD. This model
comprises three distinct processes. Firstly, both student and
model answers are transformed into vectors using the pre-

trained Skip-Thought vectors model. Subsequently,
component-wise product operations and absolute differences
are applied between the two vectors, resulting in concatenated
vectors. These concatenated vectors serve as input for the
final phase of the model, wherein a Logistic Linear regressor
is employed to generate the ultimate grade output. The model
achieves commendable performance, evidenced by a
Pearson’s correlation coefficient of 0.79 on CUD Dataset and
a Pearson’s correlation coefficient of 0.63 on Texas Dataset.

Abdeljaber [28] presents an innovative scoring
methodology devised for automated Arabic short answer
grading, leveraging the concept of Longest Common
Contiguous Subsequence (LCCS) [29] alongside Arabic
Word-Net [30]. The study utilizes a proprietary dataset
meticulously curated from an Al course at the computer
science department of Prince Sattam Bin Abdulaziz
University in Saudi Arabia. This dataset comprises 330
responses from 33 student volunteers across 10 questions,
each associated with model answers. The responses
underwent annotation by two human experts, and the average
of their scores, ranging from 0 to 10, was considered. The
model’s methodology entails two primary steps. Firstly,
preprocessing tasks are conducted, including word
tokenization, handling punctuation and special characters,
stop word removal, lemmatization, and synonym retrieval.
The latter is facilitated using Arabic WordNet, wherein
synonyms from the model answer are replaced with
synonyms from the student answer. Subsequently, the
Longest Common Contiguous Subsequence (LCCS) is
employed to derive the final grade. This approach yields
promising results, with a Root Mean Squared Error (RMSE)
of 0.81 and a Pearson’s correlation coefficient of 0.94. As
shown in Table 1, it presents a comprehensive summary of
the results from the entire literature review, showcasing the
datasets examined in previous studies along with their
respective correlation scores.

Several systems have approached Short Answer Grading
(SAG) [31-35] as a text similarity task, leveraging the strong
conceptual overlap between the two. In these systems, the
student answer is evaluated by computing its similarity to a
reference (model) answer, using a range of linguistic features.
The final grade is derived from the degree of similarity
between the two texts.

A. Short Answer Grading Taxonomy

Fig. 1 presents a detailed diagram elucidating the
components and methodologies utilized for grading short
answers, potentially within the realm of educational
technology. The diagram is segmented into five primary
sections: Pre-processing Techniques, Text Vectorization
Techniques, Text Similarity Measures, ML and DL Models,
and Evaluation Metrics.

1) Preprocessing techniques

The preprocessing task focuses on preparing text data
before analysis [36], a crucial step in cleansing and
standardizing the text to enhance its readability and make it
more suitable for machine learning models. Key techniques
like  tokenization, stemming, lemmatization, and
normalization are applied to refine the text by breaking it
down into manageable units, reducing words to their base or
root forms, removing irrelevant characters and words, and
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Fig. 1. Taxonomy of the short answer grading techniques.

Table 1. Comparison of literature review

LsTMIa] ELECTRAL4] Fi- Score [5.10]

Support Vector
Regression[110)
sitsTua)
Recall [5]

Random Forest
Regressors (10]

Mean Square

e Error [10]

Precision [5,10]
R-Square [6]
Quadratic Weighted
Kappa [4]

‘Accuracy Score (10]

For cassifcation Models

Ref. Dataset Method/Approach Correlation
Score
31 Vectorized-SVR 0.59
T1AA 0.644
[32] Texas Dataset Textto-Toxt 0500
[27] Ans2vec 0.63
31 Vectorized-SVR 0.550
IAA 0.586
(33] Exte]r;dt;:d Ttexas SVR 0518
atase SVM 0.464
[15] Text-to-Text Similarity 0.504
1AA 0.86
[34] Arabic system 0.73
35 Cairo University Arabic vectors 0.82
31] Dataset Basis System 0.78
Vectorized-SVR 0.84
[27] Ans2vec 0.79
14 - 0.70
18 AR-ASAG ELECTRA 0.78
[22] - 0.745
[16] Philosophy Dataset - 0.86
dataset of 300
251 mfesft‘;“iiegzgfbia (private dataset) 0.90
to 50 questions
dataset of 330
[28] responses from 33 (private dataset) 0.94

student across 10
questions

® Tokenization: Dividing text into individual words or
phrases.

e Stemming: Reducing words to their root form.

® [emmatization: Similar to stemming but ensures the root
word belongs to the language.

e Normalization: Standardizing text.

e Stop-word Removal: Eliminating common words that may
not contribute to meaning.

® (Cleaning: Removing numbers, special characters, and
punctuation.

e Synonyms Retrieval:
understanding.

e Translation: like converting English words to Arabic
words for Arabic language processing.

Finding synonyms to expand

2) Text vectorization

Once the text has undergone pre-processing, the next step
is to convert it into a numerical format that machine learning
algorithms can process. This is where Text Vectorization
becomes essential. This section delineates various methods
for transforming text into numerical data, including Word
Embedding, Sentence Embedding, and different Text
Representation techniques such as TF-IDF and Bag of Words
(BOW). These methods facilitate the capture of the semantic
and syntactic essence of the text in a format that algorithms
can effectively analyze. Text vectorization techniques include
the following:

e Word Embedding: Utilizing methods like Word2Vec,
Aravec [37], GloVe [38], and Sense Aware Vectors.

e Sentence Embedding: Incorporating techniques such as
Smooth Inverse Frequency and Skip-Thought pre-trained
models [39].

e Text Representation: Encompassing methods like TF, TF-
IDF, LSA, and Bag of Words (BOW) [39].

3) Text similarity measures

Fig. 1 illustrates various text similarity techniques used to
compare a student's answer with a set of reference answers or
key concepts. These techniques are categorized into two main
approaches: exact string matching (String Similarity
Algorithms) and meaning-based comparison (Semantic
Similarity Algorithms) [40, 41]. They range from
straightforward character- or term-based comparisons to
more advanced algorithms that analyze semantic
relationships between words or phrases. This enables the
system to assess the depth of the student's understanding and
the accuracy of their responses more effectively.

a) String Similarity encompasses
® Character-based methods such as LCS, Damerau-

Levenshtein, Jaro, Needle-man-Wunsch,  Smith-

Waterman, N-gram, and Jaro-Winkler.

e Term-based approaches including Block Distance, Cosine

Similarity, Dice’s Co-efficient, Euclidean Distance,

Jaccard Similarity, Matching Coefficient, Overlap
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Coefficient, as well as additional algorithms like HAL,

LSA, and ESA for char-acter-based, and PMI-IR, NGD,

and DISCO for term-based comparisons.

b) Semantic Similarity

Semantic Similarity Algorithms encompass various types
ranging from simpler ones like RES, LIN, and JCN to more
complex ones like WUP, PATH, HSO, LESK, and VECTOR
[42], which may entail a deeper understanding of the text.

4) Models

This section enumerates the various machine learning
models suitable for grading short answers, encompassing
both traditional approaches like Classification and
Regression Models, as well as more advanced Deep Learning
Architectures and Transformer Models. These models are
trained to comprehend the language context, evaluate answer
quality, and determine grades based on the degree of
alignment between student responses and expected answers
or the coverage of required concepts. Fig. 1 contains the
following models’ categories.
® C(lassification Models: Including Logistic Regression,

Support Vector Machines, Random Forests, Multi-layer

perceptron [43].
® Regression Models: Encompassing Support Vector

Regression, Random Forest Regressors, and Multi-Layer

Perceptron Regressors.
® Deep Learning Models: Such as RNN, LSTM, and BI-

LSTM which offer enhanced capabilities in understanding

language context.
® Transformer Models: Represented by fine-tuned versions

of BERT [44], ELECTRA, which demonstrate advanced

proficiency in contextual comprehension within a

language.

5) Evaluation metrics

Finally, the effectiveness of the grading models is
evaluated using a range of performance metrics. As shown in
Fig. 1, this part highlights techniques for assessing model
performance to ensure grading accuracy and fairness. Metrics
such as Correlation Score [45], Root Mean Square Error
(RMSE), Fl-score, and others are employed to analyze
various aspects of the models, including their accuracy,
reliability, and ability to replicate human grading decisions.
The Evaluation Metrics part provides a detailed list of the
metrics utilized to measure model performance, which
includes the following: Correlation Score, Root Mean Square
Error, F1-Score, Recall, Mean Square Error, Precision, R-
Square, Quadratic Weighted Kappa and Accuracy Score for
classification models.

The five parts of Fig. 1 outline a sophisticated, multi-
layered approach to automating the grading of short answers
written, ensuring thorough processing and evaluation of

student responses from initial text preparation to final grading.

III. DATASETS AND METHODOLOGY

A. Datasets

The Cairo University Short Answer Grading dataset
emerges as an Arabic dataset specifically tailored for
benchmarking the automatic grading of Arabic short answers
[16]. Importantly, the responses in this dataset were written
by actual students, not synthetically generated, ensuring that

the model is trained and evaluated on authentic, real-world
data. This corpus encompasses a comprehensive range of
questions extracted from an Egyptian official curriculum for
Environmental Science (ES). The data set features 61 distinct
questions, each accompanied by 10 student responses,
culminating in a total of 610 answers. A key feature of this
corpus is its inclusion of a diverse collection of student
answers along with their respective grades, which were
meticulously assessed by two annotators.

These annotators assigned scores ranging from 0 to 5, with
the data set providing an average score for each response. The
corpus is designed to support four distinct types of short-
answer questions: definitions of scientific terms, explanations,
explorations of consequences, and reasons behind certain
phenomena.

Fig. 2 illustrates a sample of the dataset utilized in this
study, showcasing two examples. Each example comprises a
question, responses from two students, the model or reference
answer, and the grade assigned to the student’s responses
relative to the model answer. Fig. 3 shows the distribution of
the grades across the CUD.

Original Arabic Question Student Answer Model Answer Grade
e o) il iy Anl Rl o Yl Y Fonal Bl o5 5 e goad Bdl GY 45
» G el A il chadl i oy« Al il il A (oYl ey et
Agmglall il laaVl oy Gl D3 050, Le e plaiidy )8 385 Lavie
Lol el ) e Ll o JBY 238
How does the
Translated English manufactured Because humans harm the Because the manufactured
Text i natural envi due to i may harm the natural
» explain its negative factory waste, the use of environment when a person allows
impact on the pesticides, cutting trees, industrial waste to pollute the
natural and building on agricultural environment, or when he makes a
environment? lands. decision to use a pesticide without
Original Arabic adequate study of its negative effects.
LSl G S Al Gl Al e it san Ly Al il s T ) A0 15

}

o AL B, g eaiy
gl ol

Ll 1S aalasid Sy S

It means the science of
studying the living space or
the mutual relationships
between living things and
the environment.

Fig. 2. Samples of the CUD.

The study deals with aspects of nature,
the life of an including what determines
organism and how it uses the
environment. components of the

Translated English
‘ext

¥

Define ecology

Number of records for each grade
160
140

S
-
1)
o

100

60

40I

20

1T nll
0o o0

.5 1 15

Number of record:

2 25 3 35 4 45 5

Grades

Fig. 3. Grades’ distribution in the CUD.

Fig. 4 illustrates the average word count of student answers
for each model answer in the CUD. On the X-axis, unique IDs
represent different model answers, while the Y-axis shows
the corresponding average word count in student responses.
Each bar signifies the average length of each specific model
answer, providing a clear visual comparison. The graph is
designed for easy interpretation, with rotated X-axis labels for
better readability. It is a useful tool for analyzing the variation
in response lengths across various students’ answers.

To ensure the generality of the proposed model, in addition
to evaluating it on the CUD, we also validated it on the AR-
ASAG dataset [14]. The AR-ASAG dataset, designed for
automatic short answer grading, comprises 48 questions
focused on cyber crimes and is divided into five categories:
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defining, explaining, identifying consequences, justifying,
and distinguishing differences. It contains 2,133 student
model-answer pairs, each assigned two marks, along with an
average gold score ranging from 0 to 5, which is used for

prediction. The dataset includes sentence lengths ranging
from 1 to 76 words, with an average length of 20 words,
offering a diverse set of short answers for grading and
assessment.

Average Word Count for Each Model Answer

Average Word Count
~ N w w
S I s &

-
&

._.
° « s

O ——

b ———

N ——

@ ——

D ——

0 —————

6 7 8 9 1011121314151617 18 19 2021 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60

Model Answer 1D

Fig. 4. Average word count per model answer in the CUD.

Preprocessing

———

o

Embedding

f )

Regression Evaluation

Fig. 5. High-level conceptual overview of the proposed methodology.

B. Methodology

The approach is organized into five sequential phases, as
illustrated in Fig. 5, each carefully designed to contribute to
the development of the Arabic Short Answer Grading (ASAG)
system. The phases are preprocessing, embedding, regression,
and evaluation.

1) Pre-processing phase

The preprocessing phase began with a thorough inspection
of the raw dataset to identify and correct inconsistencies,
missing values, and anomalies. The data was then converted
into a standardized format to ensure quality and readiness for
analysis. We applied various preprocessing techniques,
including normalization to standardize text input, and both
stemming and lemmatization to reduce words to their base or
root forms while preserving meaning. After evaluating each
technique individually, we further explored the synergistic
effects of combining multiple preprocessing methods. This
step aimed to identify the most effective preprocessing
pipeline to enhance model performance and consistency.

2) Embedding Phase

This phase is pivotal in capturing the linguistic nuances of
the Arabic language:
® Sclection of Arabic Embedding Models: We explored
various state-of-the-art Arabic embedding models, each
known for its unique approach to capturing semantic
features.

o Embedding Experiments: Each selected model underwent
rigorous testing with our dataset. This includes evaluating
their effectiveness in capturing contextual meanings and
subtleties of the Arabic language.

® Models Comparison: We compared the effectiveness of
each model on our dataset using the adopted evaluation
metric.

3) Regression Grading Model Phase

This phase focused on the development and optimization
of a Regression Neural Network model:

Design and Implementation: Utilizing PyTorch, we
designed a neural network tailored to our specific
requirements. The initial version is designed based on
existing literature and best practices in the field.

e Hyperparameter Tuning: To optimize the regression-based
neural network, we conducted a series of controlled
experiments aimed at fine-tuning critical hyperparameters.
The model was trained using the AdamW optimizer and
the Mean Squared Error (MSELoss) function, which is
well-suited for continuous regression tasks. A learning
rate of le-5 was chosen to ensure stable convergence, and
the training process was carried out over 100 epochs. Both
the training and validation phases employed a batch size
of 16, balancing computational efficiency with model
performance. This configuration was selected based on
empirical evaluation and its ability to yield consistently
high Pearson correlation scores on the validation set.
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e Iterative Refinement: The network is iteratively refined
based on performance metrics, with a focus on improving
accuracy and reducing overfitting.

In addition to our primary efforts, we also explored the
possibility of framing the task as a classification problem.
However, this approach yielded unsatisfactory results,
rendering it a less promising avenue for the research
objectives.

4) Evaluation phase

The final stage involved a comprehensive evaluation of the
proposed model:

e Implementation of Pearson Correlation: The Pearson
correlation coefficient is the primary metric for evaluating
the proposed model’s performance. This choice is aligned
with standard practices in Automated Short Answer
Grading.

® Comparative Analysis: The performance of our model is
compared against existing benchmarks and models in the
field to assess its efficacy and potential for real-world
application.

5) Detailed methodology

According to Fig. 1, which delineates a comprehensive list
of techniques implemented across various phases of the task
at hand, spanning pre-processing, text vectorization, text
similarity measurement, utilized models, and evaluation
metrics, our research is positioned to not only re-implement
some of the techniques previously explored but also introduce
unique contributions. Specifically, our aim is to experiment
with novel combinations within the pre-processing phase and
explore the effectiveness of employing diverse models to
address this task. This strategic approach is expected to
enhance the existing methodology by potentially revealing
more efficient and insightful ways of tackling the inherent
challenges of the task.

Fig. 6 delineates a detailed methodology for the proposal.

linguistic pre-processing method designed to reduce words to
their base or dictionary form.

By transforming various inflected forms of a word into a
common base form, lemmatization helped streamline the
textual data, thus enhancing the consistency and
comparability of linguistic elements within our dataset.

Dataset

N
80% 20%
Training Testing

lPass 1
Pre-processing Phase

Lemmatization Normalization

l

Embeddings Phase

Stemming

0- e5-base 3- arabicSent-ChamaBert

1-camelbert-msa 4- camelbert-da-sentiment

2- arabertv02 5- camelbert-da

6- sagemaker-bert-base-arabic-ar-SAS

l Models’ Combinations

Regression NN Model

f )

Evaluation Phase

Fig. 6. Detailed illustration of the adopted methodology.

Additionally, we explored the application of stemming as

Initially, the data is divided into a training set comprising 80% part of our linguistic pre-processing pipeline. Following

of the data and a testing set comprising 20%. Subsequently,
in the pre-processing phase, an exhaustive exploration of data
handling techniques is undertaken to optimize the quality and
relevance of the raw data for subsequent analysis. The
process begins with an examination of the efficacy of
utilizing the raw data in its unaltered state, serving as a
baseline for subsequent comparisons. This baseline, depicted
in passing through two of the diagrams, transitions directly
from the Splitting phase to the Embedding phase without
applying any pre-processing techniques. This step is crucial
for recognizing the potential of data transformation
techniques to enhance the interpretability and consistency of
the CUD. Following the establishment of the baseline,
various standard pre-processing methods are individually
applied, as depicted in pass one of Fig. 6. This iterative
approach allows for a comprehensive evaluation of the
impact of each pre-processing technique on the dataset.

The first pre-processing technique was normalization, a
technique aimed at scaling individual data elements to ensure
uniformity in the range and distribution of data values.

This approach was particularly beneficial in mitigating the
effects of outliers and varying scales among different features,
thereby facilitating a more coherent analysis framework.
Subsequently, we shifted our focus to lemmatization, a

individual applications, we also experimented with sequential
combinations of these techniques to assess their cumulative
effects. Specifically, we applied normalization followed by
lemmatization, and separately, stemming followed by
normalization, to examine how the order of operations
influences model performance.

In the embedding phase, our research embarked on an
ambitious exploration by delving into seven distinct
embedding models, as outlined in Table 2. Each model
underwent meticulous analysis to evaluate its individual
performance and characteristics. The uniqueness of each
model lies in its ability to represent textual data in a multi-
dimensional space, capturing various semantic and syntactic
nuances. Following the individual assessments, we embarked
on a comprehensive investigation of potential combinations
of these embeddings. This involved embedding a single
sentence using all of the seven models, thereby yielding seven
distinct embedding representations. Our goal was to
experiment with various combinations of these embeddings
to uncover the most effective amalgamations. This exhaustive
combinatorial approach was based on the hypothesis that
each embedding has its own power and that combining two
or more embeddings could unveil nuances in textual data,
thereby enhancing the overall analytical robustness.
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After the embedding phase, we proceeded to develop a new
regression Neural Network (NN). The chosen detailed
architecture, as depicted in Fig. 6, was selected for its
potential to effectively utilize the pre-processed and
embedded data, thereby serving as a robust foundation for our
neural network model.

This statistical measure was selected for its efficacy in
quantifying the degree of linear correlation between the
outputs of our neural network model and the expected results.
By employing Pearson correlation as our primary evaluative
metric, we aimed to rigorously assess the predictive accuracy
and reliability of the proposed approach, thereby ensuring a
comprehensive and quantitatively robust evaluation of its
performance.

Table 2. Pre-trained embedding models

Model # Model Name
0 intfloat/multilinguale-eS-base [46]
1 CAMeL-Lab/bert-base-arabic-camelbert-msa [47]
2 audmindlab/bert-base-arabertv02-twitter [48]
3 ChaimaaBouafoud/arabicSent-ChamaBert [48]
4 CAMeL-Lab/bert-base-arabic-camelbert-da-sentiment [47]
5 CAMeL-Lab/bert-base-arabic-camelbert-da [47]
6 Osaleh/sagemaker-bert-base-arabic-ar-SAS [49]

IV. EXPERIMENTS AND RESULTS

This section outlines the experimental framework used in
this research, providing a comprehensive overview of the
various pre-processing methods applied, along with an
exploration of the combinations of embedding models and a
discussion of the results.

Experiments were conducted on a high-performance
computing workstation equipped with an Intel Xeon W-3235
CPU (12 cores, 3.3 GHz), 128 GB RAM, and an NVIDIA
RTX 6000 GPU (24 GB). The implementation environment
included Python, PyTorch, and the Hugging Face
Transformers library for model development and training.
Data preprocessing and handling were performed using
pandas and NumPy, while performance evaluation metrics
(e.g., Pearson correlation) were computed using scikit-learn.
This environment ensured efficient experimentation,
scalability, and reproducibility.

Six distinct pre-processing techniques were applied to the
CUD, inclusive of experimental runs on raw data. For each
pre-processing technique, a systematic investigation was
conducted using seven pre-trained embedding models.

This involved an exhaustive examination starting from the
individual application of each model, progressively
extending to the integration of all seven models. The
experimental structure was methodically designed to evaluate
the performance of single model configurations, followed by
incremental combinations of two, three, four, five, six, and
ultimately, seven models.

Consequently, the resultant data from these experiments
are systematically presented in tables, each consisting of
seven rows. These rows correspond to the peak correlation
scores achieved in each combination associated with a
specific ~ pre-processing  technique. This  structured
presentation facilitates a clear and comprehensive
understanding of the performance dynamics across different
pre-processing and model combination scenarios. Therefore,
there are 127 trials have been implemented in each

experiment from the upcoming experiments.

A. Lemmatization as a Preprocessing Technique

As shown in Table 3, This experiment meticulously
investigates the impact of lemmatization as a pre-processing
technique on the performance of combined pre-trained
models. The objective was to ascertain how different
combinations of embedding models could influence
correlation scores, which are pivotal in determining the
effectiveness of Natural Language Processing (NLP) tasks,
thereby improving the model’s ability to understand the
context and semantics of text data.

The analysis was structured around comparing the top
seven correlation scores achieved in each combination phase
of the pre-trained models. This rigorous evaluation led to the
identification of a combination of four embedding models
that achieved an unprecedented high correlation score of
90.85%. This result underscores the efficacy of
lemmatization in enhancing the model’s linguistic
comprehension and predictive accuracy.

The embedding models, which represent words or phrases
in vectors of real numbers, were meticulously selected and
combined to optimize performance. The high correlation
score indicates a strong relationship between the models’
predictions and the expected outcomes, demonstrating the
success of this approach in capturing semantic relationships
and contextual meanings.

This experiment serves as a compelling case for the
strategic integration of lemmatization in the pre-processing
stage of NLP tasks. It highlights the significance of pre-
processing techniques in refining input data, thereby
maximizing the potential of machine learning models to
deliver more accurate and reliable outcomes.

Table 3. Experimental results after applying lemmatization

. Train  Testing Train Testing
Applied Models Loss Loss Correlation Correlation

6 0.1036  0.5960 0.9808 0.8870

4-6 0.1005  0.5536 0.9833 0.8937

1-5-6 0.0572  0.5247 0.9898 0.9008

1-2-3-6 0.0512  0.5051 0.9912 0.9083

1-2-4-5-6 0.0522  0.5185 0.9907 0.9085

0-1-2-3-5-6  0.0461 0.5036 0.9915 0.9072

0-1-2-3—4-5-6 0.0570  0.5049 0.9908 0.9070

B. Stemming for Text Standardization

As shown in Table 4, Experiment 2 pivots from
lemmatization to stemming. The goal was to explore how this
difference impacts the correlation scores when combining
pre-trained models. The structured analysis focused on the
top seven correlation scores obtained from various
combinations of embedding models, with an emphasis on
understanding the influence of stemming. The highest
correlation score recorded was 90.56%, achieved with a
combination of four embedding models.

This slightly lower score, compared to the lemmatization
approach, might reflect the limitations of stemming in
accurately capturing the semantic nuances of language.

Despite this, the achievement of a high correlation score
close to 90.56% is indicative of the robustness of the selected
embedding models and their capability to work effectively
even when preprocessing introduces some level of
approximation.
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Table 4. Experimental results after applying stemming

. Train  Testing Train Testing
Applied Models Loss Loss Correlation Correlation
6 0.1067  0.5939 0.9802 0.8919
1-6 0.0594  0.5746 0.9897 0.8947
1-4-6 0.0678  0.5403 0.9905 0.9044
1-4-5-6 0.0629  0.4990 0.9907 0.9052
0-2—4-5-6 0.0772  0.5571 0.9887 0.9056
0-1-2-4-5-6 0.0590  0.5305 0.9905 0.9021
0-1-2-34-5-6  0.0612  0.5540 0.9900 0.8967

C. Normalization Impact on Grading Accuracy

As shown in Table 5, This experiment shifts the focus to
normalization, which can significantly influence the input
data quality for NLP models. The objective was to assess how
normalization, when used as the sole preprocessing step,
affects the correlation scores of combined pre-trained models.

Table 5. Experimental results after applying normalization

. . Testing Train Testing
Applied Models Train Loss Loss Correlation Correlation

1 0.1575 0.5558 0.9724 0.9005

1-6 0.0776 0.5068 0.9878 0.9082

1-4-6 0.0692 0.5100 0.9876 0.9076

1-2-4-6 0.0680 0.4870 0.9881 0.9093

0-1-2-5-6 0.0712 0.5260 0.9896 0.9074

0-1-2-4-5-6 0.0567 0.5139 0.9896 0.9071

0-1-2-34-5-6  0.0522 0.5771 0.9903 0.8935

The analysis detailed the top seven correlation scores,
highlighting the achievement of a 90.93% correlation score
through the combination of four embedding models. This
result is slightly higher than those achieved with
lemmatization and stemming, suggesting that normalization,
by standardizing text data, may facilitate more effective
learning and interpretation by the models.

Normalization’s strength lies in its simplicity and
efficiency in preparing text data, which can lead to improved
model performance by reducing the variability and
complexity of the data.

D. Combined Lemmatization and Normalization

As shown in Table 6, Experiment 4 explores the combined
effect of lemmatization and then normalization as
preprocessing techniques. This dual approach aimed to
leverage the benefits of both techniques: the semantic
precision of lemmatization and the data consistency provided
by normalization. The hypothesis was that this combination
could lead to a synergistic improvement in the models’
performance.

Table 6. Experimental results after applying lemmatization and
normalization

. Train Testing Train Testing
Applied Models Loss Loss Correlation Correlation

1 0.1425 0.6273 0.9737 0.8927

1-5 0.1192 0.6211 0.9782 0.8963

1-2-5 0.0720 0.6588 0.9876 0.8978

0-1-4-5 0.0872 0.6305 0.9852 0.8977

1-2-3-5-6 0.0576 0.6028 0.9905 0.8969

0-1-2-3-5-6 0.0596 0.5472 0.9900 0.8985

0-1-2-3-4-5-6  0.0616 0.5668 0.9903 0.8943

However, the experiment recorded the highest correlation
score of 89.85%, realized through the combination of four
embedding models. This score, slightly lower than those
achieved in the single-preprocessing technique experiments,
suggests that the interaction between lemmatization and

normalization might not always produce additive benefits. It
highlights the complexity of NLP tasks and the need for
careful consideration of how different preprocessing
techniques interact with each other.

E.  Re-Evaluation of Lemmatization Performance

As shown in Table 7, In a revisited approach towards
leveraging lemmatization, experiment 5 aimed to further
investigate its impact on the performance of combined pre-
trained models, possibly under different conditions or with
slight modifications to the model combinations. This
experiment mirrors the structure of Experiment 1 but with an
outcome that produced a correlation score of 90.59%.

This slight variation in the achieved score could be
attributed to differences in the experimental setup, such as
modifications in the model combinations or adjustments in
the parameters used. The consistency of high correlation
scores in experiments utilizing lemmatization underscores its
value in preprocessing for NLP tasks.

Table 7. Experimental results after applying stemming and normalization

. Train  Testing Train Testing
Applied Models Loss Loss Correlation Correlation

6 0.1067 0.6063 0.9803 0.8874

1-6 0.0632 0.5484 0.9888 0.8971

1-5-6 0.0566 0.5196 0.9897 0.9008

1-4-5-6 0.0688 0.5285 0.9899 0.9031

1-2-4-5-6 0.0592 0.5828 0.9905 0.9059

0-2-3-4-5-6  0.0595 0.5537 0.9891 0.9049

0-1-2-3—4-5-6 0.0646 0.5587 0.9913 0.8945

F. Effectiveness of Raw Data without Preprocessing

As shown in Table 8, Experiment 6 presents the correlation
results using raw data without preprocessing. Even though the
results obtained after data pre-processing were good, working
with raw data yielded the best results.

The observation that working with raw data yields better
results than working with processed data is a pivotal finding
that merits a detailed exploration in our discussion. This
conclusion challenges conventional wisdom in the field of
Natural Language Processing (NLP) and data science, where
preprocessing techniques like lemmatization, stemming, and
normalization are traditionally employed to clean and
standardize data before analysis. These techniques are
designed to reduce noise, minimize complexity, and
standardize linguistic variations, ostensibly to enhance the
performance of machine learning models.

Our experiments, particularly Experiment 6, which
demonstrated a remarkable correlation score of 92.34% by
analyzing raw data with a combination of five pre-trained
models, underscore the potential advantages of directly
leveraging the inherent complexity and richness of raw data.
This approach contrasts with the outcomes observed in
Experiments 1 through 5, where various preprocessing
techniques were applied, resulting in slightly lower
correlation scores ranging from 89.85% to 90.93%.

The superior performance observed when using raw data
suggests that pre-processing, despite its intentions to clarify
and simplify, might inadvertently filter out subtle nuances
and critical information encoded in the raw form of text. This
information could be crucial for the models to capture
complex patterns, contextual nuances, and the diversity of
linguistic expressions, which are essential for tasks requiring
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a deep understanding of language. One more finding is that
preprocessing might enhance results, and we can claim that
the best pipeline could be problem-dependent. Our
recommendation, based on the experiments, for the Arabic
short answer grading is explained in Fig. 7.

Table 8. Experimental results on the raw data

. . Testing Train Testing
Applied Models Train Loss Loss Correlation Correlation

1 0.1957 0.5120 0.9655 0.9053

1-6 0.0778 0.4920 0.9860 0.9146

1-4-6 0.0716 0.4742 0.9878 0.9172

0-1-4-6 0.0708 0.4223 0.9889 0.9192

1-2-4-5-6 0.0682 0.4476 0.9887 0.9234

0-1-2-4-5-6 0.0703 0.4632 0.9888 0.9190

0-1-2-3-4-5-6  0.0689 0.4896 0.9887 0.9120

G. Optimal Pipeline Configuration for Highest Accuracy

Fig. 7 depicts the most effective pipeline, which yielded
the highest Pearson correlation score, namely, 92.34%.

Dataset

N
80% 20%

Training Testing

l Pass 1

Embeddings Phase

1-camelbert-msa 4- camelbert-da-sentiment

2- arabertv02 5- camelbert-da

6- sagemaker-bert-base-arabic-ar-SAS

lModels’ Combinations

Regression NN Model

Bi-GRU (900 neurons)
Dense (900 neurons)
Dropout (0.5 )
Dense (450 neurons)

Output (1)

!

Evaluation Phase

Pearson’s Correlation: 92.34
Fig. 7. The proposed approach pipeline.

Table 9. Pearson correlation comparison on the CUD

Applied Models Pearson Correlation
Proposed Approach 0.9234
[31] 0.84
[27] 0.79
[34] 0.86

This pipeline is initiated by dividing the data into an 80%
training set and a 20% testing set. During the embedding
phase, we employ five models: model 1, model 2, model 4,
model 5, and model 6, as referenced in Table 3. Then, a neural
network architecture was utilized, followed by testing and
evaluation based on the Pearson correlation score.

Table 9 presents a comparison between the proposed
approach and the previous related work.

H. Proposed Approach Validation

To further substantiate the effectiveness and versatility of
the proposed approach, we conducted additional validation
on a different dataset, namely the AR-ASAG dataset [14]. As
presented in Table 10, the proposal surpassed the current
state-of-the-art and achieved an outstanding Pearson
correlation of 80%. The superiority of the proposal clearly
confirms our findings.

Table 10. Pearson correlation comparison on AR-ASAG dataset

Applied Models Pearson Correlation
Proposed Approach 0.80
[14] 0.70
[18] 0.78
[22] 0.745

What is particularly noteworthy is how this performance
underscores the proposal’s ability to generalize effectively to
unseen data, which is critical in real-world applications of
automated short answer grading. By excelling in the context
of Arabic short answer grading, our approach addresses a
niche yet important domain, highlighting the model's
adaptability across various datasets and its potential for
deployment in broader educational and linguistic applications.
These results strengthen our confidence in the approach as a
state-of-the-art solution capable of scaling and maintaining
performance across diverse tasks within the field.

V. DISCUSSION

In the context of automatic short-answer grading, it is
particularly noteworthy that using raw textual data often
results in the highest correlation scores when compared to
preprocessed forms such as stemmed, lemmatized, or
normalized data. A plausible explanation for this observation
is that raw data preserves the original linguistic context and
subtle nuances essential for understanding and accurately
evaluating student responses. Preprocessing techniques,
while helpful for standardization, can sometimes strip away
important information necessary for accurate assessment
making raw input more effective in capturing the depth of
meaning in student answers.

To enhance semantic and syntactic understanding, this
study explores the integration of multiple Arabic sentence
transformer models. Each of these models is fine-tuned for a
particular NLP task, and their combination allows for a more
enriched representation of the input.

For example, one model might be particularly adept at
capturing Arabic syntactic patterns, while another may excel
at understanding semantics or dialectal subtleties. Their
collective use enables a more comprehensive analysis of
student answers, thereby increasing grading accuracy.

This multi-model approach is especially valuable in
handling the complexity and richness of the Arabic language.
Furthermore, combining diverse model outputs reduces the
potential bias or limitations of individual models, leading to
a more stable and accurate scoring system.

However, this strategy does come with a trade-off
incorporating multiple embedding models into the pipeline
significantly =~ increases computational  requirements,
demanding greater memory and processing resources during
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both training and inference.

During experimentation with Arabic sentence transformer
ensembles for short-answer grading, we identified that the
most effective model combination excluded two specific
models:

e Intfloat/multilingual-e5-base
e ChaimaaBouafoud/arabicSent-ChamaBert

These exclusions were made for two primary reasons. The
Intfloat/multilingual-e5-base model, although supporting 94
languages, was not specifically optimized for Arabic and is
documented to perform less effectively on low-resource
languages, potentially compromising its utility for Arabic-
only tasks. Meanwhile, ChaimaaBouafoud/arabicSent-
ChamaBert, though Arabic-focused, was primarily trained on
Moroccan Arabic. Since our dataset does not center on
Moroccan dialectal vocabulary, this mismatch likely
contributed to its suboptimal performance.

Ultimately, the proposed model ensemble has proven its
generalization capability by achieving state-of-the-art

performance on two different and challenging Arabic datasets.

This strong performance highlights the robustness and
adaptability of our approach, confirming its effectiveness
across diverse scenarios in Arabic short-answer grading.

VL

The task of automatically grading Arabic short answers is
of great value to both students and educational institutions. In
this study, we addressed this challenge using deep learning
techniques, including neural networks and Arabic-specific
sentence embedding models. Our approach demonstrated
strong performance when applied to raw, unprocessed data
and further enhanced grading accuracy by integrating
multiple pre-trained embedding models. This resulted in a
Pearson correlation of 92.34%, setting a new benchmark for
the Cairo University Dataset.

To evaluate generalizability, we tested the proposed model
on a second, unseen dataset and achieved superior
performance over existing methods. These results underscore
the robustness, adaptability, and effectiveness of the approach
across different datasets.

Future work may focus on integrating more advanced pre-
trained models and extending the approach to additional
datasets to further validate and enhance its applicability.
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