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Abstract

Globally, many research works are going on to study the infectious nature of COVID-19 and every day we learn

something new about it through the flooding of the huge data that are accumulating hourly rather than daily which

instantly opens hot research topics for artificial intelligence researchers. However, the public’s concern by now is

to find answers for two questions; 1) when this COVID-19 pandemic will be over? and 2) After coming to its end,

will COVID-19 return again in what is known as a second rebound of the pandemic?. This research developed a

predictive model that can estimate the expected period of time that the virus can possibly stopped and the risk of a

second rebound of COVID-19 pandemic. Therefore, this study considered SARIMA model to predict the spread of

the virus on several selected countries and is used for pandemic life cycle and end date predictions. The study can be

applied to predict the same for other countries as the nature of the virus is the same everywhere. The advantages of

this study are that it helps the governments in making decisions and planning now for the future, reduces anxiety and

prepares the mentality of people for the next phases of the pandemic. The most striking finding to emerge from this

experimental and simulation study is that the proposed algorithm show that the expected COVID-19 infections for the

top countries of highest number of confirmed case will slowdown in October, 2020. Moreover, our study forecasts that

there may be a second rebound of the pandemic in a year time, if the current taken precautions are eased completely.

We have to consider the uncertain nature of the current COVID-19 pandemic and the growing inter-connected and

complex world, what are ultimately required are the flexibility, robustness and resilience to cope up the unexpected

future events and scenarios.

Keywords: COVID-19 Pandemic, Infection control, SARIMA, Prediction, Second Rebound, AIC, ARIMA Models.

1. Introduction

On December 8th, 2019 a novel Corona Virus Dis-

ease (COVID-19), a member of the family of the Severe

Acute Respiratory Syndrome Corona-virus-2 (SARS-

CoV-2) started to infect people in the city of Wuhan,

China [1]. COVID-19 was declared as pandemic by

world health organization (WHO) on March, 11th, 2020

and since then it invaded almost all countries in the

world [2].

Essentially, COVID-19 is an infectious viral dis-

ease that is transmitted from human-to-human through

droplets whether direct; during coughing, sneezing of

the patient or the carrier of the disease or indirect;

through getting in contact with the patient’s saliva on

close contact, shaking hands, using his personal articles

or touching surfaces soaked with his droplets containing

the virus. The virus finds its way into the human body

through the mucus membranes of the mouth, nose and

eyes [2, 3, 4].

Clinical picture of the COVID-19 infected patients

varies significantly, from being asymptomatic to having

severe form of the disease. In most cases, high fever,

cough, sore throat, general weakness, fatigue, and mus-

cular pain are manifested in many patients. In the se-

vere cases, pneumonia, acute respiratory distress syn-
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drome, micro-coagulopathies, sepsis and septic shock

are highly manifested, and in many instances, it could

lead to death. Reports show that clinical deterioration

occurs rapidly, often during the second week of the

course of the disease [5, 6]. Patients with underlying

medical conditions such as cardiovascular disease, dia-

betes, chronic respiratory disease, cancer and old-aged

people are more likely to experience serious illness [7].

Since it has been first reported, the COVID-19 in-

vaded 210 countries and territories around the world [8].

As for May, 3rd, 2020, in more or less a four month pe-

riod, a total of 3,521,538 confirmed cases of COVID-19

were reported and its death toll showed about 250,072

deaths.

Many research works are going on to study the in-

fectious nature of COVID-19 and every day we learn

something new about it through the flooding of the huge

data that are accumulating hourly rather than daily [9].

However, by now, some information are known about

COVID-19, its full characteristics are still unclear. One

of the COVID-19 features is that it is able to change its

nature very quickly due to its accelerated genetic muta-

tions. Therefore, scientists are continuously perform-

ing observational studies just to establish facts about

COVID-19 that will help in ending its pandemic. How-

ever, the viral genetic mutations increases the likelihood

of having a second wave of the pandemic in future [9].

After recognizing the high rates of spread of COVID-

19, the severity of cases and its related high death rates,

the world rulers followed the advice of the WHO and

took decisions of locking-down cities, banning local and

international flights, restricting movements of millions

and suspending schools, universities and business oper-

ations. Such decisions made the people to feel stressed,

depressed and/or anxious, with variable degrees of psy-

chological impacts. Moreover, with the long stay at

home, the people are getting anxious and looking for-

ward to return to their normal life, work and activities

[10, 11].

The ARIMA and SARIMA models are common

widely used statistical approaches for time-series anal-

ysis and forecasting. The non-seasonal ARIMA

(p, d, q) method is utilized to build the pure seasonal

SARIMA(p, d, q) × (P,D,Q)s model. The public’s con-

cern by now is to find answers for two questions; 1)

when this COVID-19 pandemic will be over? and 2)

After coming to its end, will COVID-19 return again in

what is known as a second rebound of the pandemic?.

In this paper, using the the SARIMA model which is a

common widely used statistical approach for stationary

time-series forecasting, we will answer both questions

on scientific basis of algorithmic modelling.

The main contributions of our research work in-

cludes:

• Expected COVID-19 infections of the confirmed

case will slowdown in October 2020.

• A second rebound of the pandemic in a year time

if the currently taken precautions are eased com-

pletely.

• To the best of our knowledge, there no previous

work that uses the SARIMA model, hence we are

contributing a unique model that predicts in the

highest possible accuracy on predicting the end

date of COVID-19 pandemic.

• Evaluate the ability of the SARIMA model for the

prediction of the spread of COVID-19 pandemic

using statistical visualization graphs such as nor-

mal distribution which makes our work better eas-

ily understandable to the readers.

• The predictive technique depends on the quality

and density of the collected data of WHO.

• The predictive help the governments in making de-

cisions and plan for the future, reduces anxiety and

prepares the mentality of people for the next phases

of the pandemic.

The aim of this study is to find the best prediction mod-

els for daily confirmed cases in countries with the high-

est number of confirmed cases in the world and to pre-

dict confirmed cases in order to have more readiness in

healthcare systems so as to make forecasts of the con-

firmed cases in the next fifteen days.

This paper is organized as follows: Section 2 presents

the related works. Section 4 introduces our new

methodology and the proposed approaches. Section 5

presents the experimental observations. Section 5.2 ex-

plains our detailed discussion. Finally, the conclusions

and possible future works are introduced in Section 6.

2. Related work

Lai et al. [12] studied the epidemic nature of COVID-

19 incidence in terms of daily cumulative index, mortal-

ity rate, and associative status of the countries health

care resources and economy. With catastrophic out-

break of COVID-2019 globally, huge volume of data

is generated instantly that opens hot research topic for

machine learning and artificial intelligence researchers.

Jianxi Luo [13] provided a simple figure for each

country to show the estimated pandemic life cycle to-

gether with the actual data or history to date, which
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in turn reveals the inflection point and ending phase.

The predictions were started purely driven by personal

curiosity regarding when COVID 19 will end. How-

ever, this paper need more update with more analyses

and cases, as well as sharing of learning and reflections

from this exercise and they did not use any mathemati-

cal model to predict.

Raj Dandekar and George Barbastathis [14] proposed

a method to capture the current infected curve growth

and predicts a halting of infection spread by 20 April

2020. This method has shown that reversing quaran-

tine measures right at this time can lead to an exponen-

tial explosion in the infected case count, thus annulling

the part played by all measures implemented in the US

since mid-March 2020. However, the model uses only

for a period of 1 month following the current US pol-

icy, that implies it has lack of sufficient data to predict

correctly.

IHME COVID-19 health service utilization forecast-

ing team, Christopher JL Murray [15] peaked daily

deaths varies from March 30 through May 12 by state

in the US and March 27 through May 4 by country in

the EEA. They have estimated that through the end of

July, there will be 60,308 (34,063-140,381) deaths from

COVID-19 in the US and 143,088 (101,131-253,163)

deaths in the EEA. Deaths from COVID-19 are esti-

mated to drop below 0.3 per million between May 4

and June 29 by state in the US and between May 4 and

July 13 by country in the EEA. Timing of the peak re-

quired for hospital resources requirements varies highly

across states in the US and across regions of Europe.

Interpretation: Apart from scoring a large number of

deaths from COVID-19, the epidemic will place a load

on health system resources well beyond the current ca-

pacity of hospitals in the US and EEA to manage, es-

pecially for ICU care and ventilator use. These esti-

mates can help inform the development and implemen-

tation of strategies to address this gap, including reduc-

ing non-COVID-19 demand for services and temporar-

ily increasing system capacity.

According to the WHO report on guidelines to pro-

tect COVID-19, [16], it infects humans by enters to the

body via different parts such as eyes, nose and/or mouth.

It shall be noted that in order to avoid this infection,

the guideline by WHO suggests not to touch the face

with unwashed hands. Proper washing of hands with

detergents such as soap and water for at least 20 sec-

onds, or cleaning hands thoroughly with alcohol-based

solutions is recommended in all settings. It is also rec-

ommended to stay one meter or more away from one

another to reduce the risk of infection through respi-

ratory droplets. COVID-19 spreads rapidly in droplets

and somehow surfaces.

Lutfi and Burcu [17] performed Auto Regressive

Integrated Moving Average (ARIMA) model on the

European Centre for Disease Prevention and Control

COVID-19 data to predict the number of cases and

deaths in COVID-19. But using some selected coun-

tries only. Hiteshi et al. [18] developed a model and

then employed it for forecasting future COVID-19 cases

in India only. The study indicates an ascending trend for

the cases in the coming days.

Previous researchers were focused on developing

methods to achieve accurate and time-efficient for pre-

diction of the spread of COVID-19. The main draw-

backs of the previous research works were, they use

a predictive model that gives less accurate results in

some cases. In reference to the above related work on

COVID-19, there were great ideas to improve indicates

an ascending trend for the cases in the coming days.

Previous works lack some promising features that could

enable us to predict the highest possible accuracy of the

COVID-19 infections of confirmed case will slowdown.

3. Dataset Description

To validate our work, we have used the records of

COVID-19 data from WHO and Johns Hopkins univer-

sity official websites. The data basically shows con-

firmed cases, daily recovery and death rates. In our

work, we have considered COVID-19 datasets for the

countries such as the US, Italy, Spain, UK, France, Ger-

many, Russia, and Turkey. Table 1 presents a sample

of the top countries having maximum number of con-

firmed cases as of May 9, 2020 and Figure 1 shows the

distribution of confirmed cases. Table 2 describes the

current active and closed cases where out of the total in-

fected cases, 98% of the patients in mild conniption and

2% are in a serious or critical condition. In the cases

of closed cases, 84% of the patients have recovered and

16% of them have died.

3.1. Current Statistics

Age factor and Death Rate due to COVID-19: Ta-

ble 3 presents the collected data from New York City

(NYC) Health as of April 14. All data in this report are

preliminary and are subject to change as cases continue

to be investigated (See Table 1). These data include

cases in NYC residents and foreign residents treated

in NYC facilities. This Table shows only confirmed

deaths. A death is considered confirmed when the per-

son died after positive COVID-19 laboratory test. The

main underlying illnesses that leads to high risk of death
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Table 1: A sample of the top countries sorted by the number of confirmed cases as of May 9, 2020 [8].

Country,

Other

Total

Cases

New

Cases

Total

Deaths

New

Deaths

Total

Recovered

Active

Cases

Serious,

Critical

Tot Cases/

1M pop

Deaths/

1M pop

Total

Tests

Tests/

1M pop

World 4,065,824 +56,533 278,375 +2,399 1,415,268 2,372,181 47,812 522 35.7

USA 1,332,396 +10,611 79,180 +565 224,633 1,028,583 16,843 4,025 239 8,453,409 25,539

Spain 262,783 +2,666 26,478 +179 173,157 63,148 1,741 5,620 566 2,467,761 52,781

Italy 218,268 +1,083 30,395 +194 103,031 84,842 1,034 3,610 503 2,514,234 41,584

UK 215,260 +3,896 31,587 +346 N/A 183,329 1,559 3,171 465 1,728,443 25,461

Russia 198,676 +10,817 1,827 +104 31,916 164,933 2,300 1,361 13 5,221,964 35,783

France 176,079 26,230 55,782 94,067 2,868 2,698 402 1,384,633 21,213

Germany 170,998 +410 7,510 143,300 20,188 1,712 2,041 90 2,755,770 32,891

Brazil 148,670 +2,778 10,100 +108 59,297 79,273 8,318 699 48 339,552 1,597

Turkey 137,115 +1,546 3,739 +50 89,480 43,896 1,168 1,626 44 1,334,411 15,822

Figure 1: Distribution of cases as of May 9, 2020 [8].

if one has got infected by COVID-19 include diabetes,

lung disease, cancer, immunodeficiency, heart disease,

hypertension, asthma, kidney disease, and GI/liver dis-

ease.

Table 3 depicts the rate of death due to COVID-19

for various age range in the New York City. For peo-

ple in the age range from 0 to 17 years old, the rate

of death is insignificant if the patients do not have un-

derlying health condition. In the case of elderly people

whose age is 75+ years old the rate of death rate 14.2%.

Generally, as the age increases and if the patient has un-

derlying health condition, there is high risk of death due

to the COVID-19.

Moreover, the data depicts men are highly susceptible

to death comparing to that of women. Out of the total

death rates, 61.8% men and 38.2% women dies due to

COVID-19 in the New York city as of April 14 as shown

in Table 4.

Table 5 shows the COVID-19 Fatality Rate by AGE

in China. The death rate is computed as shown in Equa-

tion 1. This probability varies depending on the age

group. The percentages shown below do not have to add

up to 100%, as they do NOT represent share of deaths

by age group. It presents, for a person in a given age

group, the risk of dying if infected with COVID-19. In

general, relatively few cases are seen among children

[19].

{

Death Rate = (number of deaths/number of cases)

Death Rate = probability of dying if infected by the virus (%).

(1)

Table 6 shows COVID-19 Fatality Rate by SEX. The

probability differs depending on gender(sex) of the pa-
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Table 2: A sample of the top countries sorted by the number of confirmed cases in May 9, 2020 [8].

ACTIVE CASES CLOSED CASES

Currently Infected Patients 2,372,181 Cases which had an outcome: 1,693,643

in Mild Condition 2,324,369 (98%) Recovered / Discharged 1,415,268 (84%)

Serious or Critical 47,812 (2%) Deaths 278,375 (16%)

Table 3: Age of Coronavirus Deaths of New York City Health [8].

AGE Number of Deaths
Share of

deaths

With underlying

conditions

Without

underlying

conditions

Unknown if with

underlying cond.

Share of deaths

of unknown + w/o cond.

0 - 17 3 0.04% 3 0 0 0%

18 - 44 309 4.5% 244 25 40 1.0%

45 - 64 1,581 23.1% 1,343 59 179 3.5%

65 - 74 1,683 24.6% 1,272 26 385 6.0%

75+ 3,263 47.7% 2,289 27 947 14.2%

TOTAL 6,839 100% 5,151 137 1,551 24.68%

tients. When reading these numbers, it must be taken

into account that smoking in China is much more preva-

lent among males. Smoking increases the risks of res-

piratory complications. Hence, male are highly suscep-

tible to death when compared to female which is evi-

denced empirically as 4.7% and 2.8% respectively.

Pre-existing medical conditions (comorbidities) put

patients at higher risk of death from COVID-19 pan-

demic. Patients who have no pre-existing (”comor-

bidities”) medical conditions are having fatality rate of

0.9%.

Table 6 shows COVID-19 Fatality Rate by COMOR-

BIDITY. This probability differs depending on pre-

existing condition. The percentage shown below does

NOT represent in any way the share of deaths by pre-

existing condition. Rather, it represents, for a patient

with a given pre-existing condition, the risk of dying if

infected by COVID-19.

4. Methodology

In the subsequent subsections, the proposed Auto

Regressive Integrated Moving Average (ARIMA) have

been described . The ARIMA is a statistical and econo-

metric model applicable in time-series analysis related

problems mainly to understand the data or to predict fu-

ture points in the series.

4.1. The ARIMA Models

A time-series Yt is described as a series of indepen-

dent variables on the basis of time, where t is a time

step [20]. A deterministic time- series is expressed by

the function, Yt = f (t). While, the stochastic time series

is expressed by Yt = X(t), where X is a random vari-

able. The ARMA model developed by Box [21], has

been used for the forecasting process in the stationary

time series. Box-Jenkins (ARMA) forecasting model is

very popular as it has high prediction efficiency in the

stationary time series analysis [22]. An autoregression

AR(p) is a known time series method used to predict the

future value by using observations from previous p-time

steps as inputs to the regression equation multiplied by

the appropriate coefficients φ of AR. Besides, the sum is

extended by adding the mean of the series µ and white

noise ω that is a random error. The AR(p) model is

given in the form shown in equation 2.

AR(p) : yt = µ +

p
∑

i=1

(φiyt−i) + ωt (2)

The polynomial function of the Moving Average

MA(q) method is not included for any variable from a

time-series. It consists of three parts that includes: first

part is the mean of the series µ, the second part is sum-

mation of the multiplication of a finite number of MA

coefficients, θ, and model residuals ω, and the third part

is the white noise ωt. The MA(q) model is given in

equation 3.

MA(q) : yt = µ +

q
∑

i=1

(θiωt−i) + ωt (3)

The ARMA(p, q) model composes of two main poly-

nomials which are AR(p) and MA(q) [23]. Mathemati-

cally it is represented as shown in Equation 4.

yt = µ +

p
∑

i=1

(φiyt−i) +

q
∑

j=1

(θ jωt− j) + ωt (4)
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Table 4: Sex ratio of New York City Health [8].

SEX Deaths Share of Deaths
With underlying

conditions

Share within

this category

Without underlying

conditions

Share within

this category

Unknown if

with cond.

Share within

this category

Male 4,095 61,8% 3,087 62,2% 96 72.2% 912 59.5%

Female 2,530 38.2% 1.873 37.8% 37 27.8% 620 40.5%

Table 5: Age of Coronavirus Deaths in China [19].

AGE
DEATH RATE

confirmed cases

DEATH RATE

all cases

80+ years old 21.9% 14.8%

70-79 years old 8.0%

60-69 years old 3.6%

50-59 years old 1.3%

40-49 years old 0.4%

30-39 years old 0.2%

20-29 years old 0.2%

10-19 years old 0.2%

0-9 years old no fatalities

Table 6: Fatality Rate by SEX in China [8].

SEX
DEATH RATE

confirmed cases

DEATH RATE

all cases

Male 4.7% 2.8%

Female 2.8% 1.7%

Table 7: Fatality Rate by COMORBIDITY in China [8].

PRE-EXISTING CONDITION
DEATH RATE

confirmed cases

DEATH RATE

all cases

Cardiovascular disease 13.2% 10.5%

Diabetes 9.2% 7.3%

Chronic respiratory disease 8.0% 6.3%

Hypertension 8.4% 6.0%

Cancer 7.6% 5.6%

no pre-existing conditions 0.9%

or

φ(B)yt = µ + θ(B)ωt (5)

The notation ARMA (p, q) represents the order of an

ARMA method, can be described as follows:

• yt stands for predicted value at time t,

• p: is the order of AR polynomial indicating num-

ber of autoregressive lags,

• q: stands for the order of MA model presenting the

number of moving average model lags,

• φi: The AR(p) coefficients has to estimate (i =

1, 2, . . . , p),

• θ j: MA(q) coefficients (parameters) that need to

estimate, ( j = 0, 1, 2, . . . , q),

• µ: represents the mean value of the time series

data,

• d: represents the number of differences and is cal-

culated based on the equation ∆yt = yt − yt−1

• ωt: represents the white noise of the time-series at

time t.

The ARIMA (p, d, q) model is a widely used statisti-

cal method used in stationary time-series analysis such

as forecasting [24]. To build such a model, the primary

step is to investigate whether the statistical stationery

of a time-series can be satisfied or not. Then, the next

phase is estimating the numerical values of p and q pa-

rameters for AR and MA models. Thus, the essential

idea of the ARIMA model is based on the assumption

that the predicted value of the variable yt is generated

from a linear equation of several previous observations

with random errors [25]. A process Xt is an ARIMA

(p, d, q) when it satisfies the form in Equation 6.

∇
dXt = (1 − B)dXt (6)

In other words, the process Xt should be stationary af-

ter differencing a non-seasonal process d times. During

the training step of the ARIMA model using the avail-

able dataset, the values of p, d, and q are continually

6



changing until the end and the last values are considered

for the forecasting of the future values. The mathemat-

ical description of the model is presented as shown in

Equation 7.

φp(B)(1 − B)dXt = µ + θ(B)ωt (7)

4.2. Seasonal ARIMA Model

The non-seasonal ARIMA model (p, d, q) is vital in

building pure seasonal SARIMA(p, d, q) × (P,D,Q)s

model, whereby the term (p, d, q) presents the non-

seasonal part of the model and (P,D,Q)s describes the

seasonal part of the model. The mathematical descrip-

tion of the model are presented as shown in Equation 8.

φp(B)ΦP(Bs)Wt = θq(B)ΘQ(Bs)ωt (8)

The notation of equation 8 is described as follows:

p, d, andq are represented in the previous Equation 4, P

presents the order of seasonal AR model, D indicates

the number of seasonal differencing, Q refers to the or-

der of seasonal MA, and s is length of the season (peri-

odicity). Besides, the ωt and B are the white noise value

at period t, and the backward shift operator, respectively.

Equation 8 presents the seasonal components of

SARIMA which can be expanded mathematically after

substitute the value of Wt = ∇
d(B)∇D

s (B)Xt.

φp(B)ΦP(Bs)(1−B)d(1−Bs)DXt = θq(B)ΘQ(Bs)ωt (9)

The components of seasonal SARIMA can be written

as:

• non-seasonal AR:φp(B) = 1−φ1B−φ2B2 −φ3B3 −

· · · − φpBp,

• non-seasonal MA: θq(B) = 1− θ1B− θ2B2 − θ3B3 −

· · · − θqBq,

• seasonal AR:ΦP(Bs) = 1−Φ1Bs−Φ2B2s−Φ3B3s−

· · · − ΦpBps,

• seasonal MA:ΘQ(Bs) = 1−Θ1Bs−Θ2B2s−Θ3B3s−

· · · − ΘQBQs

and

• BsXt = Xt−s,

• ∇sXt = ∇s(B)Xt = (1 − Bs)Xt

= Xt − BsXt = Xt − Xt−s,

• ∇d(B)Xt = (1 − B)dXt,

• ∇D
s (B)Xt = (1 − Bs)DXt

Considering the relationship within the data,

SARIMA (p, d, q) × (P,D,Q)s model is successfully

applied to different time-series because of the order of

SARIMA is relatively small number. The period value

of time-series s (seasonality) is based on the dataset.

For instance, s = 7, 30, 365 for weekly, monthly, and

yearly data respectively. The d and D indicate the

order of the nonseasonal and seasonal differencing and

values of it are not more than 1 and 2 total of seasonal

difference, respectively (i.e., 0 ≤ d,D ≤ 1).

4.3. Model selection

There are three steps in ARIMA model creation

namely identification, parameter estimation, and diag-

nostic checking [26]. The identification process of the

model deals with determining proper differencing to get

stationary time-series, the order of the model desired,

and the autocorrelation (ACF) and partial autocorrela-

tion (PACF) functions that are used to recognize the

temporal correlation structure of the transformed data.

ACF is a statistical metric of the correlation that is used

to check if previous values in time-series analysis has

certain relationship with the latest values or not. For all

low order lags, PACF represents the value of the corre-

lation coefficient between the variable and its time lag

[27].

The two main methods commonly used to select

appropriate models are Akaike’s Information Crite-

rion (AIC) and the Bayesian Information Criterion of

Schwarz (BIC) [28] which are presented in Equations

10 and 11 for AIC and BIC respectively.

In this regard, n refers to the size of the series, and

k presents the number of the parameters of the ARIMA

method. It is experimentally proved that our model be-

comes efficient when the value of AIC is smaller. Ac-

cording to [21], an optimal forecasting model is selected

based on the best fitting that has the minimum AIC

value of the group.

AIC = −2 log(L)+2k = −2 log(L)+2(p+q+P+Q) (10)

BIC = −2 log(L)+k ln(n) = −2 log(L)+(p+q+P+Q) ln(n)

(11)

5. Experimental Evaluation

In the subsequent subsections, the experimental re-

sults of the proposed method is presented. The ex-

perimental results are presented visually and in tabular

form and comparative study with state-of-the art meth-

ods also presented and discussed.
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5.1. Experimental Results

To carry out the experiments, the following machine

learning libraries such as sci-kit learn and Stat are used.

The experimentations are executed on the Kaggle en-

vironment that provides the required packages and the

COVID-2019 data collected from January 22th, 2020 to

the present time were collected from official websites.

To attain the best prediction, the different parameters of

the proposed model are adjusted by the grid search. The

values of parameters have been selected based on the

collected data from the corresponding country. For each

country, the best parameters of the SARIMA model are

identified using a grid search technique, and then 31 fu-

ture days are predicted.

To train and validate the proposed SARIMA model,

we have used COVID-19 data which is collected offi-

cial data repository websites of WHO and worldometer

[3, 8]. The proposed method is essentially used to es-

timate the pandemic life cycle. To select the best pa-

rameter of the model, the grid search method is applied

on each country’s data. The proposed method updates

the daily data with the newest version. Table 8 presents

an experimental results of the proposed method for the

diagnosis test on the Global dataset.

The SARIMA model has the ability of predicting the

current time and forecasts the next few weeks. It can es-

timate the full pandemic life cycle and visualize the cor-

responding curves. The model is fitted with the training

data set followed by validation using test set. The next

step, after estimated the full life cycle curve for each

country, it determines the peak in the bell-shaped curve

to show when the pandemic will stop.

The experimental results of the diagnostic test for

SARIMA models that have the lowest values of AIC

are presented in Table 8. Moreover, Table 9 shows the

experimental results of the diagnostic test for SARIMA

models in the US that have p-values ≤ 0.05, that indi-

cates minimum values of the AIC of each model. For

each model, the initial phase creating a set of parame-

ters and initialize them with bench of values. Then, the

grid search is applied to find out the optimal model that

have minimum values of AIC. The next phase is to se-

lect the best combination of parameters that can provide

minimum error (AIC) and assigned to the best model.

In our work, we have applied data normalization us-

ing the min-max scalar function. Scaling data is a vi-

tal task to stabilize the value of variance. Generally,

data normalization enhances performance and minimize

computational complexity. In this work, Equation 12 is

used to normalize all datasets before starting to train the

model where Xi presents the scaled datasets, xi refers

to the actual data, and the terms min(xi) and max(xi)

presents the minimum and maximum values of the ac-

tual dataset respectively.

Xi =
xi − min(xi)

max(xi) − min(xi)
(12)

In our work, it is experimentally proved that the

model parameters vary from country to country as the

data for each country substantially differs. The grid

search is a hyperparameter optimization method used

to find out the proper combination of parameter val-

ues among different combinations and enables to se-

lect an optimal model. Since the daily data over few

months have used, the value of s is assigned 3, 7, 12.

We selected the best forecasting SARIMA model based

on the minimum values of AIC, and P-values that are

less than 0.05. Table 8 presents the AIC values of

different forecasting models. The following SARIMA

(1, 0, 2)× (1, 0, 0, 3) model has the lowest AIC values as

shown in Table 9. The best combination of parameters

(1, 0, 2)×(1, 0, 0, 3) is considered in this work as the best

parameters for the corresponding model.

Table 10 presents the final SARIMA models that

depicts the lowest AIC values that indicates best pa-

rameters used for SARIMA is (6, 0, 0) × (0, 0, 0, 3) for

Italy. Besides, Table 11 shows experimental results of

the diagnostics test for SARIMA models that have p-

values less than 0.05. Moreover, the best parameters for

SARIMA is based on P-value is (1, 0, 2) × (1, 0, 0, 3).

We have split the COVID-19 data into training and

testing dataset. The training set comprises from 2020-

01-22 to 2020-04-01 and the testing set is from 2020-

04-01 to current day. Table 12 presents the forecast-

ing values with lower and upper confidence limits that

are made using the proposed model for the period from

2020-04-01 to current day. Figure 2 shows the training

set typically presented by the green line from 22020-01-

22 to 2020-04-01 and a comparison between the testing

set represented by the green line from 2020-04-01 to

present-day and values for one step ahead forecast pre-

sented by the red line. In Figure 3, the forecasted values

typically presented by the red line and the actual values

represented by the blue line and grey shading are used

for the confidence intervals with lower and upper confi-

dence limits.

The proposed model predicts the number of the con-

firmed cases of the next few days or months using the

previously observed data as shown in Table 13 with

lower and upper confidence limits. Although the in-

creasing trend is visible, the suggested model has better

performance for the testing set. Generally, the forecast
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Table 8: Experimental results of the diagnostics test for SARIMA models on the Global COVID-19 data.

(p,d,q) (P,D,Q,s) AIC MAPE MAE MPE MSE RMSE Corr MinMax

(1, 0, 2) (1, 0, 0, 3) -837.021 16.7682 1.58482 11.1522 2.51361 1.58544 0.999584 0.920904

(6, 0, 0) (0, 0, 0, 3) -833.547 16.249 1.46285 10.7065 2.14488 1.46454 0.998231 0.905508

(6, 0, 0) (0, 0, 0, 7) -833.547 16.249 1.46285 10.7065 2.14488 1.46454 0.998231 0.905508

(6, 0, 0) (0, 0, 0, 12) -833.547 16.249 1.46285 10.7065 2.14488 1.46454 0.998231 0.905508

Table 9: Experimental results of the diagnostics test for SARIMA models that have p-values less than 0.05 for Global.

(p,d,q) (P,D,Q,s) AIC MAPE MAE MPE MSE RMSE Corr MinMax

(1, 0, 2) (1, 0, 0, 3) -837.021 16.7682 1.58482 11.1522 2.51361 1.58544 0.999584 0.920904

(1, 0, 2) (0, 1, 0, 3) -821.434 16.7404 1.57724 11.1269 2.48903 1.57767 0.999695 0.919988

(1, 0, 2) (1, 1, 0, 3) -803.28 17.1294 1.66065 11.4598 2.76986 1.66429 0.998445 0.928706

(1, 0, 1) (1, 0, 0, 3) -784.425 16.792 1.60757 11.1897 2.58974 1.60927 0.998807 0.924092

(1, 0, 2) (1, 0, 1, 3) -780.793 15.3129 1.31378 9.93812 1.75551 1.32496 0.993961 0.884553

performance is acceptable when the MSE, RMSE val-

ues for the testing set from 2020-04-01 to present-day

are 2.51361, and 1.58544, respectively.

5.2. The Risk of Second Rebound of COVID-19 Pan-

demic

Epidemiologically, the history of the deadly pan-

demic viral infections demonstrates that after getting

to the end, they are usually followed by waves of sig-

nificant spread and deaths. For example, the Spanish

flu first appeared in the US and then transmitted to Eu-

rope via World War I soldiers in early March 1918. It

had all the hallmarks of the seasonal flu, albeit a highly

contagious and infectious strains. Yet the first wave of

the virus did not appear to be particularly deadly, with

symptoms like high fever and malaise usually lasting

only three days. There was hope at the beginning of

August that the virus had run its course. Somewhere in

Europe, a mutated strain of the Spanish flu virus had

emerged. This mutated virus that spread by the end

of wartime troop movements -from England to France,

Africa and the US- caused the fatal severity of the Span-

ish flu’s “second rebound”. Another example was the

H7N9 pandemic. Since its emergence in March 2013,

novel avian influenza A H7N9 virus has triggered five

epidemics of human infections in China. This raises

concerns about the pandemic threat of this quickly

evolving H7N9 subtype for humans [29, 30, 31, 32].

The worrying thing is that many countries are prepar-

ing to ease their lockdowns while planning to contin-

uously monitor potential new cases to prevent a sec-

ond deadly outbreak. The uneven progress of countries’

efforts to control the virus has led health researchers

to warn that nations will have to monitor closely for

new infections and adjust the measures in place until

a vaccine is available [3, 4]. China’s aggressive controls

over the daily life have nearly brought the first wave of

COVID-19 to an end, however, the danger of a second

wave remains high.

While these control measures appear to have reduced

the number of infections to very low levels, without herd

immunity against COVID-19, cases could easily resurge

as businesses, factory operations and schools gradually

resume and increase social mixing, particularly given

the increasing risk of imported cases from overseas as

COVID-19 continues to spread globally. World lead-

ers and health officials are warning that hard-won gains

must not be jeopardized by people relaxing physical dis-

tancing measures [33, 34].

From the outset of this worldwide pandemic multi-

ple models have been generated by different organiza-

tions from around the globe. Generally, models present

worse- and best-case scenarios, under different sets of

circumstances. With each model, the timing, height,

and width of the peak of confirmed coronavirus cases

as well as Covid-19 deaths are uncertain. This is due

mainly to stochasticity or randomness in the dynamics

of virus transmission, as well as uncertainty in key epi-

demiological parameters.

Furthermore, in Figure 4, the green line represents

the healthcare system capacity. Besides lowering the

morbidity and mortality indices, the aim of social dis-

tancing measures is to ensure there isn’t overburdening

of the healthcare system.

With acknowledging the uncertain nature of the on-

going COVID-19 pandemic and our growing inter-

connected and complex world, what is eventually and

fundamentally needed are the flexibility, robustness and

9



Table 10: Experimental results of the diagnostics test for SARIMA models that have the lowest AIC values for Italy.

(p,d,q) (P,D,Q,s) AIC MAPE MAE MPE MSE RMSE Corr MinMax

(6, 0, 0) (0, 0, 0, 3) -655.818 1.66413 0.53509 1.66413 0.34442 0.586873 0.737559 0.477072

(6, 0, 0) (0, 0, 0, 7) -655.818 1.66413 0.53509 1.66413 0.34442 0.586873 0.737559 0.477072

(6, 0, 0) (0, 0, 0, 12) -655.818 1.66413 0.53509 1.66413 0.34442 0.586873 0.737559 0.477072

(6, 0, 1) (0, 0, 0, 3) -653.229 1.66143 0.533291 1.66143 0.343017 0.585677 0.724816 0.476041

Table 11: Experimental results of the diagnostics test for SARIMA models that have p-values less than 0.05 for Italy.

(p,d,q) (P,D,Q) AIC MAPE MAE MPE MSE RMSE Corr MinMax

(1, 0, 2) (1, 0, 0, 3) -644.731 1.67929 0.552437 1.67929 0.351672 0.593019 0.972171 0.489233

(1, 0, 2) (0, 1, 0, 3) -627.002 1.75786 0.612724 1.75786 0.403636 0.635324 0.999682 0.520577

(1, 0, 2) (1, 1, 0, 3) -624.865 1.84025 0.674041 1.84025 0.469313 0.685064 0.997189 0.547567

(1, 0, 0) (1, 0, 2, 3) -603.812 1.80546 0.643323 1.80546 0.436218 0.660468 0.999215 0.534076

(1, 0, 1) (1, 1, 0, 3) -602.847 1.91468 0.722273 1.91468 0.530755 0.72853 0.995715 0.565759

Table 12: Experimental results for the proposed SARIMA (1, 0, 2) × (1, 0, 0, 3) model (from 1st of April until 30th of April) with 95% CI.

Date Actual Predicted Lower Upper Date Actual Predicted Lower Upper

2020-04-01 916839.0 9.166901e+05 9.041690e+05 9.292111e+05 2020-04-16 2110565.0 2.094475e+06 2.081969e+06 2.106981e+06

2020-04-02 995494.0 9.897019e+05 9.771835e+05 1.002220e+06 2020-04-17 2196276.0 2.202708e+06 2.190203e+06 2.215212e+06

2020-04-03 1076315.0 1.075740e+06 1.063222e+06 1.088258e+06 2020-04-18 2272251.0 2.285066e+06 2.272561e+06 2.297570e+06

2020-04-04 1155525.0 1.157048e+06 1.144531e+06 1.169565e+06 2020-04-19 2354370.0 2.347937e+06 2.335433e+06 2.360441e+06

2020-04-05 1226195.0 1.234152e+06 1.221637e+06 1.246667e+06 2020-04-20 2422985.0 2.435031e+06 2.422528e+06 2.447534e+06

2020-04-06 1296809.0 1.298666e+06 1.286152e+06 1.311181e+06 2020-04-21 2498424.0 2.494278e+06 2.481775e+06 2.506780e+06

2020-04-07 1370291.0 1.367414e+06 1.354901e+06 1.379928e+06 2020-04-22 2571618.0 2.573921e+06 2.561418e+06 2.586423e+06

2020-04-08 1452379.0 1.442809e+06 1.430297e+06 1.455321e+06 2020-04-23 2653547.0 2.642851e+06 2.630350e+06 2.655352e+06

2020-04-09 1535896.0 1.535948e+06 1.523436e+06 1.548459e+06 2020-04-24 2739050.0 2.738138e+06 2.725637e+06 2.750639e+06

2020-04-10 1626589.0 1.619423e+06 1.606912e+06 1.631934e+06 2020-04-25 2822682.0 2.824377e+06 2.811877e+06 2.836878e+06

2020-04-11 1703298.0 1.716611e+06 1.704102e+06 1.729120e+06 2020-04-26 2894749.0 2.904854e+06 2.892354e+06 2.917354e+06

2020-04-12 1801217.0 1.781668e+06 1.769159e+06 1.794177e+06 2020-04-27 2961725.0 2.969728e+06 2.957228e+06 2.982228e+06

2020-04-13 1869727.0 1.899235e+06 1.886727e+06 1.911743e+06 2020-04-28 3033570.0 3.028737e+06 3.016238e+06 3.041237e+06

2020-04-14 1938589.0 1.937356e+06 1.924849e+06 1.949862e+06 2020-04-29 3106742.0 3.103540e+06 3.091042e+06 3.116039e+06

2020-04-15 2017202.0 2.010303e+06 1.997797e+06 2.022810e+06 2020-04-30 3189602.0 3.182357e+06 3.169858e+06 3.194855e+06

Table 13: The forecasted values of daily confirmed cases for 30 days using SARIMA (1, 0, 2) × (1, 0, 0, 3) model with 95% CI.

Date Predicted Lower Upper Date Predicted Lower Upper

2020-05-01 3.272533e+06 3.260034e+06 3.285031e+06 2020-05-16 4.485188e+06 4.205193e+06 4.765182e+06

2020-05-02 3.357697e+06 3.345199e+06 3.370194e+06 2020-05-17 4.567652e+06 4.249957e+06 4.885346e+06

2020-05-03 3.440749e+06 3.428252e+06 3.453247e+06 2020-05-18 4.652433e+06 4.295273e+06 5.009592e+06

2020-05-04 3.510172e+06 3.497675e+06 3.522669e+06 2020-05-19 4.737429e+06 4.339237e+06 5.135621e+06

2020-05-05 3.580925e+06 3.568428e+06 3.593422e+06 2020-05-20 4.820992e+06 4.380319e+06 5.261666e+06

2020-05-06 3.666775e+06 3.654278e+06 3.679272e+06 2020-05-21 4.906868e+06 4.422095e+06 5.391641e+06

2020-05-07 3.747580e+06 3.719854e+06 3.775306e+06 2020-05-22 4.992967e+06 4.462643e+06 5.523291e+06

2020-05-08 3.826878e+06 3.780751e+06 3.873004e+06 2020-05-23 5.077653e+06 4.500427e+06 5.654878e+06

2020-05-09 3.908508e+06 3.840846e+06 3.976170e+06 2020-05-24 5.164646e+06 4.539007e+06 5.790284e+06

2020-05-10 3.990329e+06 3.898623e+06 4.082035e+06 2020-05-25 5.251871e+06 4.576451e+06 5.927290e+06

2020-05-11 4.070660e+06 3.952718e+06 4.188601e+06 2020-05-26 5.337701e+06 4.611223e+06 6.064179e+06

2020-05-12 4.153319e+06 4.006792e+06 4.299846e+06 2020-05-27 5.425834e+06 4.646866e+06 6.204802e+06

2020-05-13 4.236176e+06 4.059061e+06 4.413291e+06 2020-05-28 5.514208e+06 4.681447e+06 6.346969e+06

2020-05-14 4.317563e+06 4.108056e+06 4.527070e+06 2020-05-29 5.601207e+06 4.713430e+06 6.488984e+06

2020-05-15 4.401272e+06 4.157389e+06 4.645155e+06 2020-05-30 5.690504e+06 4.746342e+06 6.634667e+06
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Figure 2: Comparison between the observed and predicted values (one-step ahead result) for SARIMA model on COVID-19 dataset.
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Figure 3: The forecasted values for the COVID-19 new cases over Globe until August 15, 2020.
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resilience to deal with unexpected future events and sce-

narios.

5.3. Estimation of slowdown of COVID-19

The coronavirus is similar to other pandemics in

terms of life cycle pattern which includes the outbreak

phase, inflection (peak) point, slowdown phase and fi-

nally stop. Furthermore, the nature of COVID-19 is not

completely random. Based on the different phases of the

life cycles of COVID-19 at a specific point in time. Each

country has a different starting date of the first phase

based on the first confirmed case. For Example, on Jan-

uary 15, in the US, and Italy on January 31 2020.

The basic idea of our assessment is based on the as-

sumption that the data follows the normal distribution.

This study proposes a predictive model that can estimate

the expected period of time that the virus can possibly

be stopped. The inflection point is specific as it appears

like the peak in the bell-shaped curve. The proposed

method depicts the possible stoppage of the pandemic

using the normal distribution presented in Figure 5 that

indicates the area under the curve and the dispersed vari-

ability of the daily spread rate of the pandemic. How-

ever, estimating the ending date varies based on differ-

ent considerations such as the first confirmed case and

protective measures. Theoretically, one can define the

end date as the one with the last predicted case in the

pandemic life cycle curve. One might consider an early

date as the end date from businesses, schools or govern-

ments when most of the predicted infections (indicated

by the regressed pandemic life cycle curve) have been

actualized and only a small portion of the total predicted

epidemic population is left.

It specifically presents the statistical estimation of the

slow down period of the pandemic which is extracted

based on the concept of normal distribution. The fol-

lowing equations explain how to calculate the area un-

der the curve between µ + 2σ and µ + 3σ. Therefore,

this approach selected the period of time that the virus

can possibly be stopped between µ + 2σ and µ + 3σ.

p(µ+2σ < X < µ+3σ) = p(
µ + 2σ − µ

σ
< Z <

µ + 3σ − µ

σ
)

= p(
2σ

σ
< Z <

3σ

σ
) = p(2 < Z < 3) = 2.1%

Figure 6 shows the confidence intervals (C.I) for the

expected total cases that have been identified and calcu-

lated as follows:

p(µ − 2σ < Z < µ + 2σ) = 95.46%

p(µ − 3σ < Z < µ + 3σ) = 99.73%

The final predictions provide the following three es-

timates of end dates namely: 1) The period estimation

from µ + 2σ to µ + 3σ with probability 2.1% presents

the last expected cases have identified as shown in Fig-

ure 5. 2) The period estimation from µ − 2σ to µ + 2σ

presents 95.46% of the expected total cases that have

been identified. 3) The period estimation from µ−3σ to

µ + 3σ presents the date when 99.73% of the expected

cases have been identified as shown in Figure 6.

In this study, the predictive SARIMA model is used

to estimate the expected period of time that the virus

can possibly be stopped for the considered countries.

Table 14 presents the experimental results of the pro-

posed model that expected deadline for top forecasted

countries. Table 14 records the values of the estimation

with/without forecasting that has the attributes: coun-

try name, the confirmed case & the first confirmed date,

peak point (the top of the bell-shaped curve), the start

date is the first expected date with confidence interval

95%, the end date (the last expected date) with confi-

dence interval 99%, start value (the corresponding value

of the start date), and the end value is the corresponding

value of the end date.

Moreover, in the case of without forecasting ap-

proach, Table 14 shows the prediction of the deadline to

end the pandemic for France using the real data and the

results showed that expected number of confirmed cases

will be 1136.0 on July 3, 2020, and after a month that is

on August 2, 2020, the number of confirmed cases will

decrease to 6.0. When forecasting approach is applied,

the proposed method exhibited different results. The ex-

pected number of confirmed cases will be 12758.0 on

August 20, 2020, and after a month that is on September

27, 2020, the number of confirmed cases will decrease

to 11 as shown in Figure 7.

As presented in Table 14, which presents the forcast-

ing of the end date of the pandemic in Spain, when fore-

casting approach is applied, the proposed method ex-

hibited different results. The expected number of con-

firmed cases will be 49515.0 on August 7, 2020, and

after a month that is on September 12, 2020, the num-

ber of confirmed cases will decrease to 2 as shown in

Figure 8

Table 14 shows the forecasted time for the US by ap-

plying forecasting approach, the proposed method ex-

hibited different results. The expected number of con-

firmed cases will be 13747.0 on August 23, 2020 and

after a month and a half that is on October 1, 2020, the

number of confirmed cases will decrease to 11 as shown

in Figure 9.
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Figure 4: Death flatten curve.

Figure 5: The normal distribution is within 1 standard deviation (σ) of the mean (µ) using SARIMA.

Furthermore as presented in Table 14, for Russia

when forecasting approach is applied, the proposed

method exhibited various results. The expected num-

ber of confirmed cases will be 495.0 on August 9, 2020

and after a month that is on September 14, 2020, the

number of confirmed cases will decrease to 2 as shown

in Figure 10.

China was successful in haltering COVID-19 epi-

demic because of the government of China started quar-

antine early. The confirmed cases trend in China be-

comes stable and frequently between zero and one. The

study shows Spain and Italy had an unstable trend. This

fact indicates that quarantine worked well to reduce hu-

man exposure and control the epidemic.

Finally, in general the expected for the top countries

of the highest number of the confirmed case will slow-

down in October 2020 as shown in Figure 3. Moreover,

these predictions may vary based on many factors such

as the lockdown period or developing an effective vac-

cine against COVID-19.
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Table 14: Expected Dead line for Top countries with forecasting COVID-19.

Country
First

confirmed

case

Estimation without Forecasting Estimation with Forecasting

Top point
Start Date

95 %

End Date

99 %
Start Value End Value Top point

Start Date

95 %

End Date

99 %
Start Value End Value

US 2020-01-22 2020-05-06 2020-07-06 2020-08-06 402.0 11.0 2020-05-30 2020-08-23 2020-10-01 13747.0 11.0

Spain 2020-02-01 2020-05-06 2020-06-21 2020-07-18 2277.0 2.0 2020-06-09 2020-08-07 2020-09-12 49515.0 2.0

Italy 2020-01-31 2020-05-06 2020-06-22 2020-07-20 12462.0 3.0 2020-06-08 2020-08-09 2020-09-14 69176.0 3.0

France 2020-01-24 2020-05-06 2020-07-03 2020-08-02 1136.0 6.0 2020-06-01 2020-08-20 2020-09-27 12758.0 11.0

United Kingdom 2020-01-31 2020-05-06 2020-06-22 2020-07-20 459.0 9.0 2020-06-08 2020-08-09 2020-09-14 8164.0 9.0

Germany 2020-01-27 2020-05-06 2020-06-29 2020-07-28 1176.0 14.0 2020-06-04 2020-08-15 2020-09-22 24873.0 16.0

Russia 2020-01-31 2020-05-06 2020-06-22 2020-07-20 28.0 2.0 2020-06-08 2020-08-09 2020-09-14 495.0 2.0

Figure 6: The normal distribution is within 1 standard deviation (σ)

of the mean (µ).

5.4. Comparison with other Models

Table 15 presents the comparison with the state-

of-the-art model for top countries. The estimated of

COVID-19 end dates of top countries with forecasting

as of October 2020 with 99.73% percentage. For ex-

ample, the end date for the-state-of-art methods for the

US is August 27th, 2020 while our model’s prediction

date is on October 15th, 2020 which is statistically more

accurate. In any case, prediction and specifying an end

date is arbitrary in nature. Alternatively, estimation as

a range of dates might make sense for such uncertain

predictions. The estimated date range is expected to be-

come narrower as the countries continually evolve along

the pandemic life cycle curve to its end.

Although more data are needed to have more detailed

prevision, these models could help in predicting future

confirmed cases if the spread of the virus do not change

very strange. As we know, this virus is novel and have

the ability to be transmitted easily. This can affect all the

predictions, but to the best of our knowledge and for the

time of writing, these models are the best. Investigating

their protocol in this control like quarantine should be

in the first line of other countries’ program.

6. Conclusion

This research work investigates the answer to the

most important questions raised today: when will this

pandemic end and is there a possibility for the second

round in case of returning to daily routine life. Despite

accelerated virus mutation and the nature of the dataset

based on time and date, the work done try to reduce the

variability of the data by taking only the dataset from

WHO, and John Hopkins university. The results point

to the likelihood that there will be a second rebound of

the pandemic in a year time, if the current taken precau-

tions are eased completely.

The advantages of this study are that it helps the gov-

ernments in making decisions and planning now for the

future, reduces anxiety and prepares the mentality of

people for the next phases of the pandemic. Moreover,
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Figure 7: Expected Dead line for France with forecasting COVID-19.
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Figure 8: Expected Dead line for Spain with forecasting COVID-19.

our work clearly has some limitations. Nevertheless this

we believe our work could be the a starting point that

consider the uncertain nature of the ongoing COVID-19

pandemic and our growing inter-connected and complex

world, what are eventually and fundamentally needed

are the flexibility, robustness and resilience to deal with
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Figure 9: Expected Dead line for US with forecasting COVID-19.
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Figure 10: Expected Dead line for Russia with forecasting COVID-19.

unexpected future events and scenarios.

The future work of this research will focus on im-

proving the performance of our model by using a huge

data and apply the proposed model to many countries.

Moreover, we plan to update this study with more anal-

yses and cases, continually fine tune the prediction and
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Table 15: A comparison with the state-of-the-art models.

Countries
The state-of-the-art models [13] The proposed model

Turning Date End 99% End 100% Turning Date End 99% End 100%

France 3-Apr-20 18-May-20 5-Aug-20 01-Jan-2020 27-Sep-2020 13-Oct-2020

Italy 29-Mar-20 21-May-20 25-Aug-20 08-Jan-2020 14-Sep-2020 01-Oct-2020

United States 10-Apr-20 24-May-20 27-Aug-20 30-May-2020 01-Oct-2020 15-Oct-2020

Russia 24-Apr-20 28-May-20 20-Jul-20 08-Jan-2020 14-Sep-2020 01-Oct-2020

United Kingdom 12-Apr-20 27-May-20 14-Aug-20 08-Jan-2020 14-Sep-2020 01-Oct-2020

visualization methodology.
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Figures

Figure 1

Distribution of cases as of May 9, 2020

Figure 2

Comparison between the observed and predicted values (one-step ahead result) for SARIMA model on
COVID-19 dataset.



Figure 3

The forecasted values for the COVID-19 new cases over Globe until August 15, 2020.

Figure 4



Death �atten curve

Figure 5

The normal distribution is within 1 standard deviation (σ) of the mean (µ) using SARIMA.



Figure 6

The normal distribution is within 1 standard deviation (σ) of the mean (µ).



Figure 7

Expected Dead line for France with forecasting COVID-19.



Figure 8

Expected Dead line for Spain with forecasting COVID-19



Figure 9

Expected Dead line for US with forecasting COVID-19



Figure 10

Expected Dead line for Russia with forecasting COVID-19
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