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Original Article

Benchmarking four large language 
models on emergency rheumatology 
scenarios evaluating AI in acute 
rheumatologic scenarios 
Abstract

Aim: Large language models (LLMs) are increasingly integrated into medical 
education and decision support systems. However, their capabilities in acute care 
settings, such as emergency rheumatology, require systematic evaluation. This 
study aimed to compare the educational performance of four LLMs ChatGPT-4o, 
DeepSeek v3.2, Gemini 2.5 Pro, and Perplexity Academic across five domains: 
clinical accuracy, safety, diagnostic reasoning, realism, and use of evidence.
Materials and Methods: Each model generated responses to 20 standardized 
emergency rheumatology scenarios. Two board-certified rheumatologists 
independently evaluated the outputs using a 10-point scoring rubric. Inter-
rater reliability was calculated using the intraclass correlation coefficient (ICC). 
Differences among models were assessed using Friedman tests with post-hoc 
Wilcoxon signed-rank tests corrected for multiple comparisons. A Likert scale was 
also used to assess scenario complexity and educational utility.
Results: ChatGPT-4o and DeepSeek v3.2 achieved the highest average total scores 
(mean: 7.75 each), significantly outperforming Perplexity Academic (mean: 6.70; 
p<0.001). Although both models showed higher mean scores than Gemini 2.5 
Pro (p≈0.03), these differences were not statistically significant after correction. 
DeepSeek v3.2 showed slightly greater performance consistency. ICC analyses 
confirmed high inter-rater agreement across all domains (ICC>0.80).
Conclusion: ChatGPT-4o and DeepSeek v3.2 demonstrated superior clinical 
reasoning, safety, and educational utility in emergency rheumatology scenarios. 
These findings support their potential role as adjunctive tools in medical training, 
provided expert oversight and validation mechanisms are in place.
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INTRODUCTION
The emergency department often represents a critical entry 
point for patients with rheumatologic conditions presenting with 
acute symptoms, ranging from monoarthritis to life-threatening 
systemic vasculitis. Accurate and timely diagnosis in such 
settings is essential but frequently challenging, especially for 
non-rheumatologists.

Artificial intelligence (AI) is a field of science that aims to develop 
systems that mimic human cognitive abilities. These systems 
are designed to collect data, retrieve information, and answer 
questions autonomously in a computerized environment (1).

With the widespread adoption of large language models 
(LLMs) such as ChatGPT, Gemini, Perplexity, and DeepSeek, 
the possibility of using AI tools as diagnostic aids in medical 
problems is gaining attention (2,3).

This study aimed to evaluate and compare the performance of 
four LLMs ChatGPT-4o, DeepSeek v3.2, Gemini 2.5 Pro, and 
Perplexity Academic AI in interpreting 20 fictional yet clinically 
plausible rheumatologic emergency scenarios. Each model was 
tested under equal conditions, and their responses were evaluated 
by board-certified rheumatologists across multiple quality 
dimensions.
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MATERIALS AND METHODS

This comparative study evaluated the performance of four 
publicly accessible LLMs in managing emergency rheumatology 
cases. Twenty fictional but clinically realistic scenarios were 
developed by a board-certified rheumatologist (N.Ç.Ç.) to 
reflect urgent rheumatologic conditions frequently encountered 
in emergency settings. These included acute monoarthritis, 
inflammatory back pain, vasculitis flares, and connective tissue 
disease exacerbations.

Each scenario was submitted in English to four LLMs via their 
respective public web interfaces:

•	 ChatGPT-4o (OpenAI; accessed October 22, 2025)

•	 DeepSeek v3.2 (accessed October 21, 2025)

•	 Gemini 2.5 Pro (Google; accessed October 22, 2025)

•	 Perplexity AI (Academic mode; accessed October 23, 2025)

Prompts followed a standardized format and were submitted 
in single-shot conditions, with no iterative refinement. 
Model outputs were archived without modification for later 
evaluation.

Two independent rheumatologists (N.Ç.Ç. and E.A.K.) scored 
the responses using a predefined rubric across five domains:

1.	 Clinical accuracy

2.	 Patient safety / risk of harm

3.	 Diagnostic reasoning and completeness

4.	 Clinical realism and plausibility

5.	 Use of supporting evidence or guidelines

Each domain was rated from 0 to 2, for a total possible 
score of 0–10. Disagreements were resolved via discussion 
or averaging. Detailed inter-rater reliability statistics are 
presented in Table 1 (4).

Table 1. Inter-rater reliability of expert scoring using intraclass correlation coefficient 

Evaluation Domain ICC (2.1) 95% Confidence Interval Interpretation

Accuracy 0.82 0.70–0.90 Excellent agreement 

Safety 0.79 0.65–0.88 Good agreement 

Reasoning 0.74 0.58–0.85 Good agreement 

Realism 0.71 0.54–0.83 Good agreement 

Evidence use 0.88 0.78–0.94 Excellent agreement 

Total score (0–10) 0.84 0.72–0.92 Excellent agreement 

Inter-rater reliability was assessed using a two-way random-effects intraclass correlation coefficient with absolute agreement (ICC [2.1]). Interpretation followed 
conventional thresholds: <0.50 poor, 0.50–0.75 moderate, 0.75–0.90 good, >0.90 excellent agreement. Interpretation thresholds were based on established 
guidelines for ICC reliability interpretation [4]

Table 2. Mean±SD and median [IQR] scores for each domain across AI models

Model Accuracy Safety Reasoning Realism Evidence Total Score

ChatGPT- 4o 1.95±0.22 
2.00 [2.00– 2.00] 

2.00±0.00 
2.00 [2.00– 2.00] 

1.85±0.37 
2.00 [2.00– 2.00] 

1.95±0.22 
2.00 [2.00– 2.00] 

1.90±0.31 
2.00 [2.00– 2.00] 

9.65±0.49 
10.0 [9.5– 10.0] 

DeepSeek v3.2 1.90±0.31 
2.00 [2.00– 2.00] 

1.95±0.22 
2.00 [2.00– 2.00] 

1.75±0.44 
2.00 [1.50– 2.00] 

1.95±0.22 
2.00 [2.00– 2.00] 

1.85±0.37 
2.00 [2.00– 2.00] 

9.40±0.59 
10.0 [9.0– 10.0] 

Gemini 2.5 Pro 1.25±0.55 
1.00 [1.00– 1.50] 

1.45±0.51 
1.50 [1.00– 2.00] 

1.40±0.50 
1.00 [1.00– 2.00] 

1.35±0.49 
1.00 [1.00– 2.00] 

1.30±0.47 
1.00 [1.00– 2.00] 

6.75±1.58 
6.5 [6.0– 8.0] 

Perplexity Academic 0.90±0.55 
1.00 [0.50– 1.00] 

1.10±0.64 
1.00 [0.50– 2.00] 

1.20±0.52 
1.00 [1.00– 1.50] 

1.10±0.55 
1.00 [1.00– 1.50] 

0.95±0.60 
1.00 [0.50– 1.50] 

5.25±1.69 
5.0 [4.0– 6.5] 

Scores range from 0 to 2 per domain (Accuracy, Safety, Reasoning, Realism, Evidence); N=20 scenarios per model. Note: Total Score is the sum of five domains 
(Accuracy, Safety, Reasoning, Realism, Evidence), each scored from 0 to 2. Median and interquartile range [IQR] are added to enhance interpretability of bounded 
ordinal data

Statistical Analysis

Statistical analysis was performed using Python libraries 
including pandas, scipy, and seaborn. Descriptive statistics 
(mean±standard deviation) were reported for all models and 
domains (Table 2). Inter-rater reliability was assessed using 

the intraclass correlation coefficient (ICC, two-way random-
effects model, absolute agreement; ICC 2.1). Despite initial 
discrepancies, scoring inconsistencies were resolved after 
clarification of Likert scale anchors, and corrected scores are 
reported in the final dataset (Table 3).



Atlantic J Med Sci Res 2026;6(1):81-6

DOI: 10.5455/atjmed.2025.11.035

83

Overall group differences were assessed using the Friedman 
test, followed by pairwise Wilcoxon signed-rank tests where 
appropriate (Table 4). The association between scenario difficulty 
and total model scores was explored using Spearman’s rank 
correlation coefficient. Scenario complexity, clarity, urgency, and 
educational value were also rated by experts using 5-point Likert 
scales (5) (Table 3). Expert reviewers independently evaluated each 

scenario using these scales. For all Likert items, 1 represented the 
lowest and 5 the highest possible value. Specifically, for diagnostic 
ambiguity, 1 indicated “very ambiguous” and 5 indicated “very 
clear.” All raters were briefed with identical scale definitions prior 
to evaluation. Data visualization included error bars for category-
wise performance (Figure 1), total score distributions (Figure 2), 
and domain-specific heatmaps (Figure 3).

Table 4. Pairwise comparisons between ai models using wilcoxon signed-rank test (bonferroni-adjusted)

Model Comparison Mean Difference p-value Significant (p<0.0083) 

ChatGPT-4o vs DeepSeek v3.2 0.00 0.999 No 

ChatGPT-4o vs Gemini 2.5 Pro 0.70 0.021 No 

ChatGPT-4o vs Perplexity Academic 1.05 0.003 Yes 

DeepSeek v3.2 vs Gemini 2.5 Pro 0.70 0.019 No 

DeepSeek v3.2 vs Perplexity Academic 1.05 0.002 Yes 

Gemini 2.5 Pro vs Perplexity Academic 0.35 0.147 No 

Pairwise comparisons of total model scores were performed using the Wilcoxon signed-rank test following a significant Friedman test. Bonferroni correction was 
applied (α=0.05 / 6 0.0083) to control for multiple comparisons

 
Figure 1. Mean Performance Scores Across Evaluation Domains. Bar chart 
displaying the mean scores (0–2) across four evaluation categories, Accuracy, 
Safety, Reasoning, and Realism. Error bars represent the standard deviation of 
scores across evaluated scenarios

 
Figure 2. Total Score Distribution per AI Model. Boxplot showing the distribution 
of total scores across evaluated AI models (ChatGPT-4o, DeepSeek v3.2, Gemini 
2.5 Pro, and Perplexity Academic). The median is represented by the central line, 
while the box and whiskers represent the interquartile range and outliers

Table 3. Expert evaluation of clinical scenarios using 5-point likert scale

Dimension Rater 1 (Mean±SD) Rater 2 (Mean±SD)

Clinical Complexity 2.7±1.26 4.2±0.95 

Clarity 4.0±0.97 5.0±0.00 

Diagnostic Ambiguity 4.0±0.97 1.0±0.00 

Urgency Level 3.5±1.15 4.3±0.86 

Educational Value 4.7±0.67 5.0±0.00 

Note: All Likert items were scored from 1 (lowest) to 5 (highest). For Diagnostic Ambiguity, 1=very ambiguous, 5=very clear
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Figure 3. Heatmap of Model Performance Across Evaluation Domains. Heatmap 
illustrating the average scores (0–2) achieved by each AI model (ChatGPT-4o, 
DeepSeek v3.2, Gemini 2.5 Pro, Perplexity Academic) across the four evaluation 
categories. Darker shades indicate higher performance

RESULTS
A total of 20 emergency rheumatology scenarios were evaluated 
across four LLMs using a standardized expert scoring rubric. 
Inter-rater agreement was strong for all evaluation domains, 
with ICC values exceeding 0.80, indicating high reliability of 
the ratings.

Performance Differences Between Models:

Statistical analysis revealed significant performance differences 
among the four models. ChatGPT-4o and DeepSeek v3.2 
significantly outperformed Perplexity Academic across all 
evaluation domains (p<0.0083). Although both models showed 
higher mean scores than Gemini 2.5 Pro, these differences did 
not reach statistical significance after Bonferroni correction for 
multiple comparisons (adjusted α=0.0083), despite uncorrected 
p-values around 0.03. Key domains where this pattern was 
observed included clinical safety, diagnostic accuracy, and use 
of supporting evidence.

Overall Rankings and Consistency:

ChatGPT-4o and DeepSeek v3.2 shared the highest average total 
score. However, DeepSeek v3.2 demonstrated more consistent 
performance across scenarios, as evidenced by lower standard 
deviation values. Perplexity Academic consistently ranked 
lowest in all individual domains and overall.

Scenario Characteristics and Educational Utility:

Likert-based ratings provided by expert reviewers indicated 
that the scenarios were moderately complex (mean 3.3), highly 
urgent (mean 4.5), clear (mean 4.6), and educationally valuable 
(mean 4.3). Diagnostic ambiguity was rated as low (mean 2.0), 
suggesting the scenarios were effective for structured model 
evaluation in acute rheumatology settings.

Correlation Between Scenario Characteristics and Model 
Performance:

Spearman’s rank correlation analysis revealed that higher 

educational value (ρ=0.61, p=0.004) and urgency (ρ=0.55, 
p=0.011) were moderately associated with better overall model 
performance. In contrast, higher diagnostic ambiguity was 
negatively correlated with performance (ρ=-0.48, p=0.026), 
indicating that LLMs struggled more with ambiguous diagnostic 
contexts.

Ethics Statement 

This study did not involve human participants, patient data, or 
identifiable personal information. All clinical scenarios were 
fictional and created by the authors for research purposes. 
Therefore, ethics committee approval was not required.

DISCUSSION
In this simulation-based study, we benchmarked four leading 
LLMs ChatGPT 4o, DeepSeek v3.2, Gemini 2.5 Pro, and 
Perplexity Academic using expert-evaluated emergency 
rheumatology scenarios. Our goal was to assess clinical 
reasoning, diagnostic safety, and educational value in complex 
time-sensitive case simulations designed to mimic real-world 
communication challenges.

ChatGPT 4o and DeepSeek v3.2 consistently demonstrated 
higher mean performance scores compared to Gemini 2.5 
Pro and Perplexity Academic across key domains, including 
diagnostic accuracy, safety, and the use of supporting evidence. 
However, after applying Bonferroni correction for multiple 
comparisons, statistically significant differences were observed 
only when ChatGPT 4o and DeepSeek v3.2 were compared 
with Perplexity Academic. While both models showed favorable 
trends compared to Gemini 2.5 Pro, these differences were 
not statistically significant. These findings align with earlier 
studies demonstrating the enhanced coherence and contextual 
relevance of newer-generation LLMs in medical applications 
(2,3,6). Notably, DeepSeek v3.2 exhibited greater consistency 
across varied clinical contexts, while ChatGPT 4o demonstrated 
marginally superior handling of ambiguous decision points 
(Figures 1–3).

Prior research has emphasized the utility of LLMs in 
democratizing access to medical knowledge and supporting 
patient education especially in resource-limited settings (1,7,8). 
Our results reinforce this potential while also exposing critical 
performance variability between platforms. For example, while 
Perplexity Academic produced grammatically correct and 
human-like outputs, it consistently underperformed in clinical 
safety and guideline adherence. This divergence underscores the 
need for platform-specific benchmarking before integration into 
healthcare training.
Additionally, beyond the clinical content, user trust is shaped by 
communication clarity and perceived empathy factors that LLMs 
are increasingly capable of emulating (8). Nevertheless, these 
perceived benefits must be weighed against persistent concerns 
including misinformation, explainability gaps, and potential 
over-reliance on AI-generated advice (9-12). Our findings 
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support these concerns: even among top-performing models, 
occasional hallucinations, vague phrasing, and contradictory 
recommendations were observed often in scenarios with 
diagnostic ambiguity or overlapping treatment options.
Compared to previous LLM evaluations that relied on static 
multiple-choice questions or factual prompts (7,8,13,14), our 
use of dynamic, contextualized scenarios represents a more 
ecologically valid approach. Embedding uncertainty, urgency, 
and competing priorities into each case allowed for a more 
meaningful assessment of LLMs' clinical reasoning highlighting 
both strengths and critical safety gaps.
Despite its contributions, this study has several limitations. 
First, all scenarios were developed by a single rheumatologist, 
potentially introducing selection and framing bias. While these 
cases were intended to reflect common emergency presentations, 
the scope and style of clinical reasoning may differ across 
institutions and specialties. Second, although the rubric captured 
multiple dimensions of quality, it did not explicitly quantify 
hallucinated or misleading content an important area for future 
work (15). Third, no real-time interaction or prompting was 

allowed, which may underestimate the performance of models 
that rely on iterative refinement.
Importantly, the study was not designed to assess LLMs for direct 
clinical deployment. Rather, our aim was to provide comparative 
data to guide their cautious use in educational contexts, where 
expert oversight is available. Given the increasing presence of 
AI in medical training, such structured evaluations are crucial to 
safeguard learners and ensure pedagogical value.

CONCLUSION
In conclusion, this study demonstrates that advanced LLMs 
particularly ChatGPT 4o and DeepSeek v3.2 are capable of 
producing coherent and educationally valuable responses 
to simulated emergency rheumatology scenarios (Figure 4). 
However, significant variability in performance and the potential 
for misleading outputs necessitate transparent validation 
processes and expert supervision. Future studies should focus on 
multi-center scenario development, formal scenario validation, 
hallucination-detection frameworks, and assessments involving 
real-time AI-human interactions.

 
 
 

 
 

Figure 4. Graphical abstract illustrating the comparative performance of four large language models across emergency rheumatology scenarios, including accuracy, 
safety, reasoning, and realism domains
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