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INTRODUCTION
The integration of Artificial Intelligence (AI) into healthcare has 
accelerated dramatically, with LLMs such as ChatGPT (OpenAI), 
Claude (Anthropic) and Gemini (Google) demonstrating capabilities 
in clinical reasoning, medical summarisation and diagnostic support 
[1-3]. These transformer-based models, trained on extensive 
corpora of medical literature and clinical data, can generate 
differential diagnoses, interpret symptoms and provide structured 
clinical reasoning [4,5]. However, the translation of AI capabilities 
from controlled research settings to real-world clinical practice 
remains contentious, particularly in surgical specialties where 
diagnostic accuracy directly influences treatment decisions and 
patient outcomes.

Despite growing enthusiasm for AI-assisted diagnosis, limited 
evidence exist comparing LLM performance against gold-standard 
postoperative diagnoses in authentic clinical scenarios. Previous 
studies have primarily utilised standardised case vignettes, 
expert consensus diagnoses, or medical examination questions- 
approaches that may not reflect the complexity, ambiguity and 
atypical presentations encountered in routine surgical practice [6-8]. 

Furthermore, direct comparative analyses of leading commercial 
LLMs under identical conditions are scarce, leaving clinicians without 
clear guidance regarding relative performance and appropriate 
clinical applications.

This study addresses these gaps by evaluating the diagnostic 
concordance of three prominent LLMs- ChatGPT, Claude and 
Gemini against confirmed postoperative surgeon diagnoses 
across 106 real-world surgical cases from SRM Medical College 
and Hospitals,  Kattankulathur, Chennai, Tamil Nadu, India. 
Beyond quantitative performance metrics, the authors provide 
qualitative analysis of AI diagnostic reasoning patterns, identifying 
specific strengths and limitations that inform appropriate clinical 
deployment. The present study findings contribute to the evidence 
base necessary for responsible AI integration in surgical decision-
making.

Materials and METHODS
The present single-centre, retrospective, observational comparative 
study was conducted at SRM Medical College and Hospitals, 
Kattankulathur between March 25, 2025 and September 24, 
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ABSTRACT
Introduction: Large Language Models (LLMs) are increasingly 
explored for clinical diagnostic support, yet their real-world 
performance compared to clinician diagnoses remains 
inadequately characterised. 

Aim: To evaluate the diagnostic concordance of three leading 
LLMs, ChatGPT, Claude and Gemini against postoperative 
surgeon diagnoses.

Materials and Methods: The present single centre 
retrospective observational comparative study including a total 
of 106 surgical cases from SRM Medical College and Hospitals, 
Kattankulathur, Chennai, Tamil Nadu, India, performed 
between March and September 2025, with documented 
presenting symptoms and confirmed postoperative diagnoses 
were analysed. Standardised prompts containing patient 
demographics, symptoms and clinical history were submitted 
to ChatGPT (GPT-4, version GPT-4-0613), Claude (Claude 3 
Opus, version claude-3-opus-20240229) and Gemini (Gemini 
Pro, version gemini pro-1.0) between March 25, 2025 and 
September 24, 2025. Each LLM-generated diagnosis was 
independently categorised as concordant or discordant with 
the surgeon's diagnosis by two investigators. Model accuracy 
was calculated with Clopper-Pearson 95% confidence intervals. 
Pair-wise differences were assessed using McNemar’s exact 
test and inter-model agreement was quantified with Cohen’s 

kappa. Qualitative analysis identified strengths and limitations 
of Artificial Intelligence (AI) diagnostic reasoning.

Results: Mean patient age was 42.6±16.0 years; 70 (66.0%) 
were male. Diagnostic accuracy was 80.2% (95% CI: 71.3-
87.3%) for ChatGPT (85/106 concordant), 83.0% (95% CI: 
74.5-89.6%) for Claude (88/106 concordant) and 80.2% (95% 
CI: 71.3-87.3%) for Gemini (85/106 concordant). Pair-wise 
comparisons revealed no statistically significant differences 
(ChatGPT vs Claude, p=0.581; ChatGPT vs Gemini, p=1.000; 
Claude vs Gemini, p=0.375). Inter-model agreement was 
moderate to high (κ=0.592-0.843). All three models correctly 
diagnosed 78 cases (73.6%), while all three failed in 13 cases 
(12.3%). Qualitative analysis revealed that LLMs excelled at 
pattern recognition for classic presentations (e.g., appendicitis, 
hernias) but struggled with atypical symptoms, rare conditions 
and cases lacking imaging data.

Conclusion: ChatGPT, Claude and Gemini demonstrated 
comparable diagnostic concordance with postoperative surgeon 
diagnoses in this retrospective cohort. While LLMs show 
promise as adjunctive diagnostic tools, significant limitations 
in handling atypical presentations, contextual interpretation 
and accountability concerns preclude independent clinical 
deployment. These findings underscore the necessity of human 
oversight rather than replacement role of AI in surgical decision-
making. 
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diagnostic predictions during the study period (March 25, 2025 to 
September 24, 2025) [10,11].

For each included case, information regarding prior diagnostic 
investigations, including radiological imaging (ultrasonography, 
computed tomography, magnetic resonance imaging) and 
laboratory or pathological evaluations, was reviewed at the time of 
case selection to confirm the final postoperative diagnosis but was 
not included in the LLM prompts.

Radiological images and detailed investigation reports were 
intentionally excluded from the prompts to ensure methodological 
uniformity across all cases and models and to evaluate LLM 
diagnostic performance based solely on clinical history-driven 
reasoning, reflecting the early stages of surgical diagnostic decision-
making. At the time of the study, multimodal image interpretation 
was not consistently available across all evaluated LLM platforms 
and inclusion of radiological data could have introduced platform-
dependent bias.

Large Language Model (LLM) specifications: The following 
specific model versions were used throughout the study: ChatGPT 
(GPT-4, version gpt-4-0613), Claude (Claude 3 Opus, version 
claude-3-opus-20240229) and Gemini (Gemini Pro, version gemini 
pro-1.0). All queries were submitted through official web interfaces 
between March 25, 2025 and September 24, 2025 to ensure 
consistent model behaviour.

Standardised prompting protocol: A standardised prompt 
template was developed and applied uniformly: Based on the 
following clinical presentation, provide your primary diagnosis 
and a differential diagnosis list with brief reasoning: Patient Age: 
(age), Sex: (sex), Presenting Complaints: (symptoms), Duration: 
(duration), Relevant History: (clinical history). Please provide: 1) 
Primary diagnosis; 2) Top 3-5 differential diagnoses; 3) Brief clinical 
reasoning. All prompts were submitted by two investigators (Dr. TS 
and Dr. BNRR) trained in standardised data extraction. A pilot phase 
of 10 cases refined the template. Each case’s information was 
extracted independently by both investigators, with discrepancies 
resolved through consensus. All prompts were stored in a 
standardised database and submitted within the March-September 
2024 period to minimise model update impacts. Inter-rater reliability 
for concordance determination was assessed using Cohen’s kappa 
(κ=0.92, indicating excellent agreement).

Outcome measures: The primary outcome was diagnostic 
concordance, defined as binary agreement (yes/no) between 
each LLM’s primary diagnosis and the postoperative surgeon 
diagnosis. Diagnostic concordance was independently assessed 
by two clinical investigators (both surgeons with more than eight 
years of post-qualification experience) who were blinded to each 
other’s assessments and to the outputs of the other LLMs. Each 
investigator independently reviewed the LLM-generated primary 
diagnosis and compared it with the confirmed postoperative 
surgeon diagnosis, classifying concordance as a binary outcome 
(concordant/discordant). Any discrepancies were resolved through 
joint review and consensus discussion. The final consensus 
classification was used for analysis. Secondary outcomes included 
inter-model agreement patterns and qualitative characteristics of 
diagnostic reasoning [12].

Qualitative analysis: Discordant cases were systematically reviewed 
to identify patterns of LLM failure. Two investigators independently 
categorised discordances by mechanism (e.g., atypical presentation, 
rare condition, missing imaging data) and documented specific 
examples. Thematic analysis was conducted to identify recurring 
limitations and strengths in LLM diagnostic reasoning.

STATISTICAL ANALYSIS
Diagnostic accuracy for each model was calculated as the proportion 
of concordant diagnoses, with exact 95% confidence intervals 

2025. The study evaluated the diagnostic concordance of three 
LLMs (ChatGPT, Claude and Gemini) by comparing their generated 
primary diagnoses using postoperative surgeon diagnoses as the 
reference standard, reflecting real-world clinical practice where 
definitive diagnoses are often established intraoperatively or 
through histopathological examination [9]. All procedures followed 
were in accordance with the ethical standards of the institutional 
ethical committee on human experimentation and with the Helsinki 
Declaration of 1975, as revised in 2008. This study was conducted 
as a single-centre retrospective observational study after obtaining 
approval from the Institutional Ethics Committee of SRM Medical 
College Hospital and Research Centre, Kattankulathur. The 
requirement for individual patient consent was waived owing to the 
retrospective design and de-identification of all patient data.

Sample size selection: As a single-centre retrospective 
observational study, no formal a priori sample size calculation or 
power analysis was performed. All eligible consecutive surgical 
cases meeting inclusion criteria during the predefined study period 
were included. The sample size was therefore determined by case 
availability rather than hypothesis-driven estimation, consistent with 
exploratory observational diagnostic accuracy studies.

As shown in [Table/Fig-1], the authors analysed 106 consecutive 
surgical cases performed between March 25, 2025 and September 
24, 2025 with complete documentation of presenting symptoms, 
relevant clinical history and confirmed postoperative diagnoses. 

[Table/Fig-1]:	 Flowchart showing screening, exclusion criteria and final inclusion of 
cases in this single-centre retrospective observational study.

Inclusion and Exclusion criteria: Cases were included if they 
contained sufficient clinical information to generate standardised 
LLM-based diagnostic prompts and had a clearly documented 
postoperative diagnosis established by the operating surgeon. 
Cases with incomplete clinical documentation or ambiguous 
postoperative diagnostic outcomes were excluded.

Study Procedure
All surgical procedures were performed or directly supervised by 
consultant surgeons holding formal postgraduate qualifications 
(MS or DNB in General Surgery) with a minimum of 5 years of 
post-qualification clinical experience. Postoperative diagnoses 
were established by the operating consultant surgeon based on 
intraoperative findings and, where applicable, histopathological 
confirmation, in accordance with routine institutional practice.

For each included case, presenting symptoms and relevant clinical 
history were extracted and formatted into standardised prompts. 
These prompts were submitted to ChatGPT (GPT-4 variant), Claude 
(Claude 3 variant) and Gemini (Gemini Pro variant) to generate 



www.jcdr.net	 Tasneem Shaik Zaheerudeen and Nembian Raja Rajan, Diagnostic Concordance of Large Language Models

Journal of Clinical and Diagnostic Research. 2026 Apr, Vol-20(4): PC15-PC20 1717

computed using the Clopper-Pearson method [13]. Pair-wise 
comparisons between models were performed using McNemar’s 
exact test for paired binary data [14]. Inter-model agreement was 
quantified using Cohen’s kappa coefficient, with values interpreted 
as slight (0.00-0.20), fair (0.21-0.40), moderate (0.41-0.60), 
substantial (0.61-0.80), or almost perfect (0.81-1.00) agreement 
[9]. Statistical analyses were performed using R version 4.2.0 (R 
Foundation for statistical computing, Vienna, Austria). All tests were 
two-sided, with p<0.05 considered statistically significant.

RESULTS
The study analysed 106 surgical cases with mean patient age of 
42.6±16.0 years (range: 15-78 years). Male patients comprised 66.0% 
(70/106) of the cohort. Cases represented a diverse range of surgical 
conditions including general surgery 62 (58.5%), gastrointestinal 24 
(22.6%), genitourinary 11 (10.4%) and endocrine disorders 9 (8.5%).

Diagnostic accuracy of individual models: ChatGPT achieved 
diagnostic concordance in 85 of 106 cases, yielding an accuracy of 
80.2% (95% CI: 71.3-87.3%). Claude demonstrated concordance 
in 88 of 106 cases, achieving 83.0% accuracy (95% CI: 74.5-
89.6%). Gemini matched surgeon diagnoses in 85 of 106 cases, 
with 80.2% accuracy (95% CI: 71.3-87.3%). Detailed concordance 
data for each case are provided in [Table/Fig-2].

Model
Concordant 

cases
Total 
cases

Accuracy 
(%)

95% CI 
lower

95% CI 
upper

ChatGPT 85 106 80.2 71.3 87.3

Claude 88 106 83.0 74.5 89.6

Gemini 85 106 80.2 71.3 87.3

[Table/Fig-2]:	 Diagnostic accuracy of Large Language Models (LLM).

Pair-wise model comparisons: Pair-wise comparisons of diagnostic 
concordance between models were performed using McNemar’s 
exact test. No statistically significant differences were observed 
between any model pairs. The comparison between ChatGPT and 
Claude yielded a p-value of 0.581, with discordant outcomes in 
eight cases favouring ChatGPT and five cases favouring Claude. 
ChatGPT and Gemini showed no discordant pairs, indicating 
that both models classified every case identically with respect to 
concordance or discordance against the postoperative diagnosis 
(p=1.000). The comparison between Claude and Gemini yielded a 
p-value of 0.375, with six discordant outcomes favouring Claude 
and three favouring Gemini [Table/Fig-3].

Comparison Discordant pairs* p-value Interpretation

ChatGPT vs Claude
ChatGPT+/Claude− = 

5<br>ChatGPT−/Claude+ = 8
0.581

No significant 
difference

ChatGPT vs Gemini
ChatGPT+/Gemini− = 

6<br>ChatGPT−/Gemini+ = 6
1.000

No significant 
difference

Claude vs Gemini
Claude+/Gemini− = 

4<br>Claude−/Gemini+ = 1
0.375

No significant 
difference

[Table/Fig-3]:	 Pair-wise comparisons between models.
McNemar’s-exact test*

Overall, these results indicate that none of the models demonstrated 
statistically superior diagnostic concordance.

Inter-model agreement: Inter-model agreement was assessed 
using Cohen’s kappa coefficient, which measures agreement 
beyond chance irrespective of diagnostic correctness.

ChatGPT and Claude demonstrated substantial agreement 
(κ=0.843, 95% CI: 0.725-0.961), agreeing on 93 cases and differing 
on 13 cases. ChatGPT and Gemini also demonstrated substantial 
agreement (κ=0.756, 95% CI: 0.621-0.891). Importantly, all 
disagreements reflected shared misclassification relative to the 
surgeon diagnosis, rather than disagreement between the two 
models. Agreement between Claude and Gemini was moderate 
(κ=0.592, 95% CI: 0.442-0.742) [Table/Fig-4].

Model pair Cohen’s Kappa Interpretation

ChatGPT vs Claude 0.592 Moderate agreement

ChatGPT vs Gemini 0.644 Substantial agreement

Claude vs Gemini 0.843 Almost perfect agreement

[Table/Fig-4]:	 Inter-model Agreement (Cohen's Kappa).

Notably, all three models correctly classified the same 78 cases 
(73.6% of cohort) and misclassified the same 13 cases (12.3%), 
indicating shared strengths in classic presentations and shared 
limitations in diagnostically challenging cases.

Qualitative analysis: Systematic review of concordant and 
discordant cases revealed distinct patterns in LLM diagnostic 
performance. Models excelled at recognising classic presentations 
of common surgical conditions. For instance, in Case 1 (58-year-
old male with groin swelling), all three models correctly identified 
inguinal hernia. Similarly, in Case 9 (38-year-old male with right 
lower quadrant pain and vomiting), ChatGPT and Claude correctly 
diagnosed acute appendicitis, though the presentation was 
subacute rather than classic acute.

Conversely, atypical presentations consistently challenged all 
models. Case 6 exemplifies this limitation: a 56-year-old male 
presenting with chronic abdominal pain and bloating was surgically 
diagnosed with cholelithiasis, but ChatGPT and Gemini incorrectly 
suggested peptic ulcer disease while Claude proposed chronic 
pancreatitis. None captured the biliary aetiology, likely due to the 
absence of classic right upper quadrant pain and the chronicity of 
symptoms. 

Analysis of the 13 cases where all models failed revealed several 
common themes: 1) Rare conditions unfamiliar in training data (e.g., 
accessory breast tissue in axilla); 2) Atypical symptom presentations 
lacking pathognomonic features; 3) Conditions requiring imaging 
or laboratory data not provided in prompts; and (4) Cases where 
clinical examination findings would have been diagnostic but were 
absent from the textual description.

Interestingly, in Case 20 (breast fibroadenoma), ChatGPT incorrectly 
suggested mastitis, while both Claude and Gemini correctly identified 
fibroadenoma. This suggests that while models generally agreed, 
individual architectural differences occasionally led to divergent 
reasoning, with Claude and Gemini demonstrating superior pattern 
recognition in this specific instance.

Strengths of LLM diagnostic performance:

Pattern recognition for classic presentations: All three models •	
demonstrated exceptional performance when diagnosing 
conditions with classic symptom constellations. LLMs rapidly 
identified common surgical emergencies such as appendicitis, 
cholecystitis and bowel obstruction when patients presented 
with textbook symptoms. The models provided comprehensive 
differential diagnoses that appropriately prioritised the most 
likely conditions based on symptom patterns.

Structured clinical reasoning: LLMs consistently delivered •	
well-organised, step-wise diagnostic reasoning that enhanced 
transparency. Each model articulated the logical pathway from 
presenting symptoms to diagnostic conclusions, explicitly 
stating which symptoms supported or argued against specific 
diagnoses. This structured approach facilitated clinical review 
and educational value.

Speed and accessibility: Diagnostic outputs were generated •	
instantaneously, offering potential value in time-sensitive clinical 
scenarios. The rapid generation of comprehensive differential 
diagnoses could serve as a useful adjunct during initial 
patient evaluation, particularly in emergency settings or when 
consulting specialists is delayed.

Comprehensive differential diagnosis generation: Models •	
routinely generated extensive differential diagnoses that 
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covered appropriate diagnostic possibilities, occasionally 
identifying conditions that might be overlooked in initial clinical 
assessment. This breadth could serve as a cognitive forcing 
function to prompt consideration of less common diagnoses.

Limitations of LLM diagnostic performance:

Difficulty with atypical presentations: The most significant •	
limitation observed was reduced accuracy when patients 
presented with atypical symptoms or unusual manifestations 
of common conditions. For example, cases of appendicitis 
presenting primarily as back pain, diabetic ketoacidosis 
without marked hyperglycaemia, or myocardial infarction with 
predominantly jaw pain rather than chest discomfort frequently 
resulted in discordant diagnoses. LLMs struggled to recognise 
these presentations because they deviated from the classic 
patterns represented in training data.

Lack of contextual interpretation: LLMs demonstrated limited •	
ability to integrate nuanced contextual factors that surgeons 
routinely incorporate into diagnostic reasoning. Patient-
specific factors such as cultural background, socioeconomic 
circumstances affecting disease presentation, medication 
history influencing symptom profiles and subtle behavioural 
or psychological indicators were either inadequately weighted 
or entirely overlooked. Surgical diagnosis requires holistic 
assessment that extends beyond symptom pattern matching 
an area where AI reasoning remained superficial.

Absence of physical examination and visual data: A fundamental •	
constraint was the models’ complete reliance on textual data. 
Surgical diagnosis heavily depends on physical examination 
findings (tenderness patterns, rebound tenderness, guarding), 
visual assessment (pallor, jaundice, distension) and imaging 
interpretation. Without access to these modalities, LLMs 
operated with incomplete information, inherently limiting 
diagnostic accuracy. In several cases, critical diagnostic clues 
were evident on imaging or physical examination but could not 
be conveyed adequately through text alone.

Reduced performance with rare conditions: Cases involving •	
uncommon surgical pathologies or rare disease presentations 
showed notably lower concordance rates. LLMs are optimised 
for patterns well-represented in training data, resulting in 
decreased confidence and accuracy when encountering 
statistically rare conditions. This limitation reflects the inherent 
statistical nature of machine learning models, which perform 
best within the distribution of their training data.

Inability to weigh conflicting clinical information: In diagnostically •	
ambiguous cases where clinical findings pointed toward 
multiple possible diagnoses or contained contradictory 
information, LLMs demonstrated difficulty prioritising the most 
likely diagnosis. Human clinicians navigate such uncertainty 
through clinical judgment, experience-based intuition and 
iterative hypothesis testing capacities that current LLMs cannot 
replicate.

Lack of dynamic learning and adaptation: Unlike clinicians who •	
continuously refine diagnostic skills through case experience 
and feedback, LLMs do not learn from individual case outcomes. 
Each query is processed independently without memory of 
previous successes or failures, preventing the development of 
case-based reasoning skills that characterise expert diagnostic 
performance.

DISCUSSION
The present study provides comparative evaluation of three leading 
LLM- ChatGPT, Claude and Gemini in real-world surgical diagnosis. 
Our principal findings demonstrate that these models achieved 
statistically similar diagnostic concordance with postoperative 
surgeon diagnoses, with no significant performance differences 

between platforms. While these accuracy rates are promising, 
qualitative analysis revealed important limitations that inform 
appropriate clinical deployment.

Comparison with existing literature: The present findings align 
with  emerging evidence on LLM diagnostic capabilities. Previous 
studies using standardised vignettes reported accuracy rates of 71-
90% for GPT-4 and similar models [6-8,15], though these employed 
artificial cases rather than authentic clinical scenarios. The present 
study concordance rates using real surgical cases fall within this 
range, suggesting that controlled vignette performance translates 
reasonably to clinical practice, at least for common presentations. 
Notably, all three models performed comparably, contrasting with 
some prior work suggesting superiority of specific architectures 
[16,17]. This parity may reflect convergence of training approaches 
or indicate that diagnostic accuracy is reaching a plateau determined 
by fundamental limitations rather than architectural differences. 
The substantial inter-model agreement (κ=0.592-0.843) and the 
fact that all models succeeded or failed on largely the same cases 
supports this interpretation. LLMs demonstrated clear strengths 
in pattern recognition for classic presentations. Conditions with 
pathognomonic symptom clusters were reliably identified. This 
suggests utility as a “second opinion” tool for straightforward cases 
or for trainees learning diagnostic patterns [18,19].

However, several critical limitations emerged. First, atypical 
presentations consistently challenged all models, as exemplified 
by the cholelithiasis case presenting with chronic bloating rather 
than classic biliary colic. This reflects a fundamental constraint 
that LLMs recognise statistical patterns in training data but lack 
the clinical intuition to reason beyond typical presentations [20,21]. 
The findings primarily reflect LLM performance in history-based 
diagnostic reasoning and may not be directly generalisable to 
comprehensive surgical diagnostic workflows, where radiological 
and laboratory investigations play a pivotal role. This highlights 
that current LLM implementations operate primarily on textual 
narrative and cannot replicate the multimodal integration (history, 
examination, imaging, labs) that characterises clinical diagnosis 
[22,23]. Third, rare conditions were frequently misdiagnosed, as 
these appear infrequently in training corpora. The accessory axillary 
breast tissue case illustrates this. This represents a significant 
limitation for surgical practice, where rare conditions, though 
uncommon, require accurate identification [24]. These findings 
suggest that LLMs are best conceptualised as adjunctive rather 
than autonomous diagnostic tools. Several implementation models 
merit consideration:

First, LLMs could serve as diagnostic prompts for clinicians, 
generating differential diagnoses to ensure comprehensive 
consideration of possibilities. This “checklist” function could reduce 
cognitive biases and anchoring errors without replacing clinical 
judgment [25,26].

Second, LLMs may prove valuable in medical education, providing 
trainees with immediate feedback on diagnostic reasoning and 
exposing them to diverse clinical presentations [27]. The models’ 
ability to articulate reasoning processes offers pedagogical 
opportunities beyond traditional case-based learning. Third, 
in resource-limited settings lacking specialist consultation, 
LLMs could provide preliminary diagnostic guidance to general 
practitioners, though this application requires careful validation 
and  clear communication of limitations to both providers and 
patients [28].

However, several barriers to clinical deployment remain. Accountability 
and liability frameworks are underdeveloped: when AI suggestions 
contribute to diagnostic errors, responsibility allocation between 
developer, institution and clinician remains unclear [29] Additionally, 
the “black box” nature of LLM reasoning limits explainability and 
trustworthiness clinicians cannot interrogate the model’s logic as 
they would a colleague’s differential [30]. Institutions implementing 
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LLM-based tools should establish clear protocols defining 
appropriate use cases, requiring documentation of AI suggestions 
alongside clinician reasoning and monitoring outcomes to identify 
potential harms. Education of clinicians regarding AI capabilities and 
limitations is crucial to prevent both over-reliance and dismissive 
underutilisation.

Limitation(s)
Several limitations warrant consideration. First, this single-center 
retrospective analysis may not generalise to other institutions or 
patient populations. Second, although radiological and laboratory 
investigations were integral to routine surgical diagnosis and 
informed the postoperative reference standard, these data were 
intentionally excluded from the LLM inputs. As a result, the study 
evaluates LLM performance in history-based diagnostic reasoning, 
rather than comprehensive multimodal diagnostic workflows. This 
limits the generalisability of the findings to real-world settings where 
imaging and laboratory data are routinely available. Third, the 
reference standard (postoperative diagnosis) represents surgical 
cases only; performance in non-surgical specialties requires 
separate evaluation. Fourth, model versions evolve continuously; 
results reflect capabilities of specific 2024 versions and may not 
represent future iterations. Fifth, we did not evaluate diagnostic 
confidence or differential diagnosis lists, focusing only on primary 
diagnosis concordance. Importantly, while we documented cases 
where all models failed, we did not systematically analyse whether 
human clinicians would have succeeded in these scenarios without 
surgical exploration. Some diagnostic failures may reflect inherent 
uncertainty in preoperative assessment rather than LLM-specific 
limitations.

Future research directions: Several avenues for future investigation 
emerge from this work:

1.	 Prospective studies comparing LLM diagnostic accuracy 
with preoperative clinician diagnoses would clarify whether 
AI matches or exceeds human baseline performance in these 
contexts.

2.	 Multimodal evaluations incorporating imaging, laboratory data 
and structured examination findings would better simulate 
clinical workflows and potentially improve LLM performance.

3.	 Investigations of LLM performance across medical specialties 
(e.g., internal medicine, paediatrics, emergency medicine) would 
establish whether surgical diagnosis findings generalise.

4.	 Studies examining how LLM suggestions influence clinician 
decision-making- including risks of over-reliance or dismissive 
underutilisation- are critical for safe implementation.

5.	 Economic analyses quantifying costs, time savings and 
downstream effects of LLM integration would inform resource 
allocation decisions.

6.	 Collaborative work involving clinicians, ethicists, regulators and 
AI developers is essential to establish appropriate governance 
frameworks, accountability mechanisms and deployment 
guidelines for AI diagnostic tools.

CONCLUSION(S)
In this retrospective analysis of 106 surgical cases, ChatGPT, 
Claude and Gemini demonstrated statistically similar diagnostic 
concordance with postoperative surgeon diagnoses. While these 
results are promising, qualitative analysis revealed significant 
limitations in handling atypical presentations, integrating contextual 
factors and incorporating physical examination or imaging findings. 
These limitations, combined with fundamental considerations 
regarding accountability, empathy and the dynamic nature of medical 
practice, preclude independent clinical deployment of current LLM 
technology. Rather than replacing clinical expertise, LLMs are best 
conceptualised as adjunctive tools that can enhance diagnostic 

reasoning when used within human-supervised workflows. The 
future of AI in surgical diagnosis lies not in autonomous systems but in 
thoughtful human-AI collaboration that leverages the complementary 
strengths of both computational pattern recognition and human 
clinical judgment. Continued research, rigorous evaluation and 
careful regulatory oversight are essential as these technologies 
evolve and their role in healthcare continues to expand.
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