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ARTICLE INFO ABSTRACT

Keywords: Background Precise estimation of current and future comorbidities of patients with cardiovascular disease is an
Electrocardiogram important factor in prioritizing continuous physiological monitoring and new therapies. Machine learning (ML)
Predication

models have shown satisfactory performance in short-term mortality prediction in patients with heart disease,
whereas their utility in long-term predictions is limited. This study aimed to investigate the performance of
tree-based ML models on long-term mortality prediction and effect of two recently introduced biomarkers on
long-term mortality.

Mortality prediction
Machine learning

Methods This study used publicly available data from the Collaboration Center of Health Information Appli-
cation at the Ministry of Health and Welfare, Taiwan, China. The collected data were from patients admitted
to the cardiac care unit for acute myocardial infarction (AMI) between November 2003 and September 2004.
We collected and analyzed mortality data up to December 2018. Medical records were used to gather demo-
graphic and clinical data, including age, gender, body mass index, percutaneous coronary intervention status,
and comorbidities such as hypertension, dyslipidemia, ST-segment elevation myocardial infarction, and non-ST-
segment elevation myocardial infarction. Using the data, collected from 139 patients with AMI, from medical
and demographic records as well as two recently introduced biomarkers, brachial pre-ejection period (bPEP) and
brachial ejection time (bET), we investigated the performance of advanced ensemble tree-based ML algorithms
(random forest, AdaBoost, and XGBoost) to predict all-cause mortality within 14 years. A nested cross-validation
was performed to evaluate and compare the performance of our developed models precisely with that of the
conventional logistic regression (LR) as the baseline method.

Results The developed ML models achieved significantly better performance compared to the baseline LR (C-
Statistic, 0.80 for random forest, 0.79 for AdaBoost, and 0.78 for XGBoost, vs. 0.77 for LR) (P < 0.001, Ppg.no0st
< 0.001, and Pygpoos: < 0.05). Adding bPEP and bET to our feature set significantly improved the performance
of the algorithm, leading to an absolute increase in C-statistic of up to 0.03 (C-statistic, 0.83 for random forest,
0.82 for AdaBoost, and 0.80 for XGBoost, vs. 0.74 for LR) (Pgr < 0.001, Pagapoost < 0-001, Pygpoost < 0.05).

Conclusion The study indicates that incorporating new biomarkers into advanced ML models may significantly
improve long-term mortality prediction in patients with cardiovascular diseases. This advancement may enable
better treatment prioritization for high-risk individuals.

1. Introduction year compared to individuals without AMI [3]. In Europe, approxi-

mately half of the major coronary events occur in those with a previ-

Cardiovascular diseases are the leading cause of death globally, with
an estimated 17.9 million deaths per year [1]. Approximately every
40 seconds, a person in the United States experiences myocardial in-
farction (MI) [2]. In Canada, patients with acute myocardial infarc-
tion (AMI) are 4 times more likely to die of all causes in a given

ous hospital discharge of AMI, and 1 out of every 5 patients with AMI
suffers a second cardiovascular event in the first year [4]. Given the
high risk of cardiovascular events following an MI, patients with MI
should be carefully monitored and managed with effective prevention
programs.
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Implantable sensors and smart wearables have provided in-home so-
lutions for continuous monitoring of patients diagnosed with AMI [5,6].
Given the fact that continuous monitoring of patients with AMI is expen-
sive, requires a lot of resources, and is not available to every patient, it is
wise to focus on patients with more serious health conditions and those
at a higher risk of mortality. A precise estimation of the patient’s current
and future health situation is important to prioritize them for continu-
ous physiological monitoring and provide them with specific therapies
at the earliest possible time [7].

Risk assessment in clinics, particularly for patients with heart dis-
ease, often relies on methods such as the global registry of acute coro-
nary events (GRACE) [8] score for patients with acute coronary syn-
drome (ACS), including patients with AMI, and the thrombolysis in MI
(TIMI) [9] score for patients with MI. These scores, based on clinical
information and factors such as age and blood pressure, are validated
for predicting short-term mortality but may not fully address long-term
mortality risks in patients with AMIL.

Recently, machine learning (ML) has been employed as a data-driven
approach to design accurate classifiers for the risk estimation of patients
with cardiovascular diseases [10-19]. ML algorithms can reveal com-
plex hidden patterns in data that cannot be extracted using traditional
tools. Artificial neural networks (ANN) and tree-based methods have
successfully been used to diagnose heart diseases [20-25] and predict
CV outcomes [10-19]. Hernesniemi et al. [13] used XGBoost and lo-
gistic regression (LR) to predict the 6-month mortality of patients with
ACS. They found that ML models outperformed the GRACE risk score
system, with XGBoost achieving the best accuracy. Hadanny et al. [12]
showed that the random forest (RF) algorithm performs drastically bet-
ter than the GRACE score in post-ST-segment elevation MI (post-STEMI)
30-day mortality prediction. Cho et al. [11] reviewed several articles to
compare the ability of ML and conventional statistical models to pre-
dict readmission and mortality in patients with AMI. Among 19 articles,
13 demonstrated a higher performance for ML models compared to tra-
ditional techniques. Lee et al. [16] showed the outperformance of ML
models over conventional methods, including GRACE and TIMI scores,
in short- and long-term mortality prediction of patients with a history
of non-ST-segment elevation MI (NSTEMI). Li et al. [17] developed LR,
ANN, and tree-based ML models to predict 1-year post-discharge mortal-
ity status of approximately 220,000 patients diagnosed with AMI. The
constructed models reached average accuracies of 0.8-0.85, higher than
the previously reported in-hospital mortality prediction models. Man-
soor et al. [18] studied 10,000 women with STEMI to predict their in-
hospital mortality using LR and RF. Their results revealed a comparable
performance between the models and confirmed RF as a practical ML
tool in clinical settings. Vomlel et al. [19] aimed to predict the 30-day
mortality of 603 patients with STEMI using different classifiers, includ-
ing LR, Bayesian methods, ANN, and tree-based algorithms. Comparing
their prediction power, LR and simple Bayesian methods were shown
to be the most promising models. Other studies [10,15] with different
cohort sizes (5,000 and 22,000 patients) attempted to predict 1-year
mortality after the diagnosis of AMI and reported similar risk factors
such as age and sex as the most important features.

Most existing studies have focused on short-time mortality predic-
tion and building computational models without recognizing the most
important risk factors. Prediction of long-term mortality is essential to
prioritize patients who are at higher risk as earlier receivers of medi-
cations, preventive interventions, and healthcare plans. In this study,
we investigated the application of state-of-the-art tree-based ML models
using a set of easy-to-access clinical measures to predict long-term (14
years) mortality in 139 patients (52 survivors and 87 deaths) with AMI.
In addition to routinely the collected clinical measures, we considered
the recently introduced noninvasively measured systolic time intervals,
brachial pre-ejection period (bPEP), and brachial ejection time (bET)
[26-28] as novel biomarkers for early prediction of all-cause mortality.
The bPEP/bET ratio has proved to be a useful variable for the risk assess-
ment of patients with AMI [29]. In this study, we aimed to investigate its
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Table 1 Statistics of input data

Variables Death P-values
Yes (n = 87) No (n = 52)

Age (years, mean+SD) 69.00 +12.0 55.30 £11.5 < 0.001
Male (n (%)) 60.00 (69.0) 43.00 (83.0) 0.112
Diabetes mellitus (n (%))  21.00 (24.0) 13.00 (25.0) 0.929
Hypertension (n (%)) 45.00 (27.0) 15.00 (29.0) 0.014
Dyslipidemia (n (%)) 30.00 (34.0) 14.00 (27.0) 0.460
PCI (n (%)) 33.00 (38.0) 17.00 (33.0) 0.660
STEMI (n (%)) 18.00 (21.0) 12.00 (23.0) 0.906
bPEP (us, mean+SD) 96.60 + 21.00 94.80 + 18.80 0.615
bET (us, mean+SD) 250.00 + 34.90 262.40 + 24.10 0.025
ABI (mean+SD) 0.94 + 0.20 1.04 + 0.10 0.001
BMI (kg/mz, mean=+SD) 23.60 + 3.90 25.70 + 3.10 0.002

t-test and Chi-square test are performed on numerical and categorical variables,
respectively, to examine the dependency between each variable in mortal and
nonmortal cases.

PCIL: percutaneous coronary intervention; STEMI: ST-segment myocardial infarc-
tion; bPEP: brachial pre-ejection period; bET: brachial ejection time; ABI: ankle
brachial index; BMI: body mass index.

effectiveness on the performance of ML models. We studied the corre-
lation strength between different risk factors and the models’ predictive
power to find the most important mortality biomarkers in individuals
suffering from AMI.

2. Methods
2.1. Study population

This analysis was based on publicly available data from the Collab-
oration Center of Health Information Application (CCHIA), Ministry of
Health and Welfare, Taiwan, China [29]. The data set comprised pa-
tients admitted to the cardiac care unit due to AMI between November
2003 and September 2004. Inclusion criteria were patients older than
20 years diagnosed with type 1 AMI. Exclusion criteria included absence
of data on brachial pre-ejection period (bPEP), brachial ejection time
(bET), presence of atrial fibrillation, or amputation of extremities. This
resulted in a data set of 139 patients (36 women) with AMI aged between
24-91 years. The study tracked and analyzed the mortality of these pa-
tients until December 2018, during which 87 patients died. In compli-
ance with the Declaration of Helsinki, all patients provided informed con-
sent for their data to be used in the study. Medical records were em-
ployed to gather demographic and medical data, including age, gender,
body mass index (BMI), percutaneous coronary intervention (PCI) sta-
tus, and comorbidities such as hypertension, dyslipidemia, STEMI, and
NSTEMI. The data from CCHIA were initially collected to assess the po-
tential of the bPEP to bET ratio as a novel biomarker for predicting long-
term cardiovascular and overall mortality in patients with AMI [29]. For
the purpose of our study, we dichotomized the cohort based on mortal-
ity status at the end of the study into 2 groups: those who survived and
those who died within the 14-year period post-AMI diagnosis.

2.2. Predictor features

The data set had 11 predictor variables, including clinical and demo-
graphic measurements acquired from each participant at baseline, con-
taining 5 numeric and 6 binary features. The numeric variables were
bPEP, bET, BMI, ankle-brachial index (ABI), and age. The binary fea-
tures included PCI received or not received, sex, and medical status of
the patients on comorbidities such as dyslipidemia, diabetes, hyperten-
sion, and STEMI. ABI, bPEP, and bET were obtained using an ankle-
brachial index ABI-form device recorded within 24 h of each partici-
pant’s admission [29]. Table 1 provides summary statistics of the data
measurements at baseline comparing the mortal group to those who sur-
vived (nonmortals).
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2.3. Machine learning

We selected 3 advanced tree-based ML algorithms to perform our
prediction task by finding an optimal decision boundary between the
two groups of survivors and mortals. After building our models, they
were tested to predict the mortality status of new individuals in the
following 14 years.

Tree-based ML methods have proved their strength in modeling
complex nonlinear input-output patterns in a nonparametric fashion,
especially for structured data [30]. These algorithms achieve the best
performance when used in an ensemble learning framework [31].
Ensemble-based ML algorithms work by running multiple base learners
and aggregating the decisions made by each to achieve a more reliable
outcome. These methods can usually handle noisy data and outliers well
with little effect on the overall performance. They are also robust against
overfitting and have lower variance than each of their weak learners
[32]. Bagging and boosting methods form the two main categories of
ensemble learning approaches that are particularly favored over more
complex deep learning models in learning tasks where limited data are
available.

2.4. Random forest

Random forest (RF) is an ensemble of decision trees that makes pre-
dictions by averaging the decisions obtained from all its base learners
[33]. RF benefits from 2 sources of randomization: first, the adoption
of a random bootstrap of the data for each tree building, and second,
restricting the candidate features to a random subset at each node split-
ting level of the trees. Averaging the results of multiple models along
with the randomization helps the forest to maintain a low generaliza-
tion error while growing deeper trees.

2.5. Boosting machines

In the realm of advanced boosting techniques, adaptive boosting (Ad-
aBoost) [34] and extreme gradient boosting (XGBoost) [35] stand out
as notable extensions of the traditional boosting methods. AdaBoost is
characterized by its sequential ensemble model structure and minimal
hyperparameter configuration, which lends it robustness against over-
fitting, particularly in scenarios involving low-noise and smaller data
sets. However, XGBoost represents an efficient iteration of the gradient
tree boosting methodology. Its primary strengths lie in its rapid pro-
cessing speed, surpassing other similar algorithms, and its regulariza-
tion feature, which significantly reduces variance and enhances model
performance.

2.6. Data analysis

The data set we used did not contain any missing values. One-hot en-
coding was applied to convert the categorical features into binary vari-
ables [36]. To enhance the numerical stability of the models, standard
scaling (z-score normalization) was applied by subtracting the mean
from the feature values and then dividing them by the standard devia-
tion [37].

Model selection, hyperparameter optimization, and performance
evaluation were performed using nested cross-validation to verify the
generalization ability of the ML models. This data division technique
helps to estimate an unbiased generalization performance of a model
and is specifically useful when dealing with smaller data sizes. The cross-
validation method was implemented as follows: A 10-fold outer loop was
first formed by dividing the whole data randomly into ten equal parts.
For each fold, 90% of the samples entered a 5-fold inner loop for model
selection and hyperparameter tuning, while the remaining 10% was set
aside for final testing. This procedure was repeated 10 times to reduce
the inherent randomness of ML models, and the average results were
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Figure 1. Receiving operating characteristics curves for different acute myocar-
dial infarction mortality prediction models. RF: random forest, AdaBoost: adap-
tive boosting, XGBoost: extreme gradient boosting, SVM: support vector ma-
chine, LR: logistic regression.

reported. Notably, all the reported results are on the test set, which was
not seen during training and validation.

Table 2 lists the hyperparameters, their search ranges, and their opti-
mal values for each ML model. They include the general learning hyper-
parameters of the models (e.g., learning rate, input sampling method,
and node splitting criteria) as well as those that determine model com-
plexity and control underfitting/overfitting (e.g., number of estimators,
maximum depth of the trees, pruning thresholds, and feature sampling
rate at each node).

2.7. Statistical analysis

Our designed ML models were evaluated based on the receiving op-
erating characteristics (ROC) metric. The models were compared with
each other using the area under ROC curve (AUC) index, also known as
C-statistic, accuracy, sensitivity (true positive rate, recall), specificity,
and precision.

Paired t-tests were performed on the cross-validation results to inves-
tigate whether the performances of different ML methods are superior
to those of the baseline LR. A one-way repeated measure, analysis of
variance (ANOVA) was performed to compare the performances of the
three ML models, followed by Tukey post hoc multiple comparisons.

The Gini feature importance method [38] was used to rank the most
important predictive features. To investigate the effect of bPEP and bET
on the prediction performance, the same experiments were repeated by
excluding the two parameters from the analysis.

3. Results
3.1. Cohort characteristics

The study longitudinally followed 139 patients initially diagnosed
with AMI. Among these, 87 participants succumbed to death, and 52
survived until the final follow-up.

3.2. Model performance

As depicted in Figure 1, the average ROC curves demonstrated the
performance of the developed models. Table 3 details their predic-
tive capabilities. Notably, the RF model exhibited the highest AUC of
0.83. AdaBoost excelled in accuracy (82%), sensitivity (90%), specificity
(69%), and precision (79%), surpassing other models in these metrics.
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Table 2 Hyperparameter tuning for ML algorithms
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Models Hyperparameters Search interval Optimum values
RF Number of estimators (20, 50, 150, 200, 250, 300, 350, 250
400, 500, 1000)
Max number of features (“auto”, “sqrt”) “sqrt”
Max depth 1,3,5,6,7,12, 14, 16, 18) 3
Min samples split (2, 4,6, 8,10,12,14) 10
Min samples leaf (2,3,4,5,6,7,9,12) 6
Bootstrap (True, False) False
Criterion (“entropy”, “gini”) “entropy”
AdaBoost Number of estimators (20, 50, 100, 300, 400, 500, 1000) 20
Learning rate (0.001, 0.01, 0.05, 0.1, 0.5) 0.01
XGBoost Number of estimators (20, 50, 100, 300, 400, 500, 1000) 100
Max depth (1,3,5,6,7,10) 1
Eta (0.01, 0.03, 0.05, 0.1, 0.2) 0.1
Min child weight (0.1, 0.3, 0.5) 0.3
Max leaf nodes (4,6,9,10) 9
Subsample (0.1,0.5,0.8,1) 0.5
Gamma (0.01, 0.05, 0.1, 0.2, 0.5, 0.8) 0.1
Alpha (0.001, 0.01, 0.1, 0.5) 0.5
Max delta step 0,1, 2,5) 2
Colsample by tree (0.5, 0.6, 0.8) 0.5
Colsample by level (0.4, 0.6, 0.8) 0.6
Colsample by node (0.2, 0.3, 0.5, 0.8) 0.3
Lambda (0.01, 0.05, 0.1, 0.3, 0.5) 0.05

RF: random forest, AdaBoost: adaptive boosting, XGBoost: extreme gradient boosting, ML: machine learning

Table 3 MI mortality prediction performance of ensemble tree-based ML models

Algorithms C-Statistic (AUC) Accuracy (%) Sensitivity (%) Specificity (%) Precision (%)
RF 0.83 £ 0.10™ 77 £ 9 88 + 11" 60 + 20" 79 £ 9%
AdaBoost 0.82 +0.11" 78 £ 10" 85 + 13" 67 + 20" 82 + 9%
XGBoost 0.80 + 0.11* 76 +9 82 + 13" 67 + 21 81 + 10"

LR 0.77 £ 0.13 71 +£10 81 +12 56 + 23 76 + 10

P values were obtained using paired t-test in comparison to the baseline LR mode.

RF: random forest, AdaBoost: adaptive boosting, XGBoost: extreme gradient boosting, LR: logistic regression, ML: machine learning.

* Implies P values < 0.05.
** Implies P values < 0.01.
*** Implies P values < 0.001.

Table 4 Effect of bPEP and bET on the prediction performance of different ML models

Experiments Algorithm C-statistic (AUC) Accuracy (%) Sensitivity (%) Specificity (%) Precision (%)
Experiment I RF 0.83" 77 88" 60 79

(with all AdaBoost 0.82" 78* 85° 67 82

features) XGBoost 0.80 76 82 67 81
Experiment II RF 0.80 73 86 52 75

(bET & bPEP AdaBoost 0.79 78 85 67 81

excluded) XGBoost 0.78 77 83 67 81

RF: random forest, AdaBoost: adaptive boosting, XGBoost: extreme gradient boosting, ML: machine learning.

* Implies P values < 0.05.
** Implies P values < 0.01.
*** Implies P values < 0.001.

Compared to the baseline LR, all ML models showed significant enhance-
ments across all classification metrics.

3.3. Variable importance

Figure 2 presents the relative importance of the input variables in
RF, AdaBoost, and XGBoost models. Age, BM, ABI, bET, and bPEP were
identified as the most influential factors across all models. Conversely,
variables such as diabetes, dyslipidemia, PCI, STEMI, and sex demon-
strated the least predictive power.

3.4. Effect of bPEP and bET

Our analysis focused on assessing the impact of including bPEP and
bET in the predictive models. This involved retraining and testing the
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algorithms with and without these parameters, as detailed in Table 4
and Supplementary Tables 1 and 2.

In Experiment 1, which included all the features, the RF model ex-
hibited superior performance with an AUC of 0.83, an accuracy of 77%,
sensitivity of 88%, specificity of 60%, and precision of 79% (all with
P < 0.001). AdaBoost also performed well with an AUC of 0.82, accu-
racy of 78%, and precision of 82%, and XGBoost had an AUC of 0.80.
The training results for Experiment 1, as shown in Supplementary Table
1, mirrored these findings, with RF and AdaBoost demonstrating high
AUCs of (0.83 + 0.11) and (0.82 + 0.10), respectively, and XGBoost
showing a slightly lower AUC of (0.81 + 0.12).

In contrast, Experiment 2, where bPEP and bET were excluded,
showed a noticeable decline in the performance metrics for all models.
The RF model’s AUC decreased to 0.80, with the corresponding drops in
accuracy, sensitivity, specificity, and precision. AdaBoost and XGBoost
also showed reduced performance, as reflected in their AUCs of 0.79



B. Roudini, B. Khajehpiri, H.A. Moghaddam et al.

Age

Intelligent Medicine 4 (2024) 170-176

BMI

ABI =

bET

bPEP
bPEP/bET
Hypertension

Sex

i

STEMI =

PCI
Dyslipidemia

Diabetes

© nuEy

0.05 0.1

XGBoost

0.15

EGBDT

0.2 0.25 0.3

E Random Forest

Figure 2. Variable importance for AMI mortality prediction. AMI: acute myocardial infarction.

and 0.78, respectively. The training results for Experiment 2, detailed in
Supplementary Table 2, consistently revealed lower performance met-
rics across all models compared to Experiment 1.

The inclusion of bPEP and bET significantly improved the RF model’s
performance across all classification metrics (P < (0.001-0.01)). Ad-
aBoost showed marked improvements in AUC, accuracy, and sensitivity
(P < 0.001), and XGBoost demonstrated a significant increase in AUC (P
< 0.05) when these parameters were included. These results underscore
the importance of bPEP and bET as predictive features in the models,
contributing substantially to their accuracy and reliability in predicting
mortality in patients with AMI.

4. Discussion

In this study, tree-based ML algorithms were developed for the mor-
tality prediction of patients diagnosed with AMI over a period of 14
years. Our models received clinical and demographic information as
well as two noninvasively measured systolic time intervals, bPEP and
bET. Among the different ML algorithms, ensemble tree-based ML algo-
rithms were selected as they perform drastically better than other algo-
rithms in most applications with limited available data [31]. Bagging
(RF) and two boosting (AdaBoost and XGBoost) ensemble algorithms
were considered in this study.

It was observed that all the ML models significantly outperformed
the baseline LR algorithm. The best results were achieved using RF and
AdaBoost, where RF achieved the highest C-statistic (0.83) and sensi-
tivity (88%), and AdaBoost achieved the highest accuracy (47%), speci-
ficity (67%), and precision (82%). The AdaBoost classifier correctly pre-
dicted 78 mortal patients out of 87 mortal cases, indicating that with a
spanning of 70% of the study population, approximately 90% of mortal
cases were distinguished. RF closely followed AdaBoost by correctly pre-
dicting 77 mortal patients out of the 87 mortal cases. XGBoost slightly
underperformed compared to RF and AdaBoost.

Additionally, it is crucial to highlight the consistency in model per-
formance across training and testing sets, as indicated in Supplementary
Tables 1 and 2 for Experiments 1 and 2. The minor differences observed
between these sets underscore the reliability and generalizability of the
models, suggesting their robustness in practical applications.
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The one-way ANOVA test was performed to find differences in the
performances of the ML classifier. A meaningful difference in sensitiv-
ity and specificity between ML models was observed (P < 0.05). The
Tukey multiple comparison test was performed to find the superior mod-
els. It was observed that RF performed significantly better than XG-
Boost in terms of sensitivity, whereas AdaBoost and XGBoost performed
significantly better than RF in terms of specificity. Although AdaBoost
achieved higher mean sensitivity compared to RF (88% vs. 85%), it at-
tained a higher standard deviation of sensitivity (13% vs. 10%). A higher
sensitivity indicates a lower false negative rate, which is extremely im-
portant in the prediction of mortality in patients with AMI. Given that
there was no significant difference between RF and AdaBoost models in
terms of sensitivity, both algorithms can be considered equally suitable
for our application. In terms of model complexity, AdaBoost is superior
to RF as it only requires 20 estimators compared to 250 estimators for
RF.

One of the objectives of this study was to examine the usefulness of
the recently introduced features, bPEP and bET, by using ML models in
the prediction of long-term mortality of patients with AMI. Pre-ejection
preiod is the time taken from the electrical depolarization of the left ven-
tricle to the beginning of ventricular ejection, i.e., when the aortic valve
opens. It is an index of myocardial contractility and beta-adrenergic
sympathetic control of the heart. Ejection time is the time taken from
the opening of the aortic valve to its closure and is conventionally used
to evaluate the ventricle function and contractibility. Heart impairments
usually prolong pre-ejection period and shorten ejection time [39,40].

The higher values of bPEP/bET are shown to have a high correlation
with cardiovascular mortality [29]. bPEP and bET can be easily calcu-
lated from the morphology of noninvasively measured pulse waveform
and electrogardiogram; therefore, they can be easily integrated into any
predictive model with minimum cost. According to Table 4, adding bPEP
and bET to our input feature set led to the highest prediction perfor-
mance, which implies their importance as new biomarkers of mortality
in patients with AMI. Moreover, by considering bPEP and bET, the RF
model’s AUC, accuracy, sensitivity, specificity, and precision improved
by 3%, 4%, 2%, 8%, and 4%, respectively. For the AdaBoost model, AUC
and precision improved by 3% and 1%, respectively, whereas other clas-
sification metrics remained unchanged. It can, therefore, be concluded
that RF can better extract the additional predictive information from
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the new features owing to its more advanced architecture with a greater
number of estimators.

Analyzing the importance of features in an ML model is another way
of finding the most useful features for mortality prediction. Age, ABI,
BMI, bET, bPEP, and hypertension were among the most important fac-
tors for mortality prediction. Most of these factors also had significant
differences between mortal and nonmortal cases (Table 1). Our find-
ings are in accordance with the results of previous studies that indicated
that age was an important factor in predicting the overall mortality of
patients after AMI and heart failure [15,41].

This study was limited to the application of tree-based algorithms for
the prediction of long-term mortality of patients with AMI. ANN models,
especially those with deep architectures, have recently dominated the
computational biology field. ANN-based algorithms can perform better
than other ML models when a large volume of training data are avail-
able. This study was limited to the analysis of data collected from 139
individuals, and therefore, tree-based algorithms were selected to avoid
overfitting and achieve a more generalizable assessment. Future work
should be directed toward the collection of a larger and more detailed
data set where advanced deep learning models can be applied to predict
a more precise time of mortality in the future. Another limitation of this
study was the unbalanced sex distribution (36 women out of 139) while
being a woman diagnosed with AMI is an important risk factor [42]. By
collecting a balanced data set on all genders, the effect of sex on the
mortality of patients diagnosed with AMI can further be studied.

In clinical practice, evidence-based risk assessment methods are inte-
gral to distinguishing heart disease patients requiring intensive care unit
level attention. Prominent among these is the GRACE score, a widely
used tool for stratifying risk in patients with ACS [8]. Given that AMI is
a subset of ACS, the GRACE score becomes pertinent for assessing the
mortality/MI risk post-AML. This score is derived from various clinical
parameters, including age, heart rate, and systolic blood pressure. Its
efficacy in predicting short-term (6 months to 1 year) all-cause mor-
tality for AMI patients is well-established [43-47]. Another method, the
TIMI score, is employed to estimate short-term mortality in patients with
MI, incorporating factors such as age, coronary artery disease (CAD)
risk factors, and clinical history [9]. GRACE and TIMI scores are thus
pivotal in assessing short-term mortality risks. Although our study’s
tree-based algorithms offer insightful data, they are not directly com-
parable to traditional GRACE and TIMI scores due to the lack of cer-
tain factors in our data set necessary for these models. Nevertheless,
future studies could explore a comparative analysis between these ad-
vanced tree-based algorithms and traditional models such as GRACE and
TIML.

Notably, the nested cross-validation method used in this study, al-
though beneficial in reducing model overfitting, introduces minor de-
pendencies between training and test sets. This interdependency slightly
contravenes the paired t-test assumption of independence between folds,
presenting a methodological limitation [48,49]. Despite this, the impact
on our results is expected to be minimal, owing to the rigorous nature
of nested cross-validation [50].

5. Conclusion

This study investigated the all-cause long-term mortality prediction
power of different ensemble tree-based ML algorithms using routinely
collected clinical data as well as two new biomarkers, bPEP and bET.
It was found that ML models can accurately predict mortality with a
C-statistic as high as 0.83, which is statistically superior to LR as the
baseline model. We also demonstrated that adding bPEP and bET to our
input feature set improves the prediction results in most of the evalua-
tion metrics. Predicting the mortality status of patients diagnosed with
AMI over a long period of 14 years after AMI was another critical feature
of this study. Our fast and easy-to-use ML models can assist medical staff
in prioritizing patients with AMI for intense monitoring and preventing
severe outcomes. Future research should be directed toward enhancing
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the prediction performance by collecting a larger balanced data set and
using more advanced ML algorithms such as ANNs.
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