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Abstract
This paper presents a novel prompt engineering framework for trait specific Automatic Essay Scoring (AES) in Arabic,
leveraging large language models (LLMs) under zero-shot and few-shot configurations. Addressing the scarcity
of scalable, linguistically informed AES tools for Arabic, we introduce a three-tier prompting strategy (standard,
hybrid, and rubric-guided) that guides LLMs in evaluating distinct language proficiency traits such as organization,
vocabulary, development, and style. The hybrid approach simulates multi-agent evaluation with trait specialist raters,
while the rubric-guided method incorporates scored exemplars to enhance model alignment. In zero and few-shot
settings, we evaluate eight LLMs on the QAES dataset, the first publicly available Arabic AES resource with trait level
annotations. Experimental results using Quadratic Weighted Kappa (QWK) and Confidence Intervals show that
Fanar-1-9B-Instruct achieves the highest trait level agreement in both zero and few-shot prompting (QWK = 0.28 and
CI = 0.41), with rubric-guided prompting yielding consistent gains across all traits and models. Discourse-level traits
such as Development and Style showed the greatest improvements. These findings confirm that structured prompting,
not model scale alone, enables effective AES in Arabic. Our study presents the first comprehensive framework for
proficiency oriented Arabic AES and sets the foundation for scalable assessment in low resource educational contexts.

Keywords: Arabic AES, Prompt engineering, Trait evaluation

1. Introduction

AES has emerged as a critical tool in educational
assessment, enabling scalable and consistent eval-
uation of language performance. Although sub-
stantial progress has been made in AES for high-
resource languages such as English, development
for Arabic remains limited by the scarcity of anno-
tated datasets, the linguistic complexity of Arabic,
and the lack of tools assessing proficiency based
on distinct linguistic skills. Existing Arabic AES
systems predominantly focus on holistic scoring
or content correctness, often neglecting nuanced
aspects of proficiency such as organization, vocab-
ulary richness, idea development, and stylistic ap-
propriateness (El-Haj et al., 2024; Almujaiwel et al.,
2025). Ghazawi and Simpson (2024), for example,
demonstrated the use of AraBART for Arabic AES,
achieving high accuracy in content-based scoring.
However, their focus was limited to correctness of
responses, with no evaluation of traits or linguistic
proficiency. Conversely, English AES research has
advanced toward trait scoring and prompt-based
evaluation using LLMs (Lee et al., 2024; Bashendy
et al., 2024), yet these innovations have not been
fully extended to Arabic due to data and method-
ological constraints.

To address this gap, our research investigates
how prompt engineering techniques including zero-
shot and few-shot configurations can be applied
to LLMs for trait-specific scoring of Arabic student

essays. Rather than relying on fine-tuning or train-
ing custom models, we propose a flexible, rubric-
informed prompting strategy designed to work di-
rectly with existing LLMs1

Our contributions are as follows:

• Our study is the first to evaluate trait-specific
prompt engineering strategies on the QAES
dataset, using a linguistically aligned hybrid
evaluation framework.

• We introduce a novel three-tier prompting
framework for AES in Arabic, composed of:
(1) Standard prompts for holistic evaluation,
(2) Hybrid trait-based prompts, wherein spe-
cialist raters assess specific linguistic features
(e.g., organization, vocabulary, tone, develop-
ment), and (3) Rubric-informed prompts that
guide the model using explicit scoring criteria
for each trait.

• We implement few-shot learning for trait-
level prompting, providing example-scored re-
sponses to calibrate the model’s judgment.
This is, to our knowledge, the first application
of few-shot prompting for trait-specific scoring
in Arabic.

1Code and prompts are available at https:
//github.com/dinhieufam/Arabic_AES/tree/
master.

https://github.com/dinhieufam/Arabic_AES/tree/master
https://github.com/dinhieufam/Arabic_AES/tree/master
https://github.com/dinhieufam/Arabic_AES/tree/master
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• We evaluate our framework on the QAES
dataset, a trait-annotated Arabic AES corpus,
and demonstrate competitive alignment with
human scores across multiple traits in zero
and few-shot settings.

• We provide qualitative insights into LLM per-
formance variability across traits and prompt
types, revealing which linguistic features are
most robustly evaluated by current models.

This work demonstrates the feasibility of prompt-
based scoring as a scalable and adaptable alter-
native to traditional supervised AES models, par-
ticularly in low-resource settings. It also provides
a foundation for the future development of LLM-
driven educational tools tailored to the Arabic lan-
guage.

2. Related Work

AES has evolved from rule-based and statistical
models to transformer-based language models
and advanced prompt engineering. This section
categorizes prior work by modeling strategies,
dataset development, and prompt-based innova-
tions, emphasizing efforts in Arabic AES.

Early AES systems for Arabic utilized string and
vector similarity methods. For instance, Abbas
and Al-qaza (2014) developed a Vector Space
Model (VSM) to compare 30 essays with reference
texts, which was later extended with Latent
Semantic Indexing (Abbas and Al-qazaz, 2015).
While foundational, these approaches lacked
granularity and linguistic depth. Shehab et al.
(2018) expanded AES with algorithms such as
N-gram and DISCO, achieving moderate accuracy
(up to 82%) on short Arabic responses. Lotfy et al.
(2023) further enhanced scoring reliability using
ensemble models including Random Forest and
Adaboost.

Transformer models introduced contextual
depth to AES. Ghazawi and Simpson (2024)
demonstrated this by leveraging AraBART for
Arabic AES, achieving 0.88 overall QWK score
after training the model across domains using
a dataset of over 2,000 essays. Their focus,
however, was on evaluating answer correctness
in subject-specific contexts rather than linguistic
proficiency. Our work, in contrast, centers on
assessing language skills through multi-trait
analysis. Sentence-level semantic modeling
has been effectively explored by Ramesh and
Sanampudi (2024), who employed sentence-BERT
embeddings with Bi-LSTM and CNNs to capture
coherence and cohesion in English AES. The
highest QWK score achieved was 0.75. Settles

et al. (2020) combined psychometric modeling
(IRT and CAT) with linear ML to adaptively assess
language ability in the Duolingo exam framework.

Prompt-based AES has gained traction as
a fine-tuning-free method. Lee et al. (2024)
introduced a zero-shot prompting framework called
Multi-Trait Specialization (MTS), enabling LLMs
like ChatGPT and LLaMA to achieve competitive
trait-level scoring of the TOFEL and ASAP English
datasets, gaining QWK scores of 0.43 and 0.35
respectively. The TRATES framework proposed
by Eltanbouly et al. (2025) translated rubrics into
guiding questions, improving the scoring alignment
of traits using Starling and Gemma models to
the average QWK score of 0.59 on the ASAP
and ELLIPSE English datasets. Mansour et al.
(2024) tested a four-tier prompt design on English
AES using ChatGPT and LLaMA but found these
underperformed compared to fine-tuned models,
achieving QWK score around 0.57. They did not
experiment with few-shot prompting or linguistic
trait specialization. Bashendy et al. (2024) imple-
mented feature-based (LR), holistic SOTA (NPCR),
single-task learning (STL) and multi-task learning
(MTL) models for both holistic and trait scoring
using AraBERT on the QAES dataset. The highest
QWK score was 0.26 achieved by LR, on the
holistic scoring,. This finding can be considered as
a baseline for our study.
Although no work has been found in literature on
prompting design for Arabic proficiency scoring,
our approach builds on these insights by proposing
a three-tier prompting framework: standard, hybrid,
and rubric-based for Arabic AES. We incorporate
few-shot examples and trait-decomposed scoring,
thereby addressing both scoring fidelity and peda-
gogical interpretability without model fine-tuning.

The Arabic AES domain has been limited by re-
source scarcity. QCAW, introduced by Zaghouani
et al. (2024), provides a bilingual corpus of argu-
mentative essays. QAES, built on QCAW, is the first
publicly available Arabic dataset annotated by traits
such as organization, vocabulary, and grammar
(Bashendy et al., 2024). Trait rubrics were derived
from official scoring guidelines by the Qatar Uni-
versity Testing Center. While the only study using
QAES relied on logistic regression and AraBERT
embeddings (Bashendy et al., 2024), it did not ex-
plore prompt-based or few-shot approaches.

3. Methodology

This study proposes a three-level prompting frame-
work for Arabic AES using large language models
(LLMs) in zero-shot and few-shot configurations.
Each level is designed to improve linguistic fidelity
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and alignment with trait-based scoring rubrics,
without requiring any model fine-tuning. Table 1
illustrates the framework structure.

Level Approach Key Mechanism
1 Standard Prompt-

ing
Direct scoring of all traits
via a structured zero-shot
prompt

2 Hybrid Trait Prompt-
ing

Multi-agent simulation
using domain-specialist
raters

3 Rubric-Guided Few-
Shot Prompting

Trait-specific prompts with
rubric guides and scored
examples

Table 1: Overview of Prompting Framework

The standard prompting level 1 initiates zero-
shot prompting by instructing the LLM to assign
a score for each of the seven linguistic traits
directly based on the student’s essay. The prompt
template calls for numeric trait scores (e.g., for
organization, vocabulary, etc.) and a summed total
score. No prior examples or rubrics are provided,
and the prompt is general across essays.

In the hybrid trait prompting with specialized
raters - Level 2, each essay is evaluated by five
simulated raters, with each rater specializing in
a distinct linguistic trait. Each rater is responsi-
ble for scoring only the rubric dimensions that fall
within their area of expertise. Table 2 presents
the five rater specializations. The rubric traits are
then mapped to the corresponding rater scores as
shown in Table 3, and the final score is computed
by averaging the scores assigned by all relevant
raters. A single rater may influence one or more
rubric traits, depending on their specialization. This
approach ensures that the language model concen-
trates on a specific linguistic skill during evaluation,
thereby simulating the behavior of an expert rater.
For instance, the vocabulary specialist focuses ex-
clusively on vocabulary-related aspects and disre-
gards other dimensions such as content develop-
ment or essay organization. Equation 1 highlights
that the score for each rubric is calculated:

Sj =
1

|Rj |
∑
i∈Rj

sij (1)

Where:

• Sj : Final score for rubric j

• Rj : Set of raters assigned to rubric j

• sij : Score given by rater i for rubric j

This structure promotes focused evaluation
while maintaining multi-perspective judgment

Rater Specialization Evaluation Focus
A Organization

& Coherence
Logical flow, paragraph
transitions, structural clar-
ity

B Vocabulary
& Lexical
Variety

Word choice, lexical diver-
sity, sophistication, repeti-
tion

C Grammar,
Spelling &
Mechanics

Punctuation, syntax,
spelling, readability

D Content De-
velopment &
Reasoning

Argument quality, elabora-
tion, evidence use

E Style, Tone
& Contextual
Appropriate-
ness

Voice, stylistic consistency,
audience alignment

Table 2: The Five Rater Specializations

Rubric Assigned Raters
Organization A, D, C
Vocabulary B, E, C
Style B, E, C
Development D, A, B
Mechanics C
Structure A, B, C
Relevance D, B, E

Table 3: Rubric-to-Rater Mapping

through overlapping expertise.

Moving to the last prompting level, The rubric-
guided few-shot prompting level (level 3) introduces
rubric-informed, trait-specific prompts paired with
scored examples. For each trait, the model is
prompted with a detailed evaluation guide in
Arabic, along with a file containing three examples
illustrating low, mid, and high scores (e.g., 1, 3,
5). The model compares the target essay to the
rubric and examples and produces a trait score
with justification in structured JSON format. This
method enables greater alignment between model
scoring and human evaluation standards, reinforc-
ing clarity, consistency, and explainability across
traits. Appendix A highlights the 3 prompting levels
designed for the experiments.

Although level 1 and level 3 prompts have already
been applied in the literature, they are new to Arabic
proficiency scoring. The main novelty lies in Prompt
2, which is inspired by human assessment. This
reduces the model load and simulates specialist
raters. Unlike previous work such as Abbas and
Al-qaza (2014), Abbas and Al-qazaz (2015), and
Ghazawi and Simpson (2025), where the prompts
are unpartitioned (all traits scored in one pass),
our method distributes the responsibilities between
the simulated raters. The appendix in the camera-
ready version will highlight the 3 prompting levels
designed for the experiments.
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4. Experimental Setup

4.1. Dataset and Models
We evaluated our models using the QAES dataset
(Bashendy et al., 2024). QAES extends the Qatar
Corpus of Argumentative Writing (QCAW) by pro-
viding fine-grained scores for seven linguistic traits:
Organization, Vocabulary, Style, Development, Me-
chanics, Structure, and Relevance. Trait scores
range from 0–5 (except Relevance, which is 0–2),
with a total possible score of 32, as shown in Table
4.

Essay Org. Vocab. Style Dev. Mech. Struct. Rel. Final
1 4 4 4 4 4 4 2 26
2 4 4 4 4 4 4 2 26
3 5 4 4 4 4 4 2 27
4 5 5 4 4 4 4 2 28

Table 4: Sample trait annotations for 10 essays in
the QAES dataset (Bashendy et al., 2024).

Trait annotations were produced by trained hu-
man raters following Qatar University’s standard-
ized writing rubrics. Inter-rater agreement was ver-
ified through Cohen’s kappa analysis, achieving
about 0.72 as an average of the two tasks scored by
the two main annotators. (Bashendy et al., 2024).
We consider this substantial agreement as a thresh-
old for acceptable model performance in our study.
The dataset consists of 195 essays written by un-
dergraduate students in response to argumenta-
tive prompts in educational settings, primarily fo-
cused on technology and communication. Although
this dataset is quite small, it was chosen for this
project because it is the only dataset available with
annotated traits for the assessment of language
proficiency in Arabic AES. This resource provides
a rich foundation for both zero-shot and few-shot
AES modeling in Arabic. Other synthetic data by
Qwaider et al. (2025) was explored also but found
less representative of authentic learner writing. To
mitigate the limited dataset, we tested eight LLMs
of varying scales across three prompting strategies,
focusing on trends consistent across models rather
than absolute scores.

Turning to the models, we tested our prompting
framework on 8 LLMs based on: (1) model size va-
riety, (2) different foundation bases, and (3) consid-
ering efficiency reporting in the literature. We used
the corresponding checkpoints for each model avail-
able in Hugging Face. Consequently, we selected
eight models as follows: ChatGPT-4 (Achiam et al.,
2023); Fanar-1-9B-Instruct (Team et al., 2025); Jais-
family-13B-Chat (Sengupta et al., 2023); ALLAM-
7B-Instruct (Bari et al., 2024); Qwen1.5-1.8B-Chat
(Bai et al., 2023); Qwen2.5-7B-Instruct (Ahmed
et al., 2025); Qwen3-VL-8B-Instruct (Team, 2024);
and LLaMA-2-7B-Chat-hf (Touvron et al., 2023).
These models were selected to test a spectrum of

capabilities in open-source and proprietary LLMs
with varying levels of Arabic support and instruction
tuning.

4.2. Experimental Protocol
Our research used the experimental protocol for
the three prompting levels described in Section 3.
Each essay is evaluated under the same conditions
and the predicted scores are compared against
the final human annotations. All prompts are in
Arabic with rubric-aligned instructions. Each level
is implemented as follows:

• Level 1: Single-pass, full-trait zero-shot evalu-
ation.

• Level 2: Hybrid multi-agent simulation with
trait-specialist raters and rubric-based averag-
ing.

• Level 3: Few-shot prompting with trait-specific
rubrics and exemplar comparisons.

Predictions are stored per trait in structured
JSON/CSV outputs. All models are evaluated
using identical input texts.

For the evaluation metric, we used the Quadratic
Weighted Kappa (QWK) to measure the agreement
between the predicted models and the human gold
scores. QWK is defined in Equation 2:

κ = 1−
∑

i,j wi,jOi,j∑
i,j wi,jEi,j

, wi,j =
(i− j)2

(N − 1)2
(2)

Where:

• Oi,j : observed agreement matrix

• Ei,j : expected matrix

• wi,j : penalty for rating difference |i− j|

• N : number of possible score levels for each
trait

This metric is widely regarded the AES standard
and is used to assess the severity of misclassifi-
cation on an ordinal grading scale. Its use was
thoroughly examined by Doewes et al. (2023) and
Ghazawi and Simpson (2024), who also discuss
its sensitivity to rating scales and best practices for
its interpretation.

5. Results and Analysis

In this section, we discuss our baseline perfor-
mance by addressing various scoring dimensions
and calculating the QWK score. We compare the
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3 prompting levels across the 8 models to demon-
strate how our prompt engineering logic effectively
enhances the ability of LLMs to assess Arabic lan-
guage proficiency using zero- and few-shot settings
without fine-tuning. In our experiments, both rubric-
based and total scores are considered for each
essay to evaluate the performance of each model
in terms of linguistic skill rubrics and overall assess-
ment quality. Table 5 presents the QWK scores
across all language traits and the total score for the
8 evaluated models under different prompting lev-
els. It highlights model differences: stronger agree-
ment on Organization, Vocabulary, Development,
Mechanics, and Relevance by Fanar and Qwen3-
VL. It also shows slight agreement on Style and
Structure by the same models. However, smaller
models such as Qwen1.5, Qwen2.5, and LLaMA-2,
along with models like Jais and ChatGPT-4, ex-
hibit consistently low agreement across all traits.
ALLaM performs best among all models in evalu-
ating Structure. Overall, the agreement levels can
generally be described as low to fair.

5.1. Trait and Prompt-Level QWK Scores
and Confidence Intervals

To provide insight beyond a single estimate of QWK
scores, we calculate the confidence interval (CI)
of all traits cross the models and prompting levels
applied. Figure 1 presents confidence intervals of
each trait, along with its QWK score.
The CI offers a statistical range around the ob-
served QWK score that likely contains the true
agreement level between the model and human
annotations. Specifically, we compute the 95% CI
using non-parametric bootstrapping with 1,00 iter-
ations per trait-model-prompt group. This method
captures the variability in QWK scores due to the
sample of essays evaluated. The CI bounds are
calculated as:

CI95% = [QWK2.5, QWK97.5] (3)

Where: QWK2.5 and QWK97.5 denote the 2.5th
and 97.5th percentiles of the bootstrapped QWK
score distribution, respectively (Efron and Tibshi-
rani, 1993).
Key Observations:

• Performance Trends: Across traits, Fa-
nar and Qwen3-VL consistently achieve
the highest QWK scores, primarily under
prompt_level_3. Vocabulary and Style
evaluation in particular is more responsive to
prompt_level_1. Their CIs are relatively
narrow, indicating stable performance.

• Prompting Effect: All models show no-
table improvement from prompt_level_1 to

prompt_level_3, confirming that more de-
tailed prompts enhance scoring reliability.

• Trait Variability: Traits such as Vocabulary and
Relevance yield higher agreement across mod-
els, whereas Organization, Mechanics, and
Development exhibit lower QWK scores and
wider CIs. Focusing on specific model per-
formance, Mechanics appears to be the most
responsive trait, with Fanar achieving the high-
est confidence interval upper bound of 0.41.

• Low Performing Models: Smaller models such
as Qwen1.5, Qwen2.5, and Jais perform incon-
sistently, often scoring near or below zero on
several traits with large CIs, suggesting poor
agreement and higher uncertainty.

Comparing our findings to the inter-rater agree-
ment threshold and existing baselines, Table 6
summarizes the comparative results. The data
show that prompt engineering yields a modest
improvement in QWK scores, although the results
remain considerably below the threshold. Addition-
ally, our study introduces the use of confidence
intervals for QWK in Arabic AES, achieving a peak
CI upper bound of 0.41, which provides a more
robust interpretation of model agreement.

To evaluate the effectiveness of different prompt-
ing strategies, we visualize the distribution of QWK
scores across all models and prompt levels, along
with their corresponding confidence intervals.
Figure 2, 3, and 4 present bar plots summarizing
QWK scores and 95% CIs aggregated over the
seven linguistic traits and the total score, grouped
by prompt level.

The results reveal a consistent and interpretable
pattern: model performance improves as prompts
become more structured and trait-specific. Prompt
Level 1, which uses a single holistic instruction,
exhibits the widest spread and lowest median
scores. In contrast, Prompt Level 3, which
leverages rubric-aligned, few-shot trait-specific
instructions, achieves the narrowest confidence
intervals and the highest QWK scores across most
models. These findings underscore that prompting
specificity, rather than model size, plays a more
critical role in aligning with human-rated scoring.

The CI results reveal wide CI across several
traits, particularly under Prompt Level 3. This indi-
cates substantial uncertainty in the estimated QWK
agreement and suggests high variability in the es-
say samples used to calculate CI. The wide inter-
vals correspond to larger standard errors, reflecting
instability in agreement estimates. Notably, the Me-
chanics trait exhibits comparatively narrower CI,
suggesting more stable and consistent agreement.
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(a) Development (b) Mechanics

(c) Organization (d) Relevance

(e) Structure (f) Style

(g) Total (h) Vocabulary

Figure 1: QWK Scores with 95% Confidence Intervals for All Traits
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Model Prompt Level Org. Vocab. Style Dev. Mech. Struct. Rel. Total
Qwen1.5-1.8B- L1 0.039 0.016 0.005 0.015 0.014 0.018 0.006 0.014
Chat L2 0.001 0.058 0.035 0.045 -0.017 0.024 0.115 0.045

L3 -0.003 -0.033 0.001 0.002 0.040 -0.020 0.051 0.006
Qwen2.5-7B- L1 0.015 0.016 0.074 0.015 0.067 0.007 0.00 0.021
Instruct L2 0.157 -0.028 -0.040 0.004 -0.023 -0.000 -0.026 0.067

L3 0.099 0.101 0.049 -0.010 0.064 0.072 -0.071 0.040
Qwen3-VL-8B- L1 0.086 0.220 0.191 0.045 0.188 0.096 0.000 0.125
Instruct L2 -0.059 -0.087 -0.082 -0.041 -0.035 -0.071 -0.014 -0.060

L3 0.264 0.001 0.179 0.061 0.194 0.176 0.206 0.206
ALLaM-7B- L1 0.143 -0.037 0.051 -0.001 -0.031 0.015 0.021 0.039
Instruct-preview L2 0.052 0.092 0.084 0.102 0.035 0.072 0.180 0.118

L3 0.071 0.205 0.141 0.193 0.117 0.198 0.141 0.264
Jais-family-13B- L1 -0.006 0.002 0.000 0.026 0.010 -0.006 0.077 0.007
Chat L2 0.006 0.004 0.006 0.009 0.006 0.003 0.003 0.008

L3 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Fanar-1-9B- L1 0.015 0.000 0.000 0.000 0.012 0.013 0.000 0.008
Instruct L2 0.103 0.172 0.132 0.044 0.103 0.163 0.177 0.161

L3 0.142 0.205 0.105 0.204 0.280 0.123 0.227 0.284
LLaMA-2-7B- L1 0.000 0.030 -0.000 0.093 -0.001 0.047 0.073 0.033
Chat-HF L2 0.015 0.039 0.044 0.091 -0.000 0.034 0.030 0.046

L3 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
ChatGPT-4 L1 0.090 0.043 0.012 0.055 0.060 0.035 0.000 0.050

L2 0.025 0.033 0.027 0.015 0.043 0.034 0.021 0.034
L3 – – – – – – – –

Table 5: Quadratic Weighted Kappa (QWK) scores for each language trait and total score across all
models and prompt levels. GPT-4 results for Prompt Level 3 are omitted due to the high computational
cost of running extended evaluations.

Metric Baseline Our Score Threshold
QWK 0.26 0.28 0.72
CI Upper – 0.41 –

Table 6: Comparison of QWK scores and confi-
dence intervals against the threshold and baseline
achieved by QAES.

This may be attributed to the surface-level nature of
mechanical errors, which are less subjective than
higher-level discourse traits. While reducing the
confidence level to 90%, for example, or increas-
ing the sample size would mechanically narrow the
interval width, this would not resolve the underlying
variability in agreement.

5.2. Interpretation and Discussion
These results demonstrate that prompt structure
has a greater impact on AES performance than
model size alone, particularly for complex linguistic
traits. The most significant QWK improvements
were observed with the hybrid prompting method
operating in a zero-shot setting, as reflected in the
following:

Figure 2: QWK Scores with 95% Confidence Inter-
vals for Prompt Levels 1

• Most of the traits, Organization, Vocabulary,
Style, and Relevance, as well as the total score,
showed improvement in most LLM runs. In
contrast, other traits such as Development,
Mechanics, and Structure exhibited only mod-
erate improvement.
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Figure 3: QWK Scores with 95% Confidence Inter-
vals for Prompt Level 2

Figure 4: QWK Scores with 95% Confidence Inter-
vals for Prompt Level 3

• The Fanar-1-9B and ALLaM-7B models
demonstrated the strongest instruction tuning
and the most robust Arabic language cover-
age, with consistently better understanding
and scoring in all traits.

When examining the effect of few-shot settings
within Trait Prompting, the Structure trait was the
only one to show notable improvement. In contrast,
the impact on the other traits and the overall score
was minimal.

Another notable observation is that models show-
ing a performance drop across prompt levels also
tend to have very low QWK scores. This supports
the hypothesis that as prompt complexity increases,
smaller models struggle more with comprehension.
Interestingly, for these smaller models, scores for
Prompt 2 are often higher than for Prompt 1. This
could be because Prompt 1 requires 8 trait scores,
while Prompt 2 requires only 5 (A, B, C, D, and E).

Additionally, for Prompt 3, both LLaMA and JAIS
have a QWK score of 0, as they failed to generate
meaningful outputs from which scores could be
extracted. This further illustrates the difficulty these
models face with more complex prompts.

Assessing language proficiency is considerably
more complex than evaluating content correctness
in AES. Ghazawi and Simpson (2025) reported a
QWK of 0.45 for GPT-4 in zero-shot content scor-
ing, while in our study, the same model achieved
only 0.05 in Prompt Level 1 for trait-based profi-
ciency scoring. This highlights the added difficulty
of evaluating traits such as organization and de-
velopment, which require deeper contextual and
rubric-aligned understanding.

These findings support our hypothesis that
prompt engineering, especially rubric-aligned and
example-based prompting, can transform general-
purpose LLMs into effective AES tools for Arabic,
without any fine-tuning or domain adaptation.

6. Conclusion and Future Work

This paper proposed a prompt-based framework
for trait-specific Arabic AES using large language
models. Through a three-level prompting strategy,
standard, hybrid, and rubric-guided, we showed
that carefully designed prompts can elicit reliable
trait-level scoring in zero and few-shot settings. Ex-
periments on eight LLMs using the QAES dataset
confirmed that prompt engineering improves per-
formance, especially for small and medium mod-
els suitable for educational use where resources
and privacy matter. Our results also reveal that
traits such as development, organisation, and style
remain challenging, requiring structured linguistic
guidance rather than simple holistic scoring.

For future work, we plan to expand the dataset
to improve robustness and generalisability and ex-
plore the transferability of our framework to non-
Arabic AES tasks. We also aim to address method-
ological challenges such as rater disagreement and
score aggregation in hybrid prompting. This work
provides a foundation for scalable, low-resource
AES solutions in Arabic and other underrepre-
sented languages.

Limitations

Although our framework demonstrates strong per-
formance in trait-specific Arabic AES, several lim-
itations remain. The scarcity of annotated Arabic
AES datasets restricts large-scale evaluation and
limits linguistic and demographic coverage. In ad-
dition, reliance on proprietary models like GPT-4
incurs high cost, making large-scale deployment
difficult in resource-constrained environments.
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These limitations highlight the need for more
accessible Arabic AES datasets and optimisation
strategies for cost-effective implementation. Future
work should also explore open-source alternatives
and parameter-efficient adaptation techniques to
improve practicality and reproducibility.
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A. Prompting Templates
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Figure 5: Standard Prompt - Level 1
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Figure 6: Hybrid Trait Prompt - Level 2 (first part)

Figure 7: Hybrid Trait Prompt - Level 2 (second part)
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Figure 8: Rubric-Guided Few-Shot Prompting - Level 3 (first part)

Figure 9: Rubric-Guided Few-Shot Prompting - Level 3 (second part)
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