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Abstract—The problem of heart disease prediction has been identified as key challenge in
medical science. There exist numerous techniques towards predicting heart disease using
various data sets. However, the accuracy of predicting heart disease is still below the mark. To
handle this issue, an Adaptive Bio Inspired DNN based Heart Disease Prediction Model
(ABDNN) model is presented in this article. The method utilizes different data sets containing
health records of various patients which includes clinical and diagnosis features. The procedure
begins with preprocessing the dataset using a feature-level normalization scheme. The
normalized dataset is then used for feature selection through the Walrus Optimization
Algorithm (WaOA), where the objective function is designed to measure the Walrus Position
Support (WPS). The WPS indicates the position of the walrus and guides the feature selection
process. As a result, the selected features are used to train a deep neural network, with neurons
designed to evaluate the Heart Disease Diffusion Support Scale (HDSM) for classification. The
proposed model enhances the accuracy of heart disease prediction across various datasets.
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1. INTRODUCTION

Diseases have a significant impact on human society, affecting individuals with a wide range of conditions, some
of which are chronic, while others are not. The heart disease is the most one which claims the life of human.
There are number of heart diseases can be named which are identified from set of symptoms. The medical
practitioner looks for the symptoms and conclude the presence of the disease, But there will be higher false ratio
and needs the support of decision systems. The decision systems use various medical traces and clinical reports
for the classification of the presence of disease. For example, the heart disease can be predicted using blood
pressure, weight, cholesterol, oxygen intake and so on. But there are number of other features and factors must
be considered for the problem of heart disease prediction. For example, the diabetic patients has great chance of
getting into the disease as presence of higher glucose level would encourage the heart disease.

The decisive support systems uses number of traces belongs to various patients for the prediction of the disease.
The accuracy of forecasts is dependent on the number of data used. Traditional methods are often insufficient for
managing large datasets, making it necessary to adapt machine learning algorithm. The machine learning
algorithms are more capable of handling huge volume of data towards the problem to maximize the prediction
accuracy.
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The accuracy is the most important factor in terms of disease prediction. To maximize the accuracy it is
necessary to incorporate required suitable features for the classification problem Feature selection is the most
critical step in illness prediction problems. While a variety of features may be available in the dataset, choosing
the ideal features significantly enhances prediction accuracy. Bio inspired algorithms are used in the problem of
feature selection. For example the whale optimization algorithm perform feature selection by computing the
fitness value of the feature and selects most important feature for the task. Similarly, there are number of
optimization algorithm available for the problem like Ant colony optimization, Bee colony optimization. In this
study, feature selection is addressed through the Walrus Optimization Algorithm (WaOA), which is inspired by
the behaviour of walruses.

The classification strategy is critical to improving forecast accuracy. Deep neural networks are commonly
utilized to solve various classification and prediction challenges. They can analyze enormous datasets and
efficiently classify them using extracted features. Building on this, the present study proposes a deep neural
network-based heart disease prediction model., inspired by adaptive biology, that utilizes diffusion measures.
The method is focused on pre-processing, feature selection and network training to perform heart disease
prediction. The method uses heart and diabetic data sets for the prediction problem which contains clinical, and
diagnostic features. By incorporating both of them, the prediction of heart disease has been approached
effectively. The detailed approach is presented in the next section.

II. LITERATURE SURVEY

There exist number of approaches towards prediction of heart disease and some of the methods are discussed in
detail in this section.

A deep learning CVD risk factor detection model CardioNet is presented in [1], which applies convolution
neural network in learning the features towards classification. A cross domain transfer learning model is
presented in [2] towards diagnosing CVD. The method applies CNN models in learning the features from ECG
and trains the spectrograms. A phonocardiogram based deep learning model is presented in [3], which uses heart
sounds in detecting CVD. A deep learning model based prediction scheme is presented in [4],

which consider smoking, alcohol and other features by applying Logistic Regression, Naive Bayes, Deep
Learning Model and Random Forest to perform classification.

A smart phone based deep learning model is presented in [5], towards CVD diagnosis. A multi input deep
learning model is presented in [6] which uses multiple features to perform classification with random forest and
neural network classifiers. A detailed comparative study of CVD diagnosis is presented in [7].

An deep learning model is presented in [8], which uses ECG characteristics towards classification. A gene
association based deep learning model is presented in [9], which uses RNA sequences to predict the disease. A
deep learning model is presented in [10], applies fundus image to perform classification with CNN. In [11], an
efficient deep learning model is presented, which uses different features.

A Deep neuro-fuzzy network (DNFN) based classification model is presented in [12], which uses Fractional
Calculus-Horse Herd Optimization Algorithm (FC-HOA) in feature selection and classification. A detailed
review on CVD prediction and the techniques available are discussed in [13,16]. An empirical mode
decomposition based deep learning model is presented in [14], towards CVD. The method considers multi-
periodic signals and classifies abnormal heart beats using CNN. A multi class classification model is presented in
[15], which develops multistage fusion to perform feature selection.

A mobile based medical systems is designed in [16], which uses Combined Sparse Autoencoder (CSAE)
algorithm towards classification. The method uses multiple data sources and uses deep neural network as
classifier. A balanced probability distribution (BPD) scheme is presented in [17], The model combines instance-
based sequential learning with weight distribution and employs a cross-domain feature filtering technique for
classification. Reference [18] presents a performance analysis model that evaluates the effectiveness of various
unsupervised techniques, such as K-means clustering and database scanning. A tensor factorization model is
presented in [19], towards disease prediction using electronic health records.

The method integrates clinical and sequential factors to generate latent pattern towards predicting chronic
diseases. An adaptive group regularization scheme is presented in [20], which uses Gaussian mixture model
clustering to learn the structure of the data and supports disease prediction.

A predictive analysis model is presented in [21], It performs predictive analysis on a range of multiple chronic
diseases (MCC) that affect the working population.

A holistic data mining scheme is presented in [22], which applies feedback features towards predicting the
disease. An experimental evaluation of different machine learning approaches is conducted in [23]., utilizing a
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dataset of kidney patients classified as CKD or NOTCKD. A continuous monitoring program focusing on
lifestyle and environmental factors is detailed in [24], employing wearable devices to track indoor and outdoor
activities using multiple gadgets. Reference [25] proposes a chronic disease prediction model utilizing a back-
propagation artificial neural network (BP-ANN) combined with partial least squares regression for classification.
Reference [26] discusses a continuous-time dynamic functional Bayesian network that employs multilinear
principal component analysis and a weighted multivariate moving average technique to assess the impact of
modifiable risk factors on the likelihood of developing renal cell carcinoma. Additionally, a stroke risk
prediction model based on hybrid deep learning (HDTL-SRP) is introduced in [27]. which uses knowledge
structure collected from various sources to perform prediction. All of the strategies outlined above aim to
enhance the accuracy of illness prediction.

III. PROBLEM STATEMENT

Heart disease remains a significant challenge in medical science, as its timely and accurate prediction is critical
to reducing mortality rates. Although numerous computational techniques have been developed to predict heart
disease using patient health records, their prediction accuracy often falls short of desired standards. The primary
issue lies in the inability of existing models to effectively handle diverse datasets, identify critical features, and
achieve optimal classification performance. To address these challenges, there is a pressing need for a robust and
adaptive model that can improve prediction accuracy by leveraging advanced optimization algorithms and deep
learning techniques.

IV. PROPOSED MODEL

The Adaptive Bio Inspired DNN based Heart Disease Prediction Model (ABDNN) utilizes different data sets
containing health records of various patients which includes clinical and diagnosis features. Initially, the method
applies Feature Level Normalization Scheme to pre-process the data set. The normalized data set has been used
for feature selection by enforcing Walrus Optimization Algorithm (WaOA) where the objective function has
been updated to measure Walrus Position Support (WPS) which represents the position of the walrus and used to
perform feature selection. Accordingly, the selected features are used to train the deep neural network where the
neurons are modelled to measure Heart Disease Propagation Support Measure (HDPSM) to perform
classification. The detailed working of the model is presented in this section.

Feature Level WaQ4 Feature
. & Selection
Normalization
- Feature Extraction
: II DNN Trainin

WaQA Feature Feature Extraction HDPSM Disease Prediction
Selection Ectirnatinn
Results
Le Sample -

Fig. 1. Architecture of ABDNN Model

The working model of the F-350 series is available in various sizes and configurations. Figure 1 illustrates the
model, and the functional components are outlined in this section.
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A. Feature Level Normalization

The feature level normalizer algorithm preprocesses the data set obtained The method reads the entire data set
and identifies unique features available in the set. Further each record is analyzed for the possession of all the

features. If there are any missing features then it estimates the mean value for the feature and replace the value.
Such normalized data set has been used to perform disease prediction.

Algorithm 1:
Input: Data Set Ds
Output: Preprocessed medical data set Pmd
Start
Read Ds.
Size(Ds)
Feature set Fes = ¥ (Features € Fes) U ((Features € Ms(i)) N Fes)
i=1
For each tuple T

For each feature F

Size(DS)
Y DS(i).F
Compute Feature Mean Value FMV ==L
Size(DS)
If T has missing feature F
T(F) =FMV
End
End
Pmd =DS
Stop

The above discussed algorithm computes feature mean value for various features and identifies tuples with
missing values to be replaced with FMV to normalize the data set. Normalized data set has been used to perform
disease prediction.
Algorithm 2:
Input: Preprocessed medical data set Pmds
Output: Selected feature set Sfs
Start
Read Pmds
Initialize T,t,N,m,F,Fi,rand,Sw.
Generate X walrus according to the features in the data set.
Generate initial population
For each population

Size(Pmds)
size(Pmds)
¥ pmds(p(k).value)
. Pmds(p(k))> J=1 Size(Pmds)
Estimate the estimate WPS = —L=L
Size(Pmds)
End
Extract the best solution.
While t <T

If [Danger signal > 1|
Update each walrus position Xi,j t+1 = Xi,j t + migration step,
Else
If Safety signal > 0.5
For walrus is male
Apply Halton sequence to update new position.
For walrus is female
update new position.
r+1

Female; ;™ = Fernalef'ﬂ +a- (Male[[_f —FE]TI.EIIE[FJ) +(1—-a) (Xhtm — FEmaIBEJ)A

For walrus is juvenile
update new position
Juvenile{*! = (0 —Juvenile{ ;) - P,
End
Else If [Danger signal| > 0.5
update new position
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1
F{1+a)sin {%} B
T = lm Oy =1a=15,

Else
update new position.
XE = (6 X)/2,
End
Update the position of walrus.
Calculate the fitness function and extract the best solutions.
t=t+1
End
Selected features set Sfs = Select features at fist k positions.
Stop

Here, X represents the population of walruses, Xi refers to walrus number i (the candidate solution), and xi is the
value of decision variable number j proposed by walrus i. N denotes the total number of walruses, and m is the
number of decision variables. The objective function vector, FW, identifies the strongest walrus with the best
objective function value. Ui,j are randomly selected integers between 1 and 2, while randi are random numbers
drawn from the interval [0, 1].

The working of walrus optimization-based feature selection algorithm is presented in the above pseud code
which estimates WPS measure to find the best position for each walrus and elects a few features from the set to
perform disease prediction.

B. Feature Extraction

The proposed model considers various features like medical, diagnosis, genetic and historical features. Such
features are extracted from the data set to generate the feature vector. For example, the diagnosis features are
extracted as follows:
size(T)
[BML, BS, HbAC, Pr, Col, Cr] = {BMI, BS, HbA1C, Pr, Col, Cr} € T (1)
i=1
Where BMI- Body Mass Index, BS — blood sugar, HbA1C- Periodic blood sugar, Pr-Pressure, Col-Cholesterol,
Cr — creatinine
Similarly, the method extracts the features of genetic as follows:

size(T)
[PD, PH, PC] = {PD,PH,PC} € T (@)
i=1
Where PD—Parent Diabetic, PH-Parent Hypertension, PC—Parent Cardiac.
Finally, the method would extract the historic features from the medical data set. The historic features are set of

patterns of appearance of the disease. For example, for diabetic, the historic features include a set of patterns in
form of {BMI, BS, HbA1C, Pr, Col, Cr, Status} where status specifies the presence of the disease.

C. DNN Training

The proposed method reads the feature vectors produced at the feature extraction phase. The feature vectors
contain number of features related to the kind of feature considered. The method generates k number of neurons
at each layer of the neural network. The network is designed with n number of intermediate layers and each
neuron has been initialized with the set of features extracted. The neurons are designed to compute various Heart
Disease Propagation Support Measure (HDPSM) against various disease classes.

D. Disease Prediction

The proposed method performs disease prediction by computing Heart Disease Propagation Support Measure
(HDPSM). To perform this, the method read the sample given. From the sample, the method extracts the features
and passes through the network available. The neurons at various layers estimates Clinical Heart disease
propagation support measure (CHDPSM), Historic Heart Disease Propagation Support Measure (HHDPSM).
The output layer neuron computes the Heart Disease Propagation Support Measure (HDPSM) towards various
class of diseases.

According to the value of HDPSM, the method identifies the class of disease and produces result.
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Algorithm 3:
Input: DNN, Sample S
Output: Disease Class Dc
Start
Read DNN, S.
Pass s through DNN
For each layer 1
For each neuron N
For each disease class Dc

Size(DC) Size(DC) Size(DC)
Dist(Dc(i).BMI.SS.BMI) Dist(Dc(i).HbA1c,SS.HbALC) Dist(Dc(i).Pr.SS.Pr)
i=1 i=1 i=1
= Size(DC) Size(DC) Size(DC)
Compute CHDPSM = Size(00) X Size(DC) X Size(D0)
Dist(Dc(i).55,55.55) Dist(Dc(i).Cr.55.61) Dist(Dc(i).Coi,55.Coi)
=1 i=1 =1
/s.ze(DC) /Slze(DC) ' /S(ze(DC)

Size(DC)
Dist(Dc(i).H.

Compute HHDPSM =

Size(DC)
CHDPSM
HHDPSM

Compute HDPSM =
End
End
End
Disease class DC = Choose the disease class with maximum HDPSM.
Stop

The above discussed algorithm represents how the method computes the value of CHDPSM, HHDPSM to
compute HDPSM value to identify the class of disease the sample belongs to perform disease prediction.

V. RESULTS AND DISCUSSION

The proposed model was developed in Matlab, and its performance was evaluated using several criteria. The
approach was tested on multiple medical datasets obtained from various sources. The resulting findings were
then compared to the performance of other approaches.

TABLE . EVALUATION DETAILS

Key Detail

Data sets Multiple Sources (UCI, CDC, Kaggle)
Total Features 30

No of Locations 10

Total Tuples 1 million

The details of data set being used for performance evaluation of the proposed model have been presented in
Table 1, which has been measured for various metrics towards analysis. The performance evaluation is
performed by combining the features of data sets namely UCI, Chronic Disease Data (CDC) and Kaggle.

A. Disease Prediction Accuracy

The disease prediction accuracy represents the performance of the model in predicting the exact disease. It has
been measured according to the number of predictions performed and number of correct predictions made. It has
been measured as follows:

DPA=—— __ » 100 A3)

TOtal Prediction

Where TP-true positive and TN-True negative.

TABLE II. DISEASE PREDICTION ACCURACY

Disease Prediction Accuracy %
Algorithm 3 lakhs 5 lakhs 1 million
CSAE 67 74 79
HDTL-SRP 72 78 82
MOFFA 76 81 86
ABDNN 83 87 93
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In this case, the system's permission is granted by both the distributor and the manufacturer. Adapting ABDNN
model support the collection of huge volume of data set from various location and support the improvement of
disease prediction accuracy

100

— = 3 lakh
m 5 lakh

w 1 million

Disease Prediction Accuracy %
&

CSAE HDTL-5RP MOFFA ABDNN

Fig. 2. Disease Prediction Accuracy

The performance of the approaches in predicting disease is measured and reported in Fig. 2, where the ABDNN
model demonstrates higher prediction accuracy.

B. False Prediction Ratio

The false prediction rate is a metric that quantifies the percentage of incorrect predictions made by a given
approach. It is calculated based on the number of false positive and false negative predictions generated by the
method

FPR = FP+FN

" Total Prediction

100 @)
Where FP-false positive and FN — false negative

TABLE III. FALSE PREDICTION RATIO

False Prediction Ratio %

Algorithm 3 lakhs 5 lakhs 1 million
CSAE 33 26 21
HDTL-SRP 28 22 18
MOFFA 24 19 14
ABDNN 17 13 7

The false prediction ratio introduced by various models are measured and plotted in Table 3, where the ABDNN
model introduces less false prediction ratio. Inclusion of huge data set with the support of mobile agents support
the reduction of false ratio in disease prediction.
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Fig. 3. False Prediction Ratio

Calculated the ratio of erroneous predictions is shown Figure 3 for various approaches. Less incorrect
predictions than others introduce the suggested ABDNN model

C. Time Complexity

The temporal complexity is a metric that measures how long it takes for the model to predict an illness.

Sum of all time taken
or prediction
— forprediction . 1 3)

Total Prediction

Time Complexity =
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TABLE IV. TIME COMPLEXITY IN SECONDS

Time Complexity in seconds
Algorithm 3 lakhs 5 lakhs 1 million
CSAE 68 79 91
HDTL-SRP 65 76 85
MOFFA 56 69 81
ABDNN 37 53 67

The value of time complexity introduced by different approaches are measured and presented in Table 4, where
the proposed ABDNN model introduces less time complexity compare to others.

100

60 W m3lakh
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0 T T T
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Time Complexity in
seconds

Fig. 4. Time complexity

VI. CONCLUSION

This article presented a novel Adaptive Bio Inspired DNN based Heart Disease Prediction Model (ABDNN)
model which utilizes different data sets containing health records of various patients which includes clinical and
diagnosis features. Initially, the method applies Feature Level Normalization Scheme to pre-process the data set.
The normalized data set has been used for feature selection by enforcing Walrus Optimization Algorithm
(WaOA) where the objective function has been updated to measure Walrus Position Support (WPS) which
represents the position of the walrus and used to perform feature selection. Accordingly, the selected features are
used to train the deep neural network where the neurons are modelled to measure Heart Disease Propagation
Support Measure (HDPSM) to perform classification. The proposed model improves the performance of heart
disease prediction with higher accuracy.
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