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ABSTRACT 

Automated essay scoring (AES) for Arabic has advanced quickly, but most studies report agreement 
statistics without stating what an automated score is meant to show or which uses it can support. 
The gap is sharper for higher-order thinking skills (HOTS), where good answers legitimately 
diverge. This article develops an argument-based validation framework for Taḥkīm, a semantic-
similarity engine designed to score Arabic essays written by Indonesian undergraduates at the 
analysing, evaluating, and creating levels of the revised Bloom taxonomy. Using a conceptual design 
approach, the study specifies the intended interpretation and uses of Taḥkīm scores, derives an 
interpretation-use argument from Kane's framework and the Williamson-Xi-Breyer criteria, and 
synthesizes Arabic AES research to identify threats that arise in Arabic. The framework comprises 
four inferences (scoring, generalization, extrapolation, and decision), each with a warrant, testable 
assumptions, required evidence, and a decision rule fixed before data collection. It identifies eight 
threats, among them orthographic normalization, colloquial vocabulary, incomplete anchor 
coverage for divergent creating-level responses, and the confounding of reasoning with language 
proficiency, and pairs each with a design response and an empirical check. A staged evaluation plan 
sets the minimum evidence for each permitted use, from formative feedback to first-pass scoring 
under lecturer review, and excludes unsupervised grading until all four inferences hold. The 
framework gives Arabic departments in Islamic higher education a procedure for stating and testing 
claims about automated scores before adopting them, and it is the protocol for the empirical 
validation of Taḥkīm. 

Keywords : Arabic as a Foreign Language, Argument-Based Validity, Automated Essay Scoring, 

Higher-Order Thinking Skills, Validation Design 

 

INTRODUCTION 

Lecturers who teach Arabic writing (insyā’) in Indonesian Islamic colleges spend much of 

each semester marking essays, and the essays that matter most for learning take the longest to mark. 

These are responses in which students analyse a claim, weigh evidence, or build an argument of their 

own. They correspond to the analysing, evaluating, and creating levels of the revised Bloom 

taxonomy (Anderson & Krathwohl, 2001; Krathwohl, 2002), and they produce answers that differ 

legitimately from one another. Two competent students can reach opposite conclusions and both 
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deserve a high score. Human raters handle this divergence imperfectly, and fatigue and drift over a 

long marking session make the problem worse (Weigle, 2002). 

Automated essay scoring (AES) has been offered as a partial answer to this burden for decades. 

Early systems such as Project Essay Grade and e-rater predicted scores from surface features such 

as length, vocabulary, and error counts (Page, 1966; Attali & Burstein, 2006). Neural models later 

learned representations directly from text (Taghipour & Ng, 2016; Dong et al., 2017), and 

transformer encoders such as BERT raised agreement with human raters further (Devlin et al., 2019; 

Beseiso & Alzahrani, 2020; Beseiso et al., 2021; Wang et al., 2022). More recent studies test large 

language models as raters of second-language writing and report reliability that varies with task and 

prompt design (Mizumoto & Eguchi, 2023; Yancey et al., 2023; Pack et al., 2024). Two systematic 

reviews trace this development, and both show how heavily the field depends on English datasets 

and English benchmarks (Ke & Ng, 2019; Ramesh & Sanampudi, 2022). 

The methods fall into three broad families (Ramesh & Sanampudi, 2022). Feature-based 

models predict scores from engineered indicators. Fine-tuned transformer models learn the mapping 

from text to score from large numbers of rated essays. Similarity-based methods compare a new 

response with reference answers whose scores are known and need only a few scored anchors per 

prompt (Shehab et al., 2018). The third family appeals to small programs, because a lecturer can add 

a new prompt by writing references instead of collecting and rating hundreds of essays. Its weakness 

follows from the same design. A similarity engine rewards resemblance to its anchors, so its accuracy 

depends on how well the anchors cover the range of acceptable answers, and that dependence should 

matter most when the construct is open-ended. 

Arabic raises problems that English-trained methods do not anticipate. Its morphology packs 

several morphemes into one orthographic word; its spelling varies in the seat of the hamzah and in 

the writing of tā’ marbūṭah and alif maqṣūrah; and learners move between Modern Standard Arabic 

and colloquial forms. Arabic pre-trained language models narrowed part of this gap. AraBERT 

outperformed multilingual BERT on most of the Arabic tasks its developers tested (Antoun et al., 

2020), and ARBERT and MARBERT extended coverage to dialectal text (Abdul-Mageed et al., 

2021). Arabic essay scoring followed. Shehab et al. (2018) combined string-based and corpus-based 

similarity measures to grade Arabic essays. Gaheen et al. (2021) trained a neural network optimized 

with an elitist Jaya algorithm to score students' Arabic essays within a personalized system of 

instruction. Ghazawi and Simpson (2024) released the AR-AES dataset with a BERT-based 

baseline, and in a follow-up study they reported that a fine-tuned AraBERT model reached a QWK 
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of 0.88, while human inter-rater agreement across questions ranged from 0.78 to 0.90 (Ghazawi & 

Simpson, 2025). In Indonesia, Susilawati et al. (2025) developed an automated short-essay 

assessment model for an Islamic education study program and judged it valid on the basis of expert 

review and user trials. 

These studies show that Arabic essays can be scored automatically with useful accuracy. Most 

of them, however, report accuracy alone: agreement or error statistics computed over a dataset. A 

scoping review of Arabic AES documents the rapid growth of models and datasets (Elhaddadi et al., 

2025), and a systematic review of 31 deep-learning AES studies relevant to Islamic education, 

published between 2020 and 2025, found that the literature concentrates on how closely algorithms 

reproduce human scores (Putri et al., 2025). Relatively few of the studies covered by these reviews 

state what an automated score is meant to show and which decisions it may inform, and relatively 

few isolate higher-order thinking as the construct being scored. For HOTS, the omission has a 

concrete cost. A high QWK computed over a mixed set of tasks can conceal weak agreement on the 

open-ended prompts that HOTS assessment is designed to include, and an agreement figure alone 

cannot tell a department whether a tool is fit for feedback, for grading, or for neither. 

Validity theory offers a way to organize the missing evidence. Kane (1992, 2013) treats 

validation as the evaluation of an interpretation-use argument, a chain of inferences that runs from 

an observed performance to a score (scoring), from that score to performance on comparable tasks 

and raters (generalization), from there to the target ability (extrapolation), and finally to the 

decisions the score will inform (decision). Each inference rests on a warrant and needs its own 

evidence, and a weak link limits the whole argument (Cook et al., 2015). Williamson et al. (2012) 

turned this reasoning into operational criteria for automated scoring. Their guidelines ask for 

machine-human agreement of at least 0.70 in QWK or correlation, and they add a degradation 

criterion: machine-human agreement should not fall more than 0.10 below human-human agreement. 

Other work in this tradition adds that validation must also address fairness across subgroups and the 

consequences of using the scores (Xi, 2010; Ramineni & Williamson, 2013). 

Agreement statistics say little about how students and lecturers respond to automated scores. 

Nazaretsky et al. (2026) asked 472 students to evaluate teacher and AI feedback on their own 

writing; the students rated AI feedback lower once they knew its source and judged it less genuine. 

Acceptance models such as UTAUT link the intention to use a technology with expected 

performance, expected effort, and social influence (Venkatesh et al., 2003, 2012), and a systematic 

review confirms that these constructs predict adoption in higher education (Xue et al., 2024). 
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Kasneci et al. (2023) add that language models in education raise questions of bias and 

accountability that accuracy figures cannot settle. In Kane's terms, these questions belong to the 

decision inference. Formative use adds one further condition: learners can use feedback to regulate 

their own writing only when they understand it (Zimmerman, 2002; Panadero, 2017). 

Indonesia is an informative setting for these questions. It has the largest Muslim population 

of any country (Pew Research Center, 2025). Civil registration data released in March 2026 put its 

population at 288,315,089 at the end of 2025, of whom 87.15% (about 251.3 million) were Muslim 

(Direktorat Jenderal Kependudukan dan Pencatatan Sipil, 2026). Arabic is a compulsory subject 

throughout its madrasah system (Kementerian Agama Republik Indonesia, 2019) and a core subject 

in its Islamic higher education institutions (PTKI), whose Arabic departments train the teachers 

who will later assess Arabic writing in madrasahs. Taḥkīm is being developed at STAI As-Sunnah 

Deli Serdang, a private Islamic college in North Sumatra with a residential ma‘had, to score Arabic 

essays against a HOTS rubric. Before such a tool is used with students, the claims its scores are 

meant to support have to be stated and the evidence needed for each claim specified. Kane (2013) 

recommends this order: the interpretation-use argument comes first, and evidence is then gathered 

to test its most doubtful assumptions. Relatively few Arabic AES studies make this step explicit, 

and none of those reviewed above does so for HOTS. This article takes that step for Taḥkīm. 

A typical prompt from the insyā’ course illustrates the kind of task Taḥkīm is meant to score: 

رْ  قَالََتِ؟ امذكْم
َ

عَلِِّمِ فِ تَصْحِيحِ الم
م

قْوِيِم الآلِِّ أَنْ يََملَّ مَََلَّ الم جَجَكَ. حَلِِّلْ وَقيَِِّمْ: هَلْ يُمْكِنم للِت َّ حم  

("Analyse and evaluate: can automated assessment replace the teacher in marking essays? 

State your arguments.") Prompts of this kind target the upper levels of the taxonomy and invite 

divergent answers, which is why they test an automated scorer most severely. The article addresses 

three design questions: 

This study examines the interpretations, uses, inferences, and assumptions required to 

establish a validity argument for Taḥkīm’s higher-order thinking skills (HOTS) scores. It also 

identifies potential threats to the validity argument arising from the use of semantic similarity to 

score Arabic essays and explores how Taḥkīm’s design can address these threats. Furthermore, the 

study establishes the evidence and predetermined decision rules necessary to justify each intended 

use of Taḥkīm’s scores. 
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METHOD 

Research Design 

This is a conceptual design study. Its products are a validation framework and an evaluation 

protocol, and it reports no empirical estimates of Taḥkīm's performance. The approach follows 

Kane's (2013) advice to specify the interpretation-use argument before evidence is gathered, and the 

practical guide of Cook et al. (2015), which treats validation as the prioritized testing of the 

assumptions in that argument. The work proceeded in five steps. The first step specified the intended 

interpretation of Taḥkīm scores and the uses they are meant to serve in the program. The second 

derived the inferences and warrants of the argument from Kane (1992, 2013) and translated them 

into the operational criteria of Williamson et al. (2012). The third synthesized Arabic AES research 

to identify threats that arise in Arabic and in HOTS scoring. The fourth linked each design decision 

in Taḥkīm to an assumption in the argument, so that every technical choice has a corresponding 

check. The fifth fixed the evidence requirements and decision rules for each inference and arranged 

the evidence collection into stages. 

Sources for the Synthesis 

The synthesis was purposive rather than systematic. It started from two recent reviews, a 

scoping review of Arabic AES (Elhaddadi et al., 2025) and a systematic review of deep-learning 

AES in Islamic education (Putri et al., 2025), together with the broader review by Ramesh and 

Sanampudi (2022). Primary studies of Arabic essay scoring were then examined for the threats they 

reported or implied (Shehab et al., 2018; Gaheen et al., 2021; Ghazawi & Simpson, 2024, 2025; 

Susilawati et al., 2025), as were studies of Arabic language models (Antoun et al., 2020; Abdul-

Mageed et al., 2021). The measurement literature on automated scoring supplied the evaluation 

criteria (Xi, 2010; Williamson et al., 2012; Ramineni & Williamson, 2013). Because the synthesis 

was not exhaustive, the list of threats presented below is a starting set that later studies can extend. 

Context of Intended Use 

Taḥkīm is intended for the Arabic Language Education (Pendidikan Bahasa Arab, PBA) 

program at STAI As-Sunnah Deli Serdang, North Sumatra, Indonesia. Students in the program learn 

Arabic as a foreign language and live in a residential ma‘had where Arabic is part of daily routines. 

The target tasks are essay assignments in insyā’ (composition) courses that ask students to analyse, 

evaluate, or create in Arabic. Lecturers [currently mark these essays by hand with a HOTS rubric of 

four levels]. The framework assumes that the same rubric will serve as the criterion for evaluating 

Taḥkīm, so that machine and human scores share one scale. 
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The Taḥkīm Scoring Engine 

Taḥkīm scores an essay by comparing its meaning with reference responses whose scores are 

already known. It does not require a large set of previously scored essays for training, which suits 

Arabic departments where such datasets do not exist. The engine is designed to work in four steps. 

The first step is text normalization. Taḥkīm unifies orthographic variants that carry no difference 

in meaning for scoring purposes: it maps the hamzated forms of alif (أ, إ, آ) to bare alif (ا), treats final 

 removes short-vowel diacritics and taṭwīl, and deletes any sentence ,ه to ة as one letter, maps ي and ى

copied verbatim from the prompt [confirm the rules implemented]. The second step is encoding. 

Each essay and each reference response is converted into a single vector by [model and checkpoint, 

e.g., AraBERT v2 (aubmindlab/bert-base-arabertv02) with mean pooling]. Encoders of this kind, 

trained in the Sentence-BERT manner, place texts with similar meaning close together, so that two 

texts can be compared by the cosine of the angle between their vectors (Reimers & Gurevych, 2019). 

Because such encoders accept at most 512 tokens, longer essays are split into overlapping segments 

whose vectors are averaged. 

The third step is the construction of reference responses. For each prompt, lecturers write at 

least three reference responses at each level of the four-level HOTS rubric, and the reference 

responses at the same level are written to follow different lines of argument. A panel of raters 

confirms the level of every reference before it is used. Level-4 references model the analysis, 

evaluation, or original proposal that the prompt asks for; level-1 references restate the prompt or list 

facts without reasoning. 

The fourth step maps similarity to a score. Taḥkīm computes the cosine similarity between 

the student essay and every anchor for that prompt, averages the similarities within each rubric level, 

and assigns the level with the highest mean similarity. The output is an integer from 1 to 4 on the 

scale the human raters use. Taḥkīm also reports the highest single similarity value; an essay whose 

closest anchor falls below a threshold set during piloting is flagged for lecturer review instead of 

receiving an automatic score. 

 

RESULT AND DISCUSSION 

Intended Interpretation and Uses of Taḥkīm Scores 

A Taḥkīm score is interpreted as the level of higher-order thinking that one Arabic essay 

demonstrates in response to one prompt, judged against the program's HOTS rubric. The claim is 

bounded in three ways. It concerns the essay and says nothing directly about a student's general 
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ability. It concerns reasoning as the rubric describes it, and it excludes grammatical and orthographic 

accuracy, which Taḥkīm's normalization step removes from view. It also holds only for prompts that 

have validated anchors, so a new prompt has no Taḥkīm score until its anchors are written and 

checked. 

Table 1 lists the uses the framework considers, in increasing order of stakes. Each use needs 

more of the argument to hold than the one before it. Formative feedback on drafts requires the 

scoring inference, because a student acts on the score only as a hint about where the argument is 

weak. First-pass scoring, in which a lecturer confirms or corrects every score, requires the scoring 

and generalization inferences for the cognitive level concerned. Use of Taḥkīm scores in course 

grades without lecturer review requires all four inferences, together with evidence that no group of 

students is disadvantaged. The framework excludes placement and ranking decisions altogether, 

since the claim concerns single essays. 

Table 1. Intended uses of Taḥkīm scores and the inferences each use requires 

Use Stakes 
Inferences that must be 

supported 
Status in the framework 

Formative feedback on 

drafts 
Low Scoring 

Permitted once the 

scoring rule is met for the 

level 

First-pass scoring 

confirmed or corrected 

by a lecturer 

Moderate 
Scoring and generalization for 

the level concerned 

Permitted once both rules 

are met for the level 

Course grading without 

lecturer review 
High 

Scoring, generalization, 

extrapolation, and decision, 

including subgroup checks 

Excluded until all rules 

are met in two 

consecutive semesters 

Placement or ranking 

of students 
High 

A different claim about student 

ability 
Outside the framework 

The Interpretation-Use Argument 

Table 2 sets out the argument. For each inference it states the warrant, the assumptions on 

which the warrant depends, the evidence that would back those assumptions, and the most plausible 

rebuttal. Stating the rebuttal in advance matters, because it tells the evaluator which result would 

count against the claim (Cook et al., 2015). 
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Table 2. Interpretation-use argument for Taḥkīm scores 

Inference Warrant Key assumptions Backing required 
Plausible 

rebuttal 

Scoring 

Taḥkīm assigns the 

rubric level that 

trained raters 

assign to the same 

essay 

Anchors represent 

each level; 

embeddings reflect 

reasoning and not only 

topic words; the 

human criterion is 

reliable 

Machine-human 

agreement overall 

and by level; review 

of disagreements 

Agreement 

rests on 

vocabulary 

shared with 

the anchors 

Generalization 

A score on one 

prompt would be 

similar on a 

comparable prompt 

at the same level 

Anchor sets are of 

similar quality across 

prompts; human raters 

agree adequately 

Agreement by 

prompt, with at 

least two prompts 

per level; human-

human agreement 

before adjudication 

Agreement is 

good on one 

prompt and 

weak on 

another at 

the same 

level 

Extrapolation 

Scores reflect 

higher-order 

thinking in Arabic 

writing beyond the 

specific task 

Scores relate to 

independent writing 

measures but are not 

reducible to 

proficiency, length, or 

copying 

Correlations with 

external measures, 

with essay length, 

and with prompt-

copy rate 

Scores track 

general 

proficiency 

or essay 

length 

Decision 

Using the scores for 

the permitted uses 

has acceptable 

consequences 

Users understand the 

scores; no subgroup is 

disadvantaged; 

lecturer review is real 

Questionnaire and 

interviews; 

subgroup score 

differences; audit 

of lecturer 

overrides 

Students 

who use 

colloquial 

forms are 

scored lower; 

lecturers 

accept 

machine 

scores 

without 

checking 

The scoring inference carries the heaviest load, because every later inference assumes it. Its 

first assumption, that the anchors represent each level, depends on the people who write them. If all 

level-4 anchors follow one line of argument, a strong essay that argues the opposite position will 

look distant from level 4. The design response, several anchors per level written along different lines, 

is cheap, but its effect has to be measured. The second assumption is harder to secure. Sentence 

encoders place texts on the same topic close together whether or not they reason well, so high 

agreement can arise because weak and strong essays differ in vocabulary rather than in argument. 
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Reviewing the essays on which Taḥkīm and the raters disagree, and checking whether they share 

topic words with the anchors, is the most direct test of this rebuttal. The third assumption concerns 

the criterion itself. Human raters of HOTS essays disagree for legitimate reasons (Weigle, 2002), 

and a machine cannot be expected to agree with a criterion that does not agree with itself. 

Generalization asks whether a result on one prompt would hold on another. Ghazawi and 

Simpson (2025) found that agreement between automated and human scores varied considerably 

from one question to another within a single Arabic dataset, so an overall figure cannot stand in for 

each prompt. The framework therefore requires at least two prompts per cognitive level; with one 

prompt per level, the effect of the level cannot be separated from the effect of the particular prompt. 

Extrapolation asks whether the scores mean more than performance on the task at hand. Correlations 

with independent measures of Arabic writing should be positive, but they should also stay clearly 

below the agreement with the human HOTS score. If Taḥkīm scores tracked general proficiency 

almost perfectly, they would be measuring proficiency and not the reasoning that the rubric 

describes. 

The decision inference concerns consequences, and the studies of trust reviewed in the 

introduction become part of the argument here. If students judge AI feedback less genuine once they 

know its source (Nazaretsky et al., 2026), they may discount Taḥkīm's feedback even when it is 

accurate, and the questionnaire has to detect that. If accountability for AI output has to rest with 

people (Kasneci et al., 2023), first-pass scoring meets that requirement only if lecturers actually 

check the scores. An audit of how often lecturers change Taḥkīm's scores provides the evidence: an 

override rate near zero on essays where the raters themselves disagree would suggest that review 

has become a formality. For formative use, a further condition applies. Feedback supports self-

regulated revision only when learners can connect it to what they should do next (Zimmerman, 2002; 

Panadero, 2017), so a bare level from 1 to 4 is a weak form of feedback. Score reports should name 

the rubric descriptor that the essay met and the one it did not. 

Threats Specific to Arabic and Design Responses 

The synthesis identified eight threats that a semantic-similarity engine faces when it scores 

HOTS in Arabic essays. Table 3 lists each threat, how it could distort scores, the design response 

built into Taḥkīm, and the check that the evaluation will apply. 
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Table 3. Threats to the validity of Taḥkīm scores, design responses, and checks 

Threat Possible distortion Design response Check 

T1. 

Orthographic 

variation 

(hamzah, tā’ 
marbūṭah, alif 
maqṣūrah) 

Spelling differences 

shift embeddings; raters 

may penalize spelling 

despite the rubric 

Normalization before 

encoding; rubric excludes 

spelling 

Score a sample in raw 

and normalized form; 

code disagreements for 

spelling density 

T2. Colloquial 

vocabulary and 

constructions 

Essays using colloquial 

forms lie farther from 

anchors written in 

Modern Standard Arabic 

Encoder with dialect 

coverage considered 

(Abdul-Mageed et al., 

2021); essays with 

frequent colloquial forms 

flagged for review 

Score differences 

between students with 

high and low colloquial 

use 

T3. Incomplete 

anchor coverage 

for divergent 

responses 

Original, well-argued 

essays, especially at C6, 

receive low scores 

At least three anchors per 

level along different lines 

of argument; low 

maximum similarity 

triggers lecturer review 

Agreement by level; 

review of flagged essays 

T4. 

Confounding of 

reasoning with 

proficiency 

Fluent but shallow 

essays resemble high-

level anchors in 

language 

Anchors at the same level 

vary in language quality 

Correlation with the 

proficiency test 

compared with 

correlation with the 

human HOTS score 

T5. Essay length 

Longer essays 

accumulate more 

overlap with anchors 

Mean-pooled vectors, 

which do not grow with 

length 

Correlation of length 

with Taḥkīm scores 

compared with its 

correlation with human 

scores 

T6. Copying 

from the prompt 

Reproduced prompt text 

raises similarity without 

reasoning 

Sentences copied from 

the prompt deleted before 

encoding 

Correlation of copy rate 

with Taḥkīm scores 

compared with human 

scores 

T7. Input length 

limit of the 

encoder 

Truncated essays lose 

their conclusions, where 

evaluation often appears 

Overlapping segments 

averaged 

Compare segmented and 

truncated scores on long 

essays 

T8. Weak 

human criterion 

Machine agreement is 

judged against an 

unreliable standard 

Rater calibration, blind 

double rating, 

adjudication rule fixed in 

advance 

Human-human 

agreement before 

adjudication must meet 

its own threshold 
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Three of these threats need further discussion. The first is normalization (T1), because it 

encodes a decision about the construct. By mapping ة to  ه and unifying the forms of alif, Taḥkīm 

ignores spelling errors that a lecturer marking language accuracy would penalize. For a HOTS rubric 

the decision is defensible, since spelling variation is construct-irrelevant when the construct is 

reasoning (Messick, 1995). It also means that Taḥkīm scores carry no information about 

orthographic accuracy, and a department that reports them should say so and assess accuracy 

separately. Human raters may be swayed by spelling even when the rubric tells them to disregard it, 

so part of any machine-human disagreement could originate with the raters. Coding a sample of 

disagreements for spelling density would show which side the error lies on. 

The second is the confounding of reasoning with proficiency (T4). Indonesian learners of 

Arabic differ widely in their prior schooling; students who did not attend a pesantren often begin 

with a gap in Arabic competence relative to their pesantren-educated classmates (Batalipu et al., 

2026). A student with years of pesantren education may write fluent Arabic that says little, while a 

student with less exposure may build a sound argument in simple sentences. Cumming (1989) 

observed this separation among adult writers of English as a second language: writing expertise and 

second-language proficiency made distinct contributions to the quality of their compositions. A 

similarity engine compares whole texts, so fluency can pull an essay toward the high anchors.  

Writing anchors at the same level in varied language quality weakens this pull, and the 

extrapolation check tests whether it has been weakened enough. The third is anchor coverage at the 

creating level (T3). A creating prompt asks for a proposal the anchor writers may not have foreseen. 

The flag for low maximum similarity turns this weakness into a routing rule: essays unlike anything 

Taḥkīm has seen go to a lecturer. Ghazawi and Simpson (2025) reported that large language models 

reached lower agreement than fine-tuned AraBERT on their Arabic dataset, so replacing the 

similarity engine with a general-purpose language model would not remove the need for these 

checks. 

Evidence Plan and Decision Rules 

Table 4 translates the argument into an evaluation plan. Each row names the evidence, how it 

will be collected, the statistic that summarizes it, and the rule that decides whether the 

corresponding assumption holds. The rules are fixed before any data are collected, so that the 

evaluation cannot adjust its standards to its results. 
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Table 4. Evidence, statistics, and decision rules for the evaluation of Taḥkīm 

Evidence Collection Statistic Decision rule 

Human criterion 

Two raters score every 

essay blind after 

calibration; essays 

differing by more than one 

point are adjudicated 

QWK between raters 

before adjudication, 

with 95% CI 

At least 0.70; 

otherwise recalibrate 

before evaluating 

Taḥkīm 

Overall machine-

human agreement 

Taḥkīm scores for all 

essays 

QWK, Pearson and 

Spearman correlations, 

exact and adjacent 

agreement; 95% CI by 

student-level bootstrap 

QWK and r of at least 

0.70, with the lower CI 

bound reported 

Degradation 

As above, against the 

resolved score and against 

each rater 

Human-human QWK 

minus machine-human 

QWK 

No more than 0.10 

Agreement by 

level and prompt 

At least two prompts per 

cognitive level 

QWK per level and per 

prompt, with 95% CI 

A level is released for 

use only if its QWK is 

at least 0.70 

Score scale All essays 

Standardized mean 

difference, Taḥkīm 

minus human 

Absolute value no 

more than 0.15 

Subgroups 
Proficiency bands; high 

versus low colloquial use 

Standardized mean 

difference within each 

group 

Absolute value no 

more than 0.10 

Extrapolation 

Final insyā’ grade from an 

earlier semester; 

institutional Arabic test 

Pearson r with 95% CI 

Positive, CI excludes 

zero, and clearly 

below the machine-

human r 

Length and 

copying 

Word count; proportion of 

text copied from the 

prompt 

Correlation with 

Taḥkīm scores and 

with human scores 

Taḥkīm's correlation 

no higher than the 

human correlation 

Consequences 

Questionnaire on 

objectivity, usefulness, 

genuineness, source 

credibility, and 

performance expectancy; 

interviews; override audit 

Means, SDs, and 

Cronbach's alpha; 

reflexive thematic 

analysis; override rate 

Judged against each 

use; no fixed 

numerical threshold 

The agreement thresholds come from Williamson et al. (2012): a QWK or correlation of at 

least 0.70, a degradation of no more than 0.10, and standardized mean differences of no more than 

0.15 overall and 0.10 for subgroups. Kappa values will be described with the Landis and Koch (1977) 

labels, which are conventions rather than standards. QWK follows Cohen (1968). Confidence 
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intervals will be obtained by bootstrap resampling of students, so that all essays by one student stay 

together; resampling essays as if they were independent would understate the uncertainty. Human-

human agreement will be computed from the two raters' independent scores before adjudication, and 

Taḥkīm will be compared both with the resolved score and with each rater, because the resolved 

score is more reliable than a single rating and would otherwise flatter the machine. 

The plan also sets the scale of the study. A pipeline test on simulated data, generated only to 

check the analysis code, used 60 students who each wrote one essay at each of the three levels. In 

that test the 95% confidence interval for overall QWK was about 0.13 wide, and the interval for a 

single level ranged from about 0.13 to 0.25 wide. Intervals of that width are too broad for a decision 

about one level based on one prompt. The empirical study should therefore include at least 60 

students and at least two prompts per level. The qualitative strand will follow an explanatory 

sequential logic (Creswell & Plano Clark, 2018): students from each proficiency band and the 

participating lecturers will be interviewed after the quantitative results are known, the transcripts 

will be analysed with reflexive thematic analysis (Braun & Clarke, 2006), and a joint display will 

set each inference against its quantitative and qualitative evidence. 

Staged Evaluation 

The evidence will be collected in four stages, and each stage releases a use only when its rules 

are met. In the first stage, lecturers write and cross-check the anchor sets, and a panel of experts 

rates the relevance of the rubric descriptors and the level of each anchor. In the second stage, a small 

pilot tests the rating procedure, the analysis pipeline, and the similarity threshold for flagging essays, 

with no consequences for students. The third stage is the main validation study described in Table 

4, carried out under the ethical procedures of the institution and with students' informed consent. If 

the scoring rule is met for a level, Taḥkīm may be used for formative feedback at that level; if the 

generalization rule is also met, it may be used for first-pass scoring under lecturer review. The fourth 

stage is monitoring. Agreement, subgroup differences, and override rates are recomputed each 

semester, since prompts, anchors, and student intakes change, and a validity argument for automated 

scores has to be renewed when they do (Williamson et al., 2012). 

Contribution in Relation to Previous Work 

The framework differs from earlier Arabic AES work in what it treats as the result. Ghazawi 

and Simpson (2024, 2025) evaluated models on a shared dataset and reported agreement; Susilawati 

et al. (2025) established the validity of an automated short-essay model through expert judgement 

and user trials. Both kinds of evidence belong in a validity argument, but neither says which uses of 



An Argument-Based Validation Framework ………⧫ 

 

Published by STAI Ali bin Abi Thalib Surabaya  
Website Jurnal : https://jurnal.stai-ali.ac.id/index.php/Alfawaid 

DOI Jurnal : https://doi.org/10.54214/alfawaid 

 
142 

 

a score the evidence supports. The framework presented here starts from the uses, states the 

assumptions each use depends on, and fixes the evidence and the thresholds before any data exist. 

Fixing the thresholds first keeps the evaluators from deciding what counts as good enough after they 

have seen the numbers. 

The framework also makes the Arabic-specific threats explicit. Orthographic normalization, 

colloquial usage, and the gap between fluency and reasoning are familiar to any lecturer who marks 

Arabic essays by Indonesian students, yet they rarely appear as named threats in AES evaluations. 

Once they are named as threats, a department can test them as assumptions instead of leaving them 

to the judgement of individual lecturers. Most of the framework does not depend on the similarity 

engine. A department considering a large language model as a rater, as tested for second-language 

English writing by Mizumoto and Eguchi (2023), Yancey et al. (2023), and Pack et al. (2024), would 

face the same inferences and most of the same threats, although T3, T5, and T6 would take different 

forms. Most published AES evidence comes from English, where large scored datasets exist 

(Ramesh & Sanampudi, 2022). A procedure that needs only expert anchors, trained raters, and an 

Arabic encoder is within reach of Arabic departments in PTKI and of programs teaching other 

languages with few scored essay datasets. 

 

CONCLUSIONS  

This article set out an argument-based validation framework for Taḥkīm, a semantic-

similarity engine designed to score higher-order thinking in Arabic essays. The framework limits 

the claim to the level of reasoning shown in one essay on one prompt, distinguishes three uses of 

increasing stakes, and specifies four inferences with their assumptions, backing, and rebuttals. It 

names eight threats that arise when Arabic essays are scored by similarity, pairs each with a design 

response and a check, and fixes decision rules based on the criteria of Williamson et al. (2012) before 

any data are collected. Under the framework, Taḥkīm may be used for formative feedback and then 

for first-pass scoring under lecturer review, level by level, as the evidence permits. Unsupervised 

grading remains excluded until all four inferences hold. 

For Arabic language education, the contribution is practical: departments in Islamic higher 

education that consider automated scoring now have a procedure for stating what the scores are 

meant to show, for deciding in advance what evidence would justify each use, and for testing the 

assumptions most likely to fail in Arabic. The framework also gives the empirical validation of 

Taḥkīm a protocol that reviewers and readers can check against its eventual results. 
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The framework has limitations. It rests on a purposive synthesis, and a systematic search could 

add threats it does not list. Its thresholds come from large-scale testing programs in English and 

may need adjustment for formative classroom use in Arabic. It was developed for one program with 

a residential ma‘had, whose students have more daily contact with Arabic than many PTKI students. 

It has not yet been reviewed by external experts in measurement or Arabic NLP. Its largest limitation 

is that it contains no evidence about Taḥkīm's actual performance, so its value depends on the 

validation study it prepares. 

Three steps should follow. The framework should be reviewed by an external panel before data 

collection. The validation study should then be carried out as specified, with at least 60 students 

and two prompts per level, and its results reported against the rules in Table 4, including rules that 

are not met. Finally, the framework should be applied in other PTKI Arabic programs, with and 

without residential components, to test whether its threats and thresholds hold beyond the setting 

for which it was written. 
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