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Abstract

Heart disease or Cardio-vascular disease is considered as a fatal illness that continues to increase faster in our
modern world, in 2012, around 17.5 million individuals kicked the bucket from coronary illness, implying that it
comprises of the 31% of every single worldwide passing. Besides, coronary illness loss of life rises each year. This
research aims at applying and improving a deep learning technique to detect Cardio-Vascular Disease using 1D
Convolutional Neural Network, to also evaluate the performance of the proposed system and compare it with the
existing system. Since medical big data has been increasing daily and data storage costs decreasing, deep learning
algorithms can play an important role in processing these medical data and predicting diseases. With the help of
the deep learning (CNN) Classifier algorithm, the research was able to build a deep-learning model. We obtained
a precision of 83.9% a recall of 83.9% and an F-Measure of 83.9% which shows that our proposed system
outperforms the existing system.
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1. Introduction

Heart disease or Cardio-vascular disease is considered as a fatal illness that continues to increase faster in
our modern world. World Health Organization (WHO) expects that the number of deaths will add up by
24.5 in 2030 (Nabaouia, Meryem & Bouabid 2019). Many factors may cause heart disease. The changing
in lifestyle, smoking, food habits, physical activity, obesity, and diabetes also biochemical factors like blood
pressure or glycemia.

In 2012, around 17.5 million individuals kicked the bucket from coronary illness, implying that it
comprises of the 31% of every single worldwide passing. Besides, coronary illness loss of life rises each
year. It is relied upon to develop more than 23.6 million by 2030 Rubini et al., (2022). The exploration from
the January 2017 demonstrated that the main source of death worldwide is cardiovascular infections. The
cardiovascular malady is considered as a world's biggest killer and is currently taking the top position in
the record of ten reasons for passing in the previous 15 years and in 2015 was numeration for fifteen million
passing. Various human lives could be spared by diagnosing on schedule (Hossam, 2019). Along these
lines, diagnosing the syndrome is significant and an exceptionally muddled undertaking. For this reason,
it’s compulsory to record critical heart carriage depending on each type of heart disease and provide a
system that helps doctors making correct and efficient decisions while diagnosing. Medical diagnosis is, in
fact, a classification mission where a doctor tries identifying the defect by analyzing the values of a number
of characteristics. That task is generally based on a variety of algorithms.
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On one hand, traditional ways on diagnosing heart disease are ECG, occultation and taking
measures of blood pressure, blood sugar, and cholesterol. However, those technics are expensive and
consuming in time. On the other hand, Machine learning algorithms (Support Vector Machine, Bayes
Naive, K-Nearest Neighbour etc) makes the diagnosis of CVD an opportune solution that reduces extremely
the time processing and increases the prediction performance. Previous works have used machine learning
algorithms to diagnosis heart disease. Unfortunately, the accuracy, sensitivity, and specificity were so poor.
Not only that, but the performance metrics that they have used to evaluate their results insufficient. The
remaining part of this paper is organized as follows; Section 2 contains related works, Section 3 presents
the methodology used in the research while Section 4 presents the results and discussion obtained and
finally Section 5 is the conclusion and future work

2. Related Work

The traditional healthcare system uses expert’s knowledge to diagnose and predict medical issues.
However, the experts can miss data new patterns and the definition of feature space. As a solution, machine
and deep learning approaches can predict and extract those patterns and feature space automatically
(Yazhini, & Loganathan, 2019). The increasing of digital healthcare data has driven the data medical
research based on machine and deep learning techniques. Those techniques are powerful for big data and
perform well in feature representation and pattern recognition Yu et al., (2019). Dataset is used to feed a
neural network, which delivers a prediction, a diagnosis, a treatment or a follow up in the healthcare system.
For example, deep learning approaches have been used in applications related to visual feature extraction,
speech identification, and textual analysis. Healthcare monitoring involves the use of wearable devices and
smartphones, which transfer data to mobile apps or a medical center. That data can be complex and noisy,
where deep learning model offers a novel and efficient solutions for healthcare data. Thus, the goal of using
deep learning is representation, where input data features can be represented by training multilayer neural
network effectively Yu et al., (2019).

Deep learning builds neural networks based on the structure of the brain by being inspired from
neuroscience. Deep neural networks (DNN) approaches can learn classification and feature representation
from raw data Hung et al., (2019). A deep architecture is accomplished by adding more hidden layers to
the neural network, which allows capturing nonlinear relationships Ravi et al., (2017). Traditional deep
learning applications have been implemented using only one modality (i.e., or multimedia data) such as
text, image, audio or video. In multimodal applications, deep learning solutions analyze all the information
from different modalities to find logical connections between all of them to make decisions that are more
accurate (Chen, 2019). Deep learning approaches have influenced medical applications.

They are useful to handle multi-modality data, learn relationship among data, extract predictive
models, and analyze data patterns in real time. For example, deep learning can capture patterns of patients
from clinical data to make predictions or to diagnose diseases. By monitoring a patient for a period,
accumulated clinical data can be analyzed by specialized personnel to make prognosis. DNN allow
identification of clinical notes, where it can extract information from unstructured text. In addition, early
warning can be done since DNN will help to detect and diagnose a disease early as well as to do preventive
treatment, consequently reducing healthcare cost and saving lives Yu, et al., (2019). Deep learning
combined with large volume of data and GPU enable to explore medical data to achieve precision medicine
Yu, et al., (2019). In medical image, it is hard to extract handcrafted features, whereas deep learning
simplifies that extraction and improves the precision in diagnosis. Used deep learning structures in
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healthcare are CNN, recurrent neural networks (RNNs), and Auto Encoders (AEs) (Yazhini, & Loganathan,
2019). CNNs are based on their shared-weights convolutional kernels as well as characteristics of
translation invariance Li, et al.(2019). This is the deep learning model more used in clinical applications
(e.g., image diagnosis, electrocardiogram monitoring, image segmentation, and diagnose from clinical
notes Li, et al.,(2019). It detects anomalous findings in different modality images such as histology or
tomography scans in large-scale images from thousands of patients. In addition, low-level features are
learned and fine-tuned using different images and networks (Lu & Harrison, 2018). Using CNN has helped
to reduce the vanishing gradient problem, fortify feature propagation, allow feature reuse, and reduce the
number of parameters (Huang, Liu, Maaten & Weinberger,2017). RNNSs, in turn, are a powerful tool for
varying length sequences such as audios, videos, and sentences (Guo, Wang, Wang, 2019).

In the research conducted by Dritsas, (Alexiou, & Moustakas, 2022) the researchers evaluated risk
for CVD occurrence on participants (men and women) especially aged older than 50 years with the aid of
Machine Learning (ML) models; Logistic Regression classifier, Naive Bayes, Support Vector Machine
(SVM) and Random Forest they obtained 72.1% Accuracy, recall and 78.4% AUC. The limitation of the
work is the utilization of deep learning models and techniques as they can provide complex decision
boundaries and thus better fit the training data. Rubini, P. et al., (2022) conducted a Comparative analysis
of machine learning techniques like Random Forest (RF), Logistic Regression, Support Vector Machine
(SVM), and Naive Bayes in the classification of cardiovascular disease and obtained the following results
Random Forest 84.81%, SVM 74.05%, Naive Bayes 54.08%. The future direction of this work is to use
similar prediction systems can be built in calculating correlation between heart diseases and other diseases.
Also new algorithms can be used to achieve increased accuracy. Amzad, et al., (2021) also conducted a
comparative assessment of three machine learning techniques namely Random Forest (RF), Decision Tree
(DT), and Logistic Regression (LR) and obtained an accuracy score of 92.10%. A web application that
integrates these methods and uses a larger dataset than the one used in this study might be developed in the
future. Agsa, et al., (2021) proposed a Machine Learning based Cardiovascular Disease Diagnosis
(MaLCaDD) framework for the effective prediction of cardiovascular diseases with high precision with the
following methodology Ensemble of Logistic Regression and K-Nearest Neighbor (KNN) and obtained an
accuracy of 99.1%, 98.0% and 95.5 % are achieved respectively for the two classifiers. For the future work
they intended to share the real time evaluation results of MaLCaDD on different patients. (Sachin, Ahmad,
Ishan, Bina, & Xi, 2020) proposed a hypothesized that machine learning (ML) could be used for gut
microbiome—based diagnostic screening of CVD using the following classifiers Decision tree, random
forest; and SVM and achieved a promising AUC of =0.70 with a single parameter of stool gut microbiome
data. In future, it will be of interest to further calibrate and improve predictive capability of ML modeling
by including more samples from different sources or stratifying specific types of CVD incorporated with
combinatorial features such as health records. (Hana, & Manal, 2021) proposed an automatic detector of
cardiovascular disease using two datasets through a deep learning network and a variety of machine learning
classification models as Support Vector Machine (SVM), Decision Tree Classifier (DT), Logistic
Regression, K Nearest Neighbor (KNN), and Naive Bayes (NB) with the following results Random Forest
94%, Gradient Boosting 73% accuracy, 73% Recall, 73% F1-score, and 74% Precision. Varun et al. (2023)
proposed an integrated system that uses deep neural network and CBR for detecting the severity of heart
disease their proposed system diagnosed cardiovascular disease among patients based on their clinical data
using a deep neural network and obtained a detection accuracy of 96.2%. (Khan & Elfouly, 2023) proposed
a hybrid one-dimensional convolutional neural network (1D CNN), which uses a large dataset accumulated
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from online survey data and selected features using feature selection algorithms, the non-coronary heart
disease (no-CHD) and CHD validation data showed an accuracy of 80.1% and 76.9%, respectively

3. Methodology

This paper employed the used of deep learning using convolutional neural network algorithm and the
experiment was carried out in WEKA simulation environment.

3.1 Proposed System

The architecture for the proposed system is presented below in figure 1 with five components which
includes: Dataset, Data preparation and the classifier.

T
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Framingham

v

Data
Preprocessing

~Z

1D (CNN)

NO

YES

(Absent of Heart
Disease)

(Heart Disease)

Figure 1 architecture of the proposed system
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3.1.1 Dataset

3.1.2

3.1.3

At the course of this thesis, the Framingham dataset will be used as it is one of the frequently used datasets
and it contains all the necessary attributes which can help us in the prediction of CVD diseases. The dataset
is a rather small subset of possible FHS dataset, having 4240 observations and 16 features. The features are
as follows:

i.  sex:the gender of the observations. The variable is a binary named “male” in the dataset.
ii. age: Age at the time of medical examination in years.

iii. education : A categorical variable of the participants education, with the levels: Some high school
(1), high school/GED (2), some college/vocational school (3), college (4)

iv. currentSmoker: Current cigarette smoking at the time of examinations
v.  cigsPerDay: Number of cigarettes smoked each day

vi. BPmeds: Use of Anti-hypertensive medication at exam

vii. prevalentStroke: Prevalent Stroke (0 = free of disease)

viii. prevalentHyp: Prevalent Hypertensive. Subject was defined as hypertensive if treated
ix. diabetes: Diabetic according to criteria of first exam treated

x.  totChol: Total cholesterol (mg/dL)

xi. sysBP: Systolic Blood Pressure (mmHg)

xii. diaBP: Diastolic blood pressure (mmHg)

xiii. BMI: Body Mass Index, weight (kg)/height (m)"2

xiv. heartRate: Heart rate (beats/minute)

xv. glucose: Blood glucose level (mg/dL)

xvi. And finally the response variable : + TenYearCHD : The 10 year risk of coronary heart
disease(CHD).

Data Pre-processing

A preprocessing step will be carried out in order to clean and extract more useful information from the
dataset. The age will be dropped and three new columns will be added representing an age range: young,
adult and elder. In the same way, the feature resting BP will be converted into three new columns for lowBP,
mediumBP and highBP. Lastly, the Cholesterol feature will also be converted into three categorical
columns which determine the risk: low, medium, high. One hot encoding technique will be applied on three
features: ChestPainType, RestingECG and ST Slope. At the end of this process, we have a dataset made up
of 24 features. A k-fold cross-validation will be carried out with 10 folds for all of the experiments in order
to avoid randomness.

Data Classification for Convolution Neural Network

Convolutional neural networks can take two-dimensional data, such as images, as input and are capable of
extracting complex features from that data. This information is extracted using filters (kernels). In the
training process, the filter weights will be adjusted to carry out an accurate feature map of each class. In the
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architecture of a CNN, each convolutional layer must be followed by a pooling layer. The pooling layers

are responsible for reducing the overfitting and the number of network parameters so that the computation

is not so heavy. The most widely used type of pooling is Max-pooling, which acts by selecting the maximum
value of each window. The last layers of the convolutional network have to be dense layers to be able to
carry out the classification of the features extracted by the kernels.

The research is going to use the RMSprop optimizer because of the following advantages to medical dataset:

RMSprop (Root Mean Square Propagation) offers several advantages that is beneficial when working with

a heart disease dataset:

i Adaptive Learning Rates: RMSprop adapts the learning rates for each parameter individually based
on the magnitude of the gradients. This can be advantageous when dealing with features in a heart
disease dataset that may vary significantly in scale.

ii. Effective Handling of Sparse Gradients: RMSprop can handle sparse gradients well, which may be
beneficial if your heart disease dataset has missing or sparse data.

iii.  Robustness to Noisy Gradients: RMSprop's use of a moving average of squared gradients can provide
some robustness to noisy or erratic gradients, which may be present in medical datasets.

iv.  Convergence Speed: RMSprop often converges faster than traditional stochastic gradient descent
(SGD) because of its adaptive learning rate mechanism. This can be advantageous when dealing with
large and complex heart disease datasets.

V. Less Sensitive to Learning Rate Hyperparameter: RMSprop is less sensitive to the choice of the initial
learning rate compared to vanilla SGD. This property can simplify hyperparameter tuning.

When working with a heart disease dataset, experimenting with different optimizers, including RMSprop,
and tuning hyperparameters is crucial to find the best-performing model for your specific task.

4. Results and Discussion

These sections of the paper described the analysis of the learned representations in predicting cardiovascular
disease using deep learning (1D CNN) and compare the performance of the classifiers with the existing
system. At the course of this research, the Framingham dataset was used as it is one of the frequently used
datasets and it contains all the necessary attributes which can help us in the prediction of CVD diseases.

Database: Number of instances:

Instances: 367

Attributes: 12

The column number 12 contains the output class which can be 1 (Presence of heart disease) or 0

(Absence of Heart disease).

The experiment was carried out on WEKA 3.9.6 an open source machine learning scripting software. The
figure 2 below shows the Home Page of the software with different features like Explorer, Experimenter,
KnowledgeFlow, Workbench and Simple CLI.
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@ Progam Visualization Tools Help Weka GUI Chooser = X
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Figure 2: Home page of WEKA 3.9.6 software

The figure below shows the output of the CNN classifier with 84% correctly classified instances and 16%
incorrectly classified instances

480



KjJjc

Kasu Journal of Computer Science Vol. 1 No. 3 [September,

2024], pp. 474-488

https://doi.org//10.47514/kjcs/2024.1.3.006

Online ISSN: 1597-2216
Print ISSN: 1597-2178
www.kjcs.edu.ng

& weka-3.86

ka Explorer
Preprocess  Classify  Cluster  Associate  Select attributes  Visualize  DI4j Inference
Classifier

Choose DMjMipClassifier -S 1 -cache-mode MEMORY -early-stopping "weka.dl4]

Test options.
Use training set

Classifier output
Model Summary:

pping -max

X: Probability Cost Function (Num)

n NN" Lnae b"
Weka Classifier Visualize: CostCurve. (Class value Presence of Heart Disease)

(=1

) = Q 8

) &

© Sat10Feb 08:42

el

'RECIONALS Artifical Neutral SCreenshot

v | Y: Normalized Expected Cost (Num)

Supplied test set Set... Colour: Threshold (Num) v Select Instance
Cross-validation Folds | 10 VertexName (VertexType) nIn,n0ut TotalParams ParamsSha Reset Clear Open Save Jitter @
Percentage split % 60 input (InputVertex) = < = 6
. Output layer (OutputLayer) 18,2 38 W:{18,2}, Plot: CostGurve
More options... 1
Total Parameters: 38
(Nom) Heart Disease v Trainable Parameters: 38
Frozen Parameters: ©
Start Stop
Result list (right-click for options) . .
08:37:40 - functions.DI4iMipClassifier Time taken to build model: 9.15 seconds
=== Evaluation on test split ===
Time taken to test model on test split: .15 seconds 0.5
=== Summary ===
Correctly Classified Instances 308 83.923
Incorrectly Classified Instances 59 16.076
Kappa statistic 0.6751
Mean absolute error 0.2161
Root mean squared error 0.3465
Relative absolute error 43.688 %
Root relative squared error 69.5465 %
Total Number of Instances 367
0
=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measur ciass colour
0.808 0.135  0.833 808 0.821
0.865 0.192 0.844 0.865 0.854 0.0039 2.5
Weighted Avg. 0.839 0.166 0.839 0.839 0.839 i &
=== Confusion Matrix m
a b < classified as
135 32 | a = Absence of Heart Disease center for WARDC deeplearning MLP
27 173 | b = Presence of Heart Disease peace.pdf RESEAR...FT).docx output
Status
OK Log
.
& weka-3.86 ™) = Q 8 © Sat10Feb 08:41
‘ee0e0 Weka Classifier: Cost/Benefit Analysis - functions.DI4jMIpClassifier (class = Presence of Heart Disease)
X: Sample Size (Num) ~ | Y: True Positive Rate (Num) v X: Sample Size (Num) ~ Y: Cost/Benefit (Num) v
Colour: Threshold (Num) v Select Instance o Colour: Threshold (Num) | Select Instance »
Reset Clear Open Save Jitter @ Reset Clear Open Save Jitter @
Plot: ThresholdCurve Plot: Cost/Benefit Curve
1 _(F,_J—————_ 200
—
r..—?’
0.5 1 128 \
§ %
W
° . 56 T J/
0 0.5 1 L] 0.5 1
Threshold
(® % of Population % of Target (recall) ) Score Threshold td "'9: ‘;‘f";‘;‘;‘;f g
. Score Threshold: 0.997
Confusion Matrix Cost Matrix
Cost: 200
Predicted (a) Predicted (b) Predicted (a) Predicted (b) Random: 200
0 200 Gain: 0
0% 54,59 Actual (a): Presence of Heart Disease 0.0 1.0 Actual (a)
d A167 Maximize Cost/Benefit
o% I 45,59 Actual 0 Absence of Heart Disease 0 o0 Acall). Minimize Cost/Benefit

Classification Accuracy: 45.5041%

Total Population: 367

Cost Benefit

(€

T i

Figure 3 Output results of CNN

481



m Online ISSN: 1597-2216

Kasu Journal of Computer Science Vol. 1 No. 3 [September, 2024], pp. 474-488 Print 'ﬁ.SNZ %1597'2178
https://doi.org//10.47514/kjcs/2024.1.3.006 WWW.KJCS.edu.ng

From the figures or results above, the two Convolutional Neural Network algorithms performed a
classification task and it shows that the CNN algorithm has the highest precision in classifying the patients
with cardiovascular heart disease in the class label in the experiment.

Also, the results show that CNN algorithm has the highest detection accuracy. Finally, CNN classifier
outperforms the other classifier in carrying out sensitivity, specificity, negative predictive value, false
positive rate, and false negative rate.

A Cardiovascular Disease is evaluated by the measure of accuracy, detection rate and F-measure. Precision
is the percentage of the total number of patients with coronary artery disease that are properly detected. It
is measure with the equation below:
(i). Accuracy (Acc) is one of the most commonly used measures for the classification performance, and it
is defined as a ratio between the correctly classified samples to the total number of samples and is given
by:

TP

AccuracszP+FP ............................................................................... )

(ii). Detection Rate or Recall is described as the number of attacks detected by the proposed technigue to

the total number of attacks truly there (Modi & Jain, 2016).
TP

Detection Rate (Recall) =—————... ...t 2)
TP+FN
2+Precision+Recall
(1), F-MaSUIE = S e (3)
Precision+Recall

True Positive (TP): it is the number of patients with coronary artery disease that were correctly classified.
False Positive (FP): this is the number of patients with coronary artery disease that were incorrectly
classified as normal.

False Negative (FN): this is the number patients with coronary artery disease that were incorrectly
classified.

Table 1 Percentage of Weighted Average of the CNN Classifiers (Proposed system)

Classifier Precision Recall F-Measure Accuracy
CNN (%) 83.38 83.9 83.9 0.84

Table 1 described the percentages of the weighted average of the convolutional neural network classifiers
that were used to perform the experiment.

In this thesis, the existing system developed by (Khan & Elfouly, 2023) was implemented and the outputs
are given below:

Table 4.3: Comparison of the Proposed System against the Existing System

Precision Recall F-Measure Accuracy
Proposed system  83.38 83.9 83.9 0.83
(Khan & Elfouly, 2023) 75 74 78.59 72.68 0.76
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Figure 4 Graph representing the proposed algorithms and existing system

With the above comparisons of both the existing and the proposed system, it is clear that the deep learning
model of the proposed algorithms outperforms that of the existing system. It will be observed that precision,
recall and the F-measure of the proposed algorithms has more percentage compared to that of the existing
system. Figure 4.4 shows a chart that shows the classifiers of both the proposed algorithms (1D CNN) and
the existing system, the figure shows how the performance of the proposed algorithms outperforms the
existing system.

5. Conclusion

Cardiovascular disease is a life-threatening disease affecting millions of people around the world every year
Asadi et al., (2021). Hence, early prediction of cardiovascular disease can benefit patients and healthcare
professionals by providing the information they need to minimize death and reduce costs. Since medical
big data has been increasing daily and data storage costs decreasing, deep learning algorithms can play an
important role in processing these medical data and predicting diseases. With the help of the deep learning
(CNN) Classifier algorithm, the research was able to build a deep-learning model. The model was trained
and tested by a dataset.

The research can be concluded that deep learning can play an important role in our healthcare
system. Traditionally, diagnosis of the disease was performed by standard procedures and doctor’s
intuitions which had limitations and led to costly expenses, but with machine learning models, diagnosis
can be done on large datasets cost-effectively, we obtained a precision of 83.3% a recall of 80.8% and an
F-Measure of 82.1% which shows that our proposed system outperforms the existing system.

. In the future this research can be improved by using other unsupervised machine learning (deep
learning) like LSTM, using Autoencoder for the feature extraction.
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