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AI‑enabled ECG index for predicting 
left ventricular dysfunction 
in patients with ST‑segment 
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Electrocardiogram (ECG) changes after primary percutaneous coronary intervention (PCI) in 
ST‑segment elevation myocardial infarction (STEMI) patients are associated with prognosis. This 
study investigated the feasibility of predicting left ventricular (LV) dysfunction in STEMI patients using 
an artificial intelligence (AI)‑enabled ECG algorithm developed to diagnose STEMI. Serial ECGs from 
637 STEMI patients were analyzed with the AI algorithm, which quantified the probability of STEMI 
at various time points. The time points included pre‑PCI, immediately post‑PCI, 6 h post‑PCI, 24 h 
post‑PCI, at discharge, and one‑month post‑PCI. The prevalence of LV dysfunction was significantly 
associated with the AI‑derived probability index. A high probability index was an independent 
predictor of LV dysfunction, with higher cardiac death and heart failure hospitalization rates observed 
in patients with higher indices. The study demonstrates that the AI‑enabled ECG index effectively 
quantifies ECG changes post‑PCI and serves as a digital biomarker capable of predicting post‑STEMI 
LV dysfunction, heart failure, and mortality. These findings suggest that AI‑enabled ECG analysis 
can be a valuable tool in the early identification of high‑risk patients, enabling timely and targeted 
interventions to improve clinical outcomes in STEMI patients.
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Abbreviations
AMI  Acute myocardial infarction
AI  Artificial intelligence
AUROC  Area under the receiver operating characteristics curve
ECG  Electrocardiogram
IRB  Institutional Review Board
LV  Left ventricle
LVEF  Left ventricular ejection fraction
MVO  Microvascular obstruction
PCI  Percutaneous coronary intervention
STEMI  ST-segment elevation myocardial infarction

Acute myocardial infarction (AMI) is a leading cause of mortality  worldwide1. Prompt diagnosis and timely 
revascularization are crucial, especially ST-segment elevation myocardial infarction (STEMI)2,3. Even with 
proper revascularization through percutaneous coronary intervention (PCI), some patients may experience 
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left ventricular (LV) dysfunction, affecting both short- and long-term  outcomes4. LV dysfunction is caused not 
only by myocardial injury during coronary occlusion, but also by reperfusion injury or microvascular obstruc-
tion (MVO) after  revascularization5–7. It is difficult to predict these events because they occur even if patency 
of the epicardial coronary artery is secured. Furthermore, no biomarkers are currently available to indicate the 
myocardial injury after revascularization.

Dynamic electrocardiogram (ECG) changes, such as the recovery of ST elevation after PCI, can reflect 
reperfusion at the myocardial level, not the vascular level, and have been linked with myocardial salvage and 
better  outcomes8,9. However, these various changes in ECG parameters are difficult to quantify and are currently 
interpreted by clinicians based on their observations.

Digital biomarkers are biometric data obtained through various digital health devices, and in a broader sense, 
data obtained by analyzing such data. Recent advancements in artificial intelligence (AI)-enabled ECG have 
shown remarkable efficacy in diagnosing and predicting cardiovascular  disease10,11 by generating probability 
indices that serve as novel digital biomarkers for decision-making12,13. This study aimed to evaluate the prognostic 
significance of the AI-based probability index derived from serial ECGs in patients who underwent primary 
PCI for STEMI.

Results
Serial ECG analysis in patients with STEMI following primary PCI
A total of 637 STEMI patients (mean age 64.7 ± 13.0 years, male 80.1%) were finally included in the analysis 
(Supplementary Fig. S1, online). The median probability index estimated by the AI-enabled ECG at various time 
points decreased over time after PCI and revealed significant differences (P < 0.001), with a value of 0.020 (inter-
quartile range [IQR]: 0.018–0.032) at baseline, 0.975 (0.872–0.983) at Pre-PCI, 0.681 (0.043–0.969) at Immediate 
Post-PCI, 0.429 (0.034–0.945) at 6 h Post-PCI, 0.427 (0.036–0.954) at 24 h Post-PCI, 0.117 (0.026–0.876) at 
discharge, and 0.059 (0.024–0.503) at 1 M Post-PCI. Figures 1 shows the distribution of the probability index in 
predicting STEMI. Before primary PCI, most patients had values close to 1, whereas after PCI, this distribution 
is left-shifted towards 0.

Association between the probability index and LV dysfunction
In terms of predicting LV dysfunction, the AUROC was found to be the highest for the 6 h Post-PCI time point 
(Supplementary Fig. S2, Table S1, online). Consequently, this specific index was chosen as the basis for further 
analysis. To assess the relationship between the 6 h Post-PCI index and LV dysfunction, patients were stratified 
into tertiles based on the index; the cutoff points for the tertiles were 0.058 and 0.873. Table 1 shows the baseline 
characteristics according to the probability index. The mean LVEF after primary PCI of the low tertile group 
was 53.3 ± 8.8%, 47.6 ± 10.4% for the middle tertile group, and 46.3 ± 9.5% for the high tertile group (ANOVA 

Figure 1.  Distribution of the probability index predicting STEMI. STEMI, ST elevated myocardial infarction.
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P < 0.001, Fig. 2A). The prevalence of LV dysfunction (LVEF < 50%) was 30.0%, 55.9%, and 65.4%, respectively 
(P < 0.001, Fig. 3, Supplementary Fig. S3, online). Follow-up echocardiography, conducted 3 to 6 months post-
primary PCI, exhibited similar trends in LV dysfunction across the tertile groups (58.3 ± 8.6%, 52.4 ± 10.9%, and 
50.9 ± 9.0%, respectively, ANOVA P < 0.001, Fig. 2B). In terms of LV remodeling, patients with increased LV 
chamber size were also most likely to be in the high tertile group (Supplementary Fig. S3, online).

The multivariate logistic regression analysis showed that a high probability index was an independent 
predictive factor for LV dysfunction after primary PCI and the odds ratio of the high tertile of the probability 
index was 2.285 (95% CI: 1.428–3.656, P = 0.001; Table 2). Furthermore, similar results were seen when LV 
dysfunction was defined as LVEF < 40% (Supplementary Table S2, online).

Clinical outcomes according to the probability index of STEMI
There was a total of 58 cases (9.1%) of cardiac death and heart failure hospitalization, with a higher frequency 
observed in the highest probability index group (7.5% in the low tertile group, 7.1% in the middle tertile group, 
and 12.7% in high tertile group, P = 0.066). According to the Kaplan–Meier survival curve, when divided into a 
low index group (low and middle tertile group) and a high index group (high tertile group), the rate of cardiac 

Table 1.  Baseline characteristics according to the AI-probability index. AI, artificial intelligence; BMI, body 
mass index; BP, blood pressure; CRP, C-reactive protein; CVA, cerebrovascular accident; eGFR, estimated 
glomerular filtration rate; ESRD, end-stage renal disease; HDL, high density lipoprotein; LAD, left anterior 
descending artery ; LCx, left circumflex artery; LDL, low density lipoprotein; LM, left main; NT-proBNP, 
N-terminal pro b-type natriuretic peptide; PCI, percutaneous coronary intervention; RCA, right coronary 
artery; VD, vessel disease.

AI-probability index

P valueLow tertile (n = 212) Middle tertile (n = 212) High tertile (n = 213)

Age, years 64.9 ± 12.5 64.1 ± 12.6 65.2 ± 13.9 0.658

Female, n (%) 41 (19.8) 44 (20.8) 42 (19.7) 0.931

BMI, kg/cm2 24.9 ± 3.5 24.2 ± 3.6 24.3 ± 3.1 0.139

Hypertension, n (%) 117 (55.2) 120 (56.6) 114 (53.5) 0.815

Diabetes, n (%) 66 (31.1) 57 (26.9) 75 (35.2) 0.179

ESRD, n (%) 3 (1.4) 3 (1.4) 3 (1.4) 0.999

Prior PCI, n (%) 9 (4.2) 7 (3.3) 8 (3.8) 0.878

Prior CVA, n (%) 15 (7.1) 16 (7.5) 17 (8.0) 0.939

Systolic BP, mmHg 131.1 ± 38.1 132.3 ± 35.2 133.4 ± 32.0 0.803

Diastolic BP, mmHg 77.2 ± 25.1 78.8 ± 24.0 78.8 ± 22.0 0.716

Pulse rate, bpm 72.4 ± 22.8 77.4 ± 20.7 81.4 ± 21.9  < 0.001

Killip Class, n (%) 0.041

 I 173 (81.6) 174 (82.1) 156 (73.2)

 II 18 (8.5) 17 (8.0) 26 (12.2)

 III 11 (5.2) 10 (4.7) 13 (6.1)

 IV 10 (4.7) 11 (5.2) 18 (8.5)

Disease severity, n (%) 0.680

 1 VD 96 (45.3) 105 (49.5) 94 (44.1)

 2 VD 68 (32.1) 67 (31.6) 67 (31.5)

 3 VD 48 (22.6) 40 (18.9) 52 (24.4)

Infarct-related artery, n (%)  < 0.001

 LM 10 (4.7) 6 (2.8) 1 (0.5)

 LAD 82 (38.7) 135 (63.7) 134 (62.9)

 LCx 32 (15.1) 16 (7.5) 9 (4.2)

 RCA 88 (41.5) 55 (25.9) 69 (32.4)

Peak troponin I, ng/ml 51.5 ± 43.8 74.9 ± 46.5 86.2 ± 42.5  < 0.001

NT-proBNP, pg/dl 1682.2 ± 5631.8 1908.7 ± 5369.1 2543.5 ± 5668.7 0.259

Hemglobin, g/dl 14.1 ± 2.1 14.2 ± 2.0 14.1 ± 2.2 0.765

Platelet,  103/μl 236.4 ± 66.8 238.0 ± 70.1 241.9 ± 81.1 0.728

eGFR, ml/min/1.73m2 69.6 ± 25.1 71.8 ± 24.3 69.0 ± 24.9 0.457

Cholesterol, mg/dl 151.9 ± 46.1 155.4 ± 39.8 163.0 ± 48.6 0.034

Triglyceride, mg/dl 166.0 ± 150.6 168.1 ± 144.5 158.2 ± 126.8 0.751

HDL, mg/dl 45.2 ± 11.2 45.0 ± 11.7 45.8 ± 10.8 0.783

LDL, mg/dl 108.9 ± 37.7 110.5 ± 37.3 120.0 ± 39.2 0.005

CRP, mg/dl 0.8 ± 2.5 0.9 ± 2.6 1.4 ± 3.0 0.066
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death and heart failure hospitalization were significantly higher in the high index group (Log-rank P = 0.024, 
unadjusted HR = 1.766, 95% CI: 1.054–2.958; Fig. 4).

Discussion
The main finding of our study is that it is possible to quantify dynamic ECG changes in patients with STEMI after 
primary PCI using an AI-enabled ECG for STEMI detection. Furthermore, we could predict LV dysfunction and 
mortality in these patients by using these indices as a digital biomarker. To our knowledge, this is the first study 
to utilize a diagnostic AI-enabled ECG algorithm as a biomarker to predict prognosis.

During the thrombolysis era, it is impossible to confirm the patency of the coronary artery visually; thus, 
changes in the ECG were considered to be vital indicators of reperfusion, and several studies have focused on 
their prognostic  implications8,14. The dynamics of ECG changes have often provided insights into the adequate 
reperfusion to the myocardial level following thrombolytic  therapy15. In addition, Dizon et al. showed that the 
ST segment resolution after primary PCI was significantly correlated with infarct size and  MVO16.

While primary PCI effectively ensures patency of the epicardial artery, it does not necessarily guarantee com-
plete perfusion at the myocardial level. The procedure can be associated with reperfusion injury, characterized 

Figure 2.  The mean LVEF after primary PCI according to the AI-probability index. AI, artificial intelligence; 
LVEF, left ventricular ejection fraction; PCI, percutaneous coronary intervention.

Figure 3.  Proportion of LV dysfunction according to the AI-probability index. AI, artificial intelligence; LV, left 
ventricular.
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by oxidative stress and inflammatory responses, leading to further myocardial  damage17. On a cellular level, 
prolonged ischemia–reperfusion injury may lead to cell death, including apoptosis, autophagy, necrosis, and 
 necroptosis18,19. Microvascular obstruction (MVO) can also occur after PCI, preventing adequate myocardial 
level perfusion despite the opening of epicardial arteries. MVO can result from mechanical obstruction by a 
thrombus, embolus, or edema, and is associated with an adverse prognostic  impact20,21. Restoring blood flow at 
the macrovascular level through successful PCI achieving a thrombolysis in myocardial infarction flow score of 
3 may not always translate to effective reperfusion at the myocardial level due to reperfusion injury and  MVO22. 
They can compromise myocardial salvage despite the restoration of epicardial blood flow. ECG changes can 
confirm reperfusion at the myocardial level, but ECG changes are challenging to quantify, so they cannot be 
widely utilized as a prognostic factor.

The recent advancements in the AI-enhanced ECG algorithm allows the prediction of several diseases or 
medical conditions, such as LV dysfunction, valvular heart disease, anemia, and electrolyte abnormalities or 
renal  impairment23–26. The AI algorithm can extract subtle patterns and changes from ECG signals and provide 
quantified probability values between 0 and 1 for target diseases or conditions. These probability values can be 
utilized as digital biomarkers, allowing for a more precise and timely diagnosis, prognosis, and risk stratification. 
The AI algorithm used in this study is a deep-learning algorithm that diagnoses STEMI using a 12-lead ECG. 
The accuracy of the diagnosis was confirmed to be 95.7% in the external  validation10,27. We obtained a STEMI 
probability index from the serial ECGs over time after primary PCI using this algorithm. The algorithm can 
provide information about the ischemic burden at the myocardial level in STEMI patients after primary PCI, 
and this study was conducted to extend the prognostic predictive ability of this algorithm. We used it as a digital 
biomarker, which showed to be a good predictor of LV dysfunction and mortality after STEMI. The ECG at 6 h 
after primary PCI showed the highest predictive power. This result can be reasonable when considering the fact 
that revascularization should be performed within 12 h of symptom onset to salvage the myocardium.

Although it is possible to develop another algorithm to predicts LV dysfunction, in this study we applied 
the STEMI probability index to post-PCI ECGs to find that AI-enabled ECG algorithms can serve not only for 
binary decisions but also as biomarkers for diagnosis and predicting prognosis.

Several limitations of the present study are noteworthy. First, due to the retrospective nature of the study 
design, the timing of the ECG checks was not strictly standardized. We collected ECG data based on a window 
of approximately ± 3 h for our analysis. Second, our sample size was relatively small to substantiate differences 
in clinical outcomes in patients with STEMI. To generalize the results of this study, we believe that validation 
should be performed on a larger number of patients from different countries and ethnicities.

For this reason, we conducted our analysis with LV dysfunction as the primary endpoint. Third, as this is a 
study of reperfusion at the myocardial level in patients with STEMI, it would have been better to check infarct 
size measurements or MVO by cardiac magnetic resonance imaging; however, there are no data on this. Based on 
the findings of this study, we plan to conduct subsequent prospective research to validate the impact on clinical 
outcomes and correlation with cardiac image data.

Table 2.  Independent risk factors for post-STEMI LV dysfunction. AI, artificial intelligence; CI, confidence 
interval; PCI, percutaneous coronary intervention; LAD, left anterior descending artery; LDL, Low density 
lipoprotein; LM, left main coronaryartery.

Univariate analysis Multivariate analysis

Odds ratio 95% CI P value Odds ratio 95% CI P value

AI-probability index low tertile Reference Reference

AI-probability index middle tertile 1.367 0.981–1.905 0.064 1.869 1.166–2.998 0.009

AI-probability index high tertile 2.549 1.807–3.594  < 0.001 2.009 1.228–3.287 0.005

Age, years 1.006 0.994–1.018 0.344

Body mass index, kg/cm2 0.904 0.861–0.949  < 0.001 0.902 0.849–0.959 0.001

Female 1.301 0.768–2.206 0.203

Systolic blood pressure, mmHg 0.992 0.987–0.997  < 0.001 0.986 0.975–0.997 0.015

Diastolic blood pressure, mmHg 0.992 0.986–0.999 0.023

Pulse rate, bpm 1.019 1.011–1.026  < 0.001 1.019 1.009–1.030  < 0.001

Killip ≥ Class 3 2.852 1.659–4.902  < 0.001 2.674 1.356–5.273 0.005

Hypertension 0.855 0.625–1.169 0.326

Diabetes 1.128 0.805–1.580 0.484

End-stage renal disease 1.981 0.491–7.991 0.337

PCI to LM and/or LAD 2.564 1.854–3.546  < 0.001 2.903 1.926–4.377  < 0.001

eGFR, ml/min/1.73m2 0.989 0.983–0.996 0.001

Peak troponin I 1.016 1.012–1.020  < 0.001 1.018 1.013–1.022  < 0.001

C-reactive protein, mg/dl 1.250 1.107–1.412  < 0.001 1.211 1.056–1.389 0.006

Cholesterol, mg/dl 1.003 0.999–1.006 0.131 1.006 1.000–1.012 0.043

LDL cholesterol, mg/dl 1.001 0.997–1.006 0.485
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In conclusion, this study shows that the ECG digital biomarker from an AI-enabled ECG algorithm is an 
effective tool for quantifying ECG changes after primary PCI in patients with STEMI. The digital biomarker can 
predict post-AMI heart failure and is associated with clinical outcomes, indicating its potential as a prognostic 
marker. Further studies are needed to validate our results and explore the use of the digital biomarker in assessing 
myocardial reperfusion after primary PCI.

Methods
Study design and population
This retrospective study was designed to validate the prognostic value of an AI-enabled ECG derived probability 
index as a digital biomarker for predicting the prognosis of patients with STEMI after primary PCI. We 
retrospectively included consecutive patients who underwent primary PCI for STEMI between January 2019 
and June 2022 in our institution. STEMI was diagnosed by a new ST segment elevation in ≥ 2 contiguous leads, 
measuring > 0.2 mV in leads V1-3 or 0.1 mV in all other leads on a 12-lead ECG in a patient with the acute onset 
of chest pain or dyspnea. Patients who died within 24 h, those who underwent coronary artery bypass grafting, 
and patients for whom adequate serial ECGs could not be obtained were excluded from the study. This study was 
approved by the Institutional Review Board (IRB) of Biomedical Research Institute in Seoul National University.

Bundang Hospital (B-2201–733-104) and all methods were performed in accordance with the relevant 
guideline and regulation. The requirement for informed consent was waived by the IRB because of the 
retrospective study design using fully anonymized ECG and health data, with minimal potential harm.

Development of an AI‑enhanced ECG prediction model for STEMI
In previous research, we developed a deep-learning algorithm for the detection of AMI and STEMI using a 
12-lead  ECG10,27. The performance of this algorithm was validated, substantiating its efficacy. The output values, 
situated between 0 and 1, denote that an elevated value corresponds to an increased probability of the presence 
of AMI or STEMI. Data were sourced from two different hospitals for internal and external validation. A total 
of 22,259 ECGs (13,916 ECGs of non-AMI and 8,343 ECGs of AMI) from 15,113 patients were used to develop 
and validate the model. The area under the receiver operating characteristics curve (AUROC) was 0.927 (95% 
confidence interval [CI]: 0.908–0.945) for AMI and 0.983 (95% CI: 0.976–0.989) for STEMI.

Figure 4.  Clinical outcomes according to the AI-probability index. AI, artificial intelligence.
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We developed a ResNet-based model using PyTorch and Python, which is typically applied in image recogni-
tion, to classify ECG data by recognizing complex patterns. ECG classification is challenging because it involves 
deciphering rhythm and morphological features, both in image and time series analysis. Figure 5 shows the archi-
tecture of our deep-learning model, which includes a stem block, followed by six residual blocks, and ends with a 
fully connected layer to discern these patterns. Features from the ECG are progressively extracted through each 
block. We grouped every two residual blocks into what we call a "stage"; our model comprises three such stages. 
Within each residual block, we arranged a sequence of layer: a one dimensional (1D) convolutional layer, batch 
normalization, ReLU activation, another 1D convolutional layer, additional batch normalization, a dropout layer, 
and a skip connection. The stem block has a single layer plus a skip connection and max pooling. For training, we 
chose the Adam optimizer paired with a cosine warm-up optimization scheduler to adjust the weights and focal 
loss function for learning. We ran this scheduler for 150 epochs to test different hyperparameters and determine 
the best model structure, focusing on the highest area under the receiver operating characteristics (AUROC).

Data collection and analysis of serial ECGs
Serial ECGs were analyzed at multiple time points to quantify the dynamic ECG change and to evaluate 
myocardial reperfusion following primary PCI in patients with STEMI. The AI-enabled ECG quantified the 
probability of STEMI at each time points as a continuous variable between 0 and 1, i.e., as a digital biomarker. 
The time points at which the ECG was taken were as follows (Supplementary Fig. S4):

More than 1 month prior to the STEMI event (Baseline)
Time of arrival to the emergency department prior to PCI (Pre-PCI)
Immediately after primary PCI (Immediate Post-PCI)
Six hours after PCI (6 h Post-PCI)
Twenty-four hours after PCI (24 h Post-PCI)
Time of discharge (At discharge)
One month following the PCI (1 M Post-PCI)

Echocardiographic assessments were usually performed the day after primary PCI and follow-up 
echocardiography was performed around 6 months after the onset of STEMI. LV end systolic volume, LV end 
systolic volume, and LV ejection fraction (LVEF) were estimated using the bi-planar modified Simpson’s rule 
from apical two and four chamber views.

Figure 5.  Architecture of the deep learning model. We utilized a ResNet-based model to predict AMI and 
STEMI. It consists of three parts: a stem block, stage block, and a full connected layer. AMI, acute myocardial 
infarction; STEMI, ST elevated myocardial infarction.
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Study endpoint
The primary endpoint was post-STEMI LV dysfunction, defined as a LVEF < 50% during hospitalization and at 
the 6-month follow-up. The secondary endpoint was cardiac death or heart failure hospitalization within 1 year 
of the primary PCI. Cardiac death was defined as a mortality with a defined cardiovascular cause and heart 
failure hospitalization was defined as admission for ≥  24 h with a primary diagnosis of heart failure, with ≥ 1 
symptom and ≥ 2 physical examination, laboratory, or invasive findings of heart failure, and receives a heart 
failure-specific  treatment28.

Statistical analysis
Continuous variables are presented as mean (± standard deviation) and were compared using the unpaired and 
paired Student’s t-test or Mann–Whitney U test. Means of tertile groups were compared by analysis of variance 
(ANOVA). Categorical variables are expressed as frequencies and percentages and were compared using the 
Pearson χ2 test or Fisher’s exact test when the Cochran rule was not met. For the analysis of probability index 
values obtained at different time points, we used the median value and the statistical significance of differences in 
these median values across various time points was evaluated using the non-parametric Kruskal–Wallis H-test. 
Univariate and multivariate logistic regression analyses were performed to identify the proportional hazard 
risk for LV dysfunction in patients with STEMI after primary PCI, which were adjusted for known potential 
confounders (age, sex, body mass index, systolic blood pressure, diastolic blood pressure, pulse rate, Killip 
class ≥ 3, hypertension, diabetes mellitus, end stage renal disease, multiple vessel coronary artery disease, and 
infarct-related artery). Statistical significance was set at P-value < 0.05. All statistical analyses were performed 
using IBM/SPSSv24.0 (IBM/SPSS, Chicago, IL, USA), RStudio (Integrated Development Environment for R. 
RStudio, PBC, Boston, MA, USA), and Python (Python Software Foundation, Wilmington, DE, USA).

Data availability
The datasets used and/or analyzed in this study are available from the corresponding author upon reasonable 
request and to the extent permitted by the Personal Information Protection Act of Korea.
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