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A B S T R A C T

Cardiovascular disease (CVD) refers to a state that indicates narrowed or blocked blood vessels, and it can lead to
cardiac arrest, chest pain (angina) or stroke. CVD is a leading cause of silent massive heart attacks and is a major
threat to life. The mere prediction of the presence or absence of CVD alone is inefficient in current scenarios.
Rather, a major need has arisen for the prediction of CVD, the acquisition of knowledge about CVD and the
assessment of the likelihood that an individual will experience cardiac arrest. The objective of establishing an
individual CVD risk assessment has been attained in this paper using a hybrid model. The CVD of an individual is
due to various controllable and uncontrollable factors. The computation and analysis of all these factors are
difficult and time consuming. Only a few attributes are identified to be the most critical. This optimization of the
critical features is performed using a modified Differential Evolution (DE) algorithm. The identified critical
factors are sufficient to predict the presence/absence of CVD. In this paper, these identified critical features of
individuals are considered using Cox regression analysis that evaluates the prevalence rates of the critical at-
tributes. These individual prevalence rates together predict the cumulative prevalence ratios of the respective
individuals. This cumulative prevalence ratio of an individual, along with the class attribute, is processed using
the 2-means clustering technique to determine the risk of a particular individual developing CVD. The evaluation
of the risk assessment model is carried out in this paper by calculating the prediction accuracy of the Cox
regression analysis and the Davies–Bouldin (DB) index for 2-means clustering. The Cox regression analysis re-
sults in a 91% CVD prediction accuracy using the critical attributes and is comparatively higher than that of
other models. The DB index of 2-means clustering with specific initial means for clusters of individuals with CVD
is 0.282 and that for clusters of individuals without CVD is 0.2836, which are comparatively lower than those of
the traditional k-means clustering algorithm.

1. Introduction

CVD is the leading cause of death worldwide according to the World
Health Organization (WHO) [3]. It has been estimated that every year,
17.9 million deaths are due to CVD, which is 32% of the total deaths,
and this number is projected to increase to 24 million by 2030
[7,8,12,21]. The number of deaths due to CVD in developing and un-
derdeveloped countries is very high [10].

The exponential growth of medical data, compared to other do-
mains, has resulted in the highly challenging task of handling and
processing the data. The adoption of advanced technology in the
medical field has been highly beneficial in several ways. In the present
Information Technology era, the healthcare systems in developing and
underdeveloped countries have developed models based on extensive

treatments administered to only limited populations. Nearly three-
fourths of the CVD deaths occur in these countries. These people have
less access to effective healthcare systems that respond to their needs
[41,42,59].

Most CVD events can be prevented by identifying the behavioural
risk factors. Therefore, the prevention of CVD through disease aware-
ness and the risk assessment of CVD events are vitally important.
Prevention is based on individuals’ lifestyles, such as physical activity,
not smoking, healthy eating habits, etc. Risk assessment tools, such as
the Framingham risk score [32,33,39,43], QRISK [33], European study
[30], etc., have been used to prevent long term CVD. To further analyse
the existence of CVD, the risk assessment of individuals based on their
associated attributes is carried out. Risk assessment helps to assess the
treatment decisions that reduce the incidence of CVD or increased the
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rate of survival.
Treatment is then instituted based on the level of risk, which is

determined by the estimated risk of any such event. In the conventional
method, screening and treatment are primarily focused on single risk
factors [9]. In recent times, the focus has moved towards considering
moderate levels of numerous risk factors that can estimate the total
CVD risk for an individual rather than the prominence of one risk factor
[11].

Few risk factors that are identified as contributing to the disease are
uncontrollable and modifiable factors. In adults, the risk of developing
CVD is higher. The adoption of a healthy lifestyle can greatly help to
postpone the onset or progression of disease. In addition, a healthy
lifestyle will greatly reduce the risk of experiencing diseases [44].

This paper aims to identify the CVD risk levels of individuals based
on the optimization of nine critical attributes. These critical attributes
are optimized using the modified DE algorithm [5] from our previous
work, and they are used as covariates for the Cox regression algorithm.
The output of this process is used in the Fuzzy Analytical Hierarchy
process (AHP) to determine the CVD risk, and the Artificial Neural
Network (ANN) from our earlier work has been used in this research to
evaluate the performance of the Cox regression. The individuals are
further clustered in to four groups based on their estimated CVD risk.

2. Background study

The purpose of this work is to develop a risk assessment model for
CVD. Some of the techniques that significantly contribute in achieving
this goal are discussed below.

2.1. Modified DE, fuzzy AHP and ANN

The DE algorithm is a kind of evolutionary computing algorithm for
optimization problems. Rainer Stron and Kenneth Price [1,2,4] de-
signed 10 strategies for traditional DE, which are known for their own
simplified structure, efficiency, speed and robustness. Out of these ten
strategies, the seventh strategy has been proved to be the best [8].

This strategy has been modified by choosing four vectors from the
current generation population vector to perform the 2-weighted dif-
ference and form a mutant vector. This process will be followed by a
crossover function of the target vector and mutant vector to generate
the trial vector. The trial vector will be compared with the objective
function to process the next generation. This process will be repeated
until the current generation is the same as the next generation. The
output of this kind of modified DE algorithm provides the critical at-
tributes that are responsible for causing CVD. Feature selection is the
most widely used technique to form the subset of relevant features. This
kind of modified DE has been adapted for optimal feature selection [5].

Multi-criterion decision making using the fuzzy AHP is one of the
most powerful techniques that has been used in different fields, such as
healthcare, business, industry, education, government, etc. The fuzzy
AHP uses structured approaches for complex decisions using fuzzy set
theory and the AHP. The pair-wise comparison matrix is formed for the
multi-criterion decision making using derived weights. Further, the
decision weights are processed for the decision alternatives to achieve
the goal [48,61].

The ANN is a computing system that is inspired by a biological
nervous system that is composed of neurons. The network connections
are processed and interconnected as weights. The modelled network is
trained using learning algorithms to classify the unknown labels that
are the inputs of the network. ANNs are most often used for classifi-
cation problems [48,60].

2.2. Risk analysis using Cox regression model

Cox regression is also known as the Cox proportional hazard model,
which was first introduced in the 1970s by Cox, and it is still receiving

great attention in survival analysis research [22,23,29]. Cox regression
is one of the most popular and widely used statistical methods in
medical research to predict the risk factors for various diseases [24–26].
The basic purpose of the Cox regression model is to assess the effects of
various factors on survival. This model, which begins with multivariate
analysis, allows for observing how the effects of several variables in-
fluence the occurrence of a particular event at a particular instant (for
example, death, infection, etc.). This is commonly referred to as the
hazard rate (i.e., the risk probability of an event) [27,28] in long-
itudinal studies and is referred as the prevalence rate in cross sectional
studies [62].

2.3. K-means clustering

The process of grouping data into more similar objects is known as
clustering. Different clustering methods that have been used in practice
include partitioning clustering, pattern based clustering, density based
clustering and constraint based clustering. Among the available clus-
tering methods, the most widely used is k-means clustering [19]. This
method is a kind of partitioning-based unsupervised learning algorithm
that is used for data objects that are not assigned to a specific group or
cluster. K-means clustering works faster when the value of k is smaller,
and it produces tighter clusters compared to other clustering techni-
ques. The objective of this algorithm is to find k number of clusters
based on the input variable k. It is the most widely used concept in
broad application areas, such as data mining, statistics, biology,
knowledge discovery, machine learning, data compression, vector
quantization, pattern recognition, Image processing, computer gra-
phics, etc. [6,17].

The algorithm works by choosing k initial objects, which form the
means of the initial clusters. Furthermore, the remaining data objects
are assigned to most similar clusters based on the Euclidian distance.
The new mean will be computed for each cluster, and the process
continues until there is no change in the cluster means [18].

3. Related work

Risk assessment in healthcare has been practised for several dec-
ades. Risk identification and assessment in the current healthcare sector
is one of the most pertinent approaches to perform a complete analysis
of the causes of adverse incidents [13,14,31].

Risk assessment for CVD is indispensable for its prevention, and it
also helps the experts to implement appropriate treatments. Risk as-
sessment tools, such as the Framingham Risk Score (FRS) [33,39],
QRISK score [34], Systematic COronary Risk Evaluation (SCORE) [47],
WHO/ISH Risk prediction charts [35], ACC/AHA [37,38], JBS3 risk
calculator [36], JBS3 [36], etc., are primarily used for risk assessments.
The individual's lifestyle, physical activity, tobacco use, Body Mass
Index (BMI), etc. greatly influence the primary stage of prevention. The
individuals who are already diagnosed, diagnosed in later stages or at
the verge of developing CVD are greatly limited in the primary stage of
prevention [40,46]. This paper mainly focuses on the risk assessment of
individuals who are diagnosed with CVD in the secondary stage of
prevention. This secondary stage of prevention mainly focuses on the
risk assessment of a particular disease, which enables an individual to
assess the risk of developing the disease in the near future. In the
previous literature, several risk assessment models have been developed
to predict the mortality rates of different heart diseases [32].

In the last two decades, several data mining techniques and machine
learning algorithms have been used for the risk assessment and pre-
diction of CVD. Algorithms, such as support vector machines, decision
trees, the k-nearest neighbours, the Bayesian classifier, the Bayesian
decision tree, the ANN, fuzzy logic, etc., have been proposed for CVD
risk prediction [48]. The most common method in these studies is that a
binary output class was adopted to predict the presence or absence of
heart failure. In previous works, several attempts have been made to
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progress and develop complex risk assessment methods to improve CVD
risk assessment and prediction [5,15,20,30]. The assessment of CVD
risk is the key for the prevention of CVD in the primary and secondary
stages. Furthermore, to identify and greatly enhance the implementa-
tion of effective treatments, the existing literature has generated addi-
tional interest in developing CVD risk assessment and prediction algo-
rithms.

Cox regression [22,23,29], although invented in the 1970s, is still
receiving significant interest in many domains and is extensively used
for survival analysis [45]. Long term risk prediction models for CVD
were developed using the Cox proportional hazard regression [27,44].
Traditional risk factors, including age, sex, CVD subtype, hypertension,
diabetes, total cholesterol, body mass index, current smoking status,
current drinking status and physical activity, were used for the analysis.
A multi-level risk assessment [15] technique has been proposed to
predict heart failure at five risk levels, including no risk, low risk,
moderate risk, high risk and extremely high risk. The C4.5 decision tree
classifier was used to predict heart failure. The traditional methods for
diagnosing CVD risks have analysed the patients’ medical histories and
have utilized all the attributes [16].

The proposed approach focuses on risk assessment by considering
the hazard rate for each and every value of a particular attribute using
Cox regression analysis. Thus, the nine critical attribute values of an
individual are replaced by the corresponding hazard rates using the Cox
regression. The sum of these values results in the cumulative hazard
function of the individual, which forms the basis of risk assessment.
Therefore, the total CVD risk of individuals should be considered as the
prime measure for the risk assessment.

4. Materials and methods

4.1. Prediction of cumulative prevalence ratio

CVD is associated with various factors, and the critical attributes
have been optimized using a modified DE algorithm. The output from
our previous work [5] has been used in this work. The effect of each
critical attribute upon the occurrence of CVD has been investigated
using a Cox regression, which is also known as the Cox proportional
hazard regression. In this work, the Cox proportional hazard regression
is used to assess several risk factors and their impacts on CVD [26,27].

The covariates of the Cox regression algorithm are the optimized
critical attributes, as shown in Fig. 1. If the difference between the
values of a covariate for different individuals changes with time, then
the covariate is time dependent. If the values of a covariate do not
change with time, then the covariate is fixed [13]. Here, the values of
the critical attributes at a fixed time have been given to evaluate the
hazard function, which is the cumulative prevalence ratio in a cross
sectional study [62].

In this paper, the cumulative prevalence ratio represents the prob-
ability that an individual is diagnosed with CVD. The mathematical
representation for the hazard function [49], which is equivalent to the
cumulative prevalence ratio in our work, is given as

= < +P T t T T T t
T

h(t) lim ( ( )| )
T 0 (1)

= +F T T F T
T

h(t) lim ( ) ( )
T 0 (2)

=h t f t
s t

( ) ( )
( ) (3)

=s t F T( ) 1 ( ) (4)

Here, s(t), which is the survivor function, is the probability that CVD is
absent in an individual.

The cumulative prevalence ratio, H (t), is determined by summing

up the prevalence rates of all critical attributes of a particular in-
dividual, and it is given as

=H t h u du( ) ( )
T

0 (5)

Here, time T is fixed and, hence, H (t) = H, which represents the cross
sectional analysis.

4.2. Risk based clustering model

The cumulative prevalence ratio, H, is determined using the Cox
regression algorithm and forms the basis for the further clustering of
individuals. The K-means clustering technique has been used for this
purpose, since it has good efficiency and performance. In the traditional
K-means clustering technique, the initial mean is randomly chosen. Due
to this random selection of the initial mean, the quality and accuracy of
the final clusters might differ. To eliminate this issue, an improvement
has been made in the traditional k-means clustering technique for the
selection of the initial mean.

In this paper, the 2-means clustering technique has been separately
applied to the dataset of individuals with CVD and the dataset of in-
dividuals without CVD. Instead of the random selection of the initial
mean, the actual mean of the data is taken as the initial mean, as given
below:

=
=

M HA
i

n

Ai1
1 (6)

=
=

M HU
i

k

ui1
1 (7)

where

MA1 = Initial mean of CVD affected individuals,
n= No. of CVD affected individuals
HAi = Cumulative prevalence ratio of the individuals with CVD
MU1 = Initial mean of the individuals without CVD, k= No. of in-
dividuals who are without CVD, and
HUi = Cumulative prevalence ratio of the individuals without CVD.

Then, each dataset is divided into two clusters based on the distance
between the cluster elements and the calculated initial means, DAi and
DUi.

=D H MAi Ai A1 (8)

=D H MUi Ui U1 (9)

DAi = Distance between the cumulative prevalence ratio of an in-
dividual with CVD and its initial mean, and
Dui = Distance between the cumulative prevalence ratio of an in-
dividual without CVD and its initial mean.

HAi ε C1 if DAi ≤MA1; otherwise, HAi ε C2
Similarly.
Hui ε C3 if DUi ≤MU1; otherwise, HUi ε C4where

C1= Cluster with high risk patients,
C2 = Cluster with critical risk patients,
C3= Cluster with low risk patients, and
C4 = Cluster with medium risk patients.

The separate means for each cluster are calculated by using the
following expressions.

=
=

M H of C1A
i

n

Ai2
1 (10)
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=
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=
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MA2 and MA3 are the respective means of the cumulative prevalence
ratios of C1 and C2, which are the individuals with CVD. MU2 and MU3

are the respective means of the cumulative prevalence ratios of C3 and
C4, which are the individuals without CVD.

Later, the Euclidean distance is calculated as

=E H M1Ai Ai A2 (14)

where HAi is the cumulative prevalence ratio of C1 individuals.

=E H M2Ai Ai A3 (15)

The cumulative prevalence ratio HAi of the C1 and C2 individuals is
calculated as

HAi ε C1 if E1Ai ≤ E2A1; otherwise, HAi ε C2.
In the same way, the clusters are reshuffled for the individuals

without CVD.

=E H M1Ui Ui U2 (16)

and

=E H M2Ui Ai U3 (17)

Here, HUi is the cumulative prevalence ratio of all individuals in C3 and
C4.

HUi ε C3 if E1Ui ≤ E2Ui; otherwise, HUi ε C4.
Again, the 2-means are calculated for the newly formed clusters and

the iterations continue until the means of the current iteration are equal
to the calculated 2-means of the previous iteration. When the above
condition is satisfied, the 2-means clustering algorithm is halted, and

the following two clusters are formed for the individuals with CVD:

i. Individuals in the high risk category, and
ii. Individuals in the critical risk category.

In a similar way, the individuals without CVD are further grouped
into the following two clusters:

i. Individuals in the low risk category, and
ii. Individuals in the medium risk category.

As shown in Fig. 2, the cumulative prevalence ratios of individuals
with CVD and without CVD are calculated in parallel to form the above
clusters.

5. Datasets and implementation

In this paper, a dataset from a population living near Cleveland,
which is available in the online repository of the University of
California, Irvine (UCI), is used [16]. The dataset contains 303 data
samples of individuals with some missing values. For this study, 300
individuals’ data samples with 13 diagnostic attributes are extracted
and used. The details of the dataset are given in Table 1.

Along with the above set of attributes, the class attribute (diagnosis
of CVD) that is available in the dataset is also taken from the UCI re-
pository. To predict CVD and evaluate the results, the dataset that is
described above has been used.

Initially, the prevalence rate of each value of an attribute is calcu-
lated using the Cox regression algorithm. The prevalence rates corre-
sponding to the values of all critical attributes of an individual are
summed up to arrive at the cumulative prevalence ratio.

The 2-means clustering technique is applied to the cumulative
prevalence ratio of individuals, and it results in four clusters, namely,
low risk individuals, medium risk individuals, high risk individuals and
critical risk individuals.

Fig. 1. Risk Assessment model using Cox regression model.
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Fig. 2. 2-means clustering.

Table 1
CVD dataset description.

S No Features Notation Description Attribute Type

1. Age AGE age in years Young
Medium
Old
Very Old

2. Sex SEX Male/Female Male
Female

3. Chest Pain Type CPT Chest Pain Type induced by deoxygenized blood in the heart Typical Angina
Atypical
Non-Angina
Asymptomatic

4. Resting Blood Pressure (in mm Hg) RBP Blood Pressure taken when a patient is in a relaxed state Low
Medium
High
Very High

5. Serum cholesterol in mg/dl SER Blood cholesterol level Low
Medium
High
Very High

6. Fasting Blood Sugar FBS Blood glucose level diagnosed with empty stomach True
False

7. Resting Electrocardiographic Results ECG ECG results taken at a resting state Normal
ST-T abnormal
Hypertrophy

8. Maximum heart rate achieved MHR Maximum number of heart beats calculated per minute Low
Medium
High

9. Exercise-induced angina EIA Reaction induced in a part of the heart due to the absence of oxygen in the blood while a
patient is exposed to severe physical work

True
False

10. Old peak OPK ECG variation obtained between the tests are taken while a patient is resting and then exposed
to exercise, respectively. ST depression induced by exercise relative to rest

Low
Risk
Terrible

11. Peak Exercise slope PES ST segment slope that appears in a patient's ECG who is exposed to peak exercise Upsloping
Flat
Downsloping

12. Number of major vessels coloured by
fluoroscopy

VCA X-ray used to view the major vessels of the heart Fluoroscopy-0
Fluoroscopy-1
Fluoroscopy −2
Fluoroscopy-3

13. Thallium Scan THA A method used to obtain information about the supply of blood to the heart muscle by
examining the heart of a patient.

Normal
Fixed defect
Reversible defect
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6. Results and discussion

6.1. Prediction of prevalence rate of critical attributes

Cox regression analysis has been carried out using the values of the
selected critical attributes. These critical attributes’ values are analysed
for CVD. The inferred results provide us with a hierarchical ranking of
these critical attributes based upon their key roles in developing CVD.

In the above Table 2, Exp (B) determines the increase in the pre-
valence rate of CVD with respect to the rate of change of an attribute
value, as per column B. Hence, these Exp (B) values determine the
importance of the particular attribute in developing CVD.

Based on the prevalence rates of the critical attributes, the hier-
archical rankings of the critical attributes are given in Table 3, and the
mean prevalence rates of the critical attributes are given in Fig. 3.

6.2. Determination of cumulative prevalence ratio of an individual

Chest pain type has been found to have the highest weight and is the
most critical attribute in determining CVD using Cox regression ana-
lysis. In a similar way, the prevalence rates are determined for all the
critical attributes using Cox regression analysis.

The cumulative hazard function of the Cox regression analysis de-
termines how the hazard rate depends upon the associated attributes,
which is given as

=
=

H h
i

n

i
1 (18)

where hi is the hazard rate of the ith critical attribute of an individual.
In this study, a constant risk period has been assigned, and hence, the
cumulative hazard function is equal to the cumulative prevalence ratio
[62]. This cumulative prevalence ratio is used to predict the CVD risk
ratio of an individual. Based upon these ‘H’ values, the individuals are
categorized into four groups, namely, low risk, medium risk, high risk
and critical risk, depending upon their CVD severity.

6.3. Performance evaluation of Cox regression analysis

A performance evaluation of the Cox regression analysis has been
carried out using multiple linear regressions, estimating the AUC using
the ROC curve, estimating the prediction accuracy using the confusion
matrix and comparing the proposed model with other existing models.

6.3.1. Performance evaluation using multiple linear regressions
The cumulative prevalence ratio of an individual based on the

prevalence rate of the critical attributes and all attributes is used to
assess the presence of CVD. Multiple linear regressions have been cal-
culated to statistically analyse the significance of the Cox regression
model using 9 critical attributes compared with 13 attributes.

It is inferred from Tables 4 and 5 that the multiple linear regression
has a statistically good fit. The multiple linear regression shows that
five independent variables contribute to CVD, and they are statistically
significant at the 1% and 5% levels. The table indicates that the coef-
ficients of respondents’ AGE, SEX, CPT, RBP, CHOL, FBS, ECG, MHR,
EIA, OPK, PES, VCA, and THA are positively associated with CVD.
Further, this result indicates that the contributions of the attributes are
statistically significant.

It is inferred from Tables 6 and 7 that the multiple linear regression
of 9 critical attributes has a statistically good fit. This result shows that
three independent variables contribute to CVD and are statistically
significant at the 1% and 5% levels. The table indicates that the critical
attribute coefficients of respondents’ AGE, CPT, RBP, MHR, EIA, OPK,
PES, VCA, and THA are positively associated with CVD. Further, this
result indicates that the contributions of these 9 critical attributes are
statistically significant and further implies that their influences are
stronger than those of the other attributes.

Table 2
Prevalence rate of each critical attribute.

B SE Wald Df Sig. Exp (B) 95.0% CI for Exp (B)

Lower Upper

AGE 0.032 0.020 2.587 1 0.108 1.032 0.993 1.073
CPT 1.040 0.285 13.355 1 0.000 2.829 1.620 4.940
RBP −0.004 0.010 0.125 1 0.724 0.996 0.977 1.016
MHR −0.021 0.007 8.749 1 0.003 0.980 0.966 0.993
EIA 0.894 0.305 8.584 1 0.003 2.444 1.344 4.445
OPK 0.292 0.107 7.494 1 0.006 1.339 1.086 1.650
PES 0.500 0.209 5.741 1 0.017 1.648 1.095 2.481
VCA 0.479 0.139 11.859 1 0.001 1.614 1.229 2.119
THA 0.410 0.094 18.932 1 0.000 1.507 1.253 1.813

Table 3
Ranking of Critical attributes.

Critical Attributes Mean Prevalence rate Attribute Ranking

CPT 2.829 1
EIA 2.444 2
PES 1.648 3
VCA 1.614 4
THA 1.507 5
OPK 1.339 6
AGE 1.032 7
RBP 0.996 8
MHR 0.980 9

Fig. 3. Mean Prevalence rates of the critical attributes.

Table 4
Multiple linear regression of the Cox regression analysis using 13 attributes.

Model Unstandardized
Coefficients

Standardized
Coefficients

t Sig.

B Std. Error Beta

(Constant) −7.066 2.604 −2.714 0.008
AGE 0.050 0.302 0.015 0.167 0.868
SEX 0.325 0.196 0.128 1.662 0.100
CPT 0.261 0.095 0.226 2.758 0.007
RBP 2.047 1.265 0.126 1.618 0.109
CHOL 9.187 4.080 0.177 2.252 0.027
FBS −0.260 1.620 −0.012 −0.160 0.873
ECG 0.394 0.196 0.141 2.006 0.048
MHR 0.131 0.142 0.076 0.917 0.362
EIA 0.049 0.145 0.028 0.338 0.736
OPK 0.356 0.169 0.191 2.106 0.038
PES 0.030 0.187 0.013 0.161 0.872
VCA 0.161 0.122 0.114 1.319 0.191
THA 0.359 0.083 0.384 4.316 0.000

a Dependent Variable: CVD.
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6.3.2. Estimation of the AUC using the ROC curve for the Cox regression
analysis

In this experiment, we obtained the ROC chart and AUC to further
validate the effectiveness of the Cox regression analysis using the cri-
tical attributes [63].

It is inferred from the above Figs. 4 and 5 and Tables 8 and 9 that
the AUC for the Cox regression using the critical attributes is 0.913,
which is close to the AUC of the Cox regression analysis using all the
attributes of 0.926. Since the AUC values are greater than 0.9, the
model's excellence has been proved.

6.3.3. Evaluation of CVD prediction accuracy
The prediction accuracy of the Cox regression analysis is further

calculated based on the following confusion matrix (see Table 10).
The confusion matrix elements are as follows:

1. TP, True Positive - Patients diagnosed with CVD who truly have
CVD;

2. TN, True Negative - Patients not diagnosed with CVD who truly do
not have CVD;

3. FN, False Negative - Patients not diagnosed with CVD who truly
have CVD; and

4. FP, False Positive - Patients diagnosed with CVD who truly do not
have CVD.

= +Accuracy TP TN
Total No of patients. (19)

FP and FN are incorrect classifications. Hence, the accuracy of the
Cox analysis is determined by the correct CVD predictions, as given
below.

It is inferred from Table 11 that the prediction accuracy of the Cox
regression analysis is 91% when using the 9 critical attributes, and it is

Table 5
Summary table for the Cox regression analysis using 13 attributes.

Model R R Squared Adjusted R Squared Std. Error of the Estimate Change Statistics

R Squared Change F Change df1 df2 Sig. F Change

1 0.784(a) 0.614 0.556 0.332 0.614 10.541 13 86 0.000

a Predictors: (Constant), THA, RBP, ECG, FBS, CHOL, PES, VCA, MHR, SEX, CPT, EIA, AGE, and OPK.
b Dependent Variable: CVD.

Table 6
Multiple linear regression of the Cox regression analysis using 9 critical attri-
butes.

Model Unstandardized
Coefficients

Standardized
Coefficients

t Sig.

B Std. Error Beta

(Constant) −1.489 0.781 −1.908 0.060
AGE 0.206 0.290 0.059 0.709 0.480
CPT 0.312 0.096 0.270 3.253 0.002
RBP 1.585 1.253 0.097 1.265 0.209
MHR 0.091 0.143 0.053 0.633 0.528
EIA 0.151 0.145 0.086 1.041 0.301
OPK 0.296 0.170 0.158 1.746 0.084
PES 0.063 0.190 0.028 0.330 0.742
VCA 0.137 0.126 0.097 1.091 0.278
THA 0.349 0.080 0.373 4.340 0.000

a Dependent Variable: CVD.

Table 7
Summary table for the Cox regression analysis using 9 critical attributes.

Model R R Squared Adjusted R Squared Std. Error of the Estimate Change Statistics

R Squared Change F Change df1 df2 Sig. F Change

1 0.751(a) 0.564 0.521 0.345 0.564 12.942 9 90 0.000

a Predictors: (Constant), THA, RBP, PES, MHR, AGE, CPT, EIA, VCA, and OPK.
b Dependent Variable: CVD.

Fig. 4. ROC curve of the Cox regression analysis using the critical attributes.

Fig. 5. ROC curve of the Cox regression analysis using all attributes.

Table 8
AUC for the Cox regression analysis using the critical attributes.

Area Std. Error (a) Asymptotic Sig. (b) Asymptotic 95% Confidence Interval

Lower Bound Upper Bound

0.913 0.029 0.000 0.856 0.970

a Under the nonparametric assumption.
b Null hypothesis: true area = 0.5.
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88% when using all 13 attributes for the analysis. It is therefore inferred
that the 9 critical attributes are comparatively proved to be the best
inputs for the Cox regression to predict CVD, and they are further uti-
lized to cluster individuals based on their risk levels.

6.3.4. Comparative analysis
To compare the effectiveness of the proposed model with other

existing models, a comparison of the CVD prediction accuracies is
carried out (see Table 12).

6.4. Risk based clustering

The predicted CVD data and the cumulative prevalence ratio of each
individual are the inputs of the 2-means clustering algorithm with a
specific initial mean. The clustered output of the algorithm gives va-
luable information for an individual regarding his classification in the
four clusters based on his risk level.

It is implied from the above Table 13 and Fig. 6 that the number of
iterations is lower for 2-means clustering that uses a specific initial
mean compared with that of the standard k-means clustering with
k = 2.

Table 14 and Fig. 7 infer that the output clusters are almost the
same for the standard k-means clustering with k = 2 and the 2-means
clustering with a specific initial mean for the individuals with CVD.

6.5. Performance analysis of clustering algorithm

The clustering algorithm is evaluated using the Davies–Bouldin (DB)
index [56,58], which is an internal evaluation method that validates the
quality of the clustering.

The DB index is calculated as follows:

Table 9
AUC for the Cox regression analysis using all attributes.

Area Std. Error (a) Asymptotic Sig. (b) Asymptotic 95% Confidence Interval
Lower Bound Upper Bound

0.926 0.026 0.000 0.875 0.976

a Under the nonparametric assumption.
b Null hypothesis: true area = 0.5.

Table 10
Confusion matrix.

Output value 1 0

1 TP FN
0 FP TN

Table 11
Accuracy of the Cox regression analysis using various input-attributes.

Performance evaluation No. of attributes used for the cox analysis

9 Critical attributes 13 Attributes

Accuracy 0.91 0.88

Table 12
Comparison of the prediction accuracy with other existing models.

S·NO Method Accuracy

1. Weighted fuzzy rules (2012) [50] 57.85%
2. Logistic regression (2008) [51] 77%
3. Binary Partial swarm optimization and rough sets based

attribute reduction + Naive Bayes (2013) [52]
79.6%

4. Binary particle swarm optimization and genetic algorithm
+ support vector machine (2010) [53]

81.46%

5. Chaos firefly and Rough set based attribute reduction + ANN
(2015) [54]

81.5%

6. Three phase model + ANN technique (2013) [55] 88.89%
7. ANN ensemble based model (2009) [57] 89.01%
8. Our proposed method 91%

Table 13
Comparison of the number of iterations of K-means using a randomly selected
initial mean with K = 2 and 2-means clustering using the mean of the entire
cluster as the initial mean.

CVD Data No. of Iterations

K-means clustering with
randomly selected initial
mean

2-means clustering with
specific initial mean

CVD affected dataset 4 3
CVD unaffected dataset 6 5

Fig. 6. Comparison of the number of iterations of K-means using a randomly
selected initial mean with K = 2 and 2-means clustering using the mean of the
entire cluster as the initial mean.

Table 14
Classification of individuals based on assessed CVD risk using standard k-means
clustering and 2-means clustering with a specific initial mean.

No. of individuals in each
Clusters

Technique

Standard K-means
clustering

2-means clustering using a
specific initial mean

Low Risk 36 30
Medium Risk 21 27
High Risk 16 17
Critical Risk 27 26

Fig. 7. Classification of individuals based on assessed CVD risk using standard
k-means clustering and 2-means clustering with a specific initial mean.
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where

N = no. of clusters,
i = intracluster distance of the elements in ith cluster,
j = intracluster distance of the elements in jth cluster, and

d C C( )i j, = inter cluster distance.
The lower the value of the DB index is, the better the separation of

the clusters is. Table 15 determines the DB index values of 2-means
clustering with a specific initial mean and a random initial mean.

It is inferred from the above table that the DB index is lower for the
2 means clustering with a specific initial mean compared to that the of
the standard 2 means clustering. Hence, the 2-means clustering tech-
nique with a specific initial mean outperforms the standard clustering
algorithm.

7. Conclusion

The mortality rate due to CVD has rapidly increased worldwide. The
analysis of a large number of factors that tend to cause CVD results in
greater confusion among people due to its lower redundancy. To
overcome this hurdle, a risk assessment hybrid model has been devel-
oped in this work. The output of the modified DE algorithm, which
include 9 optimized critical attributes, and the predicted value of CVD,
which is the output of the fuzzy AHP and ANN hybrid model, are taken
as the inputs in this work. The cumulative prevalence ratio is de-
termined using the Cox regression analysis of the 9 critical attributes.
The Cox regression analysis using the 9 critical attributes results in a
91% CVD prediction accuracy compared with 88% accuracy when
using all 13 attributes. Later, the risk analysis of each individual is
carried out using 2-means clustering. The individuals are clustered into
four groups, namely, low, medium, high and critical risk, based on the
cumulative prevalence ratio using the 2-means clustering technique
with a specific initial mean. This model results in a lower DB index of
0.282 for the clusters of individuals with CVD and 0.2836 for the
clusters of individuals without CVD, whereas the traditional k-means
clustering results in a DB index value of 0.295 for clusters of individuals
with CVD and 0.2912 for the clusters of individuals without CVD. This
result further proves the better clustering of individuals based on their
assessed risk level. Thus, this hybrid risk assessment model allows in-
dividuals to effectively assess their CVD prevalence ratio and estimate
their current risk group based on 9 critical attributes, which can further
help them to assess their treatment options accordingly.
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