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Abstract
Background  Identifying predictors of in-hospital mortality in patients with ST-segment elevation myocardial 
infarction (STEMI) is a major concern in cardiology. The aim of this study was to identify risk factors and develop a 
nomogram to predict in-hospital mortality in STEMI patients.

Materials and methods  This single-center study was a retrospective cohort analysis of all STEMI patients 
consecutively referred to Farshchian Hospital (Hamadan Province-Iran) from April 2021 to August 2024. Four different 
feature selection methods were used to select common important variables in the prediction model: Boruta, 
Recursive Feature Elimination (RFE), Random Forest (RF) and LASSO. The uneven distribution of the different classes 
2,356 (91.7%) alive and 212 (8.3%) dead) was dealt with using the SMOTE method. After splitting the data into a 
training (70%) and a test (30%) dataset, a multiple logistic regression model was formulated using the significant 
variables identified. A nomogram predicting in-hospital mortality was then constructed and validated.

Results  The findings indicate that age (OR = 1.05: 95% CI: 1.03–1.06), gender (female OR = 1.71: 95% CI: 1.22–2.41), 
length of stay (OR = 0.89: 95% CI: 0.83–0.96), blood urea nitrogen level (OR = 1.02: 95% CI: 1.00-0.03), white blood cell 
count (OR = 1.07: 95% CI: 1.03–1.1), Creatinine (OR = 1.74: 95% CI: 1.36–2.22), fasting blood glucose (OR = 1.007: 95% 
CI: 1.005–1.009), uric acid (OR = 1.07: 95% CI: 1.02–1.12), potassium (OR = 1.2: 95% CI: 0.95–1.52) and systolic blood 
pressure (OR = 0.98: 95% CI: 0.97–0.99) are pivotal factor in predicting in-hospital mortality in STEMI patients. The 
predictive model demonstrated high accuracy (84%) and excellent discriminatory ability with an AUC of 0.91. The 
calibration plot demonstrated the model’s strong discriminatory performance in distinguishing between the two 
classes.

Conclusions  The development of a nomogram for reliably predicting in-hospital mortality in STEMI patients provides 
clinicians with a practical visual aid for identifying high-risk patients. By enabling tailored care strategies, this tool 
improves therapeutic precision and ultimately leads to better clinical outcomes.

Clinical trial number   Not applicable.
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Background
Cardiovascular disease (CVD) is responsible for approxi-
mately 30% of all deaths. Among the various cardiovascu-
lar diseases, acute myocardial infarction (AMI) remains 
the leading cause of death and hospitalization on a global 
scale. Despite advances in cardiac interventions, AMI 
remains one of the most common life-threatening diag-
noses in hospital emergency departments, leading to 
increased hospitalizations costs, long-term disability and 
mortality [1, 2].

The age-standardized incidence rate of AMI in Iran 
has been reported to be 73. 3 per 100,000 populations. 
This figure indicates a significant burden of AMI in the 
Iranian population. The prevalence of ST-segment eleva-
tion myocardial infarction (STEMI) in Iran is almost 
higher than that of NSTEMI [3]. While both STEMI and 
NSTEMI contribute to CVD mortality, STEMI is associ-
ated with significantly higher in-hospital mortality rates 
in Iran, necessitating tailored risk-assessment tools for 
this population [4, 5]. Thus, our study focuses exclusively 
on STEMI patients to develop a nomogram to predict in-
hospital mortality among this patients.

In-hospital mortality refers to deaths that occur dur-
ing hospitalizations and varies with disease and quality 
of care. In-hospital mortality is a major concern in cardi-
ology for patients with STEMI, and several studies have 
investigated different prediction models. Mortality rates 
can vary significantly according to geographical loca-
tion and patient demographics, requiring appropriate 
approaches to risk assessment. In-hospital mortality rates 
also vary according to a number of factors, including gen-
der, time to treatment and clinical characteristics [6, 7].

The in-hospital mortality rate for STEMI patients in 
different cohorts in Iran has been reported to be approxi-
mately 6–14%, depending on the population and treat-
ment protocols. Recent data suggest that in-hospital 
mortality rates have been decreasing over time [4, 8]. 
The fact that mortality rates from STEMI vary greatly 
depending on the setting, as well as being influenced by 
factors such as reperfusion timing, comorbidities and 
healthcare resources, highlights the need for robust pre-
dictive tools as a critical aspect of cardiovascular care. 
Various scoring algorithms and machine learning mod-
els have been developed to improve the accuracy of these 
predictions [6, 7, 9]. 

Statistical models to predict the risk of disease or other 
adverse events are being developed in many clinical 
areas. These models are intended to help patients and cli-
nicians make informed decisions. Nomograms are simple 
graphical representations that aim to convey knowledge 
in an understandable way, enabling clinicians to derive 

predicted response values for a particular patient by 
manually connecting points on the corresponding nomo-
gram. To develop a robust nomogram, however, the iden-
tification of effective risk factors is essential [10–14].

The identification of risk factors for in-hospital mortal-
ity in STEMI patients is imperative for enhancing patient 
outcomes and guiding treatment strategies. Extant 
research has identified several pivotal factors contribut-
ing to in-hospital mortality, which can inform clinical 
practices and enhance risk stratification. The effective 
identification of risk factors is, thus, vital not only for the 
timely making of clinical decisions, but also for the sub-
sequent development of long-term treatment protocols 
and the enhancement of patient outcomes.

The present study therefore sought to identify the 
most significant factors affecting in-hospital mortality 
in STEMI patients and develop a predictive nomogram 
combined with feature selection algorithms.

Materials and methods
Study design and population
The present study constitutes a retrospective cohort anal-
ysis of a single center. It is an investigation of all STEMI 
patients who were consecutively referred to Farshchian 
Hospital in Iran from April 2021 to August 2024.

Patients admitted to hospital with ICD-10 codes I21.0, 
I21.1, I21.2 and I21.9 were identified. Exclusion criteria 
were death before hospital admission and incomplete 
patient records.

The study population encompassed patients who had 
attained over 18 years of age and who had been admit-
ted to hospital with a diagnosis of STEMI. Definition of 
STEMI does adhere to internationally accepted clini-
cal guidelines. According to the most recent standards 
from the American Heart Association (AHA), Ameri-
can College of Cardiology (ACC), and European Society 
of Cardiology (ESC), the electrocardiographic criteria 
for STEMI require ST-segment elevation at the J point 
in two contiguous leads. Specifically, for all leads except 
V2-V3, the threshold should be ≥ 0.1 mV (1 mm), while 
for V2–V3, the sex/age-adjusted thresholds: men ≥ 40 
years should have ≥ 0.2 mV (2 mm), men < 40 years ≥ 0.25 
mV (2.5 mm), and women ≥ 0.15 mV (1.5 mm) [15].

All stages were developed according to the conditions 
set by the Iranian Hospital Ethics Committee and ethical 
standards were followed. The names of the subjects were 
kept confidential. Ethical approval code: IR.UMSHA.
REC.1402.349 was obtained from the Ethics Commit-
tee of Hamadan University of Medical Sciences to obtain 
information from cardiac patient records and use this 
information for Hamadan Farshchian Hospital.
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The potential predictors of mortality were retrieved 
from the database, as per previous studies. This included 
demographic information, past medical history, ini-
tial symptoms and laboratory findings based on clinical 

characteristics on the first day of admission. The primary 
outcome of interest was in-hospital mortality. A flow-
chart summarizing the study process was presented in 
Fig. 1.

Fig. 1  Flow chart of the study design
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Data preprocessing
In the first pre-processing step, after removing irrelevant 
values, missing values for variables with very low miss-
ing percentages (less than 5%) were filled with the mean 
or most frequent value corresponding to the variable. For 
other variables with missing percentages higher than 5%, 
the k-nearest neighbor’s method was used. All continu-
ous variables were standardized using Z-score normal-
ization prior to feature selection. Categorical variables 
(e.g., sex, comorbidities) were kept as binary (0/1) values.

Imbalanced data
The distribution of the classes (occurrence or non-
occurrence of hospital death in patients) shows that the 
number of samples in class 0 or non-occurrence of death 
(2356) is significantly higher than in class 1 or occurrence 
of death (212). This imbalance can lead to problems in 
the prediction accuracy of the model, as the model may 
have a tendency to predict the majority class more. The 
SMOTE (Synthetic Minority Oversampling Technique) 
technique was used to deal with the class imbalance.

SMOTE is a widely utilized method for addressing 
class imbalance in datasets, particularly in classification 
problems. The SMOTE aims to balance class distribu-
tions by generating synthetic examples of the minority 
class rather than simply duplicating existing instances. 
Initially, the k-nearest neighbors of the minority class 
samples are determined for each sample of the minor-
ity class. Then, for each minority class sample, one of the 
neighbors is randomly selected. Utilizing interpolation, a 
new sample is created between the two aforementioned 
samples. Following this process, the data is reconstructed 
[16, 17].

SMOTE implementation included quality control 
measures assessing synthetic sample positioning within 
original feature space. We evaluated potential noise 
introduction through nearest neighbor analysis and mul-
tidimensional outlier detection. Over fitting risks were 
mitigated through separate validation sets.

Feature selection
The identification of risk factors is an essential step 
in the design of a predictive nomogram of in-hospital 
mortality in STEMI patients. Boruta feature selection 
techniques, Recursive Feature Elimination, LASSO Regu-
larization and Random Forest were used to identify the 
most important predictor of in-hospital death in STEMI 
patients.

We selected these four methods to present a wide range 
of methodological approaches including filtering tech-
niques (Boruta), wrapper technique (RFE), and embed-
ded techniques (LASSO and random forest).

Boruta
The Boruta method is a feature selection technique that 
enhances classification algorithms, particularly Random 
Forest, through the evaluation of feature significance 
relative to “shadow” features, which are artificially gen-
erated. For each feature present in the original data-
set, Boruta generates a corresponding “shadow” feature 
through a randomization of its values, thereby ensuring 
that the “shadows” bear no correlation to the target vari-
able. The algorithm subsequently trains classifiers on this 
amalgamation of the original features and their corre-
sponding “shadows”, and calculates importance scores for 
both feature types.

In each iteration, Boruta compares the importance 
of the original features to that of the most significant 
shadow feature, with features that demonstrate sig-
nificantly greater importance than the best shadow fea-
ture being classified as “Confirmed.” In turn, those with 
a lesser importance are marked as “Rejected.” Those 
that do not clearly fit into either of these categories are 
labeled as “Tentative”. This classification process contin-
ues until all features are sorted into one of the three cate-
gories or until a specified maximum number of iterations 
are reached [18].

Recursive feature elimination
Recursive Feature Elimination (RFE) is a technique used 
to select features in a data set by gradually eliminating the 
least significant ones to improve model performance. The 
RFE process starts by training a model using all available 
features. The model then calculates an importance score 
for each feature, reflecting its importance in making pre-
dictions. These scores may be obtained from a variety of 
sources, including the coefficients employed within lin-
ear models or the feature importance metrics utilized in 
tree-based models.

Once the importance scores have been determined, the 
RFE will rank the features and identify the least impor-
tant features to be removed. The model is then retrained 
without these features and new importance scores are 
calculated. This iterative process continues, removing 
one or more features at each step, until either a speci-
fied number of features remain or further removals nega-
tively affect model performance. The decision to retain or 
discard features depends on their impact on the perfor-
mance metrics; if removing a feature causes a significant 
drop in performance, it is retained; otherwise, it is dis-
carded [19].

LASSO regularization
Least Absolute Shrinkage and Selection Operator 
(LASSO) regularization is a powerful technique used 
in machine learning for both regularization and feature 
selection, particularly in classification tasks. LASSO can 
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effectively reduce the number of features used in a model, 
improving interpretability and reducing the risk of over-
fitting, by adding an L1 penalty to the loss function [20].

Random forest
Random forest is an ensemble learning technique that is 
excellent at the evaluation of the importance of features. 
It consists of multiple decision trees, where each tree is 
made up of internal nodes and leaves. At each internal 
node, a selected feature determines how to split the data 
set into two groups with similar results. The features for 
these splits are selected based on specific criteria, such as 
Gini impurity or information gain for classification tasks.

Feature importance is assessed using Gini importance, 
which measures the average reduction in impurity that 
a feature contributes when used to split nodes across 
all trees in the random forest. The more a feature helps 

to reduce impurity - whether through Gini impurity or 
entropy - the more important it becomes in the model. 
Thus, features that lead to a significant reduction in 
impurity are considered more important [21].

Logistic regression
Following the identification of important predictor 
variables in the feature selection stage, a multiple logis-
tic regression model was fitted to create a nomogram. 
Multicollinearity was assessed through variance infla-
tion factors (VIF), with all values < 2.5 indicating accept-
able levels. Pairwise correlations among predictors were 
examined, with the strongest correlation (r = 0.4) between 
Cr and BUN (Fig. 2). For sensitivity analysis three mod-
els were built: one with both Creatinine and BUN; one 
with only Creatinine or BUN; and one with the BUN/
Creatinine ratio as an alternative. After comparing their 

Fig. 2  Pairwise correlation matrices computed for continuous variables
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AIC/BIC, C-statistic (discrimination) and calibration, 
we found that the different models did not differ signifi-
cantly from each other. Also, effect sizes and significance 
levels remained consistent. Although the performance 
of the third model was slightly better, this new variable 
was not significant in multiple logistic model. Therefore, 
we decided to create a nomogram incorporating both 
variables.

Also, the linearity of continuous variables was assessed 
using the Generalised Additive Models (GAM) method 
and deviance residual analysis. The results confirmed a 
linear relationship between the outcome and continuous 
variables.

Nomogram construction and evaluation
Following the application of feature selection techniques 
to determine key risk factors linked to in-hospital mor-
tality among STEMI patients, a predictive nomogram 
using these critical variables was developed. Model per-
formance was assessed using metrics such as area under 
the curve (AUC) and calibration plots using 30% of the 
data as test data sets, and clinical utility was assessed 
using decision curve analysis (DCA).

The 70:30 stratified split was chosen to balance model 
development needs with validation rigor, supported by 
sensitivity analyses comparing alternative approaches. 
While this provides robust internal validation, we are 
currently suggesting external validation across multiple 
Iranian centers to assess generalizability in future study.

We conducted our analysis in R statistical software 
using the following packages: “Boruta” and “caret” (for 
feature selection), “randomForest” (for a random forest 
implementation), “smotefamily” for class imbalance cor-
rection, “glmnet” for regularised regression, “rms” for 
advanced regression strategies and “rmda” for decision 
curve analysis.

Results
Our study analyzed 2,568 consecutive STEMI patients, of 
whom 212 (8.3%) died during hospitalization, while 2,356 
(91.7%) survived to discharge. Table  1 details baseline 
characteristics stratified by survival status.

Gender demonstrated a statistically significant asso-
ciation with mortality risk. Among 633 female patients, 
survival rates were 85.9% (n = 544), with 14.1% mortality 
(n = 89). In contrast, male patients showed higher sur-
vival rates at 93.6% (n = 1,812), with only 6.4% mortality 
(n = 123).

As shown in Table  2 age differences between 
groups were pronounced: deceased patients averaged 
64.16 ± 14.01 years, significantly older than survivors 
(41.16 ± 44.26 years). No significant correlation was 
observed between hospitalization duration (LOS) and 
mortality risk.

Univariate analysis revealed significant mortality asso-
ciations with: pre-existing heart disease history, family 
history of heart disease, diabetes history and smoking 
history. Hemodynamic differences were also noted: sys-
tolic blood pressure averaged 121.90 ± 30.68 mmHg 
in deceased patients versus 138.27 ± 26.24 mmHg in 
survivors.

No mortality associations were identified for: activity-
related pain exacerbation, Dyspnea, Nausea/vomiting, 
Headache, Pulmonary disease history, PTT levels, Tri-
glyceride/HDL profiles, Hemoglobin counts, Platelet 
counts (PLT) and mean corpuscular hemoglobin (MCH).

Firstly the Boruta algorithm was applied to our data-
set to determine statistically significant features, using 
Random Forest as its core classification method. This 
analysis revealed 27 key features that outperformed their 
randomly generated “shadow” counterparts, demonstrat-
ing clear predictive importance. Among these were clini-
cally relevant predictors of mortality, including length of 
stay (LOS), creatinine (Cr) levels, white blood cell count 
(WBC), uric acid (UA), systolic blood pressure (BPs), 
potassium, fasting blood sugar (FBS), blood sugar (BS), 
age, and others. Conversely, 20 features were deemed 
non-essential for prediction, while three attributes 
(chronic kidney disease status [CKD], LDL cholesterol, 
and total cholesterol [TC]) showed borderline signifi-
cance. These findings are visualized in Fig. 3.

Following this, RFE was used to identify the most rel-
evant features. The analysis revealed that retaining 10 
features produced the highest accuracy score (0.938) 
when validated through 10-fold cross-validation. These 
selected features include LOS, Cr, WBC, UA, blood 
urea nitrogen (BUN), BPs, FBS, Potassium, Age, and BS 
(Fig. 4).

The random forest model identified sixteen key predic-
tors in descending order of importance: LOS, Cr, WBC, 
UA, BUN, FBS, Potassium, BPs, Age, PLT, BS, PR, MCV, 
BPd, MCHC, and O2sat. The variable importance rank-
ing is visualized in the accompanying Fig. 5.

To determine the most impactful predictors, we 
employed also the LASSO method. This approach iden-
tified 21 key features strongly associated with in-hos-
pital mortality. Notably, serum Cr emerged as the most 
influential variable, with the highest coefficient value 
of 0.425. The LASSO coefficient profiles and cross-
validation results for tuning parameter optimization 
are visualized in Fig. 6, which demonstrates the model’s 
selection process and validation strategy through ten-fold 
cross-validation.

Ten common variables emerged as key predictors of 
mortality: age, gender, LOS, BUN, WBC, Cr, FBS, UA, 
potassium, and BPs (Fig. 7).

The logistic regression analysis (illustrated in the Fig. 8) 
revealed odds ratios and 95% confidence intervals for 
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Table 1  Baseline characteristics of the population cohort of STEMI patients
Total Alive Death P-value*
N % N % N %

Sex Female 633 24.6 544 23.1 89 42.0 < 0.001
Male 1935 75.4 1812 76.9 123 58.0

ICD-10 Diagnosis I21.9 204 7.9 161 6.8 43 20.3 < 0.001
I21.1 1051 40.9 971 41.2 80 37.7
I21.2 42 1.6 40 1.7 2 0.9
I21.0 1271 49.5 1184 50.3 87 41.0

Chest Pain No 84 3.3 70 3.0 14 6.6 0.004
Yes 2484 96.7 2286 97.0 198 93.4

SOB (Shortness of Breath) No 1531 59.6 1416 60.1 115 54.2 0.096
Yes 1037 40.4 940 39.9 97 45.8

Edema No 2515 97.9 2312 98.1 203 95.8 0.020
Yes 53 2.1 44 1.9 9 4.2

Headache No 2341 91.2 2144 91.0 197 92.9 0.345
Yes 227 8.8 212 9.0 15 7.1

Cold Sweat Yes 1321 51.4 1232 52.3 89 42.0 < 0.001
No 490 19.1 457 19.4 33 15.6
Non 757 29.5 667 28.3 90 42.5

HTN (Hypertension) Positive 1142 44.5 1027 43.6 115 54.2 0.002
Negative 1404 54.7 1311 55.6 93 43.9
Non 22 0.9 18 0.8 4 1.9

Diabetes Positive 615 23.9 534 22.7 81 38.2 < 0.001
Negative 1925 75.0 1800 76.4 125 59.0
Non 28 1.1 22 0.9 6 2.8

History of Heart Disease Positive 559 21.8 506 21.5 53 25.0 0.095
Negative 1897 73.9 1752 74.4 145 68.4
Non 112 4.4 98 4.2 14 6.6

Family History of Heart Disease Positive 419 16.3 406 17.2 13 6.1 < 0.001
Negative 1181 46.0 1066 45.2 115 54.2
Non 968 37.7 884 37.5 84 39.6

Smoking Positive 1149 44.7 1081 45.9 68 32.1 < 0.001
Negative 1115 43.4 1005 42.7 110 51.9
Non 304 11.8 270 11.5 34 16.0

CKD (Chronic Kidney Disease) Positive 80 3.1 68 2.9 12 5.7 0.026
Negative 2488 96.9 2288 97.1 200 94.3

COPD (Chronic Obstructive Pulmonary Disease( Positive 76 3.0 66 2.8 10 4.7 0.115
Negative 2492 97.0 2290 97.2 202 95.3

Troponins Positive 1387 54.0 1225 52.0 162 76.4 < 0.001
Negative 1181 46.0 1131 48.0 50 23.6

PCI No 667 26.0 528 22.4 139 65.6 < 0.001
Yes 1901 74.0 1828 77.6 73 34.4

CABG No 2505 97.5 2308 98.0 197 92.9 < 0.001
Yes 63 2.5 48 2.0 15 7.1

Pericardiotomy No 2508 97.7 2310 98.0 198 93.4 < 0.001
Yes 60 2.3 46 2.0 14 6.6

Cuttrezasion No 2522 98.2 2321 98.5 201 94.8 < 0.001
Yes 46 1.8 35 1.5 11 5.2

CPR No 2346 91.4 2326 98.7 20 9.4 < 0.001
Yes 222 8.6 30 1.3 192 90.6
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these predictors. Notably: Elevated Cr and potassium 
levels were strongly linked to increase in-hospital mortal-
ity risk. Women faced higher mortality odds than men. 
Longer hospitalization correlated with better survival 
outcomes.

A nomogram was developed to estimate in-hospital 
death risk using the identified risk factors. Each vari-
able (e.g., age, LOS, BUN) was assigned points, and the 
total score provided a personalized mortality prediction 
(Fig. 9).

Decision curve analysis further substantiated the mod-
el’s clinical relevance, evincing a substantial net benefit 
in terms of guiding patient care (Fig. 10). The calibration 
curve demonstrated a strong alignment between the pre-
dicted and observed outcomes (Fig. 11).

Discussion
It is imperative to comprehend the factors that influ-
ence in-hospital mortality in STEMI patients in order 
to enhance patient outcomes. The ongoing research into 
these predictors will facilitate the development of more 
effective management protocols and, consequently, result 
in a reduction in mortality rates within this high-risk 
population. The findings of the present study suggest sig-
nificant associations between various variables and the 
occurrence of death in patients with STEMI. These asso-
ciations can serve as a foundation for a more profound 
comprehension of the factors influencing patient survival 
and for the refinement of treatment methodologies.

The findings indicate that factors such as age, sex, LOS, 
BUN, WBC, Cr, FBS, UA, potassium and BPs are among 
the most important variables associated with the occur-
rence of in hospital death in STEMI patients.

In this study, 91.7% of STEMI patients survived, while 
8.3% died. This rate varies according to region and 

Table 2  Clinical characteristics of STEMI patients on the first day of admission to hospital
Alive Death P-value*
Mean ± SD Mean ± SD

Age (year) 62.38 ± 12.09 71.18 ± 12.23 < 0.001
Length of Stay (LOS) 3.59 ± 2.31 3.46 ± 3.82 0.445
Systolic Blood Pressure (BPs) 138.27 ± 26.24 121.90 ± 30.68 < 0.001
Diastolic Blood Pressure (BPd) 87.64 ± 23.01 78.44 ± 21.42 < 0.001
Pulse Rate (PR) 80.24 ± 16.27 87.41 ± 24.07 < 0.001
Heart Rate (HR) 79.99 ± 16.57 87.36 ± 23.80 < 0.001
O2sat 93.57 ± 5.20 90.32 ± 0.89 < 0.001
Prothrombin Time (PT) 13.63 ± 3.49 15.61 ± 10.18 < 0.001
International Normalized Ratio (INR) 1.11 ± 0.28 1.28 ± 0.55 < 0.001
Partial Thromboplastin Time (PTT) 31.45 ± 13.86 32.23 ± 13.72 0.434
Blood Sugar (BS) 160.50 ± 85.09 223.76 ± 134.27 < 0.001
Blood Urea Nitrogen (BUN) 18.24 ± 9.84 27.41 ± 15.20 < 0.001
Creatinine (Cr) 1.06 ± 0.47 1.57 ± 0.88 < 0.001
Na 139.05 ± 5.76 138.13 ± 5.22 0.025
Potassium 4.15 ± 0.51 4.45 ± 0.79 < 0.001
CKMB 90.49 ± 107.06 121.50 ± 120.10 < 0.001
Fasting Blood Sugar (FBS) 137.59 ± 59.57 182.62 ± 97.98 < 0.001
Uric Acid (UA) 5.88 ± 2.34 7.32 ± 4.24 < 0.001
Total Cholesterol (TC) 164.00 ± 57.15 152.72 ± 50.63 0.005
TGs 147.13 ± 90.21 140.35 ± 78.80 0.290
HDL 40.65 ± 12.66 40.23 ± 10.55 0.638
LDL 94.18 ± 43.48 84.94 ± 43.76 0.003
White Blood Cell Count (WBC) 10.12 ± 4.63 13.52 ± 5.08 < 0.001
Red Blood Cell Count (RBC) 4.92 ± 1.13 4.71 ± 1.05 0.010
HGB 14.64 ± 2.39 14.53 ± 7.59 0.630
HCT 42.58 ± 5.03 41.27 ± 6.45 < 0.001
RDW 13.48 ± 1.38 14.04 ± 1.79 < 0.001
PLT 216.28 ± 67.03 218.58 ± 92.50 0.645
MCV 86.99 ± 6.95 88.27 ± 9.24 0.013
MCH 29.86 ± 2.69 29.52 ± 2.79 0.080
MCHC 34.21 ± 2.71 33.22 ± 2.03 < 0.001
Ejection Fraction (EF) 39.34 ± 9.20 33.42 ± 10.79 < 0.001
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patient management strategies. For example, Momeni et 
al. showed in a cross-sectional study of the records of 227 
patients with AMI that the hospital mortality rate was 
8.4% [22]. In a retrospective study of 607 patients with 
a diagnosis of AMI, followed over a period of up to five 
years, Farkhani et al. found that 33.6% of patients died 
during the follow-up period (five years) and 66.4% sur-
vived [23].

The results of univariate logistic regression demon-
strate that female patients are 2.41 times more likely 
to die than male patients. Furthermore, studies show 
that the overall in-hospital mortality rate for women 
is approximately 17.2%, compared to 9.1% for men 
(OR = 2.07, 95%CI: 1.85/2.33).The presence of gender dif-
ferences in mortality is particularly evident in younger 
patients. For instance, the in-hospital mortality rate for 
women under 60 years of age was 9.4%, which is almost 
double the rate for men (4.5%). For women aged 60–69, 
the mortality rate was 15.2%, compared with 7.5% for 
men of the same age [24]. Furthermore, women have a 
higher risk of dying from STEMI than men. This discrep-
ancy may be attributed to a number of factors, including 
the tendency for female patients to be older and to have 
more comorbidity at the time of their STEMI, which can 
complicate treatment and recovery. The observed dispar-
ity underscores the necessity for targeted interventions 
and the development of enhanced treatment strategies 
for women experiencing STEMI [25].

A significant relationship has been identified between 
age and the occurrence of death, with the mean age of 
deceased patients being 71.18 ± 12.23 years, and the 

mean age of surviving patients being 62.38 ± 12.09 years. 
This finding indicates an increased risk of death with 
increasing age in STEMI patients, which could be due 
to the decline in physiological performance and the 
increased incidence of comorbidities in the elderly. A 
number of studies have indicated that patients aged 70 
years and over present clinically significantly in cases of 
AMI and act as an independent predictor of increased 
risk of in-hospital death [26]. The risk of in-hospital mor-
tality increases with age in STEMI patients. For instance, 
a study revealed that the mortality rate for patients aged 
75 years and over (29.4%) was considerably higher than 
the overall mortality rate for these patients (17%) [27]. 
Furthermore, a separate report indicated that the mor-
tality rate for patients aged 80 years and over was 33.6%, 
while the mortality rate for those younger than 75 years 
was 11.2% [28].

The present study examined the mean length of hospi-
tal stay for patients who died (3.46 ± 3.82 days) and those 
who survived (3.59 ± 2.31 days).The findings indicated 
that the length of hospital stay (LOS) for patients with 
myocardial infarction has a significant impact on long-
term outcomes, including readmission rates, mortality, 
and overall recovery. A prolonged hospitalizations period 
(4–5 days) facilitates enhanced monitoring and manage-
ment of complications, a particularly salient benefit for 
older patients or those with more complex conditions 
[29, 30].

The mean BPs was significantly lower in deceased 
patients than in survivors. In addition, studies have indi-
cated that an admission SBP of < 105 mmHg is associated 

Fig. 3  Importance of each variable according to the Boruta feature selection algorithm
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Fig. 4  Recursive Feature Elimination (RFE) identifies 10 features that highly accurately discriminate two classes of STEMI patients (dead-surviving)
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with a higher risk of in-hospital death for STEMI 
patients. Specifically, it has been shown that patients pre-
senting within the first 48 h after AMI with a mean BPs 
of less than 125 mmHg are at significantly increased risk 
of mortality, both during hospitalizations and at one year 
after the event. The findings emphasize the importance 

of early identification and management of low BPs in 
STEMI patients. Interventions aimed at stabilizing blood 
pressure may improve outcomes and reduce mortality in 
this vulnerable group [31, 32].

Findings suggest that fasting blood glucose levels may 
have a significant impact on mortality rates. Higher 

Fig. 6  LASSO regularization feature parameter estimation coefficients

 

Fig. 5  Random forest features importance
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average levels of glucose were observed in patients who 
died, indicating a potential link between blood glucose 
levels and mortality. Furthermore, studies have demon-
strated a notable association between diabetes mellitus 
and the mortality rate of STEMI patients. Research con-
sistently indicates that individuals suffering from diabetes 
have a higher risk of both in-hospital and long-term mor-
tality compared to those without diabetes [33].

The present study’s findings indicate that deceased 
patients exhibited a notably elevated WBC count, which 
is consistent with previous research. This is particularly 
interesting given that a negative outcome in acute coro-
nary syndromes can be predicted by an elevated WBC 
count. Initial leukocyte levels can independently forecast 
hospital mortality and the onset of heart failure. There-
fore, tracking WBC levels during hospitalization may 
offer critical insights for risk assessment and manage-
ment strategies for STEMI patients [34–36].

Elevated serum UA levels have been identified as a 
significant predictor of mortality. Numerous studies 
indicate that elevated UA levels correlate with adverse 
outcomes, including increased in-hospital mortality and 
heart failure, especially in those undergoing PPCI. Fur-
thermore, elevated UA levels have been associated with 
impaired coronary blood flow during AMI, contributing 
to elevated mortality rates among patients experiencing 
concurrently hyperuricemia and inadequate coronary 
flow during percutaneous PCI [37].

Firstly, it is important to note that this is a single-cen-
ter, retrospective cohort study. In order to confirm these 
findings, further research in the form of prospective 
studies and large multi-center studies is required. Sec-
ondly, the development of a nomogram for predicting the 
likelihood of mortality in STEMI patients demonstrated 

acceptable predictive capabilities. However, a direct com-
parison with established risk prediction models, such as 
the GRACE and TIMI scores, remains challenging due 
to the absence of relevant data in the patient records, 
specifically the Killip class and body weight. Moreover, 
the development of the nomogram in this study was 
conducted using a particular dataset without undergo-
ing external validation across diverse populations. This 
restricts the generalizability and applicability of the 
model in different clinical settings. While our analyses 
showed acceptable multicollinearity levels, residual con-
founding between correlated clinical factors may persist.

It is also important to note how potential biases (e.g., 
selection bias, unmeasured confounders, etc.) may affect 
the findings. For example, selection bias in this single-
center retrospective design favored urban/early-present-
ing patients, potentially increasing the apparent accuracy 
of the model. Furthermore, unmeasured confounders and 
missing key factors, such as pre-hospital delay times, may 
overestimate the importance of measured clinical factors.

Despite using SMOTE to address class imbalance 
(8.3% mortality rate), synthetic sample generation may 
introduce noise. While our validation showed robust-
ness, real-world performance in extreme minority sub-
groups (e.g., very young patients) requires further testing. 
Although four methods (Boruta, RFE, RF, LASSO) iden-
tified overlapping predictors (e.g., Cr, age), discrepan-
cies in variable rankings (e.g., potassium’s significance 
in LASSO but not RF) highlight the challenge of defin-
ing universally “essential” features. While we employed 
k-nearest neighbors for variables with > 5% missingness 
(e.g., LDL cholesterol), residual bias from incomplete 
records cannot be ruled out.

Fig. 7  Venn diagram indicating the overlap of the four feature selection methods
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Notwithstanding these limitations, it is hypothesized 
that the study results may facilitate the screening of 
STEMI patients at high risk of in-hospital death, thereby 
contributing to a reduction in preventable mortality. 
Modifiable risk indicators in the prediction model, other 
than age and sex, allow medical intervention to improve 
the assessment of mortality risk in patients.

Conclusion
The risk factor analysis and development of a nomogram 
for the accurate prediction of death in STEMI patients 
serves as a valuable tool for clinicians, offering a simpli-
fied and precise visualization method for identifying 
high-risk patients. This, in turn, facilitates a more per-
sonalized approach to the management of these cases. 
The findings from this study contribute not only to the 
decision-making process for clinicians but also provide 
a foundation for future research, aiming to enhance 

Fig. 8  OR and 95% CI from multivariate regression analysis of selected factors for in-hospital mortality in STEMI
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the quality of medical care for patients with cardiac 
conditions.

Fig. 10  Decision curve analysis of the nomogram for in-hospital mortality in STEMI patients

 

Fig. 9  Nomogram for predicting in-hospital mortality in patients with STEMI and selected risk factors
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