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Heart disease, also known as cardiovascular disease (CVD), is one 
of the main reasons why the death rate is going up around the 
world [1]. Over 12 million individuals die every year from heart 
disease, according to the WHO. Any problem with the heart can 
be called a heart disease. Heart diseases include infections, 
genetic flaws, blood tube diseases, heart valve diseases, and more 
[2]. This makes it harder to pump or circulate the right number of 
bloods to all parts of the body. Heart diseases can be caused by 
many things, like smoking, high blood pressure, cholesterol levels, 
diabetes, being overweight, stress, and so on. A lot of people have 

had chest pain and tiredness, but some didn't know they had them 
until they happened. So, it's important to keep an eye on the signs 
that lead to CVD [3]. Angiography is the most common way to find 
out what's wrong with the heart. But it's very expensive and you 
need to know a lot about technology to do it [4-6].  
Besides that, different tests are used to find out if someone has 
heart disease, such as an ultrasound, an electrocardiograph, 
electrical studies, cardiac perfusion scans, and a tilt table test [7-
12]. But skilled and experienced doctors are needed to find out if 
someone has heart disease. Cardiovascular disease has been 
studied in the past in a number of different ways. The main way 
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that heart disease is diagnosed is with machine learning 
techniques. Because they can pull out the important data from a 
lot of data, machine learning methods are useful [13-15]. A 
decision tree, naive Bayes, a support vector machine, the radial 
source operation, K-NN, and single conjunctive rule classifier 
remain some of ML methods that been floated in past. It was only 
66–86% accurate with these methods, though [16-20].  
So that the sickness isn't misclassified and is found early, an 
automatic method is needed to help find it before it gets worse. 
The main tool used to identify chronic diseases was artificial 
intelligence [21]. An increasing number of experts are interested 
in deep learning algorithms these days since they are good at 
handling complicated tasks [22]. With its help, the model can 
learn more complicated tasks. It instantly learns the traits of the 
given data. 
In medical uses, different deep learning methods are used to 
handle difficult jobs. CNN, proved to be good way towards identify 

heart disease after looking at different algorithms [23]. This is 
because as the levels get deeper, the model is easier to learn, & 
the structures can be shown in short, general way. The long-term 
& short-term memory models is likewise put forward in this effort, 
along with CNN [24]. A time-varying recurrent neural networks is 
what LSTM is. The LSTM is made up of parts that can talk to each 
other and store and send back information as needed [25,26]. This 
is why the CNN+LSTM combination model is suggested, which 
makes the classification more accurate. 
2. Foreground: 
2.1. Convolutional Neural Network: 
One well-known method in ANN is the CNN. It is a type of deep 
learning that is often used in picture processing. This is recognized 
way to get features, and it can be utilised in the sorting process. 
It usually has a fully linked layer, a pooling layer, and a 
convolutional layer. Each stimulus has a weight and an opinion 
that go with it. Figure 1 shows the standard CNN design.  

 
Figure 1. Standard CNN Design 

2.1.1. Convolutional Layer: 
In order to generate the feature map, the convolution of the input 
information using weights is computed in this layer, added to the 
bias, and then sent into the activation function. The next layer 
receives this feature map. The output may be computed using Eq. 

(1) if the value of the input is 𝑥𝑗. 

𝑜𝑗 = 𝑓(𝑏𝑗 + ∑ 𝑤𝑗𝑥𝑗)                             (1)

𝑝

𝑗=1

 

where 𝑤𝑗 is the layer's weight, 𝑓 is an activation function, 𝑥𝑗 has 

the input vectors, 𝑜𝑗 is the output, and 𝑏𝑗 is the bias. 

2.1.2. Pooling Layer: 

The pooling layer comes after the convolutional layer and does 
pooling processes to make the features that the convolutional 
layer calculated smaller. Max pooling along with average pooling 
are two common ways to pool. Maximum sharing is used in this 
suggested work, and it is a good method. With the given inputs, 
this process finds the highest number that can be reached. 
Equation (2) shows the max-pooling processes. 

𝑓𝑗 = max  (𝑜𝑗)                                       (2) 

Feature values are turned through a single vector along with sent 
to the fully linked layer after going through several layers of 
convolution and pooling. 
2.1.3. Layer with Full Connection: 
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The layer that is completely connected gets that which comes out 
of the sharing layer. The result from the pooling layer is sent to a 
fully linked layer, which guesses which trait is most likely to match 
the class name. A SoftMax algorithm was used as the activation 
purpose in this effort. There is tool called SoftMax classifier that 
turns the data into a probability distribution. This classifier does 
a good job with binary classifiers. 
2.2. LSTM: 
A kind of RNN that is utilised a lot in deep learning is the LSTM 
method. Most LSTM units have one cell, an input gates, an output 
gates, along with a fail to recall gate. The cell can tell the 
difference between numbers at random times, as well as the three 
leftover gates control the flow of information from and to the cell. 

The standard LSTM design is shown in Figure 2. A single-layer 
neural network manages memory in the forgot gate. It uses 
sigmoid beginning to figure out the output by using the input, the 
output from the preceding block, & memory. Equation (3) shows 
the purpose. 

𝑓𝑛𝑗 = ℎ(𝑤[𝑥𝑗 , 𝑠𝑗−1, 𝑚𝑗 − 1] + 𝑏𝑓𝑛)            (3) 

It has a sigmoid function (h), an input vector (x), a previous unit 
output (s), a previous gate memory (m), weights (w), and a bias 
(b). As you can see in Equations (4) and (5), the neural network 
made original memory in the input gate while utilising the tanh 
purpose via the memory from previous gate. 

 

 
Figure 2. Standard LSTM Design 

𝑖𝑝𝑗 = ℎ(𝑤[𝑥𝑗 , 𝑠𝑗−1, 𝑚𝑗−1] + 𝑏𝑖𝑝)                                                  (4) 

𝐶𝑗 = 𝑓𝑛𝑗 × 𝐶𝑗−1 + 𝑖𝑝𝑗 × tanh(𝑥𝑗 , 𝑠𝑗−1, 𝑚𝑗−1] + 𝑏𝑐                  (5) 

Finally, outputs are made in the output gate. Equations (6) and (7) can be used to figure this out. 

𝑂𝑝𝑗 = ℎ(𝑤[𝑥𝑗 , 𝑠𝑗−1, 𝑚𝑗−1] + 𝑏𝑜𝑝)                                              (6) 

𝑔𝑗 = 𝑜𝑝𝑗 × tanh(𝐶𝑗)                                                                     (7) 

3. Proposed Mission: 
3.1. Dataset: 
The UCI ML library dataset is used in this work. Table 1 shows this 
dataset. The collection is made up of data collected by Hungarian 
Organization for Cardiology and Cleveland Hospital. There is 
information about both regular and odd medical records in it. 
There are 304 observations in this database, which is made up of 
77 characteristics. The characteristics are things like age, gender, 
blood pressure at rest, cholesterol, and so on. There are also six 
unknown numbers in the data set. Out of 304 observations, 139 
were of normal people and 166 were of abnormal people, meaning 
they had heart disease. 
3.2. Pre-processing: 
Once the data has been gathered, it needs to be prepared to deal 
with noise and missing numbers. There are six unknown numbers 
in this set of data. Care should be taken with the missing numbers 
because they could change the results. There are a number of 
preprocessing methods that can be used, including cleaning, 
integrating, reduction, transformation, along with discretisation. 
The normalisation method is utilised in this work to deal with the 
missing numbers in the data set. To change the numbers on a 
shared scale, normalisation methods are used. Z numbers are used 
to fill in the blanks. The set of collected data is normalised using 
z-scores in Equation (8). 

𝑧𝑖 =
𝑥𝑖 − min (𝑥)

max(𝑥) − min (𝑥)
                              (8) 

while x is an input vector and max(x) and min(x) are the dataset's 
highest and lowest values, respectively. Once the data have been 
cleaned up, they are split into two groups: sets for training and 
testing. The data for this project are split into two groups: training 
data (71%), and testing data (31%). 
3.3. Selection of Features: 

Information Acquisition, Gini Index, PCA, along with weight by 
SVM are all good ranking methods for choosing features. When you 
use the information gain along with Gini index, you check the gain 
as well as Gini index for each characteristic and choose the one 
with the highest gain and Gini index. The information is split into 
groups for sorting based on these characteristics. An orthogonal 
transformation is used by Principal Component Analysis (PCA) to 
change linked qualities into uncorrelated attributes. This paper 
looks at weight through SVM feature selection methods. To get an 
idea of how much each trait is worth, it produces the F-score as 
shown in Equation (9). 

𝐹𝑆(𝑖) =
( −𝑎𝑖

−
𝑎𝑖

−(+)
)2 − ( −𝑎𝑖

−
𝑎𝑖

−(−)
)2

1
𝑛+ − 1

∑ ( −𝑎𝑖

−(+)
)2 +

1
𝑛− − 1

∑ −𝑎𝑖

−(−)
)2𝑛−

𝑎𝑖.𝑗𝑎𝑖.𝑗

−(+)𝑛+
𝑖=1

                (9) 

The input vector is denoted by 𝑎𝑖, and 𝑛+ and 𝑛− are the numbers 
of positive and negative training instances. The average of these 
instances is shown by .𝑎𝑖

−  The regular of both positive & negative 

cases is shown by  and .𝑎𝑖

−(−)
𝑎𝑖

−(+)
  The ith characteristic of the jth 

positive along with negative case is shown by  and .𝑎𝑖.𝑗

−(−)
𝑎𝑖.𝑗

−(+)
 

3.4. Hybrid of LSTM and CNN: 
The pre-processed data is sent to convolutional layer, & then to 
the layers of pooling in this mixed network. The LSTM gets the 
data from the pooling layer, & entirely linked layer will guess if an 
individual is heart illness or not. Figure 3 shows the suggested 
design. This mixed network is made up of 5 layers 
that switch between convolutional & pooling layers. It is possible 
to teach the network structure to make the classifier work better 
and stop the parameters from fitting too well. 
 The pre-processed data that was received is then sent through 
the convolutional layer. The incoming grid is jumbled by this layer, 
which then sends it to the layer for pooling. A max-pooling action 
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is done within layer of pooling, & result sent to layer of LSTM. The 
completely linked layer is given the tanh function by the LSTM 

layer. It is the fully linked layer's activation function (SoftMax 
classifier) that does the work, and the output layer gets the result.  

 
Figure 3. Possible Architecture Combining CNN and LSTM 

Based on the outcomes from the entire layer of connection, the 
production layer sorts the information into two groups: heart 
illness and no heart illness. The backpropagation network is used 
to train the network. The gradient descendent function is used by 
the backpropagation method to find the fault. The weights & bias 
remain then changed based on the error number. The mistake is 
sent back to the layers that came before it, and then the neural 
network is trained it. Following the steps in Equations (10) and 
(11), the biases and weights are changed. 

∆𝑊1(𝑝 + 1) = −
𝑥𝜆

𝑟

𝑥

𝑛
𝑊1 −

𝜕𝐶

𝜕𝑊1

+ 𝑚∆𝑊1(𝑝)                         (10) 

∆𝐵1(𝑝 + 1) =
𝑥

𝑛

𝜕𝐶

𝜕𝐵1

+ 𝑚∆𝐵1(𝑝)                                                (11) 

l is the number of layers, n is entire amount of training the 
examples, m is momentum, & C is cost function. W is the weight, 
B is the bias, λ is the regularisation limitation, x is the learning 
rate, along with p is update stage. In all of convolutional layers, 
(Rectified Linear Units) ReLu are utilised as an event trigger. It is 
in the output layer that the SoftMax activation function is used. A 
batch normalisation layer was added to this network to lower the 
overflowing and compassion of the algorithm. It likewise helped 
with the backpropagation purpose. 
4. Outcomes of the Experiment: 
This part looks at how well mixed CNN and LSTM can predict heart 
disease. Multiple tests were done on mixed LSTM and CNN 
networks to find the best settings for deep learning. The 
pseudocode is shown under. 

Aimed at the Hybrid CNN–LSTM Algorithm, here is a few fake code: 

 
Normalising the inputs makes sure that they all fall between 0 and 
1. The convolutional layer is given the features that were chosen. 
This layer has two parameters: (1) kernel size, which tells it how 
many dimensions the convolutional window has; & (2) beginning 
function, which in this case is ReLu. The convolutional layer's 
name is assigned to layer that pools. Max pooling is used on all of 
the data to get the features that are needed from the information 
by picking the highest numbers. Researcher use the Sigmoid 
activation function to figure out the odds for the two groups: heart 
disease and no heart disease. This is done in the layer that is 
completely connected. The model is set up in the compile purpose 
after getting the outcomes of the fully linked layer. The 
limitations utilised are (1) a loss purpose to lower the damage in 
the method and (2) an optimiser to build model.  

As part of building a model, the test results are used to judge the 
model. In the end, accuracies are found, which show how well the 
algorithm worked with the test data. CNN+LSTM is run 201 times. 
ADAM is employed as an optimiser, and it learns at a rate of 0.002. 
Dual cross-entropy is the loss function that is used. Measures of 
accuracy, precision, and sensitivity are used to judge how well the 
model works. These numbers show how good and stable the model 
is. Specificity checks how well the actual denials are predicted, 
while sensitivity checks how effectively the true positives are 
predicted. Equations (12), (13), and (14), which find the success 
measures, are used. 

𝐴𝐶𝐶 =
𝑇𝑃𝑟 + 𝑇𝑁𝑟

𝑇𝑁𝑟 + 𝐹𝑃𝑟 + 𝑇𝑃𝑟 + 𝐹𝑁𝑟
× 100                               (12) 
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𝑆𝑃𝐸𝐶 =
𝑇𝑁𝑟

𝑇𝑁𝑟 + 𝐹𝑃𝑟
× 100                                                      (13) 

 

𝑆𝐸𝑁𝑆 =
𝑇𝑃𝑟

𝑇𝑃𝑟 + 𝐹𝑁𝑟
× 100                                                      (14) 

 
It shows that TPr stands for positive information that are 
accurately estimated as normal, TNr for adverse results that are 
properly forecasted as irregular, FPr for negative information that 

has been forecast as usual, & FNr for optimistic information that 
are forecast as irregular. Receiver operation characteristics are 
used to find out the diagnosis quality. In binary classification 
problems, the ROC curve is a common way to measure how well a 
model is doing. Here is a graph that shows the relationship 
between the True Positive Rate (TPR) and the False Positive Rate 
(FPR) for all levels. The ROC curve to the suggested model can be 
seen in Figure 4. Thus, it shows that the model is good at telling 
the difference between good and bad classes.  

 
Figure 4. ROC Curve 

There is hyperparameter called "epoch" that describes one filled 
run finished the whole training dataset. Additionally, it mean the 
total number of times a program runs until it gets better. Using 
each example in the collection, it trains the network. Figure 5 

shows the Accuracies Vs Epoch. The outcome showed that the 
network got very good at both training and testing data whenever 
the epoch number went up. In 201 epochs, CNN+LSTM networks 
got results that were 90% accurate. 

 
Figure 5. Accuracy Vs Epoch  

 
Figure 6 shows how a network is handled at different learning 
rates. The accuracy changed as the number of rounds and learning 

rates went up. CNN+LSTM worked very well at a learning rate of 
0.001.  
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Figure 6. Accuracy Vs Learning rate 

As shown in Figure 7, when CNN works on its own, both accuracy 
and loss went up at the same time for higher CNN levels. But when 
it was paired with LSTM, the decline went down, and the accuracy 
went up. It has also been seen that precision and accuracy are the 
same thing. Higher accuracy was reached by adding more secret 
layers and making a combination of LSTM and CNN. Several 
machine learning algorithms were compared to the suggested 

method. Figure 8 shows that CNN+LSTM was the most accurate of 
these. Because, unlike RNN and LSTM, CNN doesn't employ the 
information it already has to process. LSTM sorts future instances 
into groups based on what it knows about past instances. So, CNN 
via LSTM is used, and it does a good job of handling the changing 
nature of the big amount of data. 

 
Figure 7. CNN and LSTM layers Comparison 
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Figure 8. Other Models Comparisons 

 

 
Heart disease is a big problem for most people around the world. 
The sickness can't be fixed, but it may be kept under control. 
People with heart disease must be found as quickly as possible 
because if it is not managed, it can kill them. A good way to 
classify heart diseases is suggested in this paper by combining 
deep learning methods like the CNN (Convolutional Neural 
Network) along with Long Short-Term Memory (the LSTM). 
Normalisation is used to deal with missing numbers before the 
data are sent to the computer. For choosing features, the weights 
by SVM technique is utilised, & the characteristics are assumed to 
a CNN & an LSTM models that works together. The technique of 
backpropagation is utilised as well to keep the model's loss as low 
as possible. Comparisons of different factors are used to study the 
proposed model, and each time the suggested hybrid model does 
better. Compared to other standard machine learning models, the 
results of the experiments showed an accuracy of 90%, 82% 
sensitivity, along with 94% specificity. It will be possible to test 
this CNN+LSTM model with real-time medical information in the 
future and look at how well it works. 
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