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This article presents a forecasting model for the mortality rates of COVID-19 in six of the top most
affected countries depending on the hybrid Genetic Algorithm and Autoregressive Integrated Moving
Average (GA-ARIMA). It was aimed to develop an advanced and reliable predicting model that
provides future forecasts of possible confirmed cases and mortality rates (Total Deaths per 1 million
Population of COVID 19) that could help the public health authorities to develop plans required to
resolve the crisis of the pandemic threat in a timely and efficient manner. The study focused on
predicting the mortality rates of COVID-19 because the mortality rate determines the prevalence of
highly contagious diseases. The Genetic algorithm (GA) has the capability of improving the
forecasting performance of the ARIMA model by optimizing the ARIMA model parameters. The
findings of this study revealed the high prediction accuracy of the proposed (GA-ARIMA) model.
Moreover, it has provided better and consistent predictions compared to the traditional ARIMA model
and can be a reliable method in predicting expected death rates as well as confirmed cases of COVID-
19. Hence, it was concluded that combining ARIMA with GA is further accurate than ARIMA alone
and GA can be an alternative to find the parameters and model orders for the ARIMA model.

Keywords: COVID-19 Forecasting, ARIMA Model; Genetic Algorithm; Time-series; infection
disease; pandemic



1. Introduction

Coronavirus disease (COVID-2019) is a severe ongoing pandemic threat that began
in December 2019 in the capital city of China’s Hubei province, Wuhan . It has spread
quickly across the world in a few months, which has led to an increase in the number of
infected people. The number of deaths attributed to the disease has also increased,
especially those with chronic diseases and the elderly * .

COVID-19 has fatal features as it is a very active and quickly spreading disease.
Throughout the Chinese New Year immigration, in early and mid-January 2020, the virus
spread to other provinces in China. The World Health Organization (WHO) ¢ announced
that the disease infection expanded to other different countries by overseas travelers. To
prevent further spread, strong precautionary measures have been taken; however, the
numbers of infected people are increasing worldwide even after lockdown all around the
globe. Disastrously, as of April 15, 2020, there were 123,010 deaths, and about 2 million
cases of infection were confirmed globally. As there is no known treatment for this virus
version until now, effective arrangement for healthcare services and infrastructure is
urgently needed to control the disease spreading rate. That is why modeling of approved
infected cases, daily and future deaths, and estimates of probable new cases of infection
are important for the health system.

To address the epidemic and planning for future health resources and materials
demanded, mathematical tools and statistical models are needed to predict the cases in the
short and long term future. Estimations of the expected risk of disease are vital for public
health authorities to plan the medical services and other gears required to resolve the crisis
in an efficient and timely manner. Such assessments can also suggest the severity and
nature of treatments expected to reduce the outbreak 7 3.

In the past, various mathematical approaches had been implemented with high
accuracy for diverse purposes of prediction. Recently, several computational approaches
have been employed, such as Time Series models ° '°, Multivariate Linear Regression '!,
Gray Forecasting model '>!* | Back-propagation Neural Network '“'6, Simulation models
17.18 " Automatic Regressive Integrated Moving Average (ARIMA) °2° | Long-Short Term
Memory (LSTM) which is a type of Recurrent Neural Networks (RNN) 222 and Nonlinear
Autoregressive Artificial Neural Networks (NARANN) 23 to forecast epidemic cases.
There are numerous common variables influencing epidemics and preventing them. Of this
cause, the general distribution of the epidemic is characterized by patterns and uncertainty.
Therefore, the computational methods listed are inadequate for the study of disease
spreading randomness, and the simulations are challenging to generalize.

Automatic Regressive Integrated Moving Average (ARIMA) can help in estimating
the development of this prevalent disease. The ARIMA model, known also as the Box—
Jenkins methodology *, is employed for forecasting and analysis %", It has been proven
as an effective model in the health field as well as in numerous fields due to its capability
to clarify the data set, rapid development, and construction simplicity 2. ARIMA models
were used effectively to forecast the rate and frequency of influenza mortality. Moreover,
ARIMA modeling is broadly used for the estimation of epidemic diseases like dengue
fever, tuberculosis, and hemorrhagic fever with renal syndrome.



ARIMA models are effective in simulating the spatial correlation structure of the time
series due to varying patterns, periodic seasonals, and irregular deformities in the time
series. The end-user has a relatively simple explanation since there is little statistics or
mathematics in the ARIMA methods. The end-user can, thus, have an insight into the
development of the estimation method and can depend more on this model in strategic
decisions.

LSTM and NARANN models increase the computing complexity as compared to the
ARIMA model because there are more hyperparameters that are required to be tuned. This
makes the computational effort required by the ARIMA model reach high quality results
with less effort than that exerted by the LSTM and NARANN models for the same results.
Moreover, LSTM are prone to problems such as exploding and gradient vanishing. LSTM
and NARANN works better in dealing with huge amount of data while the ARIMA model
is more efficient with small datasets 23! . On the other hand, ARIMA is simple to
implement since it requires fewer parameters to tune (only three).

The Genetic Algorithm (GA) is a total optimization technique that is always
employed to conquer precise estimation based on the ARIMA model. As the coronavirus
has become a serious problem among many countries, therefore, it is necessary to assess
the situation of the COVID-19 pandemic and forecast the evolution of prevalence rates and
mortality rates, especially in the countries most affected by the virus. Consequently, the
aim of this study is to develop an improved prediction model that can be applied to predict
mortality rates (total deaths per 1 million population time series of COVID 19) in the USA,
Brazil, Russia, United Kingdom, Spain and Italy which have the highest incident cases of
COVID 19 based on the WHO regions. For this purpose, a hybrid algorithm (GA-ARIMA)
was proposed to attain a high efficiency of forecasting. Daily confirmed COVID-19 death
rates for the six largest countries were recorded from January 1, 2020 to May 25, 2020 as
reported by the World Health Organization and the Worldometer website 32 which are the
main data sources for this study. To evaluate the proposed model, several diagnostic tests
of residual errors were applied. Additionally, the performance was compared based on
previous static and dynamic forecasting. After that, the available data were used to forecast
the future mortality rates for each country one month later from 1 October 2020 to 1
November 2020. Moreover, the proposed hybrid model was employed to predict the total
approved cases of COVID-19 in Spain, France, and Italy, which were compared to the real
and forecasted values presented by '°.

2. Contribution

This study contributed to the development of an advanced (GA- ARIMA) model for
the forecasting of the daily Total Deaths per million Population time series of the COVID-



19. The study was applied in six of the top most affected identified countries according to
the WHO. The proposed model was then employed to estimate the expected future death
rates in the six countries for three months later. The results revealed the high accuracy of
prediction of the proposed forecasting model as compared to the classical ARIMA model
and it can be a reliable method in predicting future forecasts of expected mortality rates as
well as confirmed cases of COVID-19. Therefore, it was concluded that a hybrid method
is more accurate than a distinct method and GA can be an alternate method in calculating
orders and parameters for the ARIMA model instead of using the traditional statistical tools
employed in previous works !°. These traditional methods take much time and effort in
comparing the performance of various ARIMA models in order to select the best fit model.
No doubt that this advanced hybrid model could help the healthcare authority to deliver
quality services for future patients.

3. Methodology

3.1 Dataset

Total daily deaths due to COVID-19 were recorded for the top six countries that
reported confirmed cases during the period from January 1, 2020 to May 25, 2020 using
data collected from both the World Health Organization and the Worldometer websites 2.

3.2 Autoregressive Integrated Moving Average (ARIMA) model

Autoregressive Integrated Moving Average (ARIMA) model is a time series model,
which depends on a sequence of time-ordered data points 33 4. The study of the time series
helps to expose accurate and relevant data and uses them to forecast future series values 3>~
37 The major components of a Time Series data set include trends, seasonal and irregular,
or random irregularity (Noise).

Box and Jenkins presented the ARIMA model in 1970 2*, ARIMA is one of the most
commonly employed time series models, which takes into account changing patterns,
periodic variations, and random fluctuations in the time series model. ARIMA is
appropriate for all data types, as well as seasonality, trends, and cyclicity. Moreover, it is
also robust and efficient when analyzing the spatial dependency structure of a time series.

The main components of the ARIMA models are Auto- Regression (AR), Integration
(D, and Moving Average (MA). AR is used to forecast potential values using a linear
combination of past values. To be able to use ARIMA on the data for the prediction process,
data has to be shifted from non-stationary to stationary by applying difference
transformation method. Finally, MA takes advantage of predicting errors in earlier stages
to improve the overall forecasting process. AR, Integration, and MA are typically defined
using p, d, and q which are three integers. That is why the ARIMA model can be written
as ARIMA (p; d; and q) in short form. AR (p) and MA (q) models can be specified as *%:

Ye=C+ D1Ye1+ Dye ot + 0pyep t € (D
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The terms in the equations are identified as follows:

c The time series (data) mean value
0, Ist AR-lag coefficient
0, Ist MA-lag coefficient
Vi1 The variable Y First Lag
€r1 The prediction errors first lag
p AR-Lags order
q MA-Lags order
€ White noise

Consider the difference transformation (I) order is one, (d = 1), then y,’ can be written as:

Ve' = Ve — Veer (3)

For model AR (1), @1 would meet the limitation (=1 < @1 < 1), also 8, in model
MA(1) would meet the limitation (—1 <61 < 1). Eventually, equations (1, 2 and 3) can be
merged in order to obtain the general ARIMA equation (p, d, and q) model as follows:

Ve =c¢c+ 0y, ++ (Dpy’t_p + 016 g+t 0p6 g+ € “4)

Consider the difference transformation (I) order is one, (d = 1), then y,’ can be written
as:

Ve' = Yr— Ve 3)

For model AR (1), @1 would meet the limitation (-1 < @1 < 1), also 8, in model
MA(1) would meet the limitation (—1 <61 < 1). Eventually, equations (1, 2 and 3) can be
merged in order to obtain the general ARIMA equation (p, d, and q) model as follows:

yi'=c+ Oy A0y F 016+ Og€ gt 4)

3.3 Genetic Algorithm (GA)

GA is a multi-objective optimization technique based on the theory of survival of the
fittest and then applies this optimization to a variety of population forecasting models. The
GA produces chromosome populations as potential options for predicting optimal
forecasting *°. This algorithm is stable, versatile and simple to adjust, as it can be divided



into several phases: initialization, evaluation, selection, crossover, mutation, update, and
implementation. The evaluation (fitness function) phase generates the source for a new
chromosomes population. The new population is shaped by means of certain Genetic
operators, as for examples crossover and mutation ***!. The GA fitness function is derived
from the ARIMA predicting model. An automated optimization GA technique evades the
weakness of the ARIMA model by estimating the optimal parameters for forecasting 2.
The GA optimization can be employed to attain precise forecasting through automated
performance improvements of the ARIMA model. Moreover, the GA can assess the
forecasting precision using various fitness functions based on statistical models.

3.4 The proposed method: hybrid algorithm (GA-ARIMA) approach :

The philosophy of GA is founded on the best individual's survival. Over generations,
the fitness function increases until the optimum solution is finally achieved. Initially, the
leading population is produced randomly. Every component of the population is encoded
as a real number in the range of [0-1]. After choosing additional appropriate individuals
according to the fitness function, evaluation for the mating pool, crossover and mutation
operators are applied respectively to produce new offspring. The same process is repeated
again to a predefined number of iterations. figure (1) shows the Flow chart of the proposed
(GA-ARIMA) model. The procedures taken to implement the forecasting model are
presented in the following steps:

Step 1: Check Stationarity:

Time-series data with trends or with seasonality are not stationary because it will

affect the value of the data at different times. The stationarity of a time series is essential
due to the ease of getting precise estimates 3. Hence, a very important step before using
the ARIMA model is inspecting the stationarity of the data by applying a stationary test.
This test result defines the d order to be zero (d = 0), if the data is stationary. On the other
case when the data is non-stationary, the first difference is taken and the resultant
differenced data is verified once more. This process is repeated until the data is converted
to be stationary and d is set to the number of times the differencing transformation is
applied. The optimum order of d is the minimum differencing transformations needed to
become stationary time series (TS) 3% **. There are many stationarity tests that can be
employed like: Phillips Schmidt, Kwiatkowski and Shin (KPSS) test, Auto-Correlation
Function (ACF), and Augmented Dickey Fuller (ADF) test.
Dickey-Fuller test ** was applied in this work to check if the data are non-stationary
or stationary. The data needs to be stationary in order to be applied on the ARIMA model,
i.e. the null hypothesis of stationarity should not be rejected. After applying the Dickey-
Fuller Test (DFT) in (5), if the data are non-stationary then p = 1, and if the data are
stationary then p < 1.

DFT(x;) = a + pxe_j + & %)



Where ;

o the estimated constant value of the TS data
p the hypothesis is eitherp=1orp <1

t time {I1,... .k}

€ the white noise of the TS data

Then the Autocorrelation (ACF) graphs for the time series were plotted to visualize
the data. The ACF graph defines if the previous values are related to the next values in the
series.

Step 2: Transformation from Non-Stationary to Stationary Data:

After checking the seasonality, we found that all the time series data had an obvious
seasonality pattern (increasing trend). Consequently, the first-order difference was taken
to transform the data from non-stationary to stationary. The equation of successive
differences at the d,difference in X; is expressed in equations (6) and (7):

AYX, = (1-B)4X, (6)

where d is the different order, and B is the backshift operator. The consecutive
difference at one-time lag equals:
AlXt =1 -B)X; =X, — X¢4 (7

Step 3: Encoding

The parameters AR (p) and MA (q) were represent as a chromosome and the
dimension of each chromosome L equals (p + q). Each chromosome consists of real value
coding and the values between (0 and 1). For example, an ARIMA (3, 2) chromosome may
be shown as:

AR (3) MA (2)
0261 | 0.451 0.632 0.840 | 0.123

Step 4: Initial population

The initial population is randomly nominated. Population size is one of the significant
parameters in the GA which is the number of chromosomes in each generation; this
parameter increases the efficiency of the algorithm. p =50 was randomly selected as there
are no standards to specify the size.

Step S: Fitness function
The fitness function is based on the ARIMA model for predicting the time series (TS)
as shown in equation (4). The fitness function f (x) was computed for each chromosome



produced in the initialization step. It was aimed to perform predictions based on ARIMA
model with minimum error.

Step 6: Selection

Selection is a major part of the GA to find the best chromosomes. The fittest
chromosomes have a higher probability to be selected for the next generation. The roulette
wheel is used for probabilistic selection, using the formula:

f(x;)

P(x) = ——=—
0 ) ©

Step 7: Crossover and Mutation

The crossover drive generates the next generation new offspring by sharing
information among two-parent chromosomes, chosen at random. The mutation drive is
deployed to set new genetic information with gene modification of a selected chromosome
having a crossover probability Pc and a mutation probability Pm. It was randomly assumed
Pc = 80% and Pm= 2%.

Step 8. Stopping criteria

Two different stopping criteria were used; the first criterion is the predefined
maximum number of iterations. The other termination criterion is decided due to the
enhancement of the fitness function. After a specified number of iterations, if there is no
change in the fitness property of the last improved solution, then the algorithm is stopped.
The maximum number of iterations was randomly selected to be equal to 2000.
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Fig. 1. Flow Chart of GA-ARIMA forecasting model



3.5 Model Evaluation

After fitting the GA-ARIMA model, several diagnostic tests were performed for the
remaining errors. Density plots and Quantile-Quantile (QQ) plots for the residuals were
explored to check the normality of the distribution of residual errors of the proposed
predictor. The predictive accuracy of the model was evaluated by choosing the minimum
value of Root Mean Square Error (RMSE) for the time series of all countries.

’1
RMSE = Ee,? )

Where e, = y, — f; Forecast Errors
vy Actual Values
f: Forecast Values
n  Number of Forecasts

3.6 Implementation

The proposed forecasting algorithm (GA-ARIMA) was implemented using Jupyter
Notebook version 6.0.0 along with Python version 3.4.0. Also, the analysis of the time
series was performed with Minitab 18 Statistical software.

4. Results and Discussion

The total Deaths per 1 million population time series of COVID-19 for the six largest
countries were compared in figure (2). By examining the time-series graphs, the trend is
seen. It was clearly seen that there is an upward trend in the death rates for all countries
except Russia. Besides, there were higher death rates in Spain and Brazil.
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Fig. 2. Total Deaths per 1 million Population time series of COVID-19

Furthermore, the Autocorrelation (ACF) graphs shown in figure (3) were performed
to visualize the data more clearly and check the stationarity of the time series. The
autocorrelation plot has a 95% confidence band which allows the detection of the non- zero
correlation. The extended lines in the plot show statistically crucial autocorrelations for the
COVID-19 time series data for the six countries. The ACF graphs in figure (3) revealed
that the series was not stationary since many delays exceed the confidence limits and the
autocorrelations were decreased very slightly. This result confirms the trend observed in
the time series plot in figure (2).
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Fig. 3. Autocorrelation coefficients before adjustment (x-axis denotes the time lags).

In this case, the transformation step was applied to smoothen the data by eliminating

variations in the level of the TS and, therefore, removing (or decreasing) the trend and
seasonality. The ACF graphs after the transformation step were shown in figure (4). It was
noted that all the time series turned to stationary after performing the transformation step




(second difference step). The second-order difference was applied because the trends of all
series were not removed after the first order difference step.

USA Brazil
Autocorrelation Autocorrelation
10 1.0
a8 08
a6 a6

Pty

04 .
] 2 4 6 8 1 L] 2 4 6 8 10
Russia UK
Autocorrelation Autocorrelation
10 10
o8 o8
06 a6
04 04
02 [ az
a0 1 r o 1 T — o . 1 r 1
l I. S LI Y
02 02
a 2 4 @ ] 10 L] 2 4 6 8 10
Spain Italy
Autocorrelation Autocorrelation
10 10
08 08
[T a6
04 04
) [ . [ I
[ ! [ 1 .
. I [ l r 1« e I 0 I -
02 02
o 2 4 6 8 10 0 2 4 6 8 10

Fig. 4. Autocorrelation coefficients after seasonal adjustment (x-axis denotes the time lags).

The next step was the evaluation of the proposed (GA-AMIRA) model to check the
normality of the distribution of residual errors. The residual error is the difference between
the predicted and real values. figure (5) shows the Quantile-Quantile (QQ) plot of the
residual errors of the (GA-AMIRA) model. The QQ plot Ordered distribution of the
residual errors were plotted and compared to samples taken from a standard normal



distribution N (0, 1) with a mean of 0 and standard deviation of 1. It was clear from the
figure that the data are closely clustered around the red line (Normal distribution line) and
a slight deviation of residuals from the straight line can be observed. This indicates that the
errors are somewhat near to normal with a few outliers.

To further assess the normality of the residual errors of the forecasting model,
Histograms and Probability Density Functions Plot estimated via Kernel Density
Estimation (KDE) were constructed and compared with the Normal Gaussian distribution
N (0, 1). From figure (6), it can be observed that the KDE curve closely tracks the N (0, 1)
curve and the distribution does have a Gaussian shape which is a good indication that the
residual errors of the proposed forecasting model are normally distributed, also the residual
histogram backs up this result.

Table 1. The goodness of fit criteria and coefficients
for the time series GA-ARIMA model

Country ARMA Model  Standard Error  p-value
. AR(1) 0.053 0.000
United States
MA(1) 0.057 0.585
. AR(1) 0.057 0.000
Brazil
MA(1) 0.136 0.000
. AR(1) 0.005 0.000
Russia
MA(1) 0.064 0.000
. . AR(1) 0.057 0.000
K
United Kingdom MA(1) 0.136 0.000
. AR(1) 0.081 0.000
Spain
MA(1) 0.139 0.000
AR(1) 0.020 0.000
Italy
MA(1) 0.104 0.000

To evaluate the goodness of the best fit model which was specified as ARIMA (1,2,1),
the p values, and the Standard Errors for the parameters were summarized in table (1). It
was clear that the AR (1) and MA (1) parameters had a p value of 0.000 in all countries
except in the United States where MA (1) had a p value of 0.585. This implies that the
parameters of the model are statistically significant because p values are less than 0.05.



Sample Quantiles

Sample Quantiles

Sample Quantiles

-1

-2

Normal QQ plot

USA

-2 -1 ('] 1 2
Theoretical quantiles

Normal QQ plot

Russia .

-2 - 1 2

o
Theoretical quantiles

Normal QQ plot

T T T T T

-1 o
Theoretical quantiles

Sample Quantiles

Sample Quantiles

Sample Quantiles

Normal QQ plot

o

Brazil

-2 = 1 2

1 o
Theoretical quantiles

Normal QQ plot

&

nN

o

N

o

-2

UK *

-2 -1 o
Theoretical quantiles

Normal QQ plot

-2 -1 . 0 B 1
Theoretical quantiles

Fig.5. Quantile-Quantile plot of the residual errors of the (GA-ARIMA) Model




USA Brazil
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The validation step of the (GA-ARIMA) model is very essential to test the forecasting
ability of the model. Firstly, the prediction model was compared with other counterpart
models such as the traditional (ADAM-ARIMA) model which employs the ADAM
optimization method and (PSO-ARIMA) model which depends on the practical swarm
optimizer. The RMSE was considered as an evaluation metric. Table (2) summarized the
forecasting accuracy results of the proposed model and the selected benchmark models
(Adam -ARIMA) and (PSO -ARIMA). The RMSE values for all models were calculated
for prediction of mortality rates starting from 25 April 2020 to 25 May 2020 for all



countries. It was noticed that the RMSE values for the (GA-ARIMA) model were less than
the counterpart models for all countries which reveals the high accuracy and better
forecasting ability of the proposed model. These results were attributed to the GA optimizer
search behavior. The GA helps in solving complex data and intended to discover the best
forecasting solution using automated optimization of the ARIMA model parameters. This
implies that GA is a powerful mathematical technique to improve the predicting accuracy
of the predictor model. In addition, since the COVID-19 pandemic may occur at discrete
intervals of time all over the world, hence GA is the most suitable optimizer as it has proven
to be superior to PSO in discrete optimization*® 47 48,

Secondly, to check the robustness of the forecast a comparison between the Dynamic
and Static forecasting performance of the (GA-ARIMA) model was done. It is worth noting
that the dynamic forecasting depends on the previous forecasting data to predict the future
while the Static (one step ahead) depends on the previous actual data to predict the future.
The results of the comparison as shown in table (3) indicated the lower values of RMSE of
Static forecasting as compared to the Dynamic for all countries and there was a significant
difference between the values.

Table 2: Forecasts accuracy comparison between
the proposed and benchmark model.

Adam ~ARIMA PSO -ARIMA GA -ARIMA
RMSE RMSE RMSE

United States 5108 5254 3644
Brazil 5352 5143 3888
Russia 5596 5987 4132
United Kingdom 5840 5944 4376
Spain 6084 5843 4620
Italy 6328 5612 4864

Figure (7) showed another comparative study between Static and Dynamic
forecasting using the (GA-ARIMA) algorithm to predict the time series for the death rates
with 95% confidence limits from 25 April 2020 to 25 May 2020. The observed differences
between the two performances for all countries were clearly distinguished. It was noticed
that the static forecasting line almost matches the real value line which indicates its accurate
forecasting ability and also it fits well within the confidence intervals of the proposed GA-
ARIMA algorithm forecast. These results confirm the previous results of the better
performance of Static forecasting. However, it was found that the overall forecasts for the
time series of the USA and Russia were accurate even when the dynamic forecasting was
applied, that is because the curves of the forecasted values of the time series fit well with
the real value line. Therefore, the Static Forecast was used to predict further forecasts in
this study.

Table 3: Summary of Comparative
Static and dynamic forecasting performance



Static  Dynamic
RMSE RMSE
United States 1.69 8.52
Brazil 0.97 17.38
Russia 0.14 0.99
United Kingdom | 10.79 28.31
Spain 8.39 74.24
Italy 1.45 87.53

In further investigation of the prevalence and death rates of the COVID 19, the
proposed (GA-ARIMA) model was employed to predict the mortality rates for all countries
for 3 months later, starting from 1 October 2020 to 1 November 2020. Figure (8) showed
the predicted values of the death rates in the future. The model predicted a significant rise
in the mortality rates of COVID 19 in United States, Brazil and Russia while a slight
increase in the rates was observed in Italy. However, it was noticed that the mortality rates
for United Kingdom and Spain remained constant for a certain interval of time and then it
increased again with time. In this study, it was very important to concentrate on the
mortality rates of COVID 19 because the mortality rates determine if a highly infectious
disease becomes a public concern. The rise in the number of death amongst the studied
countries is a sign that the number of infected people will increase, hence, governments
will face disastrous problems, since increased number of patients will be a burden on health
care systems

To compare the actual and forecasted values of the (GA-ARIMA) model, the model
was employed to estimate the total confirmed cases of COVID-19 within the period of 16
April to 25 April in Italy, Spain, and France and compared it to a previous work !° in which
the author had previously predicted these values depending on the classical ARIMA model.
The forecasting ARIMA model presented by Z. Ceylan !° was taken as the reference model
in the comparative study. The predicted forecasts of the two models against the real
numbers of confirmed cases were compared in figure (9). It was observed that the predicted
values of the hybrid proposed model were closer to the real data than the reference model
in all countries, which reveals the high precision of the (GA-ARIMA) model in forecasting.
These results are attributed to the genetic algorithm which is a powerful mathematical
technique in improving the forecasting accuracy of the ARIMA model. It has the capability
of finding the best forecasting by choosing the optimal ARIMA model parameters. Also,
it provides effective solutions faster than other classical approaches. The comparison
between the total numbers of confirmed cases of COVID-19 predicted by the two models
(the hybrid model and the reference model) and the actual values during the identified
period was further demonstrated in table (4).

Table (4): Prediction of the total number of confirmed cases of COVID-19 comparison between the proposed model
and reference model

Spain France Italy
Date ARIMA_GA  Reference ARIMA_GA  Reference ARIMA_GA  Reference
Real - Real Real
Model Model Model Model Model Model




16-Apr
17-Apr
18-Apr
19-Apr
20-Apr
21-Apr
22-Apr
23-Apr
24-Apr
25-Apr

184948
190839
191726
198674
200210
204178
208389
213024
219764
223759

181432
189667
195094
195329
203217
203576
207720
211886
216411
224093

175866
179009
182270
185455
188689
191892
195115
198324
201542
204755

147091
149130
149149
154097
156480
159297
157125
159460
159952
161644

147280
150970
153636
155341
157340
160086
163553
159878
161630
162268

106312
110090
113869
117648
121427
125205
128984
132763
136541
140320

168941
172434
175925
178972
181228
183957
187327
189973
192994
195351

168031
171965
176591
179420
182232
183870
186568
190381
192973
196186

165891
169294
172698
176101
179504
182907
186311
189714
193117
196520

To support the previous findings, the RMSE values were compared for both models
in table (5) which showed that the RMSE values of the Hybrid (GA-ARIMA) model were
much lower than that of the reference model in all countries. This result confirms the
findings of the high prediction ability of the presented hybrid model and leads to the
conclusion that the (GA-ARIMA) model renders better and precise prediction as compared
to the traditional ARIMA models and it can be a reliable method in predicting future
forecasts of expected mortality rates as well as confirmed cases of COVID-19.

Table (5): RMSE Comparison between the proposed model
and the reference model for prediction of total confirmed cases of COVID-19.

ARIMA- GA  Reference

Country Model Model
Spain 2424 13623
France 2668 32648
Italy 644 2107
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Fig. 7. Static and Dynamic forecasts compared to the observed values for Total Deaths per 1 million Population
with 95% confidence limits.
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5. Conclusion

In this paper, a hybrid Genetic Algorithm based on Autoregressive Integrated Moving
Average (GA-ARIMA) model was proposed to forecast the mortality rates of COVID-19
in six of the top most affected countries. The aim of this study was to develop an advanced
reliable predicting model that provides future forecasts of possible confirmed cases and
mortality rates that could assist the public health authorities in future plans to efficiently
face the pandemic threat. After evaluating the best fit model, the model was further
employed to forecast the future mortality rates for each country one month later from 1
October 2020 to 1 November 2020. The model predicted a rise in the mortality rates of

25-Apr




COVID-19 for all countries except Spain where the death rates were expected to decline
as of June. The number of confirmed cases of COVID-19 in Italy, Spain, and France
predicted by the proposed hybrid model and that of a previous study based on the classical
ARIMA model was compared to real values. The comparative study showed that the
predicted values of the hybrid proposed model were closer to the real data than the
reference model in all countries which reveals the high precision of the (GA-ARIMA) in
forecasting. The RMSE values of the proposed model were observed to be much lower
than that of the reference model which supported these findings of the high forecasting
ability of the presented hybrid model. This leads to the conclusion that the (GA-ARIMA)
model renders better and precise prediction as compared to the traditional ARIMA models
and it can be a reliable method in predicting future forecasts of expected mortality rates as
well as confirmed cases of COVID-19.
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