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Abstract

Background: COVID-19 is a disease that attacks the respiratory system and is highly contagious, so cases of the spread of
COVID-19 are increasing every day. The increase in COVID-19 cases cannot be predicted accurately, resulting in a shortage of
services, facilities and medical personnel. This number will always increase if the community is not vigilant and actively reduces
the rate of adding confirmed cases. Therefore, public awareness and vigilance need to be increased by presenting information
on predictions of confirmed cases, recovered cases, and cases of death of COVID-19 so that it can be used as a reference for the
government in taking and establishing a policy to overcome the spread of COVID-19.

Objective: This research predicts COVID-19 in confirmed cases, recovered cases, and death cases in Lampung Province
Method: This study uses the ANN method to determine the best network architecture for predicting confirmed cases, recovered
cases, and deaths from COVID-19 using the k-fold cross-validation method to measure predictive model performance.
Results: The method used has a good predictive ability with an accuracy value of 98.22% for confirmed cases, 98.08% for cured
cases, and 99.05% for death cases.

Conclusion: The ANN method with k-fold cross-validation to predict confirmed cases, recovered cases, and COVID-19 deaths
in Lampung Province decreased from October 27, 2021, to January 24, 2022.
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1. INTRODUCTION

COVID-19 is a disease that attacks the respiratory system caused by SARS-CoV-2. SARS-CoV?2 is a coronavirus
with a crown-like structure that is highly contagious [1]. The World Health Organization (WHO) officially declared
that COVID-19, which had spread to various countries worldwide, was declared a pandemic on March 11, 2020 [2].
The first case of COVID-19 in Indonesia was reported on March 2, 2020, with one positive confirmed case. Cases of
the spread of COVID-19 are increasing every day. The increase in COVID-19 cases cannot be predicted accurately,
resulting in a shortage of services, facilities and medical personnel. This number will always increase if the community
is not vigilant and plays an active role in reducing the rate of addition of confirmed cases [3]. Therefore, public
awareness and vigilance need to be increased by presenting information on predictions of confirmed cases, recovered
cases, and death cases in COVID-19 so that it can be used as a reference for the government in taking and establishing
a policy to overcome the spread of COVID-19. Information, studies, and insights based on influencing factors can be
obtained by making predictions. In addition, time series models are prone to overfitting, and if the outliers are not
handled properly, it can result in inaccurate prediction results [4].

Along with developments in Artificial Intelligence (AI) and Machine Learning (ML), better techniques and
algorithms have been developed. The ML model has an excellent track record as a predictive model [5]. Artificial
intelligence is a technology-based machine with intelligence like human thinking. Artificial intelligence is very
effective to use because it can minimize human error. Sub-fields in artificial intelligence include machine learning.
Machine learning is an innovation from machines developed to learn to produce a model from a data set. The learning
process in machine learning uses a special algorithm, more commonly called a machine learning algorithm [6].

The most frequently used machine learning algorithms are artificial neural networks (ANN). ANN can solve
complex problems in various applications such as optimization, prediction, simulation, modelling, clustering, pattern
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recognition, and classification. We implemented ANN in this study to predict COVID-19 cases using the k-fold cross-
validation method to measure predictive model performance. K-Fold cross-validation is a popular method by folding
data as much as k parts, where data testing uses one part and k-1 parts as training data, then each k will look for the
accuracy levels to obtain an average accuracy [7]. Therefore, this allows each piece of data to become training and
testing data. It is different using a data partition scheme of 80%: 20%, 70%: 30%, or 60: 40%. While partitioning the
dataset into training data and testing data with this scheme, it is possible to lose some crucial data points for research
purposes. Because there is data that are not included in the training data, the model cannot detect some patterns. As is
well known, the accuracy of analysis and modelling is greatly influenced by data, so it is hoped that the prediction
model built into this study will obtain more accurate results.

This study aims to predict and forecast COVID-19 cases using the Artificial Neural Network (ANN) method,
especially for confirmed, recovered, and COVID-19 death cases in Lampung Province. This research is expected to
get a good level of accuracy by applying K-Fold cross-validation as a testing method.

II. RELATED WORKS

A.  Spread of COVID-19 Cases in Indonesia

World Health Organization China Country Office reported a case of pneumonia of unknown etiology in Wuhan
City, Hubei Province, China, on December 31, 2019. China identified pneumonia of unknown cause as a new type of
coronavirus on January 7, 2020. In March 2020, WHO declared COVID-19 a global pandemic.

Several countries, such as France [8], Japan [9], and India [10], have conducted research related to the development
of COVID-19 in these countries. The spread of the COVID-19 virus also occurred in Indonesia. About 50% of cases
were from cities at the outbreak's start. The virus quickly spread to all 34 provinces, with more than 450,000 confirmed
cases and 15,000 deaths as of November 12,2020 [11]. As the virus that causes COVID-19 begins to spread, scientists
need to track the disease and try to slow its spread. Therefore, a standard definition of COVID-19 cases must ensure
that case counts are carried out similarly. Several definitions form the basis for determining the success of handling
the spread of COVID-19, namely confirmed cases, recovered cases, and death cases.

Based on the WHO definition, a confirmed case is a condition where a person meets the clinical and epidemiological
criteria using positive professional use or self-testing for the SARS-CoV-2 Antigen-RDT. Whereas cured cases were
defined as cases where 14 days had passed between confirmed cases and no hospitalization or additional treatment
was required, 10 days since hospital discharge, or two negative tests for at least 24 consecutive hours.

Finally, a COVID-19 case death by the Pan American Health Organization is defined as death from clinically
appropriate disease in a probable or confirmed case of COVID-19 unless there is a clear alternative cause of death that
cannot be linked to COVID-19.

B. Artificial Neural Networks for Prediction

Studies on applying the ANN algorithm to predict disease, especially COVID-19, have been carried out before.
Ardabili [12] predicts COVID-19 with the Hybrid Artificial Intelligence Method from ANN, which is trained with the
Gray Wolf Optimizer to get the highest performance. Based on the training, they project the outbreak to the end of
May. Then, the training results were evaluated using the mean absolute percentage error (MAPE) and the correlation
coefficient value.

Hasan [13] proposed an efficient and cost-effective time series modelling for the prediction of the daily trend of
COVID-19 using an empirical mode decomposition (EEMD) ensemble based on an artificial neural network (ANN).
Based on the output obtained, they concluded that the EEMD-ANN model provides promising indications for
predicting COVID-19. Dharani [14] conducted an ANN-based prediction of COVID-19 and Symptom Relevance
Survey and Analysis. The main focus is to see how someone can easily predict whether he is in good health or has
been infected with COVID-19.

Niazkar [15] applied ANN to predict COVID-19 outbreaks by estimating the incubation period of COVID-19. The
results show that applying the COVID-19 incubation period to ANN-based prediction models produces more accurate
estimates. Furthermore, Prakash [16] built a prediction model to analyze the global spread of the COVID-19 pandemic
in India and the world. They started with simple models like regression and eventually used the ANN method. In
addition, they built a growth ratio metric to predict the peak and end of the pandemic.

To find the most efficient method and create a system that can assist in the early detection of COVID-19 conditions,
Samsani [17] used various machine learning approaches such as Support Vector Machine, Naive Bayes, AdaBoost,
and ANN. The analysis sample was selected from the Coswara database, which is freely available. The results show
that the ANN-based approach predicts COVID-19 with the highest accuracy.
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III. METHODS

This section explains the proposed dataset and method, namely preprocessing, training, prediction, denormalization
and forecasting, as shown in Fig. 1.
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Fig. 1 ANN method process

A. Datasets

To predict the development of confirmed, recovered, and COVID-19 death cases in Lampung Province, we use
daily data on COVID-19 cases obtained from the Indonesian Ministry of Health's website
https://infectinemerging. kemkes.go.id/category/situasi- up to date, as of March 19, 2020, to January 24, 2022. The
data obtained contains six variables: confirmed cases, recovered cases, death cases, number of confirmed cases,
number of recovered cases, and number of death cases. However, the data variables for COVID-19 cases used in this
study were only three: confirmed cases, recovered cases, and death cases, from March 19, 2020, to October 26, 2021.
Meanwhile, data on confirmed, recovered, and death cases from October 27 to January 24, 2022, will be compared
with the forecast data obtained. Data is shown in Table 1.

TABLE 1
DAILY DATA OF COVID-19 CASES IN LAMPUNG PROVINCE
Date Confirmed  Recovered  Death Number of Number of Number of
Case Case Case Confirmed Case Recovered Case Death Case
19/03/2020 1 0 0 1 0 0
20/03/2020 0 0 0 1 0 0
21/03/2020 0 0 0 1 0 0
22/03/2020 0 0 0 1 0 0
23/03/2020 0 0 0 1 0 0
20/01/2022 1 2 0 49654 45149 3821
21/01/2022 3 1 0 49657 45150 3821
22/01/2022 6 0 1 49663 45150 3822
23/01/2022 2 1 0 49665 45151 3822
24/01/2022 3 1 0 49668 45152 3822

B. Method

1) Preprocessing
Before entering into the process of building the ANN model, the data need to be preprocessed first. First,
visualization: the data that have been input will be visualized to see whether confirmed cases, recovered cases, and
COVID-19 death cases have increased or decreased every day. Second, check missing value: this process is carried
out to determine whether or not data is missing and then to repair the data. Third, data transformation: Transformation
is changing the scale of data measurement from the original form into another form for analysis and certain
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assumptions. This study transforms the data using a standard scaler. Standard Scaler is rescaling distribution values
so that the average observed value is 0 and the standard deviation is 1. Equation (1) formulates normalization
calculations with a standard scaler [18].

x* — X— Ux (1)

Where:

x*= value x new

U, = average value x

o, = standard deviation of x

2) Training Model

First, we build the models. According to [19], an artificial neural network is an information processing system with
biological neural network performance characteristics. Artificial Neural Network (ANN) is a description of the
functions of the human brain in the form of mathematical functions which can be used to solve complex tasks, such
as prediction, modelling, forecasting and classification.

One of the critical components in building the ANN model is determining the number of hidden layers, the number
of nodes in each hidden layer, and the activation function. Determination of the number of layers should be adjusted
to the complexity of the problem. However, it should be noted that the more hidden layers, the longer the computation
time required. Modification of the number of hidden layers can be used to overcome the problem of low model
performance.

Based on Heaton's rules [20], the number of nodes in each hidden layer are determined as follows: The number of
nodes in the hidden layer must be less than double the number of input layers, The number of nodes in the hidden
layer must be 2/3 of the number of input layers plus the output layers (2/3 (input+output), The number of nodes in the
hidden layer must be between the size of the input and output layers, and because two input nodes are used, so the
number of nodes in each hidden layer meets the requirements, namely 3,2, and 1.

The activation function activates neurons in the input layer connected to neurons in the hidden layer and neurons
in the hidden layer connected to neurons in the output layer. The Rectified Linear Unit (ReLU) is the activation
function in this study. Fig. 2 showed the ReLU activation function. ReLU is an activation function used to normalize
the value generated by the layer. ReLU only creates a limit on zero, meaning when x < 0, the value x = 0, and when x
> 0, then x = x. Equation (2) is the ReLU activation function [21].

f(x) = max(0,x) )

o, ReLU

:: R(2) =max(0, 2)

-

Fig. 2 Rectified Linear Unit (ReLU) activation function

Second step is hyperparameter tuning. Hyperparameters are parameters contained in a model and have been
determined before the training process is carried out [22]. The optimal combination of parameters will produce a good
model. The optimal combination of parameters can be searched using hyper-tuning. The hyperparameters that we use
in this study include dropouts, epochs, batch size, and learning rate.

Dropout is a random abandonment of specific nodes in the layer during the training process [23]. Dropout can be
done to prevent overfitting that occurs during the training process. Epochs are the number of iterations or iterations
during the training process that provides input from the network and update the network weights. The training process
takes place on the neural network to the beginning again [24]. According to [25], the batch size is one of the most
critical hyperparameters used in machine learning and refers to the number of training examples used in one iteration.
The learning rate is a significant parameter in the performance of a network concerning the time needed to achieve an
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optimal target. The learning rate parameter influences learning speed. If the learning rate is too low, it takes a long
time to approach the minimum error, but if the learning rate is too large, the update weight will exceed the minimum
error, and the weight will oscillate. Learning rate values are commonly 0.1, 0.01, and 0.001 [26].

Third step is K-Fold Cross-Validation. The following process is the division of the dataset using the k-fold cross-
validation method. The dataset is divided into 'k’ subsets with the same data. This study will use 10 k-fold. The data
are divided into 10 k-folds roughly the same size for each fold, so they have 10 data subsets. For each of the 10 data
subsets, the cross-validation test will use 9 k-folds for training and 1 k-fold for testing, as illustrated in Fig. 3. That is
repeated k times to obtain a value in each part; the final result obtained is the average of all repetitions [27].

| EEOEOEIECIECNECNRCNECN
Toia [ Toska | Tiia | Touler T i | T 1 Tonie) | T
EEDI EEIEIEI RN ECIETN
ECEENETY O EOOECNE IR ECNETN
[(Toa [ Trin | Trin | Ton QY T | Tao | Tan | Too | Too |
[(Trsin T Toein T Toin T Toin [ Troin PR Trsin | Traio | Trwin | Trwin |
(e [ Tosia T Tinin T Tonin [ Toin | i Y T | Troio | Traio |
(T T o T Tonin T T | Towin | Towin | Towin Y Tewin | Tomin |
| Mo | Teow | oo | Tes | Teon | Tooie | Teots: | Toin
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Fig. 3 Schema of K-fold cross-validation

3) Predictions
After getting the best parameters from hyper-tuning, ANN model training was carried out with K-fold cross-
validation. Then, the model that has been trained can be used to predict the data.

4) Model Evaluation

The model evaluation process is vital in developing a good machine learning model. However, forecasting
techniques that use quantitative data with specific time series data have errors caused by these techniques [28]. Thus,
a method is needed to measure how much error is obtained after training the model. The methods used to evaluate
errors in this study include accuracy, root mean square error (RMSE), mean square percentage error (MAPE).

Accuracy can be obtained by comparing the correct predictions to those made and expressed as a percentage.

a==x100% 3)

with:

a is the accuracy in percent,

t is the number of correct prediction attempts, and
n is the number of trials.

However, accuracy is not the only value considered in evaluation because high accuracy values can be deceptive due
to dataset imbalances. Therefore, other evaluation metrics are needed, such as RMSE and MAPE.

Root Mean Square Error can be interpreted as the average distance MSE [29], and can be calculated by squaring
the error (prediction) divided by the amount of data, then taking the root. Root Mean Square Error is the magnitude
of the error rate of the prediction results, where the smaller (closer to 0) the RMSE value, the more accurate the
prediction results will be.

RMSE = VMSE @)

1 —n
= [— 7, — 2
n é t=1(yt Ye)

with:
y~_t: predicted value in period t
y_t: actual value in period t
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The MAPE calculation aims to measure statistics about prediction accuracy using the absolute error in each period
divided by the actual value and then averaging the percentage error. The MAPE calculation formula is as follows:

n |yi—til

t=1 Vi
MAPE = ——21—x 100% (5)

Forecasting is successful when it produces a low MAPE [30].

5) Denormalization

In order to compare the predicted data with actual data, it is necessary to process the data denormalization first so
that the previously normalized data return to the actual value. The denormalized data on the predicted data obtained
from building the model using the best parameters will be compared with the actual data. If the predicted data are
close to the actual data, then this model can be used to forecast COVID-19 cases in the future.

6) Forecasting

After the best model is obtained, then the model is used for forecasting. Forecasting is part of statistical modelling,
widely used in various fields because of its benefits in decision-making. Forecasting aims to predict the future value
of a specific variable that ranges over time using the previous value [31].

IV. RESULTS

A. Preprocessing

1) Visualization

The COVID-19 case data variables used in this study are only three: confirmed cases, recovered cases, and death
cases, which began from March 19, 2020 to October 26, 2021. Then, data on confirmed cases, recovered cases and
death cases from October 27 to January 24, 2022, will be compared with the forecast data obtained. The data that have
been input will be visualized by making plots in Fig. 4 to see data patterns of confirmed cases, recovered cases, and
death cases.

Covid-19 cases in 2020-2021

wel —— Confirmed Case
Recovered Case
=] —— Death Case

1000

| i I m’\h;
t ol | N _‘f\ Nl
o RO 1 11 EII L [ TN

202003 202005 2020.07 202009 202011 202101 202103 202105 202107 202100 202111

Fig. 4 Plot of COVID-19 data in Lampung Province

2) Check Missing Value
Before building an ANN, the data must be processed by looking at the presence or absence of a missing value. This
process must be done to view the missing data and correct errors.

3) Data Transformation
Next, data transformation will be carried out using a standard scaler as shown in Table 2.
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TABLE 2
RESULT OF DATA SCALING

Confirmed Case Recovered Case Death Case

0 -0.6565246 -0.55131978 -0.3490311
1 -0.6644127 -0.55131978 -0.3490311
2 -0.6644127 -0.55131978 -0.3490311
3 -0.6644127 -0.55131978 -0.3490311
4 -0.6644127 -0.55131978 -0.3490311
582 -0.6249723 -0.29812062 -0.3490311
583 -0.5855319 -0.53685123 -0.2952141
584 -0.6565246 -0.49344567 -0.2952141
585 -0.6486365 -0.34152618 -0.2952141
586 -0.5776438 -0.14620110 -0.2413971

B. Training Model

This research will build an artificial neural network using K-fold validation, one input layer, one output layer, and
the ReLU activation function, as well as several other parameters such as a hidden layer, batch size, epoch, learning
rate, and dropout. To get the best combination of parameters, we apply hyper-tuning. In addition, this hyper-tuning
process will use early stopping so that the model's learning process stops when the conditions are met. The following
parameters will be used in the hyper-tuning process, and Table 3 shows the optimal parameters obtained.

1. Number of batch sizes: 16 and 32

2. Number of epochs: 50 and 100

3. Number of dropouts: 0.2 and 0.3

4. Value of learning rate: 0.001 and 0.01

TABLE 3
OPTIMAL PARAMETER OF HYPERTUNING PROCESS
Parameter Confirmed Case Recovered Case Death Case
k-fold k (10 folds) k (10 folds) k (10 folds)
Batch size 16 32 32
Epochs 100 50 100
Learning rate 0.01 0.01 0.01
dropout 0.2 0.2 0.2
layer Input : 1 layer (45 units) Input : 1 layer (45 units) Input : 1 layer (45 units)
Hidden : 1 layer (30 units) Hidden : 1 layer (30 units) Hidden : 3 layer (30, 20, and 13 units)
Output : 1 layer (1 units) Output : 1 layer (1 units) Output : 1 layer (1 units)

Fig. 5 shows an artificial neural network for confirmed cases, cases recovering, and cases of death in COVID-19.
After getting the best parameters from hyper-tuning, testing the artificial neural network with k-fold validation will
see each fold's MAPE value and accuracy, and the final result obtained is the average of all folds as shown in Table
4.

TABLE 4
THE ACCURACY VALUE OF THE ARTIFICIAL NEURAL NETWORK MODEL TEST RESULT WITH K-FOLD VALIDATION
Confirmed Case Recovered Case Death Case
Fold 1 98.79% 98.79% 98.88%
Fold 2 99.45% 98.61% 98.76%
Fold 3 99.51% 99.12% 98.92%
Fold 4 98.38% 96.49% 99.03%
Fold 5 97.18% 99.44% 98.68%
Fold 6 99.46% 99.21% 98.47%
Fold 7 99.47% 99.17% 99.18%
Fold 8 98.56% 98.90% 99.12%
Fold 9 99.32% 97.80% 99.07%
Fold 10 98.07% 97.64% 98.77%
Average 98.82% 98.52% 98.89%
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Fig. 5 Structure of Artificial Neural Network (ANN) in (a) confirmed cases, (b) recovered cases, (c) death cases.

Then, how well the model has been built is tested by looking at the loss value and the validation loss, where the
mean squared error function loss when the model is built. The visualization result can be seen in Fig. 6.

Confirmed Case Recovered Case Death Case
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Fig. 6 Loss graphic for (a) confirmed cases, (b) recovered cases, and (c) death cases

C. Results of Predicted COVID-19 Cases in Lampung Province

Predicted data must first be denormalized so the previous data are normalized to the actual value. Denormalized
data on predictive data obtained from model development using the best parameters will be compared with actual data.
If the predicted data are close to the actual data, then this model can predict COVID-19 cases in the future. The result

of comparison plot between actual data and predictive data can be seen in Fig. 7.
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Fig. 7 Comparison plot of actual data with predictive data for (a) confirmed cases, (b) recovered cases, and (c) death cases

D. Evaluation of Artificial Neural Network with K-Fold Validation
The evaluation result is shown in Table 5.

TABLE 5

EVALUATION OF COVID-19 CASES IN LAMPUNG PROVINCE

Model Evaluation Confirmed Case Recovered Case Death Case
RMSE 0.322 0.698 0.518
MAPE 1.18% 1.48% 1.11%

Accuracy 98.82% 98.52% 98.89%

E. Forecasting COVID-19 Cases in Lampung Province

The accuracy of the model built shows promising results. Then forecasting is carried out for the next 90 days. The
following are the results of forecasting cases of COVID-19 in Lampung Province. The Fig. 8 is a graph of the overall

actual data and forecasting data on confirmed cases, recovered cases, and cases of death based on Table 6.

FORECASTING COVID-19 CASES IN LAMPUNG PROVINCE

TABLE 6

Date Confirmed Case Recovered Case Death Case
27/10/2021 10.69 20.97 1.14
28/10/2021 10.45 10.40 1.10
29/10/2021 9.79 12.75 1.36
30/10/2021 9.84 16.12 1.25
31/10/2021 9.28 15.14 1.44

1/11/2021 9.02 13.47 1.10
2/11/2021 8.82 9.90 1.32
18/1/2022 0.94 0.65 0.18
19/1/2022 0.92 0.63 0.18
20/1/2022 0.91 0.64 0.17
21/1/2022 0.89 0.65 0.17
22/1/2022 0.88 0.65 0.16
23/1/2022 0.86 0.64 0.16
24/1/2022 0.85 0.62 0.15

Based on Fig. 8, the forecast for confirmed, recovered, and death cases for October 27, 2021, to January 24, 2022,
has decreased.

V. DISCUSSION

We compared the test results in this study with other research methods and results, as shown in Table 7. For
example, Ardabili [12] used the ANN Hybrid Artificial Intelligence Method of ANN Trained with Gray Wolf
Optimizer model for COVID-19 Global Prediction with a dataset based on time series with a total of 300,000 datasets.
The results show that ANN-GWO obtains a MAPE value of 13.15%. Hasan [13] used the EEMD-ANN Hybrid Model
on the cumulative global data of daily level information by country and obtained an RMSE value of 0.00559.
Furthermore, a study by Dharani [14] using ANN based on Symptoms Relevance Survey and Analysis with 300,000
datasets obtained an accuracy of 66%. Samsani [17], in his research, tried to compare several machine learning
approaches such as SVM, Adaboost, Naive Bayes, and ANN using the Coswara Dataset developed by the Indian
Institute of Science in Bangalore. As a result, the highest accuracy is obtained using the ANN method of 93%.
Meanwhile, the prediction results from the proposed method obtained a MAPE value of 1.78% for confirmed cases,
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1.92% for recovered cases and 0.95% for death cases, so it can be interpreted that these results have a good predictive
ability with an accuracy value of 98.22% for cases confirmed cases, 98.08% for cured cases, and 99.05% for death
cases. However, this study has a limited dataset, where the number of datasets is one of the determining factors.

Actual and Forecasting Data for Confirmed Cases

Actual
—— Forecasting

Actual and Forecasting Data for Recovered Cases

10

Actual
Forecasting

(b)
Actual and Forecasting Data for Death Cases

Actual
—— Forecasting

Fig. 8 Plot of forecasting results with actual data on (a) confirmed cases, (b) recovered cases, and (c) death cases.

TABLE 7
PREDICTIVE MODEL PERFORMANCE
Reference Study Model MAPE RMSE Accuracy
Ardabili ANN + Gray Wolf Optimizer 13.15% NA NA
Dharani ANN + Symptoms Analysis NA NA 66 %
Hasan EEMD + ANN NA 0.00559 NA
Samsani ANN, SVM, Adaboost, Naive Bayes NA NA 93%
Proposed Method ANN + K-Fold Cross--Validation Confirmed case = 1.18% Confirmed case = 0.322 Confirmed case = 98.82 %
Recovered case = 1.42% Recovered case = 0.698 Recovered case = 98.52 %
Death case = 1.11% Death case = 0.518 Death case = 98.89 %

VI. CONCLUSION

Applying the artificial neural network method with k-fold cross-validation to predict confirmed cases, recovered
cases, and deaths in COVID-19 in Lampung Province resulted in MAPE values of 1.18%, 1.42%, and 1.11%,
respectively. RMSE obtained a value of 0.322 for confirmed cases, 0.698 for cured cases, and 0.518 for death cases,
so it can be interpreted that these results have better predictive ability than existing methods. The prediction accuracy
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for confirmed cases is 98.82%, 98.52% for recovered cases, and 98.89% for death cases. Experiments of the proposed
method show that this method can also be used for forecasting. As a result, forecasts for confirmed, recovered, and
death cases from October 27, 2021, to January 24, 2022, have decreased according to actual data.
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