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ABSTRACT

Cardiovascular disease has been the major cause of mortality worldwide for the last several decades. Diagnosis of
heart disease through traditional approaches is a complex, time-consuming, and error-prone process. To address
this issue, several techniques have been proposed to automate the process of diagnosing heart disease accurately
and in a timely manner. However, these techniques report limited accuracy in diagnosing the disease. In this paper,
the SAFARI algorithm is used to diagnose heart disease. SAFARI uses a rule-based approach; that is, it extracts
rules from a dataset and uses the extracted rules for diagnosis. The various attribute values are first discretised into
specific ranges, where each range corresponds to a symbol. This results in a symbol table. SAFARI extracts rules
from this symbol table. The approach has been thoroughly tested on the heart disease dataset publicly available in
the UCI machine learning repository. The results obtained using this approach are compared with the results of
various techniques reported by other authors, and a significant improvement was observed.
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1. INTRODUCTION

Cardiovascular disease is the major cause of death in the
world according to the World Health Organisation. Some
parameters that indicate heart disease in an individual are
cholesterol levels, blood pressure, heart rate, and related clin-
ical measurements. It is important that heart disease be diag-
nosed at earlier stages so that proper treatment is prescribed
to patients and the effect of the disease is reduced as much
as possible. Timely detection of heart disease plays a pivotal
role in effective prevention and timely intervention strategies.
With advancements in machine learning techniques, particu-
larly decision-tree algorithms, there has been growing interest
in leveraging these methods for predictive analytics in the
medical domain. Decision trees offer interpretability, ease of
implementation, and the ability to handle complex datasets,
making them suitable candidates for heart disease prediction
models.

Traditionally, investigations are carried out by medical profes-

sionals to diagnose heart disease in patients, and this process
can be augmented using AI technology. The approach of
inductive learning has been explored over multiple problem
domains with the aim of extracting rules from datasets [1].
The implementation of machine learning algorithms directly
on clinical data has also been employed to detect heart dis-
ease [2]. Data mining technology has been found very useful,
especially in healthcare, because it extracts hidden patterns
from available data and transforms them into meaningful in-
formation that helps optimise decisions [3]. Researchers have
tried using AI technology to detect heart disease in patients
at the earliest stage [4]. These techniques include various ma-
chine learning algorithms that use large amounts of healthcare
data and transform them into meaningful data for decision
support [5].

Heart disease prediction methods that use machine learn-
ing include models implementing regression [6], multilayer
perceptrons [7], modified K-means and ID3 algorithms [8],
integration of random forest with a linear model [9], and en-
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sembles of multiple neural networks [10]. Clinical decision
support systems have also been investigated by researchers,
improving the performance of heart disease diagnosis [11].
However, there remains scope to improve the performance of
heart disease prediction with higher accuracy.

In this paper, we use the SAFARI algorithm to improve the
accuracy of heart disease prediction. SAFARI is a decision-
tree-based approach, which is discussed in Section 3. The
rest of the paper is structured as follows: Section 2 discusses
related work; Section 3 presents the methodology of the pro-
posed algorithm; Section 4 presents the results and discussion;
and Section 5 concludes the paper.

2. RELATED WORK

Previous research efforts have explored various machine
learning techniques for heart disease prediction, aiming to
improve accuracy and clinical applicability. Decision-tree
algorithms, in particular, have been widely studied and com-
pared with other predictive models in the context of cardio-
vascular risk assessment. Anooj [5] developed a system to
predict heart disease using a fuzzy weighted approach. It
consists of two phases: formulation of weighted fuzzy rules
and development of a system based on those fuzzy rules.
The performance of the proposed system was compared with
a neural-network-based system, and improved performance
was observed.

Heart disease prediction using regression models was pro-
posed by Zhang et al. [6]. Their study predicts the probability
of disease occurrence based on risk factors such as age, sex,
and chest pain. The system uses preprocessing and feature
selection on a UCI machine learning repository dataset con-
taining 303 samples. The accuracy achieved by this system
was 84.98%. The problem associated with this approach is
that regression is sensitive to extreme values, which can lead
to under-fitting and low accuracy.

Prediction of heart disease using a multilayer perceptron
network was proposed by Sonawane and Patil [7]. The system
consists of two steps. In the first step, 13 clinical attributes
are given as input, and then the network is trained using a
back-propagation algorithm. The performance of the system
was evaluated on the Cleveland heart disease database from
the UCI repository. This database contains 303 records; 70%
of the data was used for training and the remaining 30% was
used for testing. The accuracy achieved using this technique
was 93.39%.

Heart disease prediction using modified K-means and ID3 al-
gorithms on big data was proposed by Mane [8]. The system
used a modified K-means algorithm for clustering and the
ID3 algorithm for building the decision tree. The modified
K-means algorithm classifies the dataset into applicable clus-
ters without taking the number of clusters as input. In this
system, the database is first loaded and the two algorithms
are applied. The output of these algorithms is the predicted
heart disease. The achieved accuracy varied with record
size: 95.7% for 3000 records, 98.18% for 5000 records, and
94.91% for 10000 records.

Mohan et al. [9] developed a heart disease prediction sys-
tem that employed hybrid machine learning approaches and
provided a substitute approach for feature selection to make

training and testing effective. This system combines ran-
dom forest with a linear method. The process starts with
data preprocessing, followed by feature selection based on
decision-tree entropy, and then classification and modelling
performance evaluation. The accuracy achieved with this
approach was 88%.

Fitriyani et al. [12] proposed a heart disease prediction
method to provide an efficient mechanism for prediction in
the presence or absence of disease, given various parame-
ters. The datasets used were Statlog and Cleveland. Pre-
processing, including data transformation and feature selec-
tion, was performed. Data balancing was performed using
the SMOTE-ENN technique to balance the training dataset.
XGBoost-based machine learning was then used to learn from
the training dataset and generate the heart disease prediction
model. The accuracy achieved using this approach was 95%
for Statlog and 98% for Cleveland.

Diagnosis of heart disease through an ensemble of neural net-
works was proposed by Das et al. [10]. The proposed method
created a new model by combining probabilities from multi-
ple predecessor models. Partitioning of data was performed
to split the input data into training and validation datasets.
An ensemble approach was used to create new models by
combining predicted values from preceding models. The ac-
curacy of the model was 89%. Although many researchers
have proposed different ways to predict heart disease, there
is still a need for a heart disease prediction system that can
improve accuracy.

3. PROPOSED ALGORITHM

The proposed method in this paper uses the SAFARI algo-
rithm [1] to predict heart disease. SAFARI constructs a deci-
sion tree for the dataset and extracts rules from it in two steps:
discretization of attributes and formation of the decision tree.

3.1 Discretization of Attributes

The continuous values of an attribute are first converted into
discrete values. Each discrete value of an attribute is called
a symbol. Each symbol of an attribute contains a range of
values associated with it.

Discretizing an attribute involves the following steps. First, at-
tribute values are arranged in ascending order, and the thresh-
old value is found as

threshold =
1

M−1

M

∑
i=2

(vali −vali−1) , (1)

where M is the number of attribute values and vali is the ith
attribute value.

Second, the disorder value is found using the initial threshold
value as

Disorderm = 1−quantizationm, (2)

where
quantizationm =

1
∑(MLPi j ×SIGi j)

. (3)

The maximum local probability is given as

MLPi j = max
(

n(i j)k

ni j

)
, k = 1,2, . . . , p, (4)
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where ni j is the number of examples containing symbol si j,
and n(i j)k is the number of examples containing symbol si j
belonging to class k. The significance of a symbol is given as

SIGi j = max
(

n(i j)k

Nk

)
, (5)

where Nk is the number of examples belonging to class k.

The disorder computation is repeated with values close to
the initial threshold value, and the value that minimises the
disorder measure is selected as the threshold. Quantization
levels are then obtained as follows: arrange attribute values
in increasing order; assign the next higher quantization level
to an attribute value if the difference between it and the one
immediately below it exceeds the threshold; merge two con-
secutive quantization levels if they cover examples of the
same class; and repeat the merge step until no more merging
is possible. After the final merge operation, each range of an
attribute corresponds to a symbol of that attribute, denoted by
si j.

3.2 Formation of Decision Tree

SAFARI uses a decision-tree-based approach for obtaining
rules, but unlike other tree-based algorithms, it allows more
than one attribute at a node. The algorithm is applicable
to examples involving attributes with both continuous and
discrete values. It produces a separate decision tree for each
class.

Decision tree formation in SAFARI involves the following
steps:

1. Let E be the set of all examples in the dataset.

2. Calculate α1 and α2. If the number of examples is 1 to
10, then α1 = 10 and α2 = 10α1. If the number is 11 to
100, then α1 = 100 and α2 = 100α1. If the number is
101 to 1000, then α1 = 1000 and α2 = 1000α1.

3. For each symbol, calculate Ng(i j)P and Ng(i j), where
Ng(i j)P is the number of examples in E that contain sym-
bol si j and belong to class P, and Ng(i j) is the number of
examples in E that contain symbol si j.

4. At the root node, set E1 = E.

5. Let N1 be the number of examples in E1.

6. For each symbol, calculate N(i j)P and N(i j) using E1,
where N(i j)P is the number of examples in E1 that contain
symbol si j and belong to class P, and N(i j) is the number
of examples in E1 that contain symbol si j.

7. For each symbol, calculate

Fi j =

(
N(i j)P

N(i j)

)
+

(
N(i j)

N1
α1

)
+

(
Ng(i j)P

Ng(i j)
α2

)
. (6)

8. Select the best symbols that cover all examples of E1
belonging to the class under consideration. The best
symbol is the one for which Fi j is maximum.

9. Remove subset symbols, if any.

10. Branch out on each selected symbol.

11. Associate with each branch a set E1 = E1 −branchk. If
E1 covers examples of more than one class, then go to
Step 5; otherwise, terminate the current branch with a
leaf node.

Select ‘E’
samples from dataset

Find α1,
α2

calculate
Ng(i j), Ng(i j)P

start initially
with E1 = E

calculate N1,
Ni jP from E1

Find Fi j
Select best

Symbol
Remove subset

symbolsFind E1

Does E1 belong
to unique

class?
Extract Rule

Yes

No

Figure 1. SAFARI workflow.

4. RESULTS AND DISCUSSION

4.1 Dataset Used

The dataset is taken from the UCI repository and consists of
303 samples with 14 attributes. Each attribute is a parameter
based on which disease in a patient is diagnosed. This dataset
is a collection of records of various patients including age,
sex, chest pain, blood pressure, cholesterol, blood sugar, and
other clinical features. The dataset is processed using Python
libraries such as NumPy and Pandas.

Table 1. Dataset attributes

Attribute Meaning

Age Specifies age of patient; continuous
Sex Gender of patient
CP Chest pain type
trestbps Resting blood pressure results; continuous
Chol Cholesterol level
fbs Fasting blood sugar
restecg Electrocardiograph result
thalach Maximum heart rate achieved
exang Angina due to exercise
oldpeak ST depression
slope ST segment slope
ca Number of vessels
thal 1 is normal, 2 is fixed defect, 3 is reversible defect

The attributes of the dataset are first converted to discrete
form. Different ranges of an attribute in the dataset corre-
spond to different symbols of that attribute. This resulted in a
symbol table, which was given as input to the algorithm. The
algorithm then extracted rules from it.

4.2 Comparison with Other Methods

Using the SAFARI algorithm for heart disease prediction
allows comparison with other methods. Prediction of heart
disease using a random forest approach was proposed by
Pal and Parija [13]; the output was expressed in terms of
accuracy, sensitivity, and specificity. The KNN approach uses
KNeighborsClassifier on the dataset for the classification
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task. In this approach, the dataset is first split into training and
test sets, and then the value for k is specified. After applying
the classifier on the dataset, the model is trained and used to
predict the class of the test data.

One method proposed by Mane [8] for prediction of heart
disease used two algorithms: improved K-means for cluster-
ing and ID3 for classification. In the heart disease prediction
system, the database is first loaded, and then K-means and
ID3 algorithms are applied for clustering and classification.
Input to the algorithm consists of parameters of the dataset.

Table 2. Performance of various decision trees

Algorithm Accuracy

C4.5 [14] 76%
Random Forest [13] 86.9%
CART [15] 87%
ID3 [8] 94%
SAFARI 100%

Table 2 shows the performance of various decision-tree algo-
rithms used for heart disease prediction. The C4.5 algorithm
gives an accuracy of 76%, random forest gives 86.9%, clas-
sification and regression tree (CART) gives 87%, and ID3
predicts the disease with an accuracy of 94%. It is clear from
these observations that SAFARI produces the most satisfac-
tory result, with a classification accuracy of 100%.

5. CONCLUSION

A new approach for classifying the heart dataset is proposed
in this paper, using the SAFARI algorithm. The algorithm
extracts rules from the dataset using the steps discussed in Sec-
tion 3. The algorithm is applicable to both continuous- and
discrete-valued attributes. In the case of continuous-valued
attributes, the algorithm performs quantization of attribute
values, which gives the corresponding discrete ranges. The
algorithm also reduces the number of rules for classification.
An accuracy of 100% was obtained for the heart disease
dataset, and none of the previously used algorithms in the
comparison reached that accuracy.
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