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Abstract

Background
Clinical reasoning for unstructured problems—those lacking clearly defined initial conditions, standard
protocols, or singular correct solutions—remains a persistent challenge in medical education. While
artificial intelligence (AI) tools have shown promise in structured knowledge tasks, their integration into
frameworks designed for unstructured clinical reasoning remains underexplored.

Methods
A systems thinking assessment framework was adapted for medical education and validated through
expert review and inter-rater reliability testing (ICC = 0.801, 95% CI: 0.725–0.866). Fifty-five medical
students were randomly assigned to three groups: an AI-assisted learning group (AIL, n = 18) using
ChatGPT 4.0 as a guided reasoning aid, a conventional learning group (CL, n = 18) using textbooks and
non-AI online resources, and a manual group (MG, n = 19) without any supplementary tools. All
participants responded to the same unstructured clinical case comprising seven tasks (Q1–Q7), each
scored on a 0–3 scale by five blinded raters. As an exploratory benchmark, ChatGPT 4.0 responses to
the identical case were independently scored using the same framework to characterize the AI model's
performance profile and limitations.

Results
The AIL group achieved the highest mean total score (12.11 ± 1.78), significantly outperforming the CL
group (8.94 ± 1.08, p < 0.0001) and the MG (9.97 ± 2.37, p < 0.01). Significant advantages were observed
in Q2 (information needs), Q5 (scenario development), Q6 (challenges), and Q7 (unintended
consequences). Subgroup analysis revealed no significant interaction between learning tools and
baseline academic performance (F = 0.213, p = 0.930, η² = 0.018), suggesting consistent benefits across
GPA levels. The ChatGPT 4.0 benchmark produced uniformly identical scores (total score 16.5 across all
trials), revealing characteristic limitations in response variability and template dependency.

Conclusions
An AI-assisted learning framework grounded in a validated systems thinking assessment tool can
enhance medical students' clinical reasoning for unstructured problems, with effects that appear
independent of baseline academic performance. The ChatGPT benchmark highlights both the
capabilities and the rigidities of current AI models, underscoring the need for hybrid human–AI
collaboration rather than AI substitution in clinical reasoning education.
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Trial registration:
Chinese Clinical Trial Registry ChiCTR2600133444, 2026-09-28, Retrospectively registered

1. Introduction
Developing clinical reasoning skills for unstructured problems remains a persistent challenge in medical
education (1–4). Unlike well-defined problems with established diagnostic pathways, unstructured
problems—including complex multisystem cases, atypical presentations, and scenarios involving ethical
conflicts—require learners to integrate incomplete information, weigh competing hypotheses, and adapt
to evolving clinical contexts (5).

Systems thinking has been recognized as a core competency for navigating such complexity, enabling
clinicians to synthesize information across biological, psychological, and social dimensions of patient
care (6, 7). However, traditional pedagogical tools—textbooks, lecture-based instruction, and structured
case discussions—often assume well-bounded problems with linear reasoning pathways. These
approaches may inadequately prepare students for the ambiguity and integrative demands of real-world
clinical practice (8, 9).

Recent advances in large language models (LLMs) have opened new possibilities for medical education.
AI tools can support knowledge retrieval, hypothesis generation, and structured analysis at scale (10,
11). For instance, Learn Guide, a ChatGPT-based self-directed learning tool, has demonstrated efficacy in
enhancing critical thinking and metacognitive awareness among medical trainees (12). Similarly, LLMs
have shown utility in unstructured textual knowledge extraction and clinical decision support (13, 14).
However, these applications have predominantly been evaluated in structured task contexts, and their
integration with frameworks specifically designed for unstructured clinical reasoning remains in its
infancy (15).

To address this gap, the present study had two objectives: (1) to develop and validate a systems thinking
assessment framework tailored for unstructured clinical problem-solving in medical education, and (2)
to evaluate, through a randomized controlled design, whether an AI-assisted learning approach using this
framework could enhance medical students' clinical reasoning performance compared with
conventional and tool-free learning methods. As a supplementary analysis, we characterized ChatGPT
4.0's own performance on the same assessment to delineate the capabilities and limitations of current
AI models as potential educational tools.

2. Methods

2.1 Study design
This study employed a three-arm, parallel-group, randomized controlled design conducted at Hunan
Normal University between September 2024 and December 2024. This study was an educational
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intervention involving the comparison of routine teaching methods. No patients were involved, no
biological samples were collected, and no clinical procedures were performed. All participants were
healthy medical students who provided written informed consent. This study was approved by the
Biomedical Research Ethics Committee of Hunan Normal University, China (Approval No. 20251051). All
methods were carried out in accordance with the Declaration of Helsinki. Written informed consent was
obtained from all participants. All participant data were anonymized prior to analysis. Patients and the
public were not involved in the design, conduct, or reporting of this trial. No changes were made to the
trial protocol after commencement.

2.2 Assessment framework development and validation

2.2.1 Framework adaptation
The Systems Thinking Evaluation Tool developed by Grohs et al. (6), comprising seven assessment
items for unstructured problem-solving, was adapted for medical education contexts. The original
framework has been successfully applied in healthcare education settings (16). Our adaptation modified
four items (Q1, Q2, Q5, Q7) to align with clinical reasoning requirements:

Q1 (Problem Identification): The original framework's technical protocol and scenario modules were
replaced with symptom-history correlation analysis to evaluate clinical information integration and
problem definition.

Q2 (Information Needs): An AI utility scoring component was incorporated into the information
source evaluation to quantify modern medical information retrieval proficiency.

Q5 (Scenario Development): Evidence-based clinical treatment planning replaced generic solution
design.

Q7 (Unintended Consequences): Medical risk assessment—spanning pharmacological,
psychological, and socioeconomic domains—replaced generic consequence identification.

The complete adapted framework with scoring criteria is presented in.

2.2.2 Framework validation
Content validity was established through expert review by five medical educators with experienced
medical educators with expertise in clinical reasoning and systems thinking, who independently
evaluated item relevance, clarity, and clinical appropriateness. Reviewers were five faculty members
from the Department of Medical Education. The framework was iteratively revised based on their
feedback until consensus.

To assess inter-rater reliability, five raters independently scored all participant responses using the
adapted framework (Table 1). Absolute agreement was evaluated using a two-way random-effects
intraclass correlation coefficient (ICC) model. The ICC for a single measurement was 0.801 (95% CI:
0.725–0.866, p < 0.001), indicating excellent inter-rater reliability. Raters were blinded to group
assignment throughout the scoring process.
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Table 1
Systems thinking assessment framework for medical education

(adapted from Grohs et al. (6)).
Question Criteria and Rating Guide Rating

Q1-Problem Identification:

1. Describe your
understanding of the above
case and the likely direction
of the diagnosis.

Failure to provide a response or identify a problem is not
relevant to the case.

0

Only a single symptom or problem, such as abdominal pain,
was identified, without consideration of other related
symptoms or medical history.

1

Multiple symptoms and associated problems were
identified but not considered in relation to each other.

2

Symptoms, history and associated problems were
comprehensively identified, and links between them and
potential diagnoses were considered.

3

Q2-Information Need:

2. What additional
information do you need
before you can begin to
respond to the above case?

Failure to provide a response or requested information is
not relevant to the case.

0

Identified basic laboratory tests or imaging needs. 1

Comprehensive screening needs were identified and
additional epidemiologic information was considered.

2

Not only are comprehensive inspection needs identified, but
strategies for obtaining additional information are also
presented.

3

Q3- Stakeholder
Identification:

3. What groups or
stakeholders will you
involve in analyzing the
case issues above?

4. Please briefly describe
the process by which you
plan to communicate
effectively with these
stakeholders.

No response is provided or stakeholders are listed without
discussion of their roles.

0

Key stakeholders (e.g., family, physicians) were identified,
but their specific roles were not discussed.

1

All key stakeholders were identified and their roles briefly
discussed.

2

All stakeholders are identified in detail and how to
communicate and collaborate effectively is discussed.

3

Q4- Goals:

5. What do you expect a
successful program to
accomplish?

No response was provided or the target was not relevant to
the case.

0

Short-term goals, such as symptom relief, were identified,
but long-term goals were not considered.

1

Short- and long-term goals were identified, but patient
preferences were not considered.

2

Short- and long-term goals were identified, and patient
preferences and cost-effectiveness were considered.

3
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Question Criteria and Rating Guide Rating

Q5-Scenario Development:

6. What solution would you
suggest for the above case

Failure to provide a response or plan is not relevant to the
case.

0

Single treatment options, such as medication, are
proposed.

1

A comprehensive treatment program is proposed, including
medications, and lifestyle modifications.

2

Comprehensive treatment options are presented and the
advantages, disadvantages and applicability of different
treatment options are considered.

3

Q6-Challenges:

7. What challenges and
limitations do you see in
implementing the program?

No response is provided or any potential implementation
challenges are not identified.

0

Some potentially simple or short-term challenges were
identified, such as resource shortages or patient adherence
issues, but long-term or complex challenges were not
considered in depth or identified.

1

Some potentially simple or short-term challenges were
identified, such as resource shortages or patient adherence
issues, but long-term or complex challenges were not
considered in depth or identified.

2

Potential challenges were comprehensively identified,
including technical limitations, resource allocation, staff
training, and policy constraints, and the interplay between
these challenges and the overall impact on the treatment
program were considered.

3

Q7-Unintended
Consequences:

8. Please describe any
unintended consequences
that you believe may result
from this program.

Failure to provide a response or identify any potential
unintended consequences.

0

Some potential unintended consequences, such as drug
side effects or short-term complications of treatment, were
identified, but the broader implications or long-term effects
of these consequences were not considered in depth.

1

Multiple potential unintended consequences were identified
and their short-term impacts, such as social isolation or
financial burden that may result from treatment, were
considered, but long-term consequences were not fully
considered.

2

Multiple potential unintended consequences were
comprehensively identified, and the short- and long-term
effects of these consequences were considered in depth,
including the broader impact on patients' quality of life,
family, and society, and how they could be mitigated
through preventive measures or adjustments to treatment
regimens.

3
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2.3 Participants

2.3.1 Inclusion and exclusion criteria
Medical students enrolled in the third-year students at Hunan Normal University were eligible for
inclusion. Exclusion criteria included: (1) prior participation in AI-assisted learning interventions; (2)
incomplete informed consent; and (3) absence during any study session.

2.3.2 Participant characteristics
Fifty-five medical students (27 male, 28 females; mean age 19–21 years) were enrolled and randomized.
Baseline academic performance was assessed using Pre-Clerkship Grade Point Average (GPA), stratified
into tertiles for subgroup analysis (High, Intermediate, Low). Baseline demographic and academic
characteristics of the three groups are summarized in Table 4. No significant between-group differences
were observed at baseline (all p > 0.05).

2.3.3 Randomization
Participants were randomly assigned to one of three groups using computer-generated block
randomization (block size = 6) to ensure balanced allocation: AI-assisted learning group (AIL, n = 18),
conventional learning group (CL, n = 18), and manual group without supplementary tools (MG, n = 19).
The random allocation sequence was generated by H.D. using SPSS v27.0 with a computer-generated
block randomization procedure (block size = 6). Allocation concealment was ensured using sequentially
numbered, opaque, sealed envelopes. A research assistant who was not involved in the study enrolled
participants, and H.D. assigned participants to their groups according to the concealed sequence.
Participants and intervention providers could not be blinded due to the nature of the educational
intervention.

2.4 Intervention
All participants were presented with the same unstructured clinical case: a 45-year-old male patient with
persistent abdominal pain, weight loss, and malaise (Fig. 1). Participants were instructed to answer
seven open-ended questions (Q1–Q7,Table 1) within a 45-minute time limit. The three groups differed
only in the supplementary resources permitted during the response period:

AIL group (n = 18): Participants were provided access to ChatGPT 4.0 (OpenAI, May 2024 release)
as a guided reasoning tool. Standardized prompts were provided to encourage AI use for
information retrieval, differential diagnosis generation, and structured analysis, rather than direct
answer generation.

CL group (n = 18): Participants were permitted to use standard textbooks and non-AI online learning
resources (e.g., medical databases, clinical guideline websites), but were not allowed to use any AI-
based tools.
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MG group (n = 19): Participants responded without access to any supplementary tools or resources,
relying solely on prior knowledge and clinical reasoning.

The intervention was delivered by the research team (H.D., Y.T., and J.Z.). All participants completed
the task as instructed. Adherence to the assigned condition was monitored by the research team,
and no protocol deviations were observed. No concomitant care was provided during the trial.

2.5 Scoring
Five raters independently evaluated all de-identified participant responses using the assessment rubric
(Table 1). Each of the seven tasks (Q1–Q7) was scored on a 0–3 ordinal scale, yielding a maximum
possible total score of 21. Raters were blinded to group assignment throughout the evaluation process.
To protect participant privacy, all response materials were anonymized prior to scoring. All responses
were de-identified and randomly ordered before scoring. Raters were unaware of group allocation and
whether a response was generated by ChatGPT or a human participant.

2.6 ChatGPT 4.0 as an AI performance benchmark
As an exploratory supplementary analysis, we submitted the identical clinical case and assessment
questions to ChatGPT 4.0 (OpenAI; accessed September,2024) and scored its responses using the same
assessment framework and raters. This served not as a clinical gold standard, but as a descriptive
benchmark to characterize: (a) the performance profile of a state-of-the-art LLM on an unstructured
clinical reasoning task, and (b) AI-specific limitations relevant to educational deployment, such as
response homogeneity and template dependency. ChatGPT outputs did not inform the scoring rubric,
rater calibration, or the assessment of human participants. The five blinded raters were not informed
which responses were AI-generated.

2.7 Statistical analysis
Data normality was assessed using the Shapiro–Wilk test to guide the selection of parametric or non-
parametric methods. For normally distributed variables, one-way analysis of variance (ANOVA) was
used; for non-normally distributed variables, the Kruskal–Wallis H-test was applied. Normally distributed
data are reported as mean ± standard deviation; non-normally distributed data are reported as median
[interquartile range]. Effect sizes are reported as η² (eta-squared) for ANOVA and as epsilon-squared (ε²)
for Kruskal–Wallis tests.

When omnibus tests indicated significant between-group differences, post-hoc pairwise comparisons
were conducted using Dunn's test (for Kruskal–Wallis) with Holm–Bonferroni correction for multiple
comparisons, or Tukey's HSD (for ANOVA). A two-way factorial ANOVA was used for subgroup analysis,
with learning tool (AIL/CL/MG) and GPA stratification (High/Intermediate/Low) as independent
variables. An alpha level of 0.05 (two-tailed) was set for statistical significance. All analyses were
performed using SPSS v27.0 (IBM Corp., Armonk, NY, USA) and GraphPad Prism 10 (GraphPad Software,
San Diego, CA, USA).
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A post-hoc power analysis was conducted using G*Power 3.1 (F test; one-way ANOVA, fixed effects; α = 
0.05; three groups; total N = 55; observed Cohen's f = 0.734, derived from η² = 0.35). The achieved power
was 0.999, indicating sufficient statistical power to detect the observed effect size with the current
sample.

3. Results

3.1 Overall performance and per-task analysis
All 55 randomized participants completed the study and were included in the analysis. No participants
were lost or excluded after randomization. No harms or unintended events were reported in any group.
Significant between-group differences were observed in total scores and in Q2, Q5, Q6, and Q7 (Table 2).
The AIL group achieved the highest mean total score (12.11 ± 1.78), significantly outperforming both the
CL group (8.94 ± 1.08, p < 0.0001) and the MG (9.97 ± 2.37, p < 0.01) (Fig. 2a). No significant differences
were observed between groups for Q1 (problem identification), Q3 (stakeholder identification), or Q4
(goals) (Table 2).

Table 2
Intergroup differences in systems thinking competency scores.

Variable AIL group
(n = 18)

CL group
(n = 18)

MG (n = 
19)

Test statistic p-value Effect
size

Q1 2.00 [1.88–
2.13]

2.00 [2.00–
2.00]

2.00 [2.00–
2.00]

H = 1.42 (K-
W)

0.492 0.011

Q2 1.50 [1.50–
2.13]

1.00 [0.50–
1.50]

1.00 [0.50–
1.50]

H = 21.95 (K-
W)

< 0.001*** 0.384

Q3 2.50 [2.00-
2.50]

2.00 [2.00-
2.50]

2.00 [2.00-
2.50]

H = 4.18 (K-
W)

0.124 0.042

Q4 1.00 [1.00–
2.00]

0.75 [0.50–
1.13]

1.00 [0.50-
2.0]

H = 4.87 (K-
W)

0.088 0.055

Q5 1.61 [1.38-
2.00]

1.06 [0.50–
1.50]

1.21 [0.50-
2.00]

H = 8.13 (K-
W)

0.017* 0.118

Q6 1.50 [1.00-
1.50]

1.00 [1.00–
1.00]

1.00 [0.50–
1.50]

H = 8.70 (K-
W)

0.013* 0.129

Q7 1.50 [1.40-
2.00]

1.00 [0.88-
1.00]

1.00 [1.00-
1.50]

H = 12.28 (K-
W)

0.002** 0.198

Total
score

12.11 ± 
1.78

8.94 ± 1.08 9.97 ± 2.37 F = 14.02
(ANOVA)

< 0.001*** 0.350

Normally distributed data are presented as mean ± SD; non-normally distributed data are presented as
median [interquartile range]. Effect sizes: η² for ANOVA, ε² for Kruskal–Wallis. Significance markers: *p 
< 0.05, **p < 0.01, ***p < 0.001.
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In Q2 (information needs), the AIL group's median score of 1.50 [1.50–2.13] was significantly higher than
both the CL group (1.00 [0.50–1.50], p < 0.0001) and the MG (1.00 [0.50–1.50], p < 0.001) (Fig. 2b),
suggesting that AI assistance facilitates more comprehensive information retrieval in clinical reasoning.
In Q5 (scenario development), the AIL group scored 1.61 [1.38–2.00], significantly higher than the CL
group (1.06 [0.50–1.50], p < 0.05) (Fig. 2c). In Q6 (challenges), the AIL group scored 1.50 [1.00–1.50],
exceeding the CL group (1.00 [0.50–1.50], p < 0.01) (Fig. 2d). In Q7 (unintended consequences), the AIL
group's score of 1.50 [1.40–2.00] was significantly higher than both the CL group (1.00 [0.88–1.00], p < 
0.01) and the MG (1.00 [1.00–1.50], p < 0.05) (Fig. 2e).

3.2 ChatGPT 4.0 benchmark performance
The ChatGPT 4.0 benchmark produced identical scores across all assessment trials (total score: 16.5;
Q1: 2.0; Q2: 2.0; Q3: 3.0; Q4: 2.5; Q5: 2.5; Q6: 2.5; Q7: 2.0), with zero variance across repeated
submissions. This score ceiling and complete absence of response variability are indicative of
algorithmic determinism rather than flexible clinical reasoning. Notably, ChatGPT's scores exceeded all
three human groups, suggesting that LLMs can assemble high-scoring responses to structured
assessment rubrics through pattern recognition and retrieval—yet the identical outputs across trials also
reveal a fundamental limitation: rigid template dependency unsuited to the contextual adaptability
expected in clinical practice.

3.3 Subgroup analysis: AI efficacy across academic
performance levels
Subgroup analysis stratified by Pre-Clerkship GPA tertiles (High/Intermediate/Low) revealed significant
main effects for both learning tool (F = 18.071, p < 0.001, η² = 0.440) and GPA stratification (F = 11.441, p 
< 0.001, η² = 0.332) (Table 3). Critically, the tool-by-GPA interaction was not significant (F = 0.213, p = 
0.930, η² = 0.018), indicating that the benefit of AI-assisted learning was consistent across students of
differing baseline academic performance. Detailed stratified scores are provided in Table 3.

Table 3
Tests of between-subjects’ effects for subgroup analysis (two-way

factorial ANOVA).
Source of effect F-value p-value η²

Group (AIL/CL/MG) 18.071 < 0.001 0.440

GPA stratification (High/Mid/Low) 11.441 < 0.001 0.332

Tool-by-GPA interaction effect 0.213 0.930 0.018
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Table 4
Baseline characteristics of participants by group

Characteristic AIL group (n 
= 18)

CL group (n 
= 18)

MG group (n 
= 19)

Total (n = 
55)

p-value

Age (years), mean ± 
SD

20.1 ± 0.8 19.9 ± 0.8 20.0 ± 0.7 20.0 ± 0.8 0.74

Age range (years) 19–21 19–21 19–21 19–21  

Gender, n (%)         0.98

Male 9 (50.0) 9 (50.0) 9 (47.4) 27 (49.1)  

Female 9 (50.0) 9 (50.0) 10 (52.6) 28 (50.9)  

Pre-clerkship GPA, n
(%)

        0.99

High 6 (33.3) 6 (33.3) 7 (36.8) 19 (34.5)  

Intermediate 6 (33.3) 6 (33.3) 6 (31.6) 18 (32.7)  

Low 6 (33.3) 6 (33.3) 6 (31.6) 18 (32.7)  

Data are presented as mean ± SD or n (%). GPA = grade point average; SD = standard deviation. p-values
were calculated using one-way ANOVA for age, chi-square test for gender, and chi-square test for GPA
strata. No significant between-group differences were observed (all p > 0.05).

4. Discussion
This study evaluated an AI-assisted learning framework for developing clinical reasoning in unstructured
problem-solving and found that students using AI as a guided reasoning tool (AIL group) significantly
outperformed those using conventional resources or no tools. The effect was consistent across
academic performance levels, and the ChatGPT benchmark provided complementary insights into AI's
educational strengths and limitations. Below, we discuss these findings across four themes.

4.1 AI-assisted learning enhances information integration
and scenario-based reasoning
The AIL group's significant advantages in Q2 (information needs), Q5 (scenario development), Q6
(challenges), and Q7 (unintended consequences) point to AI's particular value in tasks requiring cross-
domain information synthesis and anticipatory reasoning—skills central to systems thinking in clinical
contexts (6, 16). This pattern is consistent with prior findings that LLMs can support learners in
structuring complex information landscapes (17) and that AI-assisted tools enhance task organization
and logical coherence in reasoning-intensive domains (18).
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A plausible mechanism is that AI reduces the cognitive load associated with information search across
disparate knowledge domains, allowing learners to allocate more cognitive resources to higher-order
synthesis and evaluation. In traditional learning, students must manually navigate textbooks, guidelines,
and literature across basic medicine, clinical medicine, pharmacology, and ethics—a process that is both
time-consuming and prone to omissions (19). By providing rapid, cross-domain information retrieval with
keyword-aligned relevance, AI may facilitate the construction of more comprehensive and evidence-
grounded clinical scenarios, consistent with the framework requirements of Q5 (evidence-based
scenario construction).

However, it is critical to interpret these findings within their proper scope. The observed improvements
reflect enhanced performance on a structured assessment rubric when AI-assisted information retrieval
was available—not necessarily the development of independent, transferable clinical reasoning that
persists without AI support. Long-term retention and real-world clinical translation remain untested in the
current design.

4.2 Conventional tools underperform in unstructured
problem contexts
The CL group's lower performance relative to both the AIL and MG groups across multiple tasks
warrants careful interpretation. Two non-mutually-exclusive explanations may account for this pattern.
First, conventional tools (textbooks, databases, guidelines) are optimized for structured information
retrieval—locating a specific fact, drug interaction, or diagnostic criterion—but may be ill-suited to the
dynamic, cross-domain synthesis required for unstructured problems. This interpretation aligns with
evidence that traditional resources underperform in non-linear reasoning tasks (20, 21).

Second, a cognitive efficiency explanation is possible: the time and effort required to locate and integrate
relevant information from conventional sources may have exceeded the benefit gained, particularly
under time-constrained conditions. The MG group, working from consolidated prior knowledge, may have
been more efficient than CL participants who divided attention between problem-solving and resource
navigation. The AIL group's rapid, AI-mediated access to synthesized information likely conferred the
greatest cognitive efficiency advantage.

4.3 Risks and opportunities of AI in clinical reasoning
education
The ChatGPT 4.0 benchmark results reveal a dual-edged profile. On one hand, the model achieved the
highest scores across all domains, demonstrating that current LLMs can generate responses that score
well against structured clinical reasoning rubrics. On the other hand, the identical scores across all trials
—a ceiling effect with zero variance—demonstrate a critical limitation: algorithmic determinism
manifesting as rigid template dependency, consistent with reports of homogeneous outputs in GPT-3.5-
generated medical cases (22) and formulaic response patterns in GPT-4's USMLE performance (4, 23).
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Several considerations preclude treating ChatGPT scores as a clinical gold standard. First, LLMs
generate text through probabilistic token prediction and may produce plausible-sounding but factually
incorrect statements (24). Second, the assessment framework was designed for human clinical
reasoning; its applicability to machine-generated text has not been independently validated. Third, the
uniformity of ChatGPT's outputs (standard deviation = 0) fundamentally differs from the variability
expected in human clinical reasoning, which must adapt to patient-specific contexts.

These findings have direct educational implications. The template-structured outputs of current AI
models, while potentially useful as initial reasoning scaffolds for novice learners, must not be conflated
with flexible clinical expertise. We propose that AI's optimal role in clinical reasoning education lies not
in answer provision but in guided reasoning facilitation—employing stepwise questioning strategies that
prompt learners to articulate their logic, identify evidence gaps, and consider alternative explanations
(25). Furthermore, a "deconstruct the AI answer" exercise, in which students critically analyze the
structure, assumptions, and limitations of AI-generated responses, may cultivate the evaluative judgment
essential for clinical practice.

4.4 AI benefits are independent of baseline academic
performance
The non-significant interaction between learning tools and GPA stratification (p = 0.930, η² = 0.018)
suggests that AI-assisted learning benefits students across the academic performance spectrum,
consistent with observations that AI tools can reduce performance gaps in reasoning tasks (22, 26).
However, this finding should not be interpreted as evidence that AI substitutes for foundational
knowledge: the significant main effect of GPA (p < 0.001, η² = 0.332) confirms that students with
stronger baseline knowledge continue to outperform their peers. Rather, AI appears to provide a
complementary scaffolding effect that raises the floor of performance without eliminating the advantage
conferred by prior knowledge. This pattern supports a model in which AI serves as a cognitive amplifier—
augmenting, but not replacing, the knowledge base that students bring to clinical reasoning tasks.

4.5 Limitations
This study has several limitations that constrain the generalizability of its findings. First, the sample size
(N = 55) and single-institution design limit statistical power for detecting moderate effect sizes and
preclude direct generalization to other medical education contexts. Multi-center replication with larger
cohorts is needed. Second, the cross-sectional, single-session design captured only immediate
performance effects; long-term skill retention and transfer to authentic clinical settings were not
assessed. Longitudinal studies tracking clinical reasoning development over clerkship rotations would
address this gap.

Third, because the AI model version is a rapidly evolving target, findings specific to ChatGPT 4.0 may not
generalize to newer or different LLM architectures (27). Continuous evaluation across model iterations is
warranted. Fourth, the adapted assessment framework, while demonstrating good inter-rater reliability
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(ICC = 0.801), has not been validated against established clinical reasoning measures or real-world
clinical performance outcomes—a necessary step before deployment in high-stakes educational
assessment.

Fifth, as an educational intervention study rather than a clinical trial, this study was not prospectively
registered. Sixth, the ecological validity of the single-case assessment format may not fully capture the
complexity and time pressure of real clinical reasoning. Future work should integrate this framework into
longitudinal curricula and evaluate its impact on clinical performance metrics.

5. Conclusion
This study demonstrates that an AI-assisted learning framework, grounded in a validated systems
thinking assessment tool, can enhance medical students' performance in solving unstructured clinical
problems. The intervention's effects—significant improvements in information integration (Q2), evidence-
based scenario construction (Q5), challenge identification (Q6), and risk anticipation (Q7)—were
consistent across academic performance levels. The ChatGPT 4.0 benchmark simultaneously illustrates
the potential and the pitfalls of current AI: strong rubric-aligned performance coexists with rigid template
dependency and zero response variability.

These findings argue for a model of human–AI collaboration in clinical reasoning education in which AI
serves as a guided reasoning scaffold rather than an answer provider. The integration of AI tools into
medical curricula, paired with critical evaluation exercises that teach students to assess AI outputs,
represents a promising direction for preparing healthcare professionals to navigate the complex,
unstructured problems of clinical practice.
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Figure 1

Study design flowchart.

A case of a 45-year-old male patient with persistent abdominal pain, weight loss, and malaise was
presented to all three groups.
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Figure 2

Intergroup differences in systems thinking competency scores.

(a) Total scores (one-way ANOVA). (b) Q2 scores (Kruskal–Wallis test). (c) Q5 scores (Kruskal–Wallis test).
(d) Q6 scores (Kruskal–Wallis test). (e) Q7 scores (Kruskal–Wallis test). Data in (a) are presented as mean
± SD; data in (b–e) are presented as median with interquartile range. Significance markers: *p<0.05,
**p<0.01, ***p<0.001. All post-hoc comparisons used Dunn's test with Holm–Bonferroni correction.
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