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Abstract
Early detection of coronary heart disease (CHD) can help de-
crease these rates because it is one of the leading causes of 
mortality in the globe. When employing standard approaches 
to predict, the complexity of the data and relationships pro-
vides a problem. In order to predict CHD using Deep Learning 
(DL) technology, this study will utilize previous medical data. 
This study proposes a novel Hybrid Recurrent Neural Network 
(HRNN) with a Red Deer Optimization (RDO) for a prediction 
of CHD. For this study, CHD datasets are gathered and pre-
processed using min-max normalization to standardize the raw 
data. Independent component analysis (ICA) is used to feature 
extraction. The proposed HRNN+RDO method’s performance 
is evaluated and also compared with existing methods in terms 
ofvariety of metrics to identify the best suitable method regard-
ing CHD prediction. When it came to predicting CHD patients, 
the proposed model performed with existing methods, with 
the highest accuracy of 99.75%, the lowest MAE of 37.82%, the 
lowest RMSE of 35.7%, and the prediction time of 0.25 seconds.
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I. INTRODUCTION
The main cause of coronary disease is that people 

don’t take into account the importance of the increas-
ingly developed e-health information since they are less 
aware of it. Huge data is essential for creating system-
atic reports that rely on disease forecasting and funda-
mental leadership [1]. This will continue to enhance 
the way social insurance is administered and focus on 
the patients so they can take the necessary precautions 
to protect themselves from harm. The discipline of re-
habilitation has a particularly strong affinity for deep 
learning, which may use all of a patient’s available data 
to predict future illnesses. A dramatic change has oc-
curred in the detection of an individual’s daily activities, 
such as heart rates, calories burnt, etc., as a result of the 
significant improvements in the health sectors, such as 
smart watches and fitness bands. Atheroma accumula-
tion on the arteries causes coronary heart problems [2]. 
The arteries get congested as a result of this buildup, 
which limits blood flow to the heart muscles. It takes 
a long time for this condition to manifest itself and be-
come serious. Prior to having a heart attack, the major-
ity of people are ignorant of their condition. The likeli-
hood of developing illnesses has decreased as a result of 
the development of smart gadgets like the Continuous 
Glucose Monitor (CGM) and Smart Cholesterol Moni-
toring System [3]. In our daily lives, these gadgets mon-
itor actions and support healthcare decision-making. 
Even with these improvements in health care, many 
individuals are still unaware of the dangers and signs 
of chronic illnesses. As a result, the likelihood of such 
diseases is now a big concern for everyone, including 
humanity [4]. Big data must be developed into an auto-
matic computer-based system that can be used to pre-
dict diseases by utilizing machine learning algorithms 
that can effectively handle a variety of challenges that 
arise in the datasets. The rise in health issues has also 
led to an increase in the generation of big data. Cardio-
vascular diseases (CVDs), along with other long-term 
health issues including obesity, smoking, diabetes, etc., 
are determined to be a significant risk factor. Because 
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of the strong correlation between population ageing 
and CVDs, especially in industrialized nations, older 
persons are more likely to get CVDs [5]. Diagnosing a 
medical condition is a complex task that requires care-
ful attention to detail and consideration of many factors. 
In addition, the amount of data and expertise required 
for an appropriate conclusion makes CHD prediction 
a far more challenging challenge. There is a great deal 
of room for growth in CHD prediction research, and it 
is expected that the number of deaths caused by heart 
disease will rise over time. In this research, we present 
a HRNN+RDO address these issues. We also compare 
the classification models for predicting the risk of CHD 
using “Support Vector Machine (SVM), Random For-
est (RF) and Decision Tree (DT)”. 

The remainder of the essay is structured as follows: 
The related works described in Section II. The sug-
gested work, including dataset definition, preprocess-
ing, analytics, and modeling, is outlined in Section III. 
Performance evaluation presented in Section IV, and 
the paper conclusion is given in Section V.

II. RELATED WORKS
The study [6] suggests an effective neural net-

work with convolution layers for categorizing clini-
cal data that is noticeably class-imbalanced. The in-
formation is gathered to forecast the development of 
CHD. This study’s [7] objective is to assess the pre-
cision and internal consistency of several supervised 
learning methods for medical event prediction. The 
results, which were generated using two various sta-
tistical programs were also examined. This study’s [8] 
main objective was to see if global myocardial work 
(MW), which is obtained from noninvasive left ven-
tricular (LV) pressure-strain loops at rest, may predict 

substantial CAD in individuals without localized wall 
motion abnormalities and intact LV ejection fraction 
(EF). The Framing ham dataset, which is used to eval-
uate the model, is openly accessible to the public. The 
suggested method outperforms the status quo mod-
els in predicting cardiovascular disease, as shown 
by the results [9]. This article [10] discusses a novel 
CHD detection approach based on machine learning 
methods, such as classifier ensembles. The result is the 
construction of a two-tier ensemble in which certain 
ensemble classifiers are used as basis classifiers for an-
other ensemble. By employing a stacked architecture, 
we combine the results of three ensemble learners RF, 
vector support machines, and severe gradient boost-
ing to predict classes. In this study, we compared the 
levels of MAA in the saliva and the serum of people 
with periodontitis, CHD, and a combination of the 
two diseases (periodontitis + CHD) [11]. Blood and 
salivary samples were drawn from 32 healthy indi-
viduals, 34 patients with periodontal, 33 individuals 
having coronary heart disease, and 34 individuals 
with the both periodontal diseases and CHD. The ob-
jective of the study is to develop a prediction tool for 
heart disease diagnosis using machine learning [12]. 
To do this, the proposed system is built using both 
supervised and unsupervised learning techniques. In 
particular, two allowed implementing and Principal 
Component Analysis (PCA) are used for incomplete 
data restoration.

III. METHODOLOGY
The main purpose of the proposed is to develop 

a highly accurate DL-based CHD prediction system. 
The framework for the suggested CHD prediction is 
shown in figure 1. 

Figure 1: Methodology
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А. Dataset
This study took use of a coronary disease dataset 

from the Cleveland repository, which was made ac-
cessible by the University of California, Irvine [13]. 
303 studies and 76 characteristics make up this col-
lection. During the analysis phase, attributes with six 
missing numbers were eliminated. Coronary illness-
es have been identified using the output target vari-
able. This dataset has a total of 76 characteristics, of 
which a subset of 13 attributes is used for this study. 
There have been 297 investigations of these 13 fea-
tures, and the dataset’s full description is provided 
in table 1.

Table 1
Features and description of the Cleveland CHD dataset

Features Description Value

Age Age in years 30-77

Gender Male = 1
Female = 0

1=Atypical angina 
 2=Typical angina

1
0
1
2

Blood pressure mmHg 
(admitted at the hospital)

94–200

Maximum heart 
rate

- 71–202

Fasting Blood 
Sugar (FBS)

FBS >120 
mg/dl (1=true; 0=false)

1
0

Serum cholesterol In mg/dl 120–154

Chest pain type 3= Asymptomatic 
4= Nonanginal pain

3
4

Resting ECG results 0=normal 
1=having ST-T 
2=hypertrophy

0
1
2

Exercise-induced 
angina

1=yes 
0=no

1
0

Number of major 
vessels (0–3) co-
loured by fuoros-
copy

- 2
3

Slope of peak ex-
ercise ST segment

1=up sloping 
2=fat

1
2

Thallium Scan 6=fxed defect 
 7=reversible defect

6
7

Target
(0=absence 
1=presence)

Diagnosis (angiographic 
disease status) 
Target attribute 

0

1

B. Data preprocessing
To properly represent the data for the prediction of 

heart disease, a preprocessing phase is used. 

1. Filtering of missing-data
Data from electronic medical records (EMRs) and 

data obtained by wearable sensors either contain use-
less and misleading statements. Portable data for car-
diac disease prediction is tainted by signal aberrations 
such information loss & noise, leading to lower pre-
diction accuracy or incorrect findings. Additionally, 
when an EMR’s data extraction does not yield at least 
one value, it is assumed to be missing. Due to text 
mining tools’ inability to identify a FRF value or be-
cause FRF values weren’t recorded, information in the 
retrieved data may have been overlooked. We use Kal-
man filtering, a well-known data filtering technique, 
to the data. By eliminating noise, duplicate records, 
and inconsistencies, this filter purifies the data. The 
first filter, which has a maximum variance of 90%, 
eliminates superfluous features. 

 1i iCT DS
jY Y

m
    (1)

Features are denoted by Y, CTi, i and iDS
jY , where 

Y  = {age "sex, heart, rate, ..., CAD history, smoking 
history"}, smoking background”; CTi = {0, 1, 2}, the 
pattern identifier; the I th form of feature X within cat-
egory CTi; and the mean of feature X within category 
CTi Replced values of feature X in category CTi are in-
dicated by iDS

jYY   in this work. We also use the extract-
ed FRF values to get around some of the problems that 
come up with data provided by wearable sensors, such 
as filling in null values with the most recent value of a 
FRF property.

2. Normalization
Heart disease dataset Cgc is complex to compute 

on since it comprises several characteristics, each of 
which has a separate set of numerical values. To reduce 
the computational complexity of heart disease predic-
tion, the dataset Cgc is normalised in the interval 0-1 
using a normalization algorithm. Data normalization 
may be accomplished with several different approach-
es. The suggested system employs the well-established 
min-max normalization technique. Using the follow-
ing equation, a numerical value, denoted by CUnorm, 
from the original dataset Cgc is transformed into DVnorm 
inside the interval [0, 1].

 

min

max min

[ _max _min] _min

gc
gc

norm
C CUC CU

CU CU
new new new

 
 (2)
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Here, new max and new min denote the range of 
the transformed dataset, whereas CUnotm, Cgc, CUmin

 

and CUmax represent the normalized data value, start 
value, lowest values, and max number throughout the 
whole dataset, in that order. For this, = 1 and = 0. All 
feature values obtained using this technique are con-
tinuous and are within the range [0, 1].

C. Feature extraction using Independent 
Component Analysis (ICA)

The ICA approach is another feature extraction 
technique that may be used to break down a multivar-
iate random signal into its individual components. An 
equal number of distinct signals and measured signals 
are assumed. Every data signal is a linear function of 
the independent signals. Let’s pretend that we’re look-
ing at n linear combinations of y1, y2, ..., ym. Each com-
pound is the linear sum of n distinct elements.

 yi = bi1T1 + bi2T2 + ... + bimTm  (3)

The independent components we seek are denoted 
by Tl (l = 1 to m). Let’s use vector notation and refer 
to the y1, y2, ..., ym mixes as x. “T” signifies the free 
variables in this case. Assuming that “B” stands for 
the mixing matrix, the mixing model is expressed as 
Y = Bt. Independent Component Analysis is the name 
given to this model. It is possible to find the indepen-
dent components using the formula Y = Bt once the 
matrix A has been estimated and its inverse W has 
been calculated. ICA consists of the following proce-
dures:

Step 1: Subtracting the mean from the data is the 
process of centering the data. As a result, we may be 
confident that each component’s mean is zero.

Step 2: Whitewashing the data is another pre-pro-
cessing technique. When a combination is whitened, 
its constituent parts become uncorrelated and the 
variances average out to one.

Step 3: The criteria for determining independence 
are contextual, meaning they change depending on 
the information being studied. ICA with non-Gauss-
ianity maximisation, ICA with kurtosis maximisation 
or minimization, ICA with negative entropy, and the 
FastICA algorithm are only a few of the available op-
tions. For this analysis, we turned to the Negentropy 
technique.

Step 4: When the whitening output is multiplied 
by the output from applying the independence crite-
rion, the result is known as data reconstruction. This 

output is then multiplied by the input data after being 
transposed.

D. CHD prediction using Hybrid Recurrent 
Neural Network (HRNN) with a Red Deer 
Optimization (RDO)

1. Hybrid Recurrent Neural Network (HRNN)
A HRNN is a subtype of the artificial neural net-

work that falls under the broad DL concept, where 
connections between hubs provide a coordinated chart 
and a transient grouping. Because of this, it can exhibit 
brief strong behaviour. In contrast, HRNNs may use 
their internal state (memory) to support forward neu-
ral networks by processing collections of information 
sources and outputs. This causes them to be used in 
areas where tasks like unsegmented, handwriting ac-
knowledgement, discourse acknowledgment, or con-
tent to discourse transformation are criticised heavily 
for generating predictions, as well as in certain other 
sectors. The phrase “recurrent neural system” is spe-
cifically used to refer to two diverse groups of systems, 
one with finite incentive and the other with an endless 
drive. The two groups of systems exhibit forceful be-
haviour that changes quickly. For example, a properly 
converter neural system may replace an infinite moti-
vation discontinuous system, which is a coordinated 
cyclic diagram that can’t be unrolled, while a limited 
drive repetitious system is a coordinating non-cyclic 
chart that is unwound. Limited motivation repetitive 
systems and endless drive repetitive systems both have 
the ability for an additional put-away state, and the ca-
pacity may be directly controlled by the neural system. 
Another method or chart that integrates time delays 
or contains input circles can also replace the capacity. 
Figure 3 depicts the architecture of HRNN.

The ability to accurately forecast a patient’s CHR 
from a huge amount of prior medical information us-
ing RNN is greater than 90%. Action potential Xj at 
neuron j in the network yields an activation rate ex-
pression of:

 
1

( ) ( )n
j j ij i i jj

T x u x y J t   (4)

Where, Sj = post-synaptic membrane time con-
stant, Xj = postsynaptic activation rate is the rate at 
which new nerve impulses are generated after a cur-
rent is sent, Xj = an increase in postsynaptic activity, 
wij = the strength of the presynaptic-postsynaptic link, 
σ(y) = sigmoid of xe.g.σ(x) = 1/(1 + e–x), Xi = synaptic 
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transmission is triggered by activation of the presyn-
aptic node, Θi = Negative presynaptic bias, Ii(s) = Input 
(if any) to node.

2. Red Deer Optimization (RDO) 
RDO is an evolutionary algorithm that mimics the be-

haviour of a herd of red deer. Red deer are both male and 
female; a stag is one. A harem is a herd of hinds with a few 
stags in it. The harem’s leader will be picked from among 
the stags. Stags yell loudly to attract hinds, and the one 
that roars loudest is typically designated as the leader. The 
commander is in charge of caring for and mating with the 
hinds in the harem. As a result of intergenerational mating 
between stags and hinds and competition among stags to 
become the commander, more red deer with higher fit-
ness levels are born. RDO is an optimization method in-
spired by red deer’s screaming mating and combat behav-
iors. The following steps make up the RDO:

Step 1: Initialize a random red deer population.
Step 2: Sort the red deer into stags and hinds based 

on their level of fitness.
Step 3: Stags often engage in combat with their 

neighbors, and the stronger ones will prevail.
Step 4: Depending on their fitness, choose a com-

mander from the stag population.
Step 5: Depending on their fitness, choose a com-

mander from the stag population.
Step 6: The Commander engages in combat with a 

proportion of stags.

Step 7: If the fitness levels of the next generation of 
red deer are converging. If not, repeat Steps 2 through 
6 until a specified number of generations have been 
produced.

IV. PERFORMANCE EVALUATION
This section will go through numerous aspects that 

demonstrate why the HRNN+RDO are the most effec-
tive at predicting a patient’s risk of CHD. In its feedback 
loop, HRNN+RDO algorithms are renowned for their 
capacity to analyze data using the most current infor-
mation. This aids in giving the patient with the find-
ings by taking into account their current state of health, 
which would be most helpful in predicting the outcome. 
Since HRNN+RDO perform well with numerical data, 
they have high fault and noise tolerance capabilities and 
can deliver precise findings. Table 2 shows the findings 
of existing and proposed methodologies.

Prediction accuracy is one of the most often used 
performance comparison metrics in classification 
analysis. Out of all the forecasts the model made, it 
is the proportion of accurate predictions depicted in 
equation (5). The suggested HRNN+RDO have the 
maximum accuracy when measured against the cur-
rent techniques depicted in figure 2. Figure 3 depicts 
the comparison of prediction time for existing and 
proposed methodologies. When compared to the ex-
isting methodologies the proposed HRNN+RDO has 
the lowest prediction time.

Figure 3: Architecture of HRNN
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Table 2
Findings of existing and proposed methodologies

Metrics SVM 
[14]

RF 
[15]

GDB 
[16]

DT+NB 
[17]

HRNN+RDO 
[Proposed]

Prediction 
accuracy (%)

52 71 89 92 99.75

Prediction time 
(sec)

2.31 3.45 6.31 1.19 0.25

MAE (%) 95 72 85 58 37.82
RMSE (%) 92 79 81 52 35.7
Sensitivity (%) 53 65 72 83 99.22
Specificity (%) 72 85 51 61 98.95

 ( )
( )

TP TNAccuracy
TP FP FN TN

  (5)

Figure 2: Prediction accuracy

Figure 3: Prediction time

We evaluated into root mean square error (RMSE), 
and mean absolute error (MAE). The accuracy of con-
tinuous variables is calculated using MAE and RMSE. 

According to equation (6), MAE stands for the av-
erage amount of error in a group of forecasts. RMSE 
calculates the average error’s magnitude. The average 
squared difference between the forecast and the actu-
al observation is shown in equation (7) as the square 
root. The results of MAE and RMSE for the proposed 
and current methodologies are shown in figure 4.

 
1

1 ˆm
j ji

MAE x x
n

   (6)

 2
1

1 ˆ( )m
j ji

RMSE x x
m

   (7)

Figure 4: Comparison of MAE and RMSE

Recall, in this study, quantifies the percentage of 
those who were at risk of CHD development and were 
foreseen by the algorithm to be at risk. Another name 
for sensitivity is recall or true positive rate depicted in 
equation (8). Specificity is the last performance metric 
to be employed. The number of correctly negative pre-
dictions produced by the classifier shown in equation 
(9) is calculated as a percentage of the total number of 
correctly negative cases.The comparison of specificity 
and sensitivity for both current and new techniques is 
shown in figure 5.

 
( )

TPSensitivity
TP FN

   (8)

 
( )

TNSpecificity
TN FP

   (9)

V. CONCLUSION
This article described a heart disease prediction 

model that can manage a large quantity of patient 
data and be used to predict a patient’s risk of acquir-
ing CHD. The prediction accuracy, prediction time, 
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RMSE, MAE, sensitivity and specificity of HRN-
N+RDO on the proposed work are 99.75%, 0.25sec, 
37.82%, 35.70%, 99.22%, 98.95% respectively. So that 
they can prevent the sickness from possibly affecting 
them in the future, the patient can take the required 
precautions. As a result, the patient is forced to be-
come more conscious in order to avoid developing 
CHD. As a result, this lowers the overall number of 
patients that get this condition. The same techniques 
could be employed in the future to predict different 
diseases, and more intelligence methods will be used 
to predict coronary artery heart disease. The variety of 
resources will result in better extraction performance 
and a clearer comprehension of the issues with mea-
suring and gathering data.
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