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Heart failure is a very common disease, often asilent threat. It's also costly to treat and detect. There  £pcample:
is also a steadily higher incidence rate of the disease at present. Although researchers have developed '
classification algorithms. Cardiovascular disease data were used by various ensemble learning k-NN;
methods, but the classification efficiency was not high enough due to the cumulative error that can  Learning Algorithm;
occur from any weak learner effect and the accuracy of the vote-predicted class label. The objective  eqrt Failure:
of this research is the development of a new algorithm that improves the efficiency of the
classification of patients with heart failure. This paper proposes Least Error Boosting (LEBoosting),
a new algorithm that improves adaboost.m1's performance for higher classification accuracy. The
learning algorithm finds the lowest error among various weak learners to be used to identify the
lowest possible errors to update distribution to create the best final hypothesis in classification. Our
trial will use the heart failure clinical records dataset, which contains 13 features of cardiac patients.
Performance metrics are measured through precision, recall, f-measure, accuracy, and the ROC
curve. Results from the experiment found that the proposed method had high performance compared
to naive bayes, k-NN, and decision tree, and outperformed other ensembles including bagging,
logitBoost, LPBoost, and adaboost.m1, with an accuracy of 98.89%, and classified the capabilities . .
of patients who died accurately as well compared to decision tree and bagging, which were Article History:
completely indistinguishable. The findings of this study found that LEBoosting was able to

Abstract

LEBoosting.

maximize error reductions in the weak learner's training process from any weak learner to maximize ~ Received: 22 May 2022
the effectiveness of cardiology classifiers and to provide theoretical guidance to develop a model for  Revised: 02 September 2022
analysis and prediction of heart disease. The novelty of this research is to improve original ensemble

learning by finding the weak learner with the lowest error in order to update the best distributionto ~ Accepted: 24 September 2022
the final hypothesis, which will give LEBoosting the highest classification efficiency. Available online: 07 November 2022

1- Introduction

Heart failure is a clinical syndrome characterized by shortness of breath, fatigue, and frequent clinical manifestations
that lead to hospitalization, causing the population to have a poor quality of life and a shortened lifespan [1], especially
if the case (acute heart failure) is often a silent threat and occurs in an emergency condition that requires immediate
treatment. The patient may not notice any abnormalities in the body and often cannot go to the hospital in time, eventually
causing death. According to statistics, the incidence of congestive heart failure continued for 28 years from 1990-2016,
and the prognosis to 2030 shows that the incidence rate will continue to increase [2].

There is also an incidence rate with younger people. In Sweden, the incidence of heart failure increased from the first
to the last five years by 50% and 43% among people aged 18-34 years old and 35-44 years old, respectively [3]. There
is also a high cost of treatment. From the past to the present, many heart failure analyses and predictions have been made.

* CONTACT: ployphan@kpru.ac.th
DO http://dx.doi.org/10.28991/ESJ-2023-07-01-010

© 2023 by the authors. Licensee ESJ, Italy. This is an open access article under the terms and conditions of the Creative
Commons Attribution (CC-BY) license (https://creativecommons.org/licenses/by/4.0/).

Page | 135


http://www.ijournalse.org/
http://dx.doi.org/10.28991/ESJ-2023-07-01-010
http://dx.doi.org/10.28991/ESJ-2023-07-01-010
https://orcid.org/0000-0002-2788-6740
https://orcid.org/0000-0001-5378-2489

Emerging Science Journal | Vol. 7, No. 1

Machine learning was one of the tools that was used to analyze a large number of heart failures, using a variety of
methods, but popular methods used in predicting include supervised learning, deep learning, and ensemble. In this case,
supervised learning is a method for creating a model for predicting the results of the analysis or the heart failure prognosis
by learning the existing patient data to make decisions on new data to analyze [4-7]. Supervised learning was used to
increase the efficiency of the prediction of heart failure; for example, Chicco & Jurman [8] applied several machine
learning classifiers with feature ranking tested on heart failure datasets of 299 patients. It was found that serum creatinine
and ejection fraction were the two most relevant features, and an important feature can lead to more accurate predictions
than using the original dataset features in a variety of machine learning test methods. This is similar to the research by
Myint & Khaung [7], which uses supervised learning in the decision tree method to classify comparisons of heart disease
analysis, including C4.5, C5.0, and Cart. The results showed that the C5.0 decision tree was perfected with the greatest
accuracy.

However, the use of supervised learning in forecasting, although the experimental results were found to have a high
forecasting efficiency, but actually hidden among other factors that caused the prediction discrepancy, such as height,
weight, body mass index, etc. And their occupational history can cause heart disease, so research should increase the
efficiency of prediction to be higher than this. Subsequently, a deep learning method, or the simulation of the processing
patterns of the human brain, was introduced by using a neuron-like network to process information when it receives
information, and use it to make predictions. Mehmood et al. [5] presented the CardioHelp application to predict the
probability of cardiovascular disease, which is the first step before heart failure, using the convolutional neural networks
(CNN) algorithm, which is a type of deep learning with high efficiency. Results showed that the proposed method was
highly effective, with an accuracy of 97% considered supportive. The doctor's decision to diagnose the disease was very
well. Although deep learning is a very effective method of prediction, deep learning requires very large amount of data
in order to perform better than other techniques and is extremely expensive to train due to its complex data models.
Moreover, deep learning requires expensive GPUs and hundreds of machines, which increases the cost of development
and for the user.

Another type of machine learning that is highly predictive of a wide range of data, including heart failure data, and
does not require very high model processing resources, is ensemble learning. Ensemble learning is a machine learning
technique that combines several machine learning models, also called weak learners, in order to produce improved
results. Ensemble learning has many sub-methods, including Bagging, Boosting, and Stacking, among others. These
sub-methods are commonly used for precision classifications. Some studies using ensemble learning in predicting heart
failure include, Angraal et al. [9] developed a model for classification from 5 methods: logistic regression with a forward
selection of variables; logistic regression with a lasso regularization for variable selection, random forest, gradient
descent boosting, and support vector machines. When tested with patients with heart failure with preserved ejection
fraction, the results of the 5 methods found that random forest performed with the best efficiency, in which the random
forest uses the bagging technique. Many ensemble learning methods are also used in comparison for the effectiveness
of heart failure predictions for the most effective methods, such as synthetic minority oversampling technique (SMOTE)
[4] and deep ensemble methods [10, 11]. However, the boosting technique is one of the highly effective ensemble
learning subsets for predicting heart failure data, as can be seen from the research of Ali et al. [12] research has developed
a smart healthcare system that can predict heart disease progression using ensemble deep learning, using LogitBoost,
which is a boosting method, as a meta-learning classifier, and feature fusion to increase efficiency in classification. The
experiment will conduct pre-processing on the dataset and then select important features using information-gathering
techniques and classification. The result shows that the proposed method has the highest efficiency compared to other
machine learning methods, with an accuracy of 98.5% in the general feature weighting method. It can be seen that
machine learning is being applied to predict heart failure, where researchers are trying to develop algorithms that are
more accurate. Which can predict or group the severity of the disease in patients up to the case of death if there is an
accurate prediction. It can help you recognize the severity and prepare for treatment in a timely manner. Although these
previous methods are effective in the classification of heart failure, but it is still not enough if the training stage for weak
learners in each iteration produces a large error value, even less than 0.5. Then the sum of the final hypothesis has a
potentially high error value, which our proposed method will solve this problem.

In order to have an algorithm that can accurately predict. In this paper, we therefore present an improved efficiency
of boosting techniques, LEBoosting, by this method will find optimizing hypothesis selection procedures from various
weak learner training procedures to achieve optimal hypothesis based on the least error values in each iteration, then
lead to the vote process to achieve the best efficiency for the final hypothesis. It also compares the effectiveness of the
proposed methods with the existing learning models, which are supervised learning and ensemble learning to predict
heart failure, including being tested with LEBoosting with standard datasets that relate to other heart failures and consist
of various types of data that differ in each dataset, such as personal data, blood test results, risky lifestyle habits,
electrocardiograms, illness, etc. In order to confirm that LEBoosting is the most effective method for classification that
can be used.

This paper is organized as follows: Section 2 explains the materials and method. Section 3 the simulation results are
shown, whereas Section 4 discusses the LEBoosting for heart failure classification. Section 5 described the conclusion.
Finally, the declaration is given in section 6.

Page | 136



2- Materials and Method
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In this section, we describe the process of heart failure prediction detection applied according to the data mining
technique. The method consists 5 stages: Data collection and pre-processing, Training weak learner, Build strong
classifier, Final Hypothesis and Evaluate performance and compare the results with the overall structure as shown in

Figure 1.
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Figure 1. This proposed model

From Figure 1, our proposed model is explained in the following stages:

2-1- Data Collection and Pre-Processing

The research used the heart failure dataset from the UCI repository [13]. The dataset comprised of heart failure patient
records from the Faisalabad Institute of Cardiology and at the Allied Hospital in Faisalabad which consisted of 194 male
and 105 female patients aged between 40-95 years old, there are a total of 299 records who had heart failure, which were
collected during their follow-up period, and consisting of 13 features as follows (Table 1):

Table 1. The details of heart failure dataset [8]

Feature Explanation
Age Age of the patient
Anaemia Decrease of red blood cells or hemoglobin

High blood pressure
Creatinine phosphokinase (CPK)
Diabetes
Ejection fraction
Sex
Platelets
Serum creatinine
Serum sodium
Smoking
Time
(target) death event

If a patient has hypertension
Level of the CPK enzyme in the blood
If the patient has diabetes
Percentage of blood leaving the heart at each contraction
Male or female
Platelets in the blood
Level of creatinine in the blood

Level of sodium in the blood

If the patient smokes
Follow-up period
If the patient died during the follow-up period
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There are a number of data classified by class as in Table 2.

Table 2. Number of data by class

Class Number of data
Died 96
Survived 203

In the experiment, datasets are split into 70% training and 30% testing, so the number of training datasets is 209
records and the number of testing datasets is 90 records where validation sets are separate 10% from the training set to
validate the model during the training process.

2-2- Train Weak Learner
2-2-1- Classification Technique

This research modified adaboost.m1, is one of the ensemble methods. Ensemble is one of the machine learning
techniques in which several weak learner models are modeled in order to predict the best outcomes by vote from every
model [14]. Weak learner can be any machine learning algorithm such as naive bayes, decision tree, k-NN, Support
vector machine, etc. Adaboost.m1 is an algorithm developed from the original AdaBoost method. Classification can be
multiclass. The distinguishing feature is that adaboost.m1 is to update the distribution weight of the current hypothesis
sample. Each hypothesis must have an error value of less than 0.5 [15]. The LEBoosting method we propose will modify
adaboost.m1 to be more efficient in classification by selecting the best model from any weak learner to represent the
hypothesis in that iteration. This study defines the weak learner as naive bayes, k-NN and decision tree. LEBoosting
architecture is shown in Figure 2.
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Figure 2. LEBoosting architecture
2-2-2- Weak Learner

In the experiment, machine learning is used as a weak learner of 3 algorithms: naive bays, k-NN and decision tree
classification [6, 8, 16]. The researchers envisioned that with the use of an effective weak learner, the vote process would
provide highly accurate predictions for the final hypothesis.

2-2-3- Naive Bayes

Naive Bayes is a statistical method used to determine the probability for finding the appropriate class based on Bayes's
theorem [17] To classify the data, Naive Bayes calculates the probability of each class Ci as follows:

p(Ci)]k;! p(Xc1C;) (1)
P(X)

p (Ci | X ) =
That C; is the class label and X is an instance which is classified.

2-2-4- k-Nearest Neighbour Methods (k-NN)

k-NN is to identify k records in the training dataset that are similar (neighbouring) records to classify a new record to
predominant classes among the neighbour. The algorithm measures the distance between the center and any data of the
case or condition that gives any class the same as the closest class [18] ,the most popular measure is the Euclidean
distance between two records (xy, x, ..., x,) and (uy, ug, ..., up).

Dist = J(x1 — )2+ (e — )2 + o (o = ”p)z @)

k-NN looks for samples in the training data that are similar or near the record to be classified in the predictor.
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2-2-5- Decision Tree

A decision tree is a classifier model that uses a tree-like structure to perform decisions. Decision trees are commonly
used in many research fields which have better performance compared with other algorithms [19, 20]. The decision tree
learning algorithm can be described as follows.

o Select the Attribute with the highest information gain value.

Let P; be the probability of an arbitrary tuple in D belonging to class D; estimated by |C;,D|/ |D|

Expected information (entropy) needed to classify a tuple can be calculated as:

Info(D) = X%, Py log, (Py) ©)

Information needed to classify D can be computed as:

D .
Info,(D) = ¥, 22 + 1D, (4)

Information gained by branching on attribute A can be computed as:
Gainy = Infop — Info,D (5)

2-3- Build Strong Classifier and Final Hypothesis

For each iteration, the errors obtained from the weak learner are compared, in each learning cycle, to get the best
model, number from T iteration, there will be 3 training weak learners namely naive bays, k-NN and decision tree. For
example, T; will start training weak learners and measure errors, if found any weak learner with an error value greater
than 0.5 must iterate to training again until the error value is less than 0.5, if all values are less than 0.5 then the error
value from all weak learners is compared to whichever is the smallest, then calculate the  value and then update the
distribution. It then iterates to compute T, until any number of T;, iteration are desired, updating the same distribution,
as if to find the best weak learner in order to update the best distribution to the final hypothesis. LEBoosting algorithm
is shown in Algorithm 1.

Algorithm 1. LEBoosting

Input: Sequence of m example ((xl, Y1) (X ym)) with labels Yy €Y :{1,...,k}
Weak learning algorithm Weaklearn

Integer T specifying number of iterations

Integer J specifying number of weak learner

Initialize Dl(i)=i forall i
m

Do fort=12,..T
Do for j=12,..,J
1. Call Weaklearn providing it with the distribution D,

2. Get back hypothesis htj =X-Y

. 1
3.Calculate the error of hy; @ &; :z_ h Dy (i) if & >E
=G0y

Then set T =T —1 and abort loop
& = min Stj
&

(1-a)

5. Update distribution Dy : Dy 4 (i) = Dt—(i)x {ﬂt RO

Z; otherwise
Where Z, is a normalization constant (Chosen so that Dy, will be a distribution)

4.Set S =

argmax 1

Output the final hypothesis: hfip =yey A log &
t:h (X)=y

2-4- Evaluate Performance and Compare the Results

Using the confusion matrix, this research can analyse the efficiency of doing classification, and in Table 3 the four
Values' performance was measured.
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Table 3. Confusion matrix

. Actual Class
Predicted Classes — -
Positive Negative
Positive TP = True Positive FP = False Positive
Negative FN = False Negative TN = True Negative

The performance analyses include accuracy, precision, recall and f-measure. The calculations are as follows:

Precision is the ratio of correctly predicted positive sample to the total predicted positive observations.

Precison = ———— (6)
TP+ FP
Recall is the ratio of correctly predicted positive sample to the total predicted in actual class
TP
recall =——— 7
TP+FN
f-Measure is the weighted average of Precision and Recall.
f _ Measure — 2x (Prgc!smn x Recall) ®)
Precision + Recall
Accuracy is ratio of the correctly predicted label to the total sample label.
Accuracy = TP+TN 9)
TP+TN +FP+FN
3- Results

The classification experiment in this paper was implemented with a MATLAB 2016, in the process of pre-processing,
we used 70% of the total dataset for the training step and the remaining 30% for the testing step. Therefore, the
classification results are shown in the confusion matrix as shown in Figure 3.

Confusion Matrix

Output Class

1 2
Target Class

Figure 3. LEBoosting classification confusion matrix
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Figure 3 shows that LEBoosting has a very high classification accuracy. Accuracy is 98.89% compared to classified
efficiency using traditional adaboost.m1 and machine learning and the results of the weaklearn test have the following
performance comparisons:

When looking at the results of Table 4 LEBoosting has the highest overall efficiency, with the highest Accuracy,
which, when compared to the f-Measure, is the highest when considering classifying by class, and when compared to
the effect of machine learning. It will be likely to classify efficiency value without voting with the method we offer.
Therefore, it can be clearly seen that the vote method that the experiment will offer can increase the efficiency of doing
classification clearly with a machine learning approach.

Table 4. Comparison of the efficiency of classification

Efficiency
Method
Class Precision Recall f-Measure Accuracy
Died 27.59 38.1 32
k-NN 62.22
Survived 78.69 69.57 73.85
Died 3.45 100 6.67
NB 68.89
Survived 100 68.54 81.33
Died 0 0 0
Tree 67.78
Survived 100 68.78 815
Died 88.16 100 93.71
Adaboost.m1 95.69
Survived 100 93.66 96.73
Died 96.67 100 98.31
LEBoosting 98.89
Survived 100 98.36 99.17

Compared to ensemble methods, it showed higher accuracy than other methods. But all machine learning methods
have similar performance values. It has an accuracy of less than 70%, but when compared to the adaboost.m1 method,
which is 95.69% effective, it can improve performance to 98.89%, meaning LEBoosting is able to learn traditional
machine learning methods. A weak learner with low classification efficiency, by using our improved LEBoosting
adaboost.m1, can increase efficiency up to 98.89%.

It is worth noting that some methods have very low precision of the class died and some methods cannot classify the
class died at all, as shown in Table 5.

Table 5. Performance Comparison with other Ensemble Methods

Efficiency
Method
Class Precision Recall f-Measure Accuracy
Died 0 0 0
Bagging 67.78
Survived 100 68.78 81.5
Died 3.45 100 6.67
LogitBoost 68.89
Survived 100 68.54 81.33
Died 6 100 11.32
LPBoost 70
Survived 100 69.32 81.88
Died 96.67 100 98.31
LEBoosting 98.89
Survived 100 98.36 99.17

From the results of the performance analysis, it was found that compared to other ensemble methods, Bagging,
LogitBoost and LPBoost methods are more effective in classification which is not more than 70% or the classification
error which is almost 1/3. The interesting point is almost all methods of the died class were difficult to classify, had low
f-Measure values and some methods had values of 0 such as decision tree and bagging, but LEBoosting was the highest
among all methods. The value is as high as 98.31%, which means that the patient will be able to accurately classify who
will die. This Displays a 2-class ROC curve analysis of all methods tested. Shown as in Figure 4.
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Figure 4. Comparison of the ROC curve of the various methods that have been tested

It is a curve plotted between sensitivity and 1-specificity. It was found that the LEBoosting graph shows the most
accurate performance in the classification test between heart failure and the died class and the least error compared to
other ensemble methods.

In addition, the trial was compared with other datasets related to heart disease, including cardiovascular disease [21].
It is the patient's personal information. Blood results and smoking behavior, etc., Heart Statlog [22] is the patient's
personal data, blood results, electrocardiogram results and results from other physical examinations related to the heart,
Heart disease dataset was the patient's personal data, blood results, blood pressure, chest pain, electrocardiogram results
and ECG values, etc. [23] to test the effectiveness of the method, it was found that the proposed method had the efficacy
of the procedure classification which is also shown in Table 6.

Table 6. Tests with other cardiac datasets

Accuracy
Dataset —
k-NN  Naive Bays  Decision Tree ~ AdaBoost.ml  Proposed Method
Cardiovascular 50.18 59.15 55.94 60.17 63.34
Heart Statlog 60.49 82.72 81.48 88.89 92.59
Heart Disease Data Set 65.93 75.82 68.13 83.52 91.51
Heart Failure Clinical Records Dataset 6222 68.89 67.78 95.69 98.89

(This Research Dataset)

From Table 6 it is found that the proposed method has the highest accuracy value compared to other methods. Which
indicates that the proposed method can be improved from the traditional boosting technique, and it performs better than
the machine learning used as a weak learner, it is capable of predicting a wide variety of heart disease data. This research
compared the efficacy of LEBoosting to other studies using the same dataset and comparison results which are shown
in Table 7.

Table 7. Comparison of efficacy with other studies

Source / Year Method Accuracy (%)
Louridi et al. (2019) [24] SVM with Linear Kernel 86.8
Khennou et al. (2019) [25] k-NN and Naive Bayes 87
Ali et al. (2019) [26] Linear SVM + LDA 90.0
Escamilla et al. (2019) [27] ChiSq + PCA 90.9
Satyanandam & Satyanarayana (2021) [28] Ensemble Learning based analysis 92.0
Ishaq et al. (2021) [4] SMOTE 92.62
Ali et al. (2019) [31] x? Statistical Model and Gaussian Naive Bayes 93.33
Javeed et al. (2019) [29] RSA based random forest 93.33
Katarya & Meena (2021) [30] Random Forest 95.60
Mehmood et al. (2021) [5] Convolutional neural networks (CNN) 97
Proposed Method (2022) LEBoosting 98.89
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When testing a heart failure dataset, it was found that LEBoosting method was highly effective at classifying
compared to other methods such as hybrid machine learning, ensemble learning and deep learning. When testing a heart
failure dataset, it was found that LEBoosting method was highly effective at classifying compared to other methods such
as hybrid machine learning, ensemble learning and deep learning by comparison, it was found that LEBoosting had a
higher efficiency than hybrid machine learning, i.e., research [24-27] because LEBoosting is a combination model from
various machine learning. This is like combining the outstanding capabilities of each algorithm together. Including
research [4, 28-30] in which each algorithm does not have the process of applying the best model or the lowest error to
use in voting results. Therefore, this issue is a weak point that LEBoosting developed to solve the problem directly,
which was found to be able to solve very well for the efficiency of classification which was the highest among all the
studies compared. Finally, when compared to deep learning in the research [5] it was found that the efficiency was
similar. Although deep learning is an algorithm with outstanding accuracy, but not all of them are suitable for the data
they bring to the classification and deep learning which also has disadvantages in terms of the need for high computing
resources and takes more time to process than other common methods. This makes it a barrier for researchers to analyze
large data with developed algorithms and can be highly complex or take many forms.

4- Discussion

This paper has shed light on LEBoosting, a new approach that streamlines computational accuracy by focusing on
maximizing error reductions in the weak learner's training process so that it can generate the most efficient final
hypothesis. LEBoosting is proven to be highly effective for classification. It is appropriate to use it to classify heart
failure patients by groups at risk of death. When comparing the results of the experiment as shown in Tables 4 and 5, it
was found that LEBoosting has the highest classification efficiency, whereas some algorithms could not classify or there
was very low classification. While LEBoosting can be highly classified in all groups, even in comparison with other
ensemble methods, it also has the highest accuracy compared to past studies, as shown in Table 7, where the findings of
this study found that the accuracy is due to the fact that the algorithm only selected the lowest error in the weak learner's
training process for each iteration to calculate. This resulted in the best error values, best beta values, and best distribution
values for boosting. There is also a wide variety of weak learner combinations of selected machine learning capabilities
to create the most accurate method of prediction. Unlike the traditional adaboost.m1 approach, the model is created from
the weak learner and then voted, so if the weak learner is used appropriately for the dataset, there is a high potential for
voting. However, if a weak learner is used that is not suitable for the dataset and causes overfitting, it can lead to poor
predictive performance.

The strength of this research is that, if the weak learner is to be replaced by other methods in the future, LEBoosting
will still have good performance. Because the error-correcting computational process is not specific to any weak learner
but rather to finding the lowest possible error value based on the weak learner's model created that LEBoosting is quite
flexible. The limitation of this research is that this trial uses clinical record datasets for classification; therefore, the data
of ECG patients cannot be analyzed. The LEBoosting developed in this research can improve the efficiency of
classification datasets for patients with heart disease with a higher degree of efficiency than other comparative methods
or research in the past. The recommendations for this research are that it should be developed to be able to classify with
ECG patient datasets.

Future research will develop LEBoosting with the ability to classify image datasets of Covid-19 patients from the
past to the present as a guideline for the prevention and treatment of emerging infectious diseases that are still developing
subspecies continuously.

5- Conclusion

Heart disease is a chronic, non-communicable disease that requires patients to seek ongoing medical care. It has a
high cost and can also be a silent disaster. This would be especially acute where heart failures could lead to increased
death rates, thus making the population worse off and shorter-lived. Knowing about the disease early will help the patient
seek treatment in a timely manner through more modern medical devices that have been developed to predict heart
disease, but the efficiency of forecasting needs to be improved to be more accurate. This will be a good aid for the doctor
in diagnosing the disease. This research presents a method for categorizing patients suffering from heart failure in cases
of life and death. The researchers proposed LEBoosting, a new algorithm that improves the performance of AdaBoost.m1
with higher classification accuracy our trial uses the UCI Repository, which contains 13 features of the patient's clinical
records. In the training step, the least error is obtained by comparing the weak learner output from different weak
learners: naive bayes, k-NN and decision tree. LEBoosting can use maximizing error reductions in the weak learner's
training process to maximize classification efficiency. The results showed that the proposed method can increase the
efficiency of classification, which is very high, and is more efficient than other ensemble methods, especially doing well
with the class-died category, which is usually difficult to predict. Also, testing on other heart disease datasets was not
highly effective, including higher figures than other studies that have been compared as well. For future research, it is
expected that this algorithm will be applied to other disease databases in which the population is still active, such as
cancer, diabetes, or COVID-19.
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