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AFAR: Automated Feedback for Arabic
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Abstract — Providing feedback is a vital component
of the effective learning process. It guides students in
recognizing their weaknesses and addressing areas for
improvement, rather than merely assigning final
scores. However, providing manual feedback is often
time-consuming and labour-intensive for instructors,
especially when managing a large number of students.
Previous studies have explored various approaches for
automatic feedback generation, including rule-based
systems and machine learning techniques. More
recently, research has investigated the use of large
language models (LLMs), such as GPT, to automate
feedback generation. However, most of these works
have focused on English-language responses and
technical subjects. There is still limited research
applying LLMs to provide feedback for short-answer
tasks in low-resource languages, such as Arabic. To
bridge this gap, this study introduces AFAR
(Automated Feedback for Arabic Responses), a novel
framework designed to generate personalized feedback
on students’ short-answer responses in Arabic using
GPT-4. AFAR comprises prompt engineering and few-
shot learning techniques to guide GPT-4 in producing
meaningful feedback. To ensure quality, the feedback
was assessed by two human evaluators in terms of
coherence, relevance, clarity, and personalization. The
results showed that the feedback generated by the
GPT-4 was generally high in quality, with 90% rated
as coherent, 82% as relevant, 92% as clear, and 85%
as personalized.
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1. Introduction

In education, providing effective feedback is a
crucial component of the teaching and learning
process. High-quality feedback supports students
in identifying misconceptions, bridging
knowledge gaps, and improving overall academic
performance. However, instructors often face
challenges in providing timely and constructive
feedback, especially when managing large
cohorts of students and limited teaching resources.
Furthermore, the process of providing feedback
becomes increasingly resource-intensive  for
constructed response questions, such as short
answer questions, which require individual
analysis and interpretation of each student’s
response [1]. To alleviate this burden, automated
feedback generation systems have emerged as a
potential solution.

Automatic  feedback  systems leverage
advanced technologies such as  Natural
Language Processing (NLP), Machine Learning,
and Generative Al. These systems can handle
different types of constructed answers, from simple
short-answer ~ questions to  more  in-depth
explanations, providing timely, relevant, and
personalized feedback. Previous studies explored
various automated feedback systems for educational
tasks, such as generating code explanations for
beginner programmers [2], [3] and responding to
forum posts to support learners in Massive Open
Online Courses [4]. For example, the study by [3]
developed an adaptive immediate feedback system to
provide high school programmers with real-time
feedback. Despite being promising, traditional
feedback systems, such as machine learning and rule-
based systems, can be expensive to develop, as they
often require large volumes of historical, domain-
specific data for training [1], [5]. To overcome this
issue, recent research has explored the use of large
language models (LLMs) to provide customized
feedback without requiring extensive input.
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LLMs have learned language patterns from large
amounts of data and have been able to produce
human like text. Their advanced language processing
capabilities make them valuable across multiple
domains, including education, healthcare, and
software development. In educational settings, several
studies explored the use of LLMs, particularly to
generate feedback on project proposals [6], short
answer questions [7], [8], [9], essays [6], [9], and
programming assignments [10], [6], [11], [1].
Previously, LLMs were used for grading or providing
feedback on short answers and essays with pre-trained
language models such as Bidirectional Encoder
Representations from Transformers (BERT) [12],
[13], [14]. However, these models required extensive
fine-tuning to achieve satisfactory performance. With
advancements in LLM capabilities, recent studies
have shifted toward using more powerful models,
such as the Generative Pretrained Transformer (e.g.,
GPT-4), for generating feedback [15], [7].

GPT is a type of large language model (LLM)
developed by OpenAl, designed to generate human-
like text based on input received [6]. It can achieve
high performance when designing well-crafted
prompts to generate the desired output. Despite GPTs
being widely and increasingly used for educational
tasks, few studies have been conducted on their
effectiveness with the Arabic language, particularly in
providing short answer feedback. Previous studies,
such as those of [16], have shown that large
multilingual models perform worse on several
benchmarks than task-specific Arabic models,
especially in zero- and few-shot scenarios. This
highlights the importance of testing general-purpose
LLMs in real-life Arabic learning scenarios. This
work aims to narrow this gap by examining the ability
of GPT-4 to provide insightful, context-aware, and
educationally sound feedback on Arabic short-answer
guestions.

A key distinction of this work, compared to prior
research, is its emphasis on short answer questions.
Short-response questions differ from other types of
assessment tasks due to their distinct characteristics
and the cognitive demands they place on both
students and grading systems. Unlike fixed-response
formats such as fill-in-the-blank questions, which
typically require recognition or recall of specific
terms, short-answer questions often require students
to generate responses using external knowledge and
apply critical thinking skills [17]. Responses to short-
answer questions are typically written in natural
language, ranging from a single phrase to a short
paragraph, with the focus placed on content accuracy
rather than writing style [18]. This makes short-
answer questions more targeted than essays, which
assess broader argumentation and writing skills across
multiple paragraphs, while still offering a more open-
ended evaluation of knowledge than rigid formats like
multiple-choice or closed questions.
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Despite the educational importance of short-
answer questions, a notable gap remains in research
on automated feedback generation in Arabic. Arabic
has several unique characteristics that distinguish it
from other languages, such as English, which have
been more extensively studied and investigated.
Particularly, when it comes to natural language
processing (NLP) and feedback generation. The
language has a lot of different forms, including
complex affixation, templatic structures, and root-
based word formation. These linguistic features make
it more difficult for Al systems to accurately
understand and generate Arabic text, reducing the
effectiveness of general-purpose large language
models (LLMs) [19]. Such models are typically
trained on English or multilingual corpora that fail to
capture the structural diversity and semantic
complexity of Arabic adequately. In addition, Arabic
remains a low-resource language in the field of NLP,
and it does not have easy access to a large number of
annotated datasets. While English benefits from a
wide range of benchmarks and datasets in this area,
Arabic lacks comparable resources, making the
training, evaluation, and deployment of Arabic-
capable LLMs especially challenging. Moreover,
there are not many models that have been tested in
Arabic feedback tasks, and most of them only do
classification instead of generative feedback.
Therefore, examining and testing GPT-4’s ability to
provide formative feedback on Arabic short-answer
questions fills a significant gap in the research. This
paper introduces the AFAR (Automated Feedback for
Arabic Response) framework, designed to harness
GPT as a reasoning tool. The aim is to explore the
capabilities of GPT-4 for generating feedback on
students’  written  responses to short-response
guestions in Arabic using prompt engineering and
few-shot learning techniques. Initially, various
prompt phrasings with different instructional formats
were designed to evaluate the effectiveness of GPT in
generating feedback. The most effective prompt-
based feedback was selected and integrated into a
few-shot learning setup to guide the model toward
producing feedback aligned with the desired structure
and tone.

The main contributions of this paper are: 1) an
AFAR framework is proposed to exploit GPT-4’s
generative capabilities to produce effective feedback
on Arabic short-answer responses, 2) Two strategies
are employed to enrich GPT in generating high-
quality feedback, 3) Experimental results and human
evaluations confirm that the proposed method can
deliver high-quality feedback without the requirement
for extensive annotated data.

This study explores the following
question:

To what extent can GPT-4 provide high-quality
feedback on the students’ short-answer responses in
Arabic?

research
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The rest of this paper is organized as follows:
Section 2 summarizes the related works. Section 3
provides details about the methodology used,
including data sources, and explicates the details of
the proposed framework. Section 5 shows the
experimental results along with a thorough analysis.
Lastly, Section 6 concludes the paper and discusses
limitations and future work.

2. Literature Review

Providing feedback has become an increasingly
important aspect of learning and teaching systems,
emerging as a vital area of research that has gained
significant attention in recent years. Several
approaches have been proposed for automatic
feedback generation, ranging from rule-based to
more sophisticated Machine Learning (ML) and
LLM techniques. This section covers these three
approaches and their limitations.

2.1. Rule-Based and Machine Learning Techniques

Researchers initially utilized rule-based or
classical machine learning models to look into
automatic feedback and grading. These systems
could be understood, but they often could not be
scaled up or changed to handle complex student
input. An early study by [20] utilized a rule-based
approach to provide feedback. It allowed instructors
to provide feedback on student learning behaviors by
establishing conditional rules based on student
activities, such as lesson attendance and academic
performance. To address some limitations of rule-
based systems, clustering and ML-based feedback
systems emerged, offering greater flexibility in
feedback reuse and efficiency. The study by [21]
aimed to develop a model for automatically grading
short answer questions and providing helpful
feedback to students’ answers, especially for the
UK’s GCSE system. In order to categorize student
responses based on similarities, they utilized a
clustering technique, which improved grading speed
and consistency by enabling common feedback
across each cluster. They used the K-means
algorithm to cluster student answers; each cluster
received feedback that was tailored to them, giving
students insights into typical mistakes and strong
points in their responses. In addition, a study by [22]
proposed a model for an automatic grading system
and provided personalized feedback to students for
essay-type answers. They utilized NLP and machine
learning techniques. Their methodology hinged on
neural networks, specifically using LSTM and
BiLSTM networks to extract and analyze the
semantic meanings of answers.
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Based on that, the proposed system partitions the
answers into clusters using the k-means algorithm to
facilitate providing feedback. Rule-based and
traditional Machine Learning offer structured and
understandable answers, but at the same time they
depend on custom features and rules that are specific
to the domain. This makes them difficult to scale or
adapt to new tasks, domains, or languages such as
Arabic. This limitation has made it possible for
models with more flexibility, such as large language
models, to overcome these challenges. A more recent
study by [23] aimed to develop and evaluate a system
for automatic feedback generation for short-answer
questions. They introduced the Answer Diagnostic
Graph (ADG), a graph-based representation of the
logical structure of the prompt text and the model
answer. The algorithm creates personalized feedback
by matching justification cues from a student’s
response to ADG nodes using Sentence-BERT and
selecting a feedback template based on their
relationship to the model response. These templates
were constructed by analyzing common error types
in the actual responses of the students and creating
generic feedback patterns. The effectiveness of the
system was tested with 39 Japanese high school
students, where participants alternated between
receiving official answer explanations and system-
generated feedback. The results of the questionnaire
showed that the proposed feedback system improved
the understanding of the students’ mistakes, grasp of
key points, and motivation to revise, although some
participants considered it vague.

2.2. Potential of Large Language Models

Following great advances in NLP techniques,
researchers began integrating large language models
(LLMSs) such as GPT to generate more personalized
and human-like feedback. Research conducted by [6]
investigated whether ChatGPT might be used to give
students feedback on open-ended writing projects
like project proposals and essay assignments. The
study analyzed feedback on 103 project proposals
from a postgraduate data science course. They
evaluated ChatGPT feedback for readability,
alignment  with  instructor ~ feedback, and
effectiveness. In order to measure alignment with
instructor feedback, metrics like precision and recall
were used. Interestingly, they found that ChatGPT-
generated feedback was significantly more readable
than instructor feedback. There was some work on
programming tasks that showed promise for LLMs in
both grading and providing feedback for structured
tasks such as code snippets. A paper authored by [11]
explored the capabilities of GPT-4 Turbo in
generating formative feedback for programming
exercises.
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They selected two assignments
(SimpleWhileLoop and Queue) from an introductory
programming course and randomly chose 55 student
programming submissions for this study. The
prompts contain both the programming task
specification and a student’s submission as input.
They evaluated the quality of generated feedback
using qualitative thematic analysis based on
correctness, personalization, and fault localization.
The result indicates that GPT-4 Turbo demonstrated
significant improvements, such as more structured
and consistent feedback, compared to GPT-3.5 in
previous work. In addition, [1] examined the use of
GPT-4 for generating formative feedback on student
programming submissions in an algorithms and data
structures course. It evaluates 113 student
submissions across four programming problems,
leveraging few-shot learning to guide GPT-4 in
assessing conceptual understanding and syntax. As a
result, GPT-4 achieved a high accuracy of over 90%
and provided constructive feedback tailored to
students’ needs. Furthermore, a study by [7]
proposed a framework that uses the capabilities of
ChatGPT to generate explainable feedback and
assessments for student responses. This approach
involves prompting ChatGPT with three strategies to

The results indicate that ChatGPT-generated
rationales using example instruction, which leverages
few-shot learning, proved most effective. Moreover,
the study by [24] evaluated the capacity of LLM-
based tools, specifically GPT-3.5 and PaLM 2, in
providing feedback on student assignments in a
concurrent programming course. They analyzed 52
student Java submissions and conducted four
experiments using different prompt configurations to
assess the models’ ability to detect the errors without
executing the code. The findings show that although
the tools often detected errors accurately, their
overall accuracy rate was 50%, with poor precision
and a propensity to over-flag problems, which could
result in unclear feedback. While LLMs have seen
widespread adoption across diverse domains, their
application in generating constructive feedback,
especially for short-answer questions, has only
recently begun to gain research attention.

3. Methodology

In this section, the methodology underlying the
proposed framework AFAR (Automated Feedback
for Arabic Responses) is presented, as illustrated in
Figure 1. The framework consists of three main

extract rationales: simple instructions, complex phases: dataset preparation, generating a few-shot
instructions, and example instructions. These example, including prompt engineering, and
rationales are used to fine-tune a smaller language automated feedback generation.
model (Long T5), creating an interpretable
automated assessment system.
Phase 2: Prompt Engineering and Few-shot Examples Generation
'_l‘mmp: Enginecring
Few-shot Examples
Phase 1: D P i <
ase 1 .a.tasﬂ repa:atmn
Prompt Feedback
Example 2
e = -
- Model Answer e
Student Answer et
Scores
Phase 3: Feedback Generation N
: Generated Feedback
( Prompt , Examples)
Evaluate Feedback . Coherence
- E::::::;:mim = Regdback
Clarity :
Ourput
Figure 1. Architecture of AFAR: The proposed framework for automated feedback
generation on Arabic short answers
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3.1. Phase 1: Data Collection and Preparation

To fulfill research objectives, the Arabic Short
Answer Grading (AR-ASAG) dataset was selected
for this purpose [25]. It consists of approximately
2133 samples spanning 48 distinct questions from a
cybercrime course. Each question had corresponding
student responses, model (reference) answer, and
average scores on a rating system of 1 to 5
determined by two human annotators.

Table 1. Sample of AR-ASAG dataset

The average grade of the two experts makes AR-
ASAG the gold standard for comparing the results of
the proposed model. Table 1 shows the sample of the
AR-ASAG dataset. In this study, four student
responses per question were randomly selected,
resulting in a representative subset of 193 samples
for analysis.

Question ) ) Define the term of cybercrime?
30 5 i<V Ay ol mllaiaa o e
Cybercrime refers to any illegal activity carried out using electronic devices such as
smartphones, computers, or the internet. It typically involves the offender gaining
financial or personal benefits while causing harm or loss to the victim. Most
cybercrimes aim to hack, steal, or destroy information, with the internet often serving as
Model the main tool or environment for such acts.
Answer (MA) pladiuly oy 8 e b JS oo
aie iy 5 iV g8 el ) o) e Ay I 8 e
Lole 318 e ajad) Jpan
3 bt Aol aasd ae dy gina 5 o1 48 pu dal (e dica i) a2 jadloda caaa S le Wle
Lo s e sf 3lal i iV sale (5S35 e slaall D)
,SAtr?sdeQE (SA) Expert 1 mark Expert 2 mark AVG
Sample 1: It is illegal behavior using electronic means
that results in the criminal achieving material or moral
objectives. The goal of these crimes is often hacking. 3 5 4
e leie i A5 SV Jilasll 3505 sl e ol o
o Aloall sda Coaa (S Wlle g gina ol Apale aloal e o jall
e slaall a2 5 48 s (5l Ainaa Sl
Sample 2: It is an unethical behavior carried out
electronically, aiming to gain financial gain and causing
harm to the victim. ‘ 25 35 3
G g Al diles Gk oo b (Al e dde
Toaall |l el Cun 5 dake cilaile

Figure 2 shows the grade distribution for the
selected sample.
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For the preparation phase, missing or null values
were reviewed in the dataset to guarantee accurate
and legitimate results.
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Figure 2. Grade distribution

3.2. Phase 2: Generating a Few-Shot Example

To effectively leverage LLMs such as GPT, it is
essential to adopt a structured approach that adapts
the model’s general capabilities to the specific
requirements of formative assessment. Given the
model’s sensitivity to input phrasing and its reliance
on contextual cues, this phase includes two key
components: prompt engineering and few-shot
learning. The following sections elaborate on each
of these components in detail.

3.2.1. Prompt Engineering

Prompt engineering refers to the process of
crafting and refining input prompts to enhance the
output of large language models (LLMs) such as
GPT [26]. So, the key benefit of prompt engineering
is the ability to obtain optimized outputs with
minimal post-generation effort. Thus, the quality of
the output depends mainly on formulating
appropriate prompts that direct the model to generate
the desired output. One of the essential tactics in
prompt engineering is the role of prompting, which
instructs the model to act as if it holds a specific
function or expertise. For example, by positioning
the model as a “teacher” or “feedback assistant”, the
model adapts its output style, tone, and vocabulary to
match the assumed identity. This approach uses
models like GPT-4, which are trained to follow
instructions and respond according to specific roles.
In this study, this technique was used to ensure that
the feedback generated by the model mimicked the
style of constructive, human-like commentary given
by educators, particularly in formative settings.
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Technically speaking, prompts in large language
models such as GPT-4 would be passed as sequences
of messages with roles such as system, user, and
assistant. This is part of the chat-based API
architecture used in the GPT-4 model via OpenAl’s
chat completions endpoint. While the user message
provides the task content, the system message
typically defines the model’s identity and task rules.
The system prompts were designed to define the
educational context, advise the model to emphasize
kindness and clarity, and stress that feedback needs
to be given in Arabic. The total token length (prompt,
input, and expected output) was tracked to prevent
going over the model’s limit because prompt
behavior is sensitive to token count. For GPT-4, the
token limit was 128,000 tokens, each token
corresponding roughly to four characters. Exceeding
this limit can result in incomplete outputs or
degraded model performance, particularly when key
prompt instructions are placed too far back in the
input sequence. This called for careful engineering of
prompt phrasing to be brief but detailed enough to
direct the output structure and content. During the
implementation of AFAR, prompt engineering was
not a one-time configuration but was actually an
iterative process aimed at optimization. The prompt
wording was refined across multiple cycles of testing
and analysis. Each iteration involved adjusting
sentence structure, emotional cues, verbosity, and
placement of instructions within the system prompt.
For example, placing tone-related instructions such
as (“use a supportive and encouraging tone”) at the
beginning of the prompt resulted in more emotionally
aligned output compared to placing them near the
end.
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Multiple alternative prompt phrasings in Arabic
were also examined, testing imperative forms
(e.g.,"all el help the student) versus descriptive
framing (e.g.,"4xal)) 438 s cliegs, your task is to
provide feedback) to improve adherence to task
requirements. These empirical refinements show that
prompt engineering is both a technical and language-
based task that significantly influences the reliability
of LLM outputs.

During the iterative process to optimize GPT-4’s
performance in generating effective feedback for
Arabic short-answer questions, the model was
initially prompted to assess the correctness of student
responses against a reference answer and to identify
key weaknesses. While this initial strategy yielded
factually accurate outputs, it often lacked the depth
and instructional value needed for meaningful
feedback. It was observed that too general or
ambiguous prompts would often produce incomplete
or overly general feedback. To address this, the
prompts were refined to include specific instructional
roles such as feedback generator, emotional tone, and
clear expectations such as length and structure. This
refinement process enhanced clarity, promoted a
supportive tone, and ensured better alignment with
educational objectives, resulting in more consistent
and personalized outputs.

Recognizing the variability in student response
quality, completeness, and correctness, the model’s
ability to generate tiered feedback was evaluated.
This approach involved tailoring the feedback based
on the completeness and correctness of each answer.
Specifically, the model was prompted to 1) Provide
improvements and supportive suggestions for
entirely incorrect answers, and 2) Identify and
explain weak aspects in partially correct responses
while offering guidance to address misconceptions.
This is called “tiered feedback”. It helps students to
get exactly the support they need, depending on how
much they already understand [27].

As part of this refinement, the prompt was also
designed to instruct the model to include rationales
within its feedback, ensuring that responses
maintained a positive and supportive tone. GPT-4
was prompted to clarify the reasons for its comments.
This is called giving a “rationale”. By providing
these rationales, students can understand the
reasoning behind their evaluation rather than simply
being informed of their scores. Students are more
likely to learn from mistakes if they know why they
were wrong or how to improve their answer. Studies
have shown that giving students feedback with
explanations helps them fix how they think and do
better next time [28]. When people answer open-
ended questions, feedback that does not explain why
it was given can feel vague and useless.
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There was also an effort to make the feedback
sound positive and encouraging. Too much negative
feedback can make students give up or feel stressed,
especially if they do not know much about the
subject to begin with. It has been shown that a
supportive tone would make the students more
motivated, surer of themselves, and more likely to
use feedback to get better [25]. Accordingly, the
model was constrained to avoid harsh language and
instead emphasize constructive and positive aspects.
To guarantee linguistic alignment with the dataset,
the prompt was written in Arabic. Thus, the prompt
was designed as follows: “You are an automatic
generator of short answer feedback. If you were
given the student’s answer, reference answer, and
grade, could you please analyze the weaknesses in
the student’s response and offer constructive and
positive feedback in 3-4 lines? Ensure that the
feedback is directed to the student without evoking
negative emotions”. The prompts were carefully
developed with particular objectives in mind to help
GPT-4 produce high-quality feedback. Each part of
the prompt was selected carefully to make the
feedback more useful and clearer. These decisions
were made based on ideas backed up by research in
the field of education. The prompts shaped GPT-4’s
responses toward more educationally aligned outputs
[26]. This phase was essential in setting the
foundation for incorporating examples in the few-
shot learning approach.

3.2.2. Few-Shot Learning

Few-shot prompting is an effective approach that
allows pre-trained models to perform specific tasks
and identify underlying patterns by presenting only a
few examples [27]. This can be accomplished by
giving the prompts a few examples to determine how
LLM should respond to similar tasks [28]. This is
particularly advantageous when the task requires
minimal guidance or a specific format, avoiding the
need for numerous examples. It can be applied to
various tasks, including text generation, answering
questions, and summarization. In the context of
education, [29] used few-shot prompts to train GPT
to solve math problems. They found that GPT
achieved high accuracy in solving the issues and
improved performance as the number of examples
increased. In-context learning, a mechanism by
which the model generalizes task behavior from
examples given within the prompt itself [30], is how
few-shot learning works in large language models
such as GPT-3.5 and GPT4. These examples are
pattern-matched at inference time rather than
“learned” in the conventional sense (i.e., weights are
not updated).

TEM Journal —Volume 15 / Number 3 / 2026.
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The model identifies the structure, tone, and logic
required to reproduce comparable outputs for a new,
unseen input by observing how input and output are
paired across a few instances. Because of this, few-
shot prompting is particularly helpful for task
adaptation in situations where task-specific labeled
data is limited or fine-tuning is not practical. Adding
multiple input-output examples (formatted as
previous turns or message blocks) straight into the
model’s input context is the technical way to
implement a few-shot prompting. This is
accomplished by generating numerous alternating
user and assistant messages in OpenAl’s Chat
Completions API. For instance, four examples were
added to the AFAR framework, where each assistant
message contained the anticipated feedback and each
user message contained the question, reference
answer, student answer, and grade information. To
construct these examples, a custom-designed prompt
(as outlined in the previous section) was used along
with the question, the student’s answer, the reference
answer, and the assigned grade. Then, ChatGPT-4
was instructed to generate feedback for 20 student
responses based on this input. Based on the analysis
of the generated feedback, four feedback examples
were selected as reference outputs. These examples
were chosen from different types of questions and
different grade levels. These carefully selected
examples were incorporated to guide the model in
generating consistent and appropriate instructional
feedback aligned with varying performance levels, as
they closely matched the desired structure, tone, and
relevance to the reference answers. This structure
enables the user to implicitly infer the task pattern
from the examples and apply it to the subsequent
query, which appears as a final task message
requesting feedback on a new student’s answer.

3.3. Phase 3: Feedback Generation

During this phase, the GPT-4 model was
utilizedvia OpenAl’s Chat Completions API in
completion mode to generate feedback for Arabic
short-answer responses. GPT-4 was specifically
selected due to its advanced capabilities in
instruction following, interpretation, and structured
language generation. Completion mode was preferred
over chat mode, because it interprets the input as an
uncompleted text or document and extends it by
predicting the most probable continuation. Compared
to conversation mode, this method is more effective
since it enables the creation of structured and
context-aware feedback. The implementation was
carried out using the OpenAl Python SDK (openai
package), which simplified prompt construction and
API integration.
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Each APl call was made wusing the
openai.ChatCompletion.create() method, specifying
the model name (”gpt-4”), and providing the prompt
as a sequence of role-defined messages (system and
user). The input provided to the model included a
system instruction that defined the model’s role as a
supportive tutor, along with a user message that
contained the question, the reference answer, the
student’s response, and the assigned grade. This
input format enabled the model to assess student
performance and generate concise, pedagogically
relevant feedback. The output was designed to be a
short paragraph in 3-4 lines that acknowledged the
student’s  effort, identified key errors or
misconceptions, and offered constructive suggestions
for improvement in a clear and encouraging tone.
The model was configured with the following
parameters: temperature set to 0.0 for deterministic
output, and max tokens set to 500 to control the
response length. The top-p parameter was set to
1.0, although it had minimal effect due to the zero-
temperature setting. These settings facilitated
effective use of GPT-4 for generating consistent and
high-quality feedback, without relying on additional
model training.

3.4. Human Evaluation

This section presents further details of the human
evaluation conducted in this study.

= Data Selection: A total of 193 samples were
randomly selected from the dataset, with four
student answers chosen per question.

» Annotators: To assess the generated feedback,
two annotators have been selected for the
evaluation process. Both evaluators are
undergraduate students at King Abdulaziz
University who are Arabic speakers and have
passed an information security course. Each
annotator spent about five hours completing the
evaluation process.

» Evaluation Metrics: To assess the quality of the
generated feedback, the evaluation metrics
proposed by [31] is used. Each was defined as
follows:

> Coherence: The organization and logical flow
of the feedback.

> Relevance: The extent to which the feedback
captured and addressed the main points of the
student’s response compared to the correct
answer.

» Clarity: The ease with which the feedback can
be understood.

> Personalization: The degree to which the
feedback is specifically tailored to the
individual student’s response, considering their
strengths, areas of improvement, and specific
context.
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= Evaluation tool: As illustrated in Table 2, the
evaluation process was constructed and organized
using Google Sheets as the primary tool. The
spreadsheet was designed with four distinct
columns, each representing one of the evaluation
metrics: Coherence, Relevance, Clarity, and
Personalization. Each annotator assessed the
quality of the generated feedback based on these
metrics, assigning scores on a Likert scale ranging
from 1 to 5, where higher values indicated
stronger alignment with the desired qualities. This
setup facilitated a systematic comparison among
raters and provided a structured framework for
assessing inter-rater agreement.

Table 2. Human evaluation scores for feedback

4. Results

This section reports the experimental results,
focusing on two main aspects: the level of agreement
among human evaluators and the evaluation of
proposed feedback generation approach within the
AFAR framework.

4.1. Human Agreement Results

For evaluation, the simple raw agreement was
computed by comparing the scores assigned by each
annotator across all metrics for the same set of
sample responses. As shown in Table 3, coherence
achieved a moderate agreement rate of 79.7%,
indicating that while the raters are reasonably
aligned, there is still room for improvement due to

= Agreement: In this study, the agreement rate was
used as a simple metric to quantify how often two
annotators agree in their assessments. It provides a
direct measure of the consistency between the two
raters, without accounting for chance agreement.
Although raw agreement does not account for
chance agreement, it remains a useful preliminary
indicator of annotator consistency [34]. For
analysis, a simplified version of raw agreement
was used by counting both exact matches and near
matches, where the rating difference was within
one point to reflect an acceptable tolerance in
subjective judgment. Considering the ordinal
nature of the ratings, for example, on a scale of 0
to 5, the concept of exact agreement was
expanded to encompass near agreement. This
approach is in line with previous research in NLP
evaluation, where minor discrepancies in human
ratings are considered acceptable due to the
subjective nature of the task [32], [33].
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Coherence | Relevance | Clarity | Personalization | minor inconsistencies in judgment.
5 5 5 5
5 4 5 5 Table 3. Inter-rater agreement results
S S S S Metric Agreement Rate
4 5 4 5 Coherence 79.7%
4 4 5 4 Relevance 69.8%

Clarity 88.5%

> > > > Personalization 87.0%
5 3 4 5
> 3 5 4 Relevance had the lowest agreement rate (69.8%),
3 3 5 3 which means that there was a difference of more than
3 2 4 4 one point between the ratings. In contrast, clarity and
2 4 4 5 personalization demonstrated high agreement rates of
5 5 5 5 88.5% and 87%, respectively, indicating strong
3 1 3 2 consistency between the evaluators in recognizing
3 1 3 1 clear and personalized feedback.

Figure 3 presents the score distribution across the
four-evaluation metrics, based on the ratings
provided by the two human evaluators. The
distribution of scores across the evaluated criteria
reveals notable discrepancies between the two human
evaluators. In general, the first evaluator tends to
adopt a stricter and analytical approach, utilizing a
broader scoring range from 1 to 5 across all metrics.
This indicates that he used a more precise
methodology in the evaluation, in which he
considered the differences in clarity and logical
sequence of the feedback results. In contrast, the
second evaluator demonstrated a tendency toward
leniency, with scores often clustered closely around
5. These differences were most observed in
relevance, coherence, and clarity metrics, where the
first evaluator demonstrated greater sensitivity to
structural and semantic nuances. However, in the
personalization criterion, the two evaluators
demonstrated stronger agreement, with both
assigning scores mostly in the range of 4 and 5. This
difference may be due to the varying sensitivity of
the two evaluators to coherence flaws, which
indicates the need for clearer standards or evaluation
metrics to judge the structural quality of the
feedback.

TEM Journal —Volume 15 / Number 3 / 2026.
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Figure 3. Score distribution of the two evaluators’ results;
(a) Coherence; (b) Relevance; (c) Clarity;
(d) Personalization

4.2. AFAR Evaluation Result

This section presents the results of applying the
AFAR framework to generate automated feedback on
Arabic short-answer responses using GPT-4. Given
the high level of agreement among human evaluators,
the mean and standard deviation (SD) of the
evaluation scores are reported to assess the overall
quality of the proposed framework.

TEM Journal = Volume 15 / Number 3 / 2026.

To evaluate the quality of the generated feedback,
a sample of 193 student responses was assessed by
two human evaluators using these four key metrics:
coherence, relevance, clarity, and personalization.
For each metric, the mean and standard deviation
(SD) of the scores assigned by the evaluators were
computed, as shown in Table 4.

Table 4. Evaluation results

Metric Mean SD
Coherence 4.5(90%) 0.51
Relevance 4.1(82%) 0.74

Clarity 4.6(92%) 0.64

Personalization 4.2(85%) 0.45

To support a meaningful interpretation, the
average scores were categorized into qualitative
ranges: 4.5-5.0 as Excellent, 4.0-4.49 as Good, 3.0
3.99 as Fair, 2.0-2.99 as Poor, and 1.0-1.99 as Very
Poor. The result revealed that, on average, 90% of
the feedback was rated as coherent, indicating that
most responses maintained a clear and organized
structure. On average, 82% of the feedback was
considered relevant, demonstrating that the model
generally aligns its responses with the given input.
However, it was the lowest score among the four
evaluated metrics. For the clarity metric, the average
score was 92%, indicating that most feedback
responses were articulated in a clear and concise
manner. The average personalization score was 85%,
suggesting that while the model often adapts the
feedback to the specific answer, there are instances
where the responses are more generic or lack context
sensitivity.

5. Discussion

A descriptive analysis was performed to assess the
quality of the feedback generated in four dimensions
rated by humans: clarity, coherence, personalization,
and relevance. The findings revealed that clarity had
the highest mean score, indicating understandable
feedback. Coherence also received high ratings,
reflecting a logical flow of content. Personalization
was slightly lower, but still strong, showing that the
model often tailored feedback to individual
responses. However, relevance had the lowest
average score, suggesting that feedback sometimes
failed to fully address the key points or intent of the
student’s answer. For instance, a student’s response
to the question “Define the term cybercrime?” was:
“It is illegal behavior using electronic means that
results in the criminal achieving material or moral
objectives. The goal of these crimes is often
hacking”. This response has a model answer of
“Cybercrime refers to any illegal activity carried out
using electronic devices such as smartphones,
computers, or the internet.
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It typically involves the offender gaining financial
or personal benefits while causing harm or loss to the
victim. Most cybercrimes aim to hack, steal, or
destroy information, with the internet often serving
as the main tool or environment for such acts.” The
feedback generated was as follows: “Well done! You
have demonstrated a solid understanding of the
concept of cybercrime by referring to illegal behavior
and material and moral objectives. To further enrich
your answer, you could focus on explaining that
cybercrime includes the use of electronic devices in
general, not just hacking, and that the internet is
often the primary vehicle for these crimes. This will
help improve the accuracy and depth of your
answer.” This feedback example was rated as 3 out
of 5 in the relevance metric, the degree to which the
feedback addressed the key points of the student’s
response compared to the correct answer. Feedback
does not address all possible misunderstandings in
the student’s answer. For example, the student did
not mention that hacking involves theft and
destruction of information, which is part of the
correct answer. Although the feedback generated by
the GPT-4 model was generally strong and
performed well across most assessment metrics, there
was a slight decline in relevance (82%). This
suggests that the model did not always address all the
weaknesses in students’ answers. Sometimes, the
feedback was too general or did not focus precisely
on the core problem in the student’s answer. These
results point to the importance of a more precise
alignment between what the model is asked to
produce and the reference answers, perhaps through
the use of task-specific feedback templates, more
specific knowledge-based instructions, or even the
integration of guided retrieval components within the
prompt to improve the model’s understanding of
context and content.

6. Conclusion

This paper proposed a framework called AFAR,
which leveraged the few-shot learning and prompt
engineering techniques to support GPT-4 for
generating automated feedback on Arabic short
answer responses. The experimental findings suggest
that, although GPT is capable of producing free-form
explanations through natural language instructions,
an AFAR, based on example-guided prompting,
achieves the best performance. The extensive
experiments and human evaluation results confirm
that the proposed strategy can deliver high-quality
feedback in terms of coherence, relevance, clarity,
and personalization.
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However, this study has several limitations that
should be acknowledged. First, the design of the
prompt may vary across individuals, leading to
inconsistencies influenced by subjective decisions
regarding phrasing.

Second, although the annotators received
appropriate guidance, their limited background in
exam assessment may have influenced the quality of
the evaluations. Third, the use of a fixed prompt
phrasing and the limited number of *“few-shot”
examples may limit the model’s ability to adapt to
different student response styles. Future studies are
encouraged to explore more adaptable and flexible
strategies for designing prompts or using “prompt
tuning” techniques to improve the model’s ability to
generalize and adapt to diverse learning contexts.
One effective idea that could be implemented in the
future is to utilize an interactive approach to
modifying prompts, rather than relying on fixed
templates. Instead of the model operating the same
way for every answer, the prompt could be
customized based on the type of student’s answer or
the learning objective of the question. This could
make feedback more personalized, more useful, and
better aligned with the assessment objective.
Additionally, further research is needed to expand the
feedback evaluation process to include various
annotators, such as professional teachers or subject
matter experts. Having assessors from diverse fields
would help to ensure that the assessment is fairer and
realistic. Additionally, it will ensure that the quality
of feedback is measured not only from a technical
perspective but also from an educational perspective.
Finally, to better assess the efficacy of feedback
based on LLMs, future research should compare
learning  outcomes  between instructor-written
feedback and output generated by the GPT. An
AFAR framework contributes significantly to the
research community since it provides a replicable
and practical approach for leveraging prompt
engineering and few-shot learning in low-resource
languages such as Arabic, filling a significant gap in
the NLP field. In addition, AFAR presents a scalable
and effective solution for delivering high-quality,
individualized feedback to students. Its ability to
generate coherent, relevant, clear, and personalized
feedback can support formative assessment, reduce
the burden on educators, and promote more
consistent feedback practices in large-scale or online
learning environments.
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