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Abstract

Cardiovascular diseases (CVDs) were the most well-known reason for death globally
and the disease progresses are a sudden heart attack and stroke. Decrease the number
of heart specialists and experts led to an increase the injury cases. Recently, many
machine learning techniques are used to diagnose CVDs. However, most of those
studies were not taken into consideration the data pre-processing before the diagnostic
process, causing a variation in the accuracy results and the decision-making time. The
proposed approach consists of two stages. First, data pre-processing (data cleaning,
discretization and selection) are applied to the CVDs dataset taken from the UCI
machine learning repository. In this stage, we modified the Correlation Feature
Selection (CFS) with Best First Search (BFS) based on the Discriminant Index (DI) in
order to enhance both time complexity and accuracy. Second, Averaged One-
dependence Estimators (AODE) classifier is applied to predict CVDs and support non-
expert doctors. The experimental results reveal that the proposed methods can
implement with less time prediction of disease and more accuracy i order to support
non-expert doctors in decision making without requiring the direct consultation with

the specialists.
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1- Introduction
The World Health Organization (WHO) assessed 17 million people die of

Cardiovascular diseases (CVDs), representing 31% of all global deaths. Of these
deaths, an expected 7.4 million were because of CVDs and 6.7 million were because of
stroke [1]. Most developing countries settings lacking the sufficient number of heart
disease specialists causing the high mortality rate. Therefore, many researchers are
encouraged by the machine learning tools and techniques to support non-expert doctors

in decision making without requiring the direct consultation with the heart specialist*],

Moreover, many researchers have focused on using machine learning algorithm in
heart diagnosis with different accuracy, such as decision tree, rough set, support vector

machine, etc. [3-5]

The proposed approach consists of two stages. First, Data cleaning is applied to
remove noise data and full in missing value i the data. Then, the combination of CFS
with BFS are modified and explored to robust heart disease dataset taken from UCI
machine learning repository [6], with the objective of effectively identifying the
several attributes, which best predict a selected target attribute. Second, AODE

classifier 1s applied to significantly predict CVDs mortality.
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2- Related Works

Many researches have applied different data mining technigues to diagnosis of heart

disease over different dataset, these technigues are listed as following:

V. Decision tree:U'l has explored the applying a range of techniques to different
types of J8.4 decision trees looking for better performance in heart disease
diagnosis.®! Has proposed a medical decision support system for coronary
illness hazard classification utilizing C4.5 decision tree also datasets have
classified and examined into 4 classes utilizing decision tree classifier.

Y. Rough set and Neural Network: the modified rough set is used to classify of
three heart valve data sets. Four types of classification approaches were
compared to evaluate the discriminatory power of the classification such as
(Decision table, MultiLayer Perceptron (MLP), Back Propagation Network
(BPN) and Navie Bayes)®/,

Y. Fuzzy set: A rough-fuzzy classifiers have been introduced by consolidating
rough set with the fuzzy set. This classifier process is divided into two stages:
First, generating classification rules using rough set theory. Second, predicating
utilizing fuzzy classifier system [10]. In pre-process, rough set theory has been
used to extract suitable rules, whereas the formal concept analysis in post-
process has been used from these suitable rules to investigate critical elements
influencing the decision making and better knowledgel®l. Fuzzy decision support
system has used for the diagnosis of CVDs based on evidence. The knowledge
base of decision support system is taken by utilizing rules extraction from rough
set theoryll.

£. Support Vector Machine (SVM): an intelligent system based SVM along with a
radial basis function network is presented for heart diagnosis. Expert system
based on heart disease data sets is used to predicate what type of heart disease is

possible to appear for a patient, whether it is heart attack or not!?].

3- The Proposed Materials and Methods
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In this section, the proposed approaches for CVDs prediction of heart patients starting
with set of training example called heart disease data sets then applying data mining
techniques on these data sets: data preprocessing, Features Selection Algorithm

(CFS based on BFS) and machine learning algorithm.

3-1 Cardiovascular Diseases Dataset!®

Cardiovascular data sets from UCI are utilized as a part of this paper. The UCI
Cardiovascular data sets of 303 patients are collected from Switzerland, Hungarian
mstitute of cardiology, Switzerland, university hospital, V.A. Medical Center, Zurich,
Basel, Long Beach and Cleveland Clinic Foundation. The 14 information of an
attributes for these data sets are associated with physical examination, diagnostic

laboratory, and stress tests as shown in Table 1.

Table 1: Complete Cardiovascular Diseases Dataset Description

Id | Attributes Attribute Description

1 |age The patient age in years.

2 | Sexe Patient sex where 1 for male and 0 for female.

3 |cp Patient chest pain type.

4 | trestbps Patient resting blood pressure in mm Hg on admission
to the hospital.

5 | chol Patient serum cholesterol in mg/dl

6 |fbs Patient fasting blood where sugar > 120 mg/dl and 1 =

true; 0 =false

7 |restecg Value 0:normal

Value 1:having ST-T wave abnormality (T wave

mmversions and/or ST elevation or depression of
>0.05mV).

Value 2:showing probable or definite left ventricular
hypertrophy by Estes' criteria.

8 | thalach Patient maximum heart rate achieved.
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9 |exang Patient exercise induced angina where 1 for yes and 0
for no.

10 | oldpeak Patient ST depression induced by exercise relative to
rest.

11 | slope The slope of the peak exercise ST segment.

Value 1:up sloping.

12| ca Number of major vessels (0-3) colored by fluoroscopy.

13 | thal 3 for normal, 6 for fixed defect and 7 for reversible
defect.

14 | num Diagnosis of heart disease.

Value 0:<50% diameter narrowing.

Value 1:>50% diameter narrowing.

3-2 Proposed Data mining Model

In this section, the intelligent data mining model is proposed as shown in following
diagram Figure 1. This model consists of two tasks: preprocessed data and machine
learning tasks. The preprocessed data consists of three sub tasks: data cleaning and
replacing missing values, discretization, and the features selection. The features

selection task 1s proposed using CFS, rough set and Best first search.
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Figure 1. Proposed data mining model
3-2-1 Preprocessed CVDs

\. Data Cleaning and Unsupervised Discretization

Before the AODE process and to mmproved accuracy of data analysis and
classification, two data preprossing have been applied. Firstly, the data cleaning
task is applied for handling missing values on CVDs data using attribute mean to
fill missing or unknown values.

Secondly, it 1s necessary to re-encode each continuous attribute using
unsupervised discretization to discrete age, trestbps, thalach and oldpeak
attributes constituted by a set of intervals using equal width interval binning.

1- The Age attribute can be transformed in 3 discrete values representing three

intervals:

(<=45, <45 <=61, > 61) .

2- The Trestbps attribute can be transformed in 4 discrete values representing three
intervals:

(<=120.5,<120.5<=147,<147<=173.5>173.5).

3 The Chel attribute can be transformed in 3 discrete values representing three
intervals:

(Desirable: <=200, Borderline high: <200 <= 239, High: >239)

4- The Thalach attribute can be transformed in 5 discrete values representing three
intervals:

(1: <= 97.2, 2: <97.2<= 123.43: <1234<= 1496, 4: <149.6<= 175.§ ,5: =
175.8) .

5- The Oldpeak attribute can be transformed in 4 discrete values representing three
intervals:

(=153 <135 <=3 1,53 5=4.65> 4165

3-2-2 Correlation Based Feature Selector CFS [11]
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This section displays and selects relevant attributes using a CFS. It is a one of selector
algorithms that sorts attribute subset considers a correlation degree using evaluation
function. The influence of the evaluation or heuristic function is subsets that contain
attributes that are exceptionally associated with the class and unassociated with one
another. This algorithm reduces unrelated attributes from the information table because
they will have low merit with the class. Whereas, it screens out redundant attributes as
they will be high merit with one or more of the remaining attributes. CFS’s feature

subset merit Equation 1 1s represented here:

T
M (1)

k+k(k—1)ﬁ

Where M; is the merit of an attribute subsets § with £ attributes, 7., is the correlation

degrees between the attributes and the class, and r ; 1s the inter correlation degree

between attributes using Discrimination Index (DI).

Because of all CVDs attributes are nominal values DI is applied to find the correlations
between the attributes and the class where DI indicates the ratio of the number of

positive instances to the number of all instances covered by the rule using Rough Set

Methods in (Equation 2).

The set all boundary region
DI=1-— 220 (2)

The setof all training examples

3-2-3 BFS Method!"*!

BFS 1s one of the artificial intelligent search methods that work with backtracking
through the search path. It uses the search space to move by making local search to the
current attribute subset. If the path being investigated starts to look less encouraging,
the BFS can backtrack to an additionally encouraging past subset and proceed the
search from there. Sufficiently time, a BFS will investigate whole search space, so it is
normal to utilize a stopping condition as shown in the following algorithm:

Algorithm 1: BFS Algorithm

1. CLOSED Iist 1s empty and Add start state to OPEN list and
BEST VAL=start state.
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2. Let state=argmax e(x) by getting the highest merit state from OPEN list.

3. Delete state from OPEN list and add state to CLOSED list.

4. If e(state)>=e(BEST VAL), then BEST VAL = state.

5. For every child of state that 1s belong to OPEN list or CLOSED list, evaluate child
and add it to OPEN list.

6. If BEST VAL is changed, goto 2.

7. Return BEST VAL.

3-2-4 Averaged One-Dependence Estimators (AODE)!3!

The most popular problem in naive Bayes classifier is attribute-independence problem.
Therefore, AODE is a probabilistic classification learning procedure. It was made to
address this issue. It regularly modifies considerably more precise classifiers than
naive Bayes at the expense of an unobtrusive increment in the measure of calculations.
The likelihood of every class v a predefined arrangement of attributes x;, ... x,,

P(y | x1, ... xn) 18 evaluated by utilizing AODE as shown in Equation 3:

y,xi)

= Dirlsis y=mP( ')Hl P(x;
P(y|x1, xn) _ id=isnAFx ) am O YA -y ( J 5’ x)
) g

Yyer Lidsizanfixpzm P (Vx) Hf=1p(xj

(3)

Where P(.) means an assessment of P(), F() is the frequency with which the
argument shows in the example and m 1s a user determined minimum frequency with
which a term must show to be utilized as a part of the external summation. In recent

practice m is generally situated at 1.

3-3 Experimental Results and Evaluation

The experimental results and evaluation in discovering main factors for heart attack are
presented in here. The CSVs data set is mined here by eliminating identical records and
replacing missing values using mean values method. After that, CFS is applied to
select relevant CSVs attributes. Table 2 shows the feature correlation matrix for the

CSVs data set using rough set method in order to calculate the correlation scors.

Table 2. Feature correlations calculated from Rough set
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Age Sex op Tresthps Chel Fbs Restecg Thaluh Exang Oldpesk: Shape Ca Thal N,
Age 1000 | 0015 |0D12 (0038 |002 |0Ol9 (0013 |0066 |0DDS |0O019 |0O014 |0076 [0015 |0.064
o5 1000 |00I3 |0D06 |0O11 |0002 |0008 |o0005 |DO17 | 0014 |oo01 |00t |0108 |0028
p 1000 (0019 |OO!l |0O0OS |OOI8 |D068 |0128 |DO61 |0044 | 0053 |0068 |0.15
Trestips 1000 |0OD018 |0026 |0019 |0008 |ODIS |0D021 |0OO06 | 0016 |0OLL |0011
hl 1000 0001 [0023 |o015 |oOO7 |0011 |0O03 |0012 [0004 |001
o 1000 | 0008|0004 |DOO1 | 0003 |0007 |0014 [0008 |0.001
Restecg 1000 |0039 |0DODD7 | 0022 |0O024 |0DL15 0005 [0.023
T 1000 [0077 | 0063 01 | 0038 [0040 [0.088
Exmg 1000 | 005 0056 |0024 |0072 | 0149
Olip ek 1000 |0.157 |0053 |0067 |0.106
Siepe 1000 | 0019 0069 | 0.102
Ca 1.000 | 0.038 | 0.146
Tl 1000 | 0.189
Y 1.000

Thus, forward BFS for features selection through the feature subset space along with
the merit of each subset is applied using Equation 1. As mentioned above the
calculation of selection high quality features depends on higher correlation between
specific attribute and class, and lower inner correlation between attributes. The higher
correlation degrees of an attributes thal, ca, slop, oldpeak, exang and cp with mm as a
class are 0.189, 0.146, 0.102, 0.106, 0.149 and 0.15 respectively. The BFS begins with
the empty set of attributes, which has zero merit. When K=1 means Each single
attribute addition to the empty set is evaluated; thal is added to the subset because it
has the highest score. The next step when K=2 mnvolves trying each of the remaining
features with thal and choosing the best (ca). Because the score of attribute ca with
num class 1s 0.146 (high score) and 0.038 (low score) with the thal attribute. As a
results the relevant features selection are thal, ca, slope, oldpeak, exang and cp are

shown in Table 3. Thuse, the merit of best subset found is 0.299.

Table 3: The Cardiovascular Diseases Dataset after Preprocessing

No. | cp exang | oldpeak | slope | ca | thal num
1 (1.55-

typ _angina |no 3:1] down | 0 [fixed defect <50
2 (-inf-

asympt yes 1.55] flat |3 |normal >50 1
3 (1.55-

asympt yes 3.1] flat |2 |reversable defect |>50 1
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303 (-int-

non anginal | no 1.55] up 0 | normal <50

The AODE classifier is applied using equation 5.2 where Prior probability = 0.54 and
0.45 for Class <50 and Class >50 1 respectively. Correctly classified instances are 259
with 85.4785 % and incorrectly a classified instance is 44 with 14.5215 %. The

evaluation of the proposed method is shown in tables 4 and 5.

Table 4: Tools test

Tool test Results
Kappa statistic. 0.7051
Mean absolute error. 0.0908
Root means squared error. 0.2168
Relative absolute error. 45.2382
%
Root relative squared error. 68.8213
%
Total Number of Instances 303
Table 5: Related Classifier Methods
Classifier Correctly Classified | Execution
Instances Time
Proposed AODE 85.4785 % 0.00001 s
AODE without | 84.4785 % 0.01 s
preprocessing
Naive Bayes 84.8185 % 0.01 s
J.48 85.3334 % 0.08 s
Net Bayes 84.4884 % 0.02s
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4- Conclusion

Many attempts have been made in this research to diagnose CVDs on UCI
Cardiovascular data sets. The CFS model has been modified using ID and BFS as well
as AODE has been used to develop a predictive model for diagnose and risk
classification. The experimental results have been evaluated using many tests. By using
Cohen's kappa measure and many absolute error tests as shown in Table 5 the correctly
classified instances 1s 85.4785 % and classification execution time near to zero time
(0.00001 s) that i1s the proposed methods can implement with less time prediction of
disease and more accuracy in order to support non-expert doctors in decision making

without requiring the direct consultation with the specialists.
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