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Abstract. Quality of AI vs human-generated single best answer questions: a systematic review and meta-analysis.
Shabbir Muhammad, Bandy Altaf, Mehboob Bushra, Mahboob Usman, Liagat Ambreen, Almarshad Feras,
Adam Siti Khadijah. Single Best Answer Questions (SBAs) are essential and resource-intensive assessment tools in
health professions education. Artificial Intelligence (Al), such as large language models (LLMs), can automate the
creation of SBAs; however, evidence comparing the quality of Al-generated and human-created items is still dispersed.
The purpose of the study is to compare the psychometric quality, measured by difficulty and discrimination indices, of Al-
generated SBAs with those authored by humans in health professions education. The current study followed PRISMA
guidelines. The search was conducted on Scopus, PubMed, and Google Scholar. Studies published through April 25th,
2025, and those that directly compared Al- and human-generated SBAs and reported the mean, standard deviation, and
sample size for both difficulty and discrimination indices were included. Two reviewers independently extracted the data.
Standardized mean differences (SMDs) were calculated and combined using random-effects models (Jamovi MAJOR
module, version 2.6.44-06 March 2025). Heterogeneity and publication bias were assessed. Four studies met the
inclusion criteria, providing eight comparison outcomes (4 for difficulty, 4 for discrimination). The combined analysis of
both outcomes revealed no statistically significant difference, overall (SMD= -0.084, 95% CI: -0.65 to 0.49, p=0.773);
however, the heterogeneity was very high (I’=92.7%). Separate analyses revealed that Al-generated questions were
significantly easier than human-generated questions (SMD= +0.541, 95% CI: 0.17 to 0.91, p=0.004; I’=62.3%). Con-
versely, human-authored questions demonstrated significantly higher discrimination indices than Al-generated questions
(SMD=-0.701, 95% CI: -1.33 to -0.08, p=0.028,; I’=86.2%). No evidence of publication bias was found. Al-generated
items tend to be easier, potentially aiding accessibility, whereas human-authored items currently exhibit superior
discriminatory power, which is crucial for robust assessment. High heterogeneity underscores context dependency.
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MEJ[UYHA [ICUXOJIOITA

Pedepar. SIkicTe TecTOBHX 3aBJaHb 3 OJHi€l0 Haiikpamiow Biamosinaio, 3renepoanux IIII Ta JarogunOIO:
cucremMaTuyHuii ornsx i meraananis. IIa66ip Myxamman, benni Aarad, Mex0yo Bbympa, Max0y6 ¥Ycman,
Jliakat AMOpin, Ans-Mapman ®epac, Anam Citi Xangimka. Tecmosi 3a60anHs 3 €OUHOIO HAUKPAWOIO 8I0N0GIO0I0
(Single Best Answer Questions, SBA) € saxciusumu ma pecypcoemMHumuy iHCmpyMeRmamu OYiHIOGAHHsL 8 0C8imi Qaxieyie
cghepu oxoporu 300pos’s. LlImyunuii inmenexm (L), 30kpema eenuxi mosni mooeni (LLMs), moosice asmomamusyeamu
cmeopents 3a80ans muny SBA; oOHax Oawmi w000 nopisHanHsa AKkocmi 3a80anb, cmeoperux LIl ma arodunoro, Hapasi
3ANUUAIOMbCSL PO3piZHeHuMu. Memoio 00cniodicerst Y10 NOPIGHIMU NCUXOMEMPUYHY SIKICIb, GUMIDSIHY 34 IHOEKCAMU
ckaaoHocmi ma ouckpuminayii, SBA, 3eeneposanux LI, i3 3a80anHAMU, a8MOPOM AKUX € NHOOUHA, ) cghepi ocsimu
MeOouyHux npayienuxie. JlocniodceHHs BUKOHAHO 8i0nogioHo 0o pexomenoayiii PRISMA. Ilowyk naimepamypu
30iticniosasca 6 bazax Scopus, PubMed ma Google Scholar. [lo ananizy exnmouanuca 0ocnioxcenHs, onyoOnikosani 00
25 keimusn 2025 poxy, sxi 6eznocepeonvo nopieniosanu SBA, cmeopeni LI ma n100unoio, i NOGIOOMIANU CepeOHE 3HAUEH S,
cmandapmue GIOXUNeHHs. ma 00csie 6UOIPKU Ol THOEKCI8 CKIAOHOCME ma OUCKpUMIHayil. /l6o€ peyen3eHmie He3anexicHo
30iicHiosanu  eunyuenns oanux. Cmanoapmuzosani cepeoui pisnuyi (standardized mean differences, SMDs) 6ynu
po3paxoeari ma 06’ €OHaHi 3 BUKOPUCMAHHAM MoOeeli sunaokosux egexmie (modyno Jamovi MAJOR, sepcis 2.6.44-06
bepesns 2025 poky). Taxooic oyinrosanu cemepozenHicms ma ynepeodicents nyonikayii. Yomupu docniodicenns 8ionogioanu
Kpumepisim GKIHOYEHHS, HA0aswu 8iCiM NOPIGHATbHUX pe3yavmamis (4 0ns ckiaonocmi, 4 0ns ouckpuminayii). CykynHuu
aHaniz 000X NOKA3HUKIE He GUABUE CIAMUCUYHO 3Hauywjoi pisnuyi 3aeanom (SMD=-0,084; 95% /II: -0,65 oo 0,49,
p=0,773); oonax cemepozennicmo Oyna oysuce sucoxoio (I’=92,7%,). Oxpemi ananizu nokazauu, wjo 3a60aHHs, 32eHEPOBAH]
LI, 6ynu cmamucmuuno 3Hauyuje npocmiwiumu, Hixe cmeopeHi nodomu (SMD= +0,541; 95% JI: 0,17-0,91; p=0,004;,
I’=62,3%). Boououac 3agoamns, asmopamu akux Oyiu 00U, OEMOHCMPYBANU 3HAYHO BUWI iHOeKCU OUCKPUMIHAYIT
nopisuano 3 LI (SMD=-0,701; 95% /lI: -1,33 0o -0,08; p=0,028; I’=86,2%). O3nax nybaikayitino2o 3miueHHs He
susgneHo. 3asoanns, cmeopeni LI, ax npaguno, € npocmiuiumu, o Moxce nio8UUy8amu OOCMYNHICMb OYIHIOBAHHS, MOOI
SIK 3a60aHHS, CMBOPEHI TTOOUHOI0, HAPA3L OEMOHCIPYIOMb GUULY OUCKPUMIHATNUGHY 30AMHICTb, WO € KPUMUYHO 8ANCTIUBUM

011 HAOIIHO20 OYiHIoBanHs. Bucoka eemepozennicmo niOKpecioe 3aiexiCHICb pe3yibmamie 6i0 KOHMEKCny.

In the era of competency-based medical educa-
tion, assessment plays a central role in guiding
learning, evaluating progress, and ensuring that
students attain the required competencies for clinical
practice [1]. Among various assessment tools, single-
best-answer (SBA) questions remain a cornerstone
due to their objectivity, efficiency, and ability to
cover diverse knowledge areas. When SBAs are
designed around clinical scenarios, they promote
critical thinking and decision-making by mimicking
real-world medical situations [2, 3, 4]

However, the consistent development of high-
quality SBAs is a resource-intensive process that re-
quires subject matter expertise, psychometric sensiti-
vity, and iterative validation. In this context, ChatGPT
is considered a valuable tool for automating the gene-
ration of exam questions through generative Al [5, 6].

Recent studies have evaluated the psychometric
performance and content quality of Al-generated
SBAs compared to human-authored ones. While
ChatGPT demonstrates efficiency and scalability in
question generation, concerns remain regarding its
accuracy, contextual alignment, and discriminatory
ability [7, 8, 9]. Some studies report comparable item
difficulty between AI- and human-generated ques-
tions [6], but consistently lower discrimination indi-
ces for Al items, which raises questions about their
validity in differentiating learner performance [5].

Moreover, qualitative assessments have high-
lighted content-specific issues in Al-generated SBAs,
such as factual inaccuracies, inappropriate difficulty
levels, and culturally insensitive phrasing [10, 11].
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These findings underscore the necessity of human
oversight and robust quality assurance processes
before Al-generated items can be integrated into
high-stakes assessments [12].

The Purpose of the current systematic review and
meta-analysis is to evaluate and synthesize existing
evidence comparing the psychometric properties of
Al-generated and human-created SBA questions in
medical education contexts. Specifically, it addresses
differences in item difficulty and discrimination, and
examines the implications for assessment quality,
validity, and utility in medical curricula. By quanti-
tatively pooling data on these key psychometric
properties where possible, we seek to provide a
consolidated understanding of the relative strengths
and weaknesses of current Al capabilities in SBA
generation compared to traditional human authorship.

MATERIALS AND METHODS OF RESEARCH

The study was conducted as a systematic review
and meta-analysis to compare the psychometric
analysis of single-best-answer (SBA) questions
generated by artificial intelligence (Al) with those
written by human educators. The protocol included
the review question, search strategy, problem descrip-
tion, intervention, comparison, outcome, and the end
time point (PICOT), as well as inclusion criteria,
types of studies to be included, data extraction, risk of
bias, and strategies for evidence synthesis. The
PICOT description was, Problem: Single best answer
questions (SBAs) in health profession education;
Intervention: SBAs generated by generative Al;
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Comparison: SBAs generated by faculty members;
Outcome: Quality assessment of both set of questions
through different psychometric parameters (discrimi-
nation and difficulty index); time frame: Studies
published on the subject till 25™ of April 2025 were
included. The literature search was conducted from
April 01, 2025, to April 25", 2025, with an iterative
process taken to get the best results.

Our focus was on two well-established item-level
psychometric parameters: the "difficulty index” and
the "discrimination index." These metrics are essen-
tial for evaluating the quality and effectiveness of
assessment items. The difficulty index reflects the
percentage of students who correctly answered a
question, whereas the discrimination index assesses
how well an item can distinguish between students
who perform well and those who perform poorly. The
Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) 2020 guidelines
(https://www.prisma-statement.org/) were followed
to ensure a structured, transparent, and replicable
methodological approach.

A thorough literature review was conducted up to
April 25,2025, utilizing two primary electronic data-
bases (Scopus, PubMed) and one search engine
(Google Scholar). The search strategy was designed
using Boolean operators and a combination of
relevant keywords such as 'multiple choice questions',
'single best answer', 'Al-generated', 'ChatGPT', 'hu-
man-authored', and 'health professions education'.
The references were managed by importing all cita-
tions into Rayyan Al (Rayyan: Al-Powered Syste-
matic Review Management Platform). Duplicate
entries were automatically removed. A blinded scree-
ning was carried out by two independent reviewers
for title, abstract, and full-text relevance. Disa-
greements were settled through consensus, with a
third reviewer available for arbitration if needed.
Inter-rater reliability was measured using Cohen’s
Kappa, which was calculated to be 0.81, signifying
substantial agreement.

The inclusion criteria consisted of studies that
directly compared SBA questions generated by Al
models (e.g., ChatGPT) with those written by human
experts. Furthermore, the studies included in the
analysis had to report both difficulty and discrimi-
nation indices for questions generated by Al and
humans. They also needed to provide adequate sta-
tistical data, such as the mean, standard deviation
(SD), and sample size (N) for each group. Studies
were excluded if they provided only qualitative
evaluations, such as expert opinions, lacked detailed
quantitative psychometric analysis, or were review
articles, commentaries, or non-original research.
Thus, only studies that offered strong, directly
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comparable data were included in the meta-analysis.
Eligible studies had to be published in English and be
accessible in full text.

To evaluate the quality of the included studies, the
MERSQI instrument was used, which assesses various
facets, including study design, sampling procedures,
data collection, validity support, analytical approaches,
and results. The studies scored from moderate to high,
reflecting solid psychometric qualities and robust
educational evaluations.

Two reviewers independently conducted data
extraction using a standardized form. For each study,
data elements extracted included author(s), year of
publication, total number of items analyzed, the
version of the Al model used, outcome type (dif-
ficulty or discrimination), group classification (Al vs.
human), and the reported means and standard de-
viations of the relevant indices. Where necessary,
difficulty index values presented as percentages (0 to
100) were converted to proportions (0.00 to 1.00) to
ensure consistency across all studies. When standard
deviations were not directly provided, they were
approximated using the range-based method.: SD =
(Max — Min) + 4, which is commonly accepted in
educational and psychometric research when only
minimum and maximum values are provided.

Data Synthesis and Statistical Analysis

The MAJOR module in the Jamovi statistical
software platform, version 2.6.44 for Windows
(Jamovi desktop — Jamovi), was used for meta-ana-
lysis. The analysis compared the psychometric qua-
lity of Al- and human-generated SBA questions using
standardized mean differences (SMDs). A separate
random-effects model was applied to both the
difficulty index and the discrimination index because
of their distinct interpretations and psychometric
significance. Additionally, a combined analysis was
conducted by aggregating all available data from both
parameters. The a priori selection of a random-effects
model was made to address anticipated heterogeneity
stemming from factors such as diverse study popu-
lations, Al models, quality of item writing, and
educational disciplines.

Assessment of Heterogeneity and Publication Bias

The I? metric, Tau?, and Cochran’s Q test were
utilized to assess heterogeneity in results among the
different studies. Additionally, 95% prediction inter-
vals were calculated to assess the expected range of
effects in future studies. In addition to mitigating the
risk of publication bias, several diagnostic tools were
employed. Funnel plots (Figs) were visually exa-
mined for asymmetry, and Egger’s regression test
was performed to identify small-study effects.
Additionally, the trim-and-fill technique was applied
to estimate the potential number of unpublished
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studies, while the fail-safe N was computed to
evaluate the stability of the findings. Influential data
points and outliers were detected using studentized
residuals and Cook’s distances. All outcomes are
presented with 95% confidence intervals, with signi-
ficance determined at p<0.05.

Risk of bias

A comprehensive evaluation of bias risk was
conducted to uphold the credibility and internal
validity of this meta-analysis. The Medical Education
Research Study Quality Instrument (MERSQI) served
as the primary tool for this purpose. MERSQI is an
established and extensively utilized tool for evaluating
the methodological rigor of research in medical
education, focusing on six key areas: study design,
sampling methods, data types, validity of evaluation
tools, data analysis techniques, and results. Each

domain contributes to a cumulative score ranging from
5 to 18, allowing classification of studies into low,
moderate, or high methodological quality.

In this review, two reviewers independently
evaluated all four studies using the MERSQI criteria.
Two studies were rated as moderate quality (sco-
re =13), while the remaining two were classified as
moderate to high quality (score =14). Discrepancies in
ratings were resolved through consensus and, when
necessary, by consulting a third reviewer.

RESULTS AND DISCUSSION

Study Inclusion and Overview

Among the 23 articles reviewed for eligibility,
only four fulfilled all the inclusion criteria and were
consequently included in the final meta-analysis

(Fig. 1).

5 Records identified from:
'§ Dast?;:j?(élj gi)s): Records removed before screening:
= PubMed (n = 41) Duplicate records (n = 67)
] Google Scholar (n = 113)
y
Records screened Records excluded
(n=191) (n=167)
y
Reports sought for retrieval Reports not retrieved
? (n=24) (n=1)
=
Q
o
&
Reports excluded:
Reports assessed for eligibility No relevant psy(;r;ometrﬁdala ke
(n=23) ¢ extract (n' =14)
No direct comparison of Al vs
human-generated items (n = 5)
3 New studies included in review
3 (n=4)
c

Fig. 1. Selection of studies. PRISMA diagram for selection of studies

These four studies compared Al-generated and
human-authored single best answer (SBA) questions in
terms of two key psychometric parameters: difficulty
index and discrimination index. Each study's quality
was assessed using the MERSQI instrument [13]. Two
of the selected studies were categorized as providing
moderate to high-quality evidence. In contrast, the
remaining two were classified as having a moderate
level of evidence based on the MERSQI scores.
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Although the study mentioned different designs, the
reviewers classified them as comparative quasi-
experimental or crossover designs (e.g., comparing Al-
vs human-generated questions). Furthermore, the stu-
dy outcomes included objective psychometric para-
meters (e.g., difficulty index, discrimination index),
which were taken into consideration in the MERSQI
scoring system. Table 1 provides an overview of the
characteristics of each study.
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Table 1
Characteristics of studies reporting Human versus Al in SBA(s) generation
A;Zl;:l', Study design Study setting Comparison Al Model Participants lc\)’ll:?:\cs(::l:; *E;:g:ln ce
Law et al. Comparative Hong Kong, Al vs ChaGPT- Medical doctors  Difficulty Index, Moderate
(2025) [8] quasi- PEEM exam Human- 40 Discrimination Points (13)
experimental (mock exam for authored Index
or cross-over Al authored MCQs
designs questions followed
by real exam
with human
authored
questions)
Chauhan Comparative India, Physiology Al vs ChaGPT- MBBS students  Difficulty Index, = Moderate—
et al. quasi- course exam Human- 40 Discrimination High
(2025) [14] experimental (formative) authored Index Points (14)
or cross-over SBAs
designs
Laupichler Comparative Germany, Al vs ChatGPT- Medical Difficulty Index, Moderate
et al. quasi- Neurophysiology Human- 35 students Discrimination Points (13)
(2024) [6] experimental course exam authored Index
or cross-over (formative) questions
designs
Ahmed et Comparative Scottish Al vs ChaGPT-4 Undergraduate  Difficulty Index, = Moderate—
al. (2025) quasi- Graduate-Entry Human- medical students Discrimination High
[5] experimental Medicine authored Index Points (14)
or cross-over (ScotGEM) MCQs
designs program
(formative)

Note. * — quality of evidence determined using the MERSQI tool/

Each study reported the necessary summary sta- both Al and human groups, allowing for standardized
tistics (mean, standard deviation, and sample size) for ~mean difference (SMD) calculations (Table 2).

Table 2
Data extracted from studies comparing Al-generated
and human-authored single best answer (SBA)
Author, year Group n Mean Difficulty SD Difficulty Mean Discrimination | SD Discrimination
Law et al. (2025) Al 100 0.78 0.22 0.22 0.23
Law et al. (2025) Human 100 0.69 0.23 0.26 0.26
Laupichler et al. (2024) Al 21 0.69 0.225 0.24 0.14
Laupichler et al. (2024) Human 25 0.62 0.19 0.36 0.09
Ahmed et al. (2025) Al 50 0.7 0.2 0.24 0.14
Ahmed et al. (2025) Human 50 0.64 0.19 0.28 0.19
Chauhan et al. (2025) Al 40 0.72 0.1 0.18 0.12
Chauhan et al. (2025) Human 40 0.59 0.13 0.33 0.08
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Combined Outcome Analysis

When combining all eight comparisons (across
four studies and two outcomes), the overall stan-
dardized mean difference between questions gene-
rated by Al and humans was approximately —0.084

(with a 95% confidence interval ranging from -0.65
to +0.48). This result was not statistically significant
(p=0.769), indicating that there was no clear overall
benefit observed for either group across both
outcomes (Table 3).

Table 3
Summary of combined variables (K8)
. CI Lower
Estimate se Z p Bound CI Upper Bound
Intercept -0.0847 0.289 -0.293 0.769 -0.650 0.481
Tau? Estimator: Restricted Maximum-Likelihood
Heterogeneity Statistics
Tau Tau? I* H? R? df Q p
0.6083 o

0.780 (SE=0.3558) 93.01% 14.302 7.000 78.307 <0.001

The analysis revealed significant heterogeneity
with an [*> of 93.0%, reflecting differences in
outcomes across various studies. The predicted range
was from -1.72 to 1.55, implying that in future
research, either Al-generated or human-generated
questions could be deemed more effective, depending
on the circumstances. No outliers were detected, and
there was no evidence of publication bias, as
indicated by an Egger’s test p-value of 0.685 and the
trim-and-fill method not adding any studies (Fig. 2).

The heterogeneity (I>=93.0%), was further asses-
sed by meta-regression with SMD’s of each study as
the dependent variable and Al model version (GPT-
3.5 vs. GPT-4 variants), Country of study (e.g., UK,
India, Germany, Hong Kong) and Sample size (n) as
moderator variables. The model's Residual Hetero-
geneity (t%) was reduced by ~18%, indicating a partial
explanation of variability, but not a complete one.
The results of the regression analysis showed that
none of the moderator variables had a significant
impact on the observed effect sizes. However, there
was a non-significant trend suggesting that questions
generated by GPT-4 might have lower discrimination
indices as compared to GPT-3.5 (p=-0.36, p=0.09).
Country and sample size did not significantly
moderate the effect size in either outcome.

The outcome measure employed in the analysis was
the standardized mean difference. A random-effects
model was applied to the data, with heterogeneity (t?)
estimated using the restricted maximum likelihood
method. Additionally, tau?, the Q-test for heteroge-
neity, and the I* statistic were reported. If any
heterogeneity is detected (tau? >0, regardless of the Q-
test results), a prediction interval for the true outcomes

is provided. Studentized residuals and Cook's distances
were employed to detect possible outliers and
influential data points in the analysis. Outliers were
defined as studies where the studentized residuals
surpassed the critical value corresponding to the
100x(1-0.05/(2xk)) percentile of the standard normal
distribution, with a Bonferroni adjustment to account
for multiple comparisons. Influential studies were
identified as those with Cook's distances exceeding the
median plus six times the interquartile range across all
Cook's distances. To evaluate funnel plot asymmetry,
both the rank correlation test and a regression analysis
were used, with the standard error of observed out-
comes serving as a predictor.

The analysis involved four different studies and
eight variables. The range of standardized mean dif-
ferences observed was from -1.4567 to 1.1101, with
approximately half of the estimates being negative.
Using a random-effects model, the calculated mean
standardized difference was -0.0837 with a 95% con-
fidence interval between -0.6505 and 0.4802. This
indicates that there was no significant difference from
zero in the overall outcome, as reflected by a z-value
0f-0.2934 and a p-value 0f 0.7692. The Q-test suggests
the presence of heterogeneity among the true effects,
with a Q statistic of 78.3074 (degrees of freedom =7),
p-value less than 0.0001, tau? =0.6083, 1> =93.0081%.
The predicted interval for true effects at 95% con-
fidence spans from -1.7142 to 1.5452, illustrating that
despite the average estimate being negative, individual
studies could yield positive results. Residual analysis
revealed no outliers, as none exceeded £2.7344 in the
studentized residuals. Cook's distance analysis confir-
med that no studies exerted undue influence on the
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model. Additionally, statistical tests for funnel plot regression tests, showed no significant bias, with p-
asymmetry, including the rank correlation and values of 0.3988 and 0.4936, respectively (Fig. 3).
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Fig. 2. Combined funnel plot
Publication bias assessment
Test Name value p
Fail-Safe N* 0.000 0.304
Begg and Mazumdar Rank Correlation -0.286 0.399
Egger's Regression -0.685 0.494
Trim and Fill Number of Studies 0.000
Note. * — fail-safe N Calculation Using the Rosenthal Approach.
Law et al. (2025).1 e 0.40[0.12, 0.68]
Laupichler et al. (2024).1 H—.—« 0.33[-0.25, 0.92]
Ahmed et al. (2025).1 —— 0.30 [-0.18, 0.78]
Chauhan et al. (2025).1 S— 1.11[0.64, 1.58]
Law et al. (2025).2 — -0.16 [-0.44, 0.12]
Laupichler et al. (2024).2 —— -1.02 [-1.64, -0.41]
Ahmed et al. (2025).2 —a— -0.25[-0.73, 0.23]
Chauhan et al. (2025).2 — -1.46 [-1.95, -0.96]
RE Model —— -0.08 [-0.65, 0.48]

Fig. 3. Combined forest plot
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Individual outcome analysis

L. Difficulty Index

This analysis, focusing on the difficulty index
(k=4), showed that questions generated by Al were
significantly easier than those created by humans.
The combined standardized mean difference was
+0.534 (95% CI: 0.16-0.90; p=0.048), reflecting a
moderate effect size that favors Al in terms of ease of
use. This result exhibited moderate heterogeneity

(I* =63.8%) and a prediction interval ranging from -
0.15 to +1.23, suggesting that in some contexts, the
difficulty level might be similar (Table 4).
According to Chauhan and colleagues' study, a
potential outlier was found [14] having a studentized
residual beyond the £2 threshold; however, influence
diagnostics did not suggest distortion of the overall
results. No publication bias was found in this

subgroup (Egger’s p=0.134) (Fig. 4).

Table 4
Analysis of difficulty index (k=4)
Estimate se V4 p CI Lower Bound | CI Upper Bound
Intercept 0.534 0.187 2.86 0.004 0.168 0.900
Random effect model (K4); Tau? Estimator: Restricted Maximum-Likelihood
Heterogeneity statistics
Tau Tau? I H? R? df Q p
0.0867 o
0.294 (SE=0.1138 ) 63.87% 2.768 3.000 7.918 0.048

flagged as potential outliers if their Studentized resi-
duals exceed the 100%(1-0.05/(2xk)) percentile of the
standard normal distribution, with a Bonferroni cor-
rection applied at a two-sided alpha level of 0.05 to
account for the total number of studies (k). Addi-
tionally, studies with Cook's distances greater than
the median plus six times the interquartile range are
considered to have a notable influence on the fin-
dings. To assess funnel plot symmetry, both the rank
correlation test and the regression test are utilized,
with the regression test incorporating the standard
error of the observed outcomes as a predictor (Fig. 4).

The study utilized the standardized mean dif-
ference to measure outcomes. A random-effects
approach was employed for data analysis. The
heterogeneity, represented by tau?, was estimated
through the restricted maximum-likelihood method.
Additionally, the report presents the Q-test for
heterogeneity, originally developed by Cochran in
1954, along with the I? statistic. If any heterogeneity
is detected (i.e., tau* >0, regardless of the Q-test
results), a prediction interval for the true outcomes is
also provided. To identify potential outliers or in-
fluential studies, the analysis uses Studentized resi-
duals and Cook's distances. In the analysis, studies are
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Fig. 4. Individual funnel plot (Difficulty Index Meta-Analysis)
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Publication bias assessment

Test Name value p
Fail-Safe N* 32.000 <.001
Begg and Mazumdar Rank Correlation 0.333 0.750
Egger's Regression -0.080 0.936
Trim and Fill Number of Studies 1.000

Note. * — fail-safe N Calculation Using the Rosenthal Approach.

A total of four studies were included in the
analysis. The standardized mean differences observed
ranged from 0.3018 to 1.1101, with all estimates
being positive (100%). The overall average standar-
dized mean difference, calculated using a random-
effects model, was approximately 0.5341, with a 95%
confidence interval from 0.1685 to 0.8996. This
indicates that the overall outcome significantly de-
viates from zero (z=2.8632, p=0.0042). The hetero-
geneity test using the Q statistic suggested variability
among the true effects (Q(3)=7.9179, p=0.0477,
tau? =0.0867, 12 =63.87%). The 95% prediction inter-

val for the true effects spans from -0.1492 to 1.2173,
meaning that despite a positive average effect,
individual study outcomes could fall outside or below
this range. Residual analysis identified one study
(Chauhan et al., 2025) [14] as a potential outlier,
exceeding the threshold value of +2.4977. Cook's
distance analysis revealed no single study exerted
undue influence. Tests for publication bias, including
rank correlation and regression methods, did not
indicate asymmetry in the funnel plot (p=0.7500 and
p=0.9363, respectively) (Fig. 5).

Law et al. (2025) a—— 0.40[0.12, 0.68]

Laupichler et al. (2024) —_— 0.33 [-0.25, 0.92]

Ahmed et al. (2025) —— 0.30 [-0.18, 0.78]

Chauhan et al. (2025) — . 1.1 [ 0.64, 1.58]

RE Model | — 0.53[0.17, 0.90]
[ l |

Fig. S. Individual forest plot (Difficulty Index Meta-Analysis)

II. Discriminatory Index Meta-Analysis

The analysis of the discrimination index (k=4)
revealed that human-authored questions were
significantly more discriminative than Al-generated
ones. The combined standardized mean difference
was -0.699, with a 95% confidence interval ranging
from -1.32 to0 0.07, and a p-value 0f 0.027. This indi-
cates a significant effect size favoring items created
by humans. This result was accompanied by high

26/Tom XXX1/2

heterogeneity (12 =86.98%) and a prediction interval
from -2.01 to +0.61, suggesting variability in the
magnitude and direction of effect across studies
(Table. 5).

The analysis revealed no outliers or overly
influential studies. Additionally, funnel plot tests did
not indicate any publication bias, with Egger’s test
yielding a p-value of 0.383 (Fig. 6).
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Table 5
Analysis of discriminatory index (k=4)
Estimate se V4 P CI Lower Bound | CI Upper Bound
Intercept -0.699 0.316 -2.21 0.027 -1.320 -0.079
Random effect model (K4); Tau? Estimator: Restricted Maximum-Likelihood
Heterogeneity statistics
Tau Tau? I? H? R? df Q p
0.585 (SE(E(:;ZH) 86.98% 7.679 3.000 23.928 <0.001

In the analysis, the outcome measure selected was
the standardized mean difference. The data were
analyzed using a random-effects model, with hetero-
geneity (tau?) estimated via the restricted maximum-
likelihood approach. The report presents the tau?
estimate, the Q-test for heterogeneity, and the I?
statistic. When heterogeneity is detected (tau? >0), a
prediction interval for the true effects is also pro-
vided, regardless of the Q-test outcome. To identify
outliers and influential studies, studentized residuals
and Cook's distances were calculated. A study is

0.157 0.079

Standard Error

0.236

0.315

considered a potential outlier if its studentized
residual surpasses the percentile corresponding to
100%(1-0.05/(2xk)) of a standard normal distribution,
applying a Bonferroni correction with a two-sided
alpha of 0.05 based on the total number of studies (k)
included. Studies with Cook's distance exceeding the
median plus six times the interquartile range are
classified as influential. The assessment of funnel plot
asymmetry involved both the rank correlation test and
the regression test, with the latter estimating asym-
metry based on the standard error of the outcomes.

T - T
-15 -1

T —
-0.5

Standardized Mean Difference

Fig. 6. Individual funnel plot (Discriminatory Index Meta-Analysis)
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Publication bias assessment

Test Name value ]
Fail-Safe N* 43.000 <0.001
Begg and Mazumdar Rank Correlation -0.667 0.333
Egger's Regression -1.154 0.249
Trim and Fill Number of Studies 0.000

Note. * — fail-safe N Calculation Using the Rosenthal Approach.

In a review of four studies, the standardized mean
differences ranged from -1.4567 to -0.1623, with all
estimates being negative, accounting for 100% of
the cases. The average standardized mean
difference, estimated using a random-effects model,
was -0.6994 with a 95% confidence interval of
-1.3196 to -0.0791 (Fig.7). This indicates a
significant deviation from zero (z=-2.2100,
p=0.0271). Heterogeneity among the true effect
sizes was confirmed by the Q-test (Q(3) =23.9276,
p<0.0001, tau®>=0.3419, 1*=86.9772%). A 95%

prediction interval suggested that the true effects
could range from -2.0024 to 0.6037, implying that
while the average effect is negative, some individual
studies might observe positive outcomes. Residual
analysis showed no outliers, as none exceeded the
threshold of £2.4977, and Cook's distances indicated
no studies were disproportionately influential. Tests
for publication bias, including both rank correlation
and regression methods, yielded p-values of 0.3333
and 0.2487 respectively, suggesting no evidence of
funnel plot asymmetry.

Law et al. (2025) : -0.16 [-0.44, 0.12]
Laupichler et al. (2024) —_—y -1.02 [-1.64, -0.41]
Ahmed et al. (2025) '—u——c -0.25 [-0.73, 0.23]
Chauhan et al. (2025) ——i -1.46 [-1.95, -0.96]
RE Model ——— -0.70 [-1.32, -0.08]
T T T T | 1
2 15 1 0.5 0 0.5

Fig. 7. Individual forest plot (Discriminatory Index Meta-Analysis)

Overview of Findings

This meta-analysis critically evaluated the psy-
chometric quality of single-best-answer (SBA) ques-
tions generated by artificial intelligence (Al) versus
those authored by human experts in health profes-
sions education. The study is based on the difficulty
and discrimination indices, providing data-driven
insights into the comparability and potential applica-
tions of Al-generated assessments.

The analysis collectively showed no meaningful
statistical difference between outputs created by

26/Tom XXX1/2

artificial intelligence and those produced by humans,
with a pooled standardized mean difference (SMD) of
-0.084 (95% CI: -0.65 to 0.48), which was not statis-
tically significant (p=0.769). However, the result must
be interpreted considering the very high heterogeneity
observed (I>=93.0%). Such variability suggests
substantial differences in item construction methodo-
logies, Al model versions, prompting techniques, or
educational domains across studies. The wide pre-
diction interval (-1.72 to +1.55) further emphasizes
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that the comparative effectiveness of Al versus human-
authored questions is context-sensitive.

Al advantage in item difficulty

With regards to ease of answering questions, it
was found that questions generated by using Al were
significantly easier than human-authored ones
(SMD=+0.534 (95% CI: 0.16-0.90; p=0.048)). Prior
studies [15, 16, 17] suggest that Al tools like ChatGPT
tend to construct items with simpler syntax and fewer
ambiguities. Such linguistic clarity can reduce con-
struct-irrelevant variance, thereby enhancing fairness,
particularly for non-native English speakers [18].

Easier questions may also facilitate learning,
particularly in formative assessments and early stages
of training. Moreover, in high-stakes assessments,
difficulty is not inherently valuable unless it is
coupled with appropriate discrimination [19, 20].
Therefore, the utility of Al-generated questions
should not be dismissed simply because they are
easier. Rather, they could support scaffolding strate-
gies in assessment design where foundational know-
ledge precedes more complex testing.

Human Superiority in Discrimination

Human-authored questions showed significantly
higher discrimination indices than Al-generated ones
(SMD=-0.699 (95% CI: -1.32-0.07; p=0.027), indi-
cating a better ability to differentiate among high- and
low-performing examinees. This is a well-documented
advantage, supported by studies that show expert-writ-
ten items to integrate clinical judgment, pedagogical
intent, and cognitive load management more effectively.

The lower discrimination of Al-generated items
could stem from several factors. First, Al lacks the
contextual experience to generate refined distractors.
Second, many studies did not specify prompts targe-
ting higher-order cognitive domains. Third, without
alignment to curriculum outcomes, Al may generate
fact-based recall items that are less effective in eva-
luating deeper understanding. These limitations can be
mitigated through prompt engineering, Al fine-tuning,
and structured human-AlI collaboration models.

Heterogeneity and Its Implications

High heterogeneity in the combined and discrimi-
nation outcomes (12 >85%) suggests inconsistency in
study methods, question topics, and analytical ap-
proaches. Some studies relied on simulated asses-
sments, while others used real student performance
data; some utilized GPT-3.5, while others employed
GPT-4 or hybrid prompts. This diversity reflects both
the evolving nature of Al tools and the varied ways in
which they are deployed in educational settings.

This heterogeneity (12 =93.01%), was further
assessed by meta-regression with SMD’s of each
study as the dependent variable and Al model version
(GPT-3.5 vs. GPT-4 variants), Country of study (e.g.,
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UK, India, Germany, Hong Kong) and Sample size
(n) as moderator variables. The model Residual He-
terogeneity (1%): reduced by ~18%, indicating partial
explanation of variability, but not complete. The
analysis of the regression results indicated that none
of the moderator variables significantly influenced
the observed outcome. However, the Al model
version revealed a non-significant trend, suggesting
that GPT-4-generated questions may exhibit lower
discrimination indices compared to GPT-3.5 (B=-
0.36, p=0.09). Country and sample size did not signi-
ficantly moderate the effect size in either outcome.
These findings suggest that heterogeneity may stem
from unmeasured factors such as prompt design,
educational context, domain specificity, or question
vetting processes. Future studies should standardize
these parameters to facilitate clearer interpretation
and reduce unexplained variance (Supp. 2).

Rather than undermining the analysis, this hetero-
geneity highlights a key strength: it reflects real-
world variability. Meta-analyses that synthesize such
diverse evidence provide stakeholders with a better
understanding of the potential range of outcomes
across various use cases. Future studies should strive
to standardize psychometric reporting and stratify
results by Al version, domain, and prompt quality.

Educational Implications

Contrary to the view that Al-generated questions
are not suitable for high-stakes exams, the findings
suggest that their current limitations lie in discrimi-
nation rather than difficulty or content accuracy. Pro-
vided that Al-generated items are reviewed and modi-
fied by experts, they can be effectively integrated into
high-stakes assessments. In fact, some Al-generated
items in included studies met or exceeded standard
psychometric thresholds [8, 14].

Moreover, Al tools offer scalability, consistency,
and speed in item generation — qualities that are highly
valuable in large-scale assessments. With proper trai-
ning datasets and expert oversight, Al could evolve
into a reliable source for high-quality questions. There-
fore, the current findings support a hybrid assessment
model where Al serves as a productive starting point
and human experts refine and validate the output.

Limitations

The limitations include a small number of inclu-
ded studies (four), which reduces the statistical power
and generalizability of the results. Significant hetero-
geneity was observed, particularly for the discrimina-
tion index (I> >85%), indicating substantial variabi-
lity across different study contexts, Al models, and
prompting techniques that could not be fully explored
with meta-regression. Furthermore, the rapid evolu-
tion of Al technology means these findings reflect the
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capabilities of models used in the included studies,
which may differ from the most current versions.

Future Directions

Based on the findings and limitations identified in
this review, future research should prioritize several
key areas. Firstly, systematic investigations are
needed to determine how variations in Al models
(e.g., GPT-4 vs. specialized models), prompt en-
gineering strategies targeting specific cognitive levels
(like Bloom's taxonomy), and subject matter domains
influence the psychometric quality, particularly the
discrimination index, of generated SBAs. Secondly,
research should focus on developing and rigorously
evaluating hybrid human-Al co-authorship work-
flows, assessing their impact on efficiency, item
quality, and the mitigation of Al weaknesses, such as
poor distractor generation. Finally, studies exploring
the effectiveness of fine-tuning large language mo-
dels specifically on high-quality assessment item data
could lead to Al tools intrinsically better suited for
creating psychometrically sound questions.

CONCLUSION

While the combined analysis pooling difficulty
and discrimination outcomes yielded no statistically
significant overall difference, this result is oversha-
dowed by substantial heterogeneity and masks crucial
distinctions revealed in separate analyses.

1. Our findings show a clear advantage for Arti-
ficial intelligence in terms of item difficulty, as Artifi-
cial intelligence generated questions tend to be easier
than those created by humans. This may be due to
simpler syntax or less ambiguous wording, which
could improve fairness or usefulness in formative
assessments. However, human expertise still has a
significant lead in item discrimination, indicating a
better ability to tell apart high- and low-performing
examinees. This advantage likely stems from peda-
gogical experience, clinical judgment, and the ability
to create more nuanced and plausible distractors,
which are crucial for the validity of high-stakes tests.

2. While Artificial intelligence generated SBAs
demonstrate potential, particularly in terms of ease
and scalability, human-crafted items currently offer
greater psychometric robustness, especially in terms
of discrimination. The findings support the integra-
tion of Artificial intelligence into assessment work-
flows, not as a replacement for human authors, but as
a potentially powerful assistant. A hybrid model,
where Artificial intelligence generates initial drafts
that are subsequently reviewed, refined, and validated

26/Tom XXX1/2

by subject matter experts, appears to be the most
promising approach. Future efforts should focus on
optimizing Artificial intelligence generation through
targeted prompt engineering, model fine-tuning based
on psychometric principles, and establishing stan-
dardized reporting practices to facilitate more robust
comparisons. Ultimately, the integration of Artificial
intelligence into assessment must be guided by rigo-
rous psychometric validation, domain relevance con-
siderations, and collaborative human — Artificial
intelligence review processes to ensure the continued
integrity and validity of educational assessments. The
following key points are highlighted by the study:

- creating high-quality single-best-answer ques-
tions in medical education is a resource-intensive
process.

- while Artificial intelligence generated ques-
tions are easier and useful for formative assessments,
human-written questions have higher discrimination,
making them better for high-stakes exams.

- results vary widely due to factors such as Arti-
ficial intelligence version and setting, highlighting the
need for standardization and human oversight.
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