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ABSTRACT

Assessing students' acquired knowledge is a core objective of the educational process. Automating this task
can improve the quality of the evaluation and reduce the time, effort, and cost associated with manual
grading. Automated Short Answer Grading (ASAG) systems aim to support this goal by providing
accurate scoring and clear feedback to students. The ability to explain assigned scores is crucial for the
real-world deployment of automated systems, ensuring transparency and trust. This work introduces an
Arabic ASAG system designed to combine automated scoring with explainability. Several deep learning
models and embedding techniques are evaluated, including BERT, LSTM, and attention mechanisms.
Experiments are conducted on three datasets: AR-ASAG, a dedicated Arabic ASAG dataset; a manually
translated Arabic version of the PT-ASAG dataset (originally in Portuguese); and a merged dataset
combining both. The results highlight the effectiveness of the BERT model, which achieved strong
performance with Pearson correlation coefficients from 0.811 to 0.923 and a minimum RMSE of 0.182.
Prediction results are also interpreted to improve both the explainability and reliability of the system.

Keywords-ASAG; short answer questions; Arabic language; short answer grading; deep learning; RNN;
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I.  INTRODUCTION

Since the onset of the COVID-19 pandemic in 2020, online
education has become a necessity, leading educational
institutions to rapidly adopt remote learning strategies. This
shift not only transformed traditional pedagogical methods but
also presented challenges in assessing student performance,
particularly in large-scale educational environments. Multiple-
Choice Questions (MCQs), favored for their ease of use and
compatibility with automated grading tools [1], fail to capture
higher-order thinking and deeper understanding [2] because
they are limited to assessing recognition and recall abilities,
offering little insight into critical thinking or problem-solving

skills. In contrast, short-answer and essay questions provide a
more comprehensive evaluation of student knowledge and
skills, allowing for an assessment of deeper cognitive abilities
such as analysis, reasoning, and synthesis [3]. However,
manually grading such open-ended responses is time-
consuming and costly, particularly in large educational settings
such as MOOCs (Massive Open Online Courses).

To address these challenges, Automated Essay Scoring
(AES) systems were developed. Early systems, such as Project
Essay Grader (PEG), used basic linguistic features such as
word length and sentence complexity to score essays [4]. The
Intelligent Essay Assessor (IEA) used latent semantic analysis
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to evaluate the meaning of essays, further advancing automated
grading capabilities [5]. However, early systems struggled to
capture the deeper semantic and content-based nuances
required for accurate grading.

The integration of machine learning techniques in the early
2000s significantly improved AES systems. Feature-based
models that extracted linguistic features such as grammar,
coherence, and relevance allowed more accurate essay grading,
utilizing large training corpora for better generalization [6].
However, these models required extensive feature engineering
and often struggled with diverse writing styles. Since 2015,
deep learning has transformed the field of Automated Short
Answer Grading (ASAG). Techniques such as Convolutional
Neural Networks (CNNs), Recurrent Neural Networks (RNNs),
and Long Short-Term Memory (LSTM) networks have been
applied to automate the grading process, leading to notable
advances in both accuracy and scalability [7]. Advanced
embeddings have proven instrumental in the transformation of
textual data into dense numerical vectors that represent both
syntactic and semantic properties of language [8]. Word and
sentence embedding techniques are employed to represent the
relationships between words and phrases effectively.

e Word embedding is a Natural Language Processing (NLP)
technique that transforms words into numerical vectors in a
continuous space, capturing their semantic relationships
based on contextual usage. This study utilizes two pre-
trained word embedding models: GloVe and FastText.
GloVe [9] generates word vectors by analyzing global word
co-occurrence statistics and factorizing a co-occurrence
matrix to reflect semantic patterns. On the other hand,
FastText [10] enhances traditional word embedding by
incorporating subword information through character n-
grams, making it effective for handling rare and out-of-
vocabulary words, especially in morphologically rich
languages. Both models used in this work produce
embeddings with 300 dimensions.

¢ Sentence embedding transforms entire sentences into fixed-
size vectors that capture their semantic and contextual
meaning. This study uses two models: the Universal
Sentence Encoder [11], which produces 512-dimensional
vectors and is trained to understand sentence-level meaning
for tasks such as similarity and clustering, and Sentence
Transformers [12], a framework that generates dense
representations of  sentences, enabling advanced
applications such as semantic similarity, search, and
paraphrase detection.

Despite significant advances in deep learning for automated
grading, challenges related to transparency and interpretability
remain unresolved. Although deep learning models excel in
accuracy, their black-box nature provides little insight into the
reasoning behind specific decisions. This opacity raises critical
concerns in educational settings, where fairness, accountability,
and trust are essential [13]. To address these issues, the
emerging field of Explainable AI (XAI) focuses on developing
methods that make AI systems more interpretable and
transparent, thus increasing educators' confidence in the use of
automated grading systems [14].

Automated grading systems have the potential to
revolutionize education, particularly with ongoing advances in
NLP and Al However, their future lies not only in improving
accuracy but also in addressing fairness, transparency, and
ethical considerations. The integration of XAI and the
development of interpretable models will play a pivotal role in
fostering widespread acceptance and trust in these systems
within educational environments. This study introduces an
Automated Arabic Short Answer Grading (ASAG) system that
prioritizes both interpretability and effectiveness. The
methodology involves leveraging advanced deep learning
models, including RNN, LSTM, and BERT, to evaluate student
responses. This study experimented with multiple embedding
techniques across three datasets: the AR-ASAG dataset, a
manually translated Arabic version of the PT-ASAG dataset,
and a combined dataset. The contributions of this study include
the introduction of an explainable grading framework that
interprets prediction outcomes, a comparative analysis of deep
learning models for Arabic ASAG, and a demonstration of the
superior performance of the BERT model, achieving Pearson
Correlation Coefficients from 0.811 to 0.923 and a minimal
RMSE of 0.182.

II. RELATED WORK

Various methods have been developed to automate short
answer grading, falling into either text similarity techniques or
Al-driven approaches. The first category treats the problem as a
text-to-text similarity issue between the student's response and
the rubric, exploring syntactic and/or semantic features [15].
The second category leverages Al techniques, including
machine learning and deep learning models. Recent research
has introduced robust models in the field of ASAG, particularly
deep learning approaches such as RNN, LSTM [7], and BERT
[8]. This study reviewed related studies on ASAG and the
importance of explainability within ASAG systems. Section A
describes state-of-the-art ASAG techniques, while Section B
examines existing explainability efforts.

A. ASAG

Recent studies have explored the use of deep learning
models in ASAG, highlighting diverse approaches that
leverage embedding techniques and neural network
architectures to improve grading accuracy and interpretability.
In [16], the focus was on paragraph embedding methods
combined with word embeddings and deep learning, achieving
a correlation of 0.569 using doc2vec. Building on this, a
Siamese BiLSTM model was employed in [17], demonstrating
significant improvements in essay grading with the ASAP
dataset. Similarly, in [18], a hybrid approach combined a
Siamese network for sentence similarity that further expanded
the applicability of deep learning in grading tasks. These
studies collectively underscore the evolution of embedding
techniques and model architecture in ASAG, paving the way
for further research into language-specific solutions and
enhanced explainability.

In [19], MMR and GAN-LCS methods were used,
achieving 91% accuracy in handling diverse responses. In [20],
BERT outperformed other models in short-answer scoring
using the QWK metric. In [21], attention mechanisms were
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integrated with bidirectional RNNs, improving performance by
10%. D-DAS [22] achieved up to 89% accuracy in descriptive
response grading with bidirectional LSTM. In [23], domain-
general and specific information were combined using CBOW
and LSTM for semi-open-ended questions. In [24], a stacking
model used XGBoost and SMOTE for class imbalance,
achieving an Fl-score of 0.821. In [25], MaLSTM was
employed with sense vectors for ASAG, demonstrating
promising results. In [26], GWO was used to optimize LSTM
hyperparameters, improving accuracy. In [27], LLMs (e.g.,
GPT-4, Gemini) were tested on Arabic GAT questions, finding
that they handle complex Arabic reasoning fairly well. In [28],
few-shot prompting was utilized with LLMs for short answer
grading, demonstrating that large models such as GPT-4 can
achieve close to human grading quality. In [29], the ASAG
2024 benchmark was proposed, combining multiple datasets to
improve model evaluation and generalization across diverse
question types. In [30], it was demonstrated that AraBERT
performed effectively on Arabic educational texts, supporting
its use in the automatic grading of Arabic short answers.

B. Explainability for ASAG

Explainability is essential in ASAG to ensure that educators
and students understand the grading results. In [31], XAI
methods were investigated, showing that the display of
predicted scores with model-student answer comparisons
improves transparency and trustworthiness. In [32], XAI
techniques were evaluated in automated essay scoring using the
predictive decision rule framework and various SHAP
methods. This study demonstrated the -effectiveness of
TreeSHAP in improving descriptive accuracy. The method in
[33] used LLMs to generate detailed feedback using the
EngSAF dataset, focusing on formative assessment rather than
simple scores. In [34], a self-explainable rationale-driven
multi-trait essay scoring framework was proposed, which
generated a numerical score alongside a human-interpretable
rationale, enhancing trust in automated decisions.

C. Summary of Findings

As shown in Table I, recent advances in ASAG focus
primarily on improving grading accuracy through deep learning
models and embedding techniques. Techniques such as BERT,
LSTM, and attention mechanisms have demonstrated
substantial improvements in grading performance, especially
when combined with advanced embeddings. However, a
significant research gap remains, as although there has been
considerable progress in enhancing accuracy, benchmarking
these models alongside various embedding techniques is
underexplored. Moreover, most current ASAG models do not
adequately address the issue of explainability. Systems such as
those proposed in [31, 32] have made strides toward integrating
explainability, but mainly focus on non-Arabic languages and
lack cultural and linguistic adaptation for Arabic language
contexts.

This gap underscores the need for comprehensive research
that balances performance and interpretability. Most existing
models excel in one of these aspects, either achieving high
accuracy or offering explanations, but rarely do both. This
work aimed to address this dual challenge by developing an
ASAG system that not only ensures accurate grading but also

integrates robust explainability features, offering meaningful
and transparent feedback. In the implementation of the
proposed ASAG system, Transformer-Interpret was selected
based on its demonstrated effectiveness in domains that
demand both high predictive accuracy and interpretability, such
as clinical outcome analysis and mental health research [35,
36]. The proposed ASAG system aims to achieve a balanced
approach, providing not just accurate assessments but also
insightful feedback that can be trusted by both students and
educators.

TABLE L COMPARISON OF RECENT ASAG APPROACHES
Ref Model Languag Dataset Exp.lz‘lma- Best
e bility |performance
word2vec, Glove,
(6] |  fasttext,Elmo, | p b | AsaGv20| NO doc2vec
doc2vec, InferSent ghs :
and skip-Thought
[17] SBLSTMA English | ASAP NO | SBLSTMA
CharCNN, CNN,
[20] | bi-LSTM,and | English | ASAP No BERT
BERT
Simple LSTM,
22| DeepLSTM. | English | D% No | BiLSTM
Bi-LSTM s
[26] | LSTM with GWO | Arabic | Collected NO Lsghv@g ith
MLP neural . MLP with
B | petwork with SHAP| English | ASAP Yes SHAP

1. METHODOLOGY

This study proposes an automatic grading system for
Arabic short-answer questions by leveraging advanced word
and sentence embedding techniques, including BERT models,
to capture the semantic nuances of Arabic text, and employing
attention-enhanced neural networks. Additionally,
Transformer-Interpret is employed to generate interpretable
feedback for students and educators, thereby enhancing the
transparency and trustworthiness of the system.

Word Embeddings RNN
Sentence embeddings LSTM
BERT

| pata Pre-processing »|  Embeddings > Neur&l:de;work
Generate Explain

As illustrated in Figure 1, the method consists of four main
steps: (i) Data preprocessing, where student and reference
responses are standardized and cleaned; (ii) Embedding
generation, which uses techniques such as word embeddings,
sentence embeddings, and BERT to encode semantic meaning;
(i1) Neural network modeling, where RNN and LSTM models

Student answer

Reference answer

Fig. 1. The proposed system.

www.etasr.com

Alqurashi et al.: An Automatic Grading System for Arabic Language Short-Answer Questions Using ...




Engineering, Technology & Applied Science Research

Vol. 15, No. 5, 2025, 26665-26675 26668

are enhanced with an attention mechanism to predict answer
grades; and (iv) Explainability generation, using Transformer-
Interpret to create clear and interpretable feedback for the
assigned scores.

A. Datasets

This study tests the performance of the models on three
distinct datasets. Table II provides an overview of these
datasets.

TABLE IL. OVERVIEW OF THE DATASETS UTILIZED
Dataset Language Course Questions | Answers
AR-ASAG Arabic Cybercrime 48 2133
AT-ASAG Arabic Biology 15 9842
Dataset 3 . . .
(combined) Arabic | Cybercrime and Biology 63 11,975

1) AR-ASAG-Dataset

The AR-ASAG dataset [37] is an open-source dataset
designed for the automatic grading of short answers in Arabic.
This dataset, available in multiple formats, was compiled from
three different exams on cybercrime courses, involving
responses from three cohorts of MSc students. It includes 48
questions with 2133 pairs of model and student answers. Table
IIT provides a sample of the AR-ASAG dataset. The questions
in this dataset cover five distinct types:

— X—Xmin
Xnorm - Xmax‘Xmin (1)
where X represents the original scores. Figure 2 illustrates the
distribution of scores.

No. of Answers

0.0 0.5 1.0 1.5 2.0 2.5
Score

Scores distribution in AR-ASAG-Dataset.

Fig. 2.

2) AT-ASAG-Dataset

The AT-ASAG dataset was created by translating the PT-
ASAG [38] dataset into Arabic. Experts meticulously
performed this translation process and regraded the student
responses to correct any grading discrepancies. The dataset
contains 15 questions related to human biology, contributed by
five elementary school teachers from the Pampa Federal

o "y Define University, Brazil. A total of 659 students, including both
n s . elementary and high school students, took the test, and 14
¢ T Explain undergraduate biology students in their final year evaluated the
o "ileddjdl mlul W What consequences...? responses. Table IV provides a sample of the translated and re-
evaluated questions and answers, alongside the original scores.
o "de™ Justify
o "Gl L What is the difference? TABLE IV. SAMPLE OF AT-ASAG-DATASETS
QID Model Answer Student Answer Mark Old
TABLE IIL SAMPLE OF AR-ASAG-DATASET mark
Gola s e Aal) (5 gt ¢ il
Sample fcila slaal) (ral gellanca i e Mark 1|Mark 2|AVG (Al 0585 G s Lkt
question WAL g ¢ shluall cpe bl JS5 s L
Tl 3 Al 55l DS s, A 36 | f1ais Catie JSa dgldlyd et | S osbsBsOesl 00
Model B el s Lead Cplalall ol Y1 5 Lensd ciliine (o Cila slaal) L) Laiy ¢ alitia ye <G Ll A gl
6 5in3 il il shaall il 5 5 Lo Aarinaal sl el 3 L) Al
ANSWEL 7 2 sl s 5 sl o e llhy il e e 95l 038 i 30 Lol oLz
(Rl Jall — 3 3330) 3ala a3 sl oAl Al 5 20210
Sl Y s laland) g i 5315 Jila 1 a Claal) (ge paall zad 2B AAls Luadla | ¢ a3 siand) ¢ AR clie
Student 1., 1) 315 JalSiy fmms el iasiiondl | 24 | 24 | 24 3T || iy Ry s 5150 L o) | 5151 ¢ 5950 Lk Lt
answer 1i ol 5 Lt g Ll J guasl e, aeall LA ISy Bl cailda .
Student | Adlesd b b 55 cang ) 3y oY) Al Jila 1) 18 21 |195 35l (B 3 g 5e (555,
answer 2 (Leinllan dlglis lgiy 335) e glaall dallas, ) ) ' Al ailaddly o sledall il e
8 3eaY) dalail) (il gall cslinall cpali sa A 31 Gaai g ¢ LAy Aalsal) Gl Y ¢ (5 slavia) G DA
Student || 3 clogadl Jle g3 U DY) iy, | 24 | 21 |225 3T i e e i il | pede e s | 2| ]
answer 3 (Al - Jill) e sledll Ja ) i
Cliall JUE Lr Jany 0 A8l Leil| Jii il (ailadll Ja o3a
Two teachers independently evaluated the students' 41| 0o i A Sladl S G50 | A e SR A Al G301 2

responses, assigning scores on a scale from 0 (completely
incorrect) to 5 (completely correct). The average of these
scores was taken as the gold standard. The range of AR-ASAG
scores was changed from O to 3 using the min-max scaling
method, which is a common way to normalize the data to a
certain range. This ensured that the scores were consistent and
made it easier to combine them with the other datasets. The
equation for this transformation is:

S Y LY, il

Grading involved a scale of 0 to 3, where O represents an
entirely incorrect answer, and 3 represents a fully correct
answer. Due to the limited availability of large-scale, publicly
accessible Arabic short answer grading datasets, this dataset
was translated, identifying AR-ASAG as the only other such
dataset. Figure 3 shows the distribution of the scores.
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Fig. 3. Scores distribution in AT-ASAG dataset.

3) Dataset 3

This dataset was created by integrating the corpus of both
AR-ASAG and AT-ASAG datasets through systematic
merging, resulting in a comprehensive benchmark comprising
63 distinct questions and 11,975 student responses. This unified
resource enables evaluating models' performance across
disparate knowledge domains and the handling of both native
and translated Arabic datasets. The merging protocol ensured
the preservation of the original question structures, scoring
rubrics, responses' originality, linguistic characteristics, and
domain-specific evaluation metrics. Figure 4 illustrates the
distribution of grades regarding the number of student
responses.

Combined Score Distribution

— B AR-dataset

AT-dataset
4000

3500
3000
2500

2000

No. of Answers

1500

1000

500

0 o = =il ] I s
0.0 05 1.0 15 2.0 25 3.0

Score

Fig. 4. Grade distribution across student responses in dataset 3.

B. Data Preprocessing

Preprocessing is a crucial step in ensuring the quality and
reliability of the model's predictions. Initially, the raw text data
was normalized to standardize Arabic script, including the
removal of diacritics and the normalization of various forms of
letters. Stop words and punctuation were also removed to
reduce noise. Then, tokenization was applied to separate the
text into individual words or tokens. Infrequent terms were
filtered out to improve model generalization, and the remaining
tokens were converted into vectors using pre-trained word
embeddings. This rigorous preprocessing pipeline helped to
refine the dataset, making it suitable for effective training and
evaluation of the models.

C. Word Embedding Models

GloVe and FastText embeddings were used with RNN and
LSTM architectures. Rare words were removed after
tokenization to improve generalization. The embeddings were
then processed through recurrent layers, followed by linear
transformations and dropout to enhance the robustness of the
model.

D. Sentence Embedding Models

The Universal Sentence Encoder and Arabic BERT
(aubmindlab/bert-base-arabertvOl)  were  employed  for
sentence-level representations. These embeddings were passed
through RNN/LSTM layers. Finally, the output was processed
through linear and ReLU-activated layers for dimensionality
reduction and feature learning.

E. AraBERT

AraBERT [39] is a pre-trained Arabic language model
based on BERT, trained on 3 billion words from sources such
as Arabic Wikipedia. It comes in two versions: BERT Base (12
layers, 110 million parameters) and BERT Large (24 layers,
330 million parameters). Although BERT Base has a simpler
architecture than BERT Large, it always performed the best in
our tests, finding the best balance between being fast and being
able to understand the complicated Arabic language. For input
preparation, special tokens were incorporated, such as [CLS]
for classification tasks and [SEP] to demarcate sentence
boundaries. A sequence is arranged as follows: [CLS] +
tokenized (student answer) + [SEP] + tokenized (model
answer) + [SEP]. Padding was added to maintain uniform
sequence length and facilitate batch processing. Attention
masks were generated to distinguish between actual tokens and
padding, and then the preprocessed input was fed into the
BERT encoder for further processing.

F. Recurrent Neural Networks (RNN)

RNNs process sequences by keeping a hidden state that
preserves information from earlier points in the data. This
makes them effective for modeling temporal patterns in
language data. RNNs help capture the contextual flow between
words and sentences, improving the understanding of Arabic
short answers.

G. Long Short-Term Memory Networks (LSTM)

LSTM networks, an advanced form of RNNs, are designed
to capture long-term dependencies in sequences using
specialized gates to control information flow. In this task,
LSTMs help preserve important contextual information across
Arabic sentences, enhancing the modeling of student answers.

H. Attention Mechanism Integration

An attention mechanism was incorporated to capture the
most salient parts of the student and the model responses.
Specifically, after extracting contextual embeddings from the
recurrent layer, a scaled dot-product attention layer was applied
to learn which tokens in the student response should contribute
more heavily to the final grade prediction. This module assigns
higher weights to tokens that align more closely with the model
answer, thus amplifying relevant portions of the input while
diminishing the impact of less informative tokens.
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1. Implementation Details

e Recurrent encoder: The tokenized student and model
answers are fed into the RNN or LSTM encoder to capture
sequential dependencies.

e Attention layer: The hidden states from the encoder are
passed through a scaled dot-product attention mechanism.
Each token obtains an attention weight that reflects its
importance in matching the reference answer.

e Context vector: The encoder outputs are aggregated and
weighted by the attention scores to produce a context vector
representing the student's response focus.

e C(Classification/Regression head: This context vector is then
fed into a dense layer to predict the final grading score.

J. Explainability of the Model

Model explainability is a crucial aspect of machine learning
and deep learning models. To comprehend the functioning of
so-called black box models and gain insight into how they
generate specific predictions or grades, systems should provide
feedback to students, explaining the assigned scores. This
transparency is essential for users to trust the results produced
by ASAG models. This study utilized Transformers-Interpret,
an extension of the Captum library, to enhance the
interpretability of the model. The Transformer-Interpret Python
package leverages Integrated Gradients [40], along with its
variant, Layer Integrated Gradients. Integrated Gradients is a
vital technique for understanding the significance of input
features in model predictions. It computes the gradient of the
model's output regarding its input along a trajectory from a
designated baseline to the target input and integrates these
gradients along the path. This approach enhances
interpretability and transparency by revealing how each input
feature contributes to the model's output. In addition, it
incorporates principles such as the implementation invariance
of gradients and algorithmic sensitivity, further improving its
analytical capabilities.

K. Experiment

First, two different word embedding models, GloVe and
FastText, were used in two separate instances: once paired with
an RNN model and once with an LSTM model. Initially, the
answers (student responses and reference answers) were
tokenized into sequences of single words, each referred to as a
token. Infrequent words were removed to reduce the
vocabulary size, which improves the model's generalization by
focusing on more prevalent and informative terms. This
approach also addresses data sparsity challenges, resulting in a
model that is easier to manage and more efficient. Next, a pre-
trained file was loaded, containing a dictionary of words with
their corresponding word vectors. The words in the responses
were matched to the entries in the dictionary, producing a set of
word vectors for the recognized terms. An RNN model,
consisting of three RNN layers, processes the input through
recurrent connections, a linear layer for regression, and a
dropout layer. The same steps were used for the LSTM model,
which has two LSTM layers: an output that maps the
information gathered by the previous layers to a single
dimension and a dropout that makes the model more general.

Second, two sentence embedding approaches were
implemented: TensorFlow Hub's Universal Sentence Encoder
and Sentence Transformers with arabertvOl (a pre-trained
Arabic BERT model). Both embeddings were processed
through separate RNN and LSTM architectures. The pipeline
began by tokenizing the student and reference responses into
discrete tokens. These tokenized inputs were then transformed
into dense vector representations using the selected embedding
models. The RNN architecture employed two parallelized RNN
layers, each configured with a single hidden layer. After the
input sequences are processed by each branch separately, there
is a linear layer, a dropout layer, and a ReLU activation
function that adds non-linearity and lets the model learn
complex patterns. For the LSTM model, two separate LSTM
branches handle the paired input sequences, followed by a
linear layer, a dropout layer, and a ReL.U activation function.

By explicitly modeling which tokens are most relevant
through attention, this approach can enhance grading accuracy
and provide interpretable feedback to students and instructors.
The attention weights can be visualized, allowing stakeholders
to understand why certain portions of an answer were deemed
critical for the assigned grade. This added transparency
supports the goal of developing a trustworthy automated
scoring system for Arabic short-answer questions.

The grid search method was used to find the best values for
the number of epochs, batch size, initial learning rate, and other
hyperparameters while building the ASAG model. The
following sets of values were explored.

e Learning rate: ranges from le-4 to 8e-4, with a step size of
le-4.

e Dropout rates: Ranges from 0.1 to 0.5, with a step size of
0.1.

e Number of epochs: Ranges from 500 to 3000, with a step
size of 500.

e Hidden layer dimensions: Ranges from 100 to 700, with a
step size of 50.

e Number of hidden layers: Ranges from 1 to 4, with a step
size of 1.

e Batch size: Ranges from 1 to 64, with increments of 1, 16,
32, and 64.

Table V describes the hyperparameters for the RNN model.

TABLE V. PARAMETER VALUES FOR THE RNN MODEL
RNN Sentence Universal Sentence FastText | GloVe
Transformers Encoder
Learning rate le-4 le-4 Se-4 le-4
Embedding size 768 512 300 300
Number of
hidden layers 2 2 ! !
Hidden layer 350 350 356 | 500
dimension
Dropout 0.3 0.3 0.1 0.1
Number of 3000 3000 2000 | 1000
epochs
Batch size 1 1 1 1
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For the LSTM model, similar hyperparameters were
explored, as shown in Table VI.

Table VII shows the hyperparameters for these models.

TABLE VIIL PARAMETERS FOR BERT WITH LSTM AND RNN
TABLE VL PARAMETER VALUES FOR THE LSTM MODEL Model BERT+LSTM BERT+RNN
Sentence Universal Sentence Learning rate le-5 le-5
LST™M transformers Encoder FastText| GloVe Number of hidden layers 1 1
Learning rate le-4 le-4 5e-3 le-4 Hidden layer dimension 256 256
Embedding size 768 512 300 300 Number of epochs 15 15
Number of
hidden layers 2 2 ! ! , ,
1dden layers Google Colab was used for the experiments, offering
Hidden layer 350 256 1000 100 efficient training and testing of deep learning models without
dimension R S . .
Dropout 03 03 01 02 relying on specialized local hardware. There are hidden layers
Number of that range from 1 to 4, each with a step size of 1, to build and
epochs 3000 2000 2000 2000 train neural networks. A uniform approach was maintained to
Batch size 1 1 1 1 testing and validation across all experiments. The dataset was

Finally, three distinct regression models were developed, all
based on the AraBERT architecture. The inputs were tokenized
using Byte-Pair Encoding [8], which effectively handles
unseen terms by decoding words such as "sleeping" as [sleep +
##ing]. Special tokens, such as [CLS] for classification tasks
and [SEP] to differentiate between student and reference
answers, were added, mapping these tokens to their
corresponding IDs. A maximum input length of 128 was
established, and zeros were used to pad or truncate shorter
inputs appropriately. Attention masks were used to distinguish
real from padding tokens.

The first model is based on the AraBERT architecture, with
all layers derived from the PyTorch library. The AraBERT
embedding layer captures the rich linguistic context of Arabic
text, followed by a dropout layer to enhance model robustness
and a fully connected layer to map the pooled features to a
regression output. The second model consists of the AraBERT
embedding layer, a dropout layer, an RNN layer to capture
sequential dependencies, and an attention layer to highlight the
most relevant features from the RNN outputs. This ensures that
the model effectively understands the order and context of
words within the text. The third model similarly integrates the
AraBERT embedding layer, a dropout layer, an LSTM layer
for capturing temporal relationships, followed by an attention
layer to focus on critical parts of the LSTM output. In the
context of ASAG, the LSTM processes AraBERT-based
embeddings step-by-step, while the attention mechanism
enhances the model's ability to identify and emphasize key
aspects of short answers' context and structure. In both cases, a
fully connected layer follows for the final prediction.

A grid search strategy was employed to determine the most
suitable hyperparameter values, exploring the following ranges:

e Learning rate: ranges from le-6 to le-4, with a step size of
9e-6.

e Number of hidden layers: Ranges from 1 to 4, with a step
size of 1.

e Hidden layer dimensions: Ranges from 64 to 512, with a
step size of 64.

e Number of epochs: Ranges from 10 to 30, with a step size
of 5.

divided into 80% training, 10% for validation, and the
remaining 10% for testing. The AdamW optimizer was used
with learning rates and batch sizes as shown in Tables V-VII.

IV. RESULT AND DISCUSSION

A. Evaluation Measures

The performance of the proposed ASAG model was
evaluated using RMSE and PCC. RMSE quantifies the average
magnitude of differences between predicted and actual values.
It is derived by taking the square root of the mean squared
differences, as:

1 ~
RMSE = |=X; (i — 9i)? (@)

where N denotes the number of samples, y; refers to the actual
value, and ¥; refers to the predicted value. Lower RMSE values
reflect stronger model accuracy, with a value of O representing
a perfect match between predictions and actual outcomes.

PCC assesses the strength and direction of the linear
relationship between predicted and true values.

PCC =

I, 0TG-
1 Wi y)i—y . 3)
JE 025, 092

where y; is the actual value, J; is the predicted value, y
represents the mean of actual values, and y is the mean of
predicted values. The result always has a value between -1 and
1, where a value of correlation close to 1 indicates a strong
positive linear relationship between predicted and actual
values, while a value near -1 signifies a strong negative linear
relationship. A coefficient close to O indicates no linear
relationship or a weak one.

B. Experimental Results

Tables VIII-X present and compare the results of the
proposed ASAG system on the test data for the three datasets.
C. Discussion

The evaluation of various models across the three datasets
offers valuable insights into the impact of model architecture,
embedding techniques, and dataset characteristics on the
ASAG systems in Arabic.
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TABLE VIII. RESULT FOR THE RNN MODEL
RNN Dataset 1 Dataset 2 Dataset 3
PCC |RMSE| PCC |RMSE| PCC | RMSE

Sentence embedding

. 0.597 | 0939 | 091 | 0.267 | 0.896 | 0.307
using transformer

universal-sentence- | ) 554 | (964 | 0.834 | 0445 | 0.809 | 0463

encoder
fastest 0.219 | 1.192 [ 0.709 | 0.577 | 0.774 | 0457
glove 0.320 | 1.169 | 0.737 | 0446 | 0.674 | 0.533
BERT+RNN 0.813 | 0.652 | 0.906 | 0.1828 | 0.914 | 0.212
TABLE IX. RESULTS FOR THE LSTM MODEL
LSTM Dataset 1 Dataset 2 Dataset 3
PCC |RMSE | PCC |RMSE| PCC | RMSE

Sentence embedding

. 0.619 | 0913 | 0.920 | 0.252 | 0.896 | 0.299
using transformer

universal-sentence- | ) ¢35 | gg4 | 0.908 | 0.288 | 0.888 | 0.329

encoder
Fastest 0.338 | 1.122 | 0.884 | 0.221 | 0.871 | 0.270
Glove 0.576 | 0.960 [ 0.858 | 0.273 | 0.819 | 0.334
BERT+LSTM 0.803 | 0.679 | 0.907 | 0.1827 | 0.932 | 0.182
TABLE X. RESULTS FOR THE BERT MODEL

Model Dataset 1 Dataset 2 Dataset 3
PCC RMSE PCC RMSE PCC RMSE
BERT 0.811 0.688 0.921 0.201 0.923 0.206

Correlation

u
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&
N
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Fig. 5. Correlation comparison across models and datasets.
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Fig. 6. RMSE comparison across models and datasets.

As shown in Figures 5 and 6, the BERT-based models
(standalone BERT, BERT+RNN, and BERT+LSTM)
consistently  outperformed models relying on other
embeddings, indicating that BERT's contextual embeddings are

critical for accurate short answer grading. The results also show
that, in general, LSTM outperformed RNN, as they generally
achieved higher correlations and lower RMSE values,
particularly on Datasets 2 and 3. This is likely due to LSTM's
ability to retain long-term dependencies and better handling of
sequential data, which is crucial for understanding the structure
of student responses.

Standalone BERT achieved the highest correlation on AT-
ASAG (0.921) and combined data (0.923), outperforming
hybrid models (BERT+RNN/LSTM) in these settings. This
may be attributed to its self-attention mechanism, which
captures semantic relationships without needing sequential
modeling. However, BERT+LSTM marginally surpassed
standalone BERT on AR-ASAG (0.803 vs. 0.811) and the
combined dataset (0.932 vs. 0.923), indicating that LSTMs can
enhance BERT's performance for native Arabic answers.

Contextual embeddings represented by BERT-based
models (standalone or hybrid) rank first across all datasets,
confirming that contextual embeddings are essential for Arabic
ASAG. Traditional embeddings (FastText and GloVe) perform
poorly on AR-ASAG (PCC<0.338 for LSTM), but improve on
AT-ASAG (FastText PCC=0.884 with LSTM). This highlights
their reliance on simpler, translated text structures and
inadequacy for native Arabic's linguistic nuances. Universal
Sentence Encoder (USE) bridges this gap moderately (e.g.,
LSTM+USE PCC is 0.632 on AR-ASAG vs. 0.908 on AT-
ASAG), but remains inferior to BERT.

Figure 7 illustrates the positive correlation between the size
of the dataset and the performance of the model. As the volume
of training data increases, both the correlation coefficient and
the RMSE improve. This trend is consistent across different
embeddings and architectures, highlighting the importance of
extensive and high-quality data for robust model training. The
results show that Dataset 1 (AR-ASAG) consistently yielded
the lowest performance across all models. Even the best-
performing model (BERT+LSTM) achieved a correlation of
only 0.803. However, Dataset 2 (AT-ASAG) showed
significantly better results, with all models achieving higher
correlations and lower RMSEs. This improvement is likely
because manually translated answers (such as AT-ASAG) often
exhibit more consistent and simplified sentence structures,
whereas native responses (such as AR-ASAG) introduce real-
world noise that challenges models [41, 42]. Additionally, the
AR-ASAG dataset suffers from limited scope, size, linguistic
variability, and coverage, which restricts the model's ability to
generalize, especially when compared to more diverse or
translated datasets. This directly explains the observed
performance gap. Finally, Dataset 3 (combined) consistently
produced the best results, especially for BERT-based models.
This demonstrates the positive impact of increasing the size
and diversity of the dataset, which enhances the generalization
of the model and reduces overfitting. The combination of
native and translated data introduces a broader range of
vocabulary, sentence structures, and answer styles, allowing
models to learn more comprehensive scoring patterns.

www.etasr.com

Alqurashi et al.: An Automatic Grading System for Arabic Language Short-Answer Questions Using ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 5, 2025, 26665-26675 26673

0.9 1

0.8 1

0.7 1

0.6

Correlation

0.5

0.44

0.31

0.2

RNN + Transformer
LSTM + Transformer

RNN + Universal Sentence Encoder
LSTM + Universal Sentence Encoder
RNN + FastText

LSTM + FastText

RNN + Glove

LSTM + Glove

RNN + BERT

=@ LSTM + BERT

tededtsd

20‘00 4000 6000
Fig. 7.

D. Explainability

This study also investigated the use of Transformers-
Interpret to visualize the average attention across all layers of
the model for two inputs: the student's response and the
reference answer. This visualization assigns an attention score
to each token or sub-token in the input text, indicating its
importance in the model's prediction. Positive attention scores
signify tokens that positively influence the predicted outcome,
while negative scores indicate a detrimental impact. For
instance, in Figure 8, tokens like siadl olua¥) (antibodies)
exhibit notably high positive attention scores, highlighting their
significance in the prediction. In contrast, tokens such as a2
(blood) and ¢)_«all (red) possess negative attention scores,
which implies a potentially adverse effect on prediction. These
attention scores offer valuable insights into how different parts
of the input text contribute to the model's decision-making
process, enhancing interpretation and understanding of the
model's behavior.

('0.2283732943086539 ,'Y),
('##0.05904757192030185 , 'z),
('##0.19960241131721318 , '),
('0.5465997470996796 , 'sil=dl),
('0.1003934366902351- ,'*),
('0.07195651457220972- ,'L3s),
('0.48433823017547994- , 's),
('0.2208152420001942- , 'l jeall),

Fig. 8. Token-level attribution visualization.

Subsequently, Figure 9 visualizes the attribution scores
using a heatmap across lexical units. Regions highlighted in red
signify a negative contribution to the grading, while those in
green denote a positive influence. White regions indicate
neutrality or no discernible contribution.
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Fig. 9. Interpretation visualization.

V. CONCLUSION

This study addresses the growing need for efficient and
transparent assessment of Arabic short answers, recognizing
the limitations of manual grading, such as time consumption,
subjectivity, and the lack of immediate feedback. Although
prior ASAG research has made significant progress in
improving grading accuracy, a notable gap remains in
achieving both high performance and strong explainability,
particularly for Arabic language contexts. This study developed
an Arabic ASAG system that compares various word- and
sentence-level embedding techniques within deep learning
models, including RNN, LSTM, and BERT architectures. The
models were evaluated on three Arabic datasets of different
sizes and types, using PCC and RMSE. One of these datasets
was newly created by translating an existing Portuguese dataset
into Arabic, with experts translating and regrading the student
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responses to correct for any grading discrepancies, ensuring the
reliability and relevance of the dataset for Arabic ASAG tasks.

The results show that model performance increases
proportionally with the size of the training set, a trend observed
across various model structures and embeddings. LSTM
networks consistently outperformed RNNs, demonstrating their
superior ability to learn long-range dependencies in text data.
The best performance metrics across all datasets were achieved
by a hybrid architecture using BERT embeddings with LSTM
(BERT+LSTM), highlighting the strength of contextualized
embeddings in regression-based ASAG tasks. A key
contribution of this work is the integration of Transformer-
Interpret, which enables the system to provide transparent and
comprehensible feedback along with accurate grading. This
dual focus on performance and interpretability distinguishes the
proposed ASAG framework and represents a significant step
toward more trustworthy and effective automated assessment in
Arabic educational settings.

Future endeavors will aim to acquire a large and high-
quality Arabic dataset and explore different deep learning
architectures, such as CNNs and transformer-based models,
such as GPT, to further optimize the ASAG task. Additionally,
alternative interpretability methods, beyond Transformer-
Interpret, should be investigated, such as model-agnostic
techniques, such as LIME and SHAP, to provide insights into
predictions regardless of model architecture.
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