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Abstract 

Object: Increased survival rates in heart attacks (HAs) depend on early intervention and treatment. In this study, it is 

aimed to predict the factors that may be associated with HA and to determine which factor is more effective by using 

Stochastic Gradient Boosting (SGB) method, one of the machine learning methods. 

Methods: An open access data set was used in the study. The 5-fold cross-validation method was used in modeling and 

the data set was divided into training and test data sets as 80%:20%. Accuracy (ACC), balanced accuracy (b-ACC), 

sensitivity (SE), specificity (SP), positive predictive value (ppv), negative predictive value (npv) and F1 score metrics 

were used for model evaluation. 

Results: The results obtained from the performance metrics with the modeling were 98.9%, 98.7%, 99.4%, 98.0%, 

98.8%, 99%, and 99.1% for ACC, b-ACC, SE, SP, ppv, npv, and F1-score, respectively. According to variable 

importance values, troponin and CK-MB appear to be associated with HA, respectively. 

Conclusion: According to the modeling results, factors that may be associated with heart attack were determined with 

high accuracy by machine learning method. Thanks to these two enzymes, early diagnosis can be made in individuals 

at risk of having a heart attack, and poor prognosis and deaths can be prevented. 
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Makine öğrenimi yöntemleri ile kalp krizinin sınıflandırılması ve ilişkili risk faktörlerinin belirlenmesi için bir 

model oluşturulması 

Özet 

Amaç: Kalp krizlerinde (KK) hayatta kalma oranlarının artması, erken müdahale ve tedaviye bağlıdır. Bu çalışmada, 

makine öğrenmesi yöntemlerinden biri olan Stokastik Gradient Boosting (SGB) yöntemi kullanılarak KK ile ilişkili 

olabilecek faktörlerin tahmin edilmesi ve hangi faktörün daha etkili olduğunun belirlenmesi amaçlanmaktadır. 

Yöntemler: Araştırmada açık erişimli veri seti kullanıldı. Modellemede 5 katlı çapraz doğrulama yöntemi kullanılmış 

ve veri seti %80:%20 olacak şekilde eğitim ve test veri setlerine bölünmüştür. Model değerlendirmesi için doğruluk 

(ACC), dengeli doğruluk (b-ACC), duyarlılık (SE), özgüllük (SP), pozitif tahmin değeri (ppv), negatif tahmin değeri 

(npv) ve F1 skoru metrikleri kullanıldı. 

Bulgular: Modelleme ile performans metriklerinden elde edilen sonuçlar ACC, b-ACC, SE, SP, ppv, npv,  F1 puanı 

çin %98,9, %98,7, %99,4, %98,0, %98,8, %99 ve %99,1 olmuştur. Değişken önem değerlerine göre sırasıyla troponin 

ve CK-MB'nin KK ile ilişkili olduğu görülmektedir. 

Sonuç: Modelleme sonuçlarına göre kalp kriziyle ilişkili olabilecek faktörler makine öğrenmesi yöntemiyle yüksek 

doğrulukla belirlendi. Bu iki enzim sayesinde kalp krizi geçirme riski taşıyan bireylerde erken tanı yapılabilmekte, kötü 

gidişat ve ölümlerin önüne geçilebilmektedir. 

Anahtar kelimeler: Kalp krizi, sınıflandırma, makine öğrenmesi, risk faktörü 
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INTRODUCTION   

HA is one of the leading causes of death 

worldwide and will cause millions of deaths each 

year and there will be no end to it. According to 

the World Health Organization, approximately 

17.7 million deaths from cardiovascular disease 

were estimated in 2015, almost 31% of all deaths 

worldwide (1, 2). The HA situation is the sudden 

stop of the heart without any warning, and early 

intervention is seen as the only way to prevent 

the mortality and morbidity associated with this 

condition (3-5). Therefore, it will be able to 

intervene immediately in patients who have had 

HA; in order to perform the life-saving treatment 

that patients need, a system that is very fast, has 

high accuracy and sensitivity, and most 

importantly, can diagnose with cheap costs and 

less equipment is needed. 

Physicians and specialists often use 

electrocardiograms (ECG), echocardiograms, 

and blood tests to diagnose a HA. The most 

preferred diagnostic method is ECG and 

electrical signals passing through the human 

heart are recorded with the electrodes attached to 

the patient's chest in the ECG, and these signals 

are abnormal if there is an unhealthy heart. 

Therefore, if the patient is having a HA, the 

signals will be abnormal and this is a late 

intervention and will be ineffective to save lives. 

In addition, the specificity of the ECG is affected 

by individual variations in the anatomy of the 

heart, as well as by pre-existing heart diseases, 

injuries, and surgeries such as coronary artery 

bypass surgery. Therefore, it cannot be an early 

diagnosis argument (1, 6, 7). Echocardiogram, on 

the other hand, is used to determine whether any 

part of the heart is damaged using sound waves 

and creating images. It has almost the same 

disadvantages as ECG. Therefore, these 

disadvantages prevent an echocardiogram from 

being an early diagnosis method for HA 

detection (8). Both of these techniques are not 

preferred because of their disadvantages and the 

accuracy of identifying HA depends entirely on 

the doctor's knowledge, and experience with 

these methods. 

Comparatively, detecting HA indicators in the 

blood is less expensive, faster, and more 

objective. Some proteins and enzymes, such as 

brain natriuretic peptide (BNP), troponin 

myoglobin, and creatine kinase isoenzymes, 
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which can be identified by blood tests, seep into 

the blood slowly before a HA. CK-MB 

isoenzyme, which is a type of creatine kinase, 

which is especially located in heart muscle cells, 

increases in the blood, especially in heart 

diseases. In addition, another cardiac biomarker, 

troponin, is released when the heart muscle is 

damaged, as in a HA, and the more damage 

occurs to the heart, the more it increases in the 

blood. From the differences in these, it may be 

possible to determine the risk of HA with high 

accuracy. Thus, a diagnosis can be made to detect 

a HA early and to initiate treatment (1).  

For this reason, in the current study, modeling 

was done with ML methods in order to determine 

the factors associated with HA using an open-

access data set of patients with demographic 

characteristics and blood values. With the 

modeling, it was aimed to classify the patients 

with and without a HA and to determine the 

factors associated with HA. 

METHODS 

Dataset and Variables 

The dataset used in the current study, which 

consists of the information of individuals who 

have had and have not had a HA, is a data set 

collected in the cardiology center of the Erbil 

region in Iraq in 2018. The dataset includes 1319 

patients, and there are eight input and one output 

variable in the dataset. The variable, which is the 

output variable, has 2 categories, the negative 

category indicates no HA, and the positive 

category indicates a HA. Input variables consist 

of age, blood glucose, heart rate (impulse), 

systolic blood pressure, diastolic blood pressure, 

CK-MB (kcm), and troponin variables (9).  

Biostatistics Analysis Phase 

In the study, data were summarized as median 

(95 percent confidence intervals), and number 

(percentage). The Kolmogorov-Smirnov test was 

utilized to evaluate if the data was normal or not. 

The Mann-Whitney U test was used for statistical 

analysis of non-normally distributed data. p<0.05 

was considered statistically significant. Analyzes 

were performed using IBM SPSS Statistics 25. 

Modelling Phase 

In the modeling phase with the data set, SGB, 

one of the tree-based methods among the ML 

techniques, was used to model patients with and 

without HA and to investigate the effect of input 

variables on the output variable. SGB is a method 

invented by Fridman by integrating 

randomization into the gradient boosting 

approach. In each iteration of this method, a sub-

sample is randomly selected by using the 

permutation sampling approach. This sub-

sample is used to calculate the current state of the 

model instead of all students, thus reducing the 

correlation between the established trees (10, 

11). Unlike other ensemble learning methods, 

this method summarizes each tree 

(approximately 100 to 200 trees) generated as the 

process runs, rather than creating huge huge 

trees, and each observation is categorized 
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according to the most common classification 

among trees. This form of separation 

distinguishes the SGB model from other 

augmentation techniques. In addition, this 

discrimination method reduces the sensitivity to 

outliers and unbalanced datasets. This method, 

which has a very high predictive power 

compared to other known algorithms, is also 5 

times faster. Another and one of the most 

important features of the model is that it includes 

a set of regularization methods that can improve 

overall performance and reduce over-fitting and 

over-learning (10, 12). The data are separated as 

80% training and 20% test data. The n-fold cross-

validation method, one of the resampling 

methods, was utilized in this work to ensure 

model validity. In The n-fold cross-validation 

method; 

The dataset is first separated into n pieces, and 

the model is then applied to those pieces. 

• In the second step, one of the n parts is used 

for testing, while the remaining n-1 parts are used 

for training. 

• In the last stage, the cross-validation approach 

is evaluated using the average of the values 

collected from the models. 

ACC, b-ACC, SE, SP, ppv, npv, and F1-score 

measures were utilized to assess the modeling 

performance. 

Graphical summary 

The graphical summary showing the 

biostatistical analyses, and modeling process 

applied in the study is shown in Figure 1.  

Figure 1. Biostatistical analysis and modeling process 
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RESULTS 

The data set used in the study consists of 1306 

individuals, of which 806 had a heart attack while 

500 did not. The characteristics of 444 female 

and 862 male individuals are available. The 

average age is 56.22. 

Biostatistical analysis results 

When patients with and without HA were 

compared in terms of input variables such as age, 

heart rate, systolic blood pressure, diastolic blood 

pressure, blood glucose, CK-MB (kcm), and 

troponin; there was a statistically significant 

difference between the 2 groups in age, CK-MB 

(kcm) and troponin variables. However, 

statistical significance was not found in other 

variables. The results of the analyzes are given in 

Table 1 

Modelling Results 

The values of the performance metrics obtained 

by modeling with SGB using individuals with 

and without a heart attack are given in Table 2. 

Graphics of performance metrics are given in Figure 

2. The graph of the variable importance obtained 

as a result of the modeling is given in Figure 3. 

 

Table 1. Comparison of output variable in terms of input variables 

Variables Group p* 

HA (-) HA (+) 
 

Median (95,0% Lower CL for Median; 95,0% Upper CL for Median 
 

age 52(50-55) 60(60-62) 0.000 

impluse 75(74-78) 74(74-76) 0.779 

systolic blood pressure 125(124-129) 122(120-125) 0.275 

diastolic blood pressure 72(71-75) 71(70-74) 0.902 

glucose 116.5(111-122) 116(114-122) 0.554 

CK-MB 2.31(2.11-2.53) 3.76(3.28-4.29) 0.000 

troponin 0.006(0.006-0.007) 0.044(0.037-0.053) 0.000 

*:Mann Whitney U test 

Table 2. Performance metrics values obtained after modeling 

Performance Metrics Performance Metrics Value  (%) 

ACC 98.9 

b-ACC  98.7 

SE 99.4 

SP 98.0 

ppv 98.8 

npv 99 

F1-score 99.1 
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Figure 2. Graph of performance metrics 

Figure 3. Variable Importance Graph 

 

DISCUSSION 

Cardiovascular diseases are among the most 

common causes of death today and are quite 

common in Western countries. Studies have 

shown that the death rate from cardiovascular 

diseases in the world will increase from 28.9% to 

36.3% between 1990 and 2020 (13). The most 

common cardiovascular disease is a HA. HA is 

defined as the damage and deterioration of heart 

muscle cells that cannot receive sufficient 
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oxygen due to the deterioration of blood supply 

in any part of the heart (14). In the case of a HA, 

if the heart muscle is without oxygen for a long 

time, the outcome will be worse and death will 

occur. Almost half of deaths from heart attacks 

occur within the first hour. This mortality rate 

reaches 80% in the first 24 hours following the 

HA (15). HA, which is very common, especially 

in the productive age group of the society and 

causes serious problems due to complications in 

the post-acute period, and can even result in 

death in advanced stages, is an important public 

health problem. Although there have been 

developments in diagnosis and treatment 

methods related to the disease in recent years, it 

is one of the most important causes of morbidity 

and mortality in our country and industrialized 

societies (13). 

Evaluation of the incidence and case mortality 

of HA, which is known as one of the most 

important components of the cardiovascular 

disease burden, will be decisive in the reduction 

of coronary disease mortality (16). For this 

reason, the need for diagnostic markers to predict 

HA is increasing. It is known that some 

isoenzymes tend to increase in the blood before a 

HA occurs. Therefore, the presence of a 

diagnostic model based on these enzymes will be 

able to detect the risk of HA at an early stage and 

reduce the mortality that may occur. The most 

commonly used diagnostic methods in the 

diagnosis of HA are physical examination, 

Electrocardiography (ECG) containing Q waves, 

and the results of tests such as creatinine kinase, 

Myoglobin and Troponin (17). Creatine kinase 

and troponin enzymes in the data set used in the 

study have been used reliably in the diagnosis of 

HA for many years (18). Creatine kinase enzyme 

starts to rise 4 to 9 hours after myocardial injury 

and reaches its peak at 24 hours. For this reason, 

patients with chest pain and signs of HA can be 

diagnosed by the value of this enzyme in the 

blood. This enzyme returns to its normal range 

between 48-72 hours. (19). Troponin, a protein 

specific to skeletal and cardiac muscle fibers, 

mixes with blood from the muscle due to damage 

to the heart in unexpected situations such as a 

HA. The troponin value begins to rise at the 

blood level in relation to cardiac, or in other 

words, damage to the heart. The troponin level, 

which can be detected in the laboratory test 

performed in the first hour after the injury, 

reaches the maximum level in the 24th hour and 

maintains its positive value for 1 week (20).  

It may be possible to detect HA with these 

cardiac biomarkers. For this reason, a diagnosis 

system based on these markers can be used for 

early diagnosis and to predict risk in patients who 

apply to the hospital with chest pain. For this 

purpose, in the present study, it was aimed to 

determine the risk factors that may be associated 

with HA by making a ML-based model that can 

detect HA by using the data set of 1306 patients' 

blood values. In this context, the variable 
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importance values obtained as a result of the 

modeling and the variables that most explain the 

HA were obtained and their relations with the 

HA were confirmed. 

According to the results of the statistical 

analysis, a statistically significant difference was 

found between the heart attack (+) and heart 

attack (-) groups in age, troponin, and CK-MB 

variables, and no statistical differences were 

observed in other variables. In the heart attack (+) 

group, the 0.038-unit increase in the troponin 

variable and the 1.45-unit increase in the CK-MB 

variable were found to be significant compared 

to the heart attack (-) group. 

The values of ACC, b-ACC, SE, SP, ppv, npv, 

and F1-score performance metrics obtained 

according to the modeling results made with the 

SGB method were 98.9%, 98.7%, 99.4%, 98.0%, 

98.8%, 99%, and 99.1%. According to the results 

obtained here, the modeling method used 

classifies the HA situation with a very high rate, 

and these results showed that the model used was 

successful in the prediction of HA. In addition, 

when the variable importance values obtained as 

a result of the modeling were examined, it was 

seen that the most important parameters 

associated with HA were troponin and CK-MB 

(kcm). Other variables, on the other hand, seem 

to have a low effect on HA. These results support 

the literature and the risk of HA can be evaluated 

with troponin, and CK-MB an isoenzyme of 

creatin kinase. With this evaluation, the plight of 

individuals can be prevented and possible deaths 

can be prevented by intervening early in HA. 
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