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ABSTRACT

Background: Early and accurate identification of ST-Elevation Myocardial Infarction
(STEMI) in the prehospital setting would reduce morbidity and mortality (Rao et al.
2025). Artificial Intelligence (AI) tools may assist emergency medical personnel by
providing rapid electrocardiogram (ECG) interpretation and differential diagnosis
(Chen et al. 2022; Nallamothu et al., 2015).

Objective: To evaluate the diagnostic accuracy of ChatGPT-4.0, Gemini 2.5 Pro, and a
hybrid model combining ECG-GPT + ChatGPT-4.0 in classifying STEMI versus non-
STEMI cases based on ECG and clinical data inputs.

Methods: Fifty-six consecutive de-identified cases (28 STEMI, 28 non-STEMI) from
Staten Island University Hospital EMR (1/2025-6/2025) were analyzed. Each case
included demographics, vital signs, chief complaints, and a representative 12-lead
ECG. The three Al models were independently asked to classify each case as STEMI
or not STEML

Results: For the STEMI cohort (n=28), detection rates were: ChatGPT-4.0 21.4%, Gemini
2.5 Pro 67.9%, and ECG-GPT + ChatGPT hybrid 71.4%. For the non-STEMI cohort
(n=28), correct classification rates were: ChatGPT-4.0 92.9%, Gemini 2.5 Pro 28.6%,
and ECG-GPT + ChatGPT hybrid: 96.4%. The ECG-GPT + ChatGPT hybrid model
demonstrated the highest diagnostic accuracy at 83.9%.

Conclusion: While ChatGPT-4.0 showed high specificity, it lacked sensitivity for STEMI
detection. Gemini 2.5 Pro improved sensitivity but yielded higher false positives.
The hybrid ECG-GPT + ChatGPT model outperformed both standalone models,
suggesting that multimodal Al integration may enhance triage accuracy for prehos-
pital care. Despite the small population size and limitations associated with this,
these results propose a viable means to hypothesize that Al may have potential in
assisting responders with early STEMI identification. Future improvements in model
precision could support the implementation of Al-based triage systems in emergency
response settings, reducing time to treatment and improving outcomes by aiding
direct cardiac catheterization lab transfers without unnecessary delays (Garvey et al.,
2012; Squire et al., 2014).

Copyright © 2026 by the National EMS Management Association and the authors. This work is licensed under Creative Commons
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INTRODUCTION

Timely identification and treatment of ST-Elevation Myocardial Infarctions (STEMIs) are
imperative in improving cardiac patient outcomes (Nallamothu et al., 2015; Rao et al.,
2025). In this study, we explore the integration of artificial intelligence (Al) into prehos-
pital triage protocols to enhance early STEMI detection and expedite contact-to-balloon
time (Nallamothu et al., 2015). Recognizing the limitations faced by paramedics and
emergency medical technicians in the field and physicians in the emergency room, we
propose Al as a decision-support tool to assess prehospital ECGs and clinical data.

Importantly, not all Al systems are equivalent in clinical use. Purpose-built medical Al
devices, including software as a medical device, are typically developed for a defined
intended use, trained and validated on clinical datasets, evaluated with prespecified
performance metrics, and deployed within regulated quality, safety, and risk-manage-
ment frameworks. By contrast, consumer-facing large language models (LLMs) such as
ChatGPT and Gemini are general-purpose conversational systems. They are not de-
signed, cleared, or validated as standalone diagnostic devices for STEMI interpretation,
and their outputs may be influenced by prompt structure, model updates, incomplete
clinical context, and probabilistic language generation. Therefore, this study does not
evaluate ChatGPT or Gemini as deployable medical devices. Rather, it examines whether
general-purpose multimodal LLMs can perform a constrained experimental classifica-
tion task and whether pairing an ECG-focused model with a language model improves
performance compared with consumer LLMs alone.

Despite its recognized benefits, accurate ECG interpretation by emergency medical
technicians (EMTs) in prehospital settings remains challenging. Conventional devices
require meticulous electrode placement and skilled interpretation—often compromised
by the complexities of prehospital environments (Gregory et al., 2019). Rule-based algo-
rithms used in systems like those in Hong Kong deliver high sensitivity (~94.6%) but
only fair specificity (~87.9%), leading to notable false-positive rates and potential over-tri-
age (Lai et al.,, 2024).

The current state of prehospital STEMI diagnosis varies across EMS systems. In para-
medic-led interpretation models, diagnostic performance may be limited by STEMI
mimics and variation in training. One study done at Pennsylvania State University
found that paramedics recognized STEMI with imperfect sensitivity and specificity
when faced with ECG mimics such as left ventricular hypertrophy, bundle branch block,
paced rhythms, and supraventricular tachycardia (Mencl et al., 2013). In systems using
computerized ECG interpretation, performance can be highly specific but not always
sufficiently sensitive, and incorrect computer interpretations may influence paramedic
decision-making. The UK RESPECT feasibility study showed that computer interpreta-
tion messages affected paramedic STEMI decisions, improving accuracy when correct
but worsening accuracy when incorrect (Pillberry et al., 2016). In systems using ECG
transmission, physician overread may improve positive predictive value, although stud-
ies show variable impact on false-positive activations and workflow time. Therefore, the
potential role of Al is not to replace existing EMS protocols, but to serve as adjunctive
decision support in systems where rapid interpretation must occur before definitive
cardiology review.
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Al and deep learning algorithms have the potential to enhance prehospital ECG inter-
pretation (Chen et al., 2022). These methods can automate analysis, reduce human error,
and potentially reduce diagnostic delays. For instance, models leveraging convolution-

al neural networks (CNNs) and long short-term memory (LSTM) architectures have
demonstrated impressive real-world performance: an AI model deployed in ambulances
in Central Taiwan, using a mini-portable 12-lead ECG device achieved accuracy of 99.2%,
sensitivity (recall) of 94.1%, specificity of 99.4%, and an impressively low response time

( 37s versus >113s for physicians). Moreover, this system helped initiate PPCI in ten iden-
tified STEMI patients, with a median contact-to-door time of 18.5 minutes (IQR: 16-20.8)
(Chen et al., 2022).

To address these gaps, our investigation evaluated three Al-driven approach-
es—ChatGPT-4.0, Gemini2.5Pro, and a hybrid model combining ECG-GPT with
ChatGPT—for their ability to discriminate STEMI versus non-STEMI cases based on
prehospital ECG findings, vital signs, and chief complaints. Using a balanced dataset

of 28 confirmed STEMI and 28 confirmed non-STEMI cases, we measured each model’s
accuracy, sensitivity, and specificity in order to (1) assess the standalone performance of
language-based models on ECG interpretation tasks, (2) determine whether multimodal
integration (ECG plus clinical data) enhances diagnostic performance, and (3) explore
the feasibility of deploying Al-based triage tools to accelerate in-field identification of
STEML

METHODS
StupY DESIGN AND DATA SOURCE

This was a retrospective diagnostic accuracy study using de-identified patient data
extracted from the electronic medical records (EMR) of Staten Island University Hospital
(Northwell Health). Cases included patients transported to the emergency department
(ED) with a variety of acute complaints in 2025. Although this study was motivated by
prehospital triage, the dataset consisted of retrospective ED-arrival cases rather than
prospectively collected ambulance ECGs; therefore, results should be interpreted as

an exploratory simulation of early triage decision support rather than validation in an
operational EMS system. The study population comprised two cohorts: patients with
confirmed ST-Elevation Myocardial Infarction (STEMI) and patients without STEMI. All
data were fully de-identified prior to analysis in accordance with institutional review
protocols.

CASE SELECTION

A total of 56 cases were randomly selected from the EMR system, consisting of 28 pa-
tients with confirmed STEMI (22 male, 6 female) and 28 patients without STEMI. STEMI
confirmation was based on final cardiology and interventional reports, while non-STEMI
cases were confirmed by discharge diagnoses and absence of acute coronary interven-
tion. Cases were stratified by age to ensure even distribution across both cohorts. Chief
presenting complaints in the STEMI cohort included chest pain, abdominal pain, syn-
cope, weakness, or dyspnea, consistent with known STEMI presentations. Non-STEMI
cases represented a mixture of chest pain and alternative complaints such as dizziness,
confusion, seizures, abdominal pain, or viral syndromes.
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DATA PREPARATION

For each patient, the following clinical variables were extracted:

e Demographics: Age, sex;

* Physiological data: Systolic and diastolic blood pressure, heart rate, respiratory
rate, and oxygen saturation;

* Presenting complaint: Chief symptom(s) at ED arrival;

¢ Electrocardiogram (ECG): Representative 12-lead image at presentation.

All data was compiled into a standardized case vignette format. Each vignette was
stripped of identifying information to maintain anonymity.

Al MopeL EVALUATION

Three Al models were evaluated:

¢ ChatGPT-4.0 (OpenAl, 2024)—a general-purpose large language model

* Gemini 2.5 Pro (Google DeepMind, 2025)—an advanced multimodal language
model

e ECG-GPT + ChatGPT model — a two-step system combining an ECG-specific
model (ECG-GPT, fine-tuned on electrocardiographic data) with ChatGPT for
clinical reasoning integration. No prompt was required for ECG-GPT; just an
image was attached. The output is a reading of the ECG, which was paired with
the prompt (as seen in Appendix) and input into ChatGPT.

Each model was independently provided with the same case vignette, including vital
signs, age, chief complaint, and ECG image. Models were instructed to classify each case
dichotomously as “STEMI” or “not STEMI.” No intermediate or probabilistic outputs
were recorded.

OuTtcOME MEASURES

The primary outcome was diagnostic accuracy of each model, defined as the proportion
of correctly classified cases compared to the gold-standard diagnosis (STEMI vs. not
STEMI) confirmed in the EMR. Secondary outcomes included:

e Sensitivity: proportion of true STEMI cases correctly identified;
* Specificity: proportion of true non-STEMI cases correctly excluded.

STATISTICAL ANALYSIS

Results were tabulated separately for the STEMI (n = 28) and non-STEMI (n = 28) cohorts.
Sensitivity, specificity, and accuracy were calculated with 95% confidence intervals
(Wilson method). Accuracy was computed as the proportion of correctly classified cases
across all 56 patients. All analyses were descriptive, given the exploratory nature of the
study.

RESULTS
StuDpY POPULATION

A total of 56 patient cases were included in the analysis, comprising 28 confirmed ST-el-
evation myocardial infarction (STEMI) cases and 28 confirmed not STEMI cases. Among
the STEMI group, 22 (78.6%) patients were male and 6 (21.4%) were female, with ages
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ranging from 38 to 89 years. The most common presenting complaint in STEMI patients
was chest pain, reported in 21 of 28 cases (75%), followed by abdominal pain, syncope,
weakness, or dyspnea. The non-STEMI cohort included 19 (67.9%) males and 9 (32.1%) fe-
males, with ages ranging from 34 to 85 years. Presenting complaints included chest pain,
dizziness, seizures, abdominal pain, and flulike symptoms. Baseline vital signs demon-
strated broad variability in both cohorts, reflecting the heterogeneity of clinical presen-
tations in the ED setting. No image quality issues arose from ECG submission, and all
model responses were binary due to the submitted prompt. No ambiguous responses
were output from any of the three LLMs.

MobeL PERFORMANCE ON STEMI Casks
The ability of each Al model to correctly classify STEMI cases varied considerably (Table
1):

¢ ChatGPT-4.0 correctly identified only 6 of 28 STEMI cases (21.4% sensitivity;
* Gemini 2.5 Pro correctly identified 19 of 28 STEMI cases (67.9% sensitivity);
e ECG-GPT + ChatGPT hybrid model correctly identified 20 of 28 STEMI cases

(71.4% sensitivity).
While Cha_tGPT-4'O fre- . Model Sensitivity Specificity (not Accuracy
quently failed to recognize ode (STEMLI, 95% CI) | STEMI 95% CI)|  (95% CI)
STEMI despite suggestive ChatGPT-4.0 21.4% (10.2-39.5)  [92.9% (774-98.0) | 571% (44.1-69.2)
clinical and ECG findings/ Gemini 2.5 Pro |679% (49.3-82.1) 28.6% (15.3-47.1) |48.2% (35.7-61.0)
. Hybrid ECG- o 0 9
Gemini 2.5 Pro and the GPT + ChatGPT |71:4% (529-847) | 96.4% (82.3-994) |83.9% (72.2-91.3)

hybrid model demonstrated
substantially greater sensi-
tivity.

Table 1. Diagnostic performance of Al models in identifying STEML

MobpiL PERFORMANCE ON NON-STEMI CASEs

Performance on the 28 non-STEMI cases showed a contrasting pattern:

e ChatGPT-4.0 correctly classified 26 of 28 non-STEMI cases (92.9% specificity);

* Gemini 2.5 Pro correctly classified only 8 of 28 non-STEMI cases (28.6% specifici-
ty), with frequent false-positive STEMI classifications;

* ECG-GPT + ChatGPT hybrid model correctly classified 27 of 28 non-STEMI cases
(96.4% specificity).

Thus, while Gemini 2.5 Pro increased sensitivity, it did so at the cost of markedly re-
duced specificity. In contrast, the hybrid model preserved both high specificity and
improved sensitivity.

OVERALL ACCURACY

When combining both cohorts (n = 56), overall diagnostic accuracy was:

e ChatGPT-4.0: 57.1% (32/56 correct);
e Gemini 2.5 Pro: 48.2% (27/56 correct);
o ECG-GPT + ChatGPT hybrid: 83.9% (47/56 correct).

Confidence intervals are presented in Table 1. The hybrid model’s performance intervals
did not overlap substantially with those of ChatGPT-4.0 or Gemini 2.5 Pro, supporting its
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superior diagnostic balance. Performance metrics are illustrated in Figure 2, and the case
selection process is summarized in Figure 1.

KEY OBSERVATIONS

ChatGPT-4.0 demonstrated strong (EMR, 1/2025-6/2025
specificity but extremely poor
sensitivity, under recognizing
STEMI cases; [R

Total cases reviewed]
)

Gemini 2.5 Pro demonstrated im-
proved sensitivity but produced
frequent false positives, lowering

ificity;
specificity [C

andom selection
(n= 56)

Hybri d ECG-GPT + ChatGPT onfirmed STEM] [Conflrmed non- STEM)

n=28 n=28
achieved the best balance, with ( ) ( )
both high sensitivity and spec- Figure 1. Case selection flow diagram.
ificity and the highest overall

Note. Flow diagram illustrating case inclusion. From
electronic medical records (1/2025-6/2025), 56 cases were
randomly selected, comprising 28 confirmed STEMI and

accuracy.

28 confirmed not STEMI patients.

BEE Sensitivity
B Specificity
EEm Accuracy

100

Percentage (%)

ChatGPT-4.0 Gemini 2.5 Pro
Model

Figure 2. Performance of Al models in STEMI classification.

Hybrid

Note. Bar chart showing sensitivity, specificity, and overall accuracy (with 95% confidence intervals) for
ChatGPT-4.0, Gemini 2.5 Pro, and the hybrid ECG-GPT + ChatGPT model. Distinct hatching patterns and colors

indicate the three performance metrics.

International Journal of Paramedicine — Number 15, July-September, 2026

108



Royzman, et al.: Comparative Diagnostic Accuracy of LLMs for STEMI Classification

DISCUSSION
PrincirAL FINDINGS

In this study, we evaluated the diagnostic performance of three artificial intelligence
(AI) models, ChatGPT-4.0, Gemini 2.5 Pro, and a hybrid ECG-GPT + ChatGPT system, in
classifying ST-elevation myocardial infarction (STEMI) versus non-STEMI presentations
using deidentified emergency department cases. The hybrid model achieved the high-
est overall diagnostic accuracy (83.9%), outperforming both general-purpose language
models. While ChatGPT-4.0 exhibited high specificity (92.9%) in ruling out not STEMI,
it showed poor sensitivity (21.4%), highlighting a limitation in recognizing true STEMI
cases. In contrast, Gemini 2.5 Pro improved sensitivity (67.9%) but at the cost of a steep
decline in specificity (28.6%), producing frequent false positives. Confidence intervals
turther highlight this advantage: the hybrid model achieved 83.9% accuracy (72.2-91.3),
compared with 571% (44.1- 69.2) for ChatGPT-4.0 and 48.2% (35.7-61.0) for Gemini 2.5
Pro, demonstrating a clear performance margin in this exploratory sample.

ComraRISON WITH PRIOR STUDIES

Our findings align with prior work demonstrating the promise of Al in prehospital and
ED cardiac triage. Earlier studies reported that an Al-driven mini-12-lead ECG device de-
ployed in ambulances in Taiwan achieved 94.1% sensitivity, 99.4% specificity, and a 99.2%
overall accuracy, while also reducing time to physician notification from 113 seconds to
37 seconds (Chen et al., 2022). Similarly, large-scale validation studies of deep learning
ECG classifiers have reported very accurate results, performing on par with human
cardiologists in controlled settings (Hannun et al., 2019). However, most existing models
have been domain-specific (CNN or LSTM-based ECG interpreters) and do not complete-
ly incorporate clinical context such as vital signs or patient-reported symptoms.

Our study is distinct in comparing general-purpose LLMs, which are readily available
to EMTs and medical personnel, with a specialized hybrid approach that integrates
ECG-focused Al The poor sensitivity of ChatGPT-4.0 illustrates the limitations of LLMs
when applied directly to clinical classification tasks without domain-specific training.
Conversely, Gemini 2.5 Pro’s higher sensitivity but poor specificity suggests that LLMs
may overfit to the presence of suggestive symptoms (e.g., chest pain), generating false
alarms. The hybrid approach, by contrast, suggests a promising pathway: combining
domain-trained models with general reasoning models to capture both structured ECG
patterns and unstructured clinical context.

CLINICAL IMPLICATIONS

The ability to rapidly and accurately identify STEMI in prehospital and ED settings is
important, as early reperfusion therapy directly correlates with reduced morbidity and
mortality (Rao et al.,, 2025; Nallamothu et al., 2015). False negatives (missed STEMIs) can
delay reperfusion and worsen outcomes, while false positives can overwhelm catheter-
ization laboratories with unnecessary activations (Garvey et al., 2012; Larson et al., 2007;
Squire et al., 2014). Our results suggest that an integrated hybrid Al system may enhance
frontline responders” diagnostic capabilities while minimizing unnecessary over triage.
Such systems could be embedded into ambulance monitors or emergency department
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workflows to support rapid triage and expedite “door-to-balloon” times (Squire et al.,
2014).

STRENGTHS AND LIMITATIONS

A strength of this study is the inclusion of both ECG images and clinical variables,
reflecting real-world ED presentations rather than isolated waveform data. Cases were
also balanced by age distribution, minimizing demographic skew. However, several
limitations must be acknowledged. First, the sample size was modest (n=56), limiting
generalizability. Second, the dataset was retrospective and restricted to a single health
system, which may not completely capture variability in ECG presentations or patient
populations. Third, AI models were tested in a static classification framework, without
iterative refinement or probabilistic confidence outputs, which may underestimate their
potential performance in real deployment. Finally, we did not benchmark against human
paramedic or physician interpretations, which would provide useful context for relative
performance.

Future DIRECTIONS

Future research should evaluate hybrid AI models in larger, prospective, and multicenter
datasets, ideally incorporating real-time ambulance and ED workflows. Integration of
additional multimodal inputs—such as laboratory biomarkers, prior ECGs, and risk
scores—may further enhance accuracy. Moreover, comparative studies against human
experts are essential to establish clinical utility and safety. Importantly, research should
also examine usability and workflow integration, ensuring that Al systems support
rather than overwhelm frontline responders.

CONCLUSION

This study highlights both the potential and limitations of current AI models for STEMI
detection. While general-purpose LLMs alone were insufficient, a hybrid ECG-GPT +
ChatGPT model achieved superior diagnostic accuracy, balancing sensitivity and speci-
ficity. This suggests that multimodal Al integration may offer a powerful tool for prehos-
pital and ED triage. These results are hypothesis-generating and calling for prospective,
multicenter, adequately powered validation—with human comparators and validated
reporting standards such as TRIPOD-AI (Collins et al., 2024).
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APPENDIX
VERBATIM LLM PromrT

You are reviewing a de-identified emergency department presentation for research pur-
poses only. You will be provided with patient age, sex, vital signs, chief complaint, and
a 12-lead ECG image. Classify the case as either STEMI or not STEMI based on the ECG
and clinical information.

Do not provide treatment recommendations.
Do not request additional information.
Choose only one final classification: STEMI or not STEMI.

Case:

Age: [age]

Sex: [sex]

Chief complaint: [chief complaint]
Blood pressure: [BP]

Heart rate: [HR]

Respiratory rate: [RR]

Oxygen saturation: [SpO2]

ECG image: [uploaded ECG image]
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