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Abstract
Automated Essay Scoring (AES) has gained in-
creasing attention in recent years, yet research
on Arabic AES remains limited due to the lack
of publicly available datasets. To address this,
we introduce LAILA, the largest publicly avail-
able Arabic AES dataset to date, comprising
7,859 essays annotated with holistic and trait-
specific scores on seven dimensions: relevance,
organization, vocabulary, style, development,
mechanics, and grammar. We detail the dataset
design, collection, and annotations, and pro-
vide benchmark results using state-of-the-art
Arabic and English models in prompt-specific
and cross-prompt settings. LAILA fills a critical
need in Arabic AES research, supporting the
development of robust scoring systems.

1 Introduction

Automated Essay Scoring (AES) has emerged as
a key area of research in writing assessment, as
it not only minimizes the time and effort required
for manual grading but also enables educators to
provide timely and detailed feedback. By empha-
sizing linguistic quality rather than factual recall,
AES systems assess writing in a manner that is
independent of specific curricular content.

Since the 1960s, most AES research has predom-
inantly focused on English (Page, 1966), supported
by the availability of several large-scale public
datasets. In contrast, Arabic AES research faces a
significant data scarcity problem, as publicly avail-
able annotated datasets remain limited. Existing
Arabic resources are often small in scale such as
QAES (Bashendy et al., 2024), lack trait-specific1

annotations as in ZAEBAC (Habash and Palfrey-
man, 2022), or consist solely of unannotated essays
such as ALC.2 These limitations have constrained
the development of robust and scalable Arabic AES
systems, despite some promising efforts (Alghamdi
et al., 2014; Gaheen et al., 2020).

1A trait is an aspect of student writing, e.g., organization.
2https://www.arabiclearnercorpus.com

Trait Description
Relevance ¨ñ 	�ñÖÏAK. �éÊ�Ë@ Alignment with the prompt
Organization ÐAªË@ É¾J
êË @ The structure of the essay
Vocabulary �H@XQ 	®ÖÏ @ Word choice and variety
Style ù



KA 	JJ. Ë @ ½�AÒ�JË @ð H. ñÊ�


B@ Linking and transitions

Development 	àñÒ 	�ÖÏ @ð PA¾ 	̄


B@ Pñ¢�� Clarity and support of ideas

Mechanics ��J
� 	��JË @ð Õæ

�̄Q��Ë @ð ZCÓB
 @ Spelling and punctuation

Grammar I. J
» @Q
��Ë @ð ZA 	JJ. Ë @ Grammatical accuracy

Holistic ú
Î¾Ë@ Õæ
J

�®�JË @ Overall writing quality

Table 1: Brief description of the traits in LAILA.

In this paper, we introduce LAILA,3 the first
large-scale Arabic AES dataset featuring both
holistic and trait-specific annotations of seven writ-
ing proficiency traits, described in Table 1. The
dataset comprises 7,859 essays across 8 distinct
prompts making it the most extensive publicly
available Arabic resource of its kind.4 To construct
LAILA, our team of researchers conducted a large-
scale data collection effort over the course of one
academic year. Under Institutional Review Board
(IRB) approval,5 we visited 24 high schools in
Qatar and collected essays directly from 4,372 stu-
dents in authentic classroom settings. We describe
the complete dataset development pipeline, from
data collection design to annotation procedures and
public release, to facilitate future research on Ara-
bic AES and writing assessment. Our contributions
are as follows:
• Novel Dataset: We introduce the first large-scale

dataset of Arabic essays, filling a key gap in the
existing Arabic AES literature.

• Annotation Guidelines: We develop and share
comprehensive guidelines for data annotation to
ensure transparency and reproducibility.

• Trait-Specific Annotations: We provide de-

3LAILA stands for "Linguistic Assessment with traIts for
Learning Arabic," and is pronounced in Arabic as “ú

�
Î�J

�
Ë”.

4A prompt is the text that describes an essay writing task.
5IRB Number: QU-IRB 159/2024-EA

3074

https://www.arabiclearnercorpus.com


Dataset Lang Essays Prompts Len Level L1/L2 HOL Traits Public
ASAP++ (Mathias and Bhattacharyya, 2018) EN 12,978 8 281 G7-10 L2 ✓ ✓ ✓
TOEFL11 (Blanchard et al., 2013) EN 12,100 8 348 - L2 ✓ × ×
ELLIPSE (Crossley et al., 2023a) EN 6,500 44 427 G8-12 Both ✓ ✓ ✓
PERSUADE (Crossley et al., 2023b) EN 25,000 15 418 G6-12 L1 ✓ × ✓
ACEA (He et al., 2022) ZH 1,220 - - G12 L1 ✓ ✓ ×
TCFLE-8 (Wilkens et al., 2023) FR 6,569 3 119 - Both ✓ × ✓
MERLIN (Boyd et al., 2014) Eur 2,287 - - - Both ✓ × ✓
ZAEBUC (Habash and Palfreyman, 2022) AR 214 3 156 College L2 ✓ × ✓
QCAW (Ahmed et al., 2024) AR 195 2 499 College L1 ✓ × ×
Abbir (Alghamdi et al., 2014) AR 640 2 150 College L1 ✓ × ×
AAEE (Azmi et al., 2019) AR 350 8 - G7-12 L1 ✓ × ×
QAES (Bashendy et al., 2024) AR 195 2 489 College L1 ✓ ✓ ✓
TAQEEM 2025 (Bashendy et al., 2025) AR 1,265 4 151 G10-12 L1 ✓ ✓ ✓
LAILA AR 7,859 8 171 G10-12 L1 ✓ ✓ ✓

Table 2: Comparison of LAILA with existing essay datasets. “Len” is average essay length in words; “HOL”
indicates holistic scoring; “Eur” covers German, Italian, and Czech; “L1/L2” denotes native or second-language
learners; “Public” here means freely available.

tailed trait-specific annotations that capture mul-
tiple dimensions of writing proficiency.

• Benchmarking: We establish baseline AES re-
sults for Arabic under two evaluation setups:
prompt-specific6 and cross-prompt.7

• Public Release: We publicly release LAILA,8

including essays with holistic and trait-specific
annotations. We also release the benchmarking
code 9 to support replication and future research.
The remainder of this paper is organized as fol-

lows. Section 2 reviews related work and existing
AES datasets. Section 3 outlines the data collec-
tion design principles, while Section 4 describes
the dataset construction process, including school
and prompt selection, essay collection, and anno-
tations. Section 5 presents dataset analysis, and
Section 6 details the public dataset release. Sec-
tion 7 reports preliminary experiments and results,
and Section 8 concludes with final remarks.

2 Related Work

To contextualize our contribution, we review prior
AES research across languages and modeling
paradigms, outlining existing datasets and the evo-
lution of Arabic AES from feature-based to neural
and LLM-based approaches. Table 2 summarizes

6Trains and tests on essays from a single prompt.
7Trains on several prompts and tests on unseen ones.
8https://gitlab.com/bigirqu/laila
9https://gitlab.com/bigirqu/laila-baselines

major AES datasets across languages, underscoring
the novelty and significance of LAILA as a bench-
mark resource for future Arabic AES research.

2.1 AES Datasets
Non-Arabic AES Datasets Research on AES
has advanced considerably in English, supported
by large-scale, publicly available datasets such
as ASAP/ASAP++ (Mathias and Bhattacharyya,
2018), TOEFL11 (Blanchard et al., 2013), EL-
LIPSE (Crossley et al., 2023a), and PER-
SUADE (Crossley et al., 2023b). These resources
have enabled benchmarking and model develop-
ment for both prompt-specific and cross-prompt
AES tasks. In contrast, other languages have far
fewer resources. Some smaller datasets exist, in-
cluding ACEA (Chinese; annotated but not public)
(He et al., 2022), TCFLE-8 (French; public but
with only holistic scores) (Wilkens et al., 2023),
and MERLIN (German, Italian, and Czech; pub-
lic but limited to holistic annotations) (Boyd et al.,
2014). While useful for AES studies, their limited
scale and annotation depth restrict their utility.

Arabic AES Datasets Compared with English
and other languages, Arabic AES lacks robust
datasets. Few datasets have been developed, both
public and proprietary, yet all face limitations in
scale, annotation depth, or accessibility. Pub-
licly available resources include the Zayed Ara-
bic English Bilingual Undergraduate Corpus (ZAE-
BUC) (Habash and Palfreyman, 2022), which of-
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fers linguistic annotations (POS tagging, lemmati-
zation, and spelling corrections) and CEFR profi-
ciency levels but lacks trait-level AES labels. The
Qatari Corpus of Argumentative Writing (QCAW)
(Ahmed et al., 2024) contains 195 essays with POS
annotations but restricted holistic scores, while
its extension, QAES (Bashendy et al., 2024), in-
troduces both holistic and trait-level annotations.
Building on these efforts, ZaQQ (Elsayed et al.,
2025) merges QAES, ZAEBUC, and QALB (Mo-
hit et al., 2014), annotated using both human raters
and LLMs. More recently, the TAQEEM 2025
shared task dataset (Bashendy et al., 2025) released
1,265 essays across 4 prompts, and TAQAE (Sayed
et al., 2025) combined QAES with 2 prompts from
TAQEEM. It is important to note that LAILA reuses
the 2 prompt texts from QAES dataset (with no
essays taken from it), and fully include TAQEEM
2025 dataset (4 prompts with 1,265 essays).

Beyond these datasets, several proprietary re-
sources have been used, including Abbir (Al-
ghamdi et al., 2014), which contains essays by
Saudi university students with holistic scores, and
AAEE (Azmi et al., 2019), comprising essays
from grades 7–12 evaluated for content, style, and
spelling. However, their unavailability limits repro-
ducibility and progress in Arabic AES.

Overall, existing Arabic AES resources remain
fragmented and small in scale (typically under
2,000 essays), limiting robust model training and
standardized benchmarking. In contrast to prior
work, LAILA provides a large-scale, publicly-
available Arabic AES dataset with holistic and
trait-specific annotations. In terms of scale and
annotation richness, LAILA is comparable to lead-
ing datasets in other languages and fills a critical
gap in the current Arabic AES landscape.

2.2 Arabic AES Systems

Despite the scarcity of datasets, several studies
have explored Arabic AES. Early approaches pri-
marily relied on handcrafted feature engineering
(Alqahtani and Alsaif, 2020; Alsanie et al., 2022),
and text similarity techniques (Abdeljaber, 2021;
Alobed et al., 2021a; Al Awaida et al., 2019;
Alobed et al., 2021b; Azmi et al., 2019). More
recent work has shifted towards leveraging pre-
trained language models, notably through fine-
tuning AraBERT (Ghazawi and Simpson, 2024), in-
tegrating handcrafted features (Machhout and Zribi,
2024), or applying parameter-efficient adaptation

methods (Mahmoud et al., 2024). Most recently,
Sayed et al. (2025) initiated cross-prompt research
in Arabic AES by developing a set of engineered
features and evaluating their effectiveness across
feature-based and encoder-based models. Addition-
ally, Ghazawi and Simpson (2025) pioneered the
use of LLMs for Arabic AES, assessing systems
such as GPT and LLaMA under various prompting
configurations. In this work, we benchmark LAILA
dataset with state-of-the-art (SOTA) Arabic and En-
glish models to establish strong and reproducible
baselines for future research.

3 Dataset Design Principles

The development of LAILA was guided by nine
core design principles [D1–D9], each reflecting
deliberate choices to ensure a high-quality, repre-
sentative, and ethically sound resource for Arabic
AES. Below, we outline these principles.
• [D1] Ensuring Data Integrity: We designed

LAILA to capture authentic, classroom-produced
writing created without external assistance. This
design choice preserves genuine linguistic vari-
ation, learner errors, and authentic complexities
essential for real-world AES applications.

• [D2] Maximizing Diversity: To reflect the
breadth of Arabic writing proficiency, LAILA was
planned to collect essays from multiple educa-
tional institutions and student populations with
diverse academic and demographic backgrounds.
Prompts were intentionally varied across genres,
ensuring cultural relevance and age appropriate-
ness, thereby promoting model generalization
and reducing bias.

• [D3] Achieving Gender Balance: We inten-
tionally aimed to balance the number of essays
from male and female students to promote fair-
ness, reduce gender-based bias, support inclusive
evaluation, and enhance model generalization.

• [D4] Supporting Full Trait Coverage: LAILA
was built to capture multiple dimensions of writ-
ing quality through annotations of relevance, or-
ganization, vocabulary, style, development, me-
chanics, and grammar. This design supports fine-
grained assessment and meaningful feedback.

• [D5] Ensuring Authentic Writing Conditions:
To emulate real academic or high-stakes testing
scenarios, LAILA was designed to collect essays
written under timed conditions using a digital
submission platform. This setup ensures consis-
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Figure 1: An overview of the construction process of LAILA dataset.

tency in data collection and eliminates manual
transcription errors.

• [D6] Protecting Participant Privacy: To en-
sure ethical research and data protection, LAILA
was planned with strict privacy measures by
anonymizing all essays and collecting them with
informed consent from students and guardians.

• [D7] Standardizing the Annotation Process:
To ensure reliability, LAILA aimed to use a stan-
dardized rubric for evaluating essays across all
traits, with planned training for annotators to
maintain consistent interpretations of the guide-
lines and achieve high inter-annotator agreement.

• [D8] Promoting Scalability and Reusability:
LAILA was planned at a large scale to enable
robust AES model training. All data and anno-
tations are provided in standardized, machine-
readable formats with comprehensive documen-
tation and an open license to support future reuse.

• [D9] Supporting Multiple Evaluation Setups:
We structured LAILA to support both prompt-
specific and cross-prompt AES setups, facilitat-
ing research on model generalization.

4 Dataset Construction

The construction of LAILA follows three stages:
Sampling, involving the selection of students,
schools, and writing prompts; Data Collection, cov-
ering essay collection and data cleaning; and An-
notations, focusing on scoring the collected essays.
Figure 1 shows an overview of the overall process.

4.1 Sampling

The first stage of constructing LAILA involved
sampling schools, students, and writing prompts.
Data were collected from 24 high schools in Qatar,
evenly divided between female and male insti-
tutions [D3], selected for having Arabic as the
primary language of their studies. The selected
schools provided a representative sample encom-
passing diversity in geographic location, size, and
academic performance [D2]. All participating insti-

tutions were public and followed a unified national
curriculum, ensuring a consistent academic context
for the writing tasks.

Students were drawn from grades 10 to 12
to capture a wide range of writing proficiency.
This age group was chosen because students at
this level typically produce essays of sufficient
length and complexity to address a variety of
prompts. To reflect the diversity of academic per-
formance, approximately 30% of participants were
low-performing, 40% medium-performing, and
30% high-performing [D2]. Participation was vol-
untary and required parental consent to ensure com-
pliance with ethical research standards [D6].

Writing prompts were selected to elicit critical
thinking and showcase different aspects of writing
ability. The dataset includes eight distinct prompts,
five persuasive and three explanatory, designed to
capture both persuasive reasoning and expository
clarity [D2]. This diversity supports the develop-
ment of AES models capable of generalizing across
writing genres and skill levels.

4.2 Data Collection

The second stage of constructing LAILA focused
on the systematic collection of high-quality student
essays under controlled conditions. This phase
involved coordinating with participating schools,
preparing the technical setup for essay submission,
conducting supervised on-site writing sessions, and
performing post-collection data cleaning to ensure
completeness, authenticity, and reliability.

Briefing To ensure a structured data collection,
an online briefing was held with the heads of Ara-
bic departments from all participating schools. It
outlined the essay collection setup and emphasized
two key requirements: the writing task had to be
conducted in an exam-like setting without access to
external materials [D1], and student participation
requires both parental and student consents.

Pre-visit Setup To facilitate essay collection, we
prepared printed sheets, one for each student, con-
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�
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×ñJ
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	̄ Q�K 
ñK
 AÓ ,C
�
J
Ë �éÊK
ñ£ �HA«A�Ë QîD�Ë @ úÍ@
 H. AJ. ��Ë@ 	áÓ Q�
�J»



Aj. ÊK
 : ¨ñ 	�ñÖÏ @ �	�

. iJ
m�� É�¾
���. ¡�. QË @ �H@ðX



@ð Õæ
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Y�k. PA�K

�
@ 	áÓ ½Ë 	X úÎ« I. �KQ

��K
 AÓð , QîD�Ë @ úÍ@
 H. AJ. ��Ë@
Prompt (English translation): Many young people stay awake late at night, which affects their daily activity and academic performance. Write an essay of approximately 300 words explaining
the factors that drive young people to stay up late, and the resulting physical and psychological effects, taking into account the characteristics of explanatory essay features, using correct
language, punctuation, and linking words.

ð H. AJ. ��ÊË �é�ÊK
ñ£ �H� A
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Scores (English translation): Relevance: 2, Organization: 5, Vocabulary: 4, Style: 5, Development: 5, Mechanics: 4, Grammar: 4, Holistic: 29

Figure 2: An example from LAILA, containing the prompt (P7) with its English translation, essay (070773) without
translation, to preserve Arabic-specific linguistic errors, and annotations (scores) with their English translation.

taining one persuasive and one explanatory prompt,
along with a unique, pre-generated ID to maintain
students’ anonymity while enabling metadata track-
ing [D6]. We also configured a Microsoft Form for
digital essay submission, set with a 65-minute time
limit to enforce a time-restricted setup [D5].

On-site Visits Data collection spanned one aca-
demic year through 27 school visits (24 initial,
three follow-ups), by nine team members, to meet
the target student count. Each visit, which lasted
around six hours, was supported by at least two
team members, an IT teacher, and proctoring teach-
ers. During each visit, students received the printed
sheets and accessed the online submission form to
submit their essays within the allotted time.

Data Cleaning The collected essays then under-
went a cleaning process to ensure data quality be-
fore the annotation phase. First, we resolved dupli-
cate and misidentified submissions, by correcting
ID mismatches through manual verification and
name cross-referencing. Next, a manual review
eliminated submissions lacking meaningful con-
tent, e.g., irrelevant personal content. Lastly, essays
with 10 or fewer words were excluded for being
insufficient for AES analysis. This approach pre-
served the data integrity for subsequent processing.

4.3 Data Annotation
The third stage of constructing LAILA involved
annotating the collected essays through hiring reli-
able annotators, adopting standardized rubrics, and

developing an annotation guidebook. All annota-
tions were managed and executed using an online
platform. Figure 2 shows a sample annotated essay.

Annotators The hired annotation team consisted
of 6 annotators and 3 supervisors, all of whom
were Arabic language teachers or lecturers with
educational backgrounds. Five members of the
team hold advanced degrees (MSc or PhD) in the
Arabic language. The supervisors oversaw training,
quality assurance, and dispute resolution, while the
annotators performed the primary scoring tasks.

Annotation Guidelines All essays in LAILA
dataset were scored using the Core Academic Skills
Test (CAST) rubric [D7], developed by the Qatar
University Testing Center (QUTC).10 The rubric
covers 7 writing traits [D4]: Relevance (REL),
Organization (ORG), Vocabulary (VOC), Style
(STY), Development (DEV), Mechanics (MEC),
and Grammar (GRA). Additionally, a Holistic
score (HOL) was computed as the sum of the 7
trait scores. Six traits (all but REL) were rated
on a 6-point scale (0 = lowest, 5 = highest), while
REL was rated on a 3-point scale (0 = not rele-
vant, 1 = partially relevant, and 2 = fully relevant).
Furthermore, if an essay received a REL score of
0, all other trait scores were set to 0, as irrele-
vant responses are not subject to further evaluation.
This mixed-scale allowed the rubric to capture both

10https://www.qu.edu.qa/sites/en_US/
testing-center/TestDevelopment/cast
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P# Type Topic Essays Len (Max) A3
P1 EXP Sports 1,122 162 (696) 10.4%
P2 PER Social Media 1,168 175 (690) 15.5%
P3 PER Technology 521 159 (643) 9.4%
P4 PER Communication 500 152 (682) 15.0%
P5 EXP Heritage 1,181 157 (690) 23.3%
P6 PER Homework Load 1,162 160 (706) 20.3%
P7 EXP Staying Up Late 1,143 202 (689) 10.6%
P8 PER Video Games 1,062 186 (690) 15.7%

Total 7,859

Table 3: Descriptive statistics of LAILA. “EXP” and
“PER” denote explanatory and persuasive prompts; “Len”
is the average word count; “A3” indicates the percentage
of essays annotated by a third annotator (supervisor).

broad dimensions of writing proficiency and the de-
gree to which essays addressed the assigned topic.

To ensure consistency, 2 supervisors developed
an annotation guidebook11 with detailed terminol-
ogy, exemplars, and annotated practices for each
prompt type. Annotators were required to review
these materials and complete training sessions be-
fore formal annotation. Moderation sessions fol-
lowed, where discrepancies were discussed and
interpretations of the rubric were harmonized.

Annotation Process The scoring process was
conducted using the Assessment Gourmet Platform,
which supports large-scale, anonymized essay scor-
ing.12 The platform ensured that annotators were
blinded to student identity [D6], while only super-
visors had access to annotator metadata for moni-
toring purposes.

The essays were randomly distributed among
the annotators to minimize systematic bias, and
the scoring sessions were capped to prevent an-
notators’ fatigue. Each essay was independently
scored by two annotators across all traits. If the
difference in HOL scores between the two annota-
tors was less than 6 points,13 the mean of the two
scores was computed and then rounded down to
the nearest integer; this rounded value was adopted
as the final score for each trait. However, essays
with large discrepancies between annotators (≥ 6
points difference in the HOL score) were flagged
and escalated to a supervisor (a third annotator in
this case), who provided the final adjudicated score
and offered feedback to the annotators to improve
alignment and consistency in subsequent batches

11https://gitlab.com/bigirqu/laila/-/raw/main/
rubrics/annotation_guidebook.pdf

12https://g-assess.com
13The 6-point threshold was defined by QUTC experts, cor-

responding to an average of 1-point discrepancy across the 6
core traits, excluding REL, composing the holistic score.

Figure 3: Overall score distributions per trait in LAILA.

of essays. This multi-layered workflow, calibra-
tion, double-scoring, adjudication, and feedback
ensured reliable and replicable annotations.

5 Dataset Analysis

LAILA comprises 7,859 essays collected across 8
distinct prompts: 3 explanatory and 5 persuasive
(3,446 and 4,413 essays, respectively) [D8]. Ta-
ble 3 shows that the number of essays per prompt
ranges from 500 to 1,181. Essay lengths demon-
strate consistency across prompts, with an average
of 171 words and a maximum of 706 words.

Score Distribution Figure 3 shows the distribu-
tion of the trait scores on all prompts. Most traits
follow a near-normal pattern on the 6-point scale,
indicating overall positive essay quality. The REL
scores show that 86% of the essays agree strongly
with the prompt. In contrast, GRA and VOC show
the highest percentage of score 1 at 16%, followed
by MEC at 13%, highlighting that these traits pose
the greatest challenges. Other traits show a more
balanced spread across mid-to-high scores, reflect-
ing better performance. Extreme scores (0 or 5) are
rare, with STY having the highest share of score 5
at 6%. More details are provided in Appendix B.

Inter-Annotator Agreement (IAA) We com-
pute IAA using Quadratic Weighted Kappa (QWK)
(Williamson et al., 2012) to assess agreement be-
tween the two main annotators (A1 and A2), prior
to adjudication. Table 4 reports QWK per trait and
prompt, with agreement strength following Landis
and Koch (1977). Overall, IAA was substantial
across prompts, with an average QWK ranging
from 0.66 (P5) to 0.75 (P1), showing strong consis-
tency. However, variability emerges by prompt and
trait. In particular, P5 showed the lowest average
agreement, noting that it has the highest percentage
of essays that require a third annotator (A3: 23.3%;
Table 3). This suggests greater initial disagreement
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Trait P1 P2 P3 P4 P5 P6 P7 P8
REL 0.79 0.60 0.67 0.59 0.58 0.68 0.75 0.77
ORG 0.78 0.72 0.83 0.77 0.74 0.78 0.77 0.78
VOC 0.74 0.71 0.76 0.69 0.71 0.75 0.79 0.80
STY 0.74 0.71 0.76 0.72 0.60 0.71 0.68 0.72
DEV 0.79 0.64 0.58 0.66 0.70 0.72 0.71 0.55
MEC 0.69 0.65 0.77 0.72 0.58 0.65 0.69 0.70
GRA 0.71 0.65 0.77 0.70 0.70 0.73 0.67 0.61
AVG 0.75 0.67 0.73 0.69 0.66 0.72 0.72 0.70

Table 4: Inter-Annotator Agreement assessed via QWK
across all prompts. Colors indicate strength of agree-
ment as Moderate , Substantial , and Almost Perfect .

between A1 and A2 for P5, potentially due to less
precise prompt wording that made consistent in-
terpretation more challenging. Importantly, this
does not reflect lower final label quality as such
disagreements were flagged and resolved through
adjudication by A3, who provided the final scores.
Across traits, ORG showed the strongest agreement
due to its structural clarity, whereas REL, DEV, and
MEC had lower agreement, reflecting greater sub-
jectivity in semantic traits.

6 Dataset Release

We release LAILA as an open-access resource for
Arabic AES, including writing prompts, essays,
scoring rubrics, annotation guidebook, and anno-
tations [D8]. The annotations include scores as-
signed by the main annotators, the third annotator
used for adjudication, and the final adjudicated
scores covering both holistic and trait-specific di-
mensions. Moreover, we provide two predefined
data splits aligned with the commonly-applied AES
setups: prompt-specific and cross-prompt [D9]. For
the prompt-specific setup, essays of each prompt
were randomly split over 5 folds, to support a 5-
fold cross-validation setting. For the cross-prompt
setup, we support 8-fold leave-one-prompt-out
cross-validation setting as follows. For each of
the 8 prompts, the target prompt is held out en-
tirely for testing, 2 prompts (1 persuasive and 1
explanatory, selected at random) are designated for
development, and the remaining 5 prompts are des-
ignated for training. For reproducibility and fair of
comparisons, splits are made publicly available.14

7 Benchmarking Experiments

To establish performance references, we bench-
marked LAILA under both prompt-specific and
cross-prompt AES settings using strong baselines.

14https://gitlab.com/bigirqu/laila

For each setup, we investigate two research ques-
tions in the context of Arabic AES: (RQ1) how do
different categories of models compare in overall
performance?, and (RQ2) which models achieve
the best results across individual traits?.

7.1 Experimental Setup

Model Selection We selected a diverse set of
models with varying architectures to establish
strong baselines for LAILA. The selection criteria
included code availability, ease of implementation,
and coverage of SOTA Arabic and English models.
The models fall into three categories: feature-based
(FB), encoder-based, and large language models
(LLMs). LLMs were evaluated in zero-shot and
few-shot settings, and all models followed a multi-
task setup predicting holistic and trait scores jointly.
Further details are provided in Appendix C.

Prompt-specific Models We selected 4 FB mod-
els: Linear Regression (LR), Random Forest (RF),
Extreme Gradient Boosting (XGB), and a feed-
forward Neural Network (NN). For encoder-based
models, we fine-tuned two pre-trained SOTA sys-
tems: AraBERT (Antoun et al., 2020), combined
with handcrafted features (Sayed et al., 2025),
and AraT5 (Nagoudi et al., 2022), inspired by
the strong performance of T5 in English AES
(Do et al., 2024).15 For LLMs, we evaluated
three Arabic-centric models: ALLaM (Bari et al.,
2025), Command-R7B-Arabic (R7B) (Alnumay
et al., 2025), and Fanar (Team et al., 2025), under
zero-shot and few-shot (5-shot) settings. For the
prompt-specific experiments, we used 5-fold cross-
validation using the predefined 5 splits. In each
cross-validation iteration, one fold (20%) was used
as the test set, and the remaining four folds were
further split into training (70%) and development
(10%) sets, with stratification applied to maintain
consistent prompt distributions and ensure consis-
tent evaluation across models.

Cross-prompt Models We selected the same
FB models and LLMs. For encoder-based mod-
els, we employ the same AraBERT-based archi-
tecture, which performed strongly in Arabic AES
(Sayed et al., 2025), along with two SOTA En-
glish AES models, ProTACT (Do et al., 2023) and
MOOSE (Chen et al., 2025).

15https://huggingface.co/aubmindlab/
bert-base-arabert, https://huggingface.co/
UBC-NLP/AraT5v2-base-1024
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Setup Model REL ORG VOC STY DEV MEC GRA HOL Avg−H Avg

Zero-shot
ALLaM 0.242 0.197 0.319 0.309 0.335 0.341 0.312 0.365 0.294 0.303
R7B 0.242 0.348 0.350 0.417 0.340 0.150 0.292 0.367 0.306 0.313
Fanar 0.145 0.424 0.429 0.388 0.411 0.378 0.415 0.481 0.370 0.384

Prompt-specific

LR 0.436 0.694 0.722 0.710 0.650 0.661 0.687 0.765 0.651 0.665
RF 0.519 0.704 0.734 0.718 0.670 0.658 0.694 0.775 0.671 0.684
XGB 0.522 0.716 0.743 0.731 0.685 0.686 0.711 0.791 0.685 0.698
NN 0.500 0.723 0.758 0.743 0.699 0.699 0.727 0.797 0.693 0.706
AraT5 0.612 0.731 0.759 0.759 0.717 0.709 0.719 0.787 0.715 0.724
AraBERT 0.587 0.761 0.776 0.768 0.731 0.724 0.744 0.833 0.727 0.740
ALLaM (5) 0.260 0.391 0.348 0.415 0.386 0.355 0.369 0.439 0.361 0.370
R7B (5) 0.337 0.472 0.383 0.482 0.399 0.407 0.431 0.496 0.416 0.426
Fanar (5) 0.490 0.559 0.562 0.614 0.575 0.572 0.580 0.644 0.565 0.575

Cross-prompt

LR 0.360 0.621 0.633 0.643 0.573 0.585 0.616 0.661 0.576 0.586
RF 0.331 0.609 0.644 0.637 0.573 0.559 0.609 0.682 0.566 0.581
XGB 0.360 0.645 0.641 0.641 0.583 0.577 0.619 0.679 0.581 0.593
NN 0.353 0.609 0.621 0.631 0.566 0.565 0.597 0.651 0.563 0.574
ProTACT 0.355 0.493 0.505 0.485 0.501 0.476 0.498 0.578 0.473 0.486
AraBERT 0.322 0.596 0.604 0.593 0.529 0.546 0.585 0.620 0.539 0.549
MOOSE 0.411 0.627 0.642 0.649 0.585 0.586 0.623 0.649 0.589 0.597
ALLaM (5) 0.131 0.237 0.213 0.287 0.226 0.249 0.251 0.281 0.228 0.234
R7B (5) 0.263 0.487 0.391 0.481 0.424 0.425 0.442 0.517 0.416 0.429
Fanar (5) 0.409 0.580 0.541 0.623 0.588 0.592 0.587 0.669 0.560 0.574

Table 5: Average QWK performance over all prompts for each trait under the zero-shot, prompt-specific, and
cross-prompt setups. Avg−H denotes average performance without HOL scoring. Bold and underlined values
indicate the best and second-best performance per trait, respectively, marked separately within each setup.

Feature Set We implemented the 816 hand-
crafted features introduced by Sayed et al. (2025)
for Arabic AES, encompassing surface, readability,
lexical, semantic, and syntactic aspects. These fea-
tures were applied to the FB models, ProTACT,
MOOSE, and AraBERT. To mitigate noise, we
performed feature selection based on Pearson and
Spearman correlations (Li and Ng, 2024), retain-
ing features whose absolute correlation with any
trait exceeded a predefined threshold for either met-
ric. For MOOSE, however, we did not apply this
explicit feature selection step.

Evaluation & Hyperparameters We evaluate
model performance using QWK to measure agree-
ment between human and model scores. Hyper-
parameters are tuned via Bayesian optimization
with the Tree-structured Parzen Estimator algo-
rithm (Bergstra et al., 2011), implemented using
Optuna’s TPESampler.16 We ran 20 trials with 5
startup trials and a fixed random seed of 11. The
best configuration, selected based on average QWK
on the development set, was used for final evalu-
ation on the test data. Additional hyperparameter
details are provided in Appendix C.

16Optuna TPESampler documentation

7.2 Results and Discussions

We discuss the results of our benchmarking experi-
ments for the two AES setups.

7.2.1 Prompt-specific Results

Performance Across Categories (RQ1) Table 5
summarizes performance differences across model
categories. Among FB models, more complex ar-
chitectures performed better, with NN leading, fol-
lowed by XGB, RF, and LR. Both encoder-based
models, AraT5 and AraBERT, outperform all other
baselines, with AraBERT achieving SOTA perfor-
mance (average QWK: 0.74) and AraT5 trailing by
1.6 points, highlighting their effectiveness in cap-
turing prompt-specific patterns. For LLMs, adding
prompt-specific few-shot examples improved the
performance acorss all models. However, they still
lagged behind, with the best variant, Fanar (5), scor-
ing 16.5 points below AraBERT.

Performance Across Traits (RQ2) Encoder-
based models consistently outperform other cat-
egories across traits, with AraBERT achieving the
highest scores in 7 of 8 traits and AraT5 leading
in REL. Their advantage over FB models is most
pronounced in REL, where AraT5 and AraBERT
exceed the best FB model by 9 and 6.5 points, re-
spectively, demonstrating strength in modeling con-
textual and semantic relationships within essays.
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7.2.2 Cross-prompt Results
Performance Across Categories (RQ1) FB
models showed comparable performance, with
only a 2-point difference between the top per-
former (XGB) and the lowest (NN), highlight-
ing consistency of these feature-based approaches.
LR’s strong results further highlight the robust-
ness and the quality of the feature set. Among
encoder-based models, ProTACT exhibited the
lowest performance overall, suggesting limited
transferability from its English architecture, while
AraBERT trailed XGB by 4.4 points. Notably,
MOOSE achieved the highest performance among
all evaluated cross-prompt models. For LLMs,
few-shot prompting improved Fanar and R7B (+19
and +11.6 points), whereas ALLaM dropped by 7
points, indicating high sensitivity to prompt design.

Performance Across Traits (RQ2) No single
model consistently outperformed the others across
individual traits. MOOSE performed best in REL,
STY, and GRA traits. For the remaining traits, RF
led in VOC and HOL, XGB in ORG, and Fanar (5)
in DEV and MEC.

7.2.3 Discussion
The performance of models differ significantly be-
tween prompt-specific and cross-prompt setups.
Encoder-based models excel in prompt-specific
tasks, approaching the IAA (Table 4), which in-
dicates a close reach to the human performance.
For instance, AraBERT exhibits the best perfor-
mance overall in the prompt-specific setup with
an average QWK performance of 0.74. However,
its cross-prompt performance drops significantly
(average QWK: 0.549), underscoring its ability to
capture prompt-dependent patterns rather than gen-
eralizable features. We note that the applicability
of the prompt-specific setup is relatively limited
due to reliance on target prompt essays that are
labeled, which is often unavailable in practice. In
the cross-prompt setup, while MOOSE achieves
the highest average performance (average QWK:
0.597), we observe that classical FB models (XGB)
remain remarkably competitive. This confirms that
handcrafted features capture prompt-independent
linguistic properties that generalize better in the
more challenging and realistic cross-prompt setup
than some standard encoders. LLMs, specifically
Fanar and R7B with few shots, exhibit consistent
performance across both setups, indicating they
capture general scoring criteria. Their relative un-

derperformance in prompt-specific tasks reflects
their limited ability to exploit prompt-dependent
patterns without fine-tuning.

Overall, the findings of the benchmarking exper-
iments above highlight the need to prioritize future
research on cross-prompt AES, which is practically
closer to the real world, while best models are still
far from human performance.

8 Conclusion

While research on automated scoring of English
essays began more than 55 years ago, Arabic essay
scoring is hindered by the lack of data resources.
To bridge this gap, this paper introduced LAILA,
the first large-scale publicly available dataset for
Arabic AES. The dataset comprises 7,859 essays
written on 8 different prompts by 4,372 high school
students, and provides annotations for 7 writing
traits as well as a holistic score with substantial
inter-annotator agreement. This makes it a compre-
hensive and reliable resource for training models
and evaluating writing quality of Arabic essays.
For reproducibility, we detailed the data collec-
tion and annotation process. We also benchmarked
LAILA using SOTA Arabic and English AES mod-
els in both prompt-specific and cross-prompt set-
tings, showing strong baselines for future research.
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Limitations

While LAILA represents a significant step forward
for Arabic AES, it has notable limitations. First,
LAILA was collected from students in a single coun-
try, Qatar, and specific grade levels, grades 10 to 12,
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which may limit its generalizability to other Arabic-
speaking populations due to diverse educational
systems. However, this concern is partially miti-
gated by Qatar’s large population of Arab expatri-
ates, resulting in student participants representing
a wide variety of Arabic dialects and backgrounds.
Second, LAILA includes only explanatory and per-
suasive writing prompts, limiting genre diversity
and potentially affecting model robustness across
other styles, such as narrative or descriptive writ-
ing. Third, two of the prompts (Prompts 3 and 4)
have fewer essays than the rest, which could intro-
duce imbalance and lead to skewed performance
in prompt-specific evaluations. Fourth, the rele-
vance trait is scored on a narrow scale from 0 to 2,
which limits the granularity of evaluation and may
cause QWK to underrepresent subtle differences in
model predictions. This restricted range likely con-
tributes to the lower performance scores observed
for the REL trait compared to others. Fifth, with
an average essay length of only 171 words, the
dataset lacks extended writing samples, restricting
the assessment of models on long-form academic
tasks requiring more complex, extended compo-
sitions. Finally, we acknowledge that the experi-
mental results reported in Table 5 do not aim to
exhaustively benchmark state-of-the-art AES mod-
els; rather, they serve as baseline performance for
LAILA. We emphasize that the primary contribu-
tion of this work lies in the construction and public
release of a large-scale Arabic AES dataset, rather
than in proposing novel AES model architectures.

Ethical Considerations

The collection of LAILA received approval from
an Institutional Review Board (IRB Number: QU-
IRB 159/2024-EA) and was conducted with in-
formed consent from both students and their legal
guardians. Essays were written under exam-style
supervised conditions, with participation entirely
voluntary and independent of students’ academic
evaluations or grades. To protect participant pri-
vacy, all submissions were assigned pre-generated
anonymous identifiers, and personally identifiable
information was systematically removed during
data cleaning. Annotation was conducted on a
platform that prevented annotators from access-
ing student identities or demographic information.
Essay prompts were carefully designed to be devel-
opmentally appropriate for the target age groups,
culturally relevant to the Arabic-speaking context,

and free of sensitive topics or potentially harmful
content. The dataset includes balanced gender rep-
resentation and covers grades 10-12.

All annotators were qualified Arabic language
educators who received fair compensation at
or above local professional rates. They com-
pleted structured training on annotation guidelines,
and inter-annotator disagreements were resolved
through systematic adjudication procedures. The
dataset will be released exclusively for research
and educational purposes in Arabic automated es-
say scoring. We explicitly prohibit its use for high-
stakes educational decisions affecting individual
students. Users must commit to: (1) preventing re-
identification attempts, (2) avoiding demographic
profiling or inference, and (3) refraining from de-
ployment in operational assessment contexts with-
out independent validation. We recommend that
any system developed using LAILA undergo fair-
ness auditing and stakeholder consultation before
real-world application.
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For annotating LAILA, we adopted the rubric from
the Core Academic Skills Test (CAST), which is
provided in Arabic, developed by the Qatar Univer-
sity Testing Center (QUTC).17 This rubric guided
scoring across 7 writing traits: relevance (REL), or-
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mar (GRA). An English-translated version of the
CAST rubric is presented in Table 6.
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testing-center/TestDevelopment/cast
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Trait 1 2 3 4 5
REL�éÊ�Ë@
¨ñ 	�ñÖÏAK.

Partially relevant to
the topic

Completely rele-
vant to the topic

ORG
É¾J
êË @
ÐAªË @

The introduction
and conclusion are
absent. There is
no organization or
sequence between
paragraphs.

Either the introduc-
tion or conclusion
is absent. There is
no organization or
sequence between
paragraphs.

The text is well-
organized and
contains an in-
troduction and
conclusion, but
the body has one
paragraph (or two
paragraphs) that
lacks good coher-
ence.

The text is well-
organized, contains
an appropriate intro-
duction and conclu-
sion, and has two
to three body para-
graphs that are se-
quential and coher-
ent.

The text is well-
organized and
contains an in-
troduction that
introduces the topic,
a conclusion that
effectively con-
cludes the text, and
two to three body
paragraphs that
are sequential and
well-connected.

VOC�H@XQ 	®ÖÏ @
Use of a limited
range of vocabulary
and phrases that do
not make sense to-
gether, with repe-
tition and lexical
errors, and gener-
ally inappropriate
vocabulary that ob-
scures meaning.

Use of a basic range
of vocabulary, with
repetition, lexical
errors, and many in-
appropriate choices
that may obscure
meaning.

Use a sufficient
range of vocabulary,
with some repe-
tition and lexical
errors, with a small
number of inappro-
priate vocabulary
that may obscure
meaning.

Use of a good and
appropriate range
of vocabulary with
few lexical errors,
inappropriate
choices without
affecting meaning,
and occasional
use of idiomatic
expressions.

Use of a broad, cor-
rect, and appropri-
ate range of vocab-
ulary with few er-
rors, showing good
knowledge of id-
iomatic expressions
and awareness of
implicit levels of
meaning.

STY
H. ñÊ�



B@

½�AÒ�JË @ð

ù


KA 	JJ. Ë @

The text employs
very basic linear
connecting words
such as "and" and
"then."

Discourse develops
as a simple list of
points using only
the most common
connections.

Discourse develops
directly as a linear
sequence of points
using common
structural cohesion
devices.

Discourse is clearly
developed with
main points sup-
ported by relevant
details, appropriate
use of different
organizational
patterns, and a
range of structural
cohesion devices.

Discourse is well
developed, with
good inclusion
of subtopics and
details and a good
conclusion, always
appropriate use of
a variety of orga-
nizational patterns,
and a wide range of
structural cohesion
devices.

DEV
Pñ¢��
PA¾ 	̄



B@

	àñÒ 	�ÖÏ @ð

Content is not re-
lated to the subject;
ideas are random
and lack coherence,
sequence, and evi-
dence.

Content is some-
what related; ideas
are sequential, but
the main idea dis-
appears during writ-
ing, limited cover-
age, and poor use
of supporting struc-
tures.

Content is com-
pletely related;
ideas mostly follow
sequence, the main
idea gradually
disappears, some
evidence is present
but disorganized.

Content is com-
pletely related;
ideas are clear,
organized, coherent,
with the main
idea connected to
sub-ideas, a specific
position adopted,
some arguments
and evidence pre-
sented coherently.

Content is com-
pletely related;
ideas are clear,
organized, coherent,
the main idea con-
nected to sub-ideas,
a specific position
adopted, arguments
and evidence pre-
sented coherently,
comprehensive
coverage of opin-
ions, and use of
various persuasive
methods.

MEC
ZCÓB
 @
Õæ

�̄Q��Ë @ð
��J
� 	��JË @ð

Limited application
of spelling rules.

Frequent spelling
and punctuation
errors.

Effectively applies
standard format-
ting, paragraphing,
spelling, and punc-
tuation most of the
time.

Effectively applies
standard format-
ting, paragraphing,
spelling, and punc-
tuation with few
errors.

Completely ac-
curate paragraph
organization,
punctuation, and
spelling, except for
a few pen slips.

GRA
ZA 	JJ. Ë @
I. J
» @Q

��Ë @ð

Use a limited set of
simple grammatical
structures and sen-
tence patterns with
little flexibility or
precision.

Correct use of some
simple structures
with frequent
systematic errors
that may obscure
meaning.

Use a variety of
grammatical struc-
tures, with notable
errors that can
sometimes obscure
meaning.

Good use of variety
of structures with
rare errors and mi-
nor imperfections
that do not affect
meaning.

Always correct
and flexible use
of a wide variety
of grammatical
constructions with
minor slips.

Note: A score of 0 is assigned if the student does not attempt the task, provides a response that falls below the
performance level described for score 1, or submits content that is not relevant to the topic of the given prompt.

Table 6: CAST Persuasive/Argumentative Writing Rubric - English Translation (Bashendy et al., 2024).
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Figure 4: Score distributions across prompts and traits in LAILA.

B Detailed Dataset Analysis

In this section, we present a detailed analysis of
score distributions and essay lengths in LAILA.

B.1 Score Distributions
Figure 4 presents the score distributions in LAILA
across 8 distinct prompts (P1–P8) and 7 writing
traits, including Relevance (REL), Organization
(ORG), Vocabulary (VOC), Style (STY), Devel-
opment (DEV), Mechanics (MEC), and Grammar
(GRA), alongside a Holistic (HOL) score represent-
ing the sum of all individual traits. All traits are
rated on a scale of 0–5, except REL, which ranges
from 0–2. Overall, most traits approximate a nor-
mal distribution with comparable patterns across
prompts, suggesting that essays’ quality remains
relatively stable regardless of the prompt topic.
However, variations emerge by prompt and trait.

For REL, distributions are consistently skewed
toward score 2 (the highest) across all prompts, in-
dicating that most students successfully addressed
the assigned task and produced strongly relevant es-
says. However, P1 and P5 display relatively higher
frequencies at score 0, compared to other prompts,

suggesting potential ambiguity in prompt wording
that may have limited clear interpretation. Notably,
both P1 and P5 are explanatory prompts, which
often allow greater flexibility in structure and con-
tent. This openness may have led to varied inter-
pretations among students and inconsistencies in
alignment with the intended prompt focus.

The distribution of ORG scores varies across
prompts but consistently peaks at score 3. P2 ex-
hibits a pronounced peak at 3, whereas P3 and P4
show a wider spread toward lower scores, suggest-
ing a weaker organizational structure in these es-
says. P5 and P6 display nearly identical, perfectly
bell-shaped distributions, while P7 and P8 are
skewed toward higher scores, reflecting stronger
organization. Similarly, the VOC and STY traits
generally follow comparable patterns, clustering
around scores 2–3 with a common peak at 3, in-
dicating that these dimensions present moderate
challenges for most students.

The DEV, MEC, and GRA traits exhibit broadly
comparable distributions across all prompts,
though with subtle variations. The DEV trait shows
distinct peaks at scores 2, 3, and 4, suggesting that
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the depth and elaboration of ideas vary depending
on the prompt. In contrast, the MEC and GRA
traits display closely aligned distributions, mirror-
ing each other across prompts, with their peaks
typically occurring at either score 2 or 3. This
close alignment suggests a strong association be-
tween grammatical accuracy and mechanical cor-
rectness, as essays with better grammar tend to
exhibit stronger adherence to writing conventions.

The HOL score, scaled up to 32, representing
the sum of individual trait scores, provides a com-
prehensive measure of overall performance. Its dis-
tribution roughly approximates a bell curve, reflect-
ing an overall normal pattern. However, prompt-
specific effects are evident: P1, P3, P4, and P6
exhibit roughly centered distributions, whereas P2,
P5, P7, and P8 are skewed toward higher scores,
suggesting that students generally performed bet-
ter on these prompts. This pattern indicates that
certain prompts may have been easier or allowed
for clearer demonstration of writing skills, while
others elicited more variable performance. Also,
it is worth noting that the scarcity of top scores
(24+ holistically) suggests a ceiling effect, where
achieving excellence demands strong performance
across all dimensions.

Finally, the close uniform patterns across traits
and prompts indicate a balanced scoring process,
highlighting the robustness of the rubric and mini-
mal influence from prompt variation or annotator
bias. This consistency supports the development of
generalized and robust Arabic AES models.

B.2 Essay Length

Figure 5 presents the distribution of essay lengths
(in words) across all prompts in LAILA dataset,
which contains a total of 7,859 essays. The data
exhibits a unimodal pattern centered around an av-
erage essay length of 171 words, with the majority
of essays concentrated between 90 and 210 words.
A pronounced peak occurs in the 150 to 180 word
range, where the count reaches its highest at 1,065
essays. Shorter essays are also represented, with
1,061 essays falling between 11 and 60 words. No-
tably, the minimum observed length is 11 words,
which results from the data cleaning step that ex-
cluded essays containing 10 words or fewer. Be-
yond 420 words, the frequency drops sharply, with
only a few essays exceeding 500 words, suggesting
that longer essays are less common in the dataset.
Overall, this distribution provides a clear view of
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Figure 5: Distribution of essay lengths in LAILA.

the typical essay length within LAILA dataset, high-
lighting a strong central tendency and a sharp drop-
off at the extremes.

C Implementation Details

In this section, we provide all the details of im-
plementation and hyperparameter tuning for all
the models used in the benchmarking experiments.
Model-specific parameters are summarized in Ta-
ble 7. All experiments were conducted on two
machines: one equipped with an NVIDIA RTX
A6000 GPU, and another with two NVIDIA A10
GPUs.

C.1 Feature-based Models

For the feature-based (FB) models, the architec-
tures and hyperparameter configurations were kept
consistent across both the prompt-specific and
cross-prompt setups. We used the sklearn library18

for Linear Regression (LR) and Random Forest
(RF) models, and the XGBoost library19 for the Ex-
treme Gradient Boosting (XGB) model. The Neu-
ral Network (NN) model followed the architecture
described by Li and Ng (2024), consisting of two
hidden layers with ReLU activations and a sigmoid
output layer, implemented in PyTorch. For the NN,
the number of epochs was fixed at 50 with early
stopping, setting patience to 7, and checkpointing
the best epoch during hyperparameter tuning for
final model training.

For all the FB models, feature selection was per-
formed on the training set during hyperparameter
tuning, with threshold values of [0, 0.1, 0.2, 0.3,
0.4, 0.5, 0.6], where 0 corresponds to using all
features.

18https://scikit-learn.org/
19https://xgboost.readthedocs.io/en/stable/
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Model Hyperparameter Name Value
RF Max depth [3-10] with a step of 1

Max features [0.1-0.9] with a step of 0.1
Max samples [0.1-0.9] with a step of 0.1

XGB Max depth [3, 6, 9]
Learning rate [0.01, 0.1, 0.2]
Subsample [0.8, 0.9, 1.0]
feature subsampling rate per tree [0.8, 0.9, 1.0]
Number of estimators [100, 200, 300]

NN Hidden layer widths [64, 128, 256]
Dropout rate 0.3
Learning rate [1e-5, 1e-4, 1e-3]
Batch size 16

AraT5 Learning rate [5e-5, 1e-4, 2e-4]
Batch size 4

AraBERT Batch size 8
Encoder learning rate [1e-6, 2e-6, 5e-6]
Dense-layers learning rate [5e-5, 1e-4, 2e-4]
Number of trainable layers [2, 4, 8, ’all’]

ProTACT Learning rate [1e-5, 1e-4, 1e-3]
Trait similarity loss threshold [0.5, 0.6, 0.7]
Batch size 16
Alpha 0.7
LSTM units 32
Self-attention heads 4
CNN filters 100
CNN kernel size 3
Dropout rate 0.5

MOOSE Learning rate [1e-4, 2e-5]
Hidden dimensions 256
Batch size 8
Weight decay 0.001
Alpha 0.7
Epochs 14
Chunk sizes [10,30,90,130]
Dropout rate 0.5

Table 7: Model-specific hyperparameters

C.2 Encoder-based Models

C.2.1 AraT5

Motivated by the strong performance of the T5
model in prompt-specific English AES, we fine-
tuned the AraT5 model using a similar setup to the
ArTS model (Do et al., 2024). The AES task is
formulated as a text generation problem, where the
model predicts the trait scores sequentially. The in-
put to the model consisted of an instruction to score
the essay along with the essay text, and the model
was fine-tuned to generate the trait names followed
by their corresponding scores. The prediction order
of the traits was aligned with the rubric to reflect
the scoring order followed by human annotators.

Our setup differs from ArTS in data splitting:
while their training and testing data included essays
from all prompts (with a single model trained on
all prompts), we adopted the conventional prompt-
specific setup, training a separate model for each
prompt using our predefined dataset splits.

For training, we used Seq2SeqTrainer20 from the
transformers library. For hyperparameter tuning,
we explored the learning rates in the range [5e-5,
1e-4, 2e-4]. Other hyperparameters followed the
configuration of (Do et al., 2024), with a batch size
of 4 and a maximum of 15 epochs. Early stopping
was applied based on the average QWK score on
the development set.

C.2.2 AraBERT
AraBERT is used as a baseline for the prompt-
specific and cross-prompt setups using the same
architecture and hyperparameter search space. The
model is fine-tuned with a custom regression head
and combined with handcrafted features for trait
scoring. The essay and prompt were provided as
input to the encoder, with the max-pooled token
representation concatenated with the handcrafted
features. The resulting vector was then fed into
eight parallel regression heads, each corresponding

20https://huggingface.co/docs/transformers/en/
main_classes/trainer#transformers.Seq2SeqTrainer
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to a single trait score. Sigmoid activation is used
at the output layer to produce values in the range
[0, 1], which were subsequently rescaled to the
appropriate range for each trait.

For hyperparameter tuning, the learning rates
for the encoder layers and the regression head are
tuned separately to better accommodate the larger
dataset, with a weight decay of 0.01. In addition,
we tuned the number of trainable layers, with val-
ues of [2, 4, 8, all], where ‘all’ corresponds to
training all encoder layers. For the feature selec-
tion threshold, we used the same search space as
that used with the FB models. These configura-
tions were considered better suited to the dataset,
mitigating training instabilities.

C.2.3 ProTACT
For ProTACT, we used the official implementation
released by the authors.21 Essay representations
were constructed using CNNs and LSTMs over
Part-of-speech (POS) embeddings, while prompt
representations combined POS and pre-trained
GloVe embeddings. A multi-head attention mech-
anism was applied to obtain prompt-aware essay
representations, which were then concatenated with
handcrafted features and passed through a linear
layer for scoring. The architecture was adapted
for Arabic by replacing GloVe with AraVec em-
beddings (Mohammad et al., 2017).22 POS embed-
dings were extracted using Camel Tools.23

For hyperparameter tuning, we adopted the same
search spaces for learning rate and feature selec-
tion threshold as in the NN model, while addition-
ally tuning the trait similarity loss threshold. All
other parameters were kept consistent with those
reported in the original study, including embed-
ding dimension, maximum essay length, maximum
prompt length, LSTM units, self-attention heads,
CNN filters, and kernel size.

C.2.4 MOOSE
For MOOSE, we used the official implementa-
tion released by the authors.24 The architecture
was adapted for Arabic by replacing BERT with
AraBERT (Antoun et al., 2020). Specifically, in
the preprocessing stage, AraBERTv0225 was used
only for tokenization and input encoding, while

21https://github.com/doheejin/ProTACT
22https://github.com/bakrianoo/aravec
23https://camel-tools.readthedocs.io/
24https://github.com/antslabtw/MOOSE-AES
25https://huggingface.co/aubmindlab/

bert-base-arabertv02
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Figure 6: An example of the LLM-prompt used in the
few-shot setup, containing the base instructions, the
input format, the 5-shot examples, and the input essay
for scoring. For the zero-shot setup, the 5-shot examples
are removed, and all trait rubrics are included instead.

the finetuned model for the scoring task used
AraBERTv01.26 This design choice was guided
by empirical validation: we experimented with us-
ing AraBERTv01 and AraBERTv02 consistently
for both preprocessing and modeling, as well as
with mixed configurations, and found that using
AraBERTv02 for tokenization and input encoding
while finetuning AraBERTv01 for scoring yielded
the best performance on the development set, thus
it was adopted. For the incorporated features, We
implemented the handcrafted features introduced
by Sayed et al. (2025) for Arabic AES, without
applying any feature selection step.

For hyperparameter tuning, the learning rate was
tuned over the values 1e-4 and 2e-5, while all
other parameters were kept consistent with those
reported in the original study. Training was per-
formed with a batch size of 8 for a maximum of 14
epochs, and no early stopping was applied.

C.3 LLMs

The selection of the LLMs was based on the Open
Arabic LLM Leaderboard,27 where we selected

26https://huggingface.co/aubmindlab/
bert-base-arabertv01

27Open-Arabic-LLM-Leaderboard
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the top 3 Arabic-centric open-weight models, at
the time of the experiments, with a number of pa-
rameters < 10B. The selected models are: Fanar,28

Command R7B Arabic,29 and ALLaM.30

We evaluated the models under zero-shot and
few-shot prompting. Figure 6 illustrates the prompt
adopted for our LLM scoring experiments. In the
zero-shot setting, the LLM is tasked with generat-
ing trait scores in JSON format, given the prompt
text, essay, and trait rubrics. The holistic score was
computed as the sum of the individual trait scores.
In the few-shot setting, the rubric was omitted, as
the meaning of the scores could be inferred from
the examples. The number of examples was fixed to
5, balancing scoring context with the context length
limit (4096 tokens). When a prompt exceeded this
limit, we iteratively removed examples until it fit.
Although Command-R7B supports a larger context
length, we fixed the number of examples to 5 to
ensure fair comparison across LLMs.

In the prompt-specific setup, few-shot examples
are selected from the same prompt. In the cross-
prompt setup, examples are selected from different
source prompts, ensuring that each comes from
a distinct training prompt to expose the model to
varied contexts. To account for variability in exam-
ple selection, each experiment was repeated three
times with random seeds 1, 11, and 42, and we
report the average performance across runs. For
all the LLM experiments, we used vLLM31 for in-
ference with the outlines library32 to enforce the
JSON output format.

28Fanar-1-9B-Instruct
29Command-R7b-Arabic
30ALLaM-7B-Instruct-preview
31https://docs.vllm.ai
32https://dottxt-ai.github.io/outlines/latest/
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