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Abstract 

In the recent years, the number of people passing away due to heart attack has increased a lot. The 

lifestyle changes of the 20th century have made people more prone to heart attacks. This paper 

presents a heart disease classification system using deep learning. The individual parameters causing 

the heart attack are analysed in terms of risk factor. The risk factor analysis has helped to access the 

role of each parameter at a personal patient level. The risk factor analysis has led to discovery of 

redundancy present in the datasets and thereby providing input on how accuracy can be increased. 

The proposed model used Convolution Neural Network (CNN) to classify the heart data. The UCI 

heart dataset is used to validate the proposed method. A custom dataset is constructed with new real-

time parameters which has been recently discovered. The proposed method has achieved better 

accuracy when compared to the existing counterparts. 

Keywords: Heart attack, Convolution Neural Network, risk factor analysis 

1. Introduction 

In this recent modern world, the most common increasing disease is cardiovascular disease (CVD). 

Almost 17 million people are dying each year due to the cardiovascular disease specifically heart strokes 

and attacks [1] which is estimated based on the World Health Organization (WHO). The collection of 

information relevant to the vital symptoms and health habits contributing for CVD is essential. Before 

making CVD diagnosis involving blood pressure, ECG, auscultation, blood sugar, and cholesterol, 

different tests are carried out. It should have to take the medication immediately if a condition of the 

patient may be crucial as these tests are consuming more time. So, it leads to the vitality of prioritization 

of tests [2]. Most of the health habits result in CVD but it’s very essential to understand which health 

habits are contributed to CVD. Machine learning is one of the emerging fields due to the increased data 

amount that assists in gaining of knowledge from a large amount of information which leads to the 

burden for human-beings and it’s not possible in some situations [3]. To predict and make classification 

of Heart disease, the application of machine learning methods have been examined by previous research 

studies. From novices to experts, the machine learning community uses the information extensively for 

understanding the empirical data. By using this repository, various research and academic papers have 

been made. At UCI Irvine, David Aha and fellow students were created this repository in 1987. From 

four institutions [4], the data is collected which includes in Heart disease dataset.  

1. University Hospital, Zurich, Switzerland. 

2. V.A. Medical Center, Long Beach, CA.  

3. Hungarian Institute of Cardiology, Budapest. 

4. Cleveland Clinic Foundation.  
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The Cleveland Clinic Foundation is provided the data set which is used for this study. Robert Detrano, 

M.D, Ph.D. was facilitated this dataset because of the less missing values and the information is utilized 

by the research community [5].  

Most of the human lives affected by heart disease which is one of the most crucial human diseases 

across the world. The required amount of blood is not able to push by the heart to other body parts if in 

case a human being is suffered from heart disease. To prevent the heart failure and to treat accordingly, 

it’s very essential to diagnose the heart disease on time accurately. In various aspects, traditional 

medical history for on diagnosis of heart disease is unreliable. Noninvasive-based techniques like 

machine learning are considered as reliable and efficient for making the classification of people who 

are healthy and who are suffered from heart disease. A system of machine-learning-based diagnosis 

was developed for prediction of heart disease based on the dataset. The heart disease (HD) is one of the 

life deadliest and complex human diseases. To fulfil the normal functionalities of body, the heart is not 

having a capability to supply the sufficient blood to other parts of a body in this disease. Ultimately, it 

leads to the heart failure [6]. In the United States, heart disease could be occurred with a higher rate [7]. 

The heart disease has included some symptoms like breath shortness, fatigue with related signs, physical 

body weakness, and swollen feet. The non-cardiac or cardiac functional abnormalities have been caused 

the elevated peripheral edema and elecated jugular venous pressure [8]. To detect the heart disease, the 

techniques of investigation have been utilized and they were resulted in complexity and it is one of the 

significant reasons that effect on the life standards [9]. Specifically in the developing countries, the 

diagnosis and treatment of heart disease has become very complicated owing to the shortage of 

physicians and non-availability of diagnostic apparatus and other resources which could impact on the 

predicting and treatment of heart patients properly [10]. For reducing the severe associated risks of 

issues in a heart and ensuring the safety for heart [11], it’s essential to diagnose the patients of heart 

disease properly and accurately. 26 million adults across the world and 3.6 million were diagnosed 

every year based on the reports of European Society of Cardiology (ESC). The financial budget of 3% 

in health-care department involves the management of heart disease concerned costs [12] and 50% of 

people are suffering from HD in the period of initial 1 or 2 years.   

From the report of physical examination, the medical history of patients, and medical experts’ on 

concerned symptoms are assessed by considering the invasive-based methods to diagnose the heart 

disease. Owing to the human errors, all of these methods are causing imprecise diagnosis mostly and 

the results of diagnosis will be getting delayed. Additionally, the diagnosis and treatment for heart 

disease is too expensive, complex and time-taken process in computational analyzations [13]. Based on 

multiple classifiers and selection methods of features, various experiments are made on medical data 

sets. A small research has been conducted on the heart disease dataset’s classification. Good accuracy 

of classification [14] has showed by most of those researches. Tan et al. [15] demonstrated the use of 

Genetic Algorithm (G.A) and Support Vector Machine (SVM) with wrapper approach. From the 

repository of Irvine UC machine learning, five data sets are collected such as hepatitis, Iris, diabetes 

disease, breast cancer disease, and heart disease for proceeding to the experiment. In case of heart 

disease, 84.07% of accuracy is achieved after implementation of hybrid GA and SVM approach. The 

accuracies of 78.26%, 76.20%, and 86.12% are obtained for all diabetes data, breast cancer, and 

hepatitis disease respectively. Otoom et al. [16] has been proposed a system to analyse and follow-up. 

The presented system is used to detect and monitor the coronary artery disease. From the UCI, 

Cleveland Heart data is collected. 76 attributes or features and 303 cases are contained in this dataset. 

Out of 76 features, 13 features have been utilized. For the purposes of detection, two tests with three 

algorithms have been carried out such as Functional Trees FT, Support vector machine, and Bayes 

Naïve. Additionally, the WEKA tool is also exploited to detect the cardio vascular diseases. By using 

the technique of SVM, the accuracy of 88.3% is obtained after conducting the Holdout test. Bayes and 



European Journal of Molecular & Clinical Medicine 
ISSN 2515-8260 Volume 07, Issue 11, 2020 

 
 

954 
 

SVM were provided the accuracy of 83.8% in the cross-validation test. After using the FT, 81.5% of 

accuracy is retrieved. With the use of algorithm of the Best First selection, the 7 best features are chosen. 

Cross-validation tests are exploited for validation. FT, SVM, and Bayes Naïve have been provided the 

accuracy results of 84.5%, 85.1%, and 84.5% respectively with the implementation of test to the 

selected 7 best features.  

Parthiban et al. [17] was proposed automatic learning approaches to diagnose the diabetic patients. By 

utilizing the tool of WEKA, SVM and Naïve Bayes algorithms are implemented. From the Chennai 

Research Institute, a dataset of 500 patients are gathered and it is utilized in this system. Among them, 

358 patients are not having the disease and 142 patients are suffering from the disease. The accuracy 

result of 74% is provided based on the algorithm of Naïve Bayes. However, the highest value of 

accuracy is achieved with the SVM i.e., 94.60%. Chaurasia et al. [18] was recommended to use the 

approaches of data mining for identifying the heart disease. The data mining tool of WEKA has been 

considered based on a set of approaches of machine learning. In this perspective, bagging, J48, and 

Naïve Bayes are utilized. The UCI dataset has 76 attributes. Bagging, Naive bayes, and J48 have been 

achieved the accuracies like 85.03%, 82.31%, and 84.35% correspondingly. On this data set, a better 

classification rate is provided by the bagging. Vembandasamy et al. [19] was used the algorithm of 

Naïve Bayes to diagnose the heart disease. In Naïve Bayes, the theorem of Bayes is utilized. A powerful 

principle of independence has included in Naïve Bayes. The collection of data is done from one of the 

essential research institutes based on diabetes in Chennai. The data about 500 patients is included in 

this data set and the WEKA tool is exploited. Based on the 70% of the Percentage Split, classification 

is performed and the accuracy of 86.419% is offered by Naïve Bayes. By using predictive models of 

machine learning like fuzzy logic (FL), Naïve Bayes (NB), AdaBoost (AB), logistic regression (LR), 

decision tree (DT), artificial neural network (ANN), SVM, k-nearest neighbour (k-NN), and rough set 

[20-21], a non-invasive medical result assistive system for resolving the complexities in heart disease 

invasive-based diagnosing. Various researchers have been developed this system and were used for 

heart disease diagnosing widely. The death rate of heart disease can be decreased [22] owing to the 

machine-learning (ML) based classification. In different studies, the report of diagnosis for heart disease 

is prepared using the ML based system. Various researchers [23] were used the data mining repository 

of the University of California Irvine (UCI) which is provided the dataset of Cleveland heart disease 

online. To investigate the different issues of classification relevant to the heart diseases based on various 

classification algorithms of machine learning, researchers have been preferred to use this dataset.  

Detrano et al. [24] has been demonstrated the proposed logistic regression for the classification of heart 

disease and achieve an accuracy of 77% in a classification. Based on the global evolutionary 

approaches, the Cleveland dataset [25] has been utilized and high prediction performance could be 

achieved. To choose the features, the study is specifically utilized the feature selection methods. Thus, 

the approach’s classification performance is relied on the chosen features. For classification of heart 

disease, support vector machine and multilayer perceptron (MLP) have been used by Gudadhe et al. 

[26]. The accuracy of 80.41% is obtained with the proposed classification system. A heart disease 

classification system was designed by Kahramanli and Allahverdi [27] and it uses a hybrid technique 

which includes the integration of an artificial neural network and a fuzzy neural network. A 

classification accuracy of 87.4% could be achieved with the proposed classification system. A system 

of expert medical diagnosing heart disease was proposed by Palaniappan and Awang [28] and machine 

learning techniques have been implemented such as ANN, decision tree, and Naïve Bayes in the system. 

The performance accuracy of 86.12% is obtained with the predictive model of Naïve Bayes. An 

accuracy of 88.12% is retrieved with the ANN which is the second-best predictive model and 80.4% is 

achieved with correct prediction using a decision tree classifier. Olaniyi and Oyedotun [29] have been 

demonstrated the three-phase model using ANN for diagnosing the heart disease and to achieve the 
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accuracy of 88.89%. In the systems of healthcare, the proposed system could deploy easily. Das et al. 

[30] was focused on a proposing of an ANN ensemble-based predictive model which allows the 

diagnosis of heart disease. By using the classification system, the system of statistical analysis is used 

for enterprise miner 5.2 and it is achieved 95.91% of specificity, 80.09% of sensitivity, and 89.01% of 

accuracy. For heart disease, a diagnostic system was designed by Jabbar et al. [31] and feature selection 

algorithm and multilayer perceptron based back propagation learning algorithm are used. The higher 

performance could be achieved in terms of accuracy with the proposed system. The authors were 

designed an integrated medical system of decision support using Fuzzy AHP and ANN. Artificial neural 

network, machine learning algorithm, and Fuzzy analytical hierarchical processing have been utilized. 

The proposed system of classification achieves the accuracy of 91.10% in classification.  

2. Neural networks 

2.2.1 The formal neuron 

It is by drawing inspiration from the biological neuron that McCulloch and Pitts have had the idea of 

the formal neuron (Figure 1) as early as 1943. Let x be a vector of dimension m, coordinates x 1 , x 2 , 

..., x m and y a scalar [32]. The vector x constitutes the input of the artificial neuron and the 

scalar are output.  

 

Figure 1 - Formal neuron 

A formal neuron is made up of two parts: 

- a linear portion such as 𝑠 = 𝑤→𝑇 . �⃗� + 𝑏 with coordinates �⃗⃗⃗�, 𝑤1, 𝑤2, … . , 𝑤𝑚 the vector of synaptic 

weights and b the bias; 

- a "non-linear" part where we apply an activation function such that �̂� = 𝑓(𝑠). Historically this 

activation function was the "scale" function (𝐻(𝑥) = 0 𝑖𝑓 𝑥 ≤ 0 𝑎𝑛𝑑 𝐻(𝑥) = 1 𝑖𝑓 𝑥 > 0), but today 

there are a large number of activation functions on which we will come back to later.  

The formal neuron, despite its simplicity, is capable of solving pro- binary classification lems: there can 

be interpreted as the probability to be in the "class 1" if 𝑠 = 𝑤→𝑇 . �⃗� + 𝑏 and in “class 0” if 𝑠 ≤ 0. The 

vector �⃗⃗⃗� is perpendicular to the hyperplane equation 𝑤→𝑇 . �⃗� + 𝑏 = 0. This hyperplane constitutes the 

decision boundary (separation between classes 0 and 1 mentioned above). 
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2.2.2 Layer of formal neurons 

A formal neuron is only able to deal with problems of 2-class classification. To deal with multiclass 

problems, it is necessary to be sure to use several formal neurons [33]. If we have k classes, it will take 

use k formal neurons (see Figure 2).  

 

Figure 2 - Association of formal neurons 

With k classes, we will then have: 𝑠 = 𝑥→𝑇 . 𝑊 + �⃗⃗� , with W the matrix of weight of size m × k and �⃗⃗� a 

bias vector of size k . In the case of the multiclass classification we will use the softmax activation 

function for each output �̂�𝑛: 

�̂�𝑛 =
exp 𝑠𝑛

∑ 𝑒𝑥𝑝𝑘
𝑝=1 𝑠𝑝

 

2.2.3 Multilayer network and deep network 

The monolayer neural network seen previously is insufficient for deal with problems with nonlinear 

decision boundaries. To deal with this kind of problem, it is necessary to add a hidden layer, we then 

speak of multilayer perceptrons in figure 3 [34].  

 

Figure 3 - Multilayer Perceptron 

In order to increase the expressiveness of the system (ability to "simulate" more and more complex 

functions), it is possible to add a large number of hidden layers, we are then dealing with a neural 

network deep. The output of each neuron connects to the in- the neurons of the next layer, we then speak 

of neural network "Fully connected". 
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2.2.4 Supervised learning 

The parameters of a neural network (the weight matrix W and the vectors our biases b that we will now 

group together under the notation), can be determined through supervised learning [35]. The idea is to 

use a training set A = {( x 1 , y ∗ 1 ) , ( x 2 , y ∗ 2 ) , ..., ( x N , y ∗ N )} 𝐴 = {(�⃗�1, �⃗�1
∗), (�⃗�2, �⃗�𝑁

∗ )}, in order 

to entail n the network by adjusting the parameters 𝜃 of the network 𝑓𝜃 .  

 

Figure 4 - Deep network 

It will then be possible using this network 𝑓𝜃 to determine a value �⃗̂� = 𝑓𝜃(�⃗�) from a Input x not 

belonging to the training set A. To achieve this training, we will use a cost function: 

𝐽(𝜃) =
1

𝑁
∑ 𝑔(𝑓𝜃(�⃗�𝑖), �⃗�𝑖

∗)

𝑁

𝑖=1

 

with N the number of couples �⃗�, �⃗�∗ contained in the training set A. There are many possibilities, which 

we will see later, for the choice of the cost function, but this function must be differentiable and 

continuous. The idea being to minimize this cost function 𝐽(𝜃) on the set training, we will use the 

gradient descent algorithm for adjusting the neural network parameters θ: 

𝜃𝑡+1 = 𝜃𝑡 − 𝜂
𝜕𝐽

𝜕𝜃
 

with 
𝜕𝐽

𝜕𝜃
 the gradient of the cost function with respect to 𝜃 and η the rate of presentation. We apply this 

gradient descent algorithm until the convergence(||∇𝜃𝐽||
2

= 0). The choice of the learning rate is 

importance, indeed if η is too small, we will have a too slow convergence, whereas an η too large will 

lead to an oscillation which will also make the conversion difficult. 

The gradient descent algorithm uses the back propagation of the gradient of the cost function. The 

calculations are done in two stages: a first so-called "forward" step, where the neural network is 

traversed from the input to the output to calculate the cost function. We t𝐽(𝜃)hen have a so-called 

“backward” step, where the network is traversed from the exit to the entrance in order to calculate the 

derivatives necessary for the calculation of the gradient of the function cost ∇𝜃𝐽 . 

To obtain the gradient, one should normally perform the calculations on all the learning examples, but 

with a large number of these calculations take a long time to perform. Instead of performing these 

calculations on the dataset, the stochastic gradient descent algorithm (SGD) calculates an approximation 
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of the gradient on each data (the order data processing is random, hence the term stochastic). To obtain 

a better approximation of the gradient, it is also possible to choose an intermediate solution: instead of 

performing the calculations after each example, we can work on a subset of the training set (this subset 

is called “mini-batch”). During a session training (called “epoch”), all the examples will have been 

used. Note that by abuse of language the term SGD is often used for this mini-batch treatment. 

3. Convolutional Neural Networks 

A deep learning model with high learning efficiency known as convolutional neural network was 

proposed in 2006. Different layers are involved in the basic structure of CNN such as output layer, Fully 

connected layer, input layer, pooling layer, and convolution layer. Different inputs have been 

considered by pooling layer and convolutional layer generally. Using convolutional layer and sampling 

layer alternately that is one volume that build-up number of hidden layers connect to a pooling layer, 

and then a convolution connects after the pooling layer, and so on. The process is similar to the 

convolution process for why it is named as convolutional neural network as each output feature surface 

in the convolutional layer and its input are connected locally. To get the input value of neuron, local 

inputs are summed and weighted together with the offset value through the corresponding right value 

of connection.  

3.1 Convolutional layer: 

Convolutional layer comprises multiple feature surfaces or Feature Map in which multiple neuron 

groups contain in each feature surface and each neuron connects through the upper layer of local area 

feature surface and the convolution kernel. The kernel of convolution is referred to a weight matrix (a 

3*3 or 5*5 matrix in two dimensions). Based on the operation of convolution, the input with different 

features extracts by the convolution layer of CNN. The low-level features like corners, lines, and edges 

retrieve using the first layer of convolution and more advanced features can extract by higher-level 

volumes layers.  

A structure of CNN is obtained with a smaller convolution kernel. Some of the conclusions are 

described as follows:  

1) The accuracy rate can improve by improving the network depth;  

2) By increasing the number of feature faces, the accuracy can also improve; 

3) A higher rate of accuracy is obtained by adding a fully connected layer to the convolutional layer.  

3.2 Sampling layer: 

After the convolutional layer, the sampling layer or pooling layer follows immediately that includes 

multiple feature faces, each of which has the characteristic surface that corresponds to the upper layer’s 

characteristic surface and will not modify the number of feature faces. The sampling layer input is the 

convolutional layer. A feature surface of the sampling layer and convolutional layer are corresponding 

uniquely each other and the sampling layer neurons are connected to the input layer locally.  

The role of secondary feature extraction is played by the sampling layer which has neurons each of 

which processes the pooling operations on the local receptive field. The most widely used pooling 

methods is the max-pooling which involves the point with the largest value in the receptive field. In the 

domain of local acceptance, the random pooling and averaging of all values is done.  

3.3 Fully connected layer: 

One or more fully connected layers connect in the structure of CNN after sampling layers and multiple 

convolutional layers. The convolutional layer is integrated with fully connected layer or the sampling 
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of local information in the layer is differentiated based on the category. The ReLU function is used by 

each neuron’s activation function for improving the performance of CNN network. The last fully 

connected layer’s output value is passed to an output layer and it is termed as softmax layer that can 

utilize the softmax logistic regression (Softmax regression) for the purpose of classification. The 

selection of a suitable loss function is essential for a particular category.  

The structure in the fully connected layer of MLP and CNN is similar in general. The algorithm of BP 

uses the CNN training algorithm. The retaining of test data is performed poorly if a training of large 

feed forward neural network is done on a small data in the collection owing to the high capacity. 

Although the hidden layer neuron’s output value is 0.5, some hidden nodes fail, and the probability 

reaches to 0 through the technology, the regularization utilizes in the method of fully connected layer 

i.e. dropout technology to restrict the training of over-fitting. In the procedures of forward propagation 

and post propagation of CNN, these nodes are not participated for each input of sample into the network. 

The corresponding structure of a network is not similar but all structures share weights owing to the 

dropout technology randomness. The complexity of adoption between Meta-learning neurons reduces 

by this technology as neurons can’t exist on other particular neurons and it obtains more robust features. 

The technology of ReLU+dropout uses by most researches of CNN and good results have obtained in 

classification performance.  

3.4 Feature surface: 

CNN includes an important parameter of number of feature faces which is set out through an actual 

application. Some features not conducive to the network learning in case of higher number of feature 

faces. If the parameter is lower, some are conducive to the network learning. The network training time 

and the number of trainable parameters will increase when the number of feature faces are higher. This 

is not conducive for models of learning network.  

3.5 Performance Evaluation Metrics 

To verify the classifiers’ performance, different parameters were evaluated in the research. Based on 

the confusion matrix 2*2 matrix which involves 2 repose classes, the prediction of each observation is 

made in one box exactly in this research. Here, two different types of classifiers with correct prediction 

and incorrect prediction have been provided. In Table 2, the confusion matrix is shown.  

Based on confusion matrix, the following parameters can compute such as:  

TP: It indicates the true positive (TP) which is predicted output. The HD subject classification with 

correct measurement is done and heart disease includes in the subjects.  

TN: True negative (TN) is a predicted output that makes an accurate classification of healthy subject 

which is healthy.  

FP: False Positive (FP) is a predicted output that classifies a healthy subject incorrectly and heart disease 

includes in the subject.  

FN: False Negative (FN) is a predicted output which makes the classification of a heart disease 

incorrectly so that heart disease doesn’t include in the subject as it is healthy.  

The positive case indicates by 1 which means diseased and o indicates a negative case i.e. healthy.  

Classification accuracy: It determines the classification system’s overall performance.   

Classification accuracy =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 × 100% 
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Classification error: It provides the overall incorrect classification of the model and is computed as 

follows:  

Classification error =  
𝐹𝑃 + 𝐹𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 × 100% 

Sensitivity: The ratio between the recent data about classified heart patients to the total number of heart 

patients is defined as sensitivity. The sensitivity classifier utilized for detection of positive instances 

like “true positive rate”. It is also called as the true positive fraction which provides the information of 

confirming whether a diagnostic test is positive or negative by including the disease in the subject. By 

using below equation, it is determined:  

Sensitivity (Sn)/recall/true positive rate =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 × 100% 

Specificity: The results of a diagnostic test shows the specificity. The person is healthy when it is 

negative and is described numerically as follows: 

Specificity (Sp)  =  
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 × 100% 

Precision: It is written by using the mathematical equation:  

Precision =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 × 100% 

 4. Experimental Results 

Table 1 shows the Precision (Preci), Sesitivity (Sensi), Specificity (Speci) and Accuracy (Acc) values. 

The tabulated values are obtained when individual values are given as input to the CNN for training. 

This process is performed to assess the importance of each individual parameter. The more the accuracy, 

the more the importance of the parameter in determining whether a person is prone to heart failure. The 

individual parameter accuracy is used to compile the risk factor associated with individual parameter in 

causing a heart attack. This study is important as different parameters have different effect on the 

patients based on their physiology. 

Table.1: Individual parameters accuracy values 

Parameter Class Train Test 

  Preci Sensi Speci Acc Preci Sensi Speci Acc 

Age 
Class 1 0.77 0.60 0.67 

0.62 
0.75 0.51 0.69 

0.57 
Class 2 0.48 0.67 0.60 0.44 0.69 0.51 

Sex 
Class 1 NA NA NA 

1.00 
NA NA NA 

1.00 
Class 2 1.00 1.00 NaN 1.00 1.00 NaN 

CP 
Class 1 0.75 0.79 0.76 

0.77 
0.76 0.65 0.78 

0.71 
Class 2 0.80 0.76 0.79 0.67 0.78 0.65 

trestbps Class 1 0.40 0.55 0.53 0.54 0.38 0.49 0.59 0.55 
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Class 2 0.67 0.53 0.55 0.68 0.59 0.49 

Chol 
Class 1 0.63 0.55 0.57 

0.56 
0.52 0.45 0.57 

0.51 
Class 2 0.49 0.57 0.55 0.50 0.57 0.45 

fbs 
Class 1 1.00 1.00 NaN 

1.00 
1.00 1.00 NaN 

1.00 
Class 2 NA NA NA NA NA NA 

restecg 
Class 1 NA NA NA 

NA 
NA NA NA 

1.00 
Class 2 1.00 1.00 NaN 1.00 1.00 NaN 

thalach 
Class 1 0.70 0.73 0.71 

0.72 
0.60 0.58 0.67 

0.63 
Class 2 0.75 0.71 0.73 0.66 0.67 0.58 

exang 
Class 1 0.56 0.81 0.66 

0.71 
0.51 0.72 0.69 

0.70 
Class 2 0.87 0.66 0.81 0.85 0.69 0.72 

oldpeak 
Class 1 0.59 0.71 0.65 

0.68 
0.62 0.66 0.71 

0.69 
Class 2 0.76 0.65 0.71 0.75 0.71 0.66 

slope 
Class 1 0.74 0.68 0.72 

0.70 
0.73 0.61 0.75 

0.67 
Class 2 0.65 0.72 0.68 0.63 0.75 0.61 

ca 
Class 1 0.68 0.76 0.71 

0.73 
0.66 0.73 0.75 

0.74 
Class 2 0.78 0.71 0.76 0.81 0.75 0.73 

thal 
Class 1 0.64 0.81 0.70 

0.74 
0.66 0.68 0.74 

0.72 
Class 2 0.85 0.70 0.81 0.76 0.74 0.68 

 

The parameters under the study are: 

Table.2: Heart related parameters under study 

Parameter Notation 

Age - 

Sex - 

CP −cp: chest pain type 

− Value 1: typical angina 

− Value 2: atypical angina 

− Value 3: non anginal pain 

−Value 4: asymptomatic 

trestbps resting blood pressure 
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Chol serum cholestoral 

fbs fasting blood sugar >  120 mg/dl 

restecg resting electrocardiographic results 

− Value 0: normal 

− Value 1: having ST wave abnormality 

thalach maximum heart rate achieved 

exang Angina induced by exercise (1 =  yes;  0 =  no) 

oldpeak Exercise related to rest induced the depression of ST 

slope ST segment peak exercise’ slope 

Value 1: upsloping  

Value 2: flat 

Value 3: downsloping 

ca number of major vessels colored by flourosopy(0 − 3)  

thal thal: 3 =  normal;  6 =  fixed defect;  7 =  reversable defect 

 

The risk factor of these parameters needs to be assessed based on their impact on the patient in getting 

a heart attack. In this research, the individual accuracies are used as a basis to assess the risk factor. The 

risk factor is rated on a scale of 1 to 10, 1 being least and 10 being the maximum. The risk factor values 

are shown in table 3. 

Table.3: The risk factor 

Parameter Risk Factor 

Age 5.7 

Sex - 

CP 7.1 

trestbps 5.5 

Chol 5.1 

fbs - 

restecg - 

thalach 6.3 

exang 7 
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oldpeak 6.9 

slope 6.7 

ca 7.4 

thal 7.2 

Based on the individual risk factor analysis, a combination of the features is selected which produces 

the best accuracy. The selected features are thal, ca, slope, oldpeak, exang, thalach, Chol, trestbps, CP, 

Sex and age. 

The results are shown in the tables 4, 5, 6 and 7. Tables 4a show the TP, FP, FN and TN values of 

training. Table 4b shows the precision, sensitivity, and specificity values of training. Table 5 shows the 

confusion matrix of training. 

Table.4.a: TP, FP, FN and TN (Training) 

 Class1 Class 2 

TP 334.00 386.00 

FP 66.00 14.00 

FN 14.00 66.00 

TN 386.00 334.00 

 

Table.4.b: Precision, Sensitivity, Specificity and Accuracy (Training) 

Parameters Actual Classes 

Class1 Class 2 

Preci 0.83 0.96 

Sensi. 0.96 0.85 

Speci. 0.85 0.96 

Model Accuracy                                 0.90 

The total accuracy obtained by the proposed method on the real-time dataset is 90% in the training stage 

Table.5: Confusion matrix (Training) 

 Positive heart attack Negative heart attack 

Positive heart attack 334 66 

Negative heart attack 14 386 

 

Tables 6a show the TP, FP, FN and TN values of testing. Table 6b shows the precision, sensitivity, 

specificity and accuracy values of testing. Table 7 shows the confusion matrix of testing. 
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Table.6.a: TP, FP, FN and TN (Testing) 

 Class1 Class 2 

TP 71.00 115.00 

FP 28.00 11.00 

FN 11.00 28.00 

TN 115.00 71.0 

             

 Table.6.a: Precision, Sensitivity, Specificity and Accuracy (Testing) 

 Class1 Class 2 

Preci 0.72 0.91 

Sensi. 0.87 0.80 

Speci. 0.80 0.87 

Model Accuracy                     0.83 

 

The total accuracy obtained by the proposed method on the real-time dataset is 83% in the testing stage. 

Table.7: Confusion matrix - Testing 

 Positive heart attack  Negative heart attack 

Positive heart attack 71 28 

Negative heart attack 11 115 

 

Each attribute has a different level of impact on different individuals. Each selected parameter has a 

different level of risk factor. The graphs below show the nature of the parameters with reference to 

every patient. The figure 5 (a) to (k) show that every parameter has a different level of risk factor in 

different patients. 

  

a). Age b). Gender 
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c).  Chest pain d). Resting blood pressure 

  

e). Maximum heart rate achieved f). Serum cholesterol 

  

g). Exercise related to rest induced the 

depression of ST 

h). Angina induced by exercise 
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i). number of major vessels colored by 

flourosopy 

j). ST segment peak exercise’ slope 

 

k). thal 

Figure 5. Every parameter and different level of risk factor in different patients 

Table.8: Number of abnormal entries in the dataset 

Parameter Min Value Max Value No. of Entries in Abnormal Range (total – 526) 

Age 29 76 315 

Sex 0 1 - 

CP 0 3 

Value 1 – 134 

Value 2 – 219 

Value 3 – 51 

Value 4 – 0 

trestbps 94 180 335 

Chol 126 564 506 

thalach 96 202 357 

exang 0 1 71 

oldpeak 0 4.2 408 
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slope 0 2 

Value 1 – 158 

Value 2 – 340 

Value 0 – 28 

ca 0 3 111 

thal 0 3 523 

 

A. Real-time Dataset 

A new dataset is constructed for several hospitals in Pune (State of Maharashtra). The parameters that 

are present in the dataset are age, gender, weight, trestbps, restecg, thalach, chol, ca, thal, C-reactive 

protein, D-Dimer. 

Two new markers have been included in the existing parameter list.  

• C-reactive protein (CRP) is a blood test marker for inflammation in the body. 

• D-dimer is a protein fragment from the breakdown of a blood clot. A positive D-Dimer test 

indicates the presence of fibrin degradation products. 

In the risk factor analysis, the two new parameters, CRP and DDimer, obtained a high risk factor values 

of 8.6 and 8.1 respectively. Tables 9a and 9b represent the TP, FP, FN and TN and Precision, Sensitivity, 

Specificity and Accuracy of training respectively. Table 10 shows the confusion matrix of the training.  

Table.9a: TP, FP, FN and TN (Training) 

 Class1 Class 2 

TP 343.00 343.00 

FP 7.00 7.00 

FN 7.00 7.00 

TN 343.00 343.00 

 

Table.9.b: Precision, Sensitivity, Specificity and Accuracy (Training) 

 Class1 Class 2 

Preci.  0.98 0.98 

Sensi.  0.98 0.98 

Speci.  0.98 0.98 

Model Accuracy                               0.98 

 

The total accuracy obtained by the proposed method on the real-time dataset is 98% in the training 

stage. 
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Table.10: Confusion matrix - training 

  Class 1 Class 2 

Class1  344.0 6.0 

Class 2 16.0 334.0 

Tables 11 show the TP, FP, FN and TN values of testing. Table 12 shows the precision, sensitivity, 

specificity, and accuracy values of testing. Table 13 shows the confusion matrix of testing. 

Table.11: TP, FP, FN and TN (Testing) 

 Class1 Class 2 

TP 91.00 89.00 

FP 9.00 11.00 

FN 11.00 9.00 

TN 89.00 91.00 

 

Table.12: Precision, Sensitivity, Specificity and Accuracy (Testing) 

 Class1 Class 2 

Preci.  0.91 0.89 

Sensi.  0.89 0.91 

Speci.  0.91 0.89 

Model Accuracy            0.90 

 

The total accuracy obtained by the proposed method on the real-time dataset is 90% in the testing stage. 

Table: 13: Confusion matrix   

 Positive heart attack  Negative heart attack 

Positive heart attack 91 9 

Negative heart attack 11 89 

 

After a n patient’s data is classified the proposed CNN model, the abnormal parameters in the report 

are identified to analyse the risk the patient possess from individual risk factors. A sample of the 

resultant analysis is shown in table 14. 

Table 14: Abnormal parameters 

Parameters Values 

trestbps 176.000000 

thal 2.000000 

restech 1.000000 

thalach 186.000000 

chol 266.000000 
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Conclusion 

The paper presented a CNN based heart disease classification system. The input data consisted of 13 

parameters on which individual risk factor analysis has been performed. This risk factor analysis is later 

personalized to every patient and used to assess which parameter is most responsible to cause the heart 

attack. Two new parameters namely, CRP and DDimer have been introduced in the real-time dataset 

and their effectiveness in classifying the data has been studied. The proposed method resulted in 

accuracies of 83% and 91% on UCI heart repository and Real-time dataset respectively. 
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