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Abstract

Introduction

Artificial intelligence (Al) based large language models (LLMs) are promising tools for clinical decision
support, but their reliability in specialized fields like nephrology is still uncertain. ChatGPT and Claude
represent distinct Al architectures with potentially different clinical utilities. We aimed to compare the
diagnostic accuracy, treatment recommendations, and overall clinical utility of these two Al models in
managing real life difficult nephrology cases.

Material and methods

Twenty-two real nephrology cases from a tertiary care university hospital were presented to both
models, covering disorders such as glomerulonephritis, acute kidney injury, vasculitis, and transplant
complications. Each model’s output was assessed for diagnostic accuracy, risk evaluation, test
recommendations, and treatment planning. Three independent nephrologists evaluated the responses
using the Quality Assessment of Medical Information (QAMAI) and Global Quality Score (GQS) tools.
Statistical comparisons were performed using the Wilcoxon signed-rank test, with p<0.05 considered
significant.

Results

Claude achieved higher diagnostic accuracy than ChatGPT (4.59 + 0.41 vs. 4.36 £ 0.48; p=0.048),
whereas ChatGPT scored better in clarity (4.63 £ 0.30 vs. 4.32 + 0.29; p=0.002). No significant
differences were found in relevance, completeness, usefulness, or source citation. Overall QAMAI
scores were comparable between the two models (ChatGPT: 23.72 + 1.46; Claude: 23.39 + 1.43;
p=0.371). Inter-rater reliability ranged from moderate to good, with the highest agreement observed for
ChatGPT’s GQS.

Conclusions

Both ChatGPT and Claude demonstrate notable potential as decision-support tools in nephrology.
Claude provided slightly higher diagnostic accuracy, while ChatGPT offered greater clarity. Despite
these promising results, clinical judgment remains essential when interpreting LLM-generated
suggestions.
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Introduction

Artificial intelligence (Al) has rapidly advanced in healthcare, and large language
models (LLMs) such as ChatGPT and Claude have shown growing potential as decision-
support tools (1). Trained on extensive text-based datasets that include medical literature,
these models can interpret complex clinical information and generate human-like,
contextually relevant responses (1). However, their reliability in specialized fields remains

uncertain (2).

Nephrology poses a particular challenge for Al systems due to its diagnostic
complexity, requiring integration of clinical data, laboratory findings, imaging, and often
histopathology (2). Diseases like acute kidney injury, glomerulonephritis, and transplant
complications demand complex reasoning usually provided by experienced
nephrologists. Although LLMs have shown encouraging results in general medical and

surgical fields their performance in nephrology remains largely unexplored (2-7).

Among commercially available LLMs, ChatGPT (OpenAl) and Claude (Anthropic)
represent two of the most widely used platforms with distinct architectural characteristics.
ChatGPT-4o0 is a multimodal model capable of processing both text and image inputs, with
real-time internet access for current information retrieval (8). Claude is trained using
a Constitutional Al approach, in which the model is guided by an explicit set of ethical
principles during training—rather than relying primarily on direct human labeling—to reduce

harmful outputs while preserving helpfulness (9).

With the growing capabilities of LLMs, evaluating their performance in real-life
nephrology cases has become increasingly important. This study compares ChatGPT and
Claude to determine how accurately and clearly they can assist clinicians in complex

decision-making.

Materials and Methods

Study Design and Case Selection

This cross-sectional comparative study evaluated the performance of ChatGPT-40 and
Claude 3.7 Sonnet on real nephrology cases. Twenty-two adult cases (>18 years) discussed at

the case council of the nephrology department at a tertiary university hospital between



January and August 2025 were included. The cases represented a wide range of kidney
diseases, including acute kidney injury, glomerulonephritis, vasculitis, electrolyte disorders,
and post-transplant complications. Each case contained demographic information, clinical

findings, laboratory results, and treatment history to ensure comprehensive evaluation.

To avoid memory bias, each case was presented in a new chat session (10). Both
LLMs received identical case descriptions in English and the same instruction: “I will provide
real-life difficult nephrology cases discussed at a tertiary nephrology center. Evaluate each
case and answer the following: ‘Should additional tests be requested? What is your treatment
recommendation?’ Limit your response to 500 words.” All evaluations were conducted
between January and June 2025. One of the cases presented to the LLMs, along with the

responses of both models, is shown in Supplementary Material.

Assessment of Model Outputs

Three nephrologists served as evaluators: two professors of nephrology with over 22 and
25 years of clinical experience, respectively, and one associate professor with over seven
years of experience. For the evaluation, each nephrologist received only the case presentations
provided to the LLMSs, without access to the documented council decisions, to prevent
potential bias in scoring. Evaluators independently scored the LLM-generated outputs using

two validated scoring tools:

o Global Quality Score (GQS): A five-point Likert scale assessing overall quality (1 =
poor, 5 = excellent).

e Quality Assessment of Medical Information (QAMALI): A structured scale evaluating
six domains—accuracy, clarity, relevance, completeness, source citation, usefulness,
—each rated from 1 (strongly disagree) to 5 (strongly agree), with total scores ranging
from 6 to 30 (11). Responses are classified as excellent (26-30), good (21-25),
moderate (16-20), poor (11-15), or very poor (6-10) (11).

Statistical Analysis

QAMALI sub-dimension scores were calculated as the mean of ratings provided by the

expert evaluators for each question. Descriptive statistics (mean, standard deviation, median,



minimum-—maximum) were reported. The normality of distributions was assessed using
the Shapiro—Wilk test. As the data were not normally distributed, comparisons between
ChatGPT and Claude were performed using the Wilcoxon signed-rank test.

For each sub-dimension, the proportion of high scores (>4) was presented as frequency
and percentage, and between-model differences were analyzed using McNemar’s test. Inter-
rater reliability was evaluated with the Intraclass Correlation Coefficient (ICC) and
corresponding 95% confidence intervals, applying a two-way random effects model with
absolute agreement. For ICC interpretation, we followed established guidelines: values below
0.50 indicated poor reliability, 0.50-0.75 moderate reliability, 0.75-0.90 good reliability, and
above 0.90 excellent reliability. Effect sizes were calculated using Cohen’s d to quantify the
practical significance of differences between the two models. Values were interpreted as small
(d =0.2), medium (d = 0.5), or large (d = 0.8) effects. Statistical significance was defined
as p < 0.05. All analyses were conducted using IBM SPSS Statistics version 21.0 (IBM Corp.,
Chicago, IL, USA).

Results
Overall Model Performance

Both LLMs performed well across all evaluation parameters (Table
1). Claude demonstrated significantly higher accuracy than ChatGPT (4.59 + 0.41 vs. 4.36 +
0.48, p = 0.048). In contrast, ChatGPT provided clearer responses (4.63 + 0.30 vs. 4.32 +
0.29, p = 0.002). No statistically significant differences were found between the models in
terms of relevance, completeness, source citation, or usefulness. GQS was also comparable
(ChatGPT =4.50 + 0.48; Claude = 4.47 £ 0.39, p = 0.674). Similarly, total QAMAI scores did
not differ significantly (ChatGPT = 23.72 + 1.46; Claude = 23.39 + 1.43, p = 0.371).

Comparative performance of ChatGPT and Claude is presented in Figure 1.
Inter-Rater Reliability

Inter-rater reliability analysis showed moderate to good agreement across most
evaluation parameters (Table 2). For ChatGPT, the highest consistency was observed for the
GQS (ICC =0.805, 95% CI 0.609-0.912) and accuracy (ICC=0.647, 95% CI 0.273-0.843).
For Claude, the strongest agreement was also for accuracy (ICC = 0.608, 95% CI 0.239—
0.820) and usefulness (ICC = 0.564, 95% CI1 0.165-0.798).



Agreement Among Evaluators

Evaluator agreement was high for most parameters (Table 3). For ChatGPT, 100% of
raters assigned high scores (>4) for clarity, relevance, and usefulness, with slightly lower
agreement for accuracy (81.8%). Claude achieved full agreement for clarity and relevance
(100%) and similarly high agreement for accuracy (95.5%), GQS (95.5%), and usefulness
(95.5%).

Discussion

This study provides one of the first systematic evaluations of large language models
(LLMSs) in complex nephrology decision-making. Both ChatGPT and Claude performed well
across multiple quality domains, producing coherent and clinically relevant responses even
for challenging real-life cases.

Claude demonstrated slightly higher diagnostic accuracy, while ChatGPT provided
clearer and more easily understood answers. These complementary strengths likely reflect
differences in model architecture and training. In clinical practice, LLMs could help
summarize complex cases, suggest differential diagnoses, and support multidisciplinary
discussions, particularly in settings where nephrology expertise is limited. Despite their
distinct profiles, both models achieved comparable overall quality scores, suggesting similar
overall reliability.

Qualitatively, both models' recommendations were generally concordant with the
multidisciplinary council decisions. However, council deliberations often incorporated
additional factors—such as patient preferences, comorbidities, local resource availability,
treatment tolerability, and longitudinal clinical context—that were not fully captured in the
case summaries provided to the LLMs. Our diverse case selection—including membranous
nephropathy (n=4), FSGS (n=4), IgA nephropathy (n=3), minimal change disease (n=3),
vasculitis (n=2), and other conditions—did not reveal qualitative differences in model
performance across disease categories, though formal subgroup analysis was precluded by
small sample sizes per diagnosis. Despite their distinct profiles, both models achieved

comparable overall quality scores, suggesting similar overall reliability.

It should be noted that both models currently process data obtained from patients

and/or medical sources through the physicians in charge, who had already performed clinical



evaluations, diagnostic testing, and data synthesis. In real-world practice, patients cannot
present their conditions with equivalent medical detail and coherence, underscoring that the
physician's role in clinical assessment remains fundamental and precedes any Al-assisted

decision support.

The most significant weakness of both models was their failure to cite appropriate
references. This finding has important implications for clinical practice, as clinicians cannot
verify the evidence basis of Al-generated recommendations. This may be attributable to the
nature of the prompt used, which did not explicitly request citations. It should also be noted
that both models offer a research option with longer response times, which was not selected in

our evaluation to maintain consistency and simulate typical clinical consultation scenarios.

Future research should validate these models in real-time clinical workflows and
explore secure integration with electronic health record systems. Continuous assessment of
newer versions and specialty-specific fine-tuning will be essential to improve performance
and maintain relevance. Developing transparent source citation mechanisms is also critical to

promote evidence-based use and clinician trust.

Our findings are consistent with previous research highlighting the potential of LLMs
in other medical specialties (1, 3-7, 10, 12). The high ratings for clarity, relevance, and
usefulness underscore their value as supportive clinical tools. However, ensuring transparency

and verifiable evidence remains an important challenge before broader adoption (3, 13, 14).

This study has several limitations. Although real clinical cases were used, the
evaluations occurred in a controlled environment rather than during real-time decision-
making. The tested models—ChatGPT-40 and Claude 3.7 Sonnet—will soon be replaced by
newer versions, which may limit the long-term relevance of these findings. Our analysis was
based on written case summaries, lacking the context of direct patient interaction and
multidisciplinary input. Finally, the small sample size of 22 cases, though diverse, cannot
capture the full spectrum of nephrology practice. These limitations highlight the need for
continued research and validation in real-world settings, ideally with larger, disease specific

cohorts.

In conclusion, both ChatGPT and Claude show promising potential as decision-
support tools in nephrology, offering complementary strengths—Claude in diagnostic



precision and ChatGPT in clarity. Used responsibly, they can enhance clinical reasoning and
education but should remain supportive aids rather than substitutes for expert judgment. As
LLMs continue to evolve, ongoing refinement, transparency, and clinical validation will be

essential for their safe and effective integration into nephrology practice.
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Figure Legends:
Figure 1: Comparative performance of ChatGPT and Claude. Bars represent mean + standard
deviation for each evaluation parameter (Accuracy, Clarity, Relevance, Completeness,
Usefulness, and GQS) on a 5-point scale (1 = poor, 5 = excellent). Asterisks indicate

statistically significant differences between models (*p < 0.05; **p < 0.01).
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Table 1. Comparison of mean scores for ChatGPT and Claude across evaluation parameters.



Parameter ChatGPT (Mean £ SD, Claude (Mean £ SD, p-
Median) Median) value

Accuracy 4.36 £0.48 (4.33) 4.59 £0.41 (4.67) 0.048
Clarity 4.63 +0.30 (4.67) 432 +0.29 (4.33) 0.002
Relevance 4.79 +0.26 (5.00) 4.82 + 0.25 (5.00) 0.642
Completeness 4.38 £0.36 (4.33) 4.18 £0.42 (4.33) 0.165
Source citation 1.00 (1.00) 1.00 (1.00) 1.000
Usefulness 4.55 +0.35 (4.67) 4.48 + 0.42 (4.50) 0.544
QAMAI total 23.72 + 1.46 (23.83) 23.39 + 1.43 (23.33) 0.371
score

GQS 4.50 + 0.48 (4.67) 4.47 +0.39 (4.33) 0.674

QAMAI: Quality assessment of medical information, GQS: Global quality score

Table 2. Intraclass correlation coefficients (ICC) for both models across evaluation

parameters.
Parameter ChatGPT (ICC, 95% CI) Claude (ICC, 95% CI)
Accuracy 0.647 (0.273-0.843) 0.608 (0.239-0.820)
Clarity 0.319 (-0.211-0.671) -0.016 (-0.272-0.318)
Relevance 0.278 (-0.445-0.675) 0.097 (-0.663-0.573)

Completeness

0.205 (—0.657—0.649)

0.300 (~0.388-0.683)

Usefulness 0.300 (—0.273-0.666) 0.564 (0.165-0.798)
GQS 0.805 (0.609-0.912) 0.498 (-0.013-0.768)
QAMAI total 0.579 (0.165-0.809) 0.423 (0.025-0.719)

QAMAI: Quality assessment of medical information, GQS: Global quality score

Table 3. Percentage of evaluators reporting high scores (>4) for each parameter.




Parameter

ChatGPT n (%) Claude n (%) p-value
Accuracy 18 (81.8) 21 (95.5) 0.375
Clarity 22 (100) 22 (100) NA
Relevance 22 (100) 22 (100) NA
Completeness 20 (90.9) 19 (86.4) 1.000
Source citation 0(0) 0(0) NA
Usefulness 22 (100) 21 (95.5) 1.000
GQS 20 (90.9) 21 (95.5) 1.000
GQS: Global quality score
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Figure 1: Comparative performances of ChatGPT and Claude.
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