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Original Article

Clinical reasoning in nephrology: 
Comparing GPT-4 with junior fellows
Abstract

Aim: This study compared the clinical decision-making abilities of junior 
nephrology fellows against two Generative Pre-trained Transformer 4 (GPT-4)-
based artificial intelligence (AI) models—one standard and one specifically trained 
with nephrology guidelines—using simulated clinical scenarios.
Materials and Methods: Eleven nephrology fellows with two years or less of 
experience from four academic centers participated in the study. The performance of 
the participants and the artificial intelligence models (TrainedGPT, a custom GPT-4 
model configured with a nephrology guideline-based internal repository, and GPT-
4o) was evaluated based on their written responses to nine simulated nephrology 
case scenarios. Responses were scored by two blinded expert nephrologists using 
a 5-point Likert scale across three main stages: prediagnosis, diagnosis, and 
treatment.
Results: Both TrainedGPT (13.2 [interquartile range (IQR): 9.9 – 13.7]) and GPT-
4o (12.8 [IQR: 8.6 – 13.7]) models significantly outperformed the fellow group 
(8.6 [IQR: 7.0 – 10.6]) (p = 0.001 and p = 0.016, respectively). This superiority 
was maintained throughout all stages of prediagnosis, diagnosis, and especially 
treatment. There was no significant difference between the two artificial intelligence 
models (p = 0.690).
Conclusion: These pilot findings suggest that GPT-4-based AI models may 
serve as useful adjuncts in nephrology education and structured clinical support, 
outperforming junior fellows in standardized, evidence-based decision-making 
tasks. Given the exploratory design and small sample size, these results should 
be interpreted cautiously with respect to generalizability. The lack of a significant 
difference between TrainedGPT and GPT-4o suggests that the foundational medical 
knowledge of current large language models may already be robust for standard 
nephrology scenarios.
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INTRODUCTION
Artificial intelligence (AI), which aims to mimic human cognitive 
abilities, is poised to introduce revolutionary changes to the 
field of medicine. In 2016, the largest share of investments in AI 
research was directed towards healthcare applications, more than 
any other sector (1,2). The approval of Arterys’ deep learning-
based application by the U.S. Food and Drug Administration 
(FDA) in 2017 was considered an important step in the use of AI 
in medicine (3,4). Following this approval, there was a significant 
increase in the number of machine learning-enabled medical 
devices. Advanced AI methods such as neural networks and deep 
learning have become essential tools widely used in a variety of 
clinical processes, including diagnosis, treatment planning, patient 

monitoring, and data management (3,5,6). Today, AI is becoming 
an increasingly promising tool for healthcare services (6).

In recent years, advances in deep learning have accelerated the 
development of large language models (LLMs) (3,7). These 
models, trained on large text datasets, can produce human-like 
texts and meaningful responses due to their ability to learn 
and interpret complex semantic relationships. This ability has 
allowed them to play an important role in healthcare, especially 
in medicine, by helping decision-making processes in clinical 
scenarios involving uncertainty (7,8). A systematic review has 
shown that generative LLMs have the potential to improve the 
quality and readability of documents such as discharge notes and 
clinical summaries (7). 
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Clinical studies clearly demonstrate the potential of AI in 
medical practice. A study on acute ischemic stroke management 
has shown that the Generative Pre-trained Transformer 4 (GPT-
4) model can provide treatment recommendations on critical 
issues such as thrombolysis and endovascular treatment using 
real patient data. These recommendations were found to be 
highly consistent with stroke experts' assessments and actual 
clinical treatment decisions applied to patients (9). Furthermore, 
it has been shown that the contribution of ChatGPT can improve 
the accuracy of a decision support system predicting the risk of 
breast cancer recurrence (10). 

The GPT-4 model trained in rheumatology achieved higher 
clinical judgment scores than the fellow physicians in ten clinical 
cases. 60% of respondents indicated that they would prefer to have 
access to a similar AI program to assist with patient assessments. 
Fellows also reported feeling more competent when working 
with such a system, which may reduce fatigue and burnout 
(3). LLMs can sometimes produce contextually irrelevant or 
unrealistic outputs; this phenomenon is known in the literature 
as “hallucination”. Therefore, human supervision and careful 
evaluation are necessary, especially in clinical decision-making 
processes (7,11,12).

AI applications are rapidly becoming widespread in the field of 
nephrology. Some systems developed for anemia management 
in haemodialysis patients have been shown to produce 
effective results. Especially the recommendations regarding 
erythropoiesis-stimulating agent (ESA) doses contribute 
significantly to keeping hemoglobin levels within the desired 
range (13,14). While these approaches help to carry out the 
treatment in a more balanced manner, they also have the potential 
to reduce the economic burden on the healthcare system. One 
study reported that ChatGPT-4.0 was able to determine both the 
need for consultation and subspecialty referral with a very high 
accuracy in 100 simulated nephrology cases (11).

LLMs, particularly GPT-4, have demonstrated significant success 
in medical licensing examinations like the United States Medical 
Licensing Examination (USMLE) and in specialized nephrology 
assessments such as the Nephrology Self-Assessment Program 
(NephSAP) and Kidney Self-Assessment Program (KSAP) 
(5,12,15-21). However, these knowledge-based exams, which 
sometimes reveal inconsistent performance across different 
subtopics, do not fully evaluate applied clinical reasoning 
(5,12,21). Consequently, few studies have directly compared 
the clinical reasoning performance of LLMs against physicians-
in-training using complex, realistic case scenarios. The aim of 
this study is to compare the clinical decision-making abilities 
of nephrology fellows in the early stages of their training with 
those of trained and untrained AI models, using nephrology case 
scenarios.

MATERIALS AND METHODS
Eleven nephrology fellows with less than two years of specialty 
training from four academic medical centers in Ankara (Hacettepe 
University, Gazi University, Etlik City Hospital, and Bilkent City 
Hospital) voluntarily participated in the study. 

A total of nine original clinical case scenarios were designed by 
expert nephrologists to assess nephrology knowledge and clinical 
reasoning skills. These scenarios were created without using 
actual patient data. All case scenarios and related questions were 
prepared in Turkish based on frequent scenarios in outpatient 
nephrology. The cases covered basic nephrology topics such as the 
diagnostic approach to hematuria and proteinuria, acute kidney 
injury (AKI) cases requiring and not requiring hospitalization, 
hyponatremia, anemia and mineral and bone diseases in chronic 
kidney disease (CKD), peritonitis, and renal replacement 
therapies in CKD. These vignettes employed explicit directives 
to eliminate ambiguity and were independently validated by an 
expert reviewer. Each case assessment was designed to measure 
a broad range of clinical skills. These skills included selecting 
initial tests for the diagnostic process, establishing preliminary 
and definitive diagnoses, and assessing the need for additional 
testing. During the treatment phase, the assessment measured the 
ability to formulate a treatment plan that included medication 
dosages, side effect management, and adherence to clinical 
guidelines. In addition, clinical decisions such as emergency 
dialysis, kidney biopsy, and selection of appropriate renal 
replacement therapy were evaluated. 

A survey was designed to evaluate participants' knowledge. No 
personal or demographic information was collected; participants 
were advised to use a pseudonym as their ID. Once submitted, 
responses could not be modified. Each case consisted of six to 
10 open-ended questions, and participants were instructed to 
provide their responses in text form. The same survey protocol 
was applied to both nephrology fellows and GPT-4 models, and 
both groups responded to all nine cases. 

Two distinct AI models based on OpenAI's GPT-4 architecture 
were utilized in this study. The first, serving as the untrained 
control, was the standard GPT-4o model used without any 
supplementary nephrology-specific internal repository. The 
second, referred to as "TrainedGPT," was a custom GPT-4 model 
configured with a guideline-based internal knowledge repository 
developed specifically for this study. This repository was built 
from study-specific documents derived from key international 
guidelines (Kidney Disease: Improving Global Outcomes 
[KDIGO], International Society for Peritoneal Dialysis [ISPD], 
European Renal Best Practice [ERBP]), and tailored to address 
all clinical questions within the cases. We confirmed that this 
curated information was sufficient for all tasks. The model was 
explicitly instructed to rely solely on this internal repository. Any 
supplemental PubMed-linked material available to the model 
consisted of a predefined, static PubMed-derived content set 
compiled before study execution, rather than live internet access 
or real-time querying during case completion.

Two expert nephrologists (EY and EC) independently evaluated 
the written responses. The evaluators were blinded to the study 
hypothesis and the respondent's identity. The responses were 
scored using a 5-point Likert scale (1: Strongly Disagree, 5: 
Strongly Agree). The score for each question was calculated as 
the average of the two evaluators’ ratings. In cases of significant 
discrepancy between the two evaluators (a score difference 
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of >1 point), the response was reassessed in a joint review to 
reach a consensus score. The responses were classified into 
three main domains for each question: prediagnosis, diagnosis, 
and treatment, and comparative analyses were performed based 
on the average scores for each category. While all nine cases 
were assessed for diagnosis and treatment, only six contained 
questions relevant to the prediagnosis stage. Consequently, the 
analysis for the prediagnosis domain was based on these six 
cases. These responses were then compared with the responses 
generated by AI models. 

For each case response, question-level ratings were first averaged 
within each domain. The average score for each participant in 
each stage was then calculated separately. The total score was 
obtained by summing the available domain scores rather than 
averaging them across domains. Accordingly, the maximum 
possible total score was 15 for cases containing prediagnosis, 
diagnosis, and treatment questions, and 10 for cases without a 
prediagnosis component. Because all groups responded to the 
same case set, these totals remained directly comparable across 
groups. Median and interquartile ranges (IQR) were calculated 
for all stages for each GPT-4 model and fellow group. 

Statistical Analyses

For statistical analysis, Jamovi (v2.3) statistical software was 
used. Due to the non-normal distribution of the data, group 
comparisons were analyzed using non-parametric tests. All 
continuous variables were presented as median (IQR), and 
minimum–maximum values were additionally reported in the 
tables.

The Mann–Whitney U test was used for two-group comparisons, 
and the Kruskal–Wallis test was used for three-group comparisons; 

when a significant difference was detected, Bonferroni correction 
was applied for pairwise comparisons. The significance level 
was set at p < 0.05 for all tests. Box-violin plots and histograms 
were generated for each phase to visually represent the obtained 
scores. These plots were used to compare intra-group variation, 
score distribution, and model stability.

Ethical Considerations

This study was deemed exempt from formal ethical committee 
review because it was based exclusively on simulated clinical 
scenarios and anonymous written responses and did not involve 
real patients, patient records, biological materials, clinical 
interventions, or personally identifiable participant data. 
Participants were evaluated solely on standardized hypothetical 
case responses and were advised to use pseudonymous identifiers.

RESULTS
The responses of two AI models—TrainedGPT and GPT-4o—
and 11 nephrology fellows were comparatively evaluated across 
nine nephrology cases comprising a total of 75 questions that 
covered the prediagnosis, diagnosis, and treatment stages.

Analysis of the total performance scores showed that both AI 
models received significantly higher scores compared to the 
fellow group (p < 0.001). The median total score for TrainedGPT 
was 13.2 (IQR: 9.9–13.7), while that for GPT-4o was 12.8 (IQR: 
8.6 – 13.7), and the median score for the fellow group was 8.6 
(IQR: 7.0 – 10.6) (Table 1). The pairwise comparisons showed 
that both TrainedGPT (p = 0.001) and GPT-4o (p = 0.016) 
demonstrated significant superiority over the fellow group, while 
no statistically significant difference was found between the two 
AI models (p = 0.690) (Table 2).

Table 1. Comparison of TrainedGPT, GPT‑4o, and human performance in simulated nephrology cases

Variables TrainedGPT (N = 9) GPT-4o (N = 9) Human (N = 99) Total (N = 117) p value

Prediagnosis

0.003
N-Miss 3 3 33 39

Median (IQR) 4.2 (4.0 – 4.4) 4.2 (4.0 – 4.8) 3.5 (2.7 – 4.0) 3.5 (2.9 – 4.2)

Min–Max 3.2 – 5.0 3.8 – 5.0 1.5 – 5.0 1.5 – 5.0

Diagnosis

 < 0.001Median (IQR) 4.5 (4.5 – 5.0) 4.1 (4.0 – 4.8) 3.5 (3.0 – 4.0) 3.5 (3.0 – 4.3)

Min–Max 4.2 – 5.0 3.5 – 5.0 1.7 – 5.0 1.7 – 5.0

Treatment

 < 0.001Median (IQR) 4.8 (4.6 – 4.9) 4.3 (3.6 – 4.8) 3.1 (2.6 – 3.6) 3.2 (2.8 – 3.9)

Min–Max 3.7 – 5.0 3.0 – 5.0 1.0 – 4.5 1.0 – 5.0

Total

 < 0.001Median (IQR) 13.2 (9.9 – 13.7) 12.8 (8.6 – 13.7) 8.6 (7.0 – 10.6) 9.3 (7.4 – 11.1)

Min–Max 8.2 – 13.9 7.0 – 14.6 4.4 – 13.5 4.4 – 14.6

Abbreviations: GPT-4o, standard GPT-4o model; IQR, interquartile range; N, number of case responses; N-Miss, number of missing observations in the prediagnosis 
domain because 3 of the 9 scenarios did not include prediagnosis questions; TrainedGPT, custom GPT-4 model configured with nephrology-specific guideline-based 
content.
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Table 3. Comparison of TrainedGPT vs human performance across nephrology domains

Variables TrainedGPT (N = 9) Human (N = 99) Total (N = 108) p value

Prediagnosis

0.024Median (IQR) 4.2 (4.0 – 4.4) 3.5 (2.7 – 4.0) 3.5 (2.7 – 4.0)

Min–Max 3.2 – 5.0 1.5 – 5.0 1.5 – 5.0

Diagnosis

< 0.001Median (IQR) 4.5 (4.5 – 5.0) 3.5 (3.0 – 4.0) 3.5 (3.0 – 4.2)

Min–Max 4.2 – 5.0 1.7 – 5.0 1.7 – 5.0

Treatment

< 0.001Median (IQR) 4.8 (4.6 – 4.9) 3.1 (2.6 – 3.6) 3.2 (2.7 – 3.8)

Min–Max 3.7 – 5.0 1.0 – 4.5 1.0 – 5.0

Total

0.001Median (IQR) 13.2 (9.9 – 13.7) 8.6 (7.0 – 10.6) 9.1 (7.3 – 10.9)

Min–Max 8.2 – 13.9 4.4 – 13.5 4.4 – 13.9
Abbreviations: GPT-4o, standard GPT-4o model; IQR, interquartile range; N, number of case responses; TrainedGPT, custom GPT-4 model configured with 
nephrology-specific guideline-based content.

Table 2. Comparison of TrainedGPT vs GPT‑4o across nephrology domains

Variables TrainedGPT (N = 9) GPT-4o (N = 9) Total (N = 18) p value

Prediagnosis

0.871Median (IQR) 4.2 (4.0 – 4.4) 4.2 (4.0 – 4.8) 4.2 (4.0 – 4.6)

Min–Max 3.2 – 5.0 3.8 – 5.0 3.2 – 5.0

Diagnosis

0.138Median (IQR) 4.5 (4.5 – 5.0) 4.1 (4.0 – 4.8) 4.5 (4.1 – 5.0)

Min–Max 4.2 – 5.0 3.5 – 5.0 3.5 – 5.0

Treatment

0.268Median (IQR) 4.8 (4.6 – 4.9) 4.3 (3.6 – 4.8) 4.6 (3.9 – 4.9)

Min–Max 3.7 – 5.0 3.0 – 5.0 3.0 – 5.0

Total

0.690Median (IQR) 13.2 (9.9 – 13.7) 12.8 (8.6 – 13.7) 13.0 (9.7 – 13.7)

Min–Max 8.2 – 13.9 7.0 – 14.6 7.0 – 14.6
Abbreviations: GPT-4o, standard GPT-4o model; IQR, interquartile range; N, number of case responses; TrainedGPT, custom GPT-4 model configured with 
nephrology-specific guideline-based content.

A similar trend was observed when the sub-stages of the 
evaluation were examined. In the prediagnosis phase, the median 
scores of the TrainedGPT and GPT-4o models were 4.2 for 
both groups (IQR: 4.0 – 4.4 and 4.0 – 4.8, respectively), while 
the median for the fellow group was 3.5 (IQR: 2.7 – 4.0) (p = 
0.003). TrainedGPT (p = 0.024) and GPT-4o (p = 0.006) each 
demonstrated significantly higher performance than fellows, but 
no significant difference was found between the two models (p = 
0.871) (Table 2, Table 3, and Table 4).

In the diagnosis phase, the median scores were 4.5 (IQR: 4.5 
– 5.0) for TrainedGPT, 4.1 (IQR: 4.0 – 4.8) for GPT-4o, and 
3.5 (IQR: 3.0 – 4.0) for the fellow group, a difference that 
was statistically significant (p < 0.001). At this stage, both 
TrainedGPT and GPT-4o showed significant superiority over 
the fellow group separately (p < 0.001 for TrainedGPT, p = 
0.002 for GPT-4o). However, no significant difference was 

found between the scores of the two models (p = 0.138) (Table 
2, Table 3, and Table 4).

The performance difference between the AI models and the 
fellows was most marked in the treatment stage. At this stage, the 
median score for TrainedGPT was 4.8 (IQR: 4.6 – 4.9), for GPT-
4o it was 4.3 (IQR: 3.6 – 4.8), and for the fellow group it was 
3.1 (IQR: 2.6 – 3.6) (p < 0.001). While both AI models achieved 
significantly higher scores than the fellow group (p < 0.001 for 
TrainedGPT, p = 0.002 for GPT-4o), there was no statistically 
significant difference between the two models (p = 0.268) (Table 
2, Table 3, and Table 4).

The score distributions, as illustrated by histograms (Figure 1) 
and violin plots (Figure 2), revealed a wider range and greater 
inter-individual variability in the scores of the fellow group 
compared to the more concentrated distributions observed for 
the two AI models.
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Table 4. Comparison of GPT‑4o vs human performance across nephrology domains

Variables GPT-4o (N = 9) Human (N = 99) Total (N = 108) p value

Prediagnosis

0.006Median (IQR) 4.2 (4.0–4.8) 3.5 (2.7–4.0) 3.5 (2.7–4.0)

Min–Max 3.8–5.0 1.5–5.0 1.5–5.0

Diagnosis

0.002Median (IQR) 4.1 (4.0–4.8) 3.5 (3.0–4.0) 3.5 (3.0–4.0)

Min–Max 3.5–5.0 1.7–5.0 1.7–5.0

Treatment

0.002Median (IQR) 4.3 (3.6–4.8) 3.1 (2.6–3.6) 3.2 (2.7–3.7)

Min–Max 3.0–5.0 1.0–4.5 1.0–5.0

Total

0.016Median (IQR) 12.8 (8.6–13.7) 8.6 (7.0–10.6) 8.7 (7.2–10.8)

Min–Max 7.0–14.6 4.4–13.5 4.4–14.6

IQR: interquartile range, N: number of case responses, GPT-4o: standard GPT-4o model

Figure 1. Histogram of case-level clinical reasoning scores by respondent group and clinical stage. The figure displays score distributions for TrainedGPT, GPT-
4o, and junior nephrology fellows in the prediagnosis, diagnosis, and treatment domains. In each histogram, the vertical dashed line indicates the median score for 
the corresponding respondent group, consistent with the non-parametric analyses used in the study. Sample sizes were n = 6 per AI model and n = 66 for fellows in 
the prediagnosis domain, and n = 9 per AI model and n = 99 for fellows in the diagnosis and treatment domains. Abbreviations: GPT-4o, standard GPT-4o model; 
TrainedGPT, custom GPT-4 model configured with nephrology guideline-based content.
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Figure 2. Violin plots of case-level clinical reasoning scores across individual 
fellows and AI models. The figure shows score distributions for each junior 
nephrology fellow (participant identifier) and for the two AI models in the 
prediagnosis, diagnosis, and treatment domains. Red dots denote median scores, 
and Kruskal–Wallis test results are displayed above each panel. Prediagnosis 
was assessed in 6 cases, whereas diagnosis and treatment were assessed in all 9 
cases. Abbreviations: GPT-4o, standard GPT-4o model; ID, participant identifier; 
TrainedGPT, custom GPT-4 model configured with nephrology guideline-based 
content.

DISCUSSION
Our primary finding is that both TrainedGPT and GPT-4o 
demonstrated superior performance and greater consistency than 
junior nephrology fellows across all stages of clinical reasoning 
in simulated nephrology cases. Furthermore, TrainedGPT, which 
was configured using guideline-derived documents, showed no 
statistically significant advantage over GPT-4o. 

Our study demonstrated that the case-based clinical reasoning 
performance of GPT-4-based models was significantly higher than 
that of junior nephrology fellows. This finding aligns with recent 
evidence from other specialties comparing AI with physicians-in-
training. For instance, a pilot study in rheumatology demonstrated 
that a guideline-trained GPT-4 model outperformed junior fellows 
in clinical reasoning and management of inflammatory arthritis 
cases, achieving higher Revised-IDEA (R-IDEA) scores and 
demonstrating greater consistency (3). Furthermore, a multicenter 
study evaluating Canadian emergency medicine in-training 
examinations reported that GPT-4 surpassed the performance 
of residents at all postgraduate levels for two consecutive years, 
providing additional evidence of its advantages in clinical 
reasoning tasks (22). 

However, the integration of AI into clinical practice is complex, 
with its impact appearing to be task-dependent. A randomized 
clinical vignette study focused on diagnostic reasoning found 
that providing physicians access to GPT-4 did not significantly 
improve their performance compared to using traditional 
resources (23). Interestingly, in that study, GPT-4 alone achieved 
higher diagnostic accuracy than both AI-assisted and unassisted 
physician groups. This finding suggests that effective human-
AI collaboration may require structured support systems or 
specialized prompting techniques. In contrast, a separate 
randomized controlled trial examining treatment planning 
demonstrated that GPT-4 assistance significantly improved 
physicians' management reasoning performance (mean 
improvement of 6.5%; p < 0.001), suggesting that AI may be 
particularly beneficial in treatment-oriented contexts (24). Our 
findings in nephrology contribute to this nuanced discussion, 
confirming that GPT-4’s capabilities in integrated case-based 
clinical tasks exceed those of early-stage physicians. Collectively, 
these results underscore that achieving optimal clinical utility of 
AI will depend on developing structured strategies for human-AI 
collaboration. In practice, such models may be integrated into 
fellowship training or attending-supervised case conferences, 
where fellows first formulate an independent management plan 
and then compare it with an AI-generated, guideline-aligned 
response during structured debriefing.

Another finding of this study is the absence of a statistically 
significant performance difference between the TrainedGPT and 
GPT-4o (p = 0.690). This situation should not be interpreted as 
a failure of specific training but rather as evidence of the high 
baseline capabilities of advanced LLMs such as GPT-4. Models 
like GPT-4 have been pre-trained on extensive text data, enabling 
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them to acquire a broad medical knowledge base and strong 
clinical reasoning capabilities. It is plausible that prominent 
guidelines were already part of its knowledge base, making the 
explicit training largely redundant. This highlights the inherent 
"black box" nature of LLMs; we can hypothesize about how 
they process information, but it is impossible to precisely trace 
how new data is weighed against pre-existing knowledge. 
Nevertheless, the trained model did show a narrower score 
distribution, suggesting that the training, while not boosting the 
overall score, did promote greater response consistency.

The demonstrated proficiency of LLMs in complex clinical 
reasoning, as shown in our study, positions them as powerful tools 
that can expand the current ecosystem of AI in nephrology (5,25). 
By moving beyond multiple-choice questions to complex case 
scenarios, our study provides an evaluation that is closer to the 
real-world application of LLMs. AI-supported clinical decision 
support systems (CDSS) can increase the effectiveness of alerts 
by using clinician feedback, which can potentially reduce alert 
density while increasing acceptance rates (26). For example, the 
implementation of AI-generated recommendations resulted in an 
average 12.3% reduction in alert triggers and a 16.9% increase 
in acceptance rates across various workflows (26). Additionally, 
the ability of ChatGPT 4.0 to assist in the triage and specialist 
referral of nephrology patients has been evaluated (11).

Although several between-group differences reached statistical 
significance, the absolute differences on a 5-point Likert scale 
should be interpreted cautiously with respect to their real-world 
clinical impact. Accordingly, these findings are best understood 
as evidence of comparative performance under standardized 
simulated conditions rather than a direct estimate of bedside 
effectiveness.

The findings of this study must be considered within the 
context of several key limitations. First, our methodology 
relied on idealized case scenarios, which lack the complexity, 
incomplete data, and patient-specific variables of real-world 
clinical encounters. Second, the small cohort of 11 junior fellows 
limits the generalizability of our results, positioning this work 
as an exploratory pilot study. Third, our statistical analysis did 
not account for intra-individual correlations across cases, and 
the absence of a senior expert group restricts our conclusions 
to a comparison with trainees only. Furthermore, this study is 
subject to the inherent limitations of all LLMs. These include 
the risk of generating "hallucinations"—plausible but incorrect 
information (7,27,28)—and potential algorithmic biases. Finally, 
by evaluating only written responses, our design could not 
assess core physician competencies such as empathy, patient 
communication, and real-time ethical deliberation (7,11,29).

Acknowledging these limitations is crucial, as they frame the 
appropriate role for AI in medicine. It is precisely within the 
complex, unscripted domains of nuanced communication and 
ethical judgment—areas this study could not measure—that the 
human physician remains irreplaceable. Therefore, our findings 
should be interpreted as highlighting AI's potential as a powerful 

supportive tool for education and clinical practice, rather than 
as a replacement for human clinicians. To safely harness this 
potential, future research must move beyond performance 
metrics to rigorously address the critical challenges of safety, data 
privacy, and the ethical and practical feasibility of integrating 
these sophisticated models into live clinical workflows.

CONCLUSION
This study demonstrated that GPT-4-based AI models 
outperformed junior nephrology fellows in both performance 
and consistency within selected simulated nephrology scenarios. 
The absence of a significant difference between TrainedGPT and 
GPT-4o suggests that the foundational knowledge base of current 
LLMs may already be robust for standard nephrology tasks. These 
findings support the use of such models as supervised adjuncts 
in nephrology education and structured clinical reasoning rather 
than autonomous decision-makers. However, broader clinical 
integration will require real-world validation, assessment of 
patient-centered outcomes, and careful attention to safety, bias, 
privacy, and accountability.
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