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Abstract 23 

Background: Deep learning models developed on standard 12-lead electrocardiograms 24 

(ECGs) can detect acute myocardial infarction (AMI), but their performance on limb-lead 25 

ECGs from mobile devices is uncertain. We evaluated an artificial intelligence (AI) model 26 

applied to mobile limb-lead ECGs for AMI detection, using cardiologist interpretation of 27 

truncated limb-lead and 12-lead ECGs as comparators. 28 

Methods: We performed an analysis of a prospective observational cohort of 153 patients 29 

referred for coronary angiography at a Korean tertiary center (September 2022–October 30 

2023). Each patient underwent mobile limb-lead and standard 12-lead ECG acquisition 31 

before revascularization. The model was applied without retraining to the mobile ECGs at 32 

two thresholds prespecified during model development (high sensitivity, high specificity), 33 

and three cardiologists independently interpreted truncated limb-lead and 12-lead ECGs. 34 

AMI was diagnosed according to the Fourth Universal Definition of Myocardial Infarction, 35 

with coronary angiography in all patients. 36 

Results: Twenty-five patients (16.3%) had AMI, including 3 ST-elevation and 22 non-ST-37 

elevation myocardial infarctions. The model achieved an area under the receiver operating 38 

characteristic curve of 0.843 (95% confidence interval, 0.758–0.928). At the high-sensitivity 39 

threshold, the model showed higher sensitivity than cardiologists interpreting truncated limb-40 

lead and standard 12-lead ECGs (88.0% vs. 20.0% and 40.0%; both p < 0.001) and 41 

numerically higher negative predictive value (NPV; 95.9% vs. 85.5% and 88.6%), but lower 42 

specificity (55.5% vs. 92.2% and 91.4%; both p < 0.001) and positive predictive value (PPV; 43 

27.8% vs. 33.3% and 47.6%). At the high-specificity threshold, specificity was similar to that 44 

of cardiologists interpreting standard 12-lead ECGs (93.8% vs. 91.4%; p = 0.58), and 45 

sensitivity did not differ significantly (48.0% vs. 40.0%; p = 0.77). 46 
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Conclusions: In this cohort, an AI-ECG model developed on standard ECGs discriminated 47 

AMI when applied to mobile limb-lead ECGs without retraining. At the high-sensitivity 48 

threshold, it showed higher sensitivity and numerically higher NPV but lower specificity and 49 

PPV than cardiologists’ ECG interpretation. These findings support its potential as an 50 

adjunctive screening aid where 12-lead ECG acquisition or expert interpretation is delayed or 51 

unavailable. 52 

Keywords: Myocardial infarction, Artificial intelligence, Electrocardiography, Mobile 53 

device, Diagnostic accuracy 54 

Background 55 

Ischemic heart disease remains a leading cause of global mortality, accounting for 56 

approximately 9 million deaths annually, with acute myocardial infarction (AMI) 57 

contributing substantially to this burden [1, 2]. As a time-critical medical emergency, AMI 58 

requires rapid and accurate diagnosis to enable timely intervention, thereby minimizing 59 

myocardial injury and reducing mortality [3, 4]. The Electrocardiogram (ECG) plays a central 60 

role in the diagnosis of AMI, guiding immediate clinical decision-making, including referral 61 

for primary percutaneous coronary intervention or further diagnostic evaluation, such as 62 

cardiac biomarker testing [3]. However, accurate electrocardiographic diagnosis remains 63 

challenging, because the manifestations of AMI vary according to the location and severity of 64 

myocardial injury. 65 

Although ST-elevation myocardial infarction (STEMI) typically presents with overt findings 66 

such as ST-segment elevation, non-ST-elevation myocardial infarction (NSTEMI) often 67 

exhibits subtle or nonspecific ECG abnormalities, making accurate diagnosis more difficult 68 

[5]. These subtle features can hinder reliable interpretation even among experienced 69 

clinicians, contributing to inter-observer variability [6]. This difficulty may be further 70 

compounded when only reduced-lead ECG recordings are available. Although the standard 71 
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12-lead ECG remains the conventional ECG modality for evaluating suspected AMI, its 72 

acquisition requires dedicated equipment and trained personnel. Mobile single- or limb-lead 73 

devices have emerged as point-of-care tools that enable more rapid and convenient ECG 74 

acquisition. However, these recordings omit the precordial leads and therefore provide a more 75 

restricted view of the myocardium, which may further limit the detection of subtle ischemic 76 

changes. 77 

Artificial intelligence (AI) may help address these limitations. Deep learning models have 78 

been reported to extract diagnostic information from the ECG signal that may not be readily 79 

apparent to human readers, potentially reducing inter-observer variability and identifying 80 

clinically relevant patterns from reduced-lead recordings. Recent advances in AI and mobile 81 

ECG technologies have demonstrated promising results in the detection of various cardiac 82 

conditions [7–12]. However, most AI-ECG models for AMI have been developed and 83 

validated on standard 12-lead recordings, and models for reduced-lead ECGs have generally 84 

been evaluated on leads extracted or reconstructed from standard recordings rather than on 85 

recordings acquired with a separate device [13–16]. Because acquisition hardware, electrode 86 

positions, posture, and signal quality differ between devices, whether a model developed on 87 

standard ECGs retains its diagnostic performance on recordings from a mobile device needs 88 

to be verified before such devices are used for AMI detection however evidence on this 89 

question remains limited. 90 

To address this gap, we evaluated, in a prospective cohort of patients referred for coronary 91 

angiography, whether DeepECG-AMI, a deep learning model developed on standard ECGs 92 

[8], maintained its diagnostic performance for AMI when applied without retraining to limb-93 

lead ECGs acquired with a mobile device, using cardiologists’ interpretation of truncated 94 

limb-lead and standard 12-lead ECGs as comparators. As an exploratory secondary analysis, 95 
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we evaluated whether the model-derived AMI probability could categorize patients into strata 96 

with differing AMI prevalence, without implying validated rule-in or rule-out thresholds. 97 

Methods 98 

Study design and patient enrollment 99 

This diagnostic accuracy analysis used data from a prospective observational study conducted 100 

at Chonnam National University Hospital that included adult patients (aged ≥19 years) with a 101 

clinical suspicion of coronary artery disease (CAD) who were scheduled to undergo coronary 102 

angiography (CAG) between September 2022 and October 2023. Clinical suspicion of CAD 103 

was determined through standard clinical evaluation in the emergency department or 104 

outpatient setting, including medical history, electrocardiography, cardiac biomarker testing, 105 

and clinically indicated non-invasive functional or imaging studies. This study was approved 106 

by the Chonnam National University Hospital Institutional Review Board (CNUH-2022-107 

375). The study was not registered, and this diagnostic accuracy analysis was not prespecified 108 

in the protocol but was conducted post hoc (Supplementary Material 1). The study is reported 109 

in compliance with the TRIPOD+AI reporting guideline [17] (Supplementary Material 2). 110 

Patients were enrolled consecutively from individuals presenting to the Department of 111 

Cardiology at the study hospital. Patients who were unable to use a mobile ECG device due 112 

to physical disabilities, as well as those with pacemakers, implantable cardioverter-113 

defibrillators, ventricular assist devices, or other intracardiac devices, were excluded from the 114 

study. (Fig. 1) 115 

Fig. 1 Flow of participants through the study.  116 
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 117 

Numbers of patients with and without acute myocardial infarction (AMI) are shown at each step. AMI, acute 118 

myocardial infarction; CAD, coronary artery disease; ECG, electrocardiogram. 119 

 120 

Definition of AMI and clinical criteria 121 

In this study, AMI and its subtypes were defined according to the Fourth Universal Definition 122 

of Myocardial Infarction [18]. For this analysis, AMI included both type 1 and type 2 123 

myocardial infarction, whereas non-ischemic myocardial injury was classified as non-AMI. 124 

AMI was further classified as STEMI or NSTEMI based on electrocardiographic criteria 125 

from current guidelines [19]. The final diagnosis of AMI was established through a 126 

comprehensive assessment of cardiac biomarkers, standard 12-lead ECG results, CAG 127 

findings, and clinical evaluation. All patients underwent CAG. 128 
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Data acquisition and ECG pairing 129 

Each patient underwent both a mobile limb-lead ECG using the mobile ECG device 130 

(HATIV® P30, VUNO Inc., Seoul, Republic of Korea) and a standard 12-lead ECG acquired 131 

using the MUSE system (GE HealthCare, Chicago, IL, USA). ECG acquisition was 132 

performed either before or after CAG. Mobile limb-lead ECGs were recorded with patients in 133 

a sitting position for 30 seconds using a handheld mobile device equipped with three 134 

electrodes, two positioned on the front surface and one on the back surface (Fig. 2a). From 135 

each recording, a 10-second segment with interpretable signal quality was selected from the 136 

central portion for analysis. Standard 12-lead ECGs were obtained as part of the routine 137 

diagnostic workup. For each patient, the mobile limb-lead ECG was paired with the 138 

temporally closest standard 12-lead ECG. Mobile ECG recordings obtained after 139 

revascularization were excluded, and only ECG pairs acquired before revascularization were 140 

analyzed. 141 

Demographic, clinical, laboratory, and echocardiographic variables were collected (Table 1). 142 

Some variables contained missing values because the corresponding tests were not performed 143 

in all patients as part of routine clinical care. 144 

Table 1 Baseline characteristics of study participants according to the presence of acute 145 

myocardial infarction 146 

 Total (N = 153) 
Non-AMI (N = 128, 

83.7%) 

AMI (N = 25, 

16.3%) 
p-value 

Age, years 64.9 ± 9.8 64.5 ± 9.7 67.0 ± 10.1 0.233 

Female 41 (26.8%) 34 (26.6%) 7 (28.0%) 1.000 

Height, cm 164.3 ± 8.1 164.4 ± 8.4 163.6 ± 6.1 0.671 

Weight, kg 67.5 ± 10.6 67.7 ± 10.9 66.6 ± 9.0 0.641 

Body mass index, kg/m2 25.0 ± 2.9 25.0 ± 2.9 24.8 ± 2.7 0.820 

Hypertension 72 (47.1%) 57 (44.5%) 15 (60.0%) 0.231 

Diabetes mellitus 50 (32.7%) 40 (31.2%) 10 (40.0%) 0.535 

Creatinine level, mg/dL, median (IQR) 0.86 (0.72–0.97) 0.86 (0.73–0.97) 0.81 (0.70–0.94) 0.615 

Potassium level, mEq/L 4.1 ± 0.3 4.1 ± 0.3 4.2 ± 0.4 0.179 

Hemoglobin, g/dL 13.2 ± 1.6 13.4 ± 1.6 12.4 ± 1.9 0.005 

Platelet count, ×103/μL 202.9 ± 50.8 200.5 ± 49.3 215.4 ± 57.1 0.178 

Troponin I, ng/mL, median (IQR) 0.01 (0.00–0.03) 

(NA 18) 

0.01 (0.00–0.01) (NA 

18) 

0.29 (0.10–1.18) <0.001 
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 Total (N = 153) 
Non-AMI (N = 128, 

83.7%) 

AMI (N = 25, 

16.3%) 
p-value 

Left ventricular ejection fraction, % 64.2 ± 10.2 (NA 

26) 

65.9 ± 8.3 (NA 24) 56.3 ± 13.8 (NA 2) <0.001 

ACS type 

STEMI 3 (2.0%) 0 (0.0%) 3 (12.0%) – 

NSTEMI 22 (14.4%) 0 (0.0%) 22 (88.0%) – 

Unstable angina 85 (55.6%) 85 (66.4%) 0 (0.0%) – 

Revascularization 

PCI 38 (24.8%) 24 (18.8%) 14 (56.0%) <0.001 

CABG 1 (0.7%) 0 (0.0%) 1 (4.0%) 0.163 

Target vessels 

Left anterior descending artery 27 (17.6%) 18 (14.1%) 9 (36.0%) 0.018 

Left circumflex artery 16 (10.5%) 9 (7.0%) 7 (28.0%) 0.006 

Right coronary artery 12 (7.8%) 9 (7.0%) 3 (12.0%) 0.416 

Multiple vessels 9 (5.9%) 4 (3.1%) 5 (20.0%) 0.006 

Electrocardiographic characteristics 

Atrial fibrillation 4 (2.6%) 4 (3.1%) 0 (0.0%) 1.000 

Heart rate, bpm 64.2 ± 10.2 62.9 ± 9.4 71.0 ± 11.4 <0.001 

PR interval, ms 178.1 ± 26.1 (NA 

6) 

178.2 ± 24.7 (NA 6) 177.8 ± 32.5 0.944 

QRS duration, ms 97.1 ± 15.9 97.1 ± 16.1 97.4 ± 15.0 0.932 

QT interval, ms 418.7 ± 30.6 418.3 ± 30.7 420.6 ± 31.0 0.724 

QT corrected, ms 429.6 ± 29.8 424.8 ± 24.8 454.2 ± 40.0 <0.001 

Data are presented as mean ± standard deviation, median (interquartile range), or number (percentage). 147 

Continuous variables were compared using Student’s t-test or the Mann-Whitney U test, and categorical 148 

variables using Pearson’s chi-square test or Fisher’s exact test when any expected cell count was <5. Missing 149 

values are indicated by 'NA' in the table. Electrocardiographic characteristics were derived from 12-lead 150 

numeric values computed by the MUSE system. QT corrected interval is a heart rate-adjusted value. 151 

Abbreviations: ACS, acute coronary syndrome; AMI, acute myocardial infarction; CABG, coronary artery 152 

bypass grafting; IQR, interquartile range; NSTEMI, non-ST-elevation myocardial infarction; PCI, percutaneous 153 

coronary intervention; STEMI, ST-elevation myocardial infarction. 154 

 155 

Performance comparison protocol: AI model versus cardiologist interpretation 156 

Diagnostic accuracy was compared across three approaches: (1) the AI model on mobile 157 

limb-lead ECGs, (2) cardiologist interpretation of truncated limb-lead ECGs, and (3) 158 

cardiologist interpretation of standard 12-lead ECGs. 159 

The AI model, DeepECG-AMI [8], was previously developed to detect AMI using multiple 160 

lead configurations, including 12-lead, limb-lead, and lead I ECGs (Supplementary Material 161 

3: Supplementary Methods 1). In the present study, the model was applied to mobile limb-162 

lead ECGs without retraining. Two operating thresholds were prespecified during model 163 

development: one optimized for Youden’s J statistic (the high-sensitivity threshold) and the 164 

other for the F1-score (the high-specificity threshold). Unless otherwise specified, the 165 
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threshold maximizing Youden’s J was used (Supplementary Material 3: Supplementary 166 

Methods 2). The model analyzed ECG signals exclusively and did not incorporate 167 

demographic or clinical information. 168 

Truncated limb-lead ECGs were generated from the standard 12-lead recordings by masking 169 

the six precordial leads (V1–V6) and removing the machine-generated interpretation, leaving 170 

the limb leads with ECG numeric values (Fig. 2b, c). For interpretation of these tracings, 171 

cardiologists were provided with basic patient information, including age, sex, ECG numeric 172 

values, and the overall AMI prevalence in the study cohort, to reflect real-world clinical 173 

settings. For interpretation of 12-lead ECGs, cardiologists additionally reviewed automated 174 

ECG interpretations generated by the MUSE system, as provided in routine clinical practice. 175 

Cardiologists classified each ECG as AMI or non-AMI. 176 

Fig. 2 Acquisition of mobile limb-lead electrocardiogram and example of standard and 177 

truncated limb-lead electrocardiograms used in cardiologist interpretation. 178 

 179 

(a) Mobile limb-lead ECG was recorded using a mobile device equipped with three electrodes, two positioned 180 

on the front and one on the back. (b) Standard 12-lead ECG including limb and precordial leads with machine-181 

generated interpretation. (c) Truncated limb-lead ECG derived by masking the precordial leads (V1–V6) from 182 

the 12-lead ECG, with machine-generated interpretation removed. ECG, electrocardiogram. 183 
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All ECGs were independently interpreted by three board-certified cardiologists from separate 184 

institutions, none of whom were affiliated with the data-collecting hospital. To minimize 185 

recall bias, a washout period of approximately 1 month separated the interpretation sessions 186 

for truncated limb-lead ECGs and standard 12-lead ECGs. For the cardiologist comparator, a 187 

positive ECG interpretation for AMI was assigned when at least two of the three cardiologists 188 

classified the ECG as AMI. 189 

Subgroup, sensitivity, and exploratory probability stratification analyses 190 

Subgroup analyses were performed to compare diagnostic accuracy across age groups (≥65 191 

years vs. <65 years) and sex (male vs. female). Additional analyses compared the sensitivity 192 

for detecting NSTEMI between the AI model and cardiologists’ interpretations using 193 

truncated limb-lead ECGs and standard 12-lead ECGs. To assess the robustness of diagnostic 194 

performance to differences in acquisition timing between mobile and standard ECGs, 195 

sensitivity analyses were performed using ECG pairs obtained within 3, 6, 12, and 24 hours 196 

of each other. 197 

For exploratory evaluation of the model’s probability output beyond binary classification, 198 

patients were categorized into three strata using the two operating thresholds (Youden’s J and 199 

F1) described above (Supplementary Material 3: Supplementary Methods 2): a low-200 

probability stratum below the lower threshold (Youden’s J), a high-probability stratum above 201 

the upper threshold (F1), and an intermediate stratum between the two thresholds. 202 

Statistical analysis 203 

Continuous variables were summarized as mean ± standard deviation or median (interquartile 204 

range) based on distribution normality and were compared using Student’s t-test or the Mann-205 

Whitney U test. Categorical variables were summarized as frequencies (percentages) and 206 

compared using Pearson’s chi-square test, or Fisher’s exact test when any expected cell count 207 

was <5. 208 
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Diagnostic performance was assessed by sensitivity, specificity, positive predictive value 209 

(PPV), negative predictive value (NPV), positive and negative likelihood ratios (LR+, LR−), 210 

and, for the AI model only, the area under the receiver operating characteristic curve 211 

(AUROC). Ninety-five percent confidence intervals (CIs) were calculated using the DeLong 212 

method for AUROC [20], the Wilson score method for proportions [21], and the Simel–213 

Samsa–Matchar log-transformation for likelihood ratios [22]. Between-method comparisons 214 

preserved within-patient pairing: sensitivity and specificity were compared using McNemar’s 215 

exact test. PPV and NPV were not formally compared, as they depend on disease prevalence; 216 

LR+ and LR− follow directly from sensitivity and specificity. Stratum-level prevalence and 217 

interval likelihood ratios were reported with 95% CIs. 218 

Model calibration was assessed descriptively [23, 24], including calibration-in-the-large and 219 

calibration slope (via logistic recalibration; 95% CIs from bias-corrected and accelerated 220 

[BCa] bootstrap, B = 2,000) [25]. Overall prediction error was assessed using the Brier score, 221 

referenced against a null model assigning the overall observed AMI prevalence (16.3%) to 222 

every patient. Observed AMI proportions by predicted-probability quintile were plotted with 223 

95% Wilson CIs alongside a restricted cubic spline calibration curve [26]. Given the limited 224 

number of AMI events, calibration was interpreted without formal hypothesis testing. 225 

Inter-reader agreement among the three cardiologists was assessed using Fleiss’ κ [27] and 226 

pairwise Cohen’s κ [28] with 95% CIs from BCa bootstrap resampling (B = 2,000) [25]. The 227 

majority-vote cardiologist interpretation was used as the comparator against the AI model in 228 

the primary analysis, and reader-level diagnostic performance metrics and agreement 229 

statistics were reported in Supplementary Material 3: Table S1 and Table S2. 230 

A two-sided p-value of <0.05 was considered statistically significant. Statistical analyses 231 

were conducted using Python (version 3.11.7) and R (version 4.4.3; R Core Team), with 232 
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relevant packages used for data analysis. Claude (Anthropic) was used to assist with code 233 

development and manuscript editing. 234 

Results 235 

Participants and baseline characteristics 236 

Of the 231 enrolled patients, 3 withdrew consent, 7 had no standard 12-lead ECG, and 30 had 237 

uninterpretable mobile recordings due to electrode misplacement or acquisition artifacts 238 

(unreadable signal, n = 25; limb-lead reversal, n = 5), resulting in 191 patients, including 51 239 

with AMI. Of the 51 patients with AMI, 11 had STEMI, of whom 8 were excluded because 240 

their mobile ECGs were recorded after revascularization. Consequently, 153 patients (25 with 241 

AMI) were included in the final analysis (Fig. 1). Details of the sample size determination are 242 

provided in Supplementary Material 1. 243 

The final cohort comprised 153 patients with paired mobile limb-lead and standard 12-lead 244 

ECGs (mean age 64.9 ± 9.8 years; 41 [26.8%] female). Twenty-five patients (16.3%) were 245 

diagnosed with AMI, including 3 with STEMI and 22 with NSTEMI, whereas 128 (83.7%) 246 

were classified as non-AMI. The non-AMI group included patients with unstable angina (n = 247 

85) and other ischemic or structural heart diseases, reflecting the clinically selected 248 

population referred for coronary angiography. Revascularization was performed in 15 249 

patients with AMI (60.0%) and 24 without AMI (18.8%). Compared with those without AMI, 250 

patients with AMI had lower hemoglobin and left ventricular ejection fraction and higher 251 

heart rate and corrected QT interval (p = 0.005 for hemoglobin and p < 0.001 for the others), 252 

whereas age, sex, hypertension, and diabetes did not differ significantly (Table 1). 253 

Diagnostic performance comparison between the AI model and cardiologists 254 

The AUROC of the AI model was 0.843 (95% CI, 0.758–0.928) (Fig. 3). At the high-255 

sensitivity threshold, sensitivity was higher than that of the cardiologists’ 12-lead 256 
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interpretation (88.0% vs. 40.0%; difference, 48.0 percentage points; 95% CI, 24.1 to 65.1) 257 

and specificity was lower (55.5% vs. 91.4%; difference, −35.9 percentage points; 95% CI, 258 

−44.6 to −26.6; both p < 0.001) (Table 2). At an AMI prevalence of 16.3%, the PPV and 259 

NPV were 27.8% and 95.9%, compared with 47.6% and 88.6% for the cardiologists’ 12-lead 260 

interpretation. Compared with the cardiologists’ interpretation of the truncated limb-lead 261 

ECGs (sensitivity 20.0%, specificity 92.2%), sensitivity was also higher at this threshold 262 

(88.0% vs. 20.0%), with lower specificity (55.5% vs. 92.2%; both p < 0.001). 263 

At the high-specificity threshold, sensitivity did not differ significantly from that of the 264 

cardiologists’ 12-lead interpretation (48.0% vs. 40.0%; difference, 8.0 percentage points; 265 

95% CI, −18.3 to 32.9; p = 0.77), and specificity was similar (93.8% vs. 91.4%; difference, 266 

2.3 percentage points; 95% CI, −3.7 to 8.6; p = 0.58). The PPV and NPV were 60.0% and 267 

90.2%, respectively. Compared with the cardiologists’ interpretation of the truncated limb-268 

lead ECGs, sensitivity was numerically higher at a similar specificity (difference, 28.0 269 

percentage points; 95% CI, 0.7 to 50.3; p = 0.09). 270 

For NSTEMI (n = 22), the AI model detected 19 of 22 cases at the high-sensitivity threshold 271 

(sensitivity 86.4%; 95% CI, 66.7–95.3%), compared with 3 of 22 by cardiologists using 272 

truncated limb-lead ECGs (13.6%; 95% CI, 4.7–33.3%; p < 0.001) and 8 of 22 using standard 273 

12-lead ECGs (36.4%; 95% CI, 19.7–57.0%; p < 0.001). 274 

Fig. 3 Diagnostic performance of the AI model for detecting acute myocardial infarction 275 

(AMI). 276 
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 277 

Receiver operating characteristic curve for the AI model applied to mobile limb-lead ECGs, with the two 278 

thresholds prespecified during model development (open circles) and the majority-vote cardiologist operating 279 

points for standard 12-lead ECGs (square) and truncated limb-lead ECGs (triangle). AI, artificial intelligence; 280 

AUROC, area under the receiver operating characteristic curve; CI, confidence interval; ECG, 281 

electrocardiogram. 282 

 283 

Table 2 Diagnostic performance of the AI model and cardiologists for acute myocardial 284 

infarction 285 

 
AI model, high-

sensitivity threshold 

AI model, high-

specificity threshold 

Cardiologists, 

standard 12-lead 

ECG 

Cardiologists, 

truncated limb-lead 

ECG 

Threshold 0.1422 0.2671 – – 

TP/FP/FN/TN 22/57/3/71 12/8/13/120 10/11/15/117 5/10/20/118 

Sensitivity, % (95% CI) 88.0 (70.0–95.8) 48.0 (30.0–66.5) 40.0 (23.4–59.3) 20.0 (8.9–39.1) 

p-value* – – <0.001 / 0.774 <0.001 / 0.092 

Specificity, % (95% CI) 55.5 (46.8–63.8) 93.8 (88.2–96.8) 91.4 (85.3–95.1) 92.2 (86.2–95.7) 

p-value* – – <0.001 / 0.581 <0.001 / 0.804 

PPV, % (95% CI) 27.8 (19.2–38.6) 60.0 (38.7–78.1) 47.6 (28.3–67.6) 33.3 (15.2–58.3) 

NPV, % (95% CI) 95.9 (88.7–98.6) 90.2 (84.0–94.2) 88.6 (82.1–93.0) 85.5 (78.7–90.4) 

LR+ (95% CI) 1.98 (1.55–2.52) 7.68 (3.50–16.84) 4.65 (2.22–9.77) 2.56 (0.96–6.85) 

LR− (95% CI) 0.22 (0.07–0.63) 0.55 (0.38–0.81) 0.66 (0.47–0.91) 0.87 (0.71–1.06) 

The AI model was applied to mobile limb-lead ECGs (n = 153; 25 with AMI) at two thresholds prespecified 286 

during model development using the internal validation cohort: the high-sensitivity threshold (0.1422), selected 287 

by maximizing Youden’s J statistic, and the high-specificity threshold (0.2671), selected by maximizing the F1-288 

score; the AUROC of the AI model was 0.843 (0.758–0.928). Cardiologists interpreted truncated limb-lead and 289 

standard 12-lead ECGs, and their results were based on majority voting by three readers. Sensitivity, specificity, 290 

PPV, and NPV are presented with 95% CIs; LR+ and LR− were calculated from sensitivity and specificity. *p-291 

values compare each cardiologist reading with the AI model at the high-sensitivity / high-specificity threshold, 292 

respectively, and were calculated using the exact McNemar test. 293 

Abbreviations: AI, artificial intelligence; AMI, acute myocardial infarction; AUROC, area under the receiver 294 

operating characteristic curve; CI, confidence interval; ECG, electrocardiogram; FN, false negative; FP, false 295 
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positive; LR, likelihood ratio; NPV, negative predictive value; PPV, positive predictive value; TN, true 296 

negative; TP, true positive. 297 

 298 

Inter-reader agreement 299 

Agreement among the three cardiologists was higher for standard 12-lead than for truncated 300 

limb-lead interpretation: Fleiss’ κ was 0.40 (95% CI, 0.29–0.53) versus 0.27 (95% CI, 0.14–301 

0.44), and pairwise Cohen’s κ ranged from 0.31 to 0.52 versus 0.22 to 0.34. Reader-level 302 

diagnostic performance and inter-reader agreement statistics are provided in Supplementary 303 

Material 3: Table S1 and Table S2. 304 

Table 3 Exploratory subgroup analysis of AI model performance by age and sex 305 

 Age Sex 

 <65 years, N = 71 ≥65 years, N = 82 Male, N = 112 Female, N = 41 

AMI, n (%) 8 (11.3%) 17 (20.7%) 18 (16.1%) 7 (17.1%) 

Sensitivity, % (95% CI) 100.0 (67.6–100.0) 82.4 (59.0–93.8) 94.4 (74.2–99.0) 71.4 (35.9–91.8) 

Specificity, % (95% CI) 55.6 (43.3–67.2) 55.4 (43.3–66.8) 59.6 (49.5–68.9) 44.1 (28.9–60.5) 

PPV, % (95% CI) 22.2 (11.7–38.1) 32.6 (20.5–47.5) 30.9 (20.3–44.0) 20.8 (9.2–40.5) 

NPV, % (95% CI) 100.0 (90.1–100.0) 92.3 (79.7–97.3) 98.2 (90.7–99.7) 88.2 (65.7–96.7) 

The AI model was evaluated using mobile limb-lead ECGs at the prespecified Youden’s J threshold from the 306 

internal validation cohort. Values are presented as percentages with 95% CIs in parentheses. Subgroup analyses 307 

were exploratory and interpreted descriptively; no formal between-subgroup hypothesis testing was performed. 308 

Abbreviations: AI, artificial intelligence; AMI, acute myocardial infarction; CI, confidence interval; NPV, 309 

negative predictive value; PPV, positive predictive value 310 

 311 

Subgroup and sensitivity analyses 312 

Performance was examined across age and sex subgroups (Table 3). Estimates were broadly 313 

similar between patients younger than 65 years and those aged 65 years or older (sensitivity 314 

100.0% vs. 82.4%), with overlapping confidence intervals across all metrics. Performance 315 

estimates were numerically lower in female than in male patients (sensitivity 71.4% vs. 316 

94.4%; specificity 44.1% [95% CI, 28.9–60.5%] vs. 59.6% [95% CI, 49.5–68.9%]), but 317 

confidence intervals overlapped and the female subgroup was small. NPV was 88.2% or 318 

higher in all subgroups. Because event counts within subgroups were limited, these analyses 319 

were exploratory and were not formally tested for between-subgroup differences. 320 
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When the analysis was restricted to ECG pairs recorded within 3, 6, 12, or 24 hours of each 321 

other (n = 40 to 143; 8 to 18 with AMI), the AUROC ranged from 0.848 to 0.912 (Table 4). 322 

At the high-sensitivity threshold, sensitivity ranged from 87.5% to 92.9% with specificity of 323 

53.1% to 58.3%, compared with 37.5% to 50.0% sensitivity and 90.6% to 93.1% specificity 324 

for the cardiologists’ 12-lead interpretation. At the high-specificity threshold, sensitivity 325 

ranged from 61.1% to 72.7% with specificity of 90.6% to 94.4%. 326 

Table 4 Sensitivity analyses of AI model performance compared with cardiologists’ 12-lead 327 

interpretation 328 

Analysis n (AMI) AUROC (95% CI) 

High-sensitivity 

threshold, Se / 

Sp, % 

High-specificity 

threshold, Se / 

Sp, % 

Cardiologists, 12-

lead, Se / Sp, % 

Main analysis 153 (25) 0.843 (0.758–0.928) 88.0 / 55.5 48.0 / 93.8 40.0 / 91.4 

Interval between mobile and standard ECGs 

 ≤3 h 40 (8) 0.848 (0.677–1.000) 87.5 / 53.1 62.5 / 90.6 37.5 / 90.6 

 ≤6 h 83 (11) 0.904 (0.795–1.000) 90.9 / 58.3 72.7 / 94.4 45.5 / 93.1 

 ≤12 h 116 (14) 0.912 (0.826–0.998) 92.9 / 55.9 71.4 / 94.1 50.0 / 91.2 

 ≤24 h 143 (18) 0.863 (0.763–0.962) 88.9 / 56.8 61.1 / 93.6 44.4 / 91.2 

Values are sensitivity / specificity (%). Pairs were restricted by the absolute interval between the mobile and 329 

standard ECG recordings. Cardiologists, majority interpretation of the standard 12-lead ECG. 330 

Abbreviations: AI, artificial intelligence; AMI, acute myocardial infarction; AUROC, area under the receiver 331 

operating characteristic curve; CI, confidence interval; ECG, electrocardiogram; Se, sensitivity; Sp, specificity 332 

 333 

Interval likelihood ratios across AI-defined AMI probability strata 334 

AMI prevalence within strata and interval LRs differed across the three exploratory AI-335 

defined probability strata (Table 5). AMI prevalence increased from 4.1% (95% CI, 1.4–11.3) 336 

in the low-probability stratum (n = 74; 48.4% of the cohort) to 16.9% (95% CI, 9.5–28.5) in 337 

the intermediate stratum (n = 59; 38.6%) and 60.0% (95% CI, 38.7–78.1) in the high-338 

probability stratum (n = 20; 13.1%), with corresponding interval LRs of 0.22, 1.04, and 7.68. 339 
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Table 5 AMI prevalence within strata and interval likelihood ratios across AI-defined 340 

probability strata 341 

AI probability stratum n (%) 
AMI / non-

AMI 

AMI prevalence 

within stratum, % 

(95% CI) 

AMI cases 

by 

stratum, % 

Non-AMI 

cases by 

stratum, % 

Interval LR 

(95% CI) 

High AI-probabilitya 20 (13.1) 12 / 8 60.0 (38.7–78.1) 48.0 6.2 7.68 (3.50–
16.84) 

Intermediate AI-

probabilityb 

59 (38.6) 10 / 49 16.9 (9.5–28.5) 40.0 38.3 1.04 (0.62–1.77) 

Low AI-probabilityc 74 (48.4) 3 / 71 4.1 (1.4–11.3) 12.0 55.5 0.22 (0.07–0.63) 

Total 153 (100) 25 / 128 16.3 (11.3–22.9) 100 100 – 

Patients were categorized into three exploratory AI-defined probability strata using two prespecified operating 342 

thresholds derived from the internal validation cohort. The high-probability stratum was defined as patients 343 

above the upper threshold, the low-probability stratum as patients below the lower threshold, and the 344 

intermediate-probability stratum as patients between the two thresholds. Within-stratum AMI prevalence 345 

corresponds to P(AMI|stratum), whereas the distributions of AMI and non-AMI cases across strata correspond 346 

to P(stratum|AMI) and P(stratum|non-AMI), respectively. Interval likelihood ratios were calculated as 347 

P(stratum|AMI) / P(stratum|non-AMI). Within-stratum AMI prevalence 95% CIs were calculated using the 348 

Wilson score method, and interval LR 95% CIs were calculated using the Simel–Samsa–Matchar method. 349 
aAbove the upper operating threshold selected by maximizing the F1-score. bBetween the two operating 350 

thresholds. cBelow the lower operating threshold selected by Youden’s J statistic. 351 

Abbreviations: AI, artificial intelligence; AMI, acute myocardial infarction; CI, confidence interval; LR, 352 

likelihood ratio 353 

 354 

Model calibration 355 

Calibration-in-the-large was −0.05 (95% CI, −0.47 to 0.38), the calibration slope was 2.40 356 

(95% CI, 1.45–3.66), and the Brier score was 0.110 (null model, 0.137), indicating good 357 

mean calibration but a steeper observed risk gradient than predicted (slope >1). These 358 

calibration results are summarized in Supplementary Material 3: Fig. S1. 359 

Discussion 360 

In this prospective cohort of patients referred for coronary angiography, a deep learning 361 

model developed on standard ECGs discriminated AMI from mobile limb-lead recordings 362 

without retraining (AUROC, 0.843). At the prespecified high-sensitivity threshold, the model 363 

detected more AMI than cardiologists, most of which were NSTEMI, at the cost of more 364 

false positives; at the prespecified high-specificity threshold, whose specificity was close to 365 

that of cardiologists reading standard 12-lead ECGs, sensitivity did not differ significantly 366 
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from that of the cardiologists. The direction of these findings was unchanged when analyses 367 

were restricted to closely timed ECG pairs (Table 4). 368 

 369 

Comparison with prior studies and clinical relevance 370 

Previous studies have demonstrated the feasibility of AI-based AMI detection using standard 371 

12-lead ECGs or reduced-lead approaches. For example, Cho et al. reported AUROCs of 372 

0.880 and 0.854 and sensitivities of 80.0% and 72.0% in internal and external validation, 373 

respectively, for AMI detection using a variational autoencoder–based reconstruction model 374 

applied to six-lead ECGs derived from standard 12-lead recordings [13]. In the multicenter 375 

ROMIAE (Rule-Out acute Myocardial Infarction using Artificial intelligence 376 

Electrocardiogram analysis) study, Lee et al. reported a sensitivity of approximately 65.5% 377 

for NSTEMI detection, with high specificity, using a 12-lead ECG-based AI model in an 378 

emergency department setting [29]. 379 

A distinguishing feature of the present study is that the AI model was applied to ECGs 380 

acquired directly from a dedicated mobile limb-lead device, rather than to reduced-lead 381 

signals reconstructed or truncated from standard 12-lead recordings, as in several prior 382 

reports [14–16]. In addition, AMI was diagnosed according to the universal definition of 383 

myocardial infarction based on CAG findings, cardiac biomarkers, standard 12-lead ECG 384 

results, and clinical assessment, with CAG performed in all patients to support a clinically 385 

relevant reference standard. Direct comparison with prior studies is limited by differences in 386 

cohort spectrum, AMI prevalence, ECG acquisition modality, model architecture, operating 387 

thresholds, and reference standards. Accordingly, the higher sensitivity observed in the 388 

present study at the selected operating threshold should not be interpreted as evidence of 389 

superiority. Rather, our findings are broadly consistent with prior reports suggesting that AI-390 

based ECG interpretation may improve sensitivity for AMI detection in selected settings, 391 
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whereas the accompanying lower specificity supports a screening-oriented rather than 392 

confirmatory role. 393 

Differences between the model and the cardiologists were largest when only limb leads were 394 

available. The cardiologists’ sensitivity was numerically higher with the precordial leads 395 

(40.0%) than on truncated limb-lead ECGs (20.0%), whereas at a similar specificity the 396 

model’s sensitivity on mobile limb-lead ECGs was 48.0%, numerically higher than that of the 397 

cardiologists reading limb leads alone. This suggests that the model may use limb-lead 398 

information that is difficult for human readers to interpret. 399 

Performance in detecting NSTEMI 400 

The electrocardiographic changes of NSTEMI are often subtle and of limited diagnostic and 401 

localizing value; for example, in patients with single-vessel NSTEMI, Gifft et al. reported 402 

that the distribution of ischemic ECG changes identified the culprit vessel with a sensitivity 403 

of only 41.5% [30]. Consistent with these challenges, cardiologist interpretations in the 404 

present study showed low sensitivity for NSTEMI detection using both truncated limb-lead 405 

ECGs (13.6%) and standard 12-lead ECGs (36.4%). In contrast, the AI model applied to 406 

mobile limb-lead ECGs showed higher sensitivity at the high-sensitivity threshold, exceeding 407 

that of cardiologists even when they interpreted standard 12-lead ECGs with precordial leads. 408 

Notably, at the high-sensitivity threshold, the detection sets were nested: every AMI case 409 

identified by cardiologists on either modality was also identified by the model, with no case 410 

detected by readers but missed by the model (discordant pairs, model-positive/reader-411 

negative versus reader-positive/model-negative, across all 25 AMI cases: 17/0 for truncated 412 

limb-lead and 12/0 for standard 12-lead ECGs; 16/0 and 11/0 when restricted to the 22 413 

NSTEMI cases). The three cases missed by the model were all NSTEMI with probabilities 414 

below the threshold, and all three were classified as negative by all three cardiologists on 415 

both modalities; two involved the left circumflex artery, a territory in which infarction often 416 
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presents without ST-segment elevation and, in more than one-third of patients in one series, 417 

without significant ST-segment changes on the admission ECG [31, 32]. 418 

The model may capture subtle repolarization or morphological patterns not readily apparent 419 

to human readers. This finding is directionally consistent with prior reports of AI-enhanced 420 

NSTEMI detection, including the ROMIAE study [29], although absolute sensitivities are not 421 

directly comparable given differences in cohort, AMI prevalence, acquisition modality, 422 

model, and reference standard. The NSTEMI analysis was based on only 22 cases, with wide 423 

uncertainty requiring confirmation in larger cohorts. Within these limitations, the model’s 424 

higher sensitivity for NSTEMI at the high-sensitivity threshold supports its potential role as a 425 

screening-oriented adjunct to reduce missed cases, rather than as a stand-alone diagnostic 426 

tool. 427 

Exploratory probability stratification and potential clinical implications 428 

Beyond binary classification, the model’s continuous probability output enabled exploratory 429 

categorization of patients into low-, intermediate-, and high-probability strata. The high-430 

probability stratum was enriched for AMI (interval LR 7.68), whereas the low-probability 431 

stratum showed a lower within-stratum AMI prevalence (interval LR 0.22). The intermediate 432 

stratum had an interval LR close to unity, indicating little change from the cohort pre-test 433 

probability, and comprised 38.6% of the cohort. These findings suggest that the model-434 

derived probability provided risk stratification beyond a binary decision, identifying a 435 

subgroup enriched for AMI while leaving a sizable intermediate group in whom the output 436 

was less clinically informative. 437 

However, these findings should be interpreted cautiously. Three AMI cases (12.0% of all 438 

AMI cases) were assigned to the low-probability stratum, so this stratum should not be 439 

interpreted as a safe rule-out category. Similarly, the high-probability stratum showed a 440 

within-stratum AMI prevalence of 60.0%, limiting its use as a stand-alone trigger for invasive 441 
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evaluation. Mobile ECG–based probability estimation may therefore be best viewed as a 442 

potential adjunct to conventional diagnostic pathways. Which threshold is appropriate 443 

depends on the intended use and cannot be determined from this study. 444 

Acquisition differences between mobile and standard ECGs 445 

The standard and mobile recordings differed in device, lead configuration, posture, and 446 

acquisition time. The timing also differed by AMI status: in patients with AMI, the mobile 447 

ECG was recorded a median of 6.8 hours after the standard 12-lead ECG, whereas in patients 448 

without AMI it preceded the standard ECG by a median of 2.3 hours. This could have 449 

favored the model if ischemic changes evolved between the recordings; however, the 450 

direction of the findings was unchanged when the analysis was restricted to closely timed 451 

pairs (Table 4). 452 

Limitations 453 

Several limitations should be acknowledged. First, this was a single-center study with a 454 

limited number of AMI events (3 STEMI and 22 NSTEMI). The small event count resulted in 455 

wide confidence intervals for between-method differences (for example, −18.3 to 32.9 456 

percentage points for sensitivity at the high-specificity threshold), reduced the precision of 457 

subgroup, stratum-level, and calibration estimates, and precluded meaningful conclusions 458 

regarding STEMI; the findings should therefore be interpreted primarily in relation to 459 

NSTEMI detection. The scarcity of STEMI cases largely reflected the exclusion of 460 

recordings obtained after revascularization: of the 11 patients with STEMI who had 461 

interpretable paired recordings, 8 were excluded on this basis, consistent with the urgency of 462 

reperfusion in STEMI leaving little opportunity for research ECG acquisition beforehand. 463 

Second, patients were enrolled based on an indication for CAG, which may have introduce 464 

selection bias and limits generalizability to broader, unselected chest-pain, emergency 465 

department, or prehospital populations. Third, the raw probability outputs showed imperfect 466 
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calibration in this cohort: although calibration-in-the-large was near zero, the calibration 467 

slope was well above 1 (2.40), indicating under-dispersed predictions that overstated risk at 468 

lower and understated risk at higher predicted probabilities. This miscalibration may have 469 

been driven by the application of the model, which was not trained on mobile limb-lead 470 

ECGs, to a cohort that differed from its development cohort. Therefore, the probability strata 471 

should be regarded as exploratory and would require external validation and potential 472 

recalibration before any threshold-based clinical application. Fourth, handheld mobile ECG 473 

recordings may be more susceptible to acquisition-related variability than standard 12-lead 474 

ECGs, potentially affecting signal quality. Of 231 enrolled patients, 30 (13.0%) were 475 

excluded due to uninterpretable recordings caused by electrode misplacement or acquisition 476 

artifacts. Thus, the reported diagnostic performance may overestimate real-world 477 

performance. Furthermore, to avoid interfering with routine clinical care, the recordings were 478 

obtained at different times, with intervals differing between patients with and without AMI. 479 

As ischemic ECG findings may evolve over time, these temporal differences may have 480 

affected the comparability of the recordings. Finally, further prospective validation in real-481 

world point-of-care, emergency, and prehospital settings is needed to determine clinical 482 

utility, workflow impact, and safety. 483 

Conclusions 484 

In patients referred for coronary angiography, DeepECG-AMI, developed on standard ECGs, 485 

discriminated AMI when applied without retraining to mobile limb-lead ECGs. At the 486 

prespecified high-sensitivity threshold, it detected more NSTEMI than cardiologists at the 487 

cost of more false positives, whereas at the prespecified high-specificity threshold, with a 488 

specificity similar to that of cardiologists interpreting standard 12-lead ECGs, its sensitivity 489 

did not differ significantly. These findings suggest a potential role as an adjunctive screening 490 

aid where standard 12-lead acquisition or expert interpretation is not immediately available. 491 
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Given the single-center design, limited number of AMI events, and exploratory nature of the 492 

analyses, prospective evaluation in larger, unselected cohorts of patients with suspected acute 493 

coronary syndrome, with device-specific recalibration, is warranted before clinical 494 

application. 495 
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