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ABSTRACT
Aims: A heart attack is when blood flow to the heart muscle is interrupted. During a heart attack, the risk of permanent damage 
to the heart increases with every second that the heart tissue is not supplied with enough blood. If early and appropriate 
intervention is not carried out, the heart starts to fail and dies. The main risk factors for heart attack are smoking, cholesterol, 
diabetes, high blood pressure, age, obesity, genetics and high levels of certain substances produced in the liver. This study aims 
to use machine learning methods to predict the risk of heart attack using a dataset created by taking into account risk factors.
Methods: The performance of three types of linear discriminant analysis classifiers - Normal, Ledoit-Wolf and Oracle 
Shrinkage Approximating - was compared on the Cleveland data set.
Results: Normal linear discriminant analysis gave the best classification with an accuracy of 83.60% and performed better than 
regularised versions.
Conclusion: Linear discriminant analysis is a promising classifier for predicting myocardial infarction. It can be used in 
hospitals as an objective and automated system that reduces the workload of specialists and helps to reduce diagnostic costs.

Keywords: Machine learning, heart attack risk, linear discriminant analysis

INTRODUCTION

The heart is a vital organ located on the left side of the muscular 
chest and pumps almost 8000 litres of blood into the circulation, 
contracting on average 100,000 times a day. Cardiovascular 
diseases such as valvular disease, myocardial disease and 
myocardial infarction, which are related to the coronary arteries 
that supply blood to the heart tissue, can result from any disorder 
in the heart’s structure. The WHO estimates that cardiovascular 
disease is the leading cause of death worldwide, accounting for 
17.9 million deaths annually, and WHO research suggests that 
this number will rise to around 30 million by 2040. One third 
of deaths occur prematurely in middle-aged people, while four 
out of five deaths from cardiovascular disease are due to heart 
attacks and strokes.(Virani et al., 2021).

A heart attack is when the blood supply to the heart muscle 
is interrupted by blockage or narrowing of the coronary 
arteries, which are responsible for supplying the heart with 
oxygen and nutrients. During a heart attack, the risk of 
permanent damage increases with every second that the heart 
tissue is deprived of blood. Any sudden blockage in the arteries 
that supply blood to the heart can cause the heart muscle to 
be starved of oxygen, resulting in damage to the heart tissue. 
Loss of heart tissue occurs if the vessel is not opened early and 
with the correct procedure. The loss reduces the heart’s ability 
to pump and heart failure occurs. Causes such as smoking, 
cholesterol, diabetes, high blood pressure, age, obesity, genetics 

and elevated levels of certain substances produced in the liver 
are the main risk factors for heart attack. By taking these 
factors into account, the risk of heart attack can be predicted 
and people can be aware and take early precautions.

Today, prediction and classification applications are being 
developed for the early diagnosis of many diseases, thanks to 
machine learning techniques applied to medical data. These 
applications offer the benefits of objectivity in diagnosis and 
high and fast performance, reducing the workload and cost 
of the specialist. Machine learning studies conducted to 
predict whether an individual is at risk of a heart attack have 
focused on a 13-character Cleveland dataset (Detrano, 1989). 
In previous studies, many have proposed support vector 
machines (SVM) (Xing et al., 2008), neural networks (Ajam, 
2015), decision trees (Thenmozhi& Deepika, 2014), K-Nearest 
Neighbour (KNN) (Wettschereck&Dietterich, 1995) and naive 
Bayes (Srinivas et al., 2010) methods to classify the Cleveland 
dataset and estimate the risk of heart attack for individuals, 
and experimental results have shown satisfactory accuracy. 
Another frequently used technique is the combination of 
Principal Component Analysis (PCA), one of the feature 
selection and size reduction methods, with machine learning 
algorithms (Aec et al., 2013).Fuzzy logic (Guidi et al., 2014), 
ensemble learning (Das et al., 2009) and deep learning 
(Manimurugan et al., 20-22) are recommended methods.
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Looking at the studies conducted in recent years to 
classify the Cleveland dataset, machine learning algorithms 
based on statistical methods are recommended to achieve 
high performance. Ensemble techniques, such as Latha and 
Jeeva (2019) bagging and amplification in heart disease risk 
determination, provided a maximum accuracy increase of 7% 
in improving the predictive accuracy of weak classifiers. Bharti 
et al. (2021) achieved 94.2% accuracy with a hybrid method 
that included machine learning and deep learning algorithms. 
Santhanam and Ephzibah (2013) proposed the PCA technique 
for feature selection and achieved classification accuracies of 
92 and 95.2% with combinations of PCA + regression and PCA 
+ ANN. Dissanayake and Johar (2021) compared different 
feature selection algorithms (ANOVA, chi-square, mutual 
information, ReliefF, forward feature selection, backward 
feature selection, exhaustive feature selection, recursive 
feature elimination, lasso regression and ridge regression) 
on the dataset and the backward feature selection technique 
achieved the highest classification accuracy of 88.52%. 
Gárate-Escamila et al. (2020) achieved 98.7% accuracy on the 
Cleveland dataset using Chi-square and Principal Component 
Analysis (CHI-PCA) with Random Forests (RF). Katarya and 
Meena (2021) compared the performance of nine different 
machine learning classifiers and reported 95.60% accuracy 
with Random Forest.

For the detection of coronary artery disease, Singh 
et al. (2018) proposed the Fisher method and generalised 
discriminant analysis with binary classifiers for feature 
selection. Negi et al. (2016) used PCA independent linear 
discriminant analysis to study the electrocardiogram. 
Asl et al. (2008) proposed the combination of generalised 
discriminant analysis and SVM for arrhythmia classification.

However, to our knowledge, discriminant analysis has not 
been used in previous studies of the Cleveland data set. In this 
study, linear discriminant analysis techniques are proposed to 
predict the risk of myocardial infarction. The performances 
of three types of linear discriminant analysis classifiers, 
Normal, Ledoit-Wolf and Oracle Shrinkage Approximating 
(OAS), were compared on the Cleveland dataset. The main 
contribution of this study is that it is the first study to 
propose LDA algorithms for classification of the Cleveland 
dataset. Another contribution is the estimation of the risk of 
myocardial infarction with high performance without using 
feature selection algorithms with LDA algorithms.

METHODS

A Cleveland dataset consisting of 303 samples with 13 
features was used for the application. The number of patients 
at risk of heart attack in the dataset is 165. The features and 
explanations of the dataset are given in Table 1. As the dataset 
did not contain any null values, the data was directly applied 
to the machine learning algorithms without the feature 
selection process. The method overview scheme is shown in 
Figure 1. The data was randomly divided into training and 
test sets, of which 61 were test data. With the 10-fold cross-
validation technique, the training and validation phases were 
performed simultaneously. The training phase was carried 
out using Normal, Ledoit-Wolf and OAS LDA algorithms 
with Least Squares Optimisation (lsqr). After the training 
phase, the selected performance metrics and the classes of 
the test data were estimated and their performances were 
compared.

Table 1. The features and descriptions of theCleveland dataset
Feature 
Names Features Descriptions

Age Age of the patient
Sex Sex of the patient (1=male; 0=female)
exang Exercise induced angina (1=yes; 0=no)
ca Number of major vessels (0-3)

cp Chest Pain type chest pain type (1=typical angina; 2=atypical 
angina; 3=non-anginal pain; 4=asymptomatic)

trtbps Resting blood pressure (in mm Hg)
chol Cholestoral in mg/dl fetched via BMI sensor
fbs Fasting blood sugar > 120 mg/dl (1=true; 0=false)

rest_ecg
Resting electrocardiographic results (0=normal; 1=having 
ST-T wave abnormality (T wave inversions and/or ST 
elevation or depression of > 0.05 mV); 2=showing probable or 
definite left ventricular hypertrophy by Estes' criteria)

thalach Maximum heart rate achieved
target 0= Less chance of heart attack 1= More chance of heart attack

Figure 1. Overview of the method.

Linear discriminant analysis (LDA) is a machine learning 
technique used for classification, dimension reduction and 
feature extraction in pattern classification problems. Ronald 
A. Fisher developed the original linear discriminator in 1936 
as a two-class technique (Izenman, 2013). As a supervised 
classification method, LDA makes a class prediction with a 
linear decision surface created by fitting conditional class 
densities to the data and using Bayes’ rule (Equation (1)). In a 
case where there are two classes, i and j, Pji in equation (1) is 
the base probability (prior probability) of each class observed 
in the training data, and fi (x) is the estimated probability of 
x for class i.Linear discriminant analysis (LDA) is a machine 
learning technique used for classification, dimension 
reduction, and feature extraction in pattern classification 
problems. Ronald A. Fisher developed the original linear 
discriminant in 1936 as a two-class technique (Izenman, 
2013). As a supervised classification method, LDA makes 
a class prediction with a linear decision surface created by 
fitting conditional class densities to the data and using Bayes’ 
rule (Equation (1)). If there are two classes, i and j, Pji in 
Equation (1) is the base probability (prior probability) of each 
class observed in the training data, and fi(x) is the estimated 
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probability of x for class i. If there are two classes, i and j, Pji is 
the base probability (prior probability) of each class observed 
in the training data.

	  
(1)

The discriminant rule uses the probability of each class 
and the probability of the data belonging to each class. 
When the Gaussian distribution function is applied to the 
data, the distribution of x is characterised by its mean (μ) 
and covariance (Σ), and the discriminant function given in 
Equation (2) is obtained.

 		  (2) 

The discriminant function calculates the probabilities 
of how much data x belongs to each class. The decision 
surface separating classes i and j is the set x, where the two 
discriminant functions for the two classes have the same value, 
and any data falling on the decision surface belongs equally 
to both classes (undefined). LDA occurs when we assume 
equal covariance between classes i and j; all classes have the 
same covariance matrix. The equal covariance discriminant 
function of LDA is given in Equation (3). The mean, covariance 
and prior probability given in Equation (3) are estimated from 
the training data, and the probability of the class with the 
largest value determines the output estimate.

 
(3)

Shrinkage is a penalty term, similar to applying L1 or L2 
regularisation to the optimiser, to prevent overfitting in the 
LDA algorithm. When shrinkage is used as an estimator, a 
better variance estimator can be obtained than the original 
raw estimate. The gamma function is added to the estimator 
to obtain shrinkage. Gamma functions are any function that 
gives a shrinkage effect. The Ledoit-Wolf estimator (Ledoit& 
Wolf, 2004) is the most widely used shrinkage algorithm 
for regularising covariance matrices and improving 
their stability. The Ledoit-Wolf estimator asymptotically 
calculates the optimal shrinkage parameter by minimising 
a Mean Squared Error (MSE) criterion function. The 
Oracle Shrinkage Approximating (OAS) estimator (Chen 
et al., 2010) is another shrinkage algorithm that estimates 
the covariance matrix by iteratively approximating the 
shrinkage parameter.

RESULT

Learning curves are used to evaluate the results of the 
training and validation phases. Overfitting or underfitting 
situations can be observed in a learning curve graph by 
looking at the generalisation gap between the training and 
validation curves. A small generalisation gap is normal for 
an efficient training phase, because the training data is more 
than the validation data. Figure 2 shows the learning curves 
of the Normal, Ledoit-Wolf and OAS LDA classifiers. Ten 
points in the learning curves show cross-validation accuracy 
values according to the number of training data. The curves 
show that there is no overfitting or underfitting during the 

training phase. However, as the number of training samples 
is increased, it is observed that the generalisation ability 
increases and the training and validation accuracy scores 
increase. According to the shading around the curves 
showing the standard deviation values, the training standard 
deviation is low and the validation standard deviation is high.

During the test phase, 61 examples were used, including 
31 patients at low risk of myocardial infarction and 30 at risk 
of myocardial infarction. The confusion matrix gives the true 
positive (TP), false negative (FN), true negative (TN) and 
false positive (FP) values used to calculate the performance 
metrics. Figure 3 shows the confusion matrices of the LDA 
classifications. The Normal LDA made the highest prediction 
with 51 correct and 10 incorrect predictions. The OAS LDA 
made the lowest prediction with 44 correct and 17 incorrect 
predictions. Normal LDA and Ledoit-Wolf LDA made the 
same number of incorrect predictions from both classes, 
while OAS LDA made the same number of correct predictions 
from both classes. These equations result in performance 
metrics that are equal or very close to each other.

Figure 2. Learning curves of the LDA classifiers.

Figure 3. Confusion matrices of the LDA classifiers.

The performance measures and mathematical formulae 
used to calculate the test results are given in Table 2. Accuracy 
(ACC) is the ratio of correct predictions to all predictions. 
Precision is the ratio of true positives to all positives. Recall 
measures how accurately the true positives were predicted. 
The F1 score is the harmonic mean of precision and recall. 
The area under the ROC curve (AUC) value measures how 
well two classes can be discriminated, and a value of 1 is 
desired for perfect discrimination. The F1 and ACC metrics 
are positive class dependent, but the Matthews Correlation 
Coefficient (MCC) gives positive and negative class dependent 
results.
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Table 2.Mathematical formulas of the performance metrics
Performance 
Metrics Mathematical Formulas

Accuracy 
(ACC)

Precision

Recall

F1 Score

Matthews 
Correlation 
Coefficient 
(MCC)

Normal LDA gave the best classification with 83.60% ACC 
and 67.20% MCC. Ledoit-Wolf LDA was the second best with 
80.32% ACC and 60.64% MCC. The OAS LDA performed 
poorly with 72.13% ACC and 44.30% MCC. The balance 
of the test set and the number of correct and incorrect 
predictions ensured that the ACC and AUC metrics had the 
same values, and the Precision, Recall and F1 metrics had the 
same values. The F1 values for Normal, Ledoit-Wolf and OAS 
LDA are 83.33%, 80% and 72.12% respectively. In medical 
applications, the precision metric must be higher than 
the recall. While the recall (73.33%) of OAS LDA is higher 
than the precision (70.96%), it is the same for the other LDA 
classifiers (Normal LDA: 83.33%, Ledoit-Wolf LDA: 80%).

Table 3. Test results of the LDA classifiers

Algorithm ACC 
(%)

Precision 
(%)

Recall 
(%)

F1 Score 
(%)

AUC
(%)

MCC 
(%)

Normal LDA 83.60 83.33 83.33 83.33 83.60 67.20
Ledoit-Wolf LDA 80.32 80.00 80.00 80.00 80.32 60.64
OAS LDA 72.13 70.96 73.33 72.12 72.15 44.30

DISCUSSION

LDA and its variants have been frequently proposed in 
the classification of various cancers using DNA microarray 
data. Dudoit et al (2011) classified two-class leukaemia DNA 
microarray data using Diagonal Linear Discriminant Analysis 
(DLDA) and Fisher Linear Discriminant Analysis (FLDA) 
methods. The authors reported the number of misclassified 
tumour samples as 0 for DLDA and 3 for FLDA. Li et al (2005) 
proposed Generalised Linear Discriminant Analysis (GLDA) 
for the detection of seven different cancer types using DNA 
microarray data. The average classification error rate for 
lymphoma was 0.05. Sharma and Paliwal (2008) misclassified 
only 2 samples in the three-class lung adenocarcinoma 
dataset using the gradient LDA method. A study by Huang 
et al (2009) compared LDA methods for cancer classification 

based on gene expression data and reported that the mean 
test error of LDA modification methods was lower than that 
of the LDA method. These studies suggest that promising 
results can be obtained by applying LDA and its variants to 
various health data.

LDA is a supervised classification technique that is 
considered part of building competitive machine learning 
models, and its simplicity of implementation is an advantage. 
However, LDA can fail in some cases where the mean of the 
data distributions is shared and cannot create a new axis 
that makes both classes linearly separable. Linear decision 
boundaries may not sufficiently separate classes, and a 
regularised version of LDA or non-linear discriminant 
analysis can be used for more general boundaries.

For this application, Normal LDA outperformed the 
regularised versions. This result shows that linear separation 
may be more appropriate for the Cleveland dataset, but the 
overall classification performance is lower than studies in 
the literature. The reason for the poor performance is that 
no preprocessing or feature selection methods are applied 
to the data beyond the capabilities of the LDA classifier. The 
studies in the literature were pre-processed, and in this study 
the raw data was used in the classification of selected features. 
Considering the performance under these conditions, 
the LDA algorithm is very promising for the problem of 
measuring heart attack risk.

CONCLUSION

In this study, Normal LDA and the regularised versions 
Ledoit-Wolf and OAS LDA algorithms were used to 
automatically and objectively estimate the risk of myocardial 
infarction. According to the experimental studies on the 
Cleveland dataset, Normal LDA classified the raw data 
with 83.60% ACC. Raw data classification without data pre-
processing and feature selection methods greatly affected 
the inability of the performance metrics to achieve high 
values. Suppose that experimental studies are developed 
by combining the proposed LDA algorithms with data pre-
processing and feature selection methods. In this case, the 
applicability of this application in hospitals as an objective 
and automatic system to help experts reduce workload and 
costs can be suggested. In the future, such applications could 
be used to create mobile applications or devices that predict 
the risk of heart attack, independent of the specialist.
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