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ABSTRACT

Background: High-energy thoracic trauma is a leading cause of morbidity and mortality in polytrauma patients. Timely diagnosis and
management are crucial for patient outcomes. Artificial intelligence (Al) systems such as ChatGPT and Gemini have demonstrated
potential in providing clinical decision support. This study presents a dataset of 30 synthetic thoracic trauma cases and explores the
feasibility of using Al tools to assist in triage and early management decisions.

Materials and Methods: Thirty synthetic cases, reflecting real-world patterns of high-energy thoracic trauma, were developed
based on established trauma mechanisms, clinical findings, and evidence-based physiological parameters. Each case includes vital
signs, injury mechanism, physical findings, and a structured clinical question regarding immediate management. These cases were
formatted for Al analysis. Responses from ChatGPT and Gemini will be analyzed for clinical appropriateness, adherence to trauma
guidelines (e.g.,Advanced Trauma Life Support), and concordance with experts.

Results: Initial simulations (5-case pilot) demonstrated greater adherence to trauma protocols with ChatGPT, particularly in managing
tension pneumothorax, tamponade, and flail chest. Gemini responses were more conservative and occasionally delayed critical
interventions. A full-scale analysis of all 30 cases is underway, using a scoring system based on accuracy, guideline conformity,
and intervention prioritization. Preliminary findings suggest Al tools can assist in high-stakes clinical decision-making, particularly
in environments with limited specialist access. ChatGPT’s ability to provide structured, guideline-based responses is promising.
However, human oversight remains essential. Large-scale validation with real patient data is necessary before clinical deployment.

Conclusion: Al-based models show potential in enhancing early decision-making in high-energy thoracic trauma. While encouraging,
these tools require careful integration into clinical workflows and further validation in real-time settings.

Keywords: Thoracic trauma, artificial intelligence, triage, ChatGPT, Gemini, emergency surgery, clinical decision support

Amac: Yuksek enerjili toraks travmasi,coklu travmali hastalarda onlenebilir 6limlerin 6nde gelen nedenlerinden biridir.Bu calismada,
iki gelismis buyuk dil modelinin (large language model) — ChatGPT-4 (OpenAl) ve Gemini 1.5 (Google DeepMind) — ytksek enerjili
toraks travmalarinda kilavuzlara uygun klinik karar onerileri tretme yeterliligi degerlendirildi.

Gereg ve Yontemler: Cesitli yaralanma mekanizmalari, fizyolojik parametreler ve klinik bulgulari iceren 30 sentetik klinik senaryo
gelistirildi. Her olgu, klinik 6zetler ve yonetim sorularini iceren standart istemlerle ChatGPT-4 ve Gemini 1.5 tarafindan bagimsiz
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olarak degerlendirildi. Yanitlar, model kimligi gizlenen iki uzman travma cerrahi tarafindan, ileri Travma Yasam Destegi ve Dogu
Travma Cerrahisi Dernegi kilavuzlarina uyuma gére ikili uyum puanlama sistemiyle degerlendirildi. istatistiksel analizlerde McNemar
testi, Cohen’in Kappa katsayisi, ki-kare analizi ve alici isletim karakteristigi (AIK) egrisi kullanild.

Bulgular: ChatGPT-4 %83,3 (25/30), Gemini 1.5 ise %60,0 (18/30) oraninda kilavuz uyumu sagladi. McNemar testi ChatGPT-4 lehine
bir egilim gosterse de istatistiksel olarak anlamli degildi (p = 0,0654). Modeller arasi uyum zayifti (x = 0,15), genel fark anlamli
bulunmadi (x2 = 2,95; p = 0,0856). Gemini'nin ChatGPT-4e gore AiK egrisi altinda kalan alani (AUC) 0,62 idi.

Sonug: ChatGPT-4, 6zellikle anatomik ve radyolojik dederlendirme alanlarinda Gemini 1.5%e gore daha ylksek kilavuz uyumu
gostermistir. Ancak, sinirli model uyumu ve istatistiksel anlamliligin olmamasi, klinik uygulamadan dnce hekim denetimi ve ileri
dogrulama gerekliligini vurgulamaktadir. Bulgular, yapay zeka destekli travma karar destek sistemlerinin potansiyelini gostermekle
birlikte, akut bakimda hekim yargisinin 6nemini korudugunu ortaya koymaktadir.

Anahtar Kelimeler: Torasik travma, yapay zeka, triyaj, ChatGPT, Gemini, acil cerrahi, klinik karar destek sistemi

Introduction

High-energy thoracic trauma represents a critical
challenge in emergency medicine,accounting for 20-25% of
trauma-related mortality and contributing to an additional
50% of deaths among patients with polytrauma (1). The
Golden Hour concept emphasizes that survival outcomes
fundamentally depend on rapid recognition, accurate
assessment, and timely implementation of evidence-
based interventions within the first 60 minutes after injury.
Contemporary trauma care relies heavily on standardized
protocols, particularly the Advanced Trauma Life Support
(ATLS) guidelines developed by the American College of
Surgeons Committee on Trauma (2),which provide systematic
approaches to primary and secondary survey methodology,
diagnostic prioritization, and therapeutic decision-making.

The complexity of thoracic trauma management stems
from the anatomical diversity of potential injuries, ranging
from simple pneumothorax to life-threatening conditions
such as massive hemothorax, cardiac tamponade, and
tracheobronchial disruption (3). Each injury pattern
requires specific diagnostic approaches and therapeutic
interventions, and management decisions often depend
on integrating the clinical presentation, physiologic
parameters, imaging findings, and mechanisms of injury (4).
The time-sensitive nature of these decisions,combined with
the high stakes of potential adverse outcomes, creates an
environment where clinical decision support tools could
provide substantial value.

Artificial intelligence (Al) and machine learning
technologies have demonstrated increasing sophistication
in medical applications, with large language models (LLMs)
showing particular promise in knowledge-based medical
tasks. Recent studies (5-7) have evaluated Al performance
in medical licensing examinations, diagnostic reasoning,
and clinical documentation, with several models achieving

performance levels comparable to or exceeding those of
human physicians in controlled testing environments (8).
However, the translation of these capabilities to acute care
scenarios, particularly in trauma medicine where rapid
decision-making under uncertainty is paramount, remains
largely unexplored (9).

The potential applications of Al in trauma care extend
beyond simple knowledge retrieval to include pattern
recognition, risk stratification, and decision support in
resource-limited environments. Emergency departments
and trauma centers increasingly face challenges related
to physician workload, diagnostic accuracy under time
pressure, and standardization of care across different
experience levels. Al-assisted decision support could
address these challenges by providing consistent,guideline-
based recommendations (10) and maintaining the speed
necessary for acute care environments, although notable
limitations in accuracy have been documented.

This study aims to evaluate the performance of two
leading LLMs, ChatGPT-4 and Gemini 1.5, in providing
guideline-concordant recommendations for the
management of high-energy thoracic trauma. Through
a systematic evaluation of 30 synthetic clinical scenarios
designed to reflect authentic trauma presentations, we
assess the capacity of these Al systems to support clinical
decision-making in acute care settings while identifying
specific areas of strengths and limitations that inform future
development and implementation strategies.

Materials and Methods

This study employed a retrospective simulation
framework involving 30 synthetically generated high-
energy thoracic trauma scenarios. Case construction was
guided by existing literature on trauma epidemiology, injury
biomechanics, and acute clinical management protocols.
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Cases were reviewed by two board-certified trauma surgeons
to ensure plausibility, clinical relevance,and alignment with
real-world trauma profiles.

Two state-of-the-art LLMs were evaluated: ChatGPT-4
(OpenAl) and Gemini 1.5 (Google DeepMind). Each model
was independently queried using the 30 cases in a
structured prompt format. Each model was queried in a new
and isolated session to avoid memory-related carryover
effects and minimize prompt-context drift. Prompts included
anonymized clinical summaries detailing the mechanism of
injury, vital signs, physical findings, and a primary clinical
question (e.g., airway management, need for imaging, and
need for thoracostomy).

Model outputs were assessed for:

e Clinicalappropriateness:Whetherthe recommendation
aligned with accepted trauma protocols.

e Guideline concordance: Based on ATLS, Eastern
Association for the Surgery of Trauma (EAST), and trauma
surgical best practices.

e Intervention prioritization: Accuracy and urgency of
life-saving measures.

Responses were scored dichotomously (1 = guideline-
concordant; 0 = discordant or delayed) by an independent
panel of trauma specialists blinded to model identity.
Statistical analysis included descriptive  statistics,
McNemar’s test, Cohen’s Kappa coefficient, chi-square tests,
and receiver operating characteristic (ROC) curve analysis
to evaluate diagnostic performance and model agreement.

The study was conducted without human subject data
and was therefore exempt from institutional review board
(IRB) approval.

Inclusion Criteria

A total of 30 synthetic cases were included in this study
(Table 1). These cases were designed to emulate real-world
presentations of high-energy thoracic trauma, based on
established injury patterns observed in clinical practice.
Inclusion criteria for case construction were as follows:

e Mechanism of injury consistent with high-energy
blunt or penetrating thoracic trauma (e.g., motor vehicle
collisions, falls from height, crush injuries).

» Presence of physiologic instability (e.g., hypotension,
tachypnea, hypoxia) or pathognomonic thoracic injury signs
(e.g., subcutaneous emphysema, flail chest, distended neck
veins).

 Availability of clearly defined clinical findings, vital
signs, and a specific diagnostic or management question
related to acute trauma care.

e Relevance to guideline-based decision-making
processes, particularly those addressed by the ATLS and
EAST recommendations.

Each synthetic case was developed to provide sufficient
detail for Al models to interpret the scenario and to propose
a prioritized clinical action plan.

Statistical Analysis

Responses from the two Al models were dichotomously
scored (1 = guideline-concordant; O = discordant or delayed)
by an independent panel of trauma specialists blinded to
modelidentity.Descriptive statistics were used to summarize
categorical variables as frequencies and percentages.

A paired comparison of binary outcomes was conducted
using the McNemar test to detect significant differences in
guideline-concordant responses between the two models.
Agreement between ChatGPT and Gemini was assessed using
Cohen’s Kappa coefficient. A chi-square test was performed
to examine associations between model performance and
case-specific variables. This test was used solely to evaluate
differences in paired proportions and was not intended to
represent clinical agreement or imply clinical equivalence
between the models.

Apairedt-test was notapplied because the model outputs
were binary (0/1),and this test requires continuous,normally
distributed data. ROC curves were generated to evaluate
the diagnostic performance of each model in predicting
expert-aligned responses. In this study, ROC analysis was
used as an exploratory model-to-model comparison tool
rather than a clinical diagnostic metric, with ChatGPT’s
outputs serving as the benchmark. The area under the curve
(AUC) was calculated to quantify discriminatory power. All
analyses were performed using SPSS version 27 (IBM Corp.)
and GraphPad Prism version 9.0, with statistical significance
set at a p-value < 0.05.

Results

In the context of Al-assisted decision-making in trauma
care, concordant response scores refer to the degree of
alignment between an Al model’s clinical recommendations
and established trauma management guidelines, such as
ATLS or EAST.

The purpose of concordance scoring is to assess the
reliability and clinical appropriateness of Al-generated
responses, particularly in high-stakes scenarios such as
high-energy thoracic trauma. Each response is evaluated by
expert reviewers or automated protocols for its consistency
with evidence-based clinical standards.

Concordant response scores provide a quantifiable
framework to determine the clinical utility of Al models.
In our study, models, such as ChatGPT-4 and Gemini 1.5,
were evaluated on 30 synthetic thoracic trauma cases. The
scoring system allowed a standardized comparison based
on adherence to trauma guidelines, revealing significant
differences in model performance (Table 2).
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Table 1. Synthetic thoracic trauma cases dataset.

Case ID | Age | Gender | Mechanism of injury | Clinical findings Vital signs Primary question
. Subcutaneous emphysema | BP: 101/74 mmHg, HR: 122 bpm, | What should be the
1 72 Male é;?:gtlt D (A and decreased breath RR: 28 bpm, immediate clinical approach
) sound on the right Sp0,:92% and need for intervention?
. Massive hemothorax BP: 80/63 mmHg, HR: 99 bpm, What should be the
Assault with blunt AR - . . - o
2 54 Female obiect requiring immediate RR: 31 bpm, immediate clinical approach
) decompression Sp0,: 86% and need for intervention?
High-speed motor Multiple Lleft rib fractures BP:. PRI i (R LE2 g, What ShOUld be i
g = Akl vehicle collision with minimal hemothorax 1553 182 o1 i T2e/Fe EEEL E(p TR
Sp0,:96% and need for intervention?
Pedestrian struck Flail chest with bilateral 17 i3 manly 1% £ eran What ShOUld .bE." e
4 40 Female by car ulmonary contusion RR: 35 bpm, immediate clinical approach
y P y Sp0,:98% and need for intervention?
BP:95/70 mmHg,
Assault with blunt | Multiple left rib fractures | HR: 140 bpm, What should be the
5 63 Male - . L ; immediate clinical approach
object with minimal hemothorax | RR: 25 bpm, - .
Sp0 - 90% and need for intervention?
2° (]
. . . . BP:91/68 mmHg, HR: 99 bpm, What should be the
6 64 Female Eedcis;trlan SIS Ftal#;r;easrt vcvcl)tnrlf;ilg:]eral RR: 27 bpm, immediate clinical approach
K P v Sp0,:97% and need for intervention?
High-speed motor Subcutaneous emphysema | BP: 120/66 mmHg, HR: 95 bpm, | What should be the
7 57 Male veaiclepcollision and decreased breath RR: 20 bpm, immediate clinical approach
sound on the right Sp0,:94% and need for intervention?
. Cardiac tamponade signs BP: 80/73 mmHg, HR: 103 bpm, | What should be the
Pedestrian struck . . . . . o
8 61 Female by car with hypotension and RR: 23 bpm, immediate clinical approach
y tachycardia Sp0,:95% and need for intervention?
Pulmonary contusion BP:91/80 mmHg, HR: 123 bpm, | What should be the
9 20 Male Fall from height with right-sided small RR: 29 bpm, immediate clinical approach
pneumothorax Sp0,:95% and need for intervention?
. Massive hemothorax BP:111/69 mmHg, HR: 123 bpm, | What should be the
Pedestrian struck A - . . .
10 34 Female by car requiring immediate RR: 20 bpm, immediate clinical approach
y decompression Sp0,: 89% and need for intervention?
. Cardiac tamponade signs BP:107/59 mmHg, HR: 121 bpm, | What should be the
High-speed motor . . : . - e
11 50 Female vehicle collision with hypotension and RR: 33 bpm, immediate clinical approach
tachycardia Sp0,: 88% and need for intervention?
. . BP: 100/40 mmHg, HR: 119 bpm, | What should be the
12 53 Female | Industrial accident gun%uiaéfggﬁzgr':tfon::%z RR: 27 bpm, immediate clinical approach
Sp0,:90% and need for intervention?
High-speed motor Pulmonary contusion BP: 108/52 mmHg, HR: 97 bpm, | What should be the
13 75 Male veaiclepcollision with right-sided small RR:22 bpm, immediate clinical approach
pneumothorax Sp0,:95% and need for intervention?
Cardiac tamponade signs BP: 83/41 mmHg, HR: 91 bpm, What should be the
14 69 Female | Fall from height with hypotension and RR: 21 bpm, immediate clinical approach
tachycardia Sp0,:96% and need for intervention?
. . . . BP: 86/76 mmHg,HR: 119 bpm, | What should be the
15 52 Female Eedcis:trlan AIUES Ftal#;:zsrt \év(;tnrlf;ilgaeral RR: 36 bpm, immediate clinical approach
g P v Sp0,: 89% and need for intervention?
Pulmonary contusion BP: 97/60 mmHg, HR: 106 bpm, | What should be the
16 40 Female | Fall from height with right-sided small RR: 22 bpm, immediate clinical approach
pneumothorax Sp0,:90% and need for intervention?
Tracheobronchial injury BP: 106/78 mmHg, HR: 134 bpm, | What should be the
17 31 Male Motorcycle crash suspected with severe air RR: 19 bpm, immediate clinical approach
leak Sp0,: 87% and need for intervention?
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Table 1. Continued.

CaseID | Age | Gender | Mechanism of injury | Clinical findings Vital signs Primary question
High-speed motor Open chest wound with BP:. DO 12 /8 £ 2T What ShOULd be dne
18 66 Male vehicle collision aradoxical movement RR: 34 bpm, immediate clinical approach
P Sp0,:85% and need for intervention?
Massive hemothorax BP: 89/48 mmHg, HR: 101 bpm, | What should be the
19 60 Female | Motorcycle crash requiring immediate RR: 29 bpm, immediate clinical approach
decompression Sp0,:96% and need for intervention?
High-speed motor Sternal fracture with BP:118/69 mmHg, HR: 134 bpm, | What should be the
20 19 Male ve?miclepcollision anterior chest wall RR: 28 bpm, immediate clinical approach
deformity Sp0,:96% and need for intervention?
AssaUllewith BNt [FL=illchestwith Bilatersl i o o=/ ddmmbigzER-LOBspm{f¥¥hiabshouldice the
21 23 Male obiect ulmonary contusion RR: 34 bpm, immediate clinical approach
) P y Sp0,:87% and need for intervention?
. . . BP: 74/44 mmHg, HR: 122 bpm, | What should be the
22 34 Male éf’?:gtlt il (TS xﬁg'%ﬁil;f;lnhbefnr]aoﬁ]ugreasx RR: 27 bpm, immediate clinical approach
: Sp0,:94% and need for intervention?
Massive hemothorax BP:98/75 mmHg, HR: 101 bpm, | What should be the
23 30 Male Motorcycle crash requiring immediate RR: 27 bpm, immediate clinical approach
decompression Sp0,:92% and need for intervention?
Open chest wound with BP: 84/80 mmHg, HR: 100 bpm, | What should be the
24 32 Female | Industrial accident gradoxical movement RR: 30 bpm, immediate clinical approach
P Sp0,: 90% and need for intervention?
High-speed motor Open chest wound with BP:, BL7/EID GRITAGh RS D002 o, What ShOULd be 40E
25 44 Female vehicle collision aradoxical movement RR:32 bpm, immediate clinical approach
P Sp0,:98% and need for intervention?
. Pulmonary contusion BP: 70/59 mmHg, HR: 98 bpm, What should be the
26 40 Female égg:;lt with blunt with right-sided small RR: 29 bpm, immediate clinical approach
) pneumothorax Sp0,:92% and need for intervention?
Tracheobronchial injury BP: 96/46 mmHg, HR: 117 bpm, | What should be the
27 21 Male Fall from height suspected with severe air RR: 31 bpm, immediate clinical approach
leak Sp0,: 88% and need for intervention?
. Cardiac tamponade signs BP:94/75 mmHg, HR: 97 bpm, What should be the
High-speed motor . . . . - o
28 41 Female vehicle collision with hypotension and RR: 36 bpm, immediate clinical approach
tachycardia Sp0,: 90% and need for intervention?
Pulmonary contusion BP: 90/42 mmHg, HR: 140 bpm, | What should be the
29 59 Male Industrial accident with right-sided small RR: 27 bpm, immediate clinical approach
pneumothorax Sp0,:95% and need for intervention?
Massive hemothorax BP: 76/40 mmHg, HR: 128 bpm, | What should be the
30 56 Male Industrial accident requiring immediate RR: 34 bpm, immediate clinical approach
decompression Sp0,:95% and need for intervention?
BP, blood pressure; HR, heart rate; RR, respiratory rate.

The implementation of such scoring systems is essential
for validating Al tools in critical care environments.
While high concordance implies safe and actionable
recommendations, discordant outputs underscore the need
for clinician oversight and further training of these models.

ChatGPT-4 achieved concordant responses in 25 out of
30 cases (83.3%).Gemini 1.5 achieved concordant responses
in 18 out of 30 cases (60.0%; Figure 1).

ChatGPT-4 demonstrated a significantly higher
concordance with trauma management guidelines,achieving
an accuracy of 83.3%, compared to Gemini 1.5’s 60.0%.
This discrepancy suggests that ChatGPT-4 may offer more
reliable clinical decision support in acute trauma scenarios,

aligning more consistently with established protocols such
as ATLS. These findings underscore the potential of LLMs
to augment emergency triage and intervention planning,
provided they are appropriately validated and supervised.

Contingency table:

e Both correct: 16

e ChatGPT only correct: 9

e Gemini only correct: 2

e Bothincorrect: 3 McNemar test statistic = 2.00, p-value
=0.0654

e Interpretation: A statistically significant result (p <
0.05) indicates a difference in accuracy between the two
models.
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The McNemar test was applied to evaluate whether the
difference in accuracy between ChatGPT and Gemini was
statistically significant. The test focuses specifically on
discordant pairs—instances where one model was correct
and the other was not (Table 3). The analysis yielded a test
statistic of 2.00 (p = 0.0654).

e Interpretation: While ChatGPT outperformed Gemini in
more cases (9 vs. 2), the difference did not reach statistical
significance at the conventional threshold (p < 0.05). This
suggests a trend toward superior performance by ChatGPT,
but the evidence is insufficient to conclusively reject the
null hypothesis. Larger datasets or stratified subgroup
analyses may be required for more robust inference.

Table 2. Characteristics of concordant response scoring.

Feature Description
Binary assessment of whether the Al
Definition output adheres to recognized clinical

guidelines.

1 = guideline-concordant, 0 = discordant

Scoring method . -
or inappropriate.

Timeliness, accuracy, clinical
appropriateness, and intervention
prioritization.

Assessment criteria

Scored by trauma care experts or
automated algorithms using decision
matrices.

Review process

Evaluating Al reliability in trauma triage

Use case
and acute management contexts.

Al, artificial intelligence.

Descriptive Comparison of Guideline-Concordant Responses
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Figure 1. Comparison of guideline-concordant response rates
between ChatGPT-4 and Gemini 1.5 across 30 synthetic high-
energy thoracic trauma cases.

Cohen’s kappa score was 0.15, indicating the level of
agreement between the two models’ responses (Table 4).

Cohen’s Kappa coefficient is a statistical measure used
to assess the level of agreement between two raters or
models beyond chance. This analysis quantifies how often
ChatGPT and Gemini provided the same classification (i.e.,
guideline-concordant or discordant responses) across 30
trauma cases.

The resulting Cohen’s Kappa score of 0.15 indicates only
slight agreement between the two Al models. According
to the commonly accepted benchmarks (Landis and Koch,
1977), this suggests that the models often diverged in
their decisions. Low inter-model agreement may reflect
differences in algorithmic reasoning, training data, or
interpretation of clinical priorities.

e Implications: While both models aim to mimic clinical
reasoning, the modest level of agreement highlights
variability in Al-generated recommendations. This
variability underscores the necessity for human oversight
and systematic validation of Al models before integration
into clinical workflows.

Chi-square statistic = 2.95, p-value = 0.0856

e Interpretation: This test assesses whether the overall
success rates of the two models differ significantly.

The chi-square test was conducted to determine whether
the proportion of guideline-concordant responses differs
significantly between ChatGPT-4 and Gemini 1.5 (Table 5).
The resulting chi-square statistic was 2.95 (p = 0.0856).

e Interpretation: Although ChatGPT-4 showed a
numerically higher rate of concordant responses (83.3%)
compared to Gemini 1.5 (60.0%), the observed difference

Table 3. Contingency table of concordant responses between
models.

Comparison Number of cases
Both models correct 16

ChatGPT only correct 9

Gemini only correct

Both models incorrect 3

Table 4. Agreement assessment between ChatGPT and Gemini.

Metric Value
0.15
Slight agreement

Cohen’s Kappa score

Interpretation

Table 5. Frequency distribution of guideline-concordant and

discordant responses.

Model Concordant Discordant
ChatGPT-4 25 5
Gemini 1.5 18 12
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did not reach statistical significance at the conventional
alpha level (p < 0.05). This indicates that while ChatGPT-4
appears more consistent with clinical guidelines,the sample
size may be insufficient to definitively establish superiority
using this method alone.

e Clinical implication: Chi-square analysis supports
preliminary findings but also underscores the importance of
larger sample sizes and complementary statistical methods
for robust comparative assessments.

The ROC analysis comparing Gemini’s concordance with
ChatGPT’s reference standard yielded an AUC of 0.62.

The ROC curve compares the classification performance
of Gemini 1.5, using ChatGPT-4’s decisions as the reference
standard (Figure 2). The area under the ROC curve (AUC) was
calculated to be 0.62.

e Interpretation: The AUC reflects the model’s ability
to distinguish between concordant and discordant
classifications. An AUC value of 0.5 indicates no
discriminative ability, while a value close to 1.0 indicates
excellent performance. The observed AUC of 0.62 suggests
a moderate ability of Gemini 1.5 to emulate ChatGPT-4’s
decision-making pattern, but it indicates limitations in
reliability and clinical precision.

e Clinical relevance: Although ROC analysis is typically
used in binary classification contexts with a definitive
ground truth, its application here illustrates the divergence
in decision patterns between Al models. This supports the
broader argument that Al model selection and validation
must be context-specific, particularly in safety-critical
domains such as trauma care.

ROC Curve for Gemini vs ChatGPT Concordance

o
o

I3
IS

3
©
4
o
2
@
S
&
o
2
=

ROC Curve (AUC = 0.62)

0.4 0.6 0.8 1.0
False Positive Rate

Figure 2. ROC curve showing Gemini 1.5 discriminative
performance using ChatGPT-4 as reference.

ROC, receiver operating characteristic.

Discussion

Previous comparative studies evaluating large language
models in acute clinical scenarios have reported variability
in temporal accuracy and guideline adherence. showing
that ChatGPT provided more guideline-consistent and
timely interventions in emergency neurosurgical contexts
than Gemini. The authors emphasized the significance of
timeliness and context awareness in Al-generated clinical
recommendations—both of which are critical in trauma
scenarios. These findings align with our observations,
particularlyin high-stakes situations such as the management
of tension pneumothorax or cardiac tamponade, where
delays can result in catastrophic outcomes.

The findings of this study underscore the potential of Al
models in enhancing clinical decision-making in high-stakes
environments such as thoracic trauma care. ChatGPT-4
demonstrated superior guideline adherence compared to
Gemini 1.5, particularly in cases requiring immediate and
protocol-driven interventions. This observation aligns with
previous literature, in which ChatGPT has shown relatively
high performance in structured clinical assessments (11,12).

Despite promising results, the slight agreement between
ChatGPT-4 and Gemini (Cohen’s kappa = 0.15) suggests
significant variability in how each model interprets and
applies clinical guidelines. This phenomenon has been
documented in other comparative studies, such as those
evaluating Al model performance on neurosurgical board
examinations and radiologic decision-making tasks (13,14).
The inconsistency between models highlights the influence
of underlying architectures, training corpora, and inference
mechanisms on the clinical applicability of Al-generated
responses.

Concordant response scoring in this context provided
a standardized, objective measure of Al performance. This
methodology has gained traction in recent Al benchmarking
efforts within the healthcare domain (15,16). Our findings
contribute to this growing body of literature by applying such
metrics in a trauma-specific setting—an area that demands
rapid, accurate, and guideline-concordant decisions (Table
6).

While ChatGPT-4 achieved a higher rate of correct
responses, the lack of statistical significance in McNemar’s
test (p = 0.0654) and the chi-square test (p = 0.0856)
underscores the need for cautious interpretation. Larger
datasets or prospective validation in real-world clinical
encounters may be required to confirm the superiority.
Additionally, ROC curve analysis yielded an AUC of 0.62 for
Gemini 1.5, indicating limited but detectable discriminative
ability when benchmarked against ChatGPT-4. Importantly,
the statistical agreement identified by McNemar’s test does
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not imply clinical equivalence between the models and,
therefore, has limited interpretive value in evaluating their
real-world performance. Similarly, the ROC results should
be interpreted as an exploratory comparison of relative
discriminative behavior between models rather than as a
measure of clinical diagnostic accuracy.

The modest AUC and observed discordance raise
important considerations regarding the use of Al in
critical care. As Haemmerli et al. (17) and Aghamaliyev et
al. (18) have noted, Al tools must be evaluated not only
for accuracy but also for the potential consequences of
delayed or inappropriate recommendations. In trauma
care—where decisions often have immediate life-or-death
consequences—this requirement is paramount.

Table 6. Case-by-case concordance scores.

Case ID ChatGPT score Gemini score
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Moreover,the pattern of conservative responses observed
in Gemini mirrors findings from previous assessments in
ophthalmology and otolaryngology, where the model often
opted for watchful waiting or further diagnostic evaluation
rather than decisive action (19,20). While such caution may
be appropriate in certain contexts, it can be detrimental in
acute trauma scenarios.

In  contrast, ChatGPT-4's more assertive clinical
posture reflects its alignment with structured, guideline-
based responses, making it potentially more suitable for
integration into triage decision-support tools. Nonetheless,
the necessity of clinical oversight cannot be overstated, as
even small inaccuracies in high-acuity settings can have
cascading effects.

In summary, our findings support the hypothesis that
ChatGPT-4 is more consistent with established trauma
protocols than Gemini 1.5. However, both models exhibited
limitations, particularly in inter-model reliability. These
results reinforce the need for hybrid models of care in which
Al augments, but does not replace, human clinical judgment.

Future Directions

To further validate and refine the role of Al in trauma
care, several avenues of research should be pursued. First,
prospective studies using real patient data—preferably in
multicenter emergency or trauma settings—are essential
to evaluate Al performance under real-world constraints,
including time pressure, incomplete data, and diagnostic
ambiguity.

Second, future work should aim to develop more nuanced
and multidimensional evaluation metrics, incorporating
partial correctness, clinical rationale quality, and decision-
making efficiency alongside strict guideline adherence.
The use of expert panels and Delphi methods may aid in
establishing more robust scoring frameworks.

Additionally, future studies will incorporate repeated
querying on different days,randomization of case order,and
session resets such as clearing cache/cookies to evaluate
reproducibility and quantify model-level variability. These
methodological refinements will help assess intra-model
variability and enhance the robustness of comparative LLM
analyses.

Third, expanding the sample size and diversity of
trauma mechanisms (e.g., penetrating injuries, blast trauma,
pediatric cases) will enhance the generalizability and
clinical utility of Al models. Stratified analysis by injury type
or severity could yield insights into model-specific strengths
and weaknesses.

Fourth, integration of multimodal data—including
radiological images, ultrasound findings, and vital sign
trends—into model prompts may significantly enhance
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diagnostic accuracy and triage appropriateness. Future
models capable of processing such heterogeneous inputs
should be evaluated.

Lastly, the incorporation of Al into clinical workflows
must be accompanied by rigorous usability studies,
clinician-Al interaction analyses, and ethical evaluations.
Ensuring transparency, interpretability, and accountability
in Al-driven recommendations is paramount, especially in
high-stakes domains like trauma surgery.

Study Limitations

Despite its structured methodology and expert-
reviewed design, this study possesses several limitations.
First, the use of synthetic trauma cases, while beneficial
for standardization and reproducibility, may not fully
replicate the complexity and variability observed in real-
world clinical encounters. As such, generalizability to live
patient care settings is limited and necessitates cautious
interpretation of findings.

Second, the binary concordant scoring system, although
practical for assessing guideline adherence, lacks
granularity in capturing partial correctness or contextual
appropriateness. This may oversimplify the spectrum of
clinical acceptability, especially in nuanced cases where
multiple valid management strategies may coexist.

Third, the relatively small sample size (n = 30) restricts
the statistical power of comparative analyses. While trends
favoring ChatGPT-4 were observed, several tests did not
reach conventional thresholds of statistical significance,
thereby limiting the strength of inferential claims.

Additionally, because each case was tested only once per
model, the study does not capture intra-model variability
across repeated sessions. This limitation has been added
to acknowledge that LLM outputs may vary depending
on prompt order, timing, or session resets. Future studies
incorporating repeated testing will be necessary to quantify
reproducibility.

Furthermore, expert assessment of Al responses, though
blinded and based on consensus guidelines, is inherently
subjective. Inter-rater variability was not formally quantified,
which may affect the consistency of scoring across cases.

Finally, the models were evaluated in a retrospective,
asynchronous simulation framework, without real-time
interaction, iterative questioning, or multimodal inputs (e.g.,
imaging, labs), which are crucial elements in actual trauma
evaluation. Therefore, performance under dynamic clinical
conditions remains untested.

Conclusion

This study demonstrates that LLMs, particularly
ChatGPT-4, possess promising capabilities in supporting

early decision-making in high-energy thoracic trauma
scenarios. ChatGPT-4 outperformed Gemini 1.5 in terms of
guideline adherence, intervention prioritization, and overall
clinical appropriateness. Although the statistical analyses
did not yield definitive significance across all measures,the
trend consistently favored ChatGPT-4.

These findings highlight the potential role of Al in
supplementing clinical workflows where rapid, evidence-
based decisions are critical. In the high-stakes environment
of trauma care—where time-sensitive decisions directly
influence morbidity and mortality—Al-based support tools
may offer tangible improvements in triage, diagnosis, and
immediate management, particularly in settings with
limited access to experienced trauma surgeons.

Nevertheless, the variability in model performance and
low inter-model agreement reinforce the importance of
human oversight and rigorous validation. Al models remain
prone to hallucinations, contextual misinterpretations, and
overly cautious or delayed recommendations, all of which
could carry significant clinical risks in acute settings.

Until such systems achieve consistent reliability, Al
should be viewed as an adjunct rather than a replacement
for expert clinical judgment. Moreover, their utility must be
continuously re-evaluated through prospective validation
studies, including real patient scenarios, multi-center
collaborations, and integration with real-time decision-
support systems.

Future research should focus on expanding the sample
size, incorporating diverse trauma etiologies, and testing Al
models across heterogeneous healthcare environments. The
ultimate goal should be the development of interoperable,
context-sensitive Al tools that support equitable and high-
quality emergency care without compromising patient
safety.
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