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Abstract

Automated Essay Scoring (AES) fundamen-
tally depends on high-quality annotated data,
yet systematic approaches to developing anno-
tation guidelines remain largely undocumented,
especially for Arabic. We present a compre-
hensive methodology for trait-based Arabic
AES annotation, applied to build a dataset
of 7,859 essays by high school students an-
notated across seven writing traits, achieving
substantial inter-annotator agreement (QWK:
0.66-0.75). Our methodology encompasses:
(1) a seven-dimensional scoring framework
grounded in Arabic linguistic and rhetorical
conventions; (2) over 25 pages of Arabic-
language guidelines with terminology unifica-
tion, text-type-specific scoring descriptors, and
annotated student examples; (3) a multi-stage
training protocol that raised annotator agree-
ment before production began; and (4) quality
assurance mechanisms, including dual annota-
tion and supervisor adjudication. We release
all materials publicly, providing both a vali-
dated foundation for Arabic AES research and a
replicable template for annotation guideline de-
velopment in other morphologically complex,
under-resourced languages

1 Introduction

Automated Essay Scoring (AES) has emerged as
a critical NLP application enabling scalable writ-
ing assessment. While significant progress has
been made for English (Mathias and Bhattacharyya,
2018; Crossley et al., 2023b), its efficiency fun-
damentally depends on the quality of the human-
annotated data used for model training. In practice,
this quality is shaped by the extent to which human
evaluators achieve objectivity, accuracy, and inter-
rater reliability. Essay assessment, by its nature, in-
volves subjective judgment and interpretation, mak-
ing it inherently difficult to ensure consistency and
precision across raters. These challenges are fur-
ther amplified in multi-trait scoring settings, where

evaluators must simultaneously assess multiple di-
mensions of writing quality, increasing cognitive
load and the potential for inconsistency. Ensuring
the reliability and validity of the resulting scores re-
mains a persistent challenge. This problem is espe-
cially pronounced for Arabic, an under-resourced
language with distinct morphological, syntactic,
and rhetorical characteristics that complicate both
writing assessment and annotation guideline design.
In such contexts, annotation is not merely a label-
ing task, but a structured reasoning process that
must be explicitly supported to achieve consistent
and reliable outcomes.

Arabic AES research faces particular challenges:
scarcity of annotated datasets, the lack of estab-
lished annotation protocols (Bashendy et al., 2024),
and the inherent linguistic complexity of Mod-
ern Standard Arabic (MSA). MSA exhibits com-
plex morphological agreement, flexible word or-
der, and a rich system of cohesive devices that do
not map onto frameworks developed for European
languages. Existing Arabic AES datasets provide
limited annotation documentation (Habash and Pal-
freyman, 2022), making replication and adaptation
difficult. Annotators must distinguish subtle gra-
dations - such as the difference between surface
Arabic cohesive devices (ida= laily ) and deep

lexical cohesion (_semas Loy 3), while maintaining

consistency across thousands of essays. Without
systematic, Arabic-specific guidelines, this leads
to low inter-annotator agreement and unreliable
training data.

This paper presents a comprehensive methodol-
ogy for developing annotation guidelines for trait-
based Arabic AES, applied to build a large-scale
Arabic essay dataset comprising 7,859 essays from
4,372 highschool students across 24 schools in
an Arab country (Bashendy et al., 2025b). While
the individual components of our approach (multi-
stage annotator training, dual annotation, calibra-
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tion sessions) reflect established best practices
in annotation methodology (Artstein and Poesio,
2008; Williamson et al., 2012), their systematic
adaptation to Arabic presents non-trivial challenges.
Arabic-specific morphology, cohesive conventions,
and rhetorical norms require decisions that cannot
be derived from existing frameworks developed
for English or other languages. Our core contribu-
tion is therefore the principled, documented opera-
tionalization of these practices for Arabic academic
writing. Concretely, we contribute:

1. A seven-dimensional scoring framework
grounded in Arabic linguistic and rhetorical
conventions, with observable, Arabic-specific
indicators replacing vague criteria (e.g., topic
sentences &ss.>9l! Jodlas a proxy for orga-
nization);

2. Over 25 pages of annotation guidelines writ-
ten entirely in Arabic, including a terminology
unification section, text-type-specific scoring
descriptors, and annotated student writing ex-
amples at each score level, none of which exist
for Arabic AES in prior work;

3. A multi-stage training protocol with calibra-
tion providing evidence for each training deci-
sion rather than reporting protocol as a black
box;

4. Quality assurance mechanisms adapted to the
Arabic context, including adjudication proto-
cols for code-switching and Al-generated text
specific to MSA student writing; and

5. Full public release of all materials to enable
direct replication and adaptation.

2 Related Work

AES Annotation Frameworks. English AES
benefits from well-established datasets such as
ASAP (Mathias and Bhattacharyya, 2018), EL-
LIPSE (Crossley et al, 2023a), and PER-
SUADE (Crossley et al., 2023b), but these provide
limited documentation of annotation development.
Cross-lingual frameworks such as TCFLE-8 for
French (Wilkens et al., 2023), MERLIN for Euro-
pean languages (Boyd et al., 2014), and ACEA for
Chinese (He et al., 2022) offer holistic assessments
but lack trait-level granularity. None addresses Ara-
bic academic writing, its morphological richness,
or Arabic rhetorical conventions.

Annotation Guideline Development. Best prac-
tices for subjective NLP annotation emphasize
clear definitions, concrete examples, and itera-
tive refinement (Artstein and Poesio, 2008). De-
tailed rubrics, borderline-case training, and multi-
ple pilot rounds are essential (Fort et al., 2011).
In educational assessment, high inter-rater reli-
ability requires extensive training and calibra-
tion (Williamson et al., 2012), with feedback and
group discussion significantly improving agree-
ment (Landis and Koch, 1977).

Arabic AES and Annotation. Arabic AES has
been constrained by limited annotated data. ZAE-
BUC (Habash and Palfreyman, 2022) provides
linguistic annotations but lacks trait-specific la-
bels. QAES (Bashendy et al., 2024) introduced
trait annotations at small scale (195 essays). The
TAQEEM shared task (Bashendy et al., 2025a)
focuses on dataset release rather than annotation
methodology. To the best of our knowledge,
no prior work has published Arabic annotation
guidelines accounting for the full range of Arabic-
specific writing features.

3 Annotation Framework Design

We designed a scoring framework that reflects the
linguistic and rhetorical characteristics of Arabic
academic writing, rather than adapting existing
frameworks developed for other languages.

3.1 Design Principles

Our framework was guided by six principles:
(1) trait-based assessment; (2) text-type differ-
entiation between expository (s awa ai) and

persuasive (U:L..e;\ u=) writing; (3) clear Ara-
bic operatioflalization, replacing vague criteria
like “good organization” with observable indi-
cators such as topic sentences (492 j,l\ dad l);
(4) granular but manageable scales; (5) evidence-
based scoring requiring textual justification; and
(6) cultural and linguistic appropriateness for
MSA norms and Arabic cohesive mechanisms,
including reference (d\=Yl), ellipsis/deletion

(234 1), substitution (d‘.u_}“), and lexical cohe-
sion (dg_ul\ Loy L.

3.2 Seven-Dimensional Scoring Framework

Table 1 summarizes our seven traits, adopted from
the Core Academic Skills Test rubric (Bashendy
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Trait Scale Description

REL 0-2  Relevance to Arabic prompt
topic

ORG  0-5  Structure per Arabic essay
conventions

VOC 0-5  Arabic lexical range, preci-
sion, MSA use

STY 0-5  Arabic cohesive devices &
discourse patterns

DEV 0-5 Idea clarity, evidence, argu-
ment quality

MEC  0-5 Arabic spelling (;>\aj), punc-
tuation ( 3 )

GRA 0-5 Syntactic variety & Arabic
grammatical accuracy

HOL 0-32  Sum of all trait scores

Table 1: Seven-dimensional scoring framework. REL
uses a 3-point scale; all other traits use 6-point scales
(0-5). HOL is the sum of all traits.

et al., 2025b) and adapted for Arabic academic
writing at the high-school level (grades 10-12).

VOC distinguishes limited vocabulary
(39a=d! sall) from rich MSA usage, penal-

izing three error types: semantic mismatch

(QYs {ld) e & Jla=l),  collocation  er-
rors (el LSRN sUaSri), and filler words
(4 gt WY, while rewarding idiomatic
expressions (i=>Maw¥l & lawdl) and implicit

meaning (g'w'aﬂ d.\.'.«“).

STY evaluates Arabic linear cohesion
(k! lyly J) via four mechanisms: refer-

encing (d=Yl), connective tools (Q‘j:‘ﬁ\),
deletion (334)), and substitution (Jla¥D);
and lexical cohesion (@,’uﬂ 1Y) through

repetition, synonymy, antonymy, and semantic
field. The guidelines enumerate six Arabic

organizational Y o0 L.
cause-effect, compare-contrast, classification,
chronological, interpretation, and pros-cons.

MEC covers Arabic-specific orthographic er-

rors: hamza confusion (j /! g_bﬂj Cw\ 350m),
ta marbuta confusion (s\gly &oys 11 <), and ya

vs. alif magsura (3, guail| ;Al:)“j W,

patterns

GRA distinguishes
structures( lacwd! oS LAN)

Arabic
syntactic

simple
from

variety (;5“{ A ¢ '¢<J)) including conditional, rela-

tive, and parenthetlcal constructions. If REL = 0,
all other traits are automatically scored 0.

3.3 Expository vs. Persuasive Differentiation

The most critical design decision was distinguish-
ing evaluation criteria for the two text types. Arabic
expository writing demands neutrality and objec-
tivity ({92909 5L>), while persuasive writing

requires a clear position ( 6‘\5 2940) supported
by evidence and rhetorical technique.

For DEV, expository essays are evaluated on
clarity of explanation, depth of analysis, and ob-
jectivity ( sawzd! sLd). The guidelines warn
annotators that first-person phrases “I believe’
(s j‘ Ui), and “we should” (Lls ) consti-
tute a deficiency in expository writing. Persua-
sive essays are evaluated on consistency of po-
sition, argument strength, evidence quality, per-
suasive techniques (4sl3Y| ;_,‘,_JL;\H), and ac-

knowledgment plus refutation of counterarguments

(@l Y s 0.

’

4 Guideline Development

Translating the scoring framework into a usable
annotation instrument required an iterative develop-
ment process grounded in authentic Arabic student
writing, expert consensus, and empirical piloting.

4.1 Development Process

Guideline development proceeded through six
phases over four months: (1) Rubric adoption
(Weeks 1 - 2); (2) Arabic-specific adaptation for
Style and Development (Weeks 3 - 4); (3) Expert
exemplar development with two Arabic educators
independently annotating 60 essays to consensus
(Weeks 5 - 8); (4) Guidebook drafting in Arabic
(Weeks 9 - 12); (5) External blind review by an Ara-
bic language pedagogy expert, who evaluated the
guidelines and provided structured evaluation lead-
ing to iterative revisions (Weeks 13 - 14); and (6)
Pilot testing and refinement with three annotators
on a subset of 20 essays (Weeks 15 - 16).

4.2 Guideline Components

The final guidebook, written entirely in Arabic to
eliminate translation ambiguity and to ensure that
annotators engage with scoring criteria in the same
language as the essays they evaluate, comprises
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four components: Conceptual Foundations, Scor-
ing Descriptors, Annotated Arabic Examples, and
Edge Case Protocols.

Conceptual Foundations The guidebook
opens with a terminology unification section
(oldlaally aalall u>g5). Text type defini-
tions provide full Arabic characterizations of
expository and persuasive writing with a compar-
ison table and multiple Arabic student writing
examples. Vocabulary terminology (!> 2ll)

defines all error types, idiomatic expressions,
and implicit meaning, each illustrated with
authentic student Arabic. Style and cohesion
terminology ( JlJ! eluladly O j.L.:\N) defines
all four linear cohesion mechanisms and all six
organizational patterns with Arabic examples
and characteristic connective words. Grammar
terminology (.5 131y <)) distinguishes simple
from complex Arabic structures.

Scoring Descriptors For each trait and score
level, we provide detailed Arabic descriptors de-
rived from the original rubrics, organized into three
complementary components: descriptor, perfor-
mance characteristics, and illustrative example. As
shown in Table 2, this structure specifies observ-
able and measurable criteria while grounding them
in representative examples of expected student re-
sponses, enabling annotators to anchor their judg-
ments in concrete textual evidence. In addition, tar-
geted guidance notes are included following each
score level to support consistent interpretation of
the criteria and to resolve potential ambiguities dur-
ing scoring. This layered design; combining rubric-
based descriptors, explicit performance features, il-
lustrative examples, and practical annotation notes;
aims to enhance clarity, reduce subjectivity, and
improve inter-rater consistency by operationaliz-
ing abstract scoring criteria into interpretable and
actionable annotation decisions.

Annotated Arabic Examples The guidebook in-
cludes multiple expert-annotated Arabic essays at
each score level, covering both text types. Each ex-
ample provides the complete Arabic text, all seven
trait scores, and Arabic-language justifications with
highlighted key features. Figure 1 in the Appendix
shows a real annotated essay from the dataset for
an expository prompt (P7: “Staying Up Late™), il-
lustrating how the scoring descriptors are applied
in practice.

Edge Case Protocols The guidebook provides
explicit protocols for: copied or AI-generated text
(score as written); code-switching between MSA
and colloquial Arabic or English (score MSA por-
tions; heavy non-Arabic content may affect REL
and VOC); very short essays (<50 words; score
on what is present); and error-dense text (score on
what can be understood). Annotators are reminded
that traits are independent: correct Arabic spelling
does not compensate for weak content.

A recurring challenge is the use of Ara-
bic enumeration markers (L\oi ly z[yb N ;\) alone.
Through calibration, guidelines were clarified to
specify that ORG requires both structural elements

and meaningful thematic connections, as shown in
the Score 5 justification in Figure 1.

4.3 Addressing Subjectivity

We employed four Arabic-specific strategies to min-
imize annotator bias: (1) evaluate each trait inde-
pendently to avoid halo effects from ornate Arabic
style; (2) avoid over relying on essay length or
classical Arabic expressions in isolation; (3) apply
opposite standards for DEV depending on text type,
rewarding objectivity in expository and position-
taking in persuasive; and (4) provide diverse Arabic
exemplars at each score level to illustrate multiple
paths to the same score.

S Annotator Training Protocol

Our five-stage protocol was implemented over four
weeks before production annotation began.

Stage 1 — Conceptual Training (Week 1): Joint
review of the Arabic guidebook, discussion of text-
type distinctions with Arabic examples, examina-
tion of trait descriptors, and group exercises identi-
fying Arabic features in sample essays.

Stage 2 — Expert Model Exposure (Week 2):
Review of 8 expert-annotated Arabic essays (4
expository, 4 persuasive). Supervisors explained
score assignments; discussion focused on adjacent
score levels and borderline cases, e.g., distinguish-

ing surface connectors (la J” Q‘j;‘) from genuine

structural cohesion.

Stage 3 — Independent Practice (Week 3): Each
annotator independently scored 12 Arabic practice
essays (6 per text type) without access to expert
scores, generating diagnostic data on individual
understanding of Arabic-specific criteria.
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Descriptor

Performance Characteristics

Illustrative Example

Score

Intro and conclusion absent.
No organization or logical se-
quence. Ideas random or dis-
connected.

Either intro or conclusion ab-
sent. Paragraphs lack logical
progression. Weak organiza-
tion attempt.

Both intro and conclusion
present, but 1-2 body para-
graphs lack coherence or con-
nection to main idea.

Appropriate intro and conclu-
sion. 2-3 sequential, coherent
body paragraphs. Minor tran-
sition issues only.

Effective intro, strong con-
clusion, 2-3 body paragraphs
with clear topic sentences and
smooth transitions.

No clear introduction or conclusion.
The text consists of a single para-
graph or several unstructured sen-
tences. Ideas are presented without
sequence or connectors.

Only one of the introduction or
conclusion is present; the other is
completely absent or non-functional.
The body consists of weakly
connected or non-sequential para-
graphs.

Both introduction and conclusion
are present, but not highly effective.
The body includes one or two para-
graphs with some coherence, though
sequencing is weak or sometimes ab-
sent.

The introduction effectively intro-
duces the topic and presents the
main idea. The body is divided into
clear paragraphs with logical pro-
gression and gradual development
of ideas. The conclusion is appropri-
ate and summarizes the points with-
out repetition.

The introduction is direct and engag-
ing (e.g., starts with a question, fact,
or quotation). The body presents
fully developed and interconnected
ideas using cohesive devices. The
conclusion provides a general in-
sight or recommendation that high-
lights the discussion.

The student begins directly with: “People buy
things online” (! oo O Ay u,«wl), then
lists benefits in a scattered manner, with no end-
ing.

The student writes a general introduction
such as: ”Online shopping is beneficial”

(Ao (39 AN 61,20, then presents one or

two ideas without clear connection or progres-
sion, ending with an incomplete phrase such as:

”and so on” (L\KAJ).

The introduction presents the topic in general
terms; the paragraphs discuss two reasons for the
phenomenon, but the connection between them
is unclear; the conclusion repeats the initial idea
without drawing a conclusion.

The student begins with an introduction such as:
”With technological advancement, e-commerce

has become a necessity” (« L ¢} ! | glal -

presents multiple reasons, each in a separate
paragraph, and concludes with a sentence em-

phasizing the importance of the phenomenon.

The student begins with: “Can we imag-
ine a world without online stores?”

(299 A) ke Sy Ul 3w ol Ke o),

develops paragraphs explaining the rea-
sons for its spread in an organized man-
ner, and concludes with: ”Therefore,

e-commerce is no longer an option, but

a  necessity” (439 AN §)ladl ()l (N
59,02 bl a (D-

Table 2: Organization (ORG) scoring descriptors (translated from Arabic).

5.1 Annotators

Stage 4 — Calibration and Discussion (Week 4):
Calculation of individual agreement with expert
scores; group discussion of high-disagreement Ara-
bic cases; re-scoring of 4 essays together. A con-
crete calibration finding was the early confusion
about enumeration markers: annotators initially
awarded ORG = 5 for essays using “first, second,

finally” (L\pi <L.»L N ji) without thematic para-
graph development; calibration established that

such essays should receive ORG = 3-4 depending
on paragraph coherence.

Stage S — Monitored Production (ongoing): An-
notation production with dual annotation, weekly
calibration sessions on challenging cases, and ran-
dom control essay insertion (see Section 6).

The annotation team consisted of six annotators
and three supervisors. All members of the team
were Arabic language teachers or lecturers with
formal training in Arabic language education. Five
members of the team held advanced degrees (MSc
or PhD) in Arabic language or linguistics.

Annotators were responsible for the primary es-
say scoring tasks, while supervisors oversaw an-
notator training, quality assurance procedures, and
dispute resolution during the annotation process.
Supervisors also conducted periodic calibration ses-
sions and monitored annotation quality through
control essays and adjudication reviews.
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5.2 Annotation Guidelines

All essays in the dataset were evaluated using
the Core Academic Skills Test rubric developed
by the Qatar University Testing Center (QUTC)'.
The rubric evaluates seven writing traits: Rele-
vance (REL), Organization (ORG), Vocabulary
(VOO), Style (STY), Development (DEV), Me-
chanics (MEC), and Grammar (GRA). In addition,
a Holistic score (HOL) was computed as the sum
of the individual trait scores.

Six traits (ORG, VOC, STY, DEV, MEC, GRA)
were rated on a 6-point scale (0 = lowest, 5 = high-
est), while Relevance (REL) was rated on a 3-point
scale (0 = not relevant, 1 = partially relevant, 2 =
fully relevant). If an essay received a REL score of
0, all remaining trait scores were automatically set
to 0, since responses that do not address the prompt
are not subject to further evaluation.

To ensure consistent interpretation of the rubric,
two supervisors developed a comprehensive anno-
tation guidebook containing detailed scoring termi-
nology, annotated examples, and practice exercises
for each prompt type.> Annotators were required
to review the guidebook and complete structured
training sessions before beginning annotation pro-
duction.

Following training, moderation sessions were
conducted in which annotators jointly reviewed
sample essays, discussed scoring discrepancies,
and harmonized interpretations of the rubric. These
sessions ensured consistent application of the
rubric across the annotation team before large-scale
annotation began.

6 Quality Assurance Mechanisms

To ensure annotation reliability, we implemented
several quality assurance procedures supervised by
the senior annotation team.

Dual Annotation. Every essay was indepen-
dently scored by two annotators (R1 and R2) under
blind conditions using the Assessment Gourmet
Platform?, which anonymized student identity and
prevented annotators from seeing each other’s
scores.

Discrepancy Resolution. If the difference be-
tween the two holistic scores (HOL) was less than

'https://www.qu.edu.qga/sites/en_US/
testing-center/TestDevelopment/cast

>The full annotation guidelines are available at:
https://gitlab.com/bigirqu/laila/-/raw/

main/rubrics/annotation_guidebook.pdf
*https://g-assess.com/

P# Type Essays AvgLen R3%
P1 Sports EXP 1,122 162 10.4
P2 Social Media PER 1,168 175 15.5
P3 Technology PER 521 159 9.4
P4 Communication PER 500 152 15.0
P5 Heritage EXP 1,181 157 23.3
P6 Homework PER 1,162 160 20.3
P7 Staying Up EXP 1,143 202 10.6
P8 Video Games PER 1,062 186 15.7
Total 7,859 171 15.7
Table 3: Dataset statistics. EXP/PER = exposi-

tory/persuasive. R3% =percentage of essays requiring
supervisor adjudication.

6 points (approximately 19% of the maximum pos-
sible score of 32), the scores were averaged. Larger
discrepancies (> 6 points) were escalated to a su-
pervising annotator (R3), who performed adjudica-
tion and provided written feedback to the original
annotators. This process served both as conflict
resolution and as an ongoing learning mechanism.

Overall, 15.7% of essays required supervisor
adjudication (range: 10.4%—-23.3% depending on
the prompt), as reported in Table 3.

Control Essay Monitoring. Approximately 5%
of the essays assigned to each annotator were pre-
scored expert control essays inserted without the
annotator’s knowledge. Inter-annotator agreement
was monitored using Quadratic Weighted Kappa
(QWK). If an annotator’s QWK dropped below
0.60 over any 20-essay window, annotation was
paused and additional calibration training was con-
ducted with supervisors.

7 Results

We report results across two dimensions: the op-
erational characteristics of the annotation process
itself, and the inter-annotator agreement achieved
under the finalized methodology.

7.1 Application Context

The methodology was applied to build an Arabic
Automatic Essay Scoring dataset (Bashendy et al.,
2025b): 7,859 essays by 4,372 high school students
across 8 prompts (3 expository, 5 persuasive), an-
notated over one academic year by 6 annotators
under 3 senior supervisors. Table 3 summarizes
prompt-level statistics.

Adjudication patterns. Overall, 15.7% of es-
says required supervisor adjudication (R3), rang-
ing from 10.4% (P1,Sports) to 23.3% (PS5, Her-
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Trait P1 P2 P3 P4 P5 P6 P7 P8

REL .79 .60 .67 .59 58 .68 .75 .77
ORG 78 72 83 77 74 78 77 .8
voc 74 71 g6 .69 71 75 79 .80
STy 74 71 76 72 60 .71 .68 .72
DEV .79 64 58 66 70 .72 71 .55
MEC .69 .65 .77 72 58 65 .69 .70
GRA 71 65 77 770 70 73 .67 .61

Avg J5 67 73 .69 66 72 .72 .70

Table 4: Inter-annotator agreement (QWK) by prompt
and trait. The majority of values fall in the substantial
range (0.61-0.80); moderate values (<0.61) occur in
nine prompt—trait cells, concentrated in REL and DEV
across semantically open prompts (P2, P4, PS).

itage). This variation is not random: adjudica-
tion rates correlate with prompt framing breadth.
Narrowly framed prompts with concrete phenom-
ena (P1 Sports, P7 Staying Up Late) produced the
lowest adjudication rates (10.4% and 10.6%), as
the essay topic constrained valid interpretations
of REL and DEV. Broadly framed prompts admit-
ting diverse valid positions (P5 Heritage: “balance
between heritage and modernity”) drove higher
disagreement, confirming that prompt design is a
significant but often overlooked source of annota-
tion variance. We recommend pilot-testing prompts
on a small essay sample and targeting adjudication
rates below 15% as an indicator of adequate prompt
specificity before large-scale annotation.

7.2 Inter-Annotator Agreement

We measured agreement between R1 and R2 (be-
fore adjudication) using Quadratic Weighted Kappa
(QWK) following (Landis and Koch, 1977): <0.40
(poor), 0.40-0.60 (moderate), 0.61-0.80 (substan-
tial), 0.81-1.00 (almost perfect). QWK is particu-
larly appropriate for ordinal scales such as ours, as
it penalizes disagreements proportionally to their
distance on the scale, making it more sensitive than
simple percent agreement for detecting systematic
annotator bias.

Table 4 shows that the methodology achieved
substantial agreement (>0.61) in the large majority
of prompt—trait combinations, with an overall aver-
age QWK of 0.71. Nine cells fall into the moderate
range (<0.61): these are not distributed randomly
but cluster in two traits (REL and DEV) and three
prompts (P2, P4, P5), all of which involve per-
suasive writing on open-ended social topics. This
pattern is theoretically coherent: both REL and
DEV require annotators to exercise semantic judg-

ment about argument quality and topical relevance,
precisely the dimensions most sensitive to prompt
framing.

Across traits, ORG achieved the highest aver-
age agreement (0.77), with no prompt falling be-
low 0.72. This is consistent with our design de-
cision to anchor ORG descriptors in structurally
observable Arabic features; presence of introduc-
tion and conclusion, paragraph count, and explicit
topic sentences; which leave less room for subjec-
tive interpretation. At the other end, DEV showed
the highest variance across prompts (range: 0.55—
0.79), reflecting the inherent difficulty of opera-
tionalizing Arabic argumentation quality, where
annotators must assess not only what claims are
made but whether evidence is culturally appro-
priate and rhetorically effective by MSA norms.
The low DEV agreement on P8 (Video Games,
0.55) and P3 (Technology, 0.58) warrants attention:
both are persuasive prompts on technology topics
where student essays frequently blurred the bound-
ary between anecdotal opinion and substantiated
argument, a distinction our guidelines address but
which remains challenging to apply consistently.

REL shows the widest prompt-level range of
any trait (0.58-0.79), a finding that directly in-
forms prompt design: prompts receiving lower
REL agreement (P4: 0.59, P5: 0.58) are precisely
those with broader, more abstractly framed topics,
where the threshold for “partial relevance” (REL
= 1) versus “full relevance” (REL = 2) is harder to
determine. This suggests that REL agreement is as
much a function of prompt specificity as of guide-
line quality, and future work should consider tight-
ening prompt framing as a complementary strategy
to guideline refinement.

7.3 Agreement Patterns

Trait-level variation. ORG achieved the highest
average agreement (0.77), with no prompt falling
below 0.72. This consistency reflects our design
decision to anchor ORG descriptors in structurally
observable Arabic features; presence of introduc-
tion and conclusion, paragraph count, and explicit
topic sentences; which can be verified directly
against the essay text and generalize well across
both text types. DEV showed the lowest average
agreement (0.66) and the highest variance across
prompts (range: 0.55 - 0.79), reflecting the inherent
subjectivity of judging Arabic argumentation qual-
ity - consistent with the prior educational assess-
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ment literature (Williamson et al., 2012). The two
lowest individual DEV values occur on persuasive
prompts (P8: 0.55; P3: 0.58), where student essays
frequently blurred the boundary between anecdotal
opinion and substantiated argument. The correla-
tion between DEV agreement and adjudication rate
further supports this: prompts with higher R3%
(e.g., P5 at 23.3%) consistently show lower DEV
agreement in Table 3, suggesting that semantic trait
subjectivity and prompt ambiguity are compound-
ing rather than independent sources of annotation
variance.

Prompt-level variation. Agreement ranged from
0.66 (P5 Heritage) to 0.75 (P1 Sports). The Her-
itage prompt’s broad framing (“balance between
heritage and modernity””) admits diverse valid in-
terpretations, making REL and DEV judgments
harder and driving a 23.3% adjudication rate ver-
sus the project average of 15.7%.

Semantic vs. surface traits. Traits requiring
deeper Arabic semantic understanding (DEV, REL)
show lower agreement than surface-level traits
(MEC, GRA), consistent with the challenge of cod-
ifying Arabic argumentative quality.

Learning curve. During the early stages of anno-
tation, substantial variability was observed across
annotators, reflecting differences in interpreting
the scoring criteria. Following calibration, this
variability decreased, and agreement improved fur-
ther with continued practice. However, variability
re-emerged with the introduction of new prompts,
indicating the need for renewed alignment when
encountering unfamiliar responses. This pattern is
consistent with previous findings on the transition
from guided calibration to independent scoring of
unseen responses (Williamson et al., 2012). Moder-
ation sessions between the supervisor and individ-
ual annotator helped restore consistency. Overall,
these observations suggest that annotator agree-
ment is affected by both task familiarity and the
progressive clarification of the guidelines, with the
final, post-calibration version supporting substan-
tially higher and more stable agreement.

8 Discussion

Key success factors. Five elements proved most
critical: (1) an Arabic-language guidebook with
concrete student writing examples, especially for
STY where abstract cohesion definitions required
grounding; (2) the terminology unification section,

which resolved early disagreements from incon-
sistent interpretation of Arabic linguistic terms;
(3) text-type awareness training that calibrated op-
posite scoring mindsets for expository versus per-
suasive writing; (4) multi-stage training with cal-
ibration before production began; and (5) contin-
uous quality assurance throughout the year-long
annotation.

Challenges. The greatest challenge was seman-
tic trait subjectivity: DEV and REL consistently
yielded lower IAA than structural traits. We ad-
dressed this through extensive Arabic exemplars
and evidence-based reasoning during training, but
some residual subjectivity is unavoidable. Future
work might decompose DEV into sub-traits (claim
quality, evidence quality, counterargument han-
dling). A second challenge was the steep learning
curve when annotators first used the guidebook,
especially for semantic traits like DEV and REL.
Early calibration showed that some disagreements
came from residual ambiguities in certain descrip-
tors and edge-case protocols, not just trait subjec-
tivity. We therefore refined the wording of these
sections (for example, distinguishing superficial
enumeration from genuine paragraph development
in ORG and clarifying the threshold between par-
tial and full relevance in REL) and expanded the
Arabic borderline examples. These revisions in-
creased and stabilized inter-annotator agreement
across prompts, suggesting that the final guidelines
were sufficiently clear despite the initial learning
curve. Prompt design was also critical: the Her-
itage prompt’s broad framing drove significantly
higher adjudication (23.3%), informing our recom-
mendation to pilot-test prompts before large-scale
annotation.

Generalizability. While developed for MSA in a
specific educational context, the core components
- operational definitions in the target language,
native-language exemplars, multi-stage training,
dual annotation, continuous calibration - apply uni-
versally. Researchers adapting this approach to
other Arabic varieties, proficiency levels, or lan-
guages should maintain these core components;
shortcuts in any area will likely compromise anno-
tation quality.

9 Conclusion and Future Work

We presented a systematic methodology for devel-
oping annotation guidelines for trait-based Arabic
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AES, achieving substantial inter-annotator agree-
ment (QWK: 0.66-0.75) across 7,859 Arabic es-
says. Our results demonstrate that reliable large-
scale Arabic essay annotation is achievable when
scoring criteria are operationalized in observable,
Arabic-specific terms, annotators undergo struc-
tured calibrated training, and quality assurance
is maintained continuously, evidenced by agree-
ment rising before production began. Beyond the
dataset, we offer a replicable template whose core
components (target-language definitions, native ex-
emplars, multi-stage calibration, and dual annota-
tion) generalize to other morphologically complex,
under-resourced languages. Several directions fol-
low from the limitations identified above. First,
decomposing DEV into sub-traits (claim quality,
evidence quality, counterargument handling) may
improve both reliability and model signal, given its
high agreement variance (0.55-0.79). Second, our
adjudication data suggest that prompt specificity is
quantifiable; developing explicit prompt design cri-
teria to target adjudication rates below 15% before
deployment is a practical next step. Third, extend-
ing the framework to other Arabic varieties, nar-
rative and descriptive genres, and university-level
writing would broaden its applicability. Finally, ap-
plying AES models for automated pre-annotation
could reduce annotator load while preserving reli-
ability, particularly for surface traits where agree-
ment is already high. Remaining challenges, par-
ticularly in semantic traits (DEV, REL), point to
prompt design as a variable that guideline refine-
ment alone cannot resolve. All materials are pub-
licly released to lower the barrier for future annota-
tion efforts in Arabic and comparable languages.

Limitations

Arabic variety: Guidelines target MSA in a spe-
cific educational context; adaptation may be re-
quired for other Arabic varieties. Genre cover-
age: Only expository and persuasive writing are
addressed; narrative and descriptive Arabic writ-
ing require separate criteria. Proficiency range:
Framework targets grades 10-12; university or
younger students require recalibration. Resource
intensity: Four weeks of training plus ongoing
calibration may be prohibitive for low-budget con-
texts. Essay length: Essays averaged 171 words;
effectiveness for longer compositions remains to
be demonstrated.

Ethical Considerations

All essays were collected from high school stu-
dents; participation was voluntary with consent
obtained from students and guardians following in-
stitutional guidelines.*. No personally identifying
information appears in the released dataset. An-
notators were compensated fairly and workloads
were monitored to prevent fatigue. The dataset is
released for research use only.
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A Full Development Trait Descriptors
Expository Essays (sl 2d)

Score 1: Content largely unrelated to the topic.
Ideas random, incoherent, no logical sequence.
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Main idea absent. No analysis. Score 2: Content
somewhat related. Main idea disappears. Limited
topic coverage. May contain personal opinion in-
appropriate for expository Arabic writing. Score 3:
Completely on topic. Ideas mostly sequential but
main idea fades. Some evidence but disorganized.
Expository neutrality maintained but analytical
depth insufficient. Score 4: Completely on topic.
Ideas clear, organized, coherent. Main idea con-
sistently connected to sub-ideas. Specific expla-
nations and coherent supporting evidence, though
not comprehensive. Score 5: Completely on topic
throughout. Main idea strongly maintained. Com-
prehensive explanations. Multiple evidence forms.
Full expository neutrality (4. s 909 3l>) main-

tained.
Persuasive Essays (_sl3Y| ,al))

Score 1: No clear position taken. Ideas random.
No arguments or evidence. Persuasive techniques

(Lsl3Y! ;_,\:JL.:Y‘) entirely absent. Score 2: Posi-

tion unclear or inconsistent. Limited argumenta-
tion, no evidence. Does not engage with alterna-
tive viewpoints. Score 3: Position stated but not
consistently maintained. Arguments underdevel-
oped. Some evidence, not well-integrated. Score 4:
Clear position adopted and maintained. Solid argu-
ments with evidence. Some persuasive techniques.
May not fully address counterarguments. Score 5:
Strong, clear position throughout. Well-developed
arguments with robust evidence (facts, examples,
quotations, statistics). Effective persuasive tech-
niques. Explicitly acknowledges and refutes coun-

terarguments (ks 5 Jg Lol ;\j\n 025

B Example



Annotated Expository Essay — Prompt P7: "Staying Up Late" (,gul)

FIGURE A.1

Type: Expository - Student: HS Gr. 11

HOL 28
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Fully relevant — essay addresses all aspects of the prompt
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Figure 1: Expert-annotated expository student essay (P7: “Staying Up Late”, Grade 11). Colored highlights link
textual evidence to the six scored traits; circled superscript numbers correspond to annotation notes in the right
panel. REL = 2/2 (fully relevant); HOL = 28/32. Justifications are rendered in Modern Standard Arabic, matching
the annotation protocol. ORG achieves the maximum score (5/5) owing to structurally observable features: a direct,
engaging introduction; three body paragraphs each with an explicit topic sentence; and a conclusion offering a
recommendation rather than mere repetition—consistent with the Score 5 descriptor in Table 2. The one-point
deductions in VOC, STY, DEV, and GRA reflect specific, evidence-cited shortfalls rather than global impressions,
operationalizing the evidence-based scoring principle.
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RELEVANCE (REL) @ @ O Fully relevant — essay addresses all aspects of the prompt

ORG — ORGANIZATION

Write an expository essay in which you discuss the phenomenon of students staying up late, its causes, and its
effects.

Staying up late is considered one of the most widespread habits in modern societies, especially among school and university

students. € Studies indicate that a large percentage of students stay up until late hours of the night, which is reflected

negatively on their health and academic achievement. ) In light of thar, this essay seeks to address this phenomenon through

objective analysis and explanation. @

Perhaps one of the most prominent causes of staying up late is the use of social media and electronic devices; the mobile phone VOC — VOCABULARY

has become a permanent companion for young people during the night hours. In addition to that, academic pressures and
exams contribute to extending the times of wakefulness, ) as many students are forced to review at late times in order to

absorb the scientific material.

As for the effects of repeated staying up late, they are branched and serious. €} On the health level, lack of sleep leads to weak
concentration, decline in immunity, and high levels of stress. As for the academic level, it has become clear that students who

STY — STYLE & COHESION
geta sufficient amount of sleep show much better academic performance than those who suffer from deprivation of it. This

result is supported by a study by the National Institutes of Health, which proved that sleep improves long-term memory. €

In conclusion, the phenomenon of staying up late is an issue thar calls for serious attention and treatment. ) Responsibility
falls on the family and educational institutions to make students aware of the importance of committing to regular sleep times

and taking practical steps to limit the negative effects of this phenomenon on future generations. &)

DEV — DEVELOPMENT

MEC — MECHANICS

@ GRA — GRAMMAR

[ ]

=== QRG === VOC === STY === DEY === MEC GRA

Figure 2: English translation of Figure 1: annotated expository essay with scoring rationale for each trait.
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