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ABSTRACT

BACKGROUND Timely reperfusion is critical in reducing mortality in ST-segment elevation myocardial infarction 
(STEMI). Although electrocardiography-guided cardiac catheterization laboratory (CCL) activation on the basis of 
first medical contact recognition improves system-level response, diagnostic uncertainty, particularly in atypical 
presentations, contributes to false positive activations (FPAs) and reperfusion delays.

OBJECTIVES The aim of this study was to evaluate the diagnostic performance and operational impact of artificial 
intelligence (AI)–based electrocardiographic (ECG) analysis in real-world STEMI triage across a multicenter U.S. registry.

METHODS A total of 1,032 patients with suspected STEMI who triggered emergent CCL activation at 3 geographically 
diverse percutaneous coronary intervention centers (January 2020 to May 2024) were retrospectively analyzed. Index 
electrocardiograms underwent standard triage and blinded retrospective AI ECG analysis (Queen of Hearts, PMcardio) 
trained to detect acute coronary occlusion and benign mimics. The reference standard was an angiographically 
confirmed culprit lesion with positive enzymes. Diagnostic accuracy, subgroup analyses, and FPA reclassification were 
compared.

RESULTS Of 1,032 emergent CCL activations, 601 (58.2%) had confirmed STEMI. The AI ECG model outperformed 
standard triage, demonstrating higher index ECG sensitivity (553 of 601 [92.0%; 95% CI: 89.7%-94.1%] vs 427 of 601 
[71.0%; 95% CI: 67.4%-74.6%]), reducing FPA rates (34 of 431 [7.9%; 95% CI: 6.4%-9.6%] vs 180 of 431 [41.8%; 
95% CI: 38.9%-44.7%]), and improving specificity (431 of 531 [81.0%; 95% CI: 77.2%-84.5%] vs 154 of 531 [29.0%; 
95% CI: 24.8%-33.4%]) (P < 0.001 for all). The AI ECG model’s area under the receiver-operating characteristic curve 
was 0.94 (95% CI: 0.92-0.95), maintaining consistent performance across clinically challenging subgroups (eg, atrial 
fibrillation, bundle branch block, STEMI equivalents). The AI ECG model reclassified 277 of 306 (91%) biomarker-
negative FPAs correctly.

CONCLUSIONS AI-based ECG analysis significantly improved STEMI detection, reduced FPAs, and enhanced the 
recognition of nonconventional presentations. This supports integration of AI-based ECG analysis into acute chest 
pain pathways. (JACC Cardiovasc Interv. 2026;19:145–156) © 2026 The Authors. Published by Elsevier on behalf of 
the American College of Cardiology Foundation. This is an open access article under the CC BY license (http:// 
creativecommons.org/licenses/by/4.0/).
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R apid reperfusion through primary percutaneous coronary intervention 
(PCI) remains the cornerstone of 

management for patients with ST-segment 
elevation myocardial infarction (STEMI). 1 

Guided by the principle that “time is 
muscle,” prompt identification and rapid 
activation of the cardiac catheterization labo-
ratory (CCL) significantly reduce delays to
intervention, improving clinical outcomes. 2 

Recently, the American College of Cardiology 
guidelines broadened electrocardiographic 
(ECG) criteria for emergent CCL activation, 
emphasizing immediate invasive strategies 
for both conventional STEMI and critical 
STEMI-equivalent ECG patterns suggestive 
of acute coronary occlusion, such as isolated 
posterior infarction or hyperacute T waves. 3 

Despite advances in regional STEMI sys-
tems and prehospital CCL activation, delays 
in achieving guideline-recommended reper-

fusion times persist, especially at non-PCI centers 
and rural sites. 4,5 Intervention times longer than 
target are associated with 3-fold higher mortality for 
both STEMI and STEMI equivalents. 4 Standardized 
protocols and prearranged transfer pathways, often 
based on ECG interpretation by noncardiologist cli-
nicians, have improved access to primary PCI. 6 

However, these rapid activation strategies may in-
crease the risk for false positive activation (FPA) 
rates, reported to be between 15% and 30%, leading 
to staff fatigue, unnecessary resource use, and po-
tential patient harm. 7-9

Artificial intelligence (AI)–driven ECG interpreta-
tion, using deep neural networks (DNNs) trained on 
angiographic outcomes in STEMI cohorts, has 
emerged as a promising tool to enhance triage

accuracy at the first medical contact (FMC). Building 
on prior international evaluations demonstrating 
superior sensitivity and specificity with reduced 
misclassification and time to treatment, 10 this study 
assessed the clinical and operational impact of a 
newer version of the AI ECG model (Queen of Hearts, 
PMcardio, Powerful Medical) in a multicenter U.S. 
registry, with particular emphasis on diagnostic 
sensitivity using the index electrocardiogram, door-
to-balloon (D2B) times, and FPA rates.

METHODS

STUDY SETTING AND POPULATION. Patients were
identified from a prospective, electronic, consecutive 
STEMI catheterization laboratory activation logs 
maintained for reporting to the National Cardiovas-
cular Data Registry Chest Pain–Myocardial Infarction 
and CathPCI Registry. 11 Consecutive adults ($18 
years of age) who had emergent CCL activation for 
suspected STEMI between January 2020 and May 
2024 were screened at 3 geographically diverse, high-
volume, urban U.S. PCI centers: Beth Israel Deaconess 
Medical Center (Boston, MA), the University of 
California Davis Medical Center (Sacramento, CA) 
and Memorial Hermann-Texas Medical Center 
(Houston, TX). Site-specific emergent CCL activation 
protocols are available in Supplemental Table 1. 
Each site contributed data from at least 12 contin-
uous months of STEMI activations.
Inclusion criteria were: 1) emergent CCL activation 

during index hospitalization; 2) availability of the 
index 12-lead electrocardiogram; and 3) age $18 
years. Exclusion criteria were 1) declined or deferred 
activation; 2) non–acute coronary syndrome CCL 
activation; 3) insufficient ECG quality; and 4) ven-
tricular arrhythmia on index electrocardiography.

ABBR EV I A T I ON S 

AND ACRONYMS

AI = artificial intelligence

CCL = cardiac catheterization
laboratory

D2B = door-to-balloon

DNN = deep neural network

ECG = electrocardiographic

EMS = emergency medical
services

FMC = first medical contact

FPA = false positive activation

LBBB = left bundle branch
block

PCI = percutaneous coronary
intervention

QTc = corrected QT

SoC = standard of care

STEMI = ST-segment elevation
myocardial infarction
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After exclusions, 1,032 patients (of an initial 1,085) 
were retained in the study (Figure 1). The study was 
approved by the Institutional Review Board or qual-
ity improvement committee at each center and 
complied with the Declaration of Helsinki.

DATA COLLECTION AND ECG MEASUREMENTS.

Demographic, procedural, management, and outcome 
data were collected through the National Cardiovas-
cular Data Registry Chest Pain–Myocardial Infarction 
and CathPCI Registry. Deidentified index electrocar-
diograms, including those acquired by emergency 
medical services (EMS) or non-PCI hospitals, were 
retrospectively collected by trained specialists. 
Standard-of-care (SoC) triage performance reflected

real-time clinician judgment, defined as whether the 
CCL was activated within 10 minutes of index elec-
trocardiogram availability.
Formal STEMI millimeter criteria were assessed on 

all electrocardiograms by independent blinded 
expert reviewers (S.W.S., H.P.M.) according to the 
fourth universal definition of myocardial infarction. 
ST-segment elevation was measured at the J point 
in $2 contiguous leads, using age- and sex-specific 
thresholds: $2 mm in leads V 2 and V 3 for men $40 
years of age, $2.5 mm for men <40 years of 
age, $1.5 mm in women, and $1 mm in all other 
leads. 12

Key ECG parameters, including heart rate, rhythm, 
corrected QT (QTc) interval, QRS complex duration,

FIGURE 1 Study Flowchart

ACS = acute coronary syndrome; CCL = cardiac catheterization laboratory; ECG = electrocardiographic/electrocardiography; 
PCI = percutaneous coronary intervention; STEMI = ST-segment elevation myocardial infarction.
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and ST/T-wave measurements, were extracted auto-
matically using a Conformité Européenne–certified 
AI platform (PMcardio, application programming 
interface version 2.5, Powerful Medical). 13

AI-BASED ECG ANALYSIS. All deidentified 12-lead 
electrocardiograms were retrospectively analyzed 
using the Conformité Européenne–certified PMcardio 
AI platform, which accepts raw waveform data or 
converts ECG images (PDF, PNG, or JPEG) to digitized 
waveforms (retaining a sampling frequency of 
320 Hz). The ECG digitization methodology has been 
described elsewhere. 14 The primary DNN model 
(Queen of Hearts [aOMI version 1], “STEMI/STEMI 
Equivalent Detected”) identifies acute coronary oc-
clusion at the time of ECG acquisition. This model 
requires $2.5 seconds of waveform data per lead and 
produces a continuous probability score from 0 to 1. A 
prior version (eOMI version 1, “Occlusive Myocardial 
Infarction [OMI] Detected”) of this DNN model has 
been previously described and validated. 10 Both ver-
sions share the same deep learning architecture and 
training methodology, but the current model (aOMI 
version 1) was recalibrated with an emphasis on higher 
specificity for STEMI and STEMI-equivalent patterns

(high probability of active coronary occlusion at time 
of ECG recording). This U.S. multicenter registry 
cohort was entirely independent of the data sets used 
for model development and calibration, with no 
overlap in patients or institutions.

DEFINITION OF TRUE STEMI. The primary outcome
(reference standard), angiographically confirmed 
“true STEMI,” was adjudicated on the basis of the 
presence of positive high-sensitivity cardiac troponin 
and angiographic identification of a culprit vessel 
using all available clinical data. Positivity was 
defined as any high-sensitivity cardiac troponin 
value above the assay-specific 99th percentile upper 
reference limit, with a serial rise and/or fall required. 
The culprit vessel was defined as the infarct-related 
artery, identified by the operator on the basis of 
angiographic features ($70% stenosis or TIMI 
[Thrombolysis In Myocardial Infarction] flow grade
0 or 1). True STEMI also included myocardial infarc-
tion with nonobstructive coronary arteries due to 
mechanisms including, but not limited to, vaso-
spasm, coronary embolization, or spontaneous cor-
onary artery dissection. True STEMI was further 
stratified on the basis of whether the index electro-
cardiogram met conventional millimeter ST-segment 
elevation criteria adjudicated by independent expert 
reviewers (S.W.S., H.P.M.), classifying cases as either 
“conventional STEMI” or “STEMI equivalents.” 
Patients for whom the catheterization laboratory 

was initially activated but subsequently canceled by 
cardiology were adjudicated as “STEMI mimics” only 
if serial troponin testing and discharge diagnosis 
excluded acute myocardial infarction. We verified 
that none of these patients later underwent delayed 
coronary angiography for evolving STEMI during the 
index hospitalization. Additionally, biomarker-
positive patients who underwent coronary angiog-
raphy but lacked an identifiable culprit vessel (eg, 
subendocardial ischemia due to type 2 myocardial 
infarction, takotsubo cardiomyopathy, and myocar-
ditis) were also classified as STEMI mimics. The final 
determination of STEMI mimic phenotype was per-
formed by 2 independent expert reviewers (S.W.S., 
H.P.M.), incorporating ECG features and the full 
clinical context.

STATISTICAL ANALYSIS. All statistical analyses 
were conducted using Python. Continuous variables 
with normal distribution are expressed as mean ± SD 
and were compared using Student’s t-tests. Categor-
ical variables are reported as frequency (percentage) 
and were compared using chi-square or Fisher exact 
tests. Diagnostic performance of the AI ECG model vs 
SoC in detecting angiographically confirmed STEMI

TABLE 1 Baseline Demographics and Index ECG Characteristics

Overall 
(N = 1,032)

True STEMI 
(n = 601)

Mimics 
(n = 431) P Value

Age, y 63.1 ± 14.1 62.7 ± 13.5 63.6 ± 14.9 0.299
#45 114 (11.0) 56 (9.3) 58 (13.5) 0.005
45-60 312 (30.2) 203 (33.8) 109 (25.3)
>60 606 (58.7) 342 (56.9) 264 (61.3)

Male 729 (70.6) 428 (71.2) 301 (69.8) 0.682

Site
A 278 (26.9) 141 (23.5) 137 (31.8) 0.007
B 455 (44.1) 271 (45.1) 184 (42.7)
C 299 (29.0) 189 (31.4) 110 (25.5)

Arrival method 
EMS 640 (62.0) 387 (64.4) 253 (58.7) 0.024
Walk-in 219 (21.2) 110 (18.3) 109 (25.3)
Transfer 131 (12.7) 83 (13.8) 48 (11.1)
Inpatient 35 (3.4) 19 (3.2) 16 (3.7)
Other 7 (0.7) 2 (0.3) 5 (1.2)

Index ECG characteristics
STEMI criteria 486 (47.1) 363 (60.4) 123 (28.5) ≤0.001
Sinus rhythm 850 (82.4) 513 (85.4) 337 (78.2) 0.004
AF rhythm 99 (9.6) 53 (8.8) 46 (10.7) 0.373
Heart rate $100 beats/min 284 (27.5) 144 (24.0) 140 (32.5) 0.006
QRS complex duration $120 ms 179 (17.3) 71 (11.8) 108 (25.1) ≤0.001
QTc interval duration $440 ms 256 (24.8) 110 (18.3) 146 (33.9) ≤0.001
LBBB 83 (8.0) 22 (3.7) 61 (14.2) ≤0.001
RBBB 67 (6.5) 37 (6.2) 30 (7.0) 0.697

Management 
ICA performed 796 (77.1) 572 (95.2) 224 (52.0) ≤0.001

Values are mean ± SD or n (%). P values in bold denote statistical significance.
AF = atrial fibrillation; ECG = electrocardiographic; EMS = emergency medical services; ICA = invasive 

coronary angiography; LBBB = left bundle branch block; QTc = corrected QT (Framingham Heart Study); 
RBBB = right bundle branch block; STEMI = ST-segment elevation myocardial infarction.
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was evaluated using area under the receiver-
operating characteristic curve, sensitivity, speci-
ficity, positive predictive value, negative predictive 
value, and FPA rates. Paired comparisons of diag-
nostic accuracy between the AI ECG model and SoC 
were assessed using the McNemar test, with 
discordant-pair ORs. For binary metrics, the AI ECG 
model was applied using a fixed threshold of 0.5, 
reflecting the on-label cutoff for the general chest 
pain population. Additional threshold optimization 
(eg, Youden index) was not applied. A 95% CI was 
calculated for each metric. Forest plots were con-
structed to assess model performance across pre-
defined subgroups. All statistical tests were 2-sided, 
with significance defined as a P value <0.05.

RESULTS

STUDY POPULATION. Between January 2020 and 
May 2024, a total of 1,032 consecutive patients un-
derwent CCL activation for suspected STEMI 
(Figure 1). Of these, 601 activations (58.2%) were 
confirmed as true STEMI (positive cardiac troponin[s] 
with an acute coronary culprit), whereas 431 activa-
tions (41.7%) proved to be FPAs due to STEMI 
mimics. Among 431 FPAs, 306 (71.0%) were 
troponin negative.

TABLE 2 Invasive Coronary Angiographic Findings of True STEMI Patients Stratified by 
the Presence of Formal STEMI t on Index ECG

Overall 
(N = 601)

STEMI Equivalent 
(n = 238)

Conventional STEMI 
(n = 363) P Value

Activated on initial ECG 427 (71.0) 138 (58.0) 289 (79.6) ≤0.001

Evolved into conventional 
STEMI

442 (73.5) 79 (33.2) — —

D2B time, min 75 (55-115) 88 (62-162) 69 (52-98) ≤0.001

D2B time <90 min 482 (80.2) 175 (73.5) 307 (84.6) 0.001

Culprit artery
Culprit main branch 502 (83.5) 196 (82.4) 306 (84.3) 0.606
Left main coronary artery 10 (1.9) 5 (2.4) 5 (1.5) ≤0.001
LAD (including diagonal) 238 (44.7) 82 (39.6) 156 (47.9)
LCx (including marginal) 64 (12.6) 45 (21.7) 22 (6.7)
RCA 214 (40.2) 74 (35.7) 140 (42.9)
Multivessel 4 (0.8) 1 (0.5) 3 (0.9)

Culprit lesion segment 
Proximal 238 (51.3) 88 (51.5) 150 (51.2) 0.976
Mid 178 (38.4) 66 (38.6) 112 (38.2)
Distal 48 (10.3) 17 (9.9) 31 (10.6)

Culprit stenosis 
$90% 241 (94.9) 102 (92.7) 139 (96.5) 0.285
70%-90% 12 (4.7) 7 (6.4) 5 (3.5) 
<70% 1 (0.4) 1 (0.9) 0

Management 
PCI performed 512 (85.2) 200 (84.0) 312 (86.0) 0.596

Values are n (%) or median (Q1-Q3). P values in bold denote statistical significance.
D2B = door-to-balloon time; ECG = electrocardiography; LAD = left anterior descending coronary artery; 

LCx = left circumflex coronary artery; PCI = percutaneous coronary intervention; RCA = right coronary artery; 
STEMI = ST-segment elevation myocardial infarction.

FIGURE 2 Performance Comparison of Standard-of-Care Triage vs AI ECG Model

(A) Receiver-operating characteristic curve of the artificial intelligence (AI) electrocardiographic (ECG) model, with an area under the curve (AUC) of 0.94 (n = 1,032 
patients), significantly outperforming standard of care interpretation (sensitivity [Sens], 71.0%; specificity [Spec], 29%). Site-specific AI ECG model and standard-of-
care performance is shown. (B) Bar plot comparing ST-segment elevation myocardial infarction (STEMI) pathway sensitivity (71.0% with standard of care vs 92% with 
the AI ECG model) and specificity using the index electrocardiogram alone (29.0% with standard of care vs 81.0% with the AI ECG model) and false positive 
activation rate (41.8% with standard of care vs 7.9% with the AI ECG model).
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BASELINE DEMOGRAPHICS AND INDEX ELECTRO-

CARDIOGRAPHY. Baseline characteristics are shown 
in Table 1. The mean age was 63.1 ± 14.1 years, similar 
between true STEMI and mimics (62.7 ± 13.5 years vs 
63.6 ± 14.9 years; P = 0.30). Women constituted 304 
of 1,032 patients (29.4%) overall. FPAs were more 
often walk-ins (109 of 431 [25.3%] vs 110 of 601 
[18.3%]; P = 0.02) and less often EMS arrivals (253 of 
431 [58.7%] vs 387 of 601 [64.4%]; P = 0.02). 
Heart rate $100 beats/min, QRS complex 
duration $120 ms, QTc interval $440 ms, and left 
bundle branch block (LBBB) were all significantly 
more common in STEMI mimics (P < 0.004 for all).

PROCEDURAL AND ANGIOGRAPHIC FINDINGS.

Coronary angiography was performed in 796 of 1,032 
patients (77.1%), including 572 of 601 (95.2%) of those 
with true STEMI vs 224 of 431 (52.0%) of those with 
FPAs (P < 0.001). Among patients with true STEMI, 363 
of 601 (60.4%) met STEMI millimeter criteria on the 
index electrocardiogram (conventional STEMI), 
whereas 238 of 601 (39.6%) did not (STEMI equiva-
lents). Patients presenting with STEMI equivalents 
were less frequently activated within 10 minutes of 
index electrocardiography (138 of 238 [58.0%] vs 289 of 
363 [79.6%]; P < 0.001) and evolved into conventional

STEMI prior to coronary angiography in only 79 of 238 
(33.2%) (Table 2). STEMI equivalents experienced 
significantly longer median D2B times (88 minutes 
[Q1-Q3: 62-162 minutes] vs 69 minutes [Q1-Q3: 
52-98 minutes]; P < 0.001) and were less likely to 
achieve D2Bs <90 minutes (173 of 238 [72.7%] vs 305 of 
363 [84.0%]; P = 0.002). 
Culprit artery distribution differed significantly 

(P < 0.001); STEMI equivalents involved more left 
main (2.4% vs 1.5%), left circumflex (21.7% vs 6.7%), 
and less frequent left anterior descending (39.6% vs 
47.9%), right coronary artery culprits (35.7% vs 
42.9%), and multivessel culprits (0.5% vs 0.9%). 
Culprit lesion segments (proximal, mid, distal), ste-
nosis severity ($90%, 70%-90%, <70%) and PCI rates 
(85.2% vs 84.0%) were comparable between groups 
(P > 0.28 for all).

DIAGNOSTIC PERFORMANCE OF AI VS SoC. Using only
the index electrocardiogram, the AI ECG model 
significantly outperformed SoC in detecting angio-
graphically confirmed STEMI (P < 0.001 for all 
comparisons) (Figure 2). The area under the 
receiver-operating characteristic curve for the AI 
ECG model was 0.937 (95% CI: 0.923-0.951). AI 
demonstrated markedly higher sensitivity: 553 of 
601 (92.0%; 95% CI: 89.7%-94.1%) vs 427 of 601 
(71.0%; 95% CI: 67.4%-74.6%). Specificity was also 
superior with AI: 431 of 531 (81.0%; 95% CI: 77.2%- 
84.5%) vs 154 of 531 (29.0%; 95% CI: 24.8%-33.4%). 
The FPA rate was substantially lower with AI: 34 of 
431 (7.9%; 95% CI: 6.4%-9.6%) vs 180 of 431 (41.8%; 
95% CI: 38.9%-44.7%). Positive and negative pre-
dictive values were also superior with AI: 553 of 635 
(87.1%; 95% CI: 84.5%-89.6%) vs 427 of 732 (58.3%; 
95% CI: 54.6%-61.8%) and 349 of 397 (87.9%; 
95% CI: 84.7%-91.0%) vs 125 of 299 (41.8%; 95% CI: 
36.4%-47.4%), respectively (Supplemental Table 2). 
Paired comparison confirmed significantly greater 
diagnostic accuracy with AI compared to SoC (chi-
square = 264.8; P < 0.001, McNemar test; 
discordant-pair OR: 7.36; 95% CI: 5.56-9.76) 
(Supplemental Table 3). AI ECG model performance 
across varying raw output thresholds is presented in 
Table 3. At the highest specificity threshold (AI 
score $0.95, corresponding to an FPA rate of 12 of 
431 [2.7%; 95% CI: 1.5%-4.9%]), the AI model still 
maintained higher sensitivity using the index elec-
trocardiogram only compared with SoC: 467 of 601 
(77.7%; 95% CI: 72.8%-82.3%) vs 427 of 601 (71.0%; 
95% CI: 67.4%-74.6%).

SUBGROUP ANALYSIS. The AI ECG model demon-
strated consistent superiority across clinical and 
ECG subgroups (Figure 3; all comparisons showing

TABLE 3 Diagnostic Performance of the AI ECG Model at Different Raw 

Output Thresholds Ranging From 0 to 1

AI ECG Model 
Threshold

Accuracy,
%

Sensitivity,
%

Specificity,
%

FPA,
%

PPV,
%

NPV,
%

$0.05 80.6 95.5 59.9 16.8 76.8 90.5

$0.10 82.5 94.7 65.4 14.4 79.2 89.8

$0.15 83.7 94.5 68.7 13.1 80.8 90.0

$0.20 85.1 94.3 72.2 11.6 82.5 90.1

$0.25 85.6 94.0 73.8 10.9 83.3 89.8

$0.30 85.9 93.5 75.4 10.3 84.1 89.3

$0.35 86.3 93.0 77.0 9.6 85.0 88.8

$0.40 86.3 92.5 77.7 9.3 85.3 88.2

$0.45 87.4 92.3 80.5 8.1 86.9 88.3

≥0.50 87.4 92.0 81.0 7.9 87.1 87.9

$0.55 87.7 91.2 82.8 7.2 88.1 87.1

$0.60 87.6 90.5 83.5 6.9 88.5 86.3

$0.65 87.2 89.4 84.2 6.6 88.8 85.0

$0.70 86.8 88.0 85.2 6.2 89.2 83.6

$0.75 87.2 87.4 87.0 5.4 90.4 83.1

$0.80 86.9 86.0 88.2 4.9 91.0 81.9

$0.85 85.9 83.9 88.6 4.7 91.1 79.7

$0.90 85.8 81.7 91.4 3.6 93.0 78.2

$0.95 84.3 77.7 93.5 2.7 94.3 75.0

The threshold of 0.50 (in bold) was selected for the primary analysis.
AI = artificial intelligence; ECG = electrocardiographic; FPA = false positive activation; 

NPV = negative predictive value; PPV = positive predictive value.
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P < 0.001). Among STEMI equivalents, AI ECG 
model sensitivity was 199 of 238 (83.6%; 95% CI: 
78.9%-88.1%) vs 138 of 238 (58.0%; 95% CI: 51.7%- 
64.3%) for SoC. In patients with atrial fibrillation, 
sensitivity was 48 of 53 (90.6%; 95% CI: 81.8%- 
98.0%) vs 32 of 53 (60.4%; 95% CI: 47.1%-73.3%). 
Among those transferred from non-PCI centers, 
sensitivity reached 71 of 83 (85.5%; 95% CI: 77.8%- 
92.7%) vs 57 of 83 (68.7%; 95% CI: 58.5%-78.4%). 
Specificity also favored the AI ECG model in key 
subgroups: in patients with wide QRS intervals 
($120 ms), specificity was 90 of 108 (83.3%; 95% CI: 
75.9%-90.0%) vs 31 of 108 (28.7%; 95% CI: 20.5%- 
37.5%), and in those with prolonged QTc intervals 
($440 ms), specificity was 124 of 146 (84.9%; 
95% CI: 78.8%-90.6%) vs 41 of 146 (28.1%; 95% CI: 
20.9%-35.5%).

STEMI MIMIC ANALYSIS. AI correctly reclassified the 
majority of the 431 FPAs by SoC (Figure 4). The 5 
most common STEMI mimics without biomarker 
elevation included benign early repolarization (AI 
reclassified 57 of 61 [93%]), nonspecific ST/T-wave 
changes (AI reclassified 46 of 50 [92%]), left ven-
tricular hypertrophy (AI reclassified 40 of 44 [91%]), 
LBBB (AI reclassified 35 of 40 [88%]), and old 
myocardial infarction (AI reclassified 19 of 24

[79%]). Reclassification was lower in more chal-
lenging cases mimicking acute coronary occlusion 
due to myocardial tissue injury: subendocardial 
ischemia (AI reclassified 18 of 30 [60%]), post– 
cardiac arrest changes (AI reclassified 13 of 27 
[48%]), and takotsubo cardiomyopathy (AI reclassi-
fied 10 of 23 [43%]).

DISCUSSION

In this multicenter study we evaluated the clinical 
performance and quality improvement potential of 
AI-based ECG triage in patients with suspected 
STEMI. The key findings are as follows: 1) substantial 
diagnostic challenges persist within conventional 
STEMI pathways, evidenced by treatment delays and 
high FPA rates; 2) AI-based ECG interpretation 
significantly outperformed SoC by reducing FPAs 
more than 4-fold while significantly improving the 
sensitivity for detecting angiographically confirmed 
STEMI solely using the index ECG; and 3) robust 
performance of AI was observed across diverse pa-
tient subgroups, including those with diagnostically 
challenging ECG features such as atrial fibrillation, 
prolonged QTc intervals, wide QRS complexes, LBBB, 
and STEMI-equivalent patterns (Central Illustration).

FIGURE 3 Index ECG Interpretation Performance Comparison of Standard of Care and AI ECG Model Across Demographic and Electrocardiographic Subgroups

AF = atrial fibrillation; EMS = emergency medical services; LBBB = left bundle branch block; QTc = corrected QT interval (Framingham Heart Study); RBBB = right 
bundle branch block; other abbreviations as in Figures 1 and 2.
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Despite international guidelines emphasizing the 
recognition of STEMI-equivalent ECG patterns, cur-
rent clinical pathways rely on millimeter-based 
thresholds for STEMI diagnosis. 1,3,15 This approach 
inherently limits sensitivity, particularly among a 
growing number of patients presenting with 
nonconventional ST-segment elevation. In our study, 
only fewer than two-thirds of angiographically 
confirmed STEMI cases met conventional STEMI 
criteria on index electrocardiography. Among those 
presenting with STEMI equivalents, more than one-
half experienced delayed CCL activation, and only 
one-third progressed to conventional STEMI milli-
meter criteria prior to coronary angiography. This is 
consistent with recent findings in cases of total oc-
clusions of the left anterior descending artery 16 

associated with prolonged D2B times due to unrec-
ognized STEMI equivalent, pointing to critical de-
ficiencies in existing triage protocols. In contrast, a 
currently used AI ECG model, trained specifically on 
electrocardiograms of angiographically confirmed 
STEMI patients regardless of millimeters of ST-
segment elevation, 10 demonstrated favorable accu-
racy to detect more subtle STEMI patterns using the

index electrocardiogram alone. These findings 
extend prior reports of AI-based ECG interpretation 
for timely STEMI detection. 17-19 Although a recent 
randomized trial demonstrated reductions in time to 
treatment for conventional STEMI by a median of 
only 5.6 minutes, 17 our analysis suggests that detec-
tion of STEMI equivalents can shorten reperfusion 
delays by several hours. Earlier non–deep learning 
approaches relied on handcrafted features and addi-
tional clinical information beyond the waveform, 
which limited scalability at the point of care. 18 

Moreover, they were not validated in broad in-
hospital and prehospital cohorts or lacked 12-lead 
waveforms to detect infarcts in every territory. 18,19 

In contrast, our model operates using single 12-lead 
ECG waveforms and can be deployed through a 
smartphone-based infrastructure, 14 enabling use 
across diverse and resource-limited settings.
To our knowledge, this is the first large-scale 

multicenter analysis to systematically characterize 
ECG phenotypes associated with STEMI mimics. In 
our cohort, only 6 of 10 emergent CCL activations 
resulted in confirmed STEMI, with a higher FPA rate 
than in previous studies, typically ranging between

FIGURE 4 False Positive Activations by STEMI Mimic Stratified According to AI ECG Model Interpretation

Standard-of-care false positives (FPs; n = 431), categorized by mimic type and biomarker profile. White bars represent cases correctly identified as negative by the AI 
ECG model (true negatives [TNs]), while shaded bars indicate STEMI mimics not reclassified by AI. Afib = atrial fibrillation; Aflut = atrial flutter; BER = benign early 
repolarization; CM = cardiomyopathy; ECG = electrocardiogram; MI = myocardial infarction; NIVCD = nonspecific intraventricular conduction delay; other 
abbreviations as in Figures 1 and 2.
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15% and 30%. 7-9 This discrepancy is attributable to 
2 methodological distinctions: 1) our reference stan-
dard was biomarker elevation with strict angio-
graphic confirmation of a culprit lesion, classifying 
clinically relevant myocardial infarction with non-
obstructive coronary arteries mimics 20 with marked

biomarker elevation requiring early diagnostic coro-
nary angiography such as takotsubo cardiomyopathy 
or myocarditis as false positives; and 2) our analysis 
included all initial activation attempts, including 
canceled activations (“call-offs”), reflecting real-
world clinical practice and resource use.

CENTRAL ILLUSTRATION Use of Artificial Intelligence to Improve Coronary Occlusion Detection

Herman R, et al. JACC Cardiovasc Interv. 2026;19(2):145–156.

AF = atrial fibrillation; AI = artificial intelligence; BER = benign early repolarization; D2B = door-to-balloon; ECG = electrocardiographic/electrocardiography; 
FP = false positive; LAD = left anterior descending coronary artery; LCx = left circumflex coronary artery; LVH = left ventricular hypertrophy; PCI = percutaneous 
coronary intervention; RCA = right coronary artery; ROSC = return of spontaneous circulation; SEI = subendocardial ischemia; STEMI = ST-segment elevation 
myocardial infarction; SVT = supraventricular tachycardia; TN = true negative.
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Minimizing unnecessary urgent coronary angiog-
raphy in patients without biomarker elevation is a 
priority for acute chest pain pathway quality 
improvement. In our study, one-half of patients who 
underwent emergent invasive angiography had 
negative cardiac enzymes. The AI ECG model 
correctly reclassified 91% of these cases as negatives, 
including benign mimics such as early repolarization, 
nonspecific ST/T-wave changes, left ventricular hy-
pertrophy, and nonischemic LBBB, conditions that 
do not warrant emergent catheterization.
CLINICAL IMPLICATIONS. The AI ECG model demon-
strated significantly higher diagnostic accuracy based 
solely on the index ECG at the FMC without using 
additional clinical information. In direct paired com-
parison, when the AI ECG model and SoC disagreed, AI 
was approximately 7 times more often correct than 
SoC and reduced site-level variability, suggesting po-
tential to harmonize triage performance across in-
stitutions. Importantly, patients missed by SoC triage 
but successfully detected by the AI on index electro-
cardiography presented frequently with left circum-
flex coronary artery occlusions and in more than one-
half of the cases with either left anterior descending or 
right coronary artery culprits. Consequently, failure to 
detect these culprits at FMC was associated with a 
markedly prolonged mean D2B time of more than 6 
hours, pointing to critical shortcomings of current 
standard care pathways.
For example, a female patient with a 100% 

thrombotic ostial left anterior descending coronary

artery occlusion experienced a 368-minute delay to 
revascularization, yet the AI ECG model correctly 
flagged the case at presentation on index electrocar-
diography (Figure 5). The accompanying AI explain-
ability heatmap highlighted hyperacute T waves, a 
STEMI-equivalent finding recently validated as 
98% specific for STEMI and present in one-fifth of 
cases without ST-segment elevation millimeter 
criteria. 21 These findings directly address recent 
guidelines emphasizing the role of AI in supporting 
streamlined, single-page STEMI activation path-
ways. In practice, the AI ECG model can function as 
a stand-alone decision support for EMS providers or 
emergency department physicians via smartphone-
based ECG analysis or be fully integrated with 
ECG devices and hospital information technology 
systems, accelerating STEMI notification while 
minimizing workflow disruption. This feasibility 
has already been demonstrated in a prospective AI-
powered STEMI network implementation, 22 and 
its impact on clinical outcomes is currently 
being investigated in ongoing randomized trials 
(NCT07077057). 23,24 Importantly, only 25 electro-
cardiograms (<3%) were excluded because of 
insufficient quality, which demonstrates the broad 
applicability of the model across diverse emergency 
care settings. This offers several practical advan-
tages, including rapid point-of-care inference and 
compatibility with any ECG format, enabling real-
time triage even in resource-limited settings, such 
as prehospital or non-PCI centers.

FIGURE 5 A Real Clinical Case From the Study Cohort

A female patient with an ostial 100% thrombotic LAD occlusion who experienced a 368-minute catheterization delay. The AI electrocardiographic model correctly 
identified this STEMI equivalent on the index electrocardiogram (ECG).
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STUDY LIMITATIONS. First, retrospective ECG anal-
ysis may introduce selection or ascertainment bias. 
Second, although angiographic identification of a 
culprit vessel is a reproducible standard, we did not 
assess the impact of rapid STEMI detection on clinical 
outcomes such as infarct size, left ventricular func-
tion, and mortality. Third, operational aspects of 
integrating AI into emergency workflows (eg, inter-
pretability, alert thresholds, clinician interface) 
warrant further exploration. Last, although our 
analysis was focused on a rigorously defined STEMI 
population from standardized registries, findings 
need to be prospectively validated in all-
comers cohorts.

CONCLUSIONS

In this large, multicenter registry of patients un-
dergoing emergent CCL activation for suspected 
STEMI, AI-based ECG analysis significantly out-
performed conventional clinical triage of the index 
electrocardiogram in identifying angiographically 
confirmed STEMI. It reduced FPA rates while main-
taining high sensitivity, particularly among patients 
with nonclassic ECG presentations. These findings 
support the integration of AI ECG models into acute 
chest pain pathways to optimize triage, reduce 
unnecessary interventions, and enhance timely 
reperfusion.
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