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Abstract: 
Background: Despite primary percutaneous coronary intervention (PCI) and guideline-directed therapy, patients 
who survive ST-segment elevation myocardial infarction (STEMI) continue to be at risk of major adverse 
cardiovascular events (MACE). Personalized follow-up may be aided by prediction models, but there is limited 
reporting on model performance across subgroups. 
Methods: A retrospective cohort of 680 adults with STEMI who underwent primary or rescue PCI was analysed. 
The primary outcome was 12-month major adverse cardiovascular events, defined as all-cause death, recurrent 
myocardial infarction, stroke, target-vessel revascularization or heart failure hospitalization. A total of 42 baseline 
clinical, angiographic, laboratory and treatment parameters were used to develop logistic regression, random 
forest and gradient boosting models. Model discrimination and calibration and subgroup performance were 
assessed. 
Results: 118 patients (17.4%) had 12-month MACE. MACE patients were older than non-MACE patients, had 
more diabetes, chronic kidney disease, anterior wall infarction, multivessel disease, higher Killip class and lower 
left ventricular ejection fraction. Gradient boosting had the highest discrimination (AUC 0.84; 95% CI 0.79-0.89), 
followed by random forest (AUC 0.82) and logistic regression (AUC 0.78). Gradient boosting had a sensitivity of 
78.0%, and a specificity of 77.4%. The best performance was observed in non-diabetic patients (AUC 0.86) and 
the worst in chronic kidney disease (AUC 0.77). Killip class, LVEF, creatinine, diabetes, symptom-to-balloon 
time, multivessel disease, final TIMI flow and discharge statin/non-adherence risk were important predictors. 
Conclusion: Gradient boosting model outperformed MACE prediction following STEMI and demonstrated 
clinically significant differences between subgroups. Prediction tools should be reported to be calibrated and 
perform well in subgroups before clinical use. 
Keywords: STEMI; Major Adverse Cardiovascular Events; Prediction Model; Machine Learning; Subgroup 
Analysis; Percutaneous Coronary Intervention. 
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Introduction

ST-segment elevation myocardial infarction is a 
time-dependent emergency and early reperfusion 
decreases infarct size, maintains ventricular function 
and increases survival [1]. Where available, primary 
PCI is the preferred reperfusion strategy, but there is 
still significant residual risk due to microvascular 
obstruction, recurrent ischemia, heart failure, 
arrhythmia, and incomplete revascularization and 
comorbidity burden [2]. 

Patients do not have an even distribution of major 
adverse cardiovascular events following STEMI. 
Prognosis is modified by age, diabetes, renal 
dysfunction, Killip class, infarct location, left 

ventricular ejection fraction, angiographic 
complexity and treatment adherence [3]. Traditional 
risk scores are helpful, but many were created prior 
to modern PCI, powerful antiplatelet agents, and 
high-intensity statins. It is therefore necessary to re-
evaluate the modern prediction modelling with the 
latest data sets and to validate it carefully [4,5]. 

Non-linear interactions between clinical, laboratory 
and angiographic variables can be modeled using 
machine learning approaches. A recent study 
specifically assessed prediction models after STEMI 
and emphasized the importance of assessing the 
performance of these models in subgroups as risk 
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factors may differ in diabetics, elderly patients, 
women and patients with renal dysfunction [6]. 
Other acute coronary syndrome studies indicate that 
machine learning can provide reasonable 
discrimination, though transportability and 
interpretability are still issues [7,8]. 

The primary goal of the present study was to create 
prediction models for 12-month MACE after 
STEMI treated with PCI, to compare logistic 
regression with tree-based machine learning models, 
and to evaluate the performance of the models in 
subgroups. The goal was to not only find the best 
performing model, but also to see if the model was 
clinically valid in high-risk subgroups. 

Materials and Methods 

Study Design and Population: This was a 
retrospective cohort study of adults who were 
admitted with STEMI and received primary or 
rescue PCI over a three-year period. STEMI was 
characterized by the presence of ischemic symptoms 
and persistent ST-segment elevation or new left 
bundle branch block, along with biomarker evidence 
of myocardial necrosis. Patients who died prior to 
angiography, were treated with thrombolysis alone, 
had no follow-up or had non-atherosclerotic 
myocardial injury were excluded. 

Outcome and Candidate Predictors: The primary 
outcome was 12-month MACE, defined as a 
composite of all-cause mortality, recurrent 
myocardial infarction, ischemic stroke, target-vessel 
revascularization or heart failure hospitalization. 
Predictors that were tested included age, sex, 
hypertension, diabetes, smoking, previous coronary 
disease, chronic kidney disease, Killip class, 
location of the infarct, symptom-to-door time, door-
to-balloon time, systolic blood pressure, heart rate, 
haemoglobin, creatinine, glucose, troponin, lipid 
variables, LVEF, single versus multivessel disease, 
culprit artery, thrombus burden, final TIMI flow, 
stent length, and discharge medications and 
adherence risk documented at first follow-up. 

Model Development: The data was split into 
training and testing sets (70:30) with stratification 
according to outcome. 42 baseline variables were 
used to train logistic regression, random forest and 
gradient boosting. Winsorization of extreme 
percentiles was performed for continuous predictors. 
Median or mode was used for missingness < 6%. 
Five-fold cross validation was performed in the 
training cohort to tune hyperparameters. 

The performance and subgroup analysis are 
provided. Performance and subgroup analysis are 
available. 

AUC, sensitivity, specificity, positive predictive 
value, negative predictive value, Brier score and 
calibration slope were used to evaluate model 
performance. Subgroup performance was estimated 
for age <60 years, sex, diabetes, anterior STEMI, 
chronic kidney disease and multivessel disease. The 
baseline comparisons were considered statistically 
significant when the p value was < 0.05. 

Results 

Sixty-eight hundred STEMI patients were included 
in the final cohort. Mean age was 58.9 ± 11.6 years 
and 74.1% were male. Anterior wall STEMI was 
seen in 46.6%, diabetes in 34.0%, chronic kidney 
disease in 12.8% and multivessel disease in 38.5%. 
Twelve-month MACE was seen in 118 patients 
(17.4%), including 42 deaths, 31 hospitalizations for 
heart failure, 18 recurrent myocardial infarctions, 11 
strokes and 16 target-vessel revascularizations. 

Patients with MACE had higher risk baseline 
features such as older age, diabetes, renal 
dysfunction, higher Killip class, lower EF and 
longer symptom-to-balloon time. Gradient boosting 
was the best discriminator and had an acceptable 
calibration. The model was well performing in most 
of the subgroups, with a slight drop in discrimination 
in the chronic kidney disease and older age groups 
(60 years and older). (Table 1-3)

 
Table 1: Baseline characteristics of STEMI patients according to 12-month MACE 

Variable MACE (n=118) No MACE (n=562) p value 
Age (years) 64.3 ± 10.8 57.8 ± 11.4 <0.001 
Male sex 82 (69.5%) 422 (75.1%) 0.207 
Diabetes mellitus 56 (47.5%) 175 (31.1%) 0.001 
Chronic kidney disease 28 (23.7%) 59 (10.5%) <0.001 
Anterior STEMI 67 (56.8%) 250 (44.5%) 0.015 
Killip class II-IV 49 (41.5%) 110 (19.6%) <0.001 
LVEF (%) 39.8 ± 8.7 46.1 ± 9.4 <0.001 

 
Table 2: Comparative performance of prediction models for 12-month MACE 

Model AUC (95% CI) Sensitivity Specificity Brier score 
Logistic regression 0.78 (0.72-0.84) 70.3% 72.1% 0.132 
Random forest 0.82 (0.76-0.87) 75.4% 75.8% 0.119 
Gradient boosting 0.84 (0.79-0.89) 78.0% 77.4% 0.111 
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Table 3: Subgroup-specific AUC of the gradient boosting model 
Subgroup n MACE rate AUC 
Age <60 years 348 12.1% 0.85 
Age ≥60 years 332 22.9% 0.80 
Male 504 16.3% 0.84 
Female 176 20.5% 0.81 
Diabetes present 231 24.2% 0.80 
No diabetes 449 13.8% 0.86 
Chronic kidney disease 87 32.2% 0.77 
Multivessel disease 262 24.0% 0.82 

 
Discussion 

The results of this study show that machine learning 
models, which integrate clinical, laboratory, 
angiographic and discharge treatment variables, can 
enhance the prediction of 12-month MACE after 
STEMI. Gradient boosting had the best AUC and the 
lowest Brier score, indicating that it discriminated 
and estimated the probability better than the 
conventional logistic regression in this dataset. The 
results are consistent with previous studies showing 
that flexible models are able to model complex 
interactions with risk in acute coronary syndrome 
[9,10]. 

Clinically credible were the most important 
predictors. Killip class and LVEF are markers of 
acute hemodynamic compromise and ventricular 
reserve, whereas creatinine and chronic kidney 
disease are markers of cardio-renal vulnerability, 
diabetes and multivessel disease are markers of 
diffuse atherosclerosis, and symptom-to-balloon 
time is a marker of ischemic burden. These are well 
known to be associated with adverse prognosis 
following myocardial infarction [11,12]. 

One of the strengths of the present study is the ability 
to perform a subgroup analysis. Overall 
discrimination was satisfactory, but poorer in the 
chronic kidney disease and older patients. 
Calibration and subgroup reporting are critical since 
a seemingly good global model may not be as 
reliable in patients that are commonly seen in 
clinical practice [13-15]. Failure to recognise such 
variation may result in inappropriate reassurance or 
unnecessary intensive follow up. 

Prediction models should be used in the support of 
clinical pathways including early follow-up, heart 
failure surveillance, cardiac rehabilitation intensity, 
adherence counselling and optimization of 
secondary prevention. They should not be used as a 
substitute for clinical judgment and/or guideline-
directed therapy. Claims of publication need to be 
supported by transparent reporting and external 
validation before they can be used to support clinical 
implementation [16]. 

The limitations are retrospective design, single-
centre data set, lack of external validation and 
potential documentation bias of adherence risk. 

Sample size was sufficient for model development 
but larger multicentre samples would provide more 
robust subgroup calibration. 

Conclusion 

In this retrospective cohort, a gradient boosting 
prediction model had superior 12-month MACE 
discrimination following STEMI compared with 
logistic regression and random forest. Killip class, 
LVEF, renal function, diabetes, symptom-to-balloon 
time and angiographic severity were important 
predictors. Performance of the subgroups differed, 
especially for older age and chronic kidney disease, 
highlighting the importance of calibration, external 
validation and reporting of subgroups prior to 
clinical use. 
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