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ABSTRACT: Background: Multiple-choice questions (MCQs) are widely
used in educational evaluation; nonetheless, their effectiveness depends widely
on object quality and psychometric properties. Traditional item analysis meth-
ods are typically applied after exam administration, reducing the ability to
detect problematic items during the test development phase. Objective: This
research suggests a hybrid framework that combines AI-based pre-assessment
with traditional post-test psychometric analysis to validate Arabic MCQs be-
fore and after exam administration. Methods: The suggested framework uses
ChatGPT-4 to conduct a pre-assessment of MCQ items by estimating item
difficulty, discrimination potential, and distractor effectiveness based on lin-
guistic and semantic properties. Traditional psychometric analysis was then
performed using actual learner response data collected from 195 individuals
to compute item difficulty, discrimination indices, reliability estimates, and
distractor effectiveness. Results: A moderate positive correlation was ob-
served between AI-based predictions and traditional psychometric results (r =
0.42, p<0.05). The AI model demonstrates effectiveness in identifying possi-
ble weaknesses in question form and distractor quality. Yet, its performance
was limited in estimating discrimination indicators that depend directly on
actual learner response behavior. Conclusions: The findings suggest that
AI-assisted pre-assessment can support the early identification of problematic
MCQ items before exam administration. Integrating AI-based linguistic evalu-
ation with traditional psychometric analysis may enhance the quality of Arabic
educational assessment.

KEYWORDS: MCQ; Evaluation; ChatGPT; Psychometric Analysis; Arabic
assessment; AI assessment

INTRODUCTION

M ultiple-choice questions (MCQs) have found wide application in higher education as a stan-
dardized evaluation tool for assessing learners’ academic performance and the achievement of

learning goals. The efficiency of these questions in enabling objective judgment and assessment of
large groups of learners has made them an integral component of any testing mechanism in educational
settings [1]. In essence, the scholarly literature agrees that MCQs can assess higher-order thinking
abilities, such as critical analysis and application, especially when constructed effectively aligned with
the intended learning objectives [2]. MCQs are frequently used across many subjects, including the
sciences, engineering, and technology, because of their utility in facilitating effective evaluation and
standardized administration [3]. However, their effectiveness is highly dependent on the structure of
MCQs, which entails item clarity, realistic distractors, and congruence of item difficulty and learn-
ing objectives. Poorly designed objects may result in measurement errors and a reduced ability to
differentiate between high- and low-performing individuals. They may even compromise the validity
of the assessment results [4]. Typical post-test psychometric analyses consist of difficulty indices,
discrimination coefficients, and reliability measures such as Cronbach’s alpha or KR-20, which are
generally used to evaluate the quality of MCQs [1]. Since the detection of faulty questions is only pos-
sible after the test administration, these measures provide reliable insights into item performance [4].
In addition, sufficient student samples are required for accurate psychometric analysis, which can
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be quite costly and time-consuming in some educational contexts [5]. Recent advances in artificial
intelligence, particularly in large language models (LLMs), have significantly improved the ability of
automated systems to process, understand, and analyze textual information. It has become feasible
to analyze academic content automatically [6]. The educational landscape has witnessed a rapid
transformation with the advent of LLMs, which have been highly effective in improving learning ef-
ficiency, making learning more engaging, and generating content automatically [7]. In recent times,
work using models such as ChatGPT has demonstrated their ability to understand natural language
effectively [8]. The AI-based assessment here serves as a preliminary test and a process of checking
the questions to detect potential errors before the actual test begins [9]. Several previous studies have
shown promising results regarding the use of artificial intelligence models in generating and evalu-
ating questions. However, most of these studies rely either on traditional psychological assessment
or on AI-based assessments in isolation [8]. Recent studies indicate that machine learning models
can achieve positive results, particularly in content generation and automated assessment, especially
within higher education. But there are still concerns about the trustworthiness and consistency of
AI use in line with educational goals [10]. One concern is the reliability of AI-based assessment.
Furthermore, there are discrepancies between students’ actual responses and pre-defined correct an-
swers. This way requires a test trial [11]. Therefore, only a few studies have shown that AI-based
assessment can enhance traditional assessment methods [12]. Although AI-based assessment is widely
used, few studies have focused on multiple-choice questions in Arabic [13]. This raises concerns that
identifying grammatical errors and determining test difficulty is challenging when analyzing only the
text. Despite the popularity of AI-based assessment methods, there is virtually no research on MCQs
in Arabic [3]. To address the shortcomings mentioned above, this research proposes a hybrid model
that integrates pre-assessment with ChatGPT and traditional psychometric analysis of test results.
The proposed model attempts to: (a) pre-assess structural or linguistic errors before carrying out the
test, (b) estimate the compatibility of predicted AI results with actual data from the performance of
students, and (c) determine other essential quality measures, such as difficulty levels or effectiveness
of the distractors. By comparing analyses, this research provides recommendations to promote the
development of multiple-choice questions in educational testing.

RELATED WORKS
Conventional tools for analyzing test item quality require accurate psychometric measures such as the
Index of Difficulty, Index of Discrimination, and Reliability. Such tools allow for an understanding
of test item quality and of their ability to distinguish between levels within the student base, and
are often administered after test administration. This makes it impossible to correct errors before
the exam. Such limitations have motivated researchers to explore AI-based pre-assessment techniques
that can detect flaws and predict question quality before actual testing [1], [4].

AI-Based Analysis of MCQs Using Large Language Models
Several studies have explored the use of large language models (LLMs) to generate and evaluate

MCQs. While these models have presented good performance in enhancing linguistic quality and
distractor generation, challenges related to distractor plausibility, ambiguity, and alignment with in-
structional aims remain unresolved [14]. In their pilot study, Kank (2024) reports that the distractor
was effective, but the discrimination and quality of the distractors were inferior to those of instructor-
oriented constructed items [15]. This echoes both the hope and shortcomings of AI in item generation.
Fardeby et al. (2024) evaluated ChatGPT’s performance in the knowledge domain. They conclude
that the AI-formulated questions are on par with human experts and that the question types and
formats are consistent with those of experts, which in turn supports AI item generation [16]. How-
ever, most of these efforts focus primarily on the textual characteristics of MCQ items, with limited
attention to their psychometric quality and empirical performance, and fail to relate human-predicted
congruence test responses and academic achievement to AI-generated predictions. This is the goal
of this paper. Although there are clear reasons to be optimistic about LLMs’ strengths, they still
fall short of accurately addressing advanced reasoning problems in NLP settings [17]. Researchers
have also developed a program called ’SAQUET’ that detects structural flaws with 91-94% accuracy
compared to subject-matter experts [9], [18].
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Structural Defect Detection and AI-Assisted Question Evaluation
On another level, we found no difference in the discriminative ability or the level of challenge of the

questions produced by ChatGPT compared with those produced by humans [6]. Meanwhile, other
researchers found it easier to produce computer-generated questions. For instance, Baudin (2025)
examined multiple-choice questions generated by ChatGPT in the context of psychology instruction
and found that, although they exhibited acceptable validity and reliability, they were not suitable
for assessing higher-level cognitive skills. It is in line with the notion of using hybrid assessment
criteria [19]. At the same time, it turns out that the computer-generated questions have discrimination
coefficients close to those of the human-written ones, and only human intervention is needed to reveal
the defects [1], [4]. Then again, researchers’ findings indicated that after the training period, AI’s
ability to detect problems such as “None of what I just said” was significantly enhanced. So, a study
comparing AI-generated and expert-developed MCQs finds that AI-generated questions may be of
equivalent quality yet still require human inspection [20].

AI-Based Simulation and Field Testing of MCQs
Moreover, the concept of ’field testing through artificial intelligence’ has been proposed, in which

deep learning models would essentially serve as human students to answer multiple-choice questions.
Some of the latest techniques have sought to enhance the performance of large language models on
MCQs by incorporating reasoning that mimics human decision-making [21]. The ChatGPT-4o model
and the template-based AIG model achieved very good discrimination scores and could therefore be of
great help to teachers in creating multiple-choice questions [22], [23]. A recent example illustrates how
these models can accurately model students’ behavior and estimate the difficulty and discrimination
coefficients, thereby reducing their reliance on human samples. The data support the claim that
artificial intelligence can be a reliable partner in increasing the accuracy of educational assessments
[3].

Distractor Generation and Evaluation Techniques
One such review has identified three basic methodologies for creating distractors: linguistic meth-

ods (including synonymy and grammar-based methods), pattern-matching methods (such as Word-
Net), and statistical methods (including frequency-based methods). These methods were later com-
plemented by the use of knowledge graphs and text to create high-quality distractors [24]. The target
of the distractor-generation task is to produce implausible but incorrect answers to multiple-choice
questions. The quality of distractors directly affects the result of multiple-choice items used for evalua-
tion. Recently, studies have focused on evaluation criteria, datasets, and approaches for objective-type
questions. The lack of concordance between automatic distractor evaluation approaches and actual
test-taking behavior has been highlighted [25].

Research Gap and Motivation
A notable absence in the literature on integrating analytical processes before AI use and subsequent

evaluation has been identified. Additionally, a limited degree of alignment has been observed between
AI-generated analyses and those from the traditional method. There is a strong need to close the
evaluation gap before it is used. In light of the above, it is clear that the previous investigations either
focused on the AI-based generation process or on the traditional testing process. The innovative
nature of the proposed research lies in integrating both approaches, as reflected in the methodology
framework presented in the next section.

Research Questions and Hypotheses
Given the gap in the existing literature, most previous studies have compared manually generated

MCQs with those generated by artificial intelligence, with evaluations limited to item analyses based
on students’ test performance. The aspect of item validation before administration to students was also
not highlighted. This gap formed an important motivation for the current study and was addressed
through the proposed framework.

(RQ1): Are AI models capable of identifying structural errors and predicting the psychometric
quality of multiple-choice questions (MCQ) BEFORE students take them?

(RQ2): How well do the AI predictions relate to the traditional post-test results?
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(RQ3): Does the hybrid model of evaluation, consisting of pre-assessment via AI technology and
traditional post-testing, constitute a valid framework for assessing the Arabic Multiple-Choice Ques-
tions?

Based on the above research questions, the following hypotheses can be proposed:
H1: Artificial intelligence models can identify structurally and linguistically faulty multiple-choice

questions before they go live.
H2: AI-calculated difficulty, discrimination, and distraction qualities are significantly related to

traditional post-test results.
H3: The combination of the use of AI pre-assessment and the traditional approach of analysis

enhances the reliability and validity of the evaluation of MCQs.

MATERIALS AND METHODS
This article offers a combined approach to assessing Arabic multiple-choice questions (MCQs) by
merging AI-assisted pre-assessment with conventional post-test psychometric analysis. It explores the
potential of AI-generated results as useful indicators of item quality before actual test administration.
Three separate MCQ test forms, each containing 18 items, were administered to 195 students, equally
divided into three groups. In the first phase, ChatGPT-4 was utilized to analyze each question
and predict item difficulty, discrimination potential, and distractor effectiveness based on the test’s
linguistic and semantic features. Secondly, a conventional psychometric evaluation using real student
response data was conducted to identify indices of item difficulty, discrimination, reliability, and
distractor impact. The final approach is to compare AI forecasts with real psychometric data to
identify the relationship between the two approaches and to assess the feasibility of using AI-supported
pre-assessment in learning measurement in the Arabic context.

Research Design
This study employed an experimental comparative design to assess whether AI-aided pre-assessment

helps to predict the psychometric characteristics of Arabic MCQ items before they were administered;
that is, during the pre-implementation/ preparation phase. The proposed framework integrates the AI
model-based pre-evaluation procedure, implemented via ChatGPT, with classic post-hoc test-based
psychometric assessment, using data from real examinees. The experimental procedure was conducted
in two consecutive stages. The research adopts an experimental comparative design to investigate the
potential of AI-assisted pre-assessment to predict the psychometric characteristics of Arabic MCQ
items during the pre-preparation phase. The design first employed the ChatGPT-supported pre-
assessment to reexamine the items at the pre-test stage. Then the same items were examined using
standard post-test psychometric techniques with the students’ responses. Finally, the findings from
the two stages were compared to assess the degree of agreement and consistency between the AI results
and traditional psychometric parameters, as shown in the methodological approach in Figure 1.

Figure 1. Methodological framework for analyzing MCQs
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AI-Based Pre-Assessment Using ChatGPT
Once the MCQs have been entered into the ChatGPT model, it can perform an initial anal-

ysis. This first step is performed by relying on linguistic and semantic analysis of the questions,
options/chosen answers. ChatGPT writes descriptive predictions of the presumed level of difficulty,
the question’s correctness, and the effectiveness of the distractors.

Prompting Protocol for ChatGPT Pre-Assessment
For methodological transparency and to allow for re-application in a new study, a pre-assessment

by AI was performed using a systematic prompting technique. In this individual study, we applied
only the ChatGPT-4 AI model to examine all MCQ items in Arabic before administering the test.
To avoid differences due to varying GPT-4 versions and inconsistent overall accuracy, versions were
kept consistent throughout the study period. The process of analyzing each Arabic MCQ item and
its options was entered into ChatGPT 4 as a standalone input. ChatGPT-4 was asked not only to
predict the most popular option among students, but also to predict the item’s difficulty estimate
while taking into account the language semantics and difficulty factors, such as articulation obscu-
rity, semantic difficulty, and distractor readability, and formulated an estimated difficulty range (for
example, 0.7-0.85). Also, it was the model’s responsibility to evaluate the distractor’s effectiveness
based on the accompanying text. Regarding discrimination analysis, the model produced qualitative
threshold-based estimates, such as 0.40+, rather than actual psychometric coefficients. This is be-
cause such predictions were intended as preliminary indicators before students’ actual testing. The
same prompting structure was used for all test items to minimize the differences in AI-generated
responses. Additionally, Arabic prompts were provided throughout the evaluation process to ensure
consistency in the language context of the multiple-choice question (MCQ) items. A sample of the
prompting structure employed in this research is available in the Supplementary Material section.

Traditional Post-Test Psychometric Analysis
The questions are applied to a real sample of students, and student response data are collected.

Traditional psychometric analysis is conducted after test administration. Based on psychometric
principles of traditional measurement, the collected student responses after administering test forms
to student groups were scored and analyzed. The analysis was conducted by calculating item difficulty,
item discrimination, and distractor effectiveness based on student response patterns. These quantities
were measures of item quality and were also used to compare the traditional post-test results with
the AI-based pre-assessment outcomes.

The psychometric metrics used in the traditional post-test analysis were computed according to
standard item analysis procedures. Item difficulty (P ) was determined as the proportion of students
who correctly answered an item using Eq. (1):

P =
R

T
, (1)

where (R) represents the number of correct responses and (T ) represents the total number of students
who answered the item. Item discrimination (D) was calculated using the difference in performance
between upper and lower student groups using Eq. (2):

D =
U − L

N
, (2)

where (U) represents the number of students in the upper group who answered correctly, (L) represents
the number of students in the lower group who answered correctly, and (N) represents the number
of students in one of the groups (e.g., 27% of the total class size). To make a consistent comparison
between AI-based and traditional evaluations, distractor effectiveness was classified according to the
pre-set qualitative criteria shown in Table 1, which were derived from well-established principles of
item analysis and distractor functioning [26]. These criteria were used as operational definitions in
both the AI-based pre-assessment and the traditional post-test evaluation to ensure consistency in
the comparative analysis.
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Table 1. Distractor effectiveness classification criteria
Class Description
Good effectively attract low-performing students and contribute positively to item discrimination.
Accepted Show partial functionality and provide limited contribution to item differentiation.
Weak Rarely selected or fail to contribute meaningfully to item discrimination.

Study Sample and Data Collection
The study was conducted using three separate MCQ test forms for the first-year Bachelor of

Education computer principles course. Six multiple-choice questions were included in each test form,
and each independent test form was administered to a different group of 65 students. As a result,
each student in each group was to answer only one test form, rather than all 18 questions. To conduct
the element analysis for each item, the analysis was calculated only for students who answered the
specific test form group. The 195 students were divided equally across the three independent test
forms.

Comparative Evaluation Procedure
The proposed methodology ultimately focuses on comparing the indicators extracted from the

AI-powered pre-analysis with the results of the traditional post-analysis. The comparative evaluation
phase compared the indicators generated during the AI-based pre-assessment phase with those from
the traditional post-test analysis. This comparison was carried out along three facets of the indicators:
Discrimination, difficulty and distractor effectiveness. This provided results on the accuracy of the
AI-based predictions relative to the actual psychometric measures obtained from student responses.

Research Scope and Limitations
The research scope is limited to only Arabic multiple-choice questions and does not cover other

question types or languages. The pre-analysis is based solely on one AI model (ChatGPT), and
no comparative analysis with other AI systems is included. The work does not provide a detailed
assessment of linguistic complexity or consider how well the questions align with educational goals,
since such analysis would require expert human judgment and is beyond the scope of this study.
Despite the final sample including 195 students, each item-level analysis included only 65 student
responses. As such, results should be described as test cases or preliminary measures within a proof-
of-concept mindset rather than as large-scale psychometric standardizations. A proposed direction
for future research is to use larger, more diverse sample sizes.

Statistical Analysis
We conducted a statistical analysis to determine item difficulty, item discrimination, and the

effectiveness of distractors. We used Pearson correlation analysis to assess the relationship between
AI-based predictions and post-test outcomes, with a significance level of p ≤ 0.05. For correlation
analysis, the midpoint of each AI-predicted difficulty interval was used as the representative value
for the corresponding item. These center-point values were then compared with the traditional item-
difficulty indices obtained from student response data using Pearson’s correlation coefficient. We
measured the internal consistency of three MCQ test forms using the Kuder-Richardson Formula 20
(KR-20), which is conceptually equivalent to Cronbach’s alpha for dichotomously scored items.

We carried out all statistical analyses using the Statistical Package for the Social Sciences (SPSS)
version 26.0. SPSS was the tool we used to provide descriptive statistics, perform correlation analysis,
and calculate reliability.

RESULTS AND DISCUSSION
Descriptive Results of Traditional Item Analysis

Descriptive statistics for the typically analyzed MCQ items are shown here to provide a general idea
of the psychometric properties of the test forms. Three sets of questions, each containing 6 items, were
administered and analyzed to 3 classes of 65 students, for a total of 195 participants. Table 2 presents
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descriptive statistics for item difficulty, discrimination, and distractor effectiveness. The reported
values include the minimum, maximum, mean, and standard deviation for the item difficulty and
discrimination indices, as well as the overall distribution of distractor effectiveness classifications.

Table 2. General statistical properties of questions
Indicator Min Max Average Standard Deviation
Difficulty 0.23 0.92 0.70 0.18
Discrimination -0.38 0.94 0.73 0.31
Effectiveness Weak (16.7%) Good (72.2%) Accepted (11.1%) -

Using the classic post-test review, the assessment is shown to have good features with question
difficulty, discrimination, and distractor effectiveness. The difficulty index ranged from 0.23 to 0.92
(average: 0.70). Most of the questions were of moderate difficulty level, while a few questions were very
easy or very hard. The discrimination index ranged from 0.38 to 0.94 (average: 0.73), suggesting that
most questions can distinguish between high- and low-ability students. If some items show negative
discrimination, we first have to address their formulation problems or weaknesses. The percentages
of good, acceptable, and weak distractors were 72.2%, 11.1%, and 16.7%, respectively. That means
the quality of this test is quite good, but some distractors still need to be changed.

Reliability Analysis
A reliability analysis was also performed to assess the internal consistency of the test forms using

the Kuder-Richardson Formula 20 (KR-20), which is equivalent to Cronbach’s alpha for dichotomously
scored MCQ items. The reliability analysis was then performed for each set of independent questions.
The KR-20 reliability coefficients obtained for the three MCQ test forms are presented in Table 3.

Table 3. Kuder-Richardson (KR-20) result
Question Group Question Number Student Number KR-20 (Cronbach’s Alpha)
1 6 65 0.58
2 6 65 0.46
3 6 65 0.52

The reliability Results from this research provide further insight into the internal consistency of
the MCQ items. The reliability scores were tested using the usual guidelines in educational research:
a score of less than 0.50 was considered low reliability, a score between 0.50 and 0.80 was considered
moderate internal consistency, and a score greater than 0.80 was considered high internal consis-
tency [27]. Given these criteria, the KR-20 values observed across the different test forms appear
to indicate varying degrees of reliability, ranging from weak to moderate. These results are not un-
expected, given the number of items in each test form (six items each is quite brief) and the fact
that brief tests tend to have correspondingly low internal consistency estimates. Weak or negatively
discriminating items may also have contributed to the fluctuation in reliability across the test sets.

AI-based vs Traditional Evaluation Comparison
Here, we seek to compare the degree to which AI-driven pre-assessment outcomes align with

those of the traditional post-assessment, which measures students’ performance on tests. The pre-
assessment was conducted using ChatGPT, an advanced AI model proficient in natural language
processing (NLP) and in interpreting educational texts. Because of the moderate correlation between
the measures (r = 0.42, p<0.05), a notable convergence emerged between traditional and AI-based
evaluation.

The proposed methodology evaluates multiple-choice questions and their options generated from
Arabic content before the actual test begins, focusing on three main points:

- Preliminary assessment of the difficulty level of the question Predicted Difficulty: by analyzing
the texts and formulating the distractors.

- Estimating the level of Discrimination: by predicting the number of students who are attracted
to the given question.
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- Determine distractors’ quality and classify them as (Good, Accepted, or Weak).
At stage two, the test was administered to 195 students (65 per each question model), and their

data were collected for analysis using classical statistical methods. The discrimination and difficulty
indices were computed for each question, and the effectiveness of the distractors was assessed.

The correlation between the ChatGPT-based pre-assessment and the traditional post-test analy-
sis yielded a moderate and positive (r = 0.42, p<0.05). Under typical effect-size interpretations in
behavioral research, this represents a moderate relationship, reflecting the magnitude of the associ-
ation between AI-based prediction and those empirically determined from the psychometric analysis
of student data [28]. Such a relationship holds some promise for AI-based prediction in providing
preliminary recommendations on item difficulty and distractor effectiveness, which may be helpful
before a one-test analysis, but cannot stand as an alternative to post-test psychometric analysis at
this juncture. However, discrepancies were observed in several items, where AI-based predictions did
not perfectly align with empirical student-derived results. Some items that AI identified as having
weak performance showed acceptable to good performance according to traditional methods, whereas
others showed surprisingly challenging performance or discrimination levels. The results indicate that
mere text analysis may not adequately reflect students’ item-behavioral responses.

Difficulty Index (P) and Discrimination factor (D)
Based on student response data, Table 4 presents a direct comparison between the difficulty of

the AI-predicted value and the classic item difficulty P-value. With the AI pre-assessment phase,
ChatGPT did not give a specific difficulty value; instead, it generated a range of difficulty based on
the masking, semantics, and distractor plausibility of the MCQ item. The traditional values use the
item difficulty (P) index as explained in the method section.

Table 4. Comparison of AI-predicted and traditional difficulty index for each question
Q. Num AI-based Traditional
1 (0.70-0.85) 0.69
2 (0.75-0.90) 0.77
3 (0.85-0.95) 0.85
4 (0.90-0.98) 0.89
5 (0.80-0.90) 0.80
6 (0.80-0.90) 0.92
7 (0.50-0.65) 0.62
8 (0.90-0.98) 0.85
9 (0.75-0.85) 0.74
10 (0.60-0.75) 0.65
11 (0.80-0.90) 0.77
12 (0.55-0.70) 0.23
13 (0.60-0.75) 0.58
14 (0.90-0.98) 0.92
15 (0.45-0.60) 0.69
16 (0.70-0.85) 0.54
17 (0.30-0.50) 0.31
18 (0.50-0.65) 0.62

Figure 2 compares the real item difficulty scores derived from the conventional psychometric
method with the difficulty predictions made by the AI model, which were obtained before the test.
The area filled with color between the lower and upper AI-predicted limits indicates the difficulty
interval estimated by the model for each question. The actual item difficulty values, obtained from
the students’ responses, are shown by the black line.

Website: https://mjs.uomustansiriyah.edu.iq DOI: https://doi.org/10.23851/mjs.v37i3.1857

https://mjs.uomustansiriyah.edu.iq
https://doi.org/10.23851/mjs.v37i3.1857


Volume 37, Issue 3, 2026 9

Figure 2. Comparison of AI-predicted difficulty and traditional values

Table 5 compares the initial discrimination estimates from the ChatGPT AI model without ad-
ministering the test with the actual discrimination values after analyzing student responses to the
post-test. Data revealed that a majority of the items had quite high discrimination values. But, two
items, viz. Q12 and Q17 appeared to exhibit negative discrimination indices (-0.19 & -0.38, respec-
tively), whereas the other items showed positive discrimination indices. Besides, ChatGPT produced
qualitative discrimination forecasts rather than exact numeric psychometric coefficients, which hinder
a direct numerical comparison between AI-based and traditional results.

Table 5. AI Prognosis vs real discrimination index results
Q. Num AI Traditional
1 (0.40+) 0.56
2 (0.50+) 0.81
3 (0.40+) 0.81
4 (0.35+) 0.88
5 (0.45+) 0.81
6 (0.40+) 0.88
7 (0.55+) 0.81
8 (0.40+) 0.94
9 (0.40+) 0.94
10 (0.45+) 0.94
11 (0.50+) 0.94
12 (0.40+) - 0.19
13 (0.40+) 0.88
14 (0.30+) 0.88
15 (0.40+) 0.81
16 (0.40+) 0.81
17 (-) Negative - 0.38
18 (0.45+) 0.81

The report on the volume of difficulties suggested that the vast majority of observed levels were
within the margins estimated by the AI tool. So, it indicates the possibility of using AI as a first
approximation tool for assessment. Still, there were some points of departure, especially in cases where
the actual level of difficulty is very different from the range. As for discrimination, ChatGPT only
provided a qualitative estimate rather than a quantitative measure. As for discrimination, ChatGPT
only provided a qualitative estimate rather than a quantitative measure. Yet, the model identified
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questions that potentially discriminate against problems related to discrimination; two items (Q12,
Q17) display negative discrimination pointers (-0.19 and -0.38, respectively). Testing of the response
distributions revealed different answer-selection patterns. In Q12, more participants (32 out of 65)
left the question unanswered. At the same time, Q17 showed a substantial concentration of responses
on distractor A (22 participants) compared with only 6 participants choosing the correct answer.
These patterns suggest possible issues related to item wording, distractor construction, or answer-
key alignment that may have confused participant and affected their performance. The AI-based
pre-assessment had already identified these items as potentially problematic before the exam was
administered. These results highlight the practical value of AI-assisted pre-assessment as an early
diagnostic technique to identify weak questions before they are used in real exams.

Distractors’ Effectiveness
Table 6 compares the outcomes of the standard post-test analysis based on students’ actual per-

formance with the ChatGPT AI model’s pre-assessment of distractor quality before the test.

Table 6. Comparison of AI-based and traditional evaluation of distractor effectiveness
AI/Traditional Good Accepted Weak
Good 9 2 0
Accepted 1 1 1
Weak 0 1 3

A confusion matrix was developed to visually illustrate the agreement between AI-based distractor
classifications and the traditional method. This matrix allows visualization of whether items received
the same classification consistently or inconsistently. Table 6 shows the level of agreement and dis-
agreement between the AI-based pre-assessment and conventional post-test distractor classification
for each of the analyzed pre-assessment MCQ items. The diagonal entries indicate agreement, and
the off-diagonal entries indicate disagreement. The obtained values are presented in Table 7, which
also shows that agreement between AI-based and traditional distractor classifications was evaluated
using Cohen’s kappa coefficient.

Table 7. Agreement between two evaluation types
Measure Value
Agreement 77.8%
Cohen’s Kappa (k) 0.584
Description Moderate agreement

Finally, for distractor assessment, the agreement test showed that the AI’s marking decisions and
those of a human agreed with 77.8% accuracy across the items analyzed. The confusion matrix of
the agreement test that the bulk of the classification was consistent and formed the main diagonal,
while the disagreements were mostly due to borderline cases between neighboring categories. In
addition, Cohen’s kappa statistic revealed moderate agreement (k = 0.584) after accounting for chance
agreement, as described in the established interpretive guideline [29]. Really, ChatGPT was mainly
effective at detecting harmful distractors, mostly those involving very few students. But ChatGPT
was quite a bit less reliable in borderline cases, where the assignment of distractors depended far more
on the genuine distributions of student responses. In these situations, which arise from live human
interaction, textual analysis is insufficient for classification. Because of this, these findings support
the use of AI-assisted assessment as an aid to, not a replacement for, standard psychometric analysis.

These experimental results lend credence to the theory that using artificial intelligence-based pre-
assessment as a first diagnostic tool will provide valuable support for traditional psychometric testing
and that combining the two methods will yield higher-quality multiple-choice test items that have yet
to be used. It will also provide a feasible, practical assessment measure that could spark interest in
Arab classrooms, especially in resource-limited settings or classes with large student populations.
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CONCLUSION
This research paper suggests a new hybrid setup that integrates ChatGPT-based upfront assessment
with conventional psychometric post-test analysis for Arabic multiple-choice questions (MCQs). This
approach fuses AI-assisted linguistic evaluation with empirically based evaluation of actual learner
response data to enable early detection of item-quality problems, even before the examination is
administered. The findings indicate that AI-based pre-assessment can identify unmet needs in question
and distractor development and show a moderate correlation with standard psychometric results (r
= 0.42). And the findings suggest the central role of AI as an immediate performance tool for
inspecting test items even before the examination starts. Still, AI predictions were less precise for the
discrimination parameter, which is highly dependent on actual student response samples. This pattern
is consistent with using AI-assisted evaluation as an addition rather than a replacement. Though the
outcomes are encouraging, the research was done on a limited dataset of only 18 MCQs, distributed
over three separate test formats. Therefore, the results should be viewed as initial verification and
may not correctly represent many content sectors or difficulty levels. Future studies could leverage
larger, more diverse item groups that include additional linguistic and semantic characteristics and
compare many AI models to increase the effectiveness and generalizability of AI-based assessment
models.
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