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ABSTRACT

Due to increased COVID-19 infections and mortality in Kenya, there has been a scarcity
of resources like hospital facilities, quarantine centres and personal protective equipment
(PPE) for the medical personnel. Therefore, effective planning was required by the
Kenyan Government to ensure resources are available to combat the rising COVID-19
cases. This study developed the Autoregressive Integrated Moving Average (ARIMA) and
the Holt-Winters models to predict the COVID-19 infections and mortality rates in Kenya.
The Quantitative discrete data from the Kenya Ministry of health was used. The data
covered 8 months’ period from 23™ August 2020 to 23" April 2021. The analysis entailed
descriptive statistics and the time series prediction technique (ARIMA and Holt-Winters).
The COVID-19 infections and mortality data were subjected to the time series prediction
models to obtain the accuracy measures for model comparison. The study employed
information criteria for model selection. The Simple linear regression was conducted on
the COVID-19 data to determine a linear relationship between the COVID-19 infections
recorded daily and the samples tested. The regression coefficients were obtained and they
were statistically significant at 5% significance level. The R? of the model was 0.72
implying that 72% of the variation in the response variable is explained by the explanatory
variable. The data were fitted to ARIMA and Holt-Winters models using R statistical
software (version 4.1.0). The Final model with the lowest Akaike Information Criterion
(AIC) was selected. The root mean square error was applied for model comparison and
the ARIMA(2,1,3) and the ARIMA(0,1,1) were found to be the best models for
predicting COVID-19 infections and mortality with minimum errors. The COVID-19
prediction was done at a 95% significance level using the selected ARIMA models. From
the prediction plots, the infections and mortality cases were observed to increase
significantly. Therefore, the study suggested that the ARIMA was an effective prediction
model for the COVID-19 infections and mortality than the Holt-Winters model. The study
recommended that Kenyans should observe the World Health Organization's guidelines
to help reduce the infectivity and mortality rate. The government should provide
protective equipment for the medical personnel to curb the surging COVID-19 cases. The
study also recommended that the ARIMA model be applied for short-term prediction for
further studies.
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CHAPTER ONE

INTRODUCTION

1.1 Background Information

The COVID-19 (Coronavirus disease) is a respiratory disease and it originated from
Wuhan in Dec. 2019 (Takele, 2020). The virus has now spread to the entire world and was
declared a threat to human beings by the World Health Organization (WHO) due to its
contagious nature. Aged people and people living with pre-existing medical conditions
such as hypertension, diabetes and obesity are at a high risk of contracting the pandemic
due to their weak immune systems (Wang et al., 2020). According to the WHO (2020),
the COVID-19 is believed to have been caused by the Severe Acute Respiratory Syndrome
Coronavirus 2 (SARS-COV-2). According to (Maleki, et al., 2020), COVID-19 is
transmitted from infected to susceptible individuals through respiratory droplets when in
close contact. It also spread when people come into close contact with contaminated
surfaces or objects. The virus can stay on surfaces for up to 12 hours before dying (Pandey
etal., 2019). Maleki et al. (2020) suggested that the incubation period of for the COVID-
19 is estimated to 14 days on human beings. The pandemic has affected every county's
sector, including; the economy, transport, and education. According to the WHO report,
there were over 454 million infected people, over 4 million fatalities globally as of 5™ July
2021. Since 13" March 2020 when the first case of the COVID-19 infection was identified

in Kenya, the infection cases have been increasing ever since.

The WHO (2020) recommended various measures to curb the surging COVID-19
infections and mortality. These measures include; regularly washing hands with soap and
water, hand sanitizing, properly wearing a facemask, and keeping a social distance. This
study developed the Autoregressive Integrated Moving Average (ARIMA) and the Holt-
Winters models to predict the COVID-19 infections and mortality in Kenya. This study
therefore compares the prediction accuracy of the ARIMA and the Holt-Winters models

to determine an effective model for predicting the infection and mortality rates in Kenya.

The ARIMA and Holt-Winters are time series, prediction models. According to (Box et

al., 2013), the ARIMA model was designed by Box and Jenkins to model stationary series.
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Stationarity is the state in which both the mean and the variance of the series are constant
over time. According to (Mathenge, 2019), the non-stationary series are made stationary
through a differencing process of an appropriate order. The Augmented dickey fuller test
was applied to determine the stationarity of the series. The Holt-Winters model was
developed by peter winters to predict series with outliers thereby reducing the effects of
random oscillations in time series ( Habibur et al, 2016; Gelper et al, 2010). There are
many models used to predict the transmission dynamics of infectious disease. Some of
these modes include compartmental models such as Susceptible, Infected, and Recovered
(SIR) and the Susceptible, Exposed, Infectious, and Recovered (SEIR), which involve
dividing the entire population into departments, and agent-based models etc. The study
used the ARIMA and the Holt-Winters models because they are the best time series
models to predict the daily occurrences without the seasonality component since the

COVID-19 quantitative discrete data was based on daily occurrences.

1.2 Problem Statement

There has been a rapid increase in the COVID-19 infections globally since the first case
was reported. These increases in figures require proper and accurate prediction so that
different countries Kenya being included can plan and manage the future spread of the
pandemic. The ARIMA and Holt-Winters models were provided to give predictions with
minimum errors hence providing accurate results. Although, no study had been conducted
in Kenya to predict the COVID-19 infections and mortality using the Holt-Winters and
ARIMA models simultaneously, this study, therefore, sought to model the COVID-19
infections and mortality rates in Kenya and access the prediction efficiency of the Holt-
Winters model and the ARIMA model to identify an effective model for the COVID-19

prediction.

1.3 Justification of the study

The economic impacts, cost of treatment and mortalities caused by COVID-19 infections
has led to scarcity of resources like hospital facilities, quarantine centres and personal
protective equipment (PPE) for the medical personnel. Therefore, accurate planning had
to be made by the government of Kenya to ensure that resources are made available to

combat the rising COVID-19 cases. To ensure effective future planning for Combating

2



the COVID-19 infections and mortality, a transmission model was developed for
contingency planning and to inform the targeted prevention and disease control

interventions.

1.4 Research Hypotheses
i.  There is no linear relationship between the number of infections and the daily
samples tested.
ii.  There is no difference in the prediction accuracy between the ARIMA and Holt-

Winters.

1.5 Significance of the study

This study was conducted to determine an effective model that can predict the COVID-19
infections and mortality in Kenya with minimum errors hence the government can adopt
the prediction to make future planning concerning the spread of the pandemic and
strategize measures of combating the pandemic. Also, the statisticians and the non-

statisticians can be informed on the choice of a better forecasting model.

1.6 Objectives of the study
1.6.1 General Objective
The overall objective of this study was to model the COVID-19 pandemic in Kenya and

access the prediction efficiency of the Holt-winters and the ARIMA models.

1.6.2 Specific Objectives
This study aimed to:

1. To fit a simple linear regression model on number of infected cases and samples
tested.

2. Todevelop ARIMA and Holt-Winters models and use these model frameworks to
predict COVID-19 infections and mortality in Kenya.

3. To evaluate the effectiveness of the ARIMA and the Holt-Winters models in

predicting COVID-19 infections and mortality cases in Kenya.

1.7 Scope of the study

This study was conducted in Kenya using the COVID-19 quantitative discrete data

ranging from 23" Aug. 2020 to 23™ April 2021. The secondary data was collected by the
3



ministry of health. The study was aimed at accessing the forecasting accuracy of the
models. The data used comprised of the daily infected cases, daily death cases and the

daily samples tested.



CHAPTER TWO

LITERATURE REVIEW

2.1 Modelling the COVID-19 pandemic

Different studies have been done worldwide by different researchers to model and predict
the spread of the COVID-19 pandemic by applying different existing models. Zhou et al.
(2020) applied the Susceptible Exposed Infectious and Recovered (SEIR) and logistic
stochastic models to predict the worldwide COVID-19 pandemic. After performing
several differentials equations, the following logistic regression model was formulated.

~ kp ert
p(t)_ k+ po(()ert _1)

Where, I represent the growth rate, k represent the case volume, p(t) represent the

final value, and P, represent the initial value. The SEIR and the logistic regression models

were compared and it was discovered that the SEIR model performed better than the
logistic regression model. It was also found that reducing the contact rate minimizes the

spread of the virus.

Zhao et al. (2020) applied the maximum hasting (MH) parameter estimation and modified
SEIR to model and predict the COVID-19 epidemic in African countries. The findings
revealed that total quarantine, control of movement, expansion of the healthcare system,
and strict government enforcement of anti-epidemic measures might prevent the

pandemic’s spread.

Barbastefano et al. (2020) discussed the ordinary differential equation (ODE) and
applied to predict the COVID-19 pandemic among the top affected countries of the world.
The formulated differential equation was given by,

N, =S(k)+Q(k)+E(k)+A(k)+1(k)+M(k)+D(k)+R(k)

Where;



M (k)=N,-S(k)+Q(k)+E(k)+A(k)+1(k)+D(k)+R(k)

The parameters were estimated by applying the nonlinear least-squares minimization and
curve-fitting methods. From the findings, it was concluded that the developed ordinary
differential equation predicted the COVID-19 pandemic perfectly well and it was
suggested that people across the world should adopt WHO guidelines to help reduce the

infection rate.

Maleki et al. (2020) applied the time-series model to predict the COVID-19 registered and
recovered cases in the affected countries of the world. The developed Autoregressive

prediction model was given by,
Xt = GaXeq + o+ GpXpp + Z¢

From the findings, it was concluded that the developed model predicted the confirmed
and recovered cases with minimum errors. It was therefore concluded that the proposed
model was more accurate than the standard Gaussian model based on model selection

criteria.

Reza et al. (2020) applied the time series analysis technique to model and predict the
spread of the COVID-19 and the mortality rate in the world. The applied ARMA
prediction model was given by,

xt = alxt_l + -+ apxt_p + Zt + T)lzt_l + -+ ant_q

Where, z, ~WN (0,5)

The maximum likelihood estimator was applied to estimate the model parameters.
L(6)=f,(x|%,2,,0)=]]9(z | %, 2,.6)
t=1

Where, L(t9) denotes the likelihood conditional function. It was concluded that the

ARMA model predicted the spread of COVID-19 perfectly, and therefore, the study

suggested that the model be applied for forecasting in further studies.



Singh et al. (2020) discussed the comparison of the Hybrid-wavelength ARIMA model
and the econometric ARIMA model to forecast the COVID-19 pandemic. The developed

ARIMA (p,d,q) model was defined by,

(1—2@ K )(1— L)' = £1+ Jzi;ej L jgj

The two models were compared and it was discovered that the Hybrid-ARIMA was more
accurate for the prediction of the COVID-19 pandemic than the econometric ARIMA
model. Therefore, the study suggested that the Hybrid-ARIMA model be used for
forecasting the pandemic because, according to the results, the Hybrid ARIMA model was
80% effective than the econometric ARIMA model.

Khrapov & Loginova (2020) developed and applied the SIR mathematical model to
predict the dynamic of Coronavirus epidemic development in China. The SIR

epidemiological model was expressed by the following equation,

N=S(t)+1(t)+R(t)

Where, S (t) is the healthy individuals who are at risk of contracting the virus, I(t) is

the infected individuals and R(t) represent the individuals who have died and those who

have recovered. The following differential equations were developed to help in the

modelling of the virus.

de—Et):—aS(t)H(t)

In the above, & and g3 are the model parameters. Based on the findings, it was concluded

that the epidemic would peak in February 2021.
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Benvenuto et al. (2020) applied the ARIMA model to predict the COVID-19 epidemic
trend in the world. The moving average and autoregressive average order were estimated
by applying the ACF plot and the PACF plot. The formulated ARIMA model was given

by,

Xe =Y+ PiXe—q + -+ ﬁpxt—p + ¢ + 011+ + 0504

According to the results, the ARIMA (1,0,3) was identified as the best prediction model

for the incidences of the COVID-19 pandemic since it had minimum AIC. Also, from
ACF and PACEF, it was discovered that the prevalence and incidence of the COVID-19
epidemic were not influenced by the seasonality component. The study concluded that

there was a possibility that the curve will flatten around December 2020.

Wang et al (2020) applied the SEIR model to estimate the number of COVID-19 infected
cases among the Chinese. The differential equations of the SEIR model were given by the

following equations,

aS _ s
dt N

dE
9E _1s/ _
o /ﬁ SE

dl
— =SE-¢I
dT °

A=R¢S

In the above, A denotes the transmission rate & denotes the infectivity rate and ¢ denotes
the recovery rate. The findings of the study revealed that the transmission rates will
continue to rise and therefore, it was suggested that the Chinese should adopt the WHO

guidelines to curb the spread of the pandemic.



Rajagopal et al. (2020) applied the fractional symptomatic infectious recovered and
deceased (SEIRD) ordered model to predict the novel COVID-19 outbreak. The fractional

SEIRD ordered model was expressed by the following equation.

D*f (1) =~ )j(t nq_lfn(f)dTZj(n_q)[gtn f(t)j

(nq

The parameters were estimated by applying the RMSE and it was computed

mathematically as;

RMSE:\/ZL(L “1LYT(D,-D,)

T

The study concluded that the fractional SEIRD ordered model provided a better result than
the integer-ordered model due to minimum errors. It was suggested that the fractional

SEIRD ordered model be used for daily forecasting.

Xiao & Wu. (2020) applied the ARIMA model to predict the spread of the COVID-19
pandemic among the most affected countries of the world. The Box-Jenkins approach was

developed by combining the Autoregressive process with the moving average process.
AR(P):Z; =C+ 1zi g+ + Ppzep + €

MA(q): Y, =u+ 6161+ +046_q+¢€
The developed ARMA model was represented by the below equation,
Ze=CHu+d1zi 1+ -+ bpzi_p+ 01601+ + 064+ €

The method of Least Square Estimator (LSE) was applied to estimate the model
parameters. The study applied the mean absolute deviation and the mean absolute
percentage error to estimate the model accuracy. The study suggested that the ARIMA
model provided better prediction for the COVID-109.

Yang et al. (2020) applied the ARIMA model to predict the transmission of the COVID-
19 epidemic in Italy. The ARIMA prediction model was given by,



p q
X, = Zai Xei + Z‘ﬂj € i
i—1 =1

In the above, p represents the AR order, q is the MA order and X, is the model parameter.

The ARIMA(2,2,1)was identified a better prediction model for the COVID-19
transmission with an R? value of 0.956. The study concluded that the model fitted well
and was considered suitable for short term prediction.

Mohammed & Gupta (2020) Compared the prediction accuracy of the ARIMA and the
Nonlinear Autoregressive Neural Network (NANN) for the COVID-19 pandemic. The
ARIMA (1,1,0) was identified the best prediction model for the COVID-19 pandemic

based on the information criterial. The R? for the ARIMA and the NANN models were
given by 0.95 and 0.97 respectively. The study concluded that the Nonlinear
Autoregressive Neural Network model yielded accurate results for predicting the COVID-
19 pandemic than the ARIMA model.

Zhao et al. (2020) discussed the application of Time series analysis to model the novel
Coronavirus in Wuhan China. The study applied the Holt-Winters smoothing method and
the ARIMA model. The following equations were formulated,

Sk = :BYk (1_ﬂ)(8k71 +Tk—1)
T =a(S, —S.)+(1-a)T,,
\fk(m) =S, +mT,

k represents the current period, Yk is the actual observation in period K, Tk is the

forecasted trend at time k, S, is the estimated level at period Kk, \fk(m) is the previously

estimated value, 2 and & are smoothing parameters and m is the number of the forecast.

Based on the findings, it was suggested that the Holt-Winters and the ARIMA models

successfully predicted the pandemic.
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Bhattacharya & Banerjee (2020) applied the exponential growth model and the Box-
Jenkins approach to estimate and predict the COVID-19 pandemic incidences in India.

The formulated models were expressed as,

N (k)= N(0)e™

p q
Zt =n+ Z‘gu U+ z¢|ut—i +4
i=1 i=1

Where, 7 is the mean, & and ¢ are the estimated parameters. The stationarity of the

series was determined by applying the Augmented dickey fuller’s test. For model

selection, AIC was applied to select the appropriate ARIMA model, in which case the

ARIMA (5,2,1)was Identified as the best model. The study concluded that the

ARIMA(5,2,1) forecasted daily confirmed cases appropriately and suggested that the

government and health care should use the predicted results to lay down guidelines that

will help curb the further spread of the pandemic.

Tinani et al. (2020) applied the Autoregressive Integrated Moving Average (ARIMA)
model to analyzed and forecasted the COVID-19 pandemic among India's hotspot states.
They developed three ARIMA models, i.e., for confirmed cases, recoveries and fatalities

respectively.

Death mOdeI Yt = lp + 191yt—1 + b + ﬁpyt_p + St + Glgt—l + cee + @qgt_q

Yt represents the forecasted fatalities, y is the model intercept, 9and © are estimated
parameters.

Recovery model: Z; = { + y1z¢q + -+ VpZi—p + € + G161+ + Dy€rg

Zt represents the forecasted recoveries, £ is the mean of the model, ) and ¢ are the
estimated parameters and finally, the ARIMA model for the confirmed positive cases is;

Zt = A + CZth_l + -+ O(pZt_p + gt + q)let—l + -+ (Dqgt—q

11



Where, Z, are the forecasted positive confirmed cases, A is the model intercept, ® and
« are estimated model parameters. The AIC technique was applied for model selection
and the ARIMA(2,2,0), the ARIMA (1,2,2) and the ARIMA(5,2,0) for fatalities,

recoveries and confirmed cases respectively were identified as the best models with
minimum AIC. Based on the findings, they suggested that the Government should adopt

their forecast to curb the further spread of the virus.

According to (Chintalapudi et al., 2020) ARIMA model was applied to forecasted
COVID-19 registered and recovered cases in Italy. They formulated the non-seasonal
ARIMA model due to the absence of seasonality in the series. The formulated model was

given by;

Yt =c+ ¢1ydt—1 + -+ (nbpydt—p + elet_l + -+ eqet_q + €t

The best selected ARIMA models were the ARIMA(1,2,0) and the ARIMA(3,2,0) for

infectivity and recovery with accuracy of 93.75% and 84.4% respectively. The study
suggested that the Health ministry and the national government should put strict measures
to mitigate the pandemic spread.

Kumar et al. (2020) forecasted the COVID-19 pandemic in India. They applied different
forecasting models. ARIMA, SEIR, and Richard’s models. The formulated ARIMA
model was defined by,

Ve =CH+P1Ye1+ -+ PpYip + 011+ + 03V g + &

In the above, yt' is the differenced series, and the best-selected models were found to be

ARIMA(1,2,0) and ARIMA(0,2,2) for modelling the confirmed positive cases and

fatalities respectively. Richards’s model was given by,

W (t)= 2 e

(1+ ,b’exp(—kt))%n
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Where, @ is the growth rate, K represents the observations made on the data, t represents

the time taken to observe, M denotes the slope whereas, OL denotes the upper value The

SEIR model was defined by four different equations.

d%t = IS

dl/ _ 115 —
At_ms I

R =71

A=CP

Sis the individuals susceptible to the pandemic, I is the individuals infected with the virus,
R is the individuals that have recovered and died, A is the infectivity rate, C is the contact

rate and P is the probability of transmission and 7 is the recovery rate. They used R?,

RMSE, and BIC for model validation, and they discovered that ARIMA provides a better
prediction estimate for the COVID-19 pandemic compared to Richard’s and SIR model

Gathungu et. al. (2020) applied the SEIR to model to the effect of the non-pharmaceutical
interventions on the transmission of the COVID-19 epidemic in Kenya. The mathematical
model developed was expressed as;

N(k)=S(k)+E(k)+A(k)+M (k)+H(k)+C(k)+D(k)+R(k)

In the above model, S (k) represent susceptible individuals, E(k) represent exposed
individuals, M (k) represent symptomatic individuals, A(K) represent asymptomatic
infectious individuals, H(k) represent severe and hospitalized individuals C (k)
represent critically ill individuals, R(k) represent individuals that have recovered from

the pandemic, D(k) represent fatalities and N (k) represent the total human population is

likely to be infected with the disease. Based on their findings, they concluded that closing
schools, dusk to dawn curfew, and partial lockdown of affected areas would help prevent

the COVID-19 pandemic from spreading.
13



Odhiambo et al., (2020) applied the compound Poisson regression model to predict The
COVID-19 spread in Kenya. The regression Poisson model developed was given by,

Z ~ pois(i(pkgj
k=1

Where, (0k9 is the mean parameter of the registered COVID-19 cases. The method of

ordinary least square (OLS) estimator was applied to estimate the model parameters. It
was observed that the Poisson regression model predicted the COVID-19 pandemic in
Kenya perfectly well. The study concluded that the Government should put strict measures

like increasing testing centres to ensure they curb the pandemic's further spread.

2.2 Model Comparison

Over the years, different studies have been done to determine a better forecasting model
between the Holt-Winters and the ARIMA. Rahman & Ahmar (2016) forecasted energy
consumption in the USA and compared the accuracy measures of the Holt-Winters and
the ARIMA models to determine a better prediction model. Based on the MAE and the
MASE, the study concluded that Holt-Winters was more effective for predicting the
energy consumption compared to the ARIMA model due to minimum errors. Mini et al.
(2015) discussed modelling CPU for fishery along the coast of India. They compared
ARIMA, Holt-Winters and NNAR models. From the study, their findings revealed that
the ARIMA model provided a better fit for the prediction of CPU series based on the
MAPE.

Barr et al. (2021) applied the ARIMA, the Poisson and the Holt-Winters smoothing
models to predict the confirmed and death COVID-19 cases. The MSE was used for the
comparison and the ARIMA model was found to be a better model for prediction with a
minimum MSE of 0.079. Omane-adjepong et al. (2013), compared Seasonal ARIMA and
Holt-Winters to determine an effective forecasting model for the Ghana’s inflation rate.
The forecasting accuracy was measured using MAE, MAPE and MSE. Based on the
results, they concluded that Seasonal ARIMA provided a better estimate for forecasting
Ghana inflation. Makatjane & Maroke (2016) compared Holt-Winters and ARIMA model

14



for forecasting car sales in South Africa and their findings revealed that Holt-Winters
provided a better prediction estimate compared to the ARIMA model.

The Holt-Winters and the Box-Jenkins models were compared to predict software failures
(Yakovyna & Bachka, 2018). Based on their findings, the MAPE revealed that the
ARIMA model provided a better prediction estimate for software failures than Holt-
Winters. Veiga et. al (2014) forecasted food demand in retail and made a compared the
prediction efficiency of the Holt-Winters and the ARIMA models. The prediction
measures were obtained and based on the RMSE, the Holt-Winters model was found to
provide a better forecasting performance and hence preferred for forecasting food demand.
The Seasonal Autoregressive Integrated Moving Average (SARIMA) model and the Holt-
Winters model were applied to forecast the Inflation rate in Kenya (Lidiema, 2017). The
Mean Absolute Error and the Mean Percentage Error were applied for model comparison.
The findings of the study suggested that the Seasonal ARIMA model was more accurate

and therefore, a better prediction model.

2.3 Research gap

Since the COVID-19 pandemic emerged, several studies have been conducted to
determine the most effective model for predicting the COVID-19 transmission. According
to studies done by Habibur et al. (2016), Mini et al. (2015), Omane-adjepong.et al. (2013),
(Makatjane & Moroke, 2016), (Veiga et al., 2014), (Yakovyna & Bachka, 2018), Barr et
al. (2021) and (Lidiema, 2017), the Holt-Winters and the ARIMA models were compared
to determine an prediction model for COVID-19 variant. The accuracy measures such as
the Mean Absolute Error (MAE), the Mean Absolute Percentage Error (MAPE) and the
Mean Absolute Square Error (MASE) were applied for model comparison. The findings
of these studies gave inconsistent results thereby finding it difficult to determine an
effective prediction model based on the MAE, MAPE and MASE. Therefore, this study
proposed to apply the RMSE as the accuracy measure for comparing the forecasting
efficiency between the ARIMA and the Holt-Winters models and determine the
appropriate model for the prediction of the COVID-19 transmission and mortality in

Kenya. The RMSE was applied for model comparison because, according to ( Makridakis,

15



1993; Mahmoud, 1984; Davydenko & Fildes, 2013), they suggested that the RMSE was

a better accuracy measure for model comparison with minimum errors.
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CHAPTER THREE

RESEARCH METHODOLOGY

3.1 Data Description

The COVID-19 quantitative discrete data was a secondary data collected by the health
officials and it was retrieved from the ministry of health official website,
https://www.health.go.ke The COVID-19 data was available for daily infection cases,
fatalities and samples tested from 23" Aug. 2020 to 23" July 2021.

3.2 Data Analysis

A simple linear regression was done on the COVID-19 data to determine the linear
relationship between the daily samples tested and the daily number of infected cases. The
COVID-19 infections and mortality data were fitted to the Holt-Winters and the ARIMA
models with Root Mean Square Error (RMSE) being used to select the final model. All
the models were fitted using R statistical software version 4.1.0. The following packages
were used while fitting the data, ggplot2, forecast, astsa, readxl, Imtest and tseries. The
following functions were also used while modelling the COVID-19 infections and
mortality ndiffs (), auto. arima (), HoltWinters (), Box.test () and adf.test ().

3.3 Simple Linear Regression

The Simple linear regression determines a linear relationship between the response

variable and the explanatory variable. The simple linear regression model between
COVID-19 infections and daily samples tested was given by,

Y =B+ X (3.1)
Where, Y is the response variable and X is the explanatory variable.

3.4 ARIMA Model Description
3.4.1 Autoregressive Process

A stochastic process { Z,t2 0} is an autoregressive process of order p, AR ( p) defined
by;

Zt = 191Zt—1 + 192Zt_2 + -4+ 19pZt_p + &t (32)
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Where; p is an autoregressive order, 9,--,9, are the estimated parameters of

autoregressive terms and &, is a series of white noise with mean 0 and variance o*. By

applying the backshift operator, the autoregressive equation is expressed as,
z,=9(B)t (3.3)

Whel’e,ﬁ(B) = 1 - 191B - 192B2 — = 19PBP

3.4.2 Moving Average process

A Moving average process Z; denoted as MA(q )is defined by;

Ze = @1 + Qa8 + Q35+ Qger_g (34)

From the equation above, ¢ is the moving average order, ¢4, -+, ¢, are the parameters of

the MA process and € represents the error term with a mean of 0 and a variance of o’

The backshift operator for the moving average of order g was expressed by,

@(B) =1+ @B+ @,B*+ -+ @pBF (3.5)

3.4.3 Autoregressive Moving Average process

ARMA process was formed by combining the AR(p) model and the MA(q) model.

The ARMA( p,q) process was defined by the below equation 3.5;
Zt = '912t—1 + 1922t_2 + -4+ 19pZt_p + Pr€r_1 + P3z€i_» + -+ (pqet_q + (=2 (36)
The backshift operator for the ARMA process is given by; 3(B)z, =¢(B)e,

From MA(q) and AR(p) , the backshift operator for the ARMA process was simplified

to,

P ) q ]
(1—Z&B'jzt:(l+2¢j81)et (3.7)
j=1

i=1
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3.4.4 Autoregressive Integrated Moving Average process
The ARIMA model is an extension of the ARMA model to a non-stationary time series.

The ARIMA model of order p, d and q is expressed as ARIMA( p,d,q) where p denotes

the Autoregressive order, d is the differenced or integrated part and g denotes the Moving
Average order. The ARIMA model is widely applied for prediction because it can handle
any series with or without the seasonality component (Mathenge, 2019). When the

ARIMA model is differenced d times, the process becomes an ARMA process. For

instance, if Z, is non-stationary, then the first difference will be AZ, =Z, —Z_, So that

the differenced ARMA model will be given by;
AZt = 191AZt_1 + -4+ ﬁpAZt_p + P1€t—1 + -+ (pqet_q + €t (38)

3.5 Holt-Winters modelling
The Holt-Winters prediction model was developed to predict series with outliers. It uses

weighted historical trend to predict future values and is made up of two components i.e.,
the smoothing constant (E£,&) and the trend component (7', 3).The Holt-Winters

forecasting model is obtained as,

ét+k = Et + KTt (3.9)

Where E is the intercept and T is the slope and they are computed recursively as follows;
E =a(x,)+(1-a)(E+T.,)
T, :ﬂ(Et _Et—l)(l_ﬂ)Tt—l

Where; fHk is the forecasted value of k from period t, X_; is the real value, E_; is the

estimated value, 7, ; is the trend value, @ is the smoothing constants for estimates, g is

the smoothing constant for the trend and K is the period. The coefficients & and g lies

betweenOandlie. 0<a<p<1
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3.6 Box-Jenkins Framework
Box et al. (2013) proposed 4 iterative stages which include; model Identification,

Estimation, diagnostic test and forecasting as shown in figure 1.
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Figure 1: ARIMA forecasting procedure
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3.6.1 Model Identification

This is done by checking for stationarity or seasonality in the series and choosing a
specified model. Firstly, the series is assumed to be non-stationary, then the ACF and the
PACF were plotted to confirm the assumption. The ACF plot with a slow decay indicates
non-stationarity in the series. According to this research, stationarity was checked using
the Augmented Dickey Fuller's (ADF) test.

3.6.2 Model Estimation

The coefficients that best fit the selected ARIMA model are estimated consistently by the
maximum likelihood estimate (MLE) or least-square estimate (LSE). This study employed
the MLE technigue to estimate the parameters of the model. The mathematical derivation

of MLE was computed as follows,

Consider the model given below,

Ve = Q1Ve1t ot OpYep — 0161 — - — 0gét_qg — &1 (3.10)

The Likelihood function is the joint density function for all observations for given values

of & and, 0'52-
The likelihood function of 9 and &, is given by L(yy :90.%)=f(yy|%0.?)

Given the observation, Yy we estimate ¢ and 062 the values for which the likelihood is

minimized. €y is a white noise process at time N and the variables Y, | Yy_, and Yy are

independent, hence,
f(yyl9.0.7)=f(Yys9.07)f(yyal%0.)

Therefore;

L(yy ,s,o:){ﬂ f(v ytl,a,of)j f(y, %07

t=p+1

The process is assumed to be distributed as a Gaussian process then,
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F(YelYen80,”)= UJ—eXp[ (%I (8 ))Zj

N-p N
et Ly 0" )={o.120) o9 51 3 1(9)

Gg t= p+l

The MLE 9 is a prediction error estimate since it is obtained by minimizing

s@)-| 5000

t=p+1

By differentiating 8(3) with respect to 652, it can be shown that the MLE of 652 IS

given by; 6,°=S (9)/(N —P). Therefore, the estimate § is asymptotically unbiased
and efficient.

3.6.3 Model Selection

The Akaike Information Criterion was applied to select the best model from a set of
different models in a given set of data. The AIC is best model selection criterion.
According to (Maurice, 2019), the Akaike Information Criterion estimates the quality of
a model in a set of data. The model with the lowest AIC value was selected as the best

model because it minimizes the errors. The criterion is computed as;
AIC = —2logL + 2k (3.11)

In the above equation 3.12, T denotes the number of observations, L denotes the likelihood
function whereas k denotes the estimated parameters of the model.

3.6.4 Forecasting Accuracy

The performance of a model was assessed by considering its forecasting accuracy. The
best prediction model is the one with minimum errors. The forecasting accuracy between
the ARIMA and the Holt-Winters model was compared using the Root Mean Square Error

(RMSE) which was computed mathematically as;
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n

(X -X%,) (3.12)

t=1

RMSE =

ST

3.6.5 Diagnostic Checking

The selected model was tested to determine whether it conforms to the specifications of
stationarity. After fitting the model and estimating parameters, the diagnostic test was
performed. According to (Keith, W., & Mcleod, A., 1994), Diagnostic testing in time
series is applicable when parameters were estimated using the maximum likelihood
estimate. According to this research, the diagnostic checking was done using residuals.
The Q-Q plot and histogram for the residuals were designed to test for the normality of
the model. The bell-shaped histogram implied that the selected model was normal. The
Box Ljung test statistic was applied to test for the presence of serial correlation between
the lags or determine if the residuals are independent and identically distributed. Ljung-

Box test statistic was computed as,

Q =n(n+2)znp_kk. (3.13)

From the equation 3.14, n is the observations and Kk is the lag. The test statistic Q is

distributed as a chi-square.

3.6.6 Forecasting
Forecasting in time series is the technique of estimating future events based on past and

present data. After performing a diagnostic test and the model has passed the test,

forecasting was then performed.
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CHAPTER FOUR

RESULTS

4.1. Introduction
The data analysis discussed in this chapter includes; the Regression analysis and the time
series analysis (ARIMA and Holt-Winters).

4.2 Simple Linear Regression
A simple linear regression was conducted to examine the linear relationship between the
number of infected cases and the daily samples tested. Table 1 below shows the simple

linear regression coefficient.

Table 1: Regression Coefficient

Coefficients Estimate  Std. t value Pr(>|t|)
Error

Intercept -99.170 23.383 -4.241 4.38e-05

Sample size  0.109 0.006 17.639 < 2e-16

The regression coefficient between the number of infected cases and the daily samples
tested was -99.170 and 0.109 respectively. The response variable was statistically
significant at a 5% confidence level implying a linear relationship. therefore, the null
hypothesis which stated that there was no linear relationship between the number of
infected cases and the daily samples tested was rejected implying the existence of a linear
relationship between the two variables. The R-Squared was 0.72 implying that 72% of the
variation in the response variable is explained by the explanatory variable. The linear

regression equation was given by,
Infected cases = —99.170 + 0.109 * Sample size (3.14)

The scatterplot was also designed to visualize the linear relationship between the infected
cases and the daily samples tested. From the plot in Figure 2, it was observed that there

was a linear relationship between the number of infected cases and the daily samples
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tested. This implied that an increase in the sample size increases the number of infected

cases recorded daily.

o
3
— o
2 o
O O [e)
o 0%
0 o
8 o o ° 0 %
© — (0]
S 8 (o8 o o]
© (0] (0] o]
% OO o O
() o o
— o fe)
£ 8 o o o
o < %o © o °©
g o o©
o o
8 P o
= o
8 | o @ o o o
B0 ©
¢ 00
° %00%0
5
% S o
o - @Qé & o
[ [ [ [
2000 4000 6000 8000

Samples tested

Figure 2: Scatterplot of infected cases vs samples tested

4.3 Trend Analysis
Figure 3 and 4 below shows the trend analysis of the COVID-19 mortality and infection
in Kenya. From the plots, a linear trend was observed and the linear trend equations for

the infected and mortality cases were given by, v, =87.65+2.657x and

y, =1.463 +0.04014x, respectively.
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Figure 3: Plot of trend analysis for COVID-19 infections
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Trend Analysis Plot for covid-19 mortality
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Figure 4: Plot of trend analysis for COVID-19 mortality

4.4 Model Identification
Figure 5 and 6 below shows the plot for the COVID-19 infections and mortality

respectively. From the plots, it was observed that both the series were non-stationary due

to the presence of a trend.
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Figure 5: Time series plot for COVID-19 infections
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plot of covid-19 mortality
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Figure 6: Time series plot for COVID-19 mortality

The Augmented dickey fuller’s (ADF) test was also applied to determine if the series was
stationarity. The table below shows the results of the ADF test for both the infection and
mortality cases.

Table 2: Augmented dickey fuller's test

Series adftest  Lag p-value
infections 0.146 6 0.99
mortality -2.079 6 0.543

The p-value for the ADF test was higher than the alpha value (.05) therefore, the null
hypothesis which stated that the series was non-stationary was not rejected implying the

series was non-stationary. The following methods were applied to achieve stationarity.
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4.4.1 Detrend Process
This is the process of removing the trend in the series to make the series stationary. Figure
7 and 8 below show the plots of the detrend infection and mortality cases respectively. It

was observed that stationarity was not achieved through the detrending process.
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Figure 7: Plot of detrend COVID-19 infections
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Figure 8: Plot of detrend COVID-19 mortality

4.4.2 Differencing Process

Differencing is the process of stabilizing the mean of the series by eliminating the trend
and seasonality. The ndiffs function in R statistical software was applied to determine the
order of differences that made the series stationary. After applying the ndiffs to the
COVID-19 data, it was observed that stationarity was attained at first differencing. Figure

9 and 10 shows the plot of differenced COVID-19 infections and mortality respectively.
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Figure 9: Plot of differenced COVID-19 infections
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Figure 10: Plot of differenced COVID-19 mortality

4.4.3 ACF and PACF plots

The ACF plot and The PACF plot are used to determine the AR and the MA order of a
given series. From the ACF and PACF plot, the spikes lie outside the significant zone
(dotted line) implying that the residuals are not random and therefore, more information
is needed to determine the AR order and the MA order. Figures 11, 12, 13 and 14 below
displays the ACF and the PACF plots for the differenced COVID-19 infections and
mortality respectively.
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Figure 11: ACF plot of the differenced COVID-19 infections
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Figure 12: PACF plot of the differenced COVID-19 infections
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Figure 13: ACF plot of the differenced COVID-19 mortality
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Figure 14: PACF plot of the differenced COVID-19 mortality
4.5 ARIMA Modeling

4.5.1 Model Selection and Parameter Estimation

To identify the AR and MA order, the ARIMA model was fitted in R software using the
auto.arima() which is function in the forecast package in R software. The ARIMA(2,1,3)
and ARIMA(0,1,1) for the COVID-19 infections and mortality were identified as the best
models with the Akaike Information Criterion (AIC) values of 338.99 and 1406.05
respectively. Based on the two models, the AR value is 0 implying the absence of the
autoregressive process in the series. The MLE estimation technique was applied to
estimate the parameters in the model and the estimated parameters were, 62 = 0.2208
and the log-likelihood = -166.5 for the ARIMA(2,1,3) and 6% = 15.28 and the log-
likelihood = -701.03 for the ARIMA(0,1,1) respectively. Table 3 shows the
ARIMA(2,1,3) and the ARIMA(0,1,1) and their coefficients. From the tables, it was
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observed the coefficients for the ARIMA(2,1,3) are significant at a 5% except for the
AR(1) whereas the coefficient for the ARIMA(0,1,1) is significant at a 5% since its p-

value was less than alpha (.05).

Table 3: T-table for the ARIMA(2,1,3)

Coefficients Estimate  Std. Error tvalue p-value
arl 0.1618 1821 0.8884 0.3761
ar2 -0.9169 0.1112 -8.2477 0.0000
mal -0.8330 0.2339 -3.5605 0.0005
ma2 0.9720 0.1869 5.2001 0.0000
ma3 -0.5635 0.1215 -4.6382 0.0000

Constant 2.6760 2.9397 0.9103 0.3646

Table 4: T-table for the ARIMA(0,1,1)

Coefficients Estimate Std. error t value p-value
mal -0.924 0.0454 -20.3377  0.0000
Constant 0.0794 0.0283 2.8091 0.0058

The regression equation for ARIMA(2,1,3) was expressed as

2, = 2.6760 —0.9169¢, —0.8330e, , +0.9720¢, , — 0.5635¢, ,

whereas, the regression equation for the ARIMA(0,1,1) was expressed as

2, =0.0794—0.924¢,

4.6 Holt-Winters Exponential Smoothing

The Holt-Winters models were fitted in R software using the HoltWinters function which
is an inbuilt function in the forecast package in the R software. The differenced COVID-
19 infection and mortality data was applied for the Holt-Winters modelling. The

smoothing parameters and the coefficients were estimated as; « = 0.08, 5=0.7, a=237.77,
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b =-28.27 for the differenced COVID-19 infection and a = 0.09, 5=0.02,a=9.93and b
=0.09 for the differenced COVID-19 mortality respectively. The absence of y implies that

there is no seasonality component in the series.

4.7 Model Comparison
The Root Mean Square Error (RMSE) was applied for model comparison. After devolving

the models, the accuracy measures were determined. Table 5 and 6 shows the accuracy
measures for the ARIMA model and Holt-Winters model for both the COVID-19 infection

and mortality.

Table 5: Accuracy measure for the ARIMA model

Model ME RMSE MAE
infections 0.529 0.0467 0.352
mortality 4.043 3.894 5.917

Table 6: Accuracy measure for Holt-Winters model

Model ME RMSE MAE
infections 1.018 167.699 109.026
mortality 7.045 5.909 2.940

Based on the RMSE on the tables above, the ARIMA(2,1,3) and the ARIMA(0,1,1) were
found to be more accurate prediction models with minimum errors compared to the Holt-
Winters exponential smoothing method.

4.8 Diagnostic Test

The residuals were checked to determine whether they were independent and identically
distributed. This was achieved by plotting the residuals plots. From the residual plots, the
linearity of the Q-Q plot suggested that the model residuals were normally distributed.
According to the ACF plots in Figures 17 and 19, it was observed that the majority of the
spikes lie within the significant zone (dotted line) implying that the residuals are random.
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Figure 15: Normal Q-Q plot for the residuals
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Histogram for residuals of the ARIMA(2,1,3) model
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Figure 16: Histogram plot for the ARIMA (2,1,3)

The bell-shaped histogram in Figures 16, 18 and 19 implies that the model residuals of
were normally distributed because the majority of the values are concentrated at the origin.
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Model: (0,1,1)
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Figure 17: Residual plots for the ARIMA(0,1,1)
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Histogram of residuals for the ARIMA(0,1,1) model
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Figure 18: Histogram for the ARIMA(0,1,1)
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Figure 19: Residual plots for Holt-Winters models

The p-value for the Box Ljung test statistics is greater than the alpha value (.05) implying
a non-significance therefore, we fail to reject the null hypothesis which stated that there
was no serial correlation between the lags and conclude that the residuals were distributed
as white noise. Since the ARIMA(2,1,3) and the ARIMA(0,1,1) models passed the
diagnostic test, they were therefore applied to predict the COVID-19 infections and
mortality cases in Kenya. The table below displays the results for the Box Ljung test for
the ARIMA(2,1,3), the ARIMA(0,1,1) and Holt-Winters respectively.

Table 7: Ljung-Box test

Model Q* df p-value
ARIMA for COVID- 16.429 20 0.6285
19 infections
ARIMA for COVID- 21.427 20 0.5489
19 mortality
Holt-Winters for 35.453 20 0.1782
COVID-19
infections
Holt-Winters for 10.633 20 0.9552
COVID-19
infections

4.9 Forecasting
The prediction for the COVID-19 infections and mortality were done at a 95%

significance level using the ARIMA and the Holt-Winters models. The prediction was

done for 92 days.

The figures below show the prediction plots for the COVID-19 infections and mortality
respectively using the Holt-Winters and the ARIMA models. Based on the prediction plots
below, the COVID-19 prediction using the ARIMA models was more accurate and

realistic compared to the prediction using the Holt-Winters models. Therefore, the
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ARIMA models were considered to provide a better prediction accuracy for the COVID-
19 infections and mortality than the Holt-Winters models.

Forecasts from HoltWinters
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Figure 20: Holt-Winters prediction for COVID-19 infections
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Forecasts from HoltWinters
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Figure 21: Holt-Winters prediction for COVID-19 mortality
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Forecasts from ARIMA(2,1,3) with drift
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Figure 22: ARIMA prediction for COVID-19 infections
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Forecasts from ARIMA(O,1,1) with drift
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Figure 23: ARIMA prediction for COVID-19 mortality
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CHAPTER FIVE

DISCUSSION, CONCLUSION AND RECOMMENDATIONS
5.1 Discussion

This study developed the ARIMA and the Holt-Winters models to predict the COVID-19
infections and mortality in Kenya. It therefore compared the prediction accuracy of the
ARIMA and the Holt-Winters models to determine an effective model for predicting the
COVID-19 infection and mortality rates in Kenya. A simple linear regression was
conducted to examine the linear relationship between the number of infected cases and
the daily samples tested. The regression coefficient between the number of infected cases
and the daily samples tested was -99.170 and 0.109 respectively. The response variable
was statistically significant at a 5% confidence level implying a linear relationship.
therefore, the null hypothesis which stated that there was no linear relationship between
the number of infected cases and the daily samples tested was rejected implying the
existence of a linear relationship between the two variables. The R-Squared was 0.72
implying that 72% of the variation in the response variable is explained by the explanatory
variable. The scatterplot was also plotted to visualize the linear relationship. A linear

relationship between COVID-19 infections and the sample size was observed.

Trend Analysis was conducted on the COVID-19 infection and mortality rates to
determine the presence of trend in the series and a linear trend was identified. Since the
COVID-19 infections and mortality time series data were not stationary, differencing was
done to achieve the stationarity. The models were fitted to the data using R statistical
software and the models with the lowest Akaike Information Criterion were selected. The
Root Mean Square Error (RMSE) was applied for model comparison between the ARIMA
and the Holt-Winters models to determine an accurate prediction model. The
ARIMA(2,1,3) and the ARIMA(0,1,1) were considered better prediction models for
COVID-19 infections and mortality than the Holt-Winters models since, the RMSE for
the ARIMA models were much lower compared to that of Holt-Winters models implying
that the ARIMA models yielded accurate prediction results with minimum errors. The
diagnostic test was done on the fitted models and the models passed the test. The

prediction for the COVID-19 infections and mortality were done at a 95% significance
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level and the infections and mortality cases were observed to increase significantly.
Therefore, the ARIMA models predicted the COVID-19 infections and mortality perfectly
well. The findings of this study contradicts with the findings of Veiga et al. (2014) who
did a study on the prediction of food demand in retail by comparing the prediction
accuracy of the ARIMA and the Holt-Winters models. Their study suggested that the Holt-
Winters model was more precise than the ARIMA model. On the other hand, findings of
this study are similar to that of Barr et al. (2021), Mini et al. (2015) and Lidiema (2017)

who suggested that the ARIMA model was more accurate than the Holt-Winters model.

5.2 Conclusion

Based on the regression analysis, the study concluded that there was significant linear
relationship between the sample size and the number of positive cases recorded daily. The
study developed the ARIMA and the Holt-Winters models and the models to predict the
COVID-19 infections and mortality perfectly well. The ARIMA and the Holt-Winters
models were compared using the Root Mean Square Error (RMSE) and it was concluded
that the ARIMA was a better prediction model for COVID-19 infections and mortality
than the Holt-Winters due to minimum errors. Therefore, all the objectives of this study

were achieved.

5.3 Recommendations

With the increasing COVID-19 infections and mortality rates in Kenya, the study
recommends that all Kenyans should observe the World Health Organization's guidelines
to help curb the surging COVID-19 infections and mortality rates. The government of
Kenya should plan accordingly towards fighting the pandemic by provide affordable face
masks to all Kenyans, and personal protective equipment for the medical personnel. Based
on the prediction accuracy between the ARIMA and the Holt-Winters models, the study
recommends that the ARIMA model be applied for short-term prediction because it is

more accurate that the Holt-Winters model.
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APPENDICES

Appendix 1: R codes for data analysis
library(readxl)

setwd(""C:/Users/HP/Desktop/R data Files™)
COVID.19=read_excel('ResearchData.xlsx")
attach(COVID.19)

head(COVID.19,5)

data=ts(COVID.19[,2],frequency = 365,start=c(2020,236))
data30=ts(COVID.19[,3],frequency = 365,start=c(2020,236))

plot(data,main="plot of COVID-19 infections",ylab="COVID-19
infections”,las=1,col="red",font.main=1)

plot(data30,main="plot of COVID-19 mortality',col="red’,las=1,ylab="mortality

cases",font.main=1)

library(Imtest)

trend=Im(Registered~c(1:length(Registered)))

detrend=residuals(trend)

plot.ts(detrend,main="detrend COVID-19 infections',col="blue’,font.main=1)
trend1=Im(Fatalities~c(1:length(Fatalities)))

detrend1=residuals(trendl)

plot.ts(detrend1,main="detrend mortality’,col="blue’,font.main=1)
library(tseries)

adf.test(data,alt="stationary")

adf.test(data30,alt="stationary")
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plot(diff(data),main="differenced COVID-19 infections",las=1,ylab="COVID-19

infections",col="green",font.main=1)

plot(diff(data30),main="differenced COVID-19 mortality",las=1,ylab="COVID-19

mortality",col="green",font.main=1)
acf(diff(data),main="Correlogram",las=1,font.main=1)
pacf(diff(data),main="Partial correlogram",las=1,font.main=1)
acf(diff(data30),main="Correlogram",las=1,font. main=1)
pacf(diff(data30),main="Partial correlogram",las=1,font.main=1)
#ARIMA Model Estimation for COVID-19 infections
library(forecast)

ARIMAfit=auto.arima(log(data))

summary(ARIMA(it)

library(astsa)

sarima(data,2,1,3,font.main=1)

library(Imtest)

coeftest(ARIMACfit)

#ARIMA model Estimation for COVID-19 mortality
Modelfit=auto.arima(data30)

summary(Modelfit)

library(astsa)

sarima(data30,0,1,1,font.main=1)

library(Imtest)

coeftest(Modelfit)
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#Holt-Winters model estimation for COVID-19 infections
HWfit=HoltWinters(data,gamma=F)

print(HWfit)

library(forecast)

pred1l=forecast(HWfit,n=92)

accuracy(predl)

#Holt-Winters model estimation for COVID-19 Mortality

HWmodel=HoltWinters(data30,gamma=F)

print(HWmodel)

library(forecast)

pred2=forecast(HWmodel,h=92)

accuracy(pred2)

#Diagnostic test for the COVID-19 infections
checkresiduals(ARIMAfit,main="ARIMA residuals",font.main=1)
checkresiduals(HWfit,main="Holt-Winters residuals",font.main=1)
#Diagnostic test for the COVID-19 mortality
checkresiduals(Modelfit,main="ARIMA residuals",font.main=1)
checkresiduals(HWmodel,main="Holt-Winters residuals",font.main=1)
Box.test(Modelfit$residuals,lag=20)
Box.test(ARIMA(fit$residuals,lag=20)
Box.test(pred1$residuals,lag=20)

Box.test(pred2$residuals,lag=20)
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#ARIMA Prediction

fcastl=forecast(ARIMAfit,h=92)

fcast2=forecast(Modelfit,h=92)

library(ggplot2)

autoplot(fcastl,ylab="ARIMA prediction for COVID-19 infections',font.main=1)
autoplot(fcast2,ylab="ARIMA prediction for COVID-19 mortality',font.main=1)
autoplot(predl,ylab="Holt-Winters prediction for COVID-19 infections',font.main=1)

autoplot(pred2,ylab="Holt-Winters prediction for COVID-19 mortality',font.main=1)
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