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Abstract

Healthcare data analytics involves collecting, analysing, and interpreting
healthcare-related data to improve patient outcomes and decision-making about patient
care, treatment plans, and disease management within healthcare organisations. Early
detection and effective Healthcare data analytics are crucial for preventing complications
and enhancing outcomes in individuals affected by the disease. Numerous machine-
learning methods have been developed to address heart problems. However, achieving
higher accuracy in Healthcare data analytics with minimal time and space complexity
remains challenging. The Gaussian Process Regressive Accelerated Gradient
Convolutional Deep Belief Neural Classification (GPRACDBNC) Method was developed
to improve the accuracy of healthcare data analytics. The GPRACDBNC Method
includes data acquisition, feature selection, and classification. Several features and data
samples are collected from the dataset in the acquisition phase. After data acquisition, a
Convolutional Deep Belief Neural Network is employed for medical data classification.
In the GPRACDBNC Method, the number of medical data samples is inputted in the
visible layer. Gaussian Process Regression is then performed to select the relevant
features and remove the irrelevant ones. Tversky similarity is applied to healthcare data
analytics by analysing the training and testing data samples. Based on this analysis,
medical data samples are accurately classified. Finally, the Nesterov Accelerated Gradient
method is employed in the fine-tuning phase to minimise error and obtain better
classification results. Experimental evaluation is done with the medical dataset for
classification accuracy, precision, recall, F-measure, classification time, and space
complexity. Quantitative analysis results indicate that the proposed GPRACDBNC
Method achieves superior classification accuracy, precision, recall, and F-measure and
minimises time consumption compared to existing methods.

Keywords:  Healthcare Data Analytics, Convolutional Deep Belief Neural
network, Gaussian Process Regression, tversky similarity, Nesterov Accelerated Gradient
method
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1. Introduction

Healthcare data analytics is pivotal in modern healthcare systems, offering insights that
drive improved patient outcomes, operational efficiency, and cost-effectiveness. Healthcare data
analytics aims to extract meaningful patterns and correlations from diverse healthcare datasets to
support clinical decision-making, enhance patient care, and optimise healthcare delivery
processes. Machine learning and deep learning algorithms have been used in healthcare data
analytics to build predictive models that forecast patient outcomes, such as disease diagnosis,
treatment response, and readmission risk. These models analyse patient data, including electronic
health records (EHRs), medical imaging, genetic information, and wearable device data, to
identify patterns and predict future events. However, challenges such as accuracy and time
minimisation within existing healthcare systems must be addressed to realise the full benefits of

this transformative technology in the healthcare domain.

A time series forecasting (TSF) based convolutional neural network (CNN) was
developed in [1] to improve the performance of healthcare monitoring for coronary heart disease
patients. However, the designed deep learning method was not efficient for optimal analysis of
heart diseases and early prediction. A hybrid approach based on deep learning methods called
CNN-Bi-LSTM was introduced in [2] to predict whether a person has heart disease and provide a
diagnosis based on that prediction using feature selection. However, numerous enhancements
were not investigated to increase the accuracy of this prediction system while handling large

datasets with a higher number of attributes for the early diagnosis of heart disease.

Deep learning methods integrated with feature augmentation techniques were introduced
in [3] to predict whether patients are at risk of cardiovascular disease. However, these methods
consumed more time in disease prediction. The Denoising Auto Encoder-based Broad Learning
(ABL) system was developed in [4] to improve disease prediction. However, it failed to utilise
more explanatory data processing in the disease prediction. An Oversampled Quinary Feed
Forward Network (OQFFN) was developed in [5] and provides a less complex framework and a

more reliable notification method for accurate disease prediction. However, more data-intensive
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layered deep learning-based models were not implemented for further analysis of heart diseases

to determine the accurate type and cause of the disease.

An efficient machine learning model was developed in [6] based on relevant feature
selection for early and accurate heart disease prediction. However, it failed to generate an
effective and efficient diagnosing system. Hybrid Deep Neural Networks (HDNNs) were
developed in [7] to extract and learn relevant features from the input data, thereby enhancing
prediction accuracy. However, it failed to apply feature selection techniques to minimise the time
complexity of disease detection. A deep convolutional neural network (DCNN) was developed in
[8] to detect the possible presence of heart disease. However, the accuracy of heart disease
prediction was not improved. In [9], a machine learning-based algorithm was designed to predict
ischemic disease accurately. However, it failed to incorporate developing deep learning
techniques for more diverse and extensive datasets to monitor critical heart patients properly. Big
Data analytics in the healthcare domain was developed [10] to analyse structured and
unstructured data. Machine learning-based techniques were developed in [11] for detecting early
indicators of a disease. However, it failed to identify patients at a higher risk of developing

unnecessary chronic diseases such as heart disease.

Machine learning and deep learning techniques were developed in [12] for the healthcare
sector with big data analytics to improve patient outcomes and minimise costs. However, the
accuracy, precision, and recall performance analysis remained unaddressed. An ensemble
approach in machine learning was introduced in [13] for healthcare data analytics, aiming for
fewer false negatives and a maximum count of true positives. However, this approach did not
incorporate deep feature learning to enhance the accuracy of healthcare data analytics further. A
deep convolutional neural network (DCNN) was developed in [14] to classify heart disease at an
early stage accurately. However, the issue of time consumption in heart disease diagnosis
remained unaddressed. A deep learning-based model was developed in [15] to achieve accurate

prediction accuracy and the lowest error rate for the early diagnosis of coronary artery disease.
1.1 Main contribution of the paper

The key contributions of the GPRACDBNC Method are listed as follows,
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To enhance healthcare data analytics, the GPRACDBNC Method is developed,

incorporating feature selection and classification.

e To minimise healthcare data analytics time consumption, the GPRACDBNC
Method utilises Gaussian Process Regression, which is integrated into the
Convolutional Deep Belief Network for selecting the most significant features.

e The GPRACDBNC Method utilises Tversky similarity within the deep learning
model to analyse testing and training data samples, thus enhancing the accuracy
of cardiovascular disease prediction. The Nesterov Accelerated Gradient method

is also applied during the fine-tuning phase to minimise errors.

e Finally, an experimental evaluation is conducted to assess the performance of the
GPRACDBNC method using various metrics and comparing it to other deep

learning approaches.
1.2 organisation of paper

The paper is structured into five sections as outlined below: Section 2 reviews the related
works. Section 3 elaborates on the GPRACDBNC Method with a neat diagram. Section 4
outlines the experimental setup and describes the dataset. Comparative analyses of various

performance metrics are presented in Section 5. Finally, Section 6 provides the conclusion.
2. Related works

Generative Adversarial Network (GAN) and Long Short-Term Memory (LSTM) models
were developed [16] to classify heart disease using ECG samples from both normal subjects and
patients with heart disease as input information. However, they failed to improve the detection
performance. In [17], various machine learning (ML) approaches were introduced to predict,
classify, and enhance the diagnostic accuracy of cardiovascular disease prediction. However,
these approaches failed to minimise the computational complexity associated with cardiovascular

disease prediction.

An artificial neural network methodology was developed in [18] to identify potential

cardiovascular disease risk factors based on measuring the correlations among risk attributes.
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However, it failed to increase the classification accuracy for predicting heart disease. A hybrid
smart medical architecture called Edge Convolutional Neural Networks (EdgeCNN) was
developed in [19] to address the issue of healthcare data analytics. However, it failed to improve
diagnostic accuracy effectively. The Honey Badger Optimization with Modified Deep Learning
(ACVD-HBOMDL) method was developed in [20] for accurate cardiovascular disease diagnosis
based on feature selection. However, it failed to improve the classification performance of
cardiovascular disease prediction. The Louvain Mani-Hierarchical Fold Learning method was
developed in [21] to achieve better accuracy for healthcare analytics.

An ensemble deep-learning approach was introduced in [22] to diagnose cardiovascular
disease. However, it failed to consider a model incorporating various deep-learning algorithms to
accurately predict cardiovascular disease more precisely. Bidirectional Long Short-Term
Memory (Bi-LSTM) was developed in [23] for a smart healthcare system to monitor and
accurately predict the risk of heart disease. However, precise and timely disease prediction
remained a major challenging issue. An ensemble classification model was developed in [24]

based on a feature selection approach for accurate heart disease diagnosis.

In [25], a decision tree-based random forest (DTRF) classifier algorithm was designed
for accurate heart disease prediction. However, deep learning-based classification with machine
learning feature analysis remained unaddressed. A hybrid deep learning-based approach for heart
disease detection and classification was developed in [26] to achieve the maximum level of
accuracy. In [27], a multilayer perceptron-based deep learning model was introduced to enhance
coronary heart disease prediction at an early stage. However, the relationships between variables
proved challenging for accurate heart disease prediction. Statistical and machine learning
techniques were developed in [28] to automate medical data analysis. In [29], Patient Forest was
developed, a machine-learned approach for predicting patient outcomes that integrates statistical
features. However, it failed to determine the optimal hyperparameters of Patient Forest to
enhance accuracy and performance. In [30], a modified ID3 decision-support framework was
developed for healthcare disease prediction. However, achieving higher accuracy in healthcare

disease prediction remained a challenging issue.
3. Methodology
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Healthcare data analytics is applied across various healthcare domains, including clinical
care, population health management, disease surveillance, personalised medicine, and healthcare
administration. By utilising data analytics, healthcare organisations restructure workflows,
reduce costs, enhance patient security, and improve patient care quality. In addition, healthcare
professionals identify high-risk individuals through Healthcare data analytics to improve patient
outcomes, resource allocation, and operational efficiency. A method called GPRACDBNC has
been developed for healthcare data analytics concerning cardiovascular disease prediction. An
elaborate description of the GPRACDBNC method is provided in the following sections.

CvD Data
Dataset —»{ acquisition

Y

CGaussian Process Regression based Feature Selection>

Tversky similarity based Medical data
classification

Y [0)]

[ Accurate Healthcare Data Analytics

Figure 1 Architecture of proposed GPRACDBNC Method

Figure 1 above illustrates the architecture diagram of the proposed GPRACDBNC
Method for Accurate Healthcare Data Analytics in predicting cardiovascular disease. This

method involves three fundamental steps: data acquisition, feature selection and classification.
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The following subsections briefly explain these essential processes of the GPRACDBNC
Method.

3.1 Data acquisition

Data acquisition is an essential step in the proposed GPRACDBNC Method. It involves
collecting numerous patient data samples from the cardiovascular disease dataset available at

https://www.kaggle.com/sulianova/cardiovascular-disease-dataset. These steps effectively

acquire high-quality data for developing and validating predictive cardiovascular disease risk
assessment models. The primary aim of this dataset is to identify the presence or absence of
cardiovascular disease. The dataset consists of 13 attributes and 70,000 instances. Table 1 below

lists the feature descriptions.

Table 1 attribute description

S.no Attributes Description
1. ID Patient 1D
2. Age Patient age in days
3. Height Patient height in cm
4. Weight Patient weight in kg
5. Gender 1-women, 2-men
6. ap_hi Systolic blood pressure
7. ap_lo Diastolic blood pressure
8. Cholesterol Cholesterol
1: normal
2: above normal
3: well above normal
9. gluc Glucose
1: normal,
2: above normal
3: well above normal
10. Smoke Smoking
1: Yes
0:no
11. alco Alcohol intake
1: Yes
0:no
12, active Physical activity
13. cardio 1 presence
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3.2 Convolutional Deep Belief Neural Network

The proposed GPRACDBNC Method uses a Convolutional Deep Belief Neural Network
(CDBN) to predict cardiovascular disease accurately. A Convolutional Deep Belief Network
(CDBN) is a deep artificial neural network comprising multiple layers of convolutional restricted
Boltzmann machines (CRBMs) stacked together. It is a hierarchical generative model for deep
learning, making it highly effective in healthcare data analytics. The main advantage of CDBN is
that it reduces computational complexity while having many units. Additionally, a CDBN

effectively minimises errors in the learning process.

ﬂRBM 1 \ @RBM 2 \

[oooo} ;[oooo]
A l
EEEEE) [ oo o]
[ [JE > Output class

k:o o O ooo]j K / o bels

Input data samples
and features [ o - O] Maxpooling layer

[ o . O] Visible layer

Figure 2 Structural of convolutional deep belief network
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Figure 2 depicts the structure of a convolutional deep belief network for classification
and deep feature learning. Two steps are involved in training a Convolutional Deep Belief
Network (CDBN): layer-by-layer training and fine-tuning. The layer-by-layer training process is
a fundamental component in deep learning, where each layer receives weighted input, applies a
set of processes to transform it, and passes the output to the next layer. Fine-tuning, on the other
hand, involves using error back-propagation algorithms to adjust the hyperparameters of the

CDBN by using a Nesterov Accelerated Gradient approach after the initial training is completed.

CDBN uses Convolutional Restricted Boltzmann Machines (CRBMS), stochastic three-
layered neural networks in the layer-by-layer training method. This network analyses patient data
automatically by reconstructing the input. CRBMs consist of three layers: a visible layer, a
hidden layer, and a max-pooling layer, represented in pink, blue, and orange. The visible layer
contains neurons (nodes) that receive the input patient data with several features. Each circle
represents a neuron, known as a node. The nodes are connected across layers but not within the
same layer. The output of one CRBM is fed into the visible layer of the next CRBM, as shown in

Figure 2.

As shown in the above figure 2, the visible layer considers that the training set { D, Y}
where D denotes training data, which includes the number of features and samples F =
{F,,F, F;,...,E,}, Samples' S = {5,,S,,S53, ..., Sy} collected from the dataset to be learned, and
a label or output 'Y" representing its category, which belongs to the different classes such as

presence or absence of cardiovascular disease.

The input matrix contains the number of features and the sample values below.

FS, FS, . EnS,
IM = FiSi FaSy o FnS2 m = rows,n = columns 1)
EnS; EnSy v FnSn

From the above input matrix 'IM' formulation as given in (1), 'n' column features F =
{F,,F, F;,...,E,} are present with overall sample instances S = {S;,S,,S5, ..., S;n} of 'm row
respectively. Where 'F' represents the features, 'S' denotes the corresponding data samples. The

neuron activation probability of input visible layer 'P (V)" is expressed as follows,

PWV)=o(XIM x¢,)+b, (2)
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Where, P (V) denotes a neuron activation probability of input visible layer in CRBM, ¢
denotes a sigmoid activation function, 'IM" denotes an input matrix which includes features 'F"
and samples 'S’, ¢,, weights in the visible layer, ' +' denotes a convolution operator, b,, denotes a
bias of the visible layer. If the neuron activation probability P (V) = 1, the input is transferred

into the hidden layer.

The probability that neurons in the hidden layer get activated in the hidden layer depends

on the input from the visible layer and the weights connecting them.

P(H)= o(X v *@u)+ by, (3)

Where, P (H) denotes a neuron activation probability of the hidden layer in CRBM, o
denotes a sigmoid activation function, 'v' denotes an input from the visible layer, ¢,,,weights
between the visible layer and hidden layer, ' ' denotes a convolution operator, b,, denotes a bias
of the hidden layer. If neuron activation probability P (H) = 1, then the input is transferred into
the maxpooling layer. The activation probability of each neuron in the max-pooling layer is

obtained by calculating the maximum activation probability 'P (H) = 1"in the hidden layer.

The next layer is the max pooling layer, where the feature process is executed to reduce
the input dataset's spatial dimensions through the feature selection process. It helps reduce
computational complexity and memory usage. Gaussian Process Regression is applied to select
the relevant features in that layer, reducing the input dataset's spatial dimensions. Gaussian
Process regression is a machine learning method used to measure the relationship between the

features and reduce the disease prediction's computational burden.

Gaussian process regression is a machine learning technigque used to analyse the extracted

feature with the testing features related to the brain tumour.

|Fi—F

0=ew(5E) @

Where @ denotes a regression output, F;and F; denotes a feature vector, |Fi —Fj|

Indicates an absolute difference between the values of two feature vectors, 'v' indicates a

deviation. The regression provides the output ranges from 0 to 1.
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Where Z denotes a max pooling output, here, the regression output Q is more significant
than threshold 'T", then the feature is selected as relevant ‘RF". The regression output Q is lesser
than the threshold 'T", then the feature is selected as irrelevant '[F'. Based on a regression output,
the max pooling output minimises the dimensionality of the dataset by removing the irrelevant
features with their data samples and selecting the more relevant features with their data samples
for accurate cardiovascular disease detection.

Then, the reduced dimensionality output is given to the next CRBM for classification. In
CRBM 2, the visible layer receives the selected features set for healthcare data analytics

concerning disease prediction.

The Tversky similarity measure is used to perform healthcare data analytics with training
samples and testing data samples. It is formulated as follows,

Sy NS

TS = G 250 B Gy 50

(6)

Where TS indicates a Tversky similarity coefficient, S, denotes training data
samples, S, indicates testing data samples, S, N S; indicates a mutual dependence between the
training and testing data samples, S,, N S; indicates a variance between the training and testing
data samples. From (6), a and g represent parameters of the Tversky index (a, = 0). The

coefficient ( TS) provides the resultant value between [0, 1].

1; Disease presence
0; Disease absence

TS = { )

Where, if the coefficient TS returns 'l', the data samples are classified as disease
presence. Otherwise, the data samples are classified as disease absence. In this way, accurate

healthcare data analytics is performed.

In the fine-tuning phase, the error is measured for each classification output as the
squared difference between the actual and predicted classification output as follows,

e = [Actual-g — Predictedg]* (8)
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Where ‘e’ represents the error after the classification, Actual-grepresents the actual
classification output,Predicted.r represents the predicted classification output. In order to
minimise the error, the proposed technique utilises the Nesterov Accelerated Gradient method in

the proposed technique to update the weight.

On = Qora —N b (9)

de
09o1d

be=6b_y +(1-06) [5>—| (10)

Where, ¢, denotes an updated weight, ¢,;4 denotes a current weight, n denotes a

learning rate(n < 1). A higher learning rate allows the classifier to learn faster than the lesser

de
0¥old

value, ' [ ] denotes a partial derivative of the error 'e’ relating to current weight ' @', bs

Initialised to 0, common default value & = 0.9. This process is repeated until the classification
output reaches minimal error and higher accuracy. Below are the algorithmic steps for the
Gaussian Process Regressive accelerated gradient Convolutional Deep Belief Neural
Classification (GPRACDBNC).

/[Algorithm 1: Gaussian Process Regressive accelerated gradient Convolutional Deep Belief

Neural Classification

Input: Dataset 'DS', features F = {F,,F, F5, ..., E,} , Samples'S = {§,,5,,53, ..., S}’

Output: Improve healthcare data analysis

Begin

Step 1: Collect the features F = {F,, F, F5, ..., E,} and Samples'S = {S;,5,,S5, ..., S;p}' from
dataset

Step 2: Input features 'F' and Samples' S' given to visible layer

Step 3: For each features F and Samples' S’

Step 4: Formulate the neuron activation probability using (2) (3)

Step 5: End For

Step 6:  For each features

Step 7:  Compute relationship using (4)

Step8: If(Q >T) then
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Step 9: Feature is said to be relevant
Step 10: Elseif (Q <T) then
Step 11: Feature is said to be irrelevant

Step 12: Endif
Step 13:  For each relevant feature with training samples

Step 14: For each testing samples

Step 15: Measure the tversky similarity using (6)
Step 16: If (TS = 1) then

Step 17: Samples is classified as "disease presence'
Step 18:  else If (TS = 0) then

Step 19: Samples is classified as "disease absence'

Step 20: End if

Step 21: End for

Step 22: End for

Step 23: For each classification results

Step 24:  Compute the error rate using (8)

Step 25:  Update weight based on error rate using (9) (10)

Step 26:  Repeat process until find minimum error

Step 27:  Obtain the final classification results at the output layer
Step 28: End for

End

Algorithm 1 describes the step-by-step process of healthcare data analytics by applying a
Gaussian Process Regressive Accelerated Gradient Convolutional Deep Belief Neural Network
Classification. First, the number of features and data samples are given as input to the visible
layer of the GRBM. Gaussian process regression is employed to select the more relevant features
and remove the irrelevant ones. The relevant features are then given as input to the visible layer
of the next GRBM. The Tversky similarity is measured between the training and testing samples.
Based on the similarity value, the output is either '1' or '0". If the output is '1', the samples are
correctly diagnosed as disease present. Otherwise, samples are classified as disease-absent. After

classification, the error rate is calculated based on the actual and predicted output results. To
Cuest.fisioter.2025.54(2):3704-3734 3716
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minimise this error, the Nesterov Accelerated Gradient method is applied to update the weights.
This process is repeated until the error in the disease prediction process is minimised. Finally,

accurate disease prediction results are obtained.
4. Experimental Setup

This section implements an experimental assessment of the proposed GPRACDBNC
method and existing TSF-CNN [1] and CNN-Bi-LSTM [2] using Python, a high-level general-
purpose programming language. The cardiovascular disease dataset is utilised to experiment and

taken from https://www.kaggle.com/sulianova/cardiovascular-disease-dataset. This dataset

includes 13 attributes or features and 70000 instances. This dataset aims to perform healthcare
data analytics for cardiovascular disease presence or absence. For the experimental
consideration, the number of instances or patient data ranges from 5000, 10000, 15000 ....50000.

5. Performance comparison analysis

In this section, the performance of the GPRACDBNC method and existing TSF-CNN [1]
and CNN-Bi-LSTM [2] are evaluated with various metrics, classification accuracy, precision,

recall, and F-measure, classification time with different numbers of patient data.

Classification accuracy: it is a metric used for medical data analytics. It is measured as the
ratio of the number of samples classified accurately to the total number of samples. The formula

for computing the classification accuracy is given below.
CA=YL, 22100  (11)

Where classification accuracy 'CA' is measured based on the number of correctly
predicted.'S;,' and the total number of samplesS;' respectively. It is measured in terms of
percentage (%).

Precision, also known as the positive predictive value, measures the accuracy of the positive
predictions made by the classifier. It is the ratio of true positives to the total number of positive
predictions (both true and false positives). The precision rate is mathematically computed as

given below.

TP
Pre =
TP+FP

(12)

Cuest.fisioter.2025.54(2):3704-3734 3717


https://www.kaggle.com/sulianova/cardiovascular-disease-dataset

S.Sathishkumar1, Dr.P.Parameswari2 Gaussian Process Regressive Accelerated
Gradient Convolutional Deep Belief Neural \i

Classification for Healthcare Data Analytics

Where precision 'Pre' is obtained based on the true positive rate 'TP' (i.e., diseased
diagnosed as it is, diseased as diseased and non-diseased as non-diseased) and the false positive

rate 'FP' (i.e., non-diseased as diseased) respectively.

Recall: Recall, also known as sensitivity, measures the proportion of actual positive instances
correctly identified by the classifier. It is defined as the ratio of true positives to the total number

of actual positives (true positives) and false negatives. The recall rate is measured below.

(13)

TP
TP+FN

Rec =

Where recall rate 'Rec’ is measured by taking into consideration true positive 'TP' and

false negative 'FN' (i.e., diseased as non-diseased) respectively.

F-measure: it is also called F1-Score and is used to evaluate the performance of a classification
model. The harmonic mean of precision and recall provides a single score that balances both

metrics.

FM = 2 % PrexRec (1 )

Pre+Rec

Where F-measure 'FM' is measured by considering precision '‘Pre' and recall 'Rec’
respectively. High F1-Score Indicates a good balance between precision and recall, meaning the
classifier performs well in identifying positive instances while minimising false positives and
false negatives. A low F1 score indicates an imbalance between precision and recall, indicating

that the classifier incorrectly classifies many instances as positive (low precision).

Classification time: it is the performance metric for healthcare data analytics. It is the amount of
time the algorithm consumes for classifying the data samples. The overall time consumption is

mathematically represented below.
CT =YL,S; x Time [Class] (15)

Where 'CT" indicates a classification, 'S;" indicates a medical data sample, Time [Class]
denotes an actual time consumed for classifying one sample. It is measured in terms of

milliseconds (ms)
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Table 2 Comparison of classification accuracy

Samples Classification accuracy (%)
GPRACDBNC TSF-CNN CNN-Bi-LSTM
5000 99 97.24 96.22
10000 98.56 93.56 90.56
15000 97.12 92.05 90.05
20000 95.56 91.56 88.56
25000 93.45 89.05 87.05
30000 95.56 92.22 90
35000 96.22 935 91.55
40000 97.56 94.5 92.89
45000 97.04 93.56 91.45
50000 94.56 92.05 90.05
__100 -
S 98 1
> 96 -
Q
S 91
3 o ‘ = GPRACDBNC
2 90 - 1
S o ‘. m TSF-CNN
.§ 86 + i “ = CNN-Bi-LSTM
'2 84
5 82 1]
80 -
© O O P P O OO E®
°3QQ \QQQ \‘DQQ %QQQ qﬁ?QQ %QQQ n§DQQ @QQ beQ SQQQ

Samples

Figure 3 depicts the performance outcomes of classification accuracy using the
GPRACDBNC method and existing TSF-CNN [1] and CNN-Bi—LSTM [2]. In this figure, the
horizontal axis represents the number of data samples, ranging from 5000 to 50000, while the
vertical axis shows the classification accuracy. Among the three methods, the GPRACDBNC
demonstrates notably improved performance compared to the existing methods. For example,
with 5000 data samples considered in the first iteration, the GPRACDBNC method achieved an

Figure 3 Performance outcomes of classification accuracy
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and 96.22%, respectively. Ten different results were observed for each method with varying data
samples. These results were compared to evaluate the performance of the GPRACDBNC method
against the existing methods. The overall comparative analysis indicates that the classification
accuracy of the GPRACDBNC method improved significantly by 4% and 6% compared to [1]
and [2], respectively. This improvement is achieved due to the application of the Convolutional
Deep Belief Neural Network, which enhances the accuracy of cardiovascular disease prediction.
The Tversky similarity is measured for each training and testing sample in the given dataset.

Based on these similarity values, the GPRACDBNC method distinguishes between disease

presence and disease absence samples, enhancing accuracy.

Table 3 Comparison of precision

Gaussian Process Regressive Accelerated
Gradient Convolutional Deep Belief Neural
Classification for Healthcare Data Analytics

Samples Precision
GPRACDBNC TSF-CNN CNN-Bi-LSTM
5000 0.994 0.966 0.945
10000 0.975 0.942 0.922
15000 0.967 0.933 0.915
20000 0.952 0.925 0.905
25000 0.94 0.911 0.89
30000 0.953 0.925 0.887
35000 0.947 0.927 0.905
40000 0.967 0.935 0.911
45000 0.974 0.942 0.918
50000 0.983 0.933 0.905
Cuest.fisioter.2025.54(2):3704-3734 3720
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Figure 4 Performance outcomes of precision

In Figure 4, the performance outcomes of precision are depicted against the number of
data samples, ranging from 5000 to 50000. Three methods, namely the GPRACDBNC method
and existing TSF-CNN [1] and CNN-Bi-LSTM [2], are utilised to evaluate precision during the
classification. The horizontal axis represents the number of data samples, while the vertical axis
represents precision. The results demonstrate that the GPRACDBNC method achieves higher
precision than the other two conventional deep learning methods. It is evident from the
experiment where 50,000 samples were taken from the dataset. By applying the GPRACDBNC
method, precision performance using the GPFRACDBNC method [1], [2] was found to be 0.994,
0.966, and 0.945, respectively. Various results were observed for each method with different
counts of input samples. The observed results of the GPRACDBNC method are compared with
the existing deep learning methods. The overall comparison reveals that the precision in
accurately detecting disease is enhanced by 3% compared to [1] and 6% compared to [2] when
applying the GPRACDBNC method. This improved performance is achieved by utilising the
Convolutional Deep Belief Neural Network, which utilises the Tversky similarity for analysing
the training and testing samples in the given dataset. In addition, the Nesterov Accelerated
Gradient method also minimises the error in the output class labels, enhancing accuracy with a

better true positive rate and minimising false positives during cardiovascular disease prediction.
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Table 4 Comparison of recall

Samples Recall
GPRACDBNC TSF-CNN CNN-BI-LSTM
5000 0.995 0.974 0.954
10000 0.974 0.955 0.925
15000 0.956 0.932 0.911
20000 0.932 0.915 0.895
25000 0.928 0.906 0.887
30000 0.92 0.903 0.896
35000 0.936 0.900 0.874
40000 0.955 0.925 0.893
45000 0.974 0.945 0.911
50000 0.965 0.935 0.907
1.
0.98 -
0.96
0.94
= 0.92 '
g 09 - | L = GPRACDBNC
088 1 HITnn | = TSF-CNN
0.86 11 [ _
0.84 ] 5 CNN-Bi-LSTM
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Figure 5 Performance outcomes of recall

Figure 5 presents the performance outcomes of recall versus the number of training
samples ranging from 5000 to 10000 for three methods: the GPRACDBNC method existing
TSF-CNN [1] and CNN-Bi-LSTM [2]. These methods are used to evaluate recall. The
horizontal axis denotes the number of data samples, while the vertical axis represents recall
performance. The GPRACDBNC method performs comparatively better in achieving recall than
[1] and [2], as shown through statistical analysis. For instance, with 5000 data samples, the
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GPRACDBNC method achieved a recall performance of 0.995, while the existing methods [1]
and [2] achieved 0.974 and 0.954, respectively. Comparing the GPRACDBNC method with the
existing methods, the recall performance is improved by 3% and 5% over [1] and [2],
respectively. The proposed deep learning classifier employed in the GPRACDBNC method is

the squared difference between the actual and predicted outputs, thereby reducing false negative

rates in classifying disease presence or absence in the classification process.

Table 5 Comparison of F-Measure

Samples F-Measure
GPRACDBNC TSF-CNN CNN-Bi-LSTM
5000 0.994 0.969 0.949
10000 0.974 0.948 0.923
15000 0.961 0.932 0.912
20000 0.941 0.919 0.899
25000 0.933 0.908 0.888
30000 0.936 0.913 0.891
35000 0.941 0.913 0.889
40000 0.960 0.929 0.901
45000 0.974 0.943 0.914
50000 0.973 0.933 0.905
1 —
0.98
0.96 -
© 0.94 -
3 092 -
< 09 - |' i ; = GPRACDBNC
L 0.88 1] —H : wi mTSF-CNN
0.86 {1 # CNN-Bi-LSTM
0.84 1
0.82 -
\} \} Q Q \} \} \} Q
TP LSS
Samples
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Figure 6 Performance outcomes of F-Measure

Figure 6 illustrates the performance analysis of the F-measure versus the number of data
samples taken in the ranges from 5000 to 50000 from the cardiovascular dataset. The F-measure
is calculated based on precision and recall performance. The observed results indicate that the
GPRACDBNC method provides improved performance in the F-measure analysis compared to
conventional deep learning methods. In the first iteration, 5000 data samples were considered to
evaluate the performance analysis of the F-measure. The GPRACDBNC method achieved a
precision of 0.994 and a recall of 0.995, resulting in an overall F-measure of 0.994. TSF-CNN
[1] achieved a precision of 0.966 and a recall of 0.974, leading to an overall F-measure of 0.969.
CNN-BIi-LSTM [2] achieved a precision of 0.945 and a recall of 0.954, resulting in an overall F-
measure of 0.949. This quantitative analysis indicates that the GPRACDBNC method
outperformed the existing methods in achieving a higher F-measure in healthcare data sample
classification. On average, across ten comparisons, the GPRACDBNC method's F-measure

improved by approximately 3% and 6% compared to [1] and [2], respectively.

Table 6 Comparison of Classification Time

Samples Classification time (ms)
GPRACDBNC TSF-CNN CNN-Bi-LSTM
5000 38 47 65
10000 45 59 72
15000 57 67 86
20000 66 79 94
25000 78 91 112
30000 87 107 136
35000 95 121 148
40000 115 145 157
45000 127 155 176
50000 146 178 210
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Figure 7 Performance outcomes of Classification time

Figure 7 illustrates the performance outcomes of classification time using three different
methods. The figure directly correlates with the number of data samples involved in experiments
and the classification—the overall time increases while the number of data samples increases.
However, the GPRACDBNC method demonstrates minimised classification time compared to
existing deep learning techniques. Consider 5000 data samples for experimentation. The time
consumption for computing one data sample is 0.0076ms using the GPRACDBNC method,
resulting in an overall time consumption of 38ms. For TSF-CNN [1], the time consumption for
computing one data sample is 0.0094 ms, with an overall time consumption found to be 47ms.
Using CNN-Bi-LSTM [2], the time consumption for computing one data sample is 0.013ms,
leading to an overall time consumption of 65 ms. Different counts of input data samples yield
various performance results for all methods. The overall results indicate that the classification
time of the GPRACDBNC method is considerably reduced by 19% and 33% compared to [1]
and [2], respectively. This improvement is achieved due to the application of significant feature
selection processes. The Gaussian Process Regression (GPR) is employed in the GPRACDBNC
method to select the most relevant features and remove the irrelevant ones by setting a threshold
value. Subsequently, classification is performed with these relevant features and their data

samples, reducing the classification time.
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6. Conclusion

In this paper, an improved healthcare data analytics system based on a deep learning
method is proposed, aimed at enhancing the medical surveillance of patients. The GPRACDBNC
method performs relevant feature selection from the dataset using Gaussian Process Regression,
resulting in minimised time consumption for patient data sample analysis. Following this, a
Convolutional Deep Belief Neural Network utilises the Tversky similarity for analysing the
training and testing samples and classifies the results as either disease presence or absence.
Based on this analysis, accurate healthcare data analytics are performed. A comprehensive
experimental evaluation uses various performance metrics such as classification accuracy,
precision, recall, F-measure, and classification time concerning the number of data samples. The
overall performance results illustrate that the proposed GPRACDBNC method achieved higher
accuracy, precision, recall, and F-measure with minimal time compared to conventional deep

learning methods.
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1. Classification accuracy

* 100 = 99%
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CA (GPRACDBNC) = =

4862
CA (TSF — CNN) =

= 0
=000 " 100 = 97.24%

4811
CA (CNN-Bi — LSTM) =

— 0
£000 * 100 = 96.22%

Samples Classification accuracy (%)
GPRACDBNC TSF-CNN CNN-Bi-LSTM
5000 99 97.24 96.22
10000 98.56 93.56 90.56
15000 97.12 92.05 90.05
20000 95.56 91.56 88.56
25000 93.45 89.05 87.05
30000 95.56 92.22 90
35000 96.22 93.5 91.55
40000 97.56 94.5 92.89
45000 97.04 93.56 91.45
50000 94.56 92.05 90.05
Precision
_ TP
Pre = b ¥ Fp
_ 3200 _
Pre (GPRACDBNC) = m = 0.994

Pre (TSF — CNN) = 2300 _ 0966
re ~2300+80
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Q

LS

Pre (CNN-Bi — LSTM) = 2100 _ o4
re - 2100+ 120
Samples Precision

GPRACDBNC TSE-CNN CNN—Bi-LSTM
5000 0.994 0.966 0.945
10000 0.975 0.942 0.922
15000 0.967 0.933 0.915
20000 0.952 0.925 0.905
25000 0.94 0.911 0.89
30000 0.953 0.925 0.887
35000 0.947 0.927 0.905
40000 0.967 0.935 0.911
45000 0.974 0.942 0.918
50000 0.983 0.933 0.905

2. Recall
oo TP
““TTP+FN
Rec (GPRACDBNC) = 3200 _ 4995
ec 3200+ 15
Rec (TSF — CNN) = 2300 _ 1974
ec ~2300+60
Rec (CNN-Bi — LSTM) = 2100 _ 954
ec B 2100+ 100
Samples Recall
GPRACDBNC | TSE-CNN CNN=Bi-LSTM
5000 0.995 0.974 0.954
10000 0.974 0.955 0.925
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15000 0.956 0.932 0.911

20000 0.932 0.915 0.895

25000 0.928 0.906 0.887

30000 0.92 0.903 0.896

35000 0.936 0.9 0.874

40000 0.955 0.925 0.893

45000 0.974 0.945 0.911

50000 0.965 0.935 0.907

4. F-measure:
Pre x Rec
FM = 2>|<Pre+Rec
0.994 * 0.995
FM(GPRACDBNC) = 2 * 0994 T 0995 — 0.994
0.966 * 0.974
FM(TSF — CNN) = 2 * 0966 30974 0.969
_ 0.945 x 0.954
FM(CNN-Bi — LSTM) = 2 * 0945 7 0953 — 0.949
Samples F-Measure
GPRACDBNC TSF-CNN CNN-Bi-LSTM

5000 0.994 0.969 0.949
10000 0.974 0.948 0.923
15000 0.961 0.932 0.912
20000 0.941 0.919 0.899
25000 0.933 0.908 0.888
30000 0.936 0.913 0.891
35000 0.941 0.913 0.889
40000 0.960 0.929 0.901
45000 0.974 0.943 0.914
50000 0.973 0.933 0.905

5. Classification time
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n
CT = ZSi * Time [Class]

=1
CT (GPRACDBNC) = 5000 * 0.0076ms = 38ms
CT (TSF — CNN) = 5000 % 0.0094ms = 47ms

CT (CNN-Bi — LSTM) = 5000 * 0.013ms = 65ms

Samples Classification time (ms)
GPRACDBNC TSF-CNN CNN-Bi-LSTM
5000 38 47 65
10000 45 59 72
15000 57 67 86
20000 66 79 94
25000 78 91 112
30000 87 107 136
35000 95 121 148
40000 115 145 157
45000 127 155 176
50000 146 178 210
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