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A B S T R A C T

Heart disease remains the leading cause of death, such that nearly one-third of all deaths worldwide are
estimated to be caused by heart-related conditions. Advancing applications of classification-based machine
learning to medicine facilitates earlier detection. In this study, the Classification and Regression Tree (CART)
algorithm, a supervised machine learning method, has been employed to predict heart disease and extract
decision rules in clarifying relationships between input and output variables. In addition, the study’s findings
rank the features influencing heart disease based on importance. When considering all performance parameters,
the 87% accuracy of the prediction validates the model’s reliability. On the other hand, extracted decision rules
reported in the study can simplify the use of clinical purposes without needing additional knowledge. Overall,
the proposed algorithm can support not only healthcare professionals but patients who are subjected to cost
and time constraints in the diagnosis and treatment processes of heart disease.
. Introduction

Heart disease is a particular abnormal condition that covers disor-
ers occurring in the heart and affects the bloodstream. It may vary
rom blood vessel disease to heart rhythm problems [1]. Healthcare
rofessionals diagnose heart disease from both history of patients and
edical examinations such as blood pressure, blood sugar, or choles-

erol. Besides, advanced medical analyzes such as electrocardiogram
ECG), exercise stress tests, X-rays, echocardiogram, coronary angiogra-
hy, radionuclide tests, MRI scans, and CT scans may assist to diagnose
hether one has a heart disease [2]. Applying appropriate treatment

ogether with a detection of heart disease plays an important role in
reventing the increasing number of deaths and reducing the risk of
eart disease.

Machine learning is an increasingly important area in early de-
ection of diseases. It focuses on making inferences in line with new
nformation by detecting patterns hidden in observations [3]. For ex-
mple, as heart-related diseases take approximately 17.9 million lives
er year, they are known as one of the most fatal diseases among
ll diseases in the world [4]. Since early detection of heart disease
ay decrease the death rate; many researchers who come from many

ackgrounds have been investigating the issue by using this approach.
Recent developments in the field of machine learning have led to

renewed interest in determining whether a patient is likely to be
iagnosed with heart disease [5]. In order to perform machine learning
n heart disease detection in the early phase, as one of the classification
echniques, decision trees are widely used [6]. In clinical settings,
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decision trees have strengths among other classification techniques;
due to their understandability for decision makers and suitability for
classifying unseen data [7]. The more new data are produced, the
higher different versions of decision trees are successfully applied in
this domain [8,9]. Despite the existence of studies in different applica-
tion domains which focus mainly on prediction by using decision trees,
very little research on modeling and extracting rule sets with graphical
representations, which may simplify the decision-making; specifically,
on heart disease sub-domain.

To make up for aforementioned shortcomings, this study seeks to
model and predict heart disease. In this study, a comprehensive data
set consisting of five data sets with 1190 observations and eleven
features has been used. Firstly, in order to perform the model with
more accurately and effectively, the data were pre-processed. Secondly,
Classification and Regression Tree (CART) algorithm was proposed and
examined for both detecting heart disease with high accuracy and
putting forward the graphical representation of rule inferences of the
model examined. Different from most of the studies, the results and
implications of this study may be quite easily incorporated into clinical
decision support systems in the future, thanks to the given rule sets
and modeling results. Overall, the main motivation of this study is
to support healthcare professionals and researchers working on the
diagnosis and treatment of heart disease by a simple way.

The rest of the paper is presented as follows. There is a brief
overview of the studies that were conducted in this field in Section 2.
The data set, methodology and modeling of decision tree infrastructure
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are described in Section 3. Then, the experimental results are pre-
sented in Section 4. Lastly, Section 5 concludes the study and proposes
research works for the future.

2. Literature review

Among the deaths worldwide, heart disease-related ones remain
at the forefront. Numerous conventional approaches have been used
to detect heart disease over the decades. Although Cox Proportional
Hazard Ratio, Framingham Risk Score, Thrombolysis in Myocardial In-
farction, Systematic Coronary Risk Evaluation, Global Registry of Acute
Coronary Events and QResearch Risk are already commonly used con-
ventional risk scoring approaches; they have limitations due to requir-
ing more assumptions, low-dimensionality data and time consuming
with larger data sets, compared to machine learning approaches [10,
11]. Furthermore, the aforementioned statistical-based conventional
approaches may not be sufficient for studying unstructured or semi-
structured data. Hence, it is possible to claim that emerging risk factors
used in machine learning approaches are more comprehensive than the
ones which are used in traditional risk-scoring methods. Even so, in-
stead to compete with one another; it is significant to consider whereas
statistical methods are used to make inferences in samples, machine
learning is used to learn the hidden patterns and associations between
parameters in the data set and predict the likelihood of subsequent
events [12].

There is a large volume of published studies describing the risk
factors of heart disease. C.T. Ha et al. investigated emerging risk
factors associated with heart-related death [13]. They suggested that
age, sex, race, socioeconomic status, diabetes findings and obesity
were associated with heart-related deaths. Furthermore, biomarkers
including ECG, serum markers and imaging parameters were suggested
as good predictors in cases integrated and diverse with machine learn-
ing approaches. Alizadehsani et al. investigated the papers published
within the three decades that the main decision factors were age,
sex, blood pressure, hypertension, ST depression, chest pain type and
cholesterol for predicting heart disease with machine learning ap-
proaches [14]. Zhao et al. investigated the social determinants of heart
disease from the papers that were studied based on a prediction by ma-
chine learning algorithms [15]. According to their review, in addition
to medical inputs, social determinants such as gender and ethnicity
may be considered in the prediction of patients’ heart disease risk as
well.

Numerous machine learning approaches mainly consisting of su-
pervised and unsupervised techniques have been investigated in the
prediction of heart disease in the literature. As the usage of ma-
chine learning in medicine becomes more widespread, it is claimed
that certain data sets perform better in the early diagnosis of heart
disease. Cleveland, Hungarian, Switzerland and Statlog are both the
most known and cited data sets among seventy data sets that are
published and include heart diseases related instances within three
decades [14,16,17]. The features of all these data sets above include not
only numerical data but also categorical data. These data sets include
non-medical features such as patients’ age and gender, medical features
such as cholesterol, blood pressure, blood sugar, electrocardiogram
results, maximum heart rate, and many more.

What we know about predicting heart disease with machine learn-
ing is largely based on empirical studies that investigate the perfor-
mance of the algorithm. M.M. Ali et al. applied supervised machine
learning algorithms including Multilayer Perceptron, K-Nearest Neigh-
bor (KNN), Adaboost Classifier, Decision Tree, Logistic Regression and
Random Forest to compare output performances [18]. Shah et al.
benefited from Naïve Bayes, Decision Tree, KNN and Random Forest
algorithms for Cleveland Database [19]. Li et al. developed a prediction
supported by Support Vector Machines, Logistic Regression, Artificial
Neural Network (ANN), KNN, Naïve Bayes and Decision Tree with

standard feature selection algorithms [20]. Repaka et al. presented an
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application that continuously monitors coronary heart patients who can
see their heart disease condition [21]. This application was developed
based on the Naïve Bayes algorithm. Rani et al. combined a genetic
algorithm with recursive feature elimination for feature selection, then
proposed a hybrid system generated from supervised machine learning
algorithms [22]. Pathan et al. observed the impact of feature selection
on the success of machine learning techniques [23]. They examined
certain classification methods on the two data sets, CVD and Framing-
ham. Thus, they put forward that optimizing feature size may decrease
time consumption and increase model performance.

Mirmozaffari et al. applied and compared the results of various
clustering techniques such as Canopy, Cobweb, EM, Farthest First,
Filtered Clusters, Hierarchical Clusterer, Density-Based Clusterer and
Simple K-Means [24]. Their research also showed that the accuracy
tends to increase in each multilayer filtering preprocess step. Similarly,
Kodati et al. discussed which clustering algorithm; including Farthest
First, Filtered Cluster, Hierarchical Cluster, OPTICS, and Simple K-
Means, might be the best for the selected data set [25]. Ripan et al.
benefited from K-Means clustering approach to find out anomalies in
their data set. After removing anomalies by clustering; they performed
and discussed performances of KNN, Random Forest, Support Vector
Machines, Naïve Bayes and Logistic Regression for different clusters
[26].

In 2020, a comprehensive data set which is combined with five
popular heart disease data sets (Cleveland, Hungarian, Switzerland,
Long Beach VA and Statlog) was generated by Siddhartha [27]. The
common features in those five data sets have been gathered in the
new data set. Up to now, there is a relatively small body of literature
that is used this data set [28–31]. Such that, Alalawi et al. used some
classification algorithms such as Support Vector Machine, Decision
Tree Classifier, Logistic Regression, KNN and Naïve Bayes [28]. In
a study conducted by Yilmaz et al. classification outputs of Logistic
Regression, Random Forest and Support Vector Machine methods were
measured [29]. Doppala et al. proposed an Ensemble Model including
Naïve Bayes, Random Forest, Support Vector Machine and XGBoost
to improve prediction accuracy [30]. A. Tiwari et al. also examined
an Ensemble Model with high accuracy [31]. A body of reviewed
studies utilized various machine learning techniques in heart disease
prediction, and a summary of previous studies in this field has been
presented in Table 1.

Considering all of the evidence, it seems in Table 1 that a wide
range of machine learning techniques has been used in previous studies
for heart disease prediction. However, there is a lack of research
that extracts decision rules by modeling decision tree results beyond
performance metrics. In this research, we aim to fill this gap in the
literature by proposing an approach to extract decision rule sets and
graphical illustration of decision trees for healthcare professionals who
henceforth may put it into practice uncomplicatedly.

3. Methodology

3.1. Data set

The data set used in this research was curated by five popular
heart disease data sets covering both medical and non-medical features
[27]. A total of 1190 patient records were incorporated into this
comprehensive data set.

The data set has eleven features including age, sex, chest pain type,
resting blood pressure, cholesterol, fasting blood sugar, resting ECG,
maximum heart rate, exercise angina, oldpeak and ST slope. Also, it has
one target variable including either ‘‘normal’’ or ‘‘heart disease’’. The
data set has not only numerical but also categorical features. Detailed
feature descriptions were given in Table 2.
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Table 1
Comparison of relevant literature review.

Article Year Objective Data set Technique

[18] 2021 To identify machine learning classifiers by applying and
comparing outputs in heart disease prediction.

Cleveland, Hungary, Switzerland, and
Long Beach

Classification

[19] 2020 To anticipate the possibility of patients suffering from heart
disease

UCI machine learning
repository

Classification

[20] 2020 To diagnose heart disease by classifying and using a feature
selection algorithm

Cleveland data set Classification

[21] 2019 To utilize machine learning for effectively enabling heart
disease diagnosis and thereby offering appropriate treatment
by offering a clinical decision support system.

UCI machine learning
repository

Classification

[22] 2021 To assist clinicians in the early detection of heart disease by
proposing a hybrid system

UCI machine learning
repository

Classification

[23] 2022 To analyze the impact of heart disease prediction
performance by selecting the best features

CVD and Framingham Classification

[24] 2017 To compare different clustering algorithms to find the most
accurate one in heart disease prediction.

A dataset collected from a hospital in
Iran, under the supervision of the
National Health Ministry.

Clustering

[25] 2019 To compare the performances of different
types of clustering algorithms to identify the most
appropriate one for the selected heart disease data set.

UCI machine learning
repository

Clustering

[26] 2020 To predict heart disease using supervised machine learning
algorithms after detecting outliers with K-means clustering
algorithm.

UCI machine learning
repository

Clustering & Classification

[28] 2021 To identify the best supervised classifier for two data sets
through a deep learning network and a few machine
learning classification models.

Cardiovascular diseased data set &
Heart disease data set
(Comprehensive)

Classification

[29] 2022 To measure the performances of machine learning methods
for coronary heart disease

Heart disease data set
(Comprehensive)

Classification

[30] 2022 To propose a reliable ensemble model to achieve the safety
of patients.

Heart disease data set
(Comprehensive)

Classification

[32] 2020 To show outputs of applied selected clustering algorithms Own created data set including sex,
age, chest pain, blood pressure,
blood sugar, ECG and heart rate.

Clustering

[33] 2021 To compare the performance of K-Means clustering algorithm
according to iterations and clusters

UCI heart disease data set Clustering

[34] 2019 To increase the efficiency of heart disease prediction by
integrating supervised and unsupervised algorithms

Framingham and Stat Log Clustering & Classification
Table 2
Feature description of comprehensive heart disease data set.

Variable name Values Data type Comment

Age Real Numeric Patient’s age in years

Sex 1,0 Binary 1: Male, 0: Female

Chest pain type 1,2,3,4 Nominal 1: Typical angina, 2: Atypical angina,
3: Non-anginal pain, 4: Asymptomatic

Resting blood pressure Real Numeric Systolic pressure: Measure of the blood pressure
when heart pushes blood out (mm Hg)

Serum cholesterol Real Numeric Amount of cholesterol in patient’s blood (Mg/Dl)

Fasting blood sugar 1,0 Binary 1 (True) : >120 mg/dl,
0 (False): ≤120 mg/dl

Resting electrocardiogram
result

0,1,2 Nominal 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

Maximum heart rate
achieved

Real Numeric Maximum number of times that heart beats per
minute (bpm)

Exercise induced angina 0,1 Binary 1: Yes
0: No

Oldpeak Real Numeric ST depression induced by exercise relative to rest

The slope of the peak
exercise ST segment

0,1,2 Nominal 1: Upsloping
2: Flat
3: Downsloping

Target 0,1 Binary 1: Heart disease, 0 = Normal
3
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Table 3
Detailed statistics and distributions of numerical features.

Feature name Min Max Median Mean Standard deviation

Age 28 77 54 52.86 9.50
Resting blood pressure 92 200 130 133.0 17.28
Cholesterol 85 603 237 244.7 59.17
Maximum heart rate achieved 69 202 140 140.2 24.54
Oldpeak 0 6.2 0.50 0.90 1.07
Table 4
Detailed statistics for categorical features.

Feature name Category Number of observations Percentage (%)

Sex Male 563 75.57
Female 182 24.43

Chest pain type

Asymptomatic 370 49.66
Non-anginal pain 168 22.55
Atypical angina 166 22.28
Typical angina 41 5.50

Fasting blood sugar No 124 16.64
Yes 621 83.36

Resting ECG result
0 444 59.60
1 125 16.78
2 176 23.62

Exercise induced angina No 458 61.48
Yes 287 38.52

The slope of the peak exercise ST segment
Flat 353 47.38
Upsloping 349 46.85
Downsloping 43 5.77

Target Normal 390 52.35
Heart disease 355 47.65
a
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3.2. Data preprocessing and descriptive statistics

Before implementing the decision tree model, the data set was pre-
processed. Specifically, it was focused on duplicated and inconsistent
data. Following analysis of data preprocessing, 272 duplicated obser-
vations were discovered. Furthermore, it has been analyzed that 172
observations for the cholesterol feature and 1 observation for the ST
Slope feature were discovered and labeled as 0. In the follow-up phase
of the data preprocessing, all those duplicated and inconsistent records
were removed from the data set. To enable the understandability of the
model, some numerical values were changed to categorical expressions
as illustrated in Table 3. For instance, 1,2 and 3 values were changed
to upsloping, flat and down sloping in the ST Slope feature. Eventually,
the length of the data was reduced to 745 and some values were
adjusted for the decision tree model.

Overall, Tables 3 and 4 summarize the data analyzed in this study.
Since the data set has both numerical and categorical variables, the
features were presented separately. Whereas numerical features were
illustrated based on minimum values, maximum values, median, mean
and standard deviation; categorical features were identified for each
sub-category.

3.3. Decision tree algorithms and CART

As a part of popular machine learning techniques, decision tree
sheds light on dealing with the prediction of target variables based
on the given input parameters [35]. Decision trees can be consid-
ered in two ways depending on the condition of the variables. When
the target variable is numerical, the problem can be solved in the
context of regression; otherwise, it is a classification problem [36].
Fig. 1 demonstrates a schematic illustration of a typical decision tree
model.

Although there are many decision tree algorithms in the literature
for classification problems; ID3, C4.5, Classification and Regression
Trees (CART) and Chi-Square Automatic Interaction Detection (CHAID)

algorithms are among the most frequently referenced decision tree a
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Fig. 1. A typical CART structure.
Source: Adapted from Ref. [37]

lgorithms [38,39]. Related researchers claim that the CART algorithm
roves its reliability among all classification techniques [40]. Similar
o other decision tree algorithms, the CART algorithm extracts decision
ules from features and builds a model to predict the target values
31]. The features may include either numerical or categorical values.
verall, the CART algorithm was adopted to ensure that the results of

he study would help researchers and healthcare professionals in early
iagnosis and treatment plans.

.4. Implementation of the CART algorithm

To ensure that the heart disease prediction method is implemented
ccurately, the data set was randomly divided into two sets; training
nd testing sets. The original data was partitioned at a ratio of 8:2; 80%
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Table 5
Confusion matrix of heart disease prediction.

Predicted

Heart disease Normal

Actual

Heart disease True Positive (TP): number of observations actually
is heart disease and predicted as heart disease

False Negative (FN): number of observations
actually have heart disease but are predicted as
normal

Normal False Positive (FP): number of observations
actually is normal but predicted as heart disease

True Negative (TN): number of observations
actually is normal and predicted as normal
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of the data (training set) was used for training to recognize the patterns
in the data set and 20% of the data (testing set) was used to verify
the classification accuracy of the CART model. The principal findings
obtained from both training and testing data sets were presented in the
results section.

Data from the training part (80% of the total) consisting of 284 heart
disease and 312 normal observations were included in the analysis. All
analyses were carried out using R programming language and R Studio
which is an open source software tool specialized for statistical analysis,
modeling, machine learning, graphics representation and reporting
purposes [41]. In the modeling phase, the ‘‘rpart’’ library was used for
the implementation of the CART algorithm.

To mitigate overfitting, the decision tree model was pruned by
minimizing the complexity parameter which controls the size of the tree
and reduces classification errors [42–44]. Hence, better performance
scores were intended to obtain based on the CART algorithm.

3.5. Evaluation measures

In case the target of the classification problem is related to find-
ing out binary variables such as True/False, Yes/No; the accuracy
parameter which defines the ratio of correct classifications mostly
sheds light on the performance of the classifier [38,40]. As such, the
confusion matrix helps to evaluate the performance of the classification
model by calculating parameters as shown in Table 5 [45]. From
these parameters, specific qualities are also obtained; such as accuracy,
sensitivity, specificity and precision [46]. Sensitivity, or recall, refers to
the probability of observations that are predicted true to the number
of all observations that are actually classified as true [47]. Similarly,
specificity refers to the probability of observations that are predicted
false to the number of all observations that are actually classified as
false. Lastly, precision displays how many of the observations that are
predicted as true are actually true.

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦∶ (𝑇𝑃 + 𝑇𝑁) ∕ (𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁) (1)

𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦∶ 𝑇𝑃∕(𝑇𝑃 + 𝐹𝑁) (2)

pecificity∶ 𝑇𝑁∕(𝑇𝑁 + 𝐹𝑃 ) (3)

𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∶ 𝑇𝑃∕(𝑇𝑃 + 𝐹𝑃 ) (4)

By extracting rules, the outputs of the decision trees transform
nto logical rule forms in "If’’ and ‘‘Then’’ structures. To do this,
he leaves are associated with the related way from the root to the
eaf [48]. All nodes are connected from antecedent (If) to rule conse-
uent (Then) [49]. Thus, decision tree rules enable the model more
nterpretable, and it provides the model in the most detailed and
ransparent form possible.

. Results

It can be inferred from the descriptive statistics in Tables 3 and 4, a

reat majority of the patients are male. For this data set, males tended t

5

o be diagnosed with heart disease more than females. Approximately
alf of the patients are found to have asymptomatic chest pain type.
ccordingly, most patients who have asymptomatic chest pain type
re also diagnosed with heart disease. Most patients do not have
igh fasting blood sugar, and also there is no significant difference
etween the number of normal and heart disease patients, regardless
f fasting blood sugar. While most of the patients without exercise
nduced angina are normal, the vast majority of them who have exercise
nduced angina is diagnosed with heart disease. Lastly, the slope of the
eak exercise ST segment is also a significant indicator of heart disease.
uch that, nearly eight-tenths of patients who are diagnosed with heart
isease are recorded as flat. On the contrary, nearly eight tenth of
atients who are diagnosed with normal are recorded as upsloping.

Based on the descriptive analyses mentioned above, the decision
ree implemented by the CART algorithm was illustrated in Fig. 2. Heart
isease and normal observation percentages were obtained for each
ode illustrated in Fig. 2.

The target feature of the model in the root node is either heart
isease or normal observation. Additionally, the first level attribute is
ound to be ST Slope; the second level attribute is chest pain type; the
hird level attributes are resting blood pressure and exercise angina; the
ourth level attributes are sex, maximum heart rate and oldpeak; and
he fifth level attribute is cholesterol. The rule-based illustration of the
odel was listed in Table 6.

In Table 6, the rules that are obtained from the CART model were
escribed line by line, by following the nodes and branches. The table
ncludes 18 rules based on five levels of the tree. The tree level, the
ercentage of normal and heart disease observations, the total number
f observations, the percentage of total observations (frequency), and
he information on whether the rule expresses the end node or not
ere given for each specific rule. Thus, understanding the rules makes

he model more efficient and understandable. For instance, one can
nderstand from rule 1 that if the ST slope of a patient is either flat
r downsloping then heart disease would be expected at about 78%.
imilarly, rule 16 means that if ST slope is either upsloping; chest pain
ype is asymptomatic; exercise angina is yes and oldpeak is lower than
,05 then the expected heart disease is 33%. One of the differences
etween the given rules is that the second rule is an end node which
eans it shows the outcome of a decision path. Overall, it is possible

o clarify the whole tree with this interpreting logic.
The importance of each feature involved in the implementation of

he CART approach was investigated. As illustrated in Fig. 3, the ST
lope is the most important feature for the data set. The importance of
he SP slope is 28% according to the CART algorithm which means that
he ST slope will probably larger effect on the CART model. Oldpeak,
hest pain type, exercise angina and maximum heart rate follow ST
lope with 18%, 16%, 15% and 11% respectively. Oppositely, resting
CG is the least important feature among the used features in the
ata set which means it would probably smaller effect on the model.
ldpeak, chest pain type, exercise angina, maximum heart rate, age,

esting blood pressure and cholesterol are the other features that affect
he model based on importance.

The results show that approximately 96% of the patients who are
redicted as heart disease has ST slope of flat or downsloping. Addi-
ionally, asymptomatic chest pain type is a significant indicator, such

hat, approximately 81% of all patients who suffer from heart disease
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Fig. 2. Graphical representation of the CART approach.
Fig. 3. Importance of features implemented by the CART model.
ave asymptomatic chest pain type. These findings also indicate that
arly diagnosis of heart disease may be challenged where chest pain
ype and ST slope values are not analyzed. On the other hand, even if
holesterol is one of the features which has a low impact on the model,
t can be considered as an input to increase the total accuracy of the
rediction.

In Table 7, the testing results for the CART model were presented.
t summarizes performance parameters reported based on accuracy,
ensitivity, specificity, and precision. As can be seen from the re-
ults, the CART model has a good prediction accuracy with 87%. The
ther performance parameters (sensitivity, specificity, and precision)
re 85%, 90% and 88%, respectively. The accuracy of our CART model
s higher than other studies which are aimed to predict heart disease by
sing decision trees [19,20,30,31]. For example, Doppala et al. reached
p to 82% for accuracy, 79% for sensitivity, 85% for specificity and
3% for precision [30]. In addition, the difference between training
nd testing results is relatively low and comparable. For example,
hah et al. found a difference of about 6% for accuracy [19]. In our
6

study, accuracy, sensitivity, specificity and precision are 88%, 87%,
89% and 88%, respectively; which means our average difference is
approximately 1%. As both of the training set and testing set have high
accuracy performances and it shows low error rate, the model does not
signal overfitting and it can be generalized to unseen data [50]. Based
on these results, we can conclude that our CART model is successfully
validated and performs reasonably well.

5. Conclusion

Heart disease is one of the most fatal diseases around the world. It
is highly significant especially both for patients who are risk of heart
attack, or even death; and for the healthcare professionals who are
responsible for diagnosing it as promptly as practicable. To deal with
these issues, it is essential to effectively detect the patients in advance.
In this manner, this paper proposes the CART model to gain deeper
and reasonable insight to healthcare professionals about the patients
and presents a logical rule set of the model to use it in practical cases
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Table 6
The rules for the degree of heart disease resulted from the CART algorithm.

Rule
number

Tree level Rule Degree of heart disease (%) Observations Is leaf ?

Heart
disease

Normal Number of
cases

Frequency
(%)

1 1 ST slope is either flat or downsloping => 78 22 320 54 No

2 5 ST slope is downsloping & chest pain type is
asymptomatic =>

87 13 276 46 Yes

3 2 ST slope is either flat or downsloping & chest pain type
is not typical angina =>

56 44 105 18 No

4 3 ST slope is either flat or downsloping & chest pain type
is not typical angina & resting blood pressure ≥131 =>

76 24 51 9 No

5 5 ST slope is either flat or downsloping & chest pain type
is not typical angina & resting blood pressure ≥131 & sex
is male =>

88 12 40 7 Yes

6 5 ST slope is either flat or downsloping & chest pain type
is not typical angina & resting blood pressure ≥131 & sex
is female =>

36 64 11 2 Yes

7 3 ST slope is either flat or downsloping & chest pain type
is not typical angina & resting blood pressure <131

37 63 54 9 No

8 4 ST slope is either flat or downsloping & chest pain type
is not typical angina & resting blood pressure ≥131 &
maximum heart rate <143 =>

65 35 20 3 No

9 5 ST slope is either flat or downsloping & chest pain type
is not typical angina & resting blood pressure ≥131 &
maximum heart rate <143 & cholesterol ≥214 =>

85 15 13 2 Yes

10 5 ST slope is either flat or downsloping & chest pain type
is not typical angina & resting blood pressure ≥131 &
maximum heart rate <143 & cholesterol <214 =>

29 71 7 1 Yes

11 5 ST slope is either flat or downsloping & chest pain type
is not typical angina & resting blood pressure ≥131 &
maximum heart rate ≥143 =>

21 79 34 6 Yes

12 1 ST slope is either upsloping => 13 87 276 46 No

13 2 ST slope is either upsloping & chest pain type is
asymptomatic =>

35 65 74 12 No

14 3 ST slope is either upsloping & chest pain type is
asymptomatic & exercise angina is yes =>

70 30 6 3 No

15 5 ST slope is either upsloping & chest pain type is
asymptomatic & exercise angina is yes & oldpeak ≥0,05
=>

100 0 11 2 Yes

16 5 ST slope is either upsloping & chest pain type is
asymptomatic & exercise angina is yes & oldpeak
<0,05=>

33 67 9 2 Yes

17 5 ST slope is either upsloping & chest pain type is
asymptomatic & exercise angina is no =>

22 78 12 2 Yes

18 5 ST slope is either upsloping & chest pain type is not
asymptomatic =>

5 95 202 34 Yes
Table 7
Performance parameters of the CART algorithm for the testing data set.

Predicted

1 0 Total ACC SE SP PR

Actual 1 60 8 68
87.25% 84.51% 89.74% 88.24%0 11 70 81

Total 71 78 149
oversimply. In this context, the model was built by using electronic
health records of 1190 patients. After the original data set was prepro-
cessed and analyzed, the model was performed. The model performed
in this study proved to be sufficiently accurate and validated. One of
the significant findings to emerge from this study is that our model
performs reasonably well in predicting heart disease. The second major
finding is that, according to the importance of features in the CART
model, the features relating electrocardiogram test including ST Slope
and Oldpeak are more important features to detect heart disease.
7

This study may contribute to prior literature by extracting a new
type of rule set that makes the decision-making process in heart disease
diagnosis more understandable. This study has also significant practical
directions and a broad clinical implication for healthcare professionals
who can benefit from the model to diagnose different patient groups
based upon the decision tree model and the rule set, oversimply.
Moreover, by integrating with the proposed model, the development
of clinical decision support systems could be greatly facilitated. Thus,

the healthcare professionals can ultimately improve the quality of
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healthcare delivery by combining their knowledge with the suggestions
provided by the clinical support systems.

Despite its advantages and contributions, generalization of these
results has certain limitations. Firstly, the proposed model does not
totally include patients’ medical information and other social determi-
nants that may lead to heart disease, such as socioeconomic status,
current smoking status, etc. In this context, further research might
extend this study by adding new clinical, demographic and social
determinants to validate the findings and increase the quality of the
results. Secondly, the unstructured data such as text or image were not
considered in this study. For future studies, our model may be enhanced
by adding unstructured data such as text files/documents, sensor data,
images, website/application logs and/or social media data. Due to large
amount of data related to heart disease, it is recommended that big
data analytics could bring some benefits to the field. Therefore, it may
be possible to develop better practices for clinical support systems
supporting by big data applications.
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