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ABSTRACT:

Background: Generative artificial intelligence (GenAl) is increasingly used in health

science education, but its effects on higher-order cognitive outcomes remain uncertain.

Objective: To quantify the effects of GenAl-supported educational interventions on
critical thinking, problem-solving, clinical reasoning, and decision-making among health

science learners.

Methods: This meta-analysis used quantitatively eligible interventional studies identified
within a  prospectively registered evidence-synthesis protocol (PROSPERO
CRD420251128495). PubMed, Scopus, the Cochrane Library, and relevant gray
literature were searched between September and November 2025. Studies were eligible
for quantitative synthesis when they evaluated a GenAl-supported educational
intervention and reported sufficient data to calculate standardized mean differences.
Hedges’ g with 95% confidence intervals (Cls) was synthesized using DerSimonian-
Laird random-effects models. Heterogeneity was assessed using Cochran’s Q, 1%, and 2.
Publication bias and small-study effects were explored using funnel plots and Begg’s and
Egger’s tests, and robustness was examined using leave-one-effect-estimate-out

sensitivity analysis.

Results: Fifteen unique interventional studies contributed 21 outcome-domain effect
estimates to the revised meta-analysis after exclusion of Wu et al., whose conventional
Al diagnostic platform did not meet the operational definition of GenAl. The overall
pooled effect favored GenAl-supported education (Hedges’ g = 0.58, 95% CI 0.22—
0.94, p = 0.002), with considerable heterogeneity (Q = 475.07, p < 0.001; 12 = 95.79%;
1 = 0.651). Decision-making showed a large positive pooled effect (g = 1.52, 95% CI
0.78-2.206), and critical thinking also showed a large positive effect (g = 1.75, 95% CI
1.08-2.41). Problem-solving showed a small negative pooled effect (g = —0.22, 95% CI
—0.32 to —0.12), whereas clinical reasoning was not statistically significant (g = —0.19,
95% CI —0.79 to 0.41). Begg’s (p = 0.084) and Egger’s (p = 0.170) tests were not
statistically ~ significant. Leave-one-effect-estimate-out analyses produced pooled
estimates ranging from 0.47 to 0.65.
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Conclusions: GenAl-supported education was associated with a moderate overall
improvement in higher-order cognitive outcomes, but effects differed substantially
across domains. The very high heterogeneity, together with dependence among multiple
effect estimates contributed by some studies, requires cautious interpretation of the
overall pooled estimate. Domain-specific findings suggest potential benefits for
decision-making and critical thinking, while problem-solving and clinical reasoning
require more careful instructional design and further study.

INTRODUCTION

Generative artificial intelligence (GenAl) technologies such as ChatGPT, Gemini, Claude, and Copilot are being incorporated
rapidly into higher education and health professions training [1-3]. Unlike traditional rule-based systems, GenAl models can
generate new text, images, and conversational responses and can support interactive learning, personalized explanations, and
formative feedback. These capabilities are especially relevant to health science education, where learners must develop clinical
reasoning, reflective judgment, and informed decision-making [4,5].

The educational value of GenAl depends on how it is integrated into teaching and learning. Health science education has
traditionally emphasized experiential learning, reflection, teamwork, and independent problem-solving as foundations of
professional competence [7-9]. Critical thinking, diagnostic reasoning, and clinical judgment are central to safe practice.
GenAl may support these processes when used as a scaffold, but it may also reduce authentic cognitive engagement when it
replaces rather than supports learner reasoning [6,10,11].

Evidence suggests that GenAl can support metacognitive development through iterative feedback, simulated clinical
scenarios, and interactive learning environments [12,13]. Al-supported learning has also been associated with improved
motivation, engagement, and self-efficacy when used to supplement human instruction [14]. In medical and nursing
education, Al-supported simulations may improve reasoning accuracy, reflection, and confidence [15,16]. Personalized Al
tutoring may also increase learning efficiency by adapting task difficulty and feedback to learner needs [17].

At the same time, inappropriate or excessive Al use may weaken core cognitive skills [18,19]. Greater reliance on Al-
generated answers can encourage cognitive offloading and reduce productive struggle, independent problem-solving, and
careful verification [19-21]. Concerns about hallucinations, bias, and variable accuracy are also important in health science

education because incorrect or oversimplified outputs may influence learners’ reasoning and judgment [22].

As GenAl becomes more common in teaching, assessment, and simulation, evidence is needed to clarify its effects on
cognitive outcomes. Existing studies report inconsistent findings: some indicate improvements in critical thinking and
decision-making [10,30—32], whereas others raise concerns about over-reliance, reduced independent reasoning, and weaker
problem-solving [33—35]. These mixed findings make it difficult to determine whether GenAl consistently improves higher-

order cognition or whether effects depend on the outcome being assessed and the way the technology is used.

Health science learners must develop both cognitive accuracy and ethical, clinically relevant judgment [36,37]. Educators
therefore need approaches that help students use GenAl critically while preserving independent reasoning [36,38].
Curriculum design should support transparent, responsible use of Al while ensuring that students continue to practice core

cognitive processes without unnecessary dependence on automated assistance [39,40].

Interventional findings remain inconsistent, and many individual studies are too small to estimate cognitive effects precisely.
A quantitative synthesis is therefore needed to estimate pooled effects and determine whether effects differ across critical
thinking, problem-solving, clinical reasoning, and decision-making. This meta-analysis focuses on interventional studies that
provide sufficient quantitative information for standardized effect-size calculation.

Objective: To quantify the pooled effects of GenAl-supported educational interventions on critical thinking, problem-

solving, clinical reasoning, and decision-making among health science learners.
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METHODS
Evidence identification and quantitative eligibility

This meta-analysis was conducted within the evidence base identified under a prospectively registered protocol (PROSPERO
CRD420251128495). The literature search was conducted by an information specialist in PubMed, Scopus, the Cochrane
Library, and gray-literature sources, including Google Scholar, between September and November 2025. Reference lists of
potentially eligible articles were also screened.

Medical Subject Headings (MeSH), keywords, and free-text terms were combined using Boolean operators. The search
included terms for GenAl and large language models (for example, “generative AL” “GenAl” “large language model,”
“LLM,” “ChatGPT,” “GPT,” “Bard,” “Claude,” and “Al assistant”), higher-order cognitive outcomes (including critical
thinking, problem-solving, decision-making, and clinical reasoning), and health science learners or educators. The full search

strategy is provided in Supplementary Table 1.

Eligible studies were peer-reviewed interventional investigations involving health science students or educators, evaluating a
GenAl-supported educational intervention, and reporting critical thinking, problem-solving, clinical reasoning, or decision-
making outcomes. Randomized, non-randomized, and quasi-experimental designs were considered. For this revised analysis,
GenAl was operationally defined as an Al system capable of generating novel text, images, or conversational content in
response to user input; conventional non-generative diagnostic or tutoring systems were not considered GenAl. Studies also
had to provide sufficient quantitative information to calculate an effect size, including group sample sizes and continuous
outcome statistics or equivalent extractable data. Wu et al. [63], which used the CC-Cruiser conventional Al diagnostic
platform, was therefore removed from the quantitative GenAl synthesis.

Data extraction

Data extraction was independently conducted by two authors (AAA and NKA), with disagreements resolved by discussion
and consensus. A standardized Microsoft Excel form captured author, year, country, study design, discipline, learner level,
sample size, setting, Al tool, intervention, comparator, outcome domain, assessment time point, group means or mean

changes, standard deviations, sample sizes, calculated effect size and variance, and risk-of-bias judgments.
Risk-of-bias assessment

Risk of bias was assessed using design-appropriate established tools: Cochrane RoB 2 for randomized controlled trials,
ROBINS-I for non-randomized interventions, and Joanna Briggs Institute criteria for quasi-experimental studies.

Assessments were performed independently by two reviewers, with disagreements resolved through discussion.
Statistical analysis

Extracted quantitative data were entered into Microsoft Excel and analyzed in Python 3.11.5. Standardized mean differences
wete calculated as Hedges’ g with 95% confidence intervals. For pre/post designs, change scores wete used when available;
otherwise, post-intervention means were used. To reproduce the original analytical approach after exclusion of Wu et al.,
DerSimonian-Laird random-effects models were used. Statistical heterogeneity was evaluated using Cochran’s Q, 12, and 2
Outcome-domain subgroup analyses were performed for critical thinking, problem-solving, clinical reasoning, and decision-
making. Fifteen unique studies contributed 21 outcome-domain effect estimates because some studies reported more than
one eligible cognitive domain. These effect estimates were analyzed separately in the reconstructed overall model;
consequently, analyses that use all 21 estimates should be interpreted cautiously because estimates originating from the same
study are not fully independent. Funnel plots and Begg’s and Egget’s tests were used to explore small-study effects, and leave-
one-effect-estimate-out sensitivity analyses assessed the influence of individual effect estimates. Given the substantial
heterogeneity, within-study dependence, and small numbers in some subgroups, publication-bias and subgroup findings were
interpreted cautiously.

Ethics

Ethical approval was not required because the analysis used data from publicly available published studies.
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RESULTS

Quantitative evidence base

Fifteen unique interventional studies provided sufficiently complete and comparable quantitative data for effect-size

calculation after exclusion of Wu et al. [63], whose CC-Cruiser intervention did not meet the operational definition of GenAl

The 15 studies contributed 21 outcome-domain effect estimates because several studies reported more than one eligible

cognitive outcome. Studies that lacked means, standard deviations, sample sizes, or otherwise extractable continuous outcome

data were not included in the quantitative synthesis.

Characteristics of studies contributing to the meta-analysis
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Risk of bias

The risk-of-bias assessments indicated that most randomized trials had low risk or some concerns, commonly related to

allocation concealment, blinding limitations inherent to educational interventions, and incomplete reporting of deviations

from intended interventions. Non-randomized and quasi-experimental studies were more susceptible to confounding and

selection bias. These limitations were considered when interpreting pooled effect magnitudes.

Overall pooled effect

The revised random-effects meta-analysis showed a statistically significant overall effect favoring GenAl-supported
educational interventions (Hedges” g = 0.58, 95% CI 0.22-0.94, p = 0.002). Heterogeneity remained considerable (Q =
475.07, p < 0.001; I* = 95.79%; 1* = 0.651), indicating substantial variability across effect estimates and cognitive domains.

The overall estimate is based on 21 outcome-domain effect estimates from 15 unique studies and should therefore be

interpreted with caution because some studies contributed more than one estimate.
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Forest Plot After Excluding Wu et al.
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Figure 1. Forest plot of revised overall and outcome-domain effects after exclusion of Wu et al. Fifteen unique studies

contributed 21 outcome-domain effect estimates.
Outcome-domain analyses

Effects varied markedly by cognitive domain. After removal of Wu et al., decision-making demonstrated a large positive
random-effects estimate (g = 1.52, 95% CI 0.78-2.26; 1 = 85.76%). Critical thinking also showed a large positive pooled
effect (g = 1.75, 95% CI 1.08-2.41; I* = 91.82%). In contrast, problem-solving showed a small negative pooled effect (g =
—0.22, 95% CI —0.32 to —0.12; I* = 0%), while clinical reasoning was not statistically significant (g = —0.19, 95% CI —0.79 to
0.41; I = 91.09%). These differences indicate that the overall pooled effect should not be interpreted as uniform across

cognitive outcomes.
Publication-bias assessment

Visual inspection of the revised funnel plot suggested some asymmetry. Begg’s rank-correlation test was not statistically
significant (Kendall’s © = 0.277, approximate Z = 1.73, p = 0.084), and Egger’s regression test likewise did not provide
statistically significant evidence of small-study effects (intercept = 3.07, t = 1.41, p = 0.176). These results should not be
interpreted as evidence that publication bias is absent because heterogeneity was very high, some studies contributed multiple
effect estimates, and the tests have limited reliability under these conditions.
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Funnel Plot After Excluding Wu et al.

i
0.01 i
hD
HE
S0
)
i
1
® 1 L]
0.1 !
I
I
1
L] : .
= L] 1 L] ™
1
5 e s
T 0.2 [ 1
I 1
o ]
I~ I
= ]
® i
0.34 1
| .
|
i ® .
1
1 "
0.4 | .
1 :
I
-1.0 -0.5 0.0 0.5 1.0 15 2.0 2.5
Hedges' g

Figure 2. Funnel plot for the revised overall meta-analysis after exclusion of Wu et al.
Sensitivity analysis

Leave-one-effect-estimate-out sensitivity analysis showed that the pooled result remained positive after sequential omission of
cach of the 21 effect estimates. Random-effects estimates ranged from g = 0.47 to 0.65. The smallest pooled estimate
occurred after removal of the Ahn et al. decision-making effect (g = 0.47, 95% CI 0.12-0.82), whereas the largest occurred
after removal of the Tabuchi et al. or Huang et al. clinical-reasoning effect (g = 0.65, 95% CI 0.29-1.02). Heterogeneity
remained very high across all leave-one-out models (I> approximately 95.35%-96.00%), indicating that no single effect
estimate accounted for the observed variability.
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Figure 3. Leave-one-effect-estimate-out sensitivity analysis after exclusion of Wu et al.
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DISCUSSION

This revised meta-analysis quantified the effects of GenAl-supported educational interventions on higher-order cognitive
outcomes in health science education after removing a conventional non-generative Al study from the quantitative synthesis.
The overall random-effects estimate remained positive and statistically significant, but the magnitude and direction of effects
differed substantially across domains. Decision-making and critical thinking showed the strongest positive pooled effects,
clinical reasoning was not statistically significant, and problem-solving showed a small negative pooled effect.

Overall cognitive effects of GenAl in health science education

The moderate overall pooled effect is consistent with evidence that GenAl can support learning through adaptive feedback,
interactive assistance, simulation, and personalized educational support [2—4]. Broader higher education research also
indicates that perceived usefulness, learner behavior, and institutional readiness influence the effectiveness of GenAl-
supported learning [1,22,32]. Reviews in medical and health professions education describe potential benefits such as scalable

tutoring and simulation, while also identifying risks related to inaccuracy, over-reliance, and ethical use [5,13,17,38].

The overall effect should nevertheless be interpreted cautiously. Heterogeneity remained extremely high after removal of Wu
et al., showing that the variability cannot be explained by that study alone. Differences in Al tools, pedagogical designs,
learner populations, comparators, outcome instruments, and assessment timing are likely contributors [3,4,6,11,12]. In
addition, several studies contributed more than one cognitive-domain effect estimate to the reconstructed overall analysis,
creating within-study dependence that may affect the precision of the pooled estimate. For these reasons, domain-specific

results are more informative than the overall summary alone.
Effects on decision making

Decision-making showed the largest revised pooled effect after removal of Wu et al. This may reflect a close match between
GenAl capabilities and decision-support learning tasks. GenAl systems can structure alternatives, provide immediate
feedback, and support comparison of possible actions, all of which may help learners practice judgment in case-based and
simulated settings [5,13,14,25,47,48,50].

Evidence from educational and clinical research suggests that structured decision-support interventions can improve the
quality of judgment [27]. The present findings are consistent with the view that GenAI may support decision-making when it
is used to prompt evaluation and reflection rather than replace learner judgment. The substantial heterogeneity within this

subgroup, however, indicates that the size of benefit varies across interventions and contexts.
Effects on critical thinking

Critical thinking also showed a large positive pooled effect. Critical thinking develops through reflection, evaluation,
comparison of evidence, and feedback rather than passive receipt of information [8,9]. GenAl can support these processes
when learners are asked to compare perspectives, challenge assumptions, verify outputs, and justify conclusions [2—4,10].
Empirical work also suggests that GenAl may support knowledge construction and self-efficacy, which could contribute to
improved critical-thinking performance [10,21,31].

The benefit of GenAl for critical thinking is therefore likely to depend on instructional design. When learners are required to
critique, verify, or explain Al-generated outputs, GenAl can function as a scaffold for analytical engagement [20]. When the

technology provides direct answers without structured reflection or verification, these benefits may be reduced [3,6].
Clinical reasoning outcomes

Clinical reasoning did not show a statistically significant pooled effect. Clinical reasoning requires pattern recognition,
contextual interpretation, integration of evidence, and experience-based judgment [7,8]. GenAl can provide plausible
explanations and diagnostic suggestions, but those outputs do not necessarily strengthen the learner’s own reasoning process,
particularly when automated responses replace active diagnostic synthesis.

Previous research has cautioned that GenAl can produce fluent but inaccurate or biased reasoning, which may mislead
learners who are not prepared to evaluate Al outputs critically [2,5,13,17,40]. Variation in intervention design and outcome
measurement may also explain the inconsistent clinical-reasoning findings. Structured reflection, explanation, and justification

tasks may therefore be necessary when GenAl is used to support clinical reasoning [20].
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Negative effect on problem solving

The small but statistically significant negative pooled effect on problem-solving warrants attention. Problem-solving requires
learners to define problems, generate hypotheses, test strategies, and reflect on errors. These processes may be weakened
when GenAlI supplies direct solutions or step-by-step answers before learners have engaged independently [8,20]. Research
on cognitive offloading similarly suggests that poorly structured GenAl use can reduce productive struggle and independent
engagement [18-20,33-35].

Evidence from higher education raises similar concerns: GenAl may improve efficiency while impairing learning when it
substitutes for active problem-solving rather than supporting it [33,35]. In health science education, where independent
problem-solving is essential for safe practice, instructional designs should preserve learner responsibility, require justification

of answers, and include opportunities to solve cases without Al assistance.
Educational, faculty, and policy implications

The findings support outcome-specific rather than uniform GenAl integration. GenAl appears most promising for decision-
making and critical thinking, while clinical reasoning and problem-solving require more careful design, supervision, and
evaluation. Faculty attitudes, institutional policies, and ethical frameworks also influence how GenAl is used in practice
[6,15,36]. Clear expectations regarding transparency, verification, and appropriate reliance are needed to protect core

cognitive competencies [37,40].

From a curriculum perspective, GenAl should be integrated with experiential and reflective learning cycles [8], explicit
critical-thinking goals [9], and assessments that evaluate reasoning processes rather than final answers alone [3,4]. Educators
should also consider staged use, in which students first attempt a task independently and then use GenAl for comparison,

feedback, or reflection.
Strengths and limitations

A key strength of this meta-analysis is its focus on interventional evidence and its use of standardized effect sizes, random-
effects synthesis, risk-of-bias assessment, small-study-effect exploration, and sensitivity analysis. Several limitations require
emphasis. First, heterogeneity was very high, reflecting differences in Al tools, pedagogical designs, learner populations,
comparators, outcome instruments, and assessment timing. Second, some cognitive-domain analyses included few effect
estimates, reducing precision. Third, 15 unique studies contributed 21 outcome-domain effect estimates, and the
reconstructed overall, funnel-plot, and leave-one-out analyses treated these estimates separately; because multiple estimates
from the same study are correlated, standard errors may be underestimated and statistical tests should be interpreted
cautiously. Fourth, combining different educational designs and outcome instruments through standardized mean differences
improves comparability but does not remove conceptual differences among outcomes. Fifth, most outcomes were measured
over relatively short periods, limiting conclusions about durable cognitive development. Finally, the search was completed in
November 2025, so later studies were not captured. These limitations support placing greater interpretive weight on the

domain-specific findings than on the single overall pooled estimate.
CONCLUSION

GenAl-supported educational interventions were associated with a moderate overall improvement in higher-order cognitive
outcomes in health science education after exclusion of a conventional non-generative Al study. Effects were strongly
domain dependent: decision-making and critical thinking showed large positive pooled effects, clinical reasoning showed no
statistically significant pooled benefit, and problem-solving showed a small negative pooled effect. Very high heterogeneity
and within-study dependence among multiple outcome estimates limit the certainty of the overall summary. Future trials
should use clearly defined GenAl interventions, standardized cognitive outcome measures, transparent protocols, appropriate
comparators, and longer follow-up, and future meta-analyses should use methods that explicitly account for correlated
outcomes contributed by the same study.
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