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in many cases and abounds with unexpected consequences or a patient dies by it. Therefore,
the main difficult predictions in medical sector for heart disease diagnosis by doctors. So,
in this technical generation we can very easily appreciate and value the role of artificial
intelligence in healthcare. Accordingly, the essence of this study was to introduce a heart
disease monitoring model that applies neuro fuzzy as hybrid ML methodology. In the
proposed intelligent hybrid inference system, there are input variables used to diagnose
disease at different stages. The system produces the output that yields the three different
disease stages or levels. Thus, on this generated result base professional doctors of the heart
can diagnose over patient and even decide better operation for treatment according to
disease state. The k-fold cross validation technique does the same partitioning of the dataset
and for testing. It also estimates the performance of system and by its results it accurately
predicts stage of heart disease from which a patient is suffering with accuracy 98.90%.

Keywords: Heart disease, classification, artificial intelligence, fuzzy inference system
(F1S), medical diagnostic system, neuro fuzzy method, ANFIS.

1. Introduction

Globally, the leading cause of high mortality is heart disease or also known as cardiovascular disease
(CVD) [1]. According to the newly done investigation by World Heart Federation [2], it is estimated
that one in every three deaths are due to these diseases. Stroke, along with heart failure will be the
most common causes of 23.6M deaths due to heart diseases worldwide by year 2030 as reported from
W.H.O [3].In India the occurrence of these disorders is 2 to 3 times more than most western countries
[4]. Though deaths due to heart diseases were more in developing countries than the past few decades,
but the occurrence of heart disorders was high developed country [5] The high burden of heart disease
cannot be all pointed to alcohol consumption but rather the other risks which contribute as well;
unhealthy diet, hypertension, physical inactivity along with obesity and diabetes [6], [7], [8].
Additionally, these diseases are associated with poor quality of life and a substantial economic burden
on health care system worldwide [9].

Now, the biggest question arises whether the prediction of heart disease is possible before it reaches
its worst stage or not. Currently, intelligent algorithms (or models) based on advanced computer
technology have saved many lives of patients and played a significant role in difficult uncertain tasks
within the healthcare system [10]. Computer assisted tools and programmes to diagnose or treat
patients are becoming an ever-important topic [11]. In addition, given the uncertainty in medical
diagnoses, health-care professionals are using technology to help them make more informed choices
[12]. However, the most suitable technologies which can handle these uncertainties in a better way are
neural networks and fuzzy logic [13], [14]. Here methods have been more useful in setting where there
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IS uncertainty or available prior information [15], [16], [17] and have shown to work better than
traditional approaches.

If two of these methods are used alone, then there can be both cons as well for each. However,
incorporation of neuro-fuzzy results an effective model that carries the advantages both from neural
networks (such as connectionist structure) and fuzzy logic (like human-like reasoning style) [18-21].
Also, ANFIS uses Takagi Sugeno type FIS which is a neuro fuzzy model introduced in 1993 [22, 23].
The fuzzy modelling process would then be able to already get training data for the identification of
parameters of membership functions linked to input-output FIS memory elements [24-26] associated
with both input and output information. It builds values and rules for the membership function
automatically during training [27]. The rules were written in Set of (IF, THEN) statements and the
synaptic weights have not been used [28]. This method is applied to predict, diagnose and treat a
classification of illnesses [29]. This approach consists of five layers like in figure 1.
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Figure 1 ANFSI Layers [30]

In this study a model was put forward capable of tracking heart diseases such as coronary arteries
disease based on machine methodology hybrid with learning, that is fuzzy approach [31-32]. This stage
Is twice the number of input variables used to determine disease grading through entire intelligent
hybrid inference model. It is the output that gets generated in this case giving us three stages or levels
of disease. The results provide a robust base for the use of ANFIS as predicting tool for heart problems.
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The paper is divided into 4 sections, section 1 introduces the subject and section 2 illustrates the
implementation method followed by experimental results are presented in section 3 and for evaluating
the performance of a hybrid model developed via specific criteria's calculating and at last in fourth
section.

2. Methodology

The supreme and beneficial approaches of machine learning joined hands in creating an intelligent
hybrid method. As this method sport the pros or advantages of Fuzzy logic and also neural network to
give out the final results that’s why it’s called "neuro-fuzzy". Moreover, the gain a vital way of using
these two methods replace other is that one approach band by superior profit another. Therefore, as a
result both methods support each other in providing very precise adheres to. The paper also presents
an intelligent hybrid system which supports the monitoring process of numerous stages related to heart
diseases. The seven were cholesterol, blood pressure, diabetes, irregular heartbeat (and combination),
smoking and shortness of breath and age, was been inputted to the smart model as different features.
In the same way, stages normal stage, early stage and advanced stages are various output that is given
by system once it processes input value passed to it. Figure 2 represents the flow of methodology
adopted while implementing this model.
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Figure 2 Flow of used methodology
2.1.  Membership Functions

In this study, triangular membership functions were used for both the input and output variables. Each
input variable has a different number of membership functions (MFs). For example, input 1
(cholesterol) has 4 MFs, input 2 (blood pressure) has 3 MFs, and inputs 3 to 6 (diabetes, irregular
heartbeat, smoking, and shortness of breath) each have 2 MFs. Input 7 (age) has 4 MFs. The structure
of the ANFIS model is shown in Table 1 and Figure 4. The FIS properties of the ANFIS model are
shown in Figure 3. Figures 5 to 11 show the representation of all 7 inputs.

Table 1 Structure of ANFIS

Structure of ANFIS
No of layer of ANFIS 5
Number of input variables 7
Name of input variables ) Cholesterol as input 1
o Blood Pressure as input 2
o Diabetes as input 3
o Irregular Heartbeat as input 4
o Smoking as input 5
o Shortness of breath as input 6
o Age as input 7
Type of membership function Triangular
Number of rules 768
Number of outputs 1
Number of stages of disease 3
Name of stages ) Normal stage
o Early stage
o Advanced stage

The table above explains the design and settings of an ANFIS model made to help diagnose medical
conditions, specifically to determine the stage of a disease. It has five layers: input nodes, rule nodes,
average nodes, consequent nodes, and the output node. There are seven inputs to the system:
Cholesterol, Blood Pressure, Diabetes, Irregular Heartbeat, Smoking, Shortness of Breath, and Age.
Each input is fuzzified using triangular membership functions. The model uses 768 fuzzy rules to
connect the inputs to one output. The output classifies the disease into three stages: Normal, Early, and
Advanced. This helps assess how serious the disease is based on the inputs. The use of triangular
membership functions and many fuzzy rules allows the model to handle complex data and give
accurate diagnosis results. This approach supports early detection and timely treatment. The use of this
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methodological approach allows an in-depth analysis on the health status of a patient and may
contribute to elucidating preliminary changes with proper intervention.

inputt

input2

inputd )\ Heart Disease Detection using ANFIS

fiu)

inpukd

(sugeno)

inputs

npu output
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Figure 4 ANFIS model structure

The image displays a graphical representation of an ANFIS (Adaptive Neuro-Fuzzy Inference System)
model structure. ANFIS is a type of artificial neural network that combines fuzzy logic with neural
networks.

The structure is broken down into different layers:

Input: This layer represents the input variables to the system. In this case, there are 9 input variables
represented by black circles.

Input Membership Functions (inputmf): This layer contains the membership functions for each
input variable. The white circles represent the membership functions. Each input variable has multiple
membership functions, and the lines connecting them show the connections between the input and the
membership functions.

Rule: This layer represents the fuzzy rules that govern the system's behavior. The lines connecting it
to the inputmf layer shows that each rule is generated by combining one membership function from
each input variable.

Output Membership Functions (outputmf): This layer contains the membership functions for the
output variable. The connections from the rule layer to the output membership function (shown as
black) illustrate that each rule contributes to the output.

Output: This layer represents the final output of the ANFIS system.
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2.2.  Rules

The system works by automatically generating rules during the training phase, using all possible
combinations of the input data. This is done to determine the stage of heart disease. The intelligent
hybrid model takes the provided input variables, such as cholesterol, blood pressure, and others, and
applies these combinations to create rules.

During the training, the model learns from the input data (shown in Figure 12) and generates 768 rules.
These rules help the model map different combinations of input data to a specific output, which is the
stage of heart disease (Normal, Early, or Advanced). The number of rules comes from multiplying the
number of membership functions (MFs) used for each input variable. For example, if one input has 4
MFs and another has 3, multiplying them gives 12 rules. By combining all the input variables and their
MFs, the system creates 768 rules in total, allowing it to cover a wide range of input combinations and
improve the accuracy of the diagnosis.

This process makes the model more effective in identifying the stage of heart disease by learning from
diverse data during training.

2.3.  Training phase and Testing phase

When implementing the hybrid system, the training and testing phases play a critical role in ensuring
the model is accurate and reliable.
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Here's how the process works in simple terms:

First, the data needed for the system is collected from a heart specialist. This data includes information
about patients that is essential for diagnosing heart disease. Once the data is gathered, it's divided into
different sections using a method called k-fold cross-validation. This is a standard technique to split
data into multiple parts so the system can be trained and tested in a balanced way.

In this study, there are 800 data samples, meaning the data contains 800 entries or records from
patients. The k in k-fold cross-validation represents how many parts the data is split into. For example,
in this case, k is set to 4, so the data is divided into four equal parts. This is called 4-fold cross-
validation.

After dividing the data into four sections, the system undergoes several rounds of training and testing.
Here’s how it works:

First round: The 1st part of the data is used for testing the system, while the other three parts (2nd, 3rd,
and 4th) are used for training the system.

Second round: The 2nd part is now used for testing, and the 1st, 3rd, and 4th parts are used for training.
Third round: The 3rd part is used for testing, and the 1st, 2nd, and 4th parts are used for training.
Fourth round: The 4th part is used for testing, and the 1st, 2nd, and 3rd parts are used for training.

In each round, a different section of the data is tested, and the remaining sections are used to train the
system. This process ensures that every part of the data is tested at least once, making the model more
balanced and thorough in its learning.

Out of the 800 samples, in each round, 640 samples (or 80%) are used for training the system, and 160
samples (or 20%) are used for testing. This helps ensure that the system has enough data to learn from
while also being tested on a portion of the data it hasn’t seen before. This way, the model's performance
can be checked with data not used in training.

The system goes through 10 training cycles, also called epochs, during which it learns from the training
data to improve its performance. After the training phase, the system is validated to check if it can
accurately classify patients into different stages of heart disease—whether it’s a normal stage, early
stage, or advanced stage.

Figure 13 in the study shows the training error during the training phase. This error rate is an important
measure of how well the system is learning. The lower the error, the more accurate the system is in
predicting the correct stage of heart disease. This entire process helps ensure that the developed hybrid
system can reliably support early diagnosis and proper treatment for heart disease patients.
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Figure 13 Training error at 10 epochs
3. Results

If the observed value and target are the same (nearly) then its mean technique is considered acceptable,
otherwise it does not provide diagnosis information for patients having distinct stages of heart disease.
Upon analysis, it can be seen that the system has appropriately computed whether or not there is heart
disease based on detected stage of water level. Confusion matrices for 3 folds are shown on Table2 to
Table5.

Table 2 Confusion matrix for fold 1

Normal Stage | Early stage | Advanced Stage | Class Name
52 01 00 Normal stage
02 48 00 Early stage
00 00 57 Advanced stage

Table 3 Confusion matrix for fold

2

Normal Stage | Early stage | Advanced Stage | Class Name
53 00 00 Normal stage
00 49 01 Early stage
00 00 57 Advanced stage

Table 4 Confusion matrix for fold

3

Normal Stage | Early stage | Advanced Stage | Class Name
52 01 00 Normal stage
00 50 00 Early stage
00 00 57 Advanced stage

Table 5 Confusion matrix for fold

4

Normal Stage | Early stage | Advanced Stage | Class Name
53 00 00 Normal stage
02 48 00 Early stage
00 00 57 Advanced stage

The dimensionality of above given confusion matrix is reduced to 2 by considering the first column,
“normal stage” as “No”, and 2nd and 3rd columns, which are “early stage” and “advanced stage” as
“Yes”. The confusion matrices with reduced dimensionality are displayed in table 6 to 9.
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Table 6 Decreased dimensionality of a confusion matrix for k = 1
No | Yes | Class Name
52| 01 No
02 | 105 Yes
Table 7 Decreased dimensionality of a confusion matrix for k = 2
No | Yes | Class Name
53 | 01 No
00 | 106 Yes
Table 8 Decreased dimensionality of a confusion matrix for k = 3
No | Yes | Class Name
52 | 01 No
00 | 107 Yes
Table 9 Decreased dimensionality of a confusion matrix for k = 4
No | Yes | Class Name
53 | 00 No
02 | 105 Yes

The performance for each fold, by employing the TPs, TNs, FPs, and FNs values available in the above
four tables (from 6th to 9th) of outputs is computed within the model. Table 10 The various parameters
to compute the performance of the developed intelligent hybrid system heart disease monitoring and
their respective values Table full size Figure 14 illustrates the bar chart of measured performance.

Table 10 Measured performance of the model

Parameters k=1|k=2| k=3 | k=4 | Overall Performance
Classification accuracy | 98.12 | 99.37 | 99.37 | 98.75 98.90
Specificity 96.29 | 100 | 100 | 96.36 98.16
Sensitivity 99.05 | 99.05 | 99.07 | 100 99.29
Precision 98.13 | 100 | 100 | 98.13 99.06

Overall Performance |

old 4 |

Fold 3 ]

Fold2 |

Fold 1

94 95 96 97 98 9 100

Figure 14 Graphical representation of calculated performance parameters at each fold and overall
performance

4. Conclusion

The outcome of the resulted model, which classifies stage detection in heart disease (with an adaptive
neuro-fuzzy inference system) can be used by health care professionals and non-professionals to early
detect this illness. This system can also aid doctors to keep the patient healthy. In training phase,
introduced intelligent hybrid system is first tested by using appropriate dataset. Subsequently, the
system was experimentally validated to measure that different intelligent hybrid forecasting systems
provide optimal outputs. Also, the model output is used to evaluate performance parameters and hence
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it helps discover that our Al model has an accuracy 98.90%. Performance evaluations reported that the
hybrid system created using ANFIS performed well and it provided accurate results which has got
wide acceptability for monitoring heart diseases in a healthcare sector.

Other biomarkers may be found in future studies, and other machine learning methods can also be
explored to develop a pedagogical tool that assists experts and beginners in more precise early-stage
heart disease tracking.
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