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ABSTRACT 

In the present world, heart disease is an important factor for the increased mortality rate. As 

the proper identification of a person's health condition is very important, offering medicinal 

services with smart techniques to diagnose and treat disease will decrease the chance of 

errors made by doctors as well as improve the patient's health. In this paper, we introduce an 

efficient heart disease prediction model by the use of deep learning. Here, deep neural 

network (DNN) is used to classify the presence of heart disease or not. The simulation 

outcome ensures that the DNN is superior to the compared methods such as random tree 

(RT) and multilayer perceptron (MLP). The presented DNN model accurately identifies the 

presence or absence of heart disease with the accuracy of 90%, precision of 86.83%, recall of 

96.67% and AUC of 95.30%. 
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INTRODUCTION 
 
 In the past decades, heart disease becomes widespread and it becomes an important 

reason for the global increase in mortality rate. Several characteristics of heart disease have 

influenced the proper functioning of the heart. The current healthcare model, the limited 

professional to diagnose the disease manually results to imprecise results and the data related 

to the different disease is also not adequate or lacks in the preciseness since they are gathered 

from diverse kinds of medical devices. It is hard to detect the disease easily and precisely by 

the physicians. Hence, the physicians fail to properly diagnose one-third of the patients are 

not having heart disease which makes them face life-threatening problems. It is a major 

problem in present days since the Americans have a higher risk of having heart disease and 

are likely to rise up to 46% in 2030.1 Since the chest pain and fatigue is the most widely 

occurring symptoms for various diseases, it is hard to easily detect the heart disease and 50% 

of a patients health condition does not show any symptoms till their first heart stroke. 2 In 

many cases, the exploration of biomarkers that is an indicator to represent the severity level 
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of the disease is recommended.3 However, it requires a number of tests and is investigated 

together. 

 Most of the physicians utilize the regulations provided by the American Heart 

Association (AHA)4  that considered 8 commonly available risk factors like hypertension, 

cholesterol, smoking, and diabetes 5. But, this risk evaluation method is impractical as it 

depends on the linear relationship among the available risk factors. The physicians should 

also have the knowledge to understand the result of the medical tests that might differ from 

patient to patient and it needs massive knowledge. So, it is needed to use computer-based 

methods to diagnose heart disease that will be helpful for the physicians to detect the disease 

at a faster rate. Presently, various heart disease prediction models based on soft computing 

approaches have been presented. Particularly, the combination of different methods to create 

hybridized methods has been analyzed. 

 Machine Learning (ML) and data mining approach eliminates the requirement of 

physicians and the probability of human errors which leads to increased classification 

accuracy.6 ML approaches employ consistent prediction methods using the learned 

relationship among variables in the input data. It avoids the oversimplification of the 

predefined diagnostics model like AHA regulations. Generally, a neural network (NN) 

method attains an accuracy of 76% and is proved that it properly identify more than 7.6% 

instances compared to AHA measures. 

 
Figure 1. Steps Involved in Data Classification 

 
 Several types of research have concentrated on the use of the artificial neural network 

(ANN) to enhance the process of diagnosing heart diseases. In7, it is found that the NN design 

with 2 hidden layers leads to an accuracy of 94%. It concentrates on the multiplicity of risk 
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factors during the construction of a prediction model for classifying the features prior to the 

determination of probable diagnostics. They reported that NN is found to be efficient in 

investigating instances when it not possible to develop a good mathematical model.  

 At the present days, various soft computing methods has been introduced to diagnose 

heart diseases. Most of the heart disease detection model comprises of two levels: feature 

selection and classification. The process of selecting required number of features takes palce 

in the first level with no availability of unwanted attributes. The model will classify the data 

in the second level. The classification process takes palce, i.e. every patient is allocated to a 

particular class based on the required features chosen for it8. The existing heart disease 

prediction model is given in Fig. 1. In this paper, we devise a deep learning based heart 

disease prediction model to achieve high classification performance. The presented model is 

based on the default fully-connected NNs. For constructing the DNN architecture to detect 

heart disease, any one framework can be chosen from the present ones like TensorFLow, 

Keras, and so on. The DNN based heart disease diagnosis model is tested using the Statlog 

(Heart) dataset from UCI repository. The experimental part takes place using attribute 

description and results analysis under various classification measures. 

  The rest of the manuscript is arranged here. Section 2 presents the DNN model. 

Section 3 provides the results analysis of the DNN model. Section 4 presents the conclusion 

of the work. 

PROPOSED DEEP LEARNING BASED HEART DISEASE 
PREDICITON MODEL  

OVERVIEW 

 The presented heart disease detection method make use of default fully-connected NNs. 

For constructing the DNN architecture for disease prediction, any on the presently existing 

frameworks can be employed namely TensorFlow9, Keras, PaddlePaddle, Caffe, 

MagmaDNN10, etc. A high complexity fundamental unit of DNN is the matrix-matrix 

multiplication (GEMM), which is available to use through highly optimized math libraries 

like CUBLAS, CUDNN, MKL, MAGMA, and so on. Since the available data is not enough 

to train the model, DNN parameterization in Python by the use of NumPy. It is used as a 

backend tool for linear algebra routines required. The code is vectorized for routine, 

represented on the basis of matrix-matrix multiplications, and hence it is found to be simply 

portable to C/C++ code. It offers logical and effectiveness portability among different 

computing architecture models. The presented model and the implementation is based on11. 
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FLEXIBLE DNN DESIGN 

 The design, notion and the important computation procedure involved in the work is 

shown in Fig. 2. From the figure, we can see that the NN is arranged into 𝐿 fully-connected 

’layers’ (𝑘 =  1, . . . , 𝐿) with 𝑛  nodes (or artificial neurons)/ layer which operates together to 

predict the presence of disease. The connection among the layers k− 1 and 𝑘 are indicated by 

numerals, saved in the form of matrix 𝑊  of sizes 𝑛 × 𝑛 , and vector 𝑏  of length 𝑛 . 

Hence, when the input values for the 𝑘 layer is provided by the values at the 𝑛  nodes of 

layer 𝑘 − 1, are indicated as a vector 𝑎 of size 𝑛 , the output of layer 𝑘 is a vector of 

size 𝑛  , defined as the matrix-vector product 𝑊 𝑎 + 𝑏 . Since the training process will 

be carried out consequently with a batch of 𝑛  vectors, the input 𝑎  is a matrix of 𝐴 , 

𝑛  ×𝑛  size and the output is indicated by a matrix-matrix products 𝑍 = 𝑊 𝐴 + 𝑏 , 

where ”+” appends 𝑏  to every 𝑛 columns of the resultant matrix. 

 
 

Figure 2. DNN model  

MAIN DNN BUILDING BLOCKS 

 The Forward propagation procedure represented by the steps 0, . . . , 𝐿, indicates a non-

linear hypothesis/prediction function 𝑃 , (𝑋) = 𝐴 for the provided input 𝑋 and predefined 

weights 𝑊, 𝑧. The weights are altered in such a way that the prediction 𝑃 , (𝑋) comes nearer 

to the known output saved in Y/ it is called as classification problem and it is a kind of 

supervised learning. The alteration of 𝑊 is considered as a minimization problem on a 

convex cost function 𝐽, and is given in Eq. (1): 

min
,

𝐽(𝑊, 𝑧), 𝑤ℎ𝑒𝑟𝑒𝐽(𝑊, 𝑧) = −
1

𝑁
𝑦 log 𝑃 , (𝑥 ) + (1 − 𝑦 ) log 1 − 𝑃 , (𝑥 )     (1) 

 It is resolved using a batch stochastic gradient descent approach which is an iteration 

procedure of utilizing batches of 𝑛𝑧 training instances at a time. The derivatives of 𝐽 on the 

basis of the weights (W and z) are obtained from the layers by the use of chain rule to 

differentiate the composition of functions. It is determined by the backward propagation 
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steps𝐿 + 1, . . . , 2𝐿, and employed to alter the corresponding weights 𝑊 , 𝑧  in the iterated 

training procedure of every layer 𝑖 as: 

𝑊 = 𝑊 − 𝜆𝑑𝑊 ; 𝑧 = 𝑧 − 𝜆𝑑𝑧                         (2) 

where 𝜆 is a hyperparameter called as learning rate. The σ , ..., σ  are the activation functions 

(probably dissimilar) for the various layers of the network, and 𝜎' are their derivatives. 

ALGORITHMIC OPTIMIZATION 
 
 Regularization is a default method which eliminates the overfitting using the 

penalization of large weight values. DNN aims to allocate higher weight values for particular 

training data points that signifies to a high variance. Regularization assist to resolve the issue 

of high variance on training data that enhances the classifier results interm of accuracy during 

the testing process. It is generally carried out by including the penalty term as given in Eq. 

(3): 

||𝑊, 𝑧||                                                                   (3) 

 where ||𝑊, 𝑧|| is indicates a sort of weights, e.g., L1 or L2. The regularization 

parameter α requires a penalty on large weights, hence, ensure that the overfit training data is 

not needed.  

 A benefit is that it can avoid the process of learning the data from outliers that is 

needed for tiny dataset like Stalog dataset employed in this study. It makes the outliner 

present in the dataset; however, it reduces the possibility of learning from the available 

values. So, in this study, regularization is added to the proposed model to analyze the 

probable enhancements in the accuracy by minimizing overfitting and thereby minimize the 

impact of any outliers. 

EXPERIMENTAL VALIDATION 

Dataset 
 The experimental analysis of the DNN model takes place using the benchmark Stalog 

(Heart disease) dataset 12 from UCI repository. The details of the dataset is given in Table 1. 

The table shows that the dataset holds a total of 270 instances in which 150 and 120 instances 

shows the absence and presence of heart disease respectively. The dataset contains a total of 

13 attributes and the attributes are clearly depicted in Fig. 3.  
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Table: 1 dataset description 
(Source: http://archive.ics.uci.edu/ml/datasets/statlog+(heart)) 

Dataset Source 
Instanc
e count 

Attribute 
count 

Classe
s 

Absent/Present 

Stalog (Heart) UCI 270 13 2 150/120 

Results analysis  

 Table 2 shows the attained results of the DNN model on the applied dataset in terms 

of accuracy, precision, recall [12] and AUC. Comparative results are made with the existing 

RT and MLP models. Fig. 4 also shows the comparison of attained results interms of 

different classification measures. From the table and figure, it is evident that the DNN shows 

excellent performance with maximum accuracy, precision, recall, and AUC. İt is noted that 

the DNN attains the highest accuracy of 90% whereas the compared RT and MLP achieves 

only a lower accuracy of 76.30% and 72.22% respectively. İn same way, it is observed that 

the presented DNN obtains a maximum precision of 86.83%. However, the existing RT and 

MLP offer a minimum precision of 78.29% and 73.01% respectively. Similarly, the recall 

value of the DNN model is 96.67 which is higher than the values attained by the RT and 

MLP. İn line with, the projected DNN exhibits maximum classifier results with a maximum 

AUC of 95.30. And, the RT and MLP show inferior results with the lower AUC values of 

76% and 59% respectively.   

 

 
Figure 3. Attribute Description 
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Table: 2 comparison of classifier performance  
Algorithm Accuracy Precision Recall AUC 
DNN 90.00 86.83 96.67 95.30 
RT 76.30 78.29 79.33 76 
MLP 72.22 73.01 79.33 59 

 

 

Figure 4. Result Analysis of the DNN Model  

 From the figure, it is evident that the DNN shows maximum results with a higher 

AUC value. From the given tables and figures, it is clearly examined the superiority of the 

DNN model over the compared methods. Here, it is proved that the MLP offers worse 

classification results than RT and DNN. At the same time, the MLP outperform RT, but it 

fails to outperform DNN. İn overall, the DNN depicts as a novel method to predict the 

presence or absence of heart disease at a faster rate. 

CONCLUSION 
 This paper has presented an efficeint heart disease identication tool based on DNN. The 

presented model is based on the default fully-connected NNs. The DNN based heart disease diagnosis 

model is tested using the Statlog (Heart) dataset from UCI repository. The experimental part takes 

place using attribute descriton and results analysis under various classification measures. The 

presented DNN model accurately identifies the presence or absence of heart disease with the accuracy 

of 90%, precision of 86.83%, recall of 96.67% and AUC of 95.30%. 
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