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General introduction 
Recent advances in Large Language Models (LLMs) have opened new possibilities for supporting 
medical training and clinical decision support systems (CDSS), particularly in settings where 
teaching resources, faculty availability, and standardized materials may be limited. These models 
have shown strong potential in structured assessment tasks, including Multiple-Choice Questions 
(MCQs), which remain a central component of medical education worldwide, including in low-
resource and lower-middle-income settings. 

Concurrently, in high-acuity, time-sensitive environments like the emergency department (ED), 
where rapid and accurate clinical decision-making directly dictates patient outcomes, the rapid 
evolution of AI has introduced powerful new tools. Frontline care in these settings is 
predominantly managed by general practitioners (GPs), who must synthesize complex, 
undifferentiated patient presentations under significant cognitive load, time pressure, and 
resource constraints (1). Alongside general-purpose LLMs, specialized, medically-tailored AI 
platforms like Glass Health have emerged with the potential to serve as CDSS in acute care(2–4). 

Among these digital developments, OpenAI’s GPT-5 Pro has been introduced as a next-generation 
model with improved reasoning and stronger health-related benchmark performance than earlier 
OpenAI models. Similarly, Google DeepMind’s Gemini 2.5 Pro is presented as an advanced 
reasoning model with strong long-context and multimodal capabilities relevant to medical 
question-answering tasks. Meanwhile, DeepSeek V3 offers a competitive open-weight alternative 
designed for efficient reasoning and multilingual comprehension, which is particularly relevant 
for resource-sensitive educational environments. 

Despite these promising developments, independent evaluations show notable limitations, and 
current literature evaluating AI across both medical education and emergency medicine remains 
heavily fragmented. A critical bottleneck in current validation literature is that most benchmark 
datasets used to evaluate LLMs consist of publicly accessible or widely circulated questions, 
raising concerns about possible overlap with model training corpora. 

Furthermore, much of the medical licensing literature has been dominated by earlier LLM 
versions and remains anchored in English-centric benchmark ecosystems, with relatively few 
evaluations of non-English examinations(5). Available studies of non-English medical exams (e.g., 
Chinese, Korean, Spanish, and French contexts) support feasibility but remain heterogeneous in 
scope, specialty focus, and model generation, which limits direct transferability to francophone, 
resource-constrained training settings(6–9). Because linguistic structure, curriculum design, and 
educational infrastructure differ across regions, performance observed in English-dominant 
benchmark settings cannot be assumed to generalize to francophone North African medical 



training contexts, leaving a significant research gap regarding the reliability of current-generation 
LLMs in underrepresented linguistic environments. 

Beyond these regional and linguistic limitations, a critical gap exists because the majority of 
existing clinical studies evaluate AI models only within isolated, narrow dimensions of the clinical 
workflow. Several investigations restrict their focus entirely to emergency triage based purely on 
brief text inputs, or look exclusively at diagnostic accuracy and the generation of differential 
diagnoses (10–12). 

However, in actual clinical practice, establishing a diagnosis represents only the initial phase of 
care. The medical literature routinely overlooks downstream therapeutic management, which 
involves selecting specific drug regimens, calculating exact dosages, screening for 
contraindications, and determining immediate life-saving interventions. Evaluating diagnostic 
reasoning in isolation introduces a profound safety risk: an AI model may generate a flawless 
differential diagnosis list while simultaneously proposing a catastrophic or unsafe treatment plan. 
In emergency medicine, recognizing clinical red flags and executing a safe, definitive management 
strategy are as critical as identifying the underlying pathology. Furthermore, existing medical AI 
benchmarks rely heavily on highly structured, pre-curated Western academic datasets that fail to 
reflect the raw, unstructured clinical documentation and unique epidemiological realities 
encountered in regional hospital settings. 

To address these combined limitations, this research presents a comprehensive, multi-pronged 
comparative evaluation framework designed to assess current-generation AI models across both 
authentic regional educational standards and the practical continuum of acute care. This 
investigation is operationalized through two distinct yet complementary evaluation streams. 

The first stream addresses the linguistic and regional benchmark gap by using a private, paywalled 
repository of Algerian medical school examination MCQs (2022–2025), accessible only through 
subscription and not publicly available online. Only items validated through faculty-issued answer 
keys were included, allowing a contextually grounded evaluation in a francophone North African 
setting where educational digital infrastructure may be uneven. To our knowledge, we did not 
identify any prior published head-to-head evaluations of GPT-5 Pro, Gemini 2.5 Pro, and 
DeepSeek V3 using a private French-language undergraduate medical exam repository from a 
North African context. 

Through this first arm, we conducted a cross-model comparative evaluation using authentic 
French-language MCQs covering both pre-clinical (Biochemistry, Immunology, Genetics, 
Anatomic Pathology) and clinical (Cardiology, Otorhinolaryngology, Endocrinology, Gynecology) 
curricula. These models were selected because they were publicly accessible, supported 
multilingual prompting, and ranked among the most visited AI chatbot platforms globally at the 



time of writing. We examined module and study cycle to test whether accuracy varies with 
disciplinary content and expected cognitive level (pre-clinical recall-oriented knowledge vs. more 
clinically integrated reasoning). Question structure was analyzed because isolated stems and 
vignette-based items differ in contextual load, whereas response format was analyzed because 
single-best-answer and combination-type items impose different levels of decision complexity. In 
contrast, temporal factors (weekday and time of day) were pre-specified as exploratory 
operational covariates and hypothesis-generating robustness checks to assess operational 
stability under varying platform usage loads. The primary aim of this first stream is to compare 
the performance of GPT-5 Pro, Gemini 2.5 Pro, and DeepSeek V3 in solving MCQs derived from 
authentic medical school examinations, while the secondary aim is to assess the influence of 
these contextual and structural factors. 

The second phase shifts the evaluation directly to the clinical frontline to address the explicit lack 
of comparative data against practicing human physicians across a full acute care encounter. This 
component presents a comparative performance evaluation of general-purpose LLMs, a 
specialized clinical AI platform, and practicing general practitioners in solving real-world, 
uncurated emergency cases. By utilizing an independent, specialist-blinded evaluation framework 
that spans clinical reasoning, patient safety, and therapeutic management, this arm aims to 
rigorously assess the clinical readiness and safety profiles of these computational models in acute 
care medicine, establishing their capacity to navigate both initial diagnostics and safe 
downstream clinical execution. 
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PHASE II  



Title 

Comparative Clinical Performance of GPT-5.2 Pro, Gemini 3 Pro, Glass Health, and General 
Practitioners in Real-World Emergency Medicine: A Specialist-Blinded Case-Based Evaluation 

Abstract 

Background: In many resource-constrained emergency departments, general practitioners 
provide the first clinical assessment and initial management before specialist input is available. 
Whether advanced AI systems can produce clinically useful and safe written management 
suggestions from concise emergency case summaries remains uncertain. This study compared 
GPT-5.2 Pro, Gemini 3 Pro, Glass Health, and general practitioners in the initial management of 
emergency medicine cases from a regional hospital. 

Methods: We conducted an observational, case-based comparative study in the emergency 
department of a 240-bed hospital in Algeria. A total of 147 adult emergency cases were 
retrospectively selected from routine records and reconstructed as standardized French vignettes 
limited to 100 words. Each vignette was submitted once to GPT-5.2 Pro, Gemini 3 Pro, Glass 
Health, and one of twelve practicing general practitioners. Responses were limited to 250 words, 
anonymized, and evaluated by blinded senior specialists using three predefined 0–5 clinical 
adequacy domains: clinical reasoning, therapeutic management, and clinical safety. The overall 
score was calculated as the mean of the three domain scores. Paired comparisons used Friedman 
tests, Kendall’s W, and Holm-adjusted post-hoc Wilcoxon signed-rank tests. 

Results: Overall clinical performance differed significantly across groups. Median overall scores 
were 4.33 [3.50–4.67] for GPT-5.2 Pro, 4.00 [3.67–4.67] for Gemini 3 Pro, 4.00 [3.67–4.67] for 
Glass Health, and 2.67 [2.00–3.33] for general practitioners (p < 0.001; Kendall’s W = 0.38). Each 
AI system scored higher than general practitioners for the overall score and for all three domains, 
with Holm-adjusted p values <0.001. No significant pairwise differences were observed between 
the three AI systems. The AI advantage persisted across predefined difficulty levels. GPT-5.2 Pro 
showed higher overall scores in medical than surgical cases, whereas no significant medical–
surgical difference was observed for Gemini 3 Pro, Glass Health, or general practitioners. Prompt 
length in characters was not significantly associated with overall performance. 

Conclusions: In this specialist-blinded case-based evaluation using emergency cases 
reconstructed from routine hospital records, GPT-5.2 Pro, Gemini 3 Pro, and Glass Health 
achieved higher specialist-rated clinical performance than general practitioners for written initial 
management plans. These findings support further prospective evaluation of supervised AI-
assisted decision support in emergency medicine, with attention to local validation, clinical 
governance, and data-protection requirements. 



Keywords: artificial intelligence; emergency medicine; large language models; clinical decision 
support; general practitioners; patient safety; resource-constrained settings. 

 

 

 

  



Introduction 

The emergency department (ED) is a high-acuity, time-sensitive environment in which clinical 
decisions must often be made rapidly from incomplete, evolving, and sometimes poorly 
structured information. In many healthcare systems, especially outside highly resourced 
academic centers, the initial assessment and management of emergency patients are frequently 
performed by general practitioners (GPs), who must identify potentially life-threatening 
conditions, initiate treatment, and determine the need for specialist referral under substantial 
cognitive load and resource constraints (1). 

In parallel, recent advances in artificial intelligence (AI), particularly large language models (LLMs), 
have introduced new possibilities for clinical decision support. General-purpose LLM-based tools 
such as GPT-5.2 Pro accessed through ChatGPT (OpenAI, San Francisco, CA, USA) and Gemini 3 
Pro accessed through Google Gemini (Google LLC, Mountain View, CA, USA) can synthesize clinical 
information, generate differential diagnoses, and propose management plans, whereas 
specialized medical AI platforms such as Glass Health (Glass Health Inc., San Francisco, CA, USA) 
are specifically designed to support diagnostic and therapeutic reasoning in clinical practice (2,3). 
In this study, GPT-5.2 Pro and Gemini 3 Pro were selected to represent widely used general-
purpose LLM-based tools available through major consumer AI applications. This choice was 
consistent with market intelligence data identifying ChatGPT and Google Gemini among the 
leading AI applications by global downloads during the study period (4). Glass Health was included 
as a specialized medical AI tool designed to support differential diagnosis and clinical plan 
generation (5). 

Early evaluations of LLMs in medicine have demonstrated high performance on licensing 
examinations, medical knowledge tests, and structured clinical reasoning tasks (6,7). In 
emergency medicine, several studies have also suggested that LLMs may perform well in selected 
diagnostic or triage-related tasks (8–12). However, much of the existing evidence remains 
methodologically heterogeneous. Many studies use academic vignettes, examination-style 
questions, optimized prompts, or highly curated datasets that do not fully reproduce the clinical 
documentation, uncertainty, time pressure, and case-mix encountered in routine emergency 
care. 

A further limitation is that many evaluations focus primarily on diagnostic accuracy or differential 
diagnosis generation. Although diagnosis is central to emergency medicine, it is not sufficient to 
define safe clinical performance. Initial emergency management also requires recognition of red 
flags, prioritization of urgent interventions, selection of appropriate therapeutic strategies, 
avoidance of contraindicated treatments, and anticipation of clinical deterioration. An AI 
response may appear diagnostically plausible while remaining incomplete or unsafe from a 



management perspective. For this reason, evaluations of AI in emergency medicine should assess 
not only clinical reasoning, but also therapeutic management and clinical safety. 

Prompt design is another important methodological issue in AI evaluation. Long, highly 
structured, or iteratively optimized prompts may improve model performance but reduce 
comparability with real clinical conditions, where physicians often work from concise initial notes. 
Similarly, unconstrained AI responses may appear more complete simply because they are longer. 
Prompt engineering has been shown to influence measured LLM performance in medical 
assessment settings, supporting the need to treat prompt design as a methodological variable 
rather than a neutral technical detail (13). Standardizing both prompt length and response length 
is therefore important when comparing AI systems with human clinicians. In this study, the clinical 
prompt was deliberately limited to 100 words, and responses were limited to 250 words for both 
AI systems and general practitioners. 

Evidence from hospitals in resource-constrained settings remains particularly limited, despite the 
fact that these environments may be among those where supervised AI decision support could 
have the greatest practical relevance. Most AI benchmarks are generated in high-income or 
academic settings and may not reflect local documentation practices, epidemiology, specialist 
availability, or frontline workforce organization in regional hospitals. Locally generated 
evaluations are therefore needed to determine whether advanced AI systems can provide 
clinically meaningful support under realistic conditions. 

Accordingly, the primary objective of this study was to compare the clinical performance of GPT-
5.2 Pro, Gemini 3 Pro, Glass Health, and general practitioners in the initial management of real-
world emergency medicine cases from a regional hospital, using specialist-blinded ratings across 
three predefined domains: clinical reasoning, therapeutic management, and clinical safety. The 
secondary objectives were to explore whether performance varied according to predefined case 
difficulty and medical versus surgical specialty category. An additional exploratory methodological 
analysis assessed the association between prompt length in characters and overall clinical 
performance. 

  



Methods 

Study design and setting 

This observational, specialist-blinded, case-based comparative study evaluated the clinical 
performance of three AI systems and practicing general practitioners in the initial management 
of real-world emergency medicine cases. The study was conducted in the Emergency Department 
of the 240-bed Hospital of Laghouat, Algeria. The manuscript was prepared in accordance with 
the STROBE recommendations for observational studies where applicable (14). 

Cases were retrospectively selected from routine emergency department records generated 
between November 2025 and March 2026. Sampling was performed using predefined randomly 
selected emergency department dates during the study period. For each selected date, available 
adult emergency department files were screened for completeness and eligibility. Clinical 
management had already been completed before case abstraction, and no aspect of patient care 
was influenced by the study. Case abstraction was performed from routinely generated clinical 
files after completion of the initial emergency department documentation. 

Sample size 

A sample size target was defined before the final analysis for the primary paired comparison 
across the four evaluated groups. Because no robust prior estimate was available for this specific 
setting, the calculation was based on the Friedman test, using Kendall’s W as the target effect 
size. Assuming four paired groups, a two-sided alpha level of 0.05, 80% power, and a small target 
effect size of Kendall’s W = 0.03, the minimum required number of complete cases was 
approximately 122. Allowing for incomplete or unusable records, the target sample size was set 
at approximately 140 to 145 cases. 

Case selection 

During each selected sampling date, adult emergency department files available in the records 
were screened for eligibility. Files were first assessed for completeness. Eligible complete files 
constituted the sampling frame for that date. When several eligible complete records were 
available, cases were selected at random, without stratification by diagnosis, specialty, sex, age, 
severity, or expected difficulty. 

Inclusion criteria were adult patients aged 18 years or older presenting for acute care and 
availability of a sufficiently complete initial emergency department note, including the presenting 
complaint, relevant history, baseline vital signs, physical examination findings, and available initial 
investigations. 



Exclusion criteria were pediatric encounters, obstetrical or gynecological emergencies, 
incomplete or illegible files, missing key baseline clinical information, and records subject to 
administrative or regulatory restrictions. 

The final analytic sample comprised 147 adult medical and surgical emergency cases. The 
distribution of cases reflected real-world emergency department activity rather than an artificially 
balanced specialty distribution. 

Case preparation and prompting 

Investigators reconstructed each initial emergency encounter into a standardized text vignette. 
Subjective impressions, preliminary diagnostic labels, and therapeutic decisions made by the 
original treating physician were removed. The vignette included age and sex, relevant medical 
history, chronic treatments, presenting complaint, physical examination findings, available 
investigation results, and a final request for clinical interpretation and recommended initial 
management. 

The clinical prompt was limited to 100 words and was written in French to reflect local clinical 
documentation and professional communication. The response instruction was standardized 
across AI systems and general practitioners, with a maximum response length of 250 words. The 
prompt followed a fixed structure including age and sex, relevant medical history, chronic 
treatments, presenting complaint, physical examination findings, available investigation results, 
and a final request for clinical interpretation and recommended initial management. The original 
French prompt template and an English translation are provided in Supplementary Material 1. 

Prompt length was recorded in words and characters; character count was used for the 
exploratory correlation analysis. 

AI systems and human comparator 

The three AI systems evaluated were GPT-5.2 Pro accessed through ChatGPT (OpenAI, San 
Francisco, CA, USA), Gemini 3 Pro accessed through Google Gemini (Google LLC, Mountain View, 
CA, USA), and Glass Health (Glass Health Inc., San Francisco, CA, USA). Each case was submitted 
once to each AI system through a standard web browser interface on a secure local workstation. 
A zero-shot approach was used. No follow-up questions, regenerated answers, recursive 
corrections, or iterative prompt engineering were allowed. Default interface settings were used 
to reflect typical end-user conditions. For Glass Health, the standardized case prompt was pasted 
as a single free-text block into the chat interface. Optional contextual fields, specialty settings, or 
additional configuration options were not used, in order to preserve comparability with the 
prompts submitted to GPT-5.2 Pro and Gemini 3 Pro. 



The human comparison group consisted of twelve practicing general practitioners from the 
Laghouat region who agreed to participate in the study, with more than one year of professional 
experience. The standardized clinical vignettes distributed to general practitioners were identical 
in content and format to those submitted to the AI systems. Each case contributed one general 
practitioner response. Cases were randomly allocated among participating general practitioners, 
while accounting for physician availability during the study period. General practitioners were 
instructed to provide their clinical interpretation and recommended initial management in 250 
words or fewer, without access to AI-generated responses. 

Blinded specialist assessment 

All responses generated by GPT-5.2 Pro, Gemini 3 Pro, Glass Health, and general practitioners 
were anonymized before evaluation. Platform-specific identifiers, formatting, branding, and 
metadata were removed to produce a uniform response format. Responses were labelled using 
neutral codes, and the order of response sources was counterbalanced across cases according to 
a predefined permutation scheme to reduce order-related bias. 

Senior specialists from the relevant clinical specialty evaluated cases within their own domain of 
expertise. Specialists were selected according to specialty relevance, seniority, and availability. 
Each case was assigned to the specialist corresponding to its predefined specialty domain. For 
each case, the anonymized responses from the four evaluated groups were assessed by the same 
specialist in a blinded format. Evaluators were unaware of whether a given response was 
produced by an AI system or by a general practitioner. 

Case difficulty was classified before AI interrogation and before specialist evaluation using a 3-
level clinical difficulty scale. Level 1 cases corresponded to straightforward presentations of a 
single, well-defined acute condition. Level 2 cases included ambiguous clinical signs or mild-to-
moderate comorbidities. Level 3 cases included complex, undifferentiated, multisystem, unstable, 
or atypical presentations with potential red flags. Difficulty classification was performed by one 
of two coordinating investigators. Before case classification, the two investigators conducted a 
synchronization exercise using example cases to harmonize interpretation of the three-level scale. 

Each case was assigned to a specialty domain by the coordinating investigators according to the 
main acute clinical problem and the specialty most appropriate for expert evaluation. For 
secondary analyses, specialty domains were collapsed into medical and surgical categories. 
Medical specialties initially eligible included pulmonology, cardiology, gastroenterology, 
hematology, infectious diseases, internal medicine, nephrology, neurology, critical care, 
endocrinology, and psychiatry. Surgical specialties included thoracic surgery, visceral surgery, 
neurosurgery, otorhinolaryngology, ophthalmology, orthopedics, and urology. 

Outcomes 



The primary outcome was the overall clinical performance score, calculated as the arithmetic 
mean of the three predefined specialist-blinded domains: clinical reasoning, therapeutic 
management, and clinical safety. Clinical reasoning assessed the relevance and coherence of the 
diagnostic interpretation, prioritization of differential diagnoses, and recognition of key clinical 
features. Therapeutic management assessed the appropriateness of the proposed initial 
management plan, including urgent interventions, treatment priorities, referral decisions, and 
avoidance of inappropriate or contraindicated therapies. Clinical safety assessed whether the 
response avoided dangerous omissions, unsafe recommendations, or failure to recognize 
potentially life-threatening features. 

Each domain was scored on a 6-point clinical adequacy scale ranging from 0 to 5. The scoring 
rubric was anchored to predefined clinical criteria rather than general satisfaction. A score of 0 
indicated an absent, irrelevant, or clinically dangerous response; 1 indicated major errors or 
omissions with substantial potential for harm; 2 indicated important limitations requiring major 
correction; 3 indicated a partially acceptable response with relevant omissions or imprecision; 4 
indicated an appropriate response with only minor limitations; and 5 indicated a complete, 
appropriate, and safe response for the initial emergency management context. 

Clinical reasoning, therapeutic management, and clinical safety were also analysed separately as 
predefined domain-specific outcomes. Secondary analyses assessed whether overall 
performance varied according to predefined case difficulty and medical versus surgical specialty 
category. The association between prompt length in characters and overall performance was 
analysed as an exploratory methodological analysis. 

Statistical analysis 

Statistical analyses were performed using R version 4.5.1 (R Foundation for Statistical Computing, 
Vienna, Austria). The case was considered the unit of analysis. Because each emergency medicine 
case was evaluated by GPT-5.2 Pro, Gemini 3 Pro, Glass Health, and general practitioners, 
comparisons between groups were treated as paired repeated-measures analyses. 

Case characteristics were described using median [interquartile range] for continuous variables 
and counts with percentages for categorical variables. Prompt length was analysed using both 
word count and character count for descriptive purposes, and using character count for the 
exploratory correlation analysis. Scores were summarized as median [interquartile range], given 
the bounded 0–5 rating scale. 

Global comparisons across the four groups were performed using the Friedman test. Kendall’s W 
was reported as the effect size. When the global test was significant, pairwise post-hoc 
comparisons were performed using paired Wilcoxon signed-rank tests with Holm correction for 



multiple comparisons. Comparisons between each AI system and general practitioners were 
reported as the main pairwise contrasts. 

For secondary analyses, between-group comparisons within each difficulty level were performed 
using the Friedman test. Variation in overall performance across difficulty levels within each 
evaluated group was explored using the Kruskal–Wallis test. Differences between medical and 
surgical cases within each group were assessed using the Wilcoxon rank-sum test. The association 
between prompt length in characters and overall performance was assessed using Spearman 
correlation coefficients. Secondary analyses were considered exploratory. 

After data verification and completion, all clinical performance ratings required for the primary 
and domain-specific analyses were available for the 147 included cases. No imputation was 
performed. All tests were two-sided, and p values below 0.05 were considered statistically 
significant. 

Ethics 

The study protocol was reviewed and approved by the Ethics Committee of Ben Ali Deghin 
Hospital of Laghouat, Algeria (approval No. 03/25, 7 November 2025). The study was conducted 
in accordance with the principles of the Declaration of Helsinki. Because this was a retrospective 
study based on routinely generated clinical records, with no intervention and no impact on 
patient management, the requirement for individual informed consent was waived by the ethics 
committee. All data were de-identified before AI interrogation, GP response collection, and 
specialist evaluation. No directly identifying patient information was submitted to any AI system. 
Participation of general practitioners and specialist evaluators was voluntary. 

 

  



Results 

Case characteristics 

The final analytic dataset included 147 real-world emergency medicine cases. The median patient 
age was 61.00 [45.50–74.00] years, and 100 cases involved male patients (68.03%). One hundred 
cases were classified as medical specialty cases and 47 as surgical specialty cases. Case difficulty 
was classified as level 1 in 73 cases (49.66%), level 2 in 62 cases (42.18%), and level 3 in 12 cases 
(8.16%). The median prompt length was 58.00 [55.00–63.00] words and 396.00 [373.00–423.00] 
characters. 

Medical specialty domains included pulmonology, cardiology, gastroenterology, hematology, 
infectious diseases, internal medicine, nephrology, neurology, and critical care. Surgical specialty 
domains included thoracic surgery, visceral surgery, neurosurgery, otorhinolaryngology, 
ophthalmology, orthopedics, and urology. 

Medical cases involved older patients than surgical cases and included a higher proportion of level 
2 and level 3 cases. Sex distribution and prompt length did not differ significantly between 
medical and surgical cases (Table 1). 

Clinical performance across groups 

Overall clinical performance differed significantly across the four evaluated groups. GPT-5.2 Pro, 
Gemini 3 Pro, and Glass Health had close median overall scores of 4.33 [3.50–4.67], 4.00 [3.67–
4.67], and 4.00 [3.67–4.67], respectively. General practitioners had a lower median overall score 
of 2.67 [2.00–3.33]. The global paired comparison was statistically significant, with a Kendall’s W 
of 0.38 (Table 2). 

This pattern was consistent across the three predefined domains. In clinical reasoning, median 
scores were 4.00 [4.00–5.00] for GPT-5.2 Pro, Gemini 3 Pro, and Glass Health, compared with 3.00 
[2.00–4.00] for general practitioners. In therapeutic management, median scores were 4.00 
[3.00–5.00], 4.00 [3.00–4.00], 4.00 [3.00–5.00], and 2.00 [2.00–3.00], respectively. In clinical 
safety, median scores were 4.00 [4.00–5.00], 4.00 [3.00–4.50], 4.00 [3.00–5.00], and 3.00 [2.00–
3.50], respectively. The global paired comparison was significant in all three domains, with 
Kendall’s W ranging from 0.35 to 0.40 (Table 2). 

Pairwise comparisons versus general practitioners 

Each AI system scored higher than general practitioners for the overall performance score and for 
each predefined domain (Table 3). For the overall score, the median paired difference was 1.33 
[0.67–2.33] points for GPT-5.2 Pro, 1.67 [0.67–2.00] points for Gemini 3 Pro, and 1.33 [0.67–2.33] 
points for Glass Health. All Holm-adjusted p values were <0.001. 



The largest domain-specific differences were observed in clinical reasoning. Median paired 
differences versus general practitioners were 2.00 [1.00–3.00] points for GPT-5.2 Pro, 1.00 [1.00–
2.00] point for Gemini 3 Pro, and 1.00 [1.00–3.00] point for Glass Health. Pairwise comparisons 
between the three AI systems did not show statistically significant differences for the overall score 
or for any of the three domains (Table S1). 

Secondary analyses 

When the analysis was stratified by predefined case difficulty, between-group differences in the 
overall score remained significant in level 1, level 2, and level 3 cases. Kendall’s W was 0.42 for 
level 1 cases, 0.36 for level 2 cases, and 0.45 for level 3 cases (Table S2). Separate within-group 
analyses did not show a significant variation in overall performance across difficulty levels for any 
evaluated group. 

In analyses according to medical versus surgical specialty category, GPT-5.2 Pro had a higher 
median overall score in medical cases than in surgical cases. No significant medical–surgical 
difference in overall performance was observed for Gemini 3 Pro, Glass Health, or general 
practitioners after correction for multiple testing. Prompt length in characters was not 
significantly associated with overall performance for any evaluated group (Table S3). 

 

  



Discussion 

In this specialist-blinded, case-based evaluation of emergency medicine cases reconstructed from 
routine hospital records, GPT-5.2 Pro, Gemini 3 Pro, and Glass Health achieved significantly higher 
clinical performance scores than general practitioners for written initial management plans. This 
difference was observed for the overall score and across the three predefined domains of clinical 
reasoning, therapeutic management, and clinical safety. No significant difference was observed 
between the three AI systems themselves. 

The main contribution of this study lies in the way the comparison was framed. Rather than 
evaluating AI systems on examination questions alone or on isolated diagnostic tasks, we assessed 
their ability to produce concise initial management suggestions from emergency case summaries 
derived from routine hospital documentation. The same case information, prompt constraints, 
and response limits were applied to AI systems and general practitioners. This design addresses 
a practical question: whether these systems can generate clinically coherent, safe, and usable 
written responses when the available information resembles early emergency documentation 
rather than a fully developed academic case. 

This distinction matters because emergency medicine is not limited to diagnostic formulation. 
The initial management of acute patients requires recognition of red flags, prioritization of urgent 
actions, avoidance of harmful omissions, and anticipation of clinical deterioration. A response can 
be diagnostically plausible but still clinically incomplete or unsafe. By assessing clinical reasoning, 
therapeutic management, and clinical safety separately, the present study attempted to capture 
a broader and more clinically relevant definition of performance. The superiority of the AI systems 
across all three domains suggests that their advantage was not restricted to naming likely 
diagnoses, but also extended to the structure and safety of proposed initial management. 

Our findings are consistent with previous studies showing strong performance of large language 
models in medical reasoning tasks, including medical examinations and complex diagnostic 
challenges (6,7,10). They also align with emergency medicine studies reporting good 
performance of GPT-based systems in diagnostic or triage-related tasks (9,11,12). However, many 
previous evaluations remain focused on diagnostic accuracy, triage classification, or differential 
diagnosis generation. The present study adds to this literature by emphasizing management and 
safety, two dimensions that are particularly important in emergency care and in first-line settings 
where specialist input may not be immediately available. 

The results should nevertheless be interpreted within the limits of the task evaluated. The AI 
systems were not tested as autonomous clinicians. They did not examine patients, communicate 
with families, reassess evolving symptoms, perform procedures, coordinate care, or assume 
responsibility for outcomes. They produced written responses to standardized vignettes. 



Therefore, the comparison with general practitioners should not be read as evidence that AI can 
replace physicians in emergency departments. It is better understood as evidence that, under 
controlled written conditions, advanced AI systems can generate responses that senior specialists 
judge to be more complete, structured, and safe than those produced by the local human 
comparator. 

The comparison with general practitioners remains clinically meaningful. In many emergency 
departments, particularly outside highly resourced academic centers, general practitioners are 
the first clinicians to evaluate and manage acute patients before referral or specialist review. Their 
performance therefore represents a pragmatic frontline benchmark rather than an artificial 
comparator. The findings suggest that AI tools may help reduce gaps in early reasoning and 
management planning when used as supervised support. The most realistic clinical implication is 
not replacement, but augmentation: helping clinicians structure differentials, identify red flags, 
check for omissions, and consider initial management priorities. 

The absence of significant differences between GPT-5.2 Pro, Gemini 3 Pro, and Glass Health is also 
informative. Glass Health was included as a specialized medical AI platform, whereas GPT-5.2 Pro 
and Gemini 3 Pro were general-purpose AI systems. Their similar performance suggests that, for 
short written emergency vignettes, advanced general-purpose models may already approach the 
performance of a specialized medical AI tool. This finding should not be interpreted as proof of 
equivalence across clinical tasks. It does, however, support the need for direct, independent 
evaluation rather than assuming that medical specialization alone guarantees superior 
performance. 

Prompt and response constraints are central to the interpretation of these findings. LLM 
performance can be influenced by prompt structure, wording, information density, and iterative 
refinement (11,13). In this study, prompts were limited to 100 words and responses to 250 words, 
and no follow-up questions or regenerated responses were allowed. This was intended to 
reproduce a constrained first-line decision-support situation rather than an optimized prompt-
engineering exercise. The absence of a significant association between prompt length in 
characters and overall performance should therefore be interpreted only within this standardized 
framework. It does not mean that prompt design is unimportant; rather, it suggests that small 
variations in length did not substantially affect performance once prompts were deliberately kept 
short and structured. 

The setting of this study is not only a geographical detail. A regional hospital determines how 
emergency information is recorded, who provides first-line care, how quickly specialists are 
available, and what decisions must be made before referral or escalation. Results obtained in 
academic centers, English-language datasets, or examination settings cannot automatically be 
transferred to such environments. Conversely, the present results should not be generalized 



uncritically to all emergency departments. They show that, under the constraints of this study, AI 
systems performed well in a specific hospital context where general practitioners provide first-
line emergency assessment. This supports the broader argument that AI performance should be 
evaluated locally, because it depends not only on the model, but also on the clinical task, 
language, documentation style, available resources, and expected standard of care (15,16). 

In this context, the potential value of AI is practical rather than abstract. In resource-constrained 
emergency departments, where specialist access may be delayed and workload can be high, a 
supervised AI tool could serve as a structured second reading of the initial case summary. It may 
help clinicians verify whether important diagnoses, urgent actions, contraindications, or safety 
issues have been missed. However, this potential benefit cannot be inferred from global 
benchmarks alone. It requires local validation, clear clinical boundaries, and prospective 
evaluation in real workflows. 

The deployment of AI in emergency care also raises issues beyond performance. Clinical data 
governance, institutional responsibility, and legal compliance are essential, especially when 
external cloud-based tools are accessible through public web interfaces. In Algeria, any future use 
of AI systems involving patient-level clinical information should remain aligned with national 
personal data protection requirements and institutional authorization procedures (17). The 
present study used de-identified prompts and did not submit directly identifying patient 
information to any AI system. This approach was appropriate for research benchmarking, but 
routine clinical deployment would require more formal safeguards, including data minimization, 
traceability, user responsibility, storage conditions, vendor access rules, and institutional 
oversight. In the long term, locally governed or institutionally approved deployment models may 
be preferable to informal individual use of public interfaces, particularly when patient data, 
medicolegal responsibility, and national data sovereignty are involved (17,18). 

Several methodological choices strengthen the internal validity of this study. Cases were 
reconstructed from routine emergency records rather than written as examination questions, and 
they were selected from complete eligible files without stratification by diagnosis, specialty, sex, 
age, severity, or expected difficulty. Each case was evaluated across all four groups, allowing 
paired within-case comparison. AI and general practitioner responses were constrained to the 
same word limit. Responses were anonymized, stripped of platform identifiers, and assessed by 
senior specialists who were blinded to response source. In addition, the same specialist assessed 
the four responses for a given case, preserving internal comparability. 

These strengths should be balanced against important limitations. The study was conducted in a 
single hospital, and the use of reconstructed vignettes also means that the study evaluated 
written decision-making from standardized summaries, not full bedside clinical practice. Real 
emergency care includes examination, repeated assessment, communication, procedural 



judgment, teamwork, and responsibility for patient outcomes, none of which can be fully 
captured in a text-based comparison. 

The evaluation process also has inherent limitations. Each response was rated by one senior 
specialist rather than several independent raters, so inter-rater variability could not be estimated. 
The use of a numerical 0–5 clinical adequacy scale allowed standardized scoring across many 
responses, facilitated paired statistical comparisons, and enabled separate analysis of reasoning, 
management, and safety. The use of predefined anchors and evaluator synchronization was 
intended to improve consistency. However, numerical scoring remains partly subjective and may 
not capture all dimensions of clinical quality, including the logic of prioritization, contextual 
appropriateness, strength of justification, or clinical consequences of specific omissions (19). 
Future evaluations should consider combining numerical scoring with qualitative expert 
adjudication, structured error classification, consensus panels, multiple independent raters, and 
formal assessment of inter-rater reliability (20). 

Blinding also has practical limits. Although platform identifiers, formatting, and metadata were 
removed, some evaluators may have inferred the likely source of a response from its language, 
structure, or level of detail. This potential partial unblinding could have influenced ratings in 
either direction. Similarly, AI performance was judged against specialist opinion rather than 
against final patient outcomes. This was appropriate for a controlled comparative benchmark, but 
it cannot determine whether AI assistance would improve real clinical outcomes, reduce adverse 
events, or change referral decisions in practice. 

The secondary analyses should also be interpreted cautiously. The AI advantage over general 
practitioners was preserved across predefined difficulty levels, suggesting that the main result 
was not driven only by straightforward cases. However, level 3 cases represented a small 
subgroup. The medical versus surgical analysis showed higher overall scores for GPT-5.2 Pro in 
medical than surgical cases, while no significant medical–surgical difference was observed for 
Gemini 3 Pro, Glass Health, or general practitioners after correction for multiple testing. This 
isolated finding is clinically plausible, because surgical emergency decision-making often depends 
heavily on physical examination nuance, imaging interpretation, procedural timing, operative 
pathways, and local resource availability. These elements may be less fully represented in a 100-
word text prompt than medical diagnostic and therapeutic reasoning. Nevertheless, this result 
remains exploratory and should be tested in larger studies with richer case inputs and larger 
surgical subgroups. 

The next step should not be limited to ranking AI models against clinicians in isolation. Future 
studies should test whether clinicians supported by AI perform better, faster, or more safely than 
clinicians working without AI. Multicenter prospective studies should evaluate decision quality, 
time to treatment, missed emergencies, medication safety, referral appropriateness, clinician 



workload, and patient outcomes. They should also examine how AI suggestions are used, ignored, 
challenged, or over trusted in real clinical workflows. Such studies will be essential to determine 
whether the promising performance observed in written case-based evaluation can translate into 
safe and useful clinical support. 

Conclusion 

In this specialist-blinded evaluation of emergency medicine cases reconstructed from routine 
hospital records in a resource-constrained North African hospital, GPT-5.2 Pro, Gemini 3 Pro, and 
Glass Health outperformed general practitioners in overall clinical performance and across clinical 
reasoning, therapeutic management, and clinical safety. The three AI systems performed similarly 
to each other, and their advantage over general practitioners was preserved across predefined 
difficulty levels. 

Beyond the comparative ranking of models, this findings support the potential of advanced AI 
systems as clinician-mediated decision-support tools for structured initial interpretation and 
management planning in emergency medicine. Before routine deployment, however, such tools 
require prospective clinical evaluation, local validation, robust assessment methods, clear 
governance, and compliance with institutional and national data-protection requirements. 

Artificial intelligence utilization for article writing 

AI-assisted tools were used solely for minor grammar and language refinement in accordance 
with ethical guidelines. They were not used for content generation, data analysis, or 
interpretation. All outputs were carefully reviewed and verified by the authors prior to 
submission. Specifically, ChatGPT (OpenAI; GPT-5.5 model) was used only to improve grammar, 
spelling, and stylistic clarity of the manuscript. It was not used to generate scientific claims, 
conduct statistical analyses, interpret findings, select references, or make publication decisions.  
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Table 1. Case characteristics overall and according to medical versus surgical specialty category 

Characteristic Overall, n = 147 Medical, n = 100 Surgical, n = 47 p 
value 

Age, years, median [IQR] 61.00 [45.50–
74.00] 

66.00 [54.75–
76.00] 

49.00 [34.00–
58.50] 

<0.001 

Male sex, n (%) 100 (68.03) 69 (69.00) 31 (65.96) 0.858 

Difficulty level, n (%) 
   

0.002 

Level 1 73 (49.66) 40 (40.00) 33 (70.21) 
 

Level 2 62 (42.18) 49 (49.00) 13 (27.66) 
 

Level 3 12 (8.16) 11 (11.00) 1 (2.13) 
 

Prompt length, words, median 
[IQR] 

58.00 [55.00–
63.00] 

59.00 [55.00–
63.00] 

57.00 [54.00–
63.50] 

0.316 

Prompt length, characters, 
median [IQR] 

396.00 [373.00–
423.00] 

402.00 [380.75–
423.00] 

386.00 [372.00–
429.00] 

0.223 

Footnote. Values are presented as median [IQR] or n (%). p values compare medical and surgical 
cases and are descriptive. Specialty categories were defined according to the main acute clinical 
problem and the specialty most appropriate for expert evaluation. 

  



Table 2. Clinical performance by evaluated group 

Domain GPT-5.2 
Pro 

Gemini 3 
Pro 

Glass 
Health 

General 
practitioners 

p 
value 

Kendall’s 
W 

Overall score 4.33 
[3.50–
4.67] 

4.00 [3.67–
4.67] 

4.00 
[3.67–
4.67] 

2.67 [2.00–3.33] <0.001 0.38 

Clinical reasoning 4.00 
[4.00–
5.00] 

4.00 [4.00–
5.00] 

4.00 
[4.00–
5.00] 

3.00 [2.00–4.00] <0.001 0.40 

Therapeutic 
management 

4.00 
[3.00–
5.00] 

4.00 [3.00–
4.00] 

4.00 
[3.00–
5.00] 

2.00 [2.00–3.00] <0.001 0.37 

Clinical safety 4.00 
[4.00–
5.00] 

4.00 [3.00–
4.50] 

4.00 
[3.00–
5.00] 

3.00 [2.00–3.50] <0.001 0.35 

Footnote. Values are presented as median [IQR]. The overall score was calculated as the mean 
of the clinical reasoning, therapeutic management, and clinical safety domain scores. Global 
comparisons across the four groups were performed using the Friedman test. Kendall’s W is 
reported as the effect size. Complete paired data were available for 147 cases for all outcomes. 

  



Table 3. Pairwise comparisons between each AI system and general practitioners 

Domain Comparison n 
pairs 

Median paired 
difference [IQR] 

Holm-adjusted 
p value 

Overall score GPT-5.2 Pro vs general 
practitioners 

147 1.33 [0.67–2.33] <0.001 

Overall score Gemini 3 Pro vs general 
practitioners 

147 1.67 [0.67–2.00] <0.001 

Overall score Glass Health vs general 
practitioners 

147 1.33 [0.67–2.33] <0.001 

Clinical reasoning GPT-5.2 Pro vs general 
practitioners 

147 2.00 [1.00–3.00] <0.001 

Clinical reasoning Gemini 3 Pro vs general 
practitioners 

147 1.00 [1.00–2.00] <0.001 

Clinical reasoning Glass Health vs general 
practitioners 

147 1.00 [1.00–3.00] <0.001 

Therapeutic 
management 

GPT-5.2 Pro vs general 
practitioners 

147 1.00 [1.00–2.00] <0.001 

Therapeutic 
management 

Gemini 3 Pro vs general 
practitioners 

147 1.00 [0.00–2.00] <0.001 

Therapeutic 
management 

Glass Health vs general 
practitioners 

147 1.00 [1.00–2.00] <0.001 

Clinical safety GPT-5.2 Pro vs general 
practitioners 

147 1.00 [1.00–2.50] <0.001 

Clinical safety Gemini 3 Pro vs general 
practitioners 

147 1.00 [1.00–2.00] <0.001 

Clinical safety Glass Health vs general 
practitioners 

147 1.00 [0.00–2.00] <0.001 

Footnote. Paired differences are calculated as AI score minus general practitioner score. 
Pairwise comparisons were performed using paired Wilcoxon signed-rank tests. Holm correction 
was applied within each domain across all pairwise group comparisons. 

  



Table S1. Pairwise comparisons between AI systems 

Domain Comparison n 
pairs 

Median paired 
difference [IQR] 

Holm-adjusted p 
value 

Overall score GPT-5.2 Pro vs Gemini 
3 Pro 

147 0.00 [-0.33–0.67] 0.453 

Overall score GPT-5.2 Pro vs Glass 
Health 

147 0.00 [-0.67–0.67] 0.955 

Overall score Gemini 3 Pro vs Glass 
Health 

147 0.00 [-0.67–0.33] 0.955 

Clinical reasoning GPT-5.2 Pro vs Gemini 
3 Pro 

147 0.00 [0.00–1.00] 1.000 

Clinical reasoning GPT-5.2 Pro vs Glass 
Health 

147 0.00 [-1.00–1.00] 1.000 

Clinical reasoning Gemini 3 Pro vs Glass 
Health 

147 0.00 [-1.00–1.00] 1.000 

Therapeutic 
management 

GPT-5.2 Pro vs Gemini 
3 Pro 

147 0.00 [-0.50–1.00] 0.768 

Therapeutic 
management 

GPT-5.2 Pro vs Glass 
Health 

147 0.00 [-1.00–1.00] 0.798 

Therapeutic 
management 

Gemini 3 Pro vs Glass 
Health 

147 0.00 [-1.00–1.00] 0.687 

Clinical safety GPT-5.2 Pro vs Gemini 
3 Pro 

147 0.00 [-1.00–1.00] 0.438 

Clinical safety GPT-5.2 Pro vs Glass 
Health 

147 0.00 [-1.00–1.00] 0.788 

Clinical safety Gemini 3 Pro vs Glass 
Health 

147 0.00 [-1.00–0.00] 0.788 

Footnote. Paired differences are calculated as the first AI system score minus the second AI 
system score. Pairwise comparisons were performed using paired Wilcoxon signed-rank tests. 
Holm correction was applied within each domain. 

  



Table S2. Overall performance according to predefined case difficulty 

Difficulty 
level 

n 
cases 

GPT-5.2 
Pro 

Gemini 3 
Pro 

Glass 
Health 

General 
practitioners 

p 
value 

Kendall’s 
W 

Level 1 73 4.00 
[3.33–
4.67] 

4.00 [3.67–
4.67] 

4.00 
[4.00–
5.00] 

2.67 [2.00–3.33] <0.001 0.42 

Level 2 62 4.17 
[3.75–
4.67] 

4.00 [3.33–
4.33] 

4.00 
[3.67–
4.33] 

2.33 [1.67–3.33] <0.001 0.36 

Level 3 12 4.33 
[3.92–
4.75] 

4.17 [4.00–
4.50] 

4.00 
[3.25–
4.42] 

3.00 [2.58–3.75] <0.001 0.45 

Footnote. Values are presented as median [IQR]. Between-group comparisons within each 
difficulty level were performed using the Friedman test. Kendall’s W is reported as the effect 
size. Separate within-group Kruskal–Wallis tests did not show significant variation in overall 
performance across difficulty levels for any evaluated group. 

  



Table S3. Secondary analyses of overall performance according to medical versus surgical 
specialty category and prompt length 

Group Medical 
cases, 
median 
[IQR] 

Surgical 
cases, 
median 
[IQR] 

Medical minus 
surgical 
median 
difference 

Adjusted 
p value 

Spearman’s 
rho with 
prompt length 

Adjusted 
p value 

GPT-5.2 Pro 4.33 
[4.00–
5.00] 

4.00 
[3.00–
4.67] 

0.33 0.037 0.10 0.928 

Gemini 3 Pro 4.00 
[3.67–
4.67] 

4.00 
[3.50–
4.33] 

0.00 0.771 -0.11 0.536 

Glass Health 4.00 
[3.67–
4.67] 

4.00 
[3.67–
5.00] 

0.00 1.000 -0.13 0.334 

General 
practitioners 

2.33 
[1.67–
3.33] 

2.67 
[2.00–
3.58] 

-0.33 0.368 -0.10 0.956 

Footnote. Values are presented as median [IQR] unless otherwise specified. Medical versus 
surgical comparisons were performed using the Wilcoxon rank-sum test. Prompt length was 
analysed using the number of characters and assessed using Spearman correlation coefficients. 
Adjusted p values are Holm-adjusted p values from the exploratory secondary analyses. Only 
the overall score is shown. 

 

  



Supplementary Material 1. Standardized prompt template and English translation 

The standardized prompt was written and administered in French for both AI systems and 
general practitioners. The English version below is provided only for readability and was not 
used for data generation. 

Original French prompt template 

Âge et sexe : [Données] 

Antécédents médicaux pertinents : [Données] 

Traitements chroniques : [Données] 

Motif de consultation : [Données] 

Examen clinique : [Données] 

Résultats d’examens disponibles : [Données] 

Quelle est votre interprétation clinique et quelle conduite initiale recommandez-vous ? Veuillez 
répondre en moins de 250 mots. 

English translation 

Age and sex: [Data] 

Relevant medical history: [Data] 

Current long-term treatments: [Data] 

Presenting complaint: [Data] 

Physical examination findings: [Data] 

Available investigation results: [Data] 

What is your clinical interpretation and what initial management do you recommend? Please 
answer in fewer than 250 words. 

 

 


