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Abstract. This article examines the quality of multiple-choice (MC) vocabulary tests generated
with the help of artificial intelligence (AI) by comparing their psychometric properties to those of
human-constructed tests. Two sets of criterion-referenced tests (CRTs), designed to assess vocab-
ulary previously taught in class, were developed. In each set, one test was entirely generated by Al,
while the other incorporated MC options either fully created by a human constructor or modified
from the Al-generated options. The tests were administered to students of a high school. The anal-
ysis focussed on reliability estimates and item statistics, particularly those which are relevant to
CRTs. The findings suggest that the use of Al significantly improved test practicality by reducing
the time and effort needed to develop the tests, although human-constructed tests exhibited superior
psychometric qualities.
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BADANIE POROWNAWCZE TESTOW JEZYKOWYCH GENEROWANYCH
PRZEZ SZTUCZNA INTELIGENCIJE I TESTOW NAUCZYCIELSKICH

Abstrakt. Artykut analizuje wtasciwosci pomiarowe testow leksykalnych w formacie wyboru wie-
lokrotnego (multiple choice, MC) generowanych przy uzyciu sztucznej inteligencji (artificial in-
telligence, Al), poprzez porownanie ich wartosci psychometrycznej z testami opracowanymi przez
nauczyciela. Utworzono dwa zestawy klasowych testow sprawdzajacych (criterion-referenced
tests, CRT), majacych na celu ocen¢ znajomosci stownictwa wcze$niej omawianego na lekcjach.
W kazdym zestawie znalazt si¢ jeden test w cato$ci wygenerowany przez Al oraz drugi, w ktoérym
opcje odpowiedzi zostaty przygotowane tradycyjnie lub zmodyfikowane na podstawie propozycji
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Al Testy przeprowadzono w$rdd uczniéw szkoty sredniej. Analiza skupita si¢ na wspolczynnikach
rzetelnos$ci oraz wskaznikach jakosci zadan testowych, zwlaszcza tych, ktore sg istotne w kontek-
scie CRT. Wyniki wskazuja, ze wykorzystanie Al istotnie zwigksza praktyczno$¢ testowania, skra-
cajac czas i naktad pracy potrzebny do ich opracowania, jednak testy przygotowane przez nauczy-
ciela odznaczaly si¢ lepszymi wlasciwosciami psychometrycznymi.

Stowa kluczowe: ocenianie jezykowe; klasowe testy sprawdzajace; zadania wyboru wielokrot-
nego; automatyczne generowanie zadan; ChatGPT; ewaluacja testow i sprawdzianow

INTRODUCTION

The recent integration of artificial intelligence (Al) into learning and teach-
ing has, by and large, had a beneficial impact on educational practices, partic-
ularly through the application of chatbots and generative Al (Jincheng et al.,
2025). Much of this positive effect can be attributed to ChatGPT, a language
generation model from OpenAl. It must be admitted that its use in education
poses some challenges, for example because of concerns over malpractice and
the risk of compromising academic integrity. On the other hand, ChatGPT has
been reported to successfully supplement pedagogical activities by providing
students with personalized learning or by supporting teachers in the develop-
ment of instructional materials and assessment tasks; it can also communicate
with the learners and provide feedback on their errors and the progress they
make (Memarian & Doleck, 2023).

From a technical point of view, ChatGPT is a large language model (LLM)
that can perform natural language processing (NLP) tasks. For example, it can
interpret and generate text, hold natural and coherent conversations, write
summaries, and translate languages. The ability to understand and produce
human-like language is particularly useful in those educational contexts where
efficient content generation is needed. For example, this Al model has been
successfully used to generate learning objectives that were found to be meas-
urable and relevant (Doyle et al., 2025), stories for reading comprehension
that were found to be coherent, appropriate, and readable (Bezirhan & von
Davier, 2023), as well as assessment items that properly adhered to the item
writing guidelines (Zuckerman et al., 2023).

The application of Al to the writing of test items can be viewed as an in-
stantiation of automatic item generation (AIG), which “is a technology-based
innovation designed to scale the item development process so large numbers
of high-quality items can be created efficiently and economically” (Sayin &
Gierl, 2024, p. 5). It should be added that traditional AIG uses computer
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algorithms and strict psychometric principles to generate items on the basis of
cognitive models and item templates (Gierl & Haladyna, 2013). On the other
hand, ChatGPT-based AIG uses the generative capabilities of LLMs, which
means that this system is probabilistic in nature and its outputs draw on pat-
terns learned from large amounts of data. As a result, the items produced by
ChatGPT-based AIG may not always meet strict psychometric standards, thus
requiring human evaluation and modification. Despite these fundamental
differences, within the broader AIG framework, the use of ChatGPT to ge-
nerate test items can also be classified as AIG (e.g. Kiyak et al., 2024), or as
Al-powered AIG (Shin & Lee, 2024).

Although AIG can dramatically enhance test practicality by reducing the
resources required to construct test items, the quality of automatically gener-
ated items should not be taken for granted. However, evaluation of AIG items
is, in fact, not consistently carried out, as reported by Circi et al. (2023). The
easy availability of Al-based item generation systems further compounds the
problem, particularly in classroom contexts, where test evaluation is relatively
infrequent. This infrequency is due to the fact that many pre-service teachers
do not receive any test development training, which leads to the omission of
essential test construction procedures in actual classroom settings (Tewachew
et al., 2024). As succinctly stated by Haynie (1992), “teachers lack sufficient
training in test development [and] fail to analyze tests” (p. 26). Moreover, the
ease of constructing tests with the aid of AI may even encourage the uncritical
use of tests as ready-made products. In view of these concerns, there is a con-
tinuing need to conduct systematic investigations into the quality of classroom
tests, especially those generated by Al

1. EVALUATION OF AIG ITEMS

Evaluation of items generated by AIG has been conducted using various
models. On the basis of two recent reviews of literature on automatic item
generation in educational assessment (Circi et al., 2023; Song et al., 2025), it
is possible to synthesize these models into three broad approaches. The first
one may be termed human-based evaluation. It includes manual annotation by
students, teachers, or experts using item rating questionnaires, blind review
comparisons between AIG and human-constructed items, as well as the Turing
test, in which humans attempt to detect AIG items. This approach is predom-
inantly subjective, judgement-based, and qualitative. The second approach,
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machine-assisted evaluation, is principally objective, data-driven, and quan-
titative. It encompasses statistical item analyses, factor analyses of internal
structure, and cosine similarity calculations. There are also hybrid man-ma-
chine models, in which human judgment is complemented by machine evalu-
ation indicators. Finally, effectiveness-based evaluation focuses on measuring
actual learning outcomes, and consists in determining whether using automat-
ically generated tests results in significant knowledge gains. The approaches
to evaluating AIG items may also be classified based on who evaluates the
items (humans, machines, or both), what is evaluated (item quality in terms of
content relevance, psychometric properties, or learning outcomes), and how
the evaluation is conducted (subjectively or empirically).

A number of recent studies have applied these evaluation approaches, in-
dividually or in combination, to investigate the quality of Al-generated items
in educational assessments. Some of these studies report that Al-powered AIG
is on a par with human test development, or even superior. Other studies high-
light the necessity of improving Al-generated items by human experts. There
are also studies reporting mixed results.

One study, by Bhandari et al. (2024), compared questions generated by
ChatGPT with traditional formative assessments and found no significant dif-
ferences in difficulty and discrimination parameters between the two sets of
items. It is noteworthy that ChatGPT items were even superior at differentiat-
ing the ability levels of the respondents. Moreover, Al-generated items
demonstrated unidimensionality and, when used together with human-au-
thored questions, did not affect the unidimensionality of the original item
bank. Additionally, the learning objective distribution of ChatGPT-generated
items showed greater similarity to the target lesson than to adjacent lessons.

Mendoza et al. (2024) evaluated items for a university entrance exam in
written language using a detailed rubric. This study, which included items
written by ChatGPT and humans, found that both sets had high rates of ac-
ceptance, although humans marginally outperformed ChatGPT. However,
items produced by ChatGPT were, on the whole, more consistent and required
fewer substantial edits. In general, the results of this study suggest that
ChatGPT can generate test items of comparable quality to those written by
human experts. A similar conclusion was reached by O (2024), who focussed
on the parallelism between two test forms, one entirely produced by humans
and the other created with partial assistance of Al. The results of statistical
analyses confirmed the comparability of the two test forms.
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Another study (Coskun et al., 2025), in the context of medical education,
relied on human-based evaluation and psychometric characteristics (item dif-
ficulty and point-biserial correlations) to investigate ChatGPT’s ability to pro-
duce MC questions. The Al-generated items were positively evaluated by sub-
ject-matter experts. However, out of fifteen MC items, only six had acceptable
point-biserial values, and just five items were deemed suitable for classroom
tests. On the whole, the researchers acknowledged ChatGPT’s potential for
generating assessment questions.

A study by Shin and Lee (2023) on L2 assessment materials revealed that
ChatGPT-generated reading passages and MC items were similar to human-
created ones in terms of naturalness and flow. However, human-created items
had more attractive MC options and higher completion levels—a term used to
refer to the relevance of the items to the target passage as well as the clarity and
content homogeneity of the options. While Shin and Lee appreciated the use-
fulness of Al-powered item generation, they also emphasized that “it is not yet
possible to completely hand over L2 testing item creation to ChatGPT” (p. 35).

The feasibility of using ChatGPT to grade university exams has been ex-
plored by Flodén (2025). The results indicate that although Al-generated scores
generally resembled those given by human graders, ChatGPT often awarded
slightly higher marks. Moreover, complete agreement on grades was relatively
low, with only 30% of exams receiving identical grades from both sources.

There are also studies reporting rather negative results. For example, the
reliability of ChatGPT in perceiving and rating the complexity of writing
prompts was found to be low compared to human raters in a study by Khademi
(2023). Moreover, the test items generated by ChatGPT were frequently lengthy
and showed similarities in meaning between the options (Aryadoust et al.,
2024). Finally, Ngo et al. (2024) found that ChatGPT was able to generate only
19 correct items (with answers and explanations) out of a total of 60.

An important issue in the context of MC items is the quality of the distrac-
tors. Several studies have focussed on this problem. For example, Bitew et al.
(2025) used qualitative and quantitative methods to evaluate ChatGPT’s abil-
ity to generate MC distractors. According to the results, 53% of the generated
distractors were of high quality. Another study (Malec, 2024) found that some
of the distractors generated by ChatGPT for a multiple-choice vocabulary test
were very ineffective, and follow-up queries failed to correct these errors in
item construction. ChatGPT also produced some non-functional distractors,
chosen by fewer than 5% of the test takers, in a study by Kiyak et al. (2024).
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Finally, while a number of studies have compared Al-generated and hu-
man-constructed items, none of them seems to have specifically addressed
criterion-referenced assessments. Given that criterion-referenced testing
(CRT) is generally more appropriate in the language classroom than norm-
referenced testing (NRT) (e.g. Brown & Hudson, 2002), it is important to fill
this research gap by examining the quality of items designed for CRT inter-
pretations.

This brief review shows that further research is needed to assess the quality
of Al-generated items. Despite the promise of Al-based solutions, traditional
concerns related to the appropriateness and usefulness of test scores continue
to persist.

2. THE STUDY

Building on a previous study (Malec, 2024) that focussed on MC distrac-
tors, the present research uses part of the same dataset, supplemented with
additional data, to explore the quality of entire items and tests produced with
the aid of Al by comparing them to those developed by a human test construc-
tor. The assessment instruments were designed for classroom use and intended
for criterion-referenced score interpretations. The study was divided into two
parts, each comprising two vocabulary tests.

2.1 METHOD

The participants in this study were high school students, aged 16—18, from
Lublin, Poland, learning English at an advanced level corresponding to B2+/C1
on the CEFR scale. The group that participated in the first part of the study
consisted of 142 students, whereas the group in the second part was divided into
two subgroups (37 and 39 students, respectively). The students were not randomly
assigned to the study groups, which could be seen as a limitation. For logistical
reasons, they completed the tests during their regular instructional hours.

The instruments developed for the purpose of this study were MC vocabu-
lary tests designed to assess students’ knowledge of lexical items previously
taught in class. In Part 1, the tests targeted vocabulary drawn from a single
lesson in Speakout Advanced, taught immediately before the test administra-
tion. In Part 2, the tests covered vocabulary from the entire New Password
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B2+/C1 coursebook, which the students had completed as part of their school
curriculum. The tests in Part 1 each consisted of 15 items, while those in Part
2 included 20 items. Every MC item consisted of a context sentence (stem)
intended to reflect the meaning and use of the target lexical item, followed by
three answer options—one correct answer (the key) and two distractors. The
three-option format was chosen in line with frequent recommendations in the
literature (e.g. Rodriguez, 2005). The cut-off score for each test was set at
50%, which the teachers considered an appropriate threshold for mastery at
the students’ proficiency level.

The following labels are used for the four tests:

— TI1-Al: Test 1A (Al-generated),

— T1-H: Test 1B (human-created),

— T2-AI: Test 2A (Al-generated),

— T2-HM: Test 2B (human-modified Al test).

All tests were constructed in several stages. First, 30 lexical items were
selected for Part 1 (15 for T1-Al and 15 for T1-H) and 20 for Part 2 (shared
between T2-Al and T2-HM). Next, one context sentence was generated for
each word or phrase using an Al-powered online platform, Twee (twee.com,
accessed February 14, 2024). Then, ChatGPT (chat.openai.com, accessed
February 14, 2024) was prompted to generate distractors for each item in T1-
Al and T2-Al. The prompt contained detailed instructions on how to produce
plausible yet plainly incorrect distractors (see Malec, 2024, for details). T1-H
included traditional, human-written distractors, while T2-HM had distractors
that were partly modified based on the original Al-produced ones. These mod-
ifications were made by the teacher-researcher conducting the study, and were
guided by human judgement and classroom testing experience. Finally, the
tests were assembled on WebClass (webclass.co) and administered online to
the participants.

Following test administration, WebClass was also used to conduct most of
the statistical analyses (see also Malec, 2025). Although test and item statis-
tics may not be the most important consideration in the context of CTR, they
still provide useful additional information regarding the quality of individual
items and entire tests (Brown & Hudson, 2002; Bachman, 2004; Brown,
2014). For individual items, the B-index was used as a CTR equivalent of NRT
discrimination indices. This statistic indicates how effectively a given item
distinguishes between masters (students who passed the test) and non-masters
(students who failed). For completeness and comparison, however, the point-
biserial correlation coefficient was also included in the analysis. At the test
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level, the most appropriate CRT reliability (or, rather, dependability) estimate
is the phi coefficient (®). To show the differences between CRT and NRT
contexts, Cronbach’s alpha (a) is also reported. Moreover, the consistency of
mastery/non-mastery classifications was assessed using two indices, phi
lambda (®@;) and kappa squared k?, both of which indicate the accuracy and
consistency of student classifications relative to the established cut scores. In
addition, the equivalence of test forms in each part of the study was examined
using #-tests and the Two One-Sided Tests (TOST) procedure, originally pro-
posed by Schuirmann (1987). The equivalence bounds were 0.75 for the first
test pair and 1.00 for the second, in both cases corresponding to a 5% differ-
ence in total scores. This difference was assumed to be acceptable given that
each grade band represented a 10% range of the total score. In other words, a
5% change in test scores would not, on average, result in a change of score-
based decisions.

2.2 RESULTS AND DISCUSSION

The results are presented in two sections: test-level analysis and item-level
analysis. The former focusses on general descriptive statistics, test form
equivalence, and reliability/dependability estimations, whereas the latter is
primarily concerned with item facility and discrimination.

2.2.1 Test-level analysis

Descriptive statistics and reliability/dependability estimates for the four
test forms are given in Table 1.

Table 1. Descriptive statistics and reliability/dependability estimates

Statistic T1-Al T1-H T2-Al T2-HM
Number of test takers () 142 142 37 39
Number of items (k) 15 15 20 20
Cut score [test] (A) 7.5 7.5 10 10
Cut score [item] (M) 0.5 0.5 0.5 0.5
Mean (¥) 7.53 8.94 13.46 16.56
Mean of proportion scores (Xp) 0.50 0.60 0.67 0.83
Standard deviation (SD) 2.23 2.56 3.04 3.39
Min. 2 1 6 6
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Median 8 9 14 18
Max. 12 14 19 20
Skewness —0.588 —-0.930 —-0.459 -1.327
Kurtosis —-0.073 1.172 —0.263 1.419
Cronbach’s alpha (o) 488 567 .654 796
Standard error of measurement (SEM) 10.64% 11.24% 8.95% 7.64%
Phi coefficient (®) .398 522 .593 791
Phi lambda (®») 258 .604 .802 .956
Kappa squared (k%) 488 672 .851 958
(S;Z‘I;\jj:)i error for absolute decisions 12.76% 12.30% 10.20% 776%

Based on the descriptive statistics, the scores on T1-H and T2-HM were higher
compared to T1-Al and T2-Al, respectively. Furthermore, both “human” ver-
sions of the tests had more dispersed score distributions, were more negatively
skewed, and had higher kurtosis, which indicated a greater frequency of high
scores. T2-HM, in particular, had an elevated median, which suggested a ceil-
ing effect, with many students achieving near-perfect scores.

A paired-samples #-test comparing T1-Al and T1-H showed a statistically
significant difference in scores, #(141) = —6.72, p <.001, which indicated a
lack of score equivalence between the two forms. Similarly, for T2-Al and T2-
HM, an independent-samples #-test with Welch’s correction (due to unequal
variances) also revealed a significant difference, #73.79) =—-4.21, p <.001.
These results were confirmed by the TOST analysis, which revealed that the
differences in scores were larger than the predefined equivalence bounds, thus
indicating a lack of score equivalence between the test forms in both pairs.
A summary of TOST results is given in Table 2.

Table 2. Summary of TOST results

. Equivalence Mean 90% CI
Comparison bounds difference of difference TOST result
TI-Alvs TI-H £0.75 —1.415 | [-1.76,-1.07] | Not equivalent
(paired)
T2-Al vs T2-HM .
+ —3. —4. —1.
(independent) 1.00 3.105 | [-4.34,—-1.88] | Not equivalent

The reliability of the tests for NRT interpretations, represented by
Cronbach’s alpha (o), and the dependability of domain score estimates for
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CRT interpretations, represented by the phi coefficient (®), were both higher
for the second test in each pair. This means that the Al-generated forms ex-
hibited greater measurement error. A similar pattern was observed in the case
of decision consistency, as estimated by phi lambda (®;) and kappa squared
(x?). Both indices increased substantially from the Al-generated to the human-
developed versions, which suggested improved agreement between observed
and true classifications with respect to the cut score.

2.2.2 Item analysis

While NRT items should ideally be of intermediate difficulty, since such
items typically have better discrimination (Brown, 2012), item facility (/F)
values can also provide useful information in CRT contexts. In particular,
items which are at the extreme ends of the facility scale often require careful
qualitative analysis. In this study, three items (all Al-generated) had /F values
below .20. One example is given below:

(1) Isaw him __ to me from across the room.
A. waving
B. beckoning
C. shouting

The extremely low facility index (/F' = .05) for the item in (1) was likely due
to the inclusion of inappropriate distractors. While beckoning was intended as
the correct answer, both waving and shouting may have appeared lexically
acceptable to the test takers, making the item unnecessarily difficult and po-
tentially misleading.

At the other end of the facility scale, several items had very high /F values.
Two items with the highest facility (/FF = .97) were found in T2_AlI, and one
such item appeared in T2 _HM. One of these items is shown below:

(2) It’s my birthday next week, so I want to ____ a party.
A. give
B. catch
C. throw

The Al-generated item in (2) also lacked effective distractors. Specifically,
while throw was the intended correct answer, give was not clearly incorrect in
the context given. This probably contributed to confusion, as reflected in the
item’s negative CRT discrimination (B =—.03), which indicates that Option A
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was selected by a test taker who passed the test. In the human-modified version
of this test, the distractors were changed to deliver and issue. Interestingly, this
revision did not affect the item’s facility (/F remained at .97), but it led to a
marked improvement in discrimination, with the B-index rising to .50.

Item discrimination analysis included the calculation of the point-biserial
correlation coefficient (PB) for NRT interpretations and the B-index for CTR
interpretations. A number of threshold values for interpreting these indices
have been proposed in the educational measurement literature, with .30 fre-
quently cited as a benchmark for acceptable discrimination (e.g. Ebel, 1954;
Bachman, 2004). A summary of item discrimination analysis is presented in
Table 3.

Table 3. Summary of item discrimination analysis

Statistic T1-Al T1-H T2-Al T2-HM
Mean PB .33 .39 .36 46
Min. PB —.11 .16 .00 18
Max. PB .56 57 .57 70
% PB > .30 67% 73% 60% 90%
Mean B .24 32 31 A48
Min. B .00 15 —.24 .26
Max. B 48 A7 .76 .95
% B> .30 47% 73% 55% 80%

As can be seen in Table 3, the human-constructed (T1-H) and human-modified
(T2-HM) items outperformed their Al-generated counterparts. Among the four
tests, T2-HM demonstrated the strongest item discrimination overall, with the
highest means of PB and B. This test also had the largest proportion of items
that were equal to or above the .30 threshold. In contrast, T1-Al showed the
weakest performance, as it had only 67% items with PB > .30 and 47% items
with B > .30. These results suggest that human involvement generally led to
items that were more effective at distinguishing between students based on
ability and mastery.
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3. LIMITATIONS

This study has some notable limitations. First, the number of students who
completed the tests in Part 2 was relatively small. While such sample sizes are
common in classroom-based research, and thus reflect real instructional con-
texts, they may limit the reliability and generalizability of the test and item
statistics. In Part 1, however, the sample size was more adequate and provides
greater confidence in the results.

Second, the study was conducted at the beginning of 2024, when GPT-3.5
was freely available. Since then, however, newer models have been intro-
duced. These are likely to perform better in generating test items. According
to ChatGPT’s own comparison, GPT-4-turbo offers improved semantic under-
standing, greater sensitivity to subtle lexical distinctions, and better contex-
tual awareness. These enhancements could result in distractors that are more
plausible and challenging, potentially improving the overall quality of Al-
generated test items.

Nevertheless, when prompted to generate distractors for one of the items
used in this study, ChatGPT-4 suggested a distractor that was a close synonym
of the correct answer (see Table 4). In the context given, this distractor could
not be considered plainly incorrect, and its inclusion in the test would violate
one of the fundamental multiple-choice item-writing guidelines. In view of
this, it appears that, despite being more advanced than GPT-3.5, GPT-4 may
still generate inappropriate distractors. Although the model was able to correct
itself, this example emphasizes the importance of human oversight in the item
development process.

Table 4. Part of a conversation with ChatGPT-4

User: What distractors do you suggest for the word in square brackets in the following
sentence:
She was [banking] on him to help her succeed in the business venture.
ChatGPT: For banking in this context (meaning “relying” or “depending on”), the distractors
should be words that seem plausible but do not fit the intended meaning. Here are
some good options:
Distractors:
1. gambling — Similar in meaning but implies risk and uncertainty rather than trust.
2. counting — Close in meaning but often used in a different structure (counting on
vs. banking on).
3. saving — Related to banking in the financial sense, creating a semantic trap.
4. investing — Fits the business context but suggests putting in resources rather than
relying on someone.
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User: Isn’t counting on the same as banking on?
ChatGPT: You’re absolutely right — counting on is a direct synonym of banking on, so it
wouldn’t work as a distractor. My mistake!
Here’s a revised list of better distractors for banking on:
1. hoping — Seems similar but lacks the sense of expectation or reliance.
2. guessing — Implies uncertainty rather than trust.
3. waiting — Suggests passivity rather than dependence.
4. saving — Plays on the financial meaning of banking but doesn’t fit the context.

CONCLUSION

This article has addressed a vital concern in education, namely the use of
artificial intelligence to generate test items. While a number of previous stud-
ies have already investigated this issue from various perspectives, none of
them has specifically examined the quality of Al-generated items for criterion-
referenced testing. The present study focused on classroom-based vocabulary
assessment and compared Al-generated items and tests to those constructed or
revised by humans using selected item- and test-level statistics. In addition to
quantitative analyses, a qualitative assessment of items was conducted.

The findings indicate that the ChatGPT-generated tests were clearly out-
performed by human-developed tests in terms of NRT reliability, CRT
dependability, decision consistency, as well as item discrimination. In this
particular context, the core of the problem with Al-produced items was the
quality of multiple-choice distractors (see also Malec, 2024). In attempting to
suggest plausible but incorrect options, ChatGPT occasionally generated
distractors that were not plainly wrong, thereby misleading the test takers and
compromising item discrimination.

On the other hand, it would be unfair not to acknowledge the potential of
Al as a support tool for test developers, particularly at the stage of item writ-
ing, which includes the construction of distractors. As long as the automati-
cally generated items are subjected to careful human review, the quality of
tests and items, and thus the appropriateness of score interpretations, should
not be jeopardized.

In light of the findings of this study, future research should focus on ways
to refine Al systems to make them suitable for educational assessment. It is
also important to develop guidelines for making the best possible use of Al-
generated content in test development.
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