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Objectives: This paper is aimed at modelling the effect of COVID-19 mortality per population (CMP), a proxy for
COVID-19 on the Gross Domestics Product (GDP) per capita per COVID-19 cases (RGDPC), a proxy for the
economic wellbeing of a nation.

Methods: Nine models divided into three groups (Gaussian polynomial, other non-linear, and Gamma generalized
polynomial models) were fitted for RGDPC data on CMP, collected from 1st June to 31st December 2020.

Results: The result showed that the gamma cubic model was selected as the best model out of the 9 competing
models to predict the economic wellbeing of Nigeria. Predictions were made for the whole day in the year 2021.
Conclusion: It is therefore concluded that there is a non-linear relationship between COVID-19 mortality and the
economic wellbeing of Nigerians. Thus, COVID-19 mortality has an adverse effect on the wellbeing of Nigerians.
The economic wellbeing of Nigerians can be improved if COVID-19 mortality is stopped.

1. Introduction

Recently, an infectious disease called COVID-19, caused by a novel
Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2)
(Adeniyi et al., 2020), which started in December 2019 from China
(WHO, 2020), has infected people in all continents and countries of the
world. The COVID-19 mortality rate varies from country to country. In
Nigeria, the mortality rate is very low when compared to other countries
in Europe and America. The recovery rate is very high in Nigeria, leaving
a few active cases. This novel coronavirus was isolated on 7th January
2020 in China (Ekum & Ogunsanya, 2020). Currently, some countries
have been able to manage cases with a high rate of recovery, while the
body’s immune system fights the illness (Are & Ekum, 2020). Just
recently some laboratories have developed one vaccine or the other for
COVID-19, and these vaccines have been distributed to some countries
of the world, including Nigeria.

COVID-19 in Nigeria started with the case of an Italian Immigrant,
who travelled from Milan to Lagos on the 28th February 2020. The first
death in Nigeria was recorded on 26th March 2020. By 1st June 2020 the
total COVID-19 induced deaths in Nigeria has increased to 299, and at
the end of the year 2020, that is, 31st December 2020, the COVID-19
induced deaths had increased to 1,289 (NCDC, 2021; WHO, 2021).
This COVID-19 mortality has crippled many aspects of the economy,
thereby reducing the economic wellbeing of Nigeria. The Gross

* Corresponding author.

Domestic Product per capita (RGDP) is not the real measure of the
economic wellbeing of nations, but the RGDP per COVID-19 cases
(RGDPC). This measure did not just take into account the population of a
nation, but also take into account of the burden placed by COVID-19
mortality on the economy of a nation.

There are many types of research on COVID-19 already published in
learned journals and there are many ongoing. The first set of notable
researches on COVID-19 focused more on the spread and dynamics of
the spread of the virus (Huang et al., 2020; Liu et al., 2020; Read et al.,
2020; Zhao et al., 2020; Imai et al., 2020; Tang et al., 2020; Qun et al.,
2020; Chen & Yu, 2020; Li et al., 2020; Ferguson et al., 2020; Kucharski
etal., 2020; Wu et al., 2020; Roosa et al., 2020; Thomala, 2020; Xu et al.,
2020; McMichael et al., 2020; Healy & Kovaleski, 2020; Chen et al.,
2020; Hellewell et al., 2020; Yang et al., 2020).

The next set of researches on COVID-19 focused on how to flatten the
curve and cases of asymptomatic (Wu & McGoogan, 2020; Oran and
Topol, 2020; Adeniyi et al., 2020a, 2020b; Isere et al., 2020; Ekum &
Ogunsanya, 2020; Ayinde et al., 2020; Ekum et al., 2020a; Subramanian
et al., 2021). Today, many researchers on COVID-19 are studying the
effect of COVID-19 on the economy of nations (see Abayomi et al., 2021;
Hassan, Hashim, & Khan, 2020; Sornette, Mearns, Schatz, Wu, & Darcet,
2020; Cilliers et al., 2020; Chudik et al., 2020; Erokhin & Gao, 2020;
Ivanaj & Oukhallou, 2020).

Nigeria is a mixed economy and emerging market, with expanding
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Fig. 1. Time Plots of Variables of Interest.

financial, service, communications, technology, and entertainment
sectors. Nigeria was ranked 26th in the world in terms of nominal GDP
and ranked 30th in 2013 before rebasing, ranked 40th in 2005 and 52nd
in 2000, and is the largest economy in Africa based on the rebased fig-
ures announced in 2014. It is also on track to become one of the top
economies in the world by 2020 (Okunnu et al., 2017). The GDP of
Nigeria is affected by the large population figure, which has reduced the
Gross Domestic Product per capita (RGDP) of Nigeria. According to
World Bank statistics reported in 2016, the RGDP in Nigeria was
2,548.20 United States Dollar (USD) in 2015 with an estimated popu-
lation of 181,100,000 persons but has reduced to 2,250.00 USD in 2020
with an estimated population of 206,000,000 persons, which is not
unconnected to the surge created by COVID-19.

So, a measure of the wellbeing of Nigeria takes the susceptible
population into consideration, and the population already infected by
COVID-19. Thus, an index termed the GDP per capita per COVID-19
cases (RGDPC) is used as a proxy to measure the wellbeing of the peo-
ple. The problem here is to determine the major factor that affects the
RGDPC of a country like Nigeria. Some factors, such as COVID-19
mortality, population, etc., are factors considered. The problem of low

Gross Domestic Product Per Capita (RGDP) can be attributed to lack of
adequate planning by the government (Ekum et al., 2020).

In this paper, we focused on the mortality rate per population and the
non-linear effect on the economic wellbeing of Nigeria. The economy of
Nigeria is proxy by Gross Domestic Product (GDP) per capita per COVID-
19 confirmed laboratory cases (RGDPC) in Nigeria. The GDP per capita
is one of the measures of the wellbeing of a people. It is further divided
by the population that had suffered from COVID-19. RGDPC is the real
measure of the economic well-being of people with infectious diseases.
This is because, apart from the population affecting the GDP, the COVID-
19 factor is also an extra burden to the wellbeing of the people. Different
models were fitted, linear, non-linear and generalized linear models
(glm) in this paper.

2. Methods and materials

Modelling the effect of one variable on another, where both variables
are continuous requires a regression model. The relationship between
the two variables can be linear or non-linear. It can be direct or indirect,
and it can be strong or weak. Most often than not, we always want to
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Fig. 2. Scatter Plot of GDP per Capita per COVID-19 on COVID-19 Mortality.

predict a random variable using another known random variable(s). In
this case, we have only two variables, a dependent (RGDPC) and an
independent (CMP), which can be related linearly or non-linearly, direct
or indirect, weak or strong. The relationship will be modelled using
curve estimation, which could be ordinary or generalized linear
regression models, ordinary or generalized polynomial regression
models, or other forms of non-linear models.

2.1. Data description

The data used in the analysis are daily data collected from World
Health Organisation (WHO) from 1st June 2020 to 31st December 2020,
spanning 214 datasets. The data include cumulative COVID-19 labora-
tory confirm cases, cumulative COVID-19 deaths, GDP per capita for the
period, and Nigeria’s population for the period under review. Two new
variables used as dependent and independent variables were derived
from the available known ones. The independent variable is a measure
of COVID-19, termed COVID-19 Mortality per 1 million persons in the
population (CMP), while the dependent variable is the GDP per capita
per COVID-19 laboratory-confirmed cases (RGDPC). These two new
variables are continuous variables (measurable), so the variation in
them can be modelled with continuous distributions, like normal
(Gaussian), Gamma, Webull, Power, Pareto etc. The CMP is a proxy to
measure COVID-19, while RGDPC is a proxy to measure the economic
wellbeing of a country. If the RGDPC of a country is high, it implies that
the economic wellbeing of that country is good, but if it is low, it implies
that the economic wellbeing of the people is poor.

The CMP is given by

Ci lative COVID19 Mortalit
cmp = meae oA K., Population > 0

Population

Where K can be 1,000 or 10,000 or 100,000 or 1,000,000, but in this
paper, K = 1,000,000, and the RGDPC is given by

Research in Globalization 3 (2021) 100050

These two measures can be included in demographic measures.

2.2. Curve estimation models

There are different curve regression models in Statistics. To deter-
mine which model to use, it is necessary to plot the scatter diagram,
which depicts the type of relationship that exists between the dependent
and independent variables. If the variables appear to be linearly related,
then a simple linear regression model is needed. When the variables are
not linearly related, try transforming the data. When a transformation
does not help, a more complicated model is needed. It could be a non-
linear model or a generalized linear model or an even more compli-
cated models. The scatterplot of the data will show a plot that resembles
a mathematical function recognized, then fit the data to that recognized
model. There are different types of models, but the ones used in this
paper are explained.

2.3. Polynomial model

Let Y be a dependent variable and X be an independent variable.
Polynomial regression is a special case of multiple regression, with only
one independent variable X (Ostertagova, 2012), with the dependent
variable y € Y linearly depending on the powers of the single indepen-
dent variable x € X, (x, x>, ..., xk). A one-variable polynomial regression
model with kth order can be expressed as

Yi :ﬂo +B1xi Jrﬂzx,2 4 +ﬂkx{-( +eii=1,2,-,n 1)

where k is the order of the polynomial, the fs are the unknown pa-
rameters to be estimated, and e is the error term.
If k = 1, then equation (1) becomes

yi=pythxitesi=12 - n 2)

Equation (2) is a simple linear model.
If k = 2, then equation (1) becomes

Vi = Bo+Bixi+ B} +ei=1,2,.n. ©)
Equation (3) is a quadratic model.
If k = 3, then equation (1) becomes

¥i = Po+Pixi+Pox +ox; +ei=1,2,n. @

Equation (4) is a cubic model. Equations (2) to (4) are polynomial
models of order 1, 2, and 3 respectively.

2.4. Other non-linear model

A non-linear model can be transformed into a linear model. If the
transformation is possible, such a model is called an intrinsically linear
model, but if the transformation is not possible, it is called an intrinsi-
cally non-linear model. The power, growth, and exponential models are
good examples of an intrinsically linear model. A good example of the
intrinsically non-linear model is the Cobb-Douglas production model
(Ekum & Ogunsanya, 2020).

2.5. Power regression model

GDPperCapita .
RGDPC = - P P , YCumulativeCOVID19Cases > 0
CumulativeCOVID19Cases L.
The power model is given by
Table 1
Descriptive Statistics of COVID-19 Cases in Nigeria.
Variables Minimum Maximum Mean Std. Deviation Skewness Kurtosis
Cumulative Cases 10,578 87,607 51546.23 18744.314 —0.568 —0.436
Cumulative Mortality 299 1289 965.51 259.087 -1.134 0.122
COVID-19 Mortality per 1,000,000 Population 1.45 6.25 4.6838 1.25685 -1.134 0.122
GDP per Capita per COVID-19 Cases 0.06 0.50 0.1326 0.09194 2.334 5.041
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yi=pBli=1,2,n. (5)

Taking the log of equation (5) givnelderes
logy; = logP,+ plogx;;i = 1,2, -+, n. 6)
So, equation (6) is the linear form of equation (5). Thus, the power
model is intrinsically linear.

2.6. Growth regression model

The growth model is another intrinsically linear model. The growth
model is given by

yi:exp(ﬂ[)"’_ﬂlxi);i: 1,2, n. (7)
Taking the log of equation (7) gives
logy: = Py +pxii=1,2, . n. (8)

2.7. Exponential regression model

Finally, the exponential model is an intrinsically linear model given

by

yi = Boexp(Bxi);i = 1,2, n. (C)]
Taking the log of equation (9) gives

logy; = logPy+ P xi;i=1,2, -, n. (10)

2.8. Generalized linear model (GLM)

The GLMs relate a dependent to independent variables about which
information exists (Chen et al., 2020). The distribution of the dependent
variable must be defined in GLM. The independent variables can be
related to the dependent variable allowing for the random variation of
the data (McCullagh & Nelder, 1989). GLMs are an extension of the
classical linear model. Let Y be a dependent variable of n observations,
which is randomly distributed with mean u and variance o2 (Nelder &
Wedderburn, 1972).

The general classical p variable linear model is used to study the
relationship between a dependent variable and one or more independent
variables (Ekum et al., 2015). The specification of such a model is given
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Table 2
Gaussian Models Parameter Estimation and Model Selection Criteria.
Variables Parameter Estimate F- P- R2 MSE
(Standard Error) Statistic value

Gaussian Linear fo = 0.452 (0.0089) 1378.04  0.000 0.867  0.001

Model B =-0.068 (0.0018)

Gaussian Bo = 0.741 (0.0106) 3958.89  0.000 0.974  0.000
Quadratic B =-0.236 (0.0057)
Model B2 = 0.021 (0.0007)

Gaussian Cubic Bo 1.106 (0.0097) 23805.45 0.000 0.997 0.000
Model 1 =-0.572 (0.0085)

f2 = 0.114 (0.0023)
B3 =-0.008 (0.0002)

Table 3
Other Non-Linear Models Parameter Estimation and Model Selection Criteria.
Variables Parameter Estimate F- P- R? MSE
(Standard Error) Statistic value
Power Model fo = 0.928 (0.0140) 21223.85 0.000 0.990 0.002

1 = -1.404 (0.010)
Growth Model Bo = -0.347 (0.0170)
1 = -0.389 (0.0030)

12739.51 0.000 0.984  0.004

Exponential Bo = 0.707 (0.0120) 12739.51 0.000 0.984 0.004
Model B; = -0.389 (0.0030)
Table 4
Gamma Models Parameter Estimation and Model Selection Criteria.
Variables Parameter Estimate LogL AIC BIC
(Standard Error)
Gamma Linear Bo = -1.923 (0.0633) 234.32 —474.63 -
Model B1 = 2.442 (0.0200) 484.73
Gamma Quadratic Bo = 0.447(0.1155) 135.25 — 278.5 —
Model B; = 0.731 (0.0785) 291.97
B2 = 0.245 (0.0111)
Gamma Cubic Bo = -2.281 (0.2630) 58.45 - —
Model B = 3.621 (0.2694) 126.91 143.74

B2 = -0.661 (0.0827)
B3 = 0.086 (0.0078)

Research in Globalization 3 (2021) 100050

as

Vi =Py +Bixii+ oo+ -+ + B tei=1,2,-,n> 2p. an

where p is the number of independent variables, n is the number of
observations, the fs are the unknown parameters to be estimated, and e
is the error term.

If p = 1, then equation (11) becomes a simple linear model given in
equation (2). The systematic part of the model is a specification for the
vector u in terms of fs. In the case of the ordinary linear model, the
specification takes the form

E(vi) = p; = Po+ Brxui + Poxai + -+ + B xpis i = 1,2, +,n > 2p. (12)

Equation (12) is a special case of GLM, which is the ordinary linear
model, with the expected value of y equal y, since Y has a Gaussian
distribution. But if Y follows a distribution other than Gaussian, then the
model in equation (12) will be written as

E(yi) = g(u;) = Py +Prxui + foxai + - + B xpisi = 1,2, .0 > 2p. 13)

where g(.) is called the link function. So, equation (13) is a generaliza-
tion of equation (12).

In equation (12), Y is assumed to follow a Gaussian distribution, but
in equation (13), Y can follow any other distribution in the exponential
family.

The distribution in the class of the exponential family has a proba-
bility density function (pdf) that can be written in the form

. y0 — b(6) }
;0,¢) = expy ——————+¢(, (14
f(:0. ) p{ @) 0, 9)
where a(.), b(.), and c(.) are known functions, provided ¢ is known, and
a canonical parameter 6 is known.

2.9. Generalized linear model (GLM)

If Y follows a gamma distribution with sshape and scales parameters
a and p respectively, then the pdf of Y is given by
/}LY

fO) = my‘“e”’*";a,ﬁ >0,y>0 @1s)

Gamma written in the exponential family form is given by
f() = exp{(a — 1)logy — [logI'(a) — alogB] — By } ae)

Comparing equation (16) with the exponential family pdf in equa-
tion (14) gives the following:

6= (a-1), b(o) = [logl(a)—alogh], c(y.d) = —fy.al¢) = 1,
E(y) = u(8) =—1/6 and V(i) = p?. The sufficient statistics is logy.

Thus, the gamma GLM is written thus

—1/u; =P, + B0+ Poxai + o+ B X a7
So, that equation (16) is written as

Wy = =1/ (By + 1x1i + Poxai + - + B,%p1) (18)
3. Results and discussion

The data applied is the Nigeria COVID-19 data, comprising cumu-
lative cases, cumulative deaths, GDP per capita, and population of
Nigeria. The dependent variable is the RGDPC. It is the GDP per capita
divided by COVID-19 cases. The independent variable is CMP. The
COVID-19 data is daily data, collected from 1st of June 2020 to 31st of
December 2020, spanning 214 days. Estimated Nigeria’s population
figure for this period was 206,139,587 persons and the GDP per capita
was 2,250.00 USD. The dependent and independent variables are
continuous data.

Fig. 1 shows that the cumulative COVID-19 cases curve was almost



C. Iluno et al

Gaussian Polynomial

Research in Globalization 3 (2021) 100050

Other Non-Linear

12

n r‘ - Power
- - - Growth
==+ Exponord
- 0 —
g O —
()]
0 < -
N —
o —
I 1 T T 1
01 02 03 04 05
RGDP per COVID-19 Cases
Combined Best
N
—
= © —
g O —
[+ )]
0 < -
N —
o

| 1 T T 1
01 02 03 04 05

RGDP per COVID-19 Cases

Fig. 5. Histogram and Fitted curves of Competing Models.

N
== = Unox
= == Qukzic
-ees Cubic
= @
% o
]
QO = =
SN e
o —
I T T T 1
01 02 03 04 05
RGDP per COVID-19 Cases
Gamma Polynomial
o
-
% o
@
0o <
N
o
I 1 I 1 1
01 02 03 04 05
RGDP per COVID-19 Cases
Table 5

Best Models Parameter Estimation and Model Selection Criteria.

Models Residual Sum of

Squares

Parameter Estimate
(Standard Error)

Gaussian Cubic Polynomial B 1.106 (0.0097)
Model p1 = -0.572 (0.0085)
B2 = 0.114 (0.0023)

0.000024669

B3 = -0.008 (0.0002)
Power Non Linear Model Bo = 0.928 (0.0140) 0.000052190
f1 = -1.404 (0.010)
Gamma Cubic Polynomial Bo = -2.281 (0.2630) 0.000002814
Model p1 = 3.621 (0.2694)
B = -0.661 (0.0827)

B3 = 0.086 (0.0078)

flattened but trended upward again as new more cases were recorded
towards the end of the year 2020. The cumulative COVID-19 mortality
curve was almost flattened as well but trended upward again as new
deaths were recorded towards the end of the year 2020. The CMP curve

has the same trend as the COVID-19 mortality curve since the population
figure available was almost constant for the period. However, the
RGDPC decreased exponentially with time.

Fig. 2 shows that there is a negative non-linear relationship between
GDP per Capita per COVID-19 and COVID-19 mortality. The higher
COVID-19 mortality, the lower the RGDPC, and vice versa.

Table 1 shows that the minimum cumulative cases for the period
under review are 10,578 cases, while the maximum is 87,607 cases and
it is negatively skewed. The minimum cumulative mortality for the
period under review is 299 cases, while the maximum is 1,289 cases and
it is also negatively skewed. The CMP has a minimum of 1.45 deaths per
1 million persons and the maximum is 6.25 deaths per 1 million persons,
and it is negatively skewed. The minimum RGDPC is N0.06 per person
per case and the maximum is NO.5 per person per case, but it is positively
skewed.

Fig. 3 shows that Figures a to c are negatively skewed, while Figure d
is positively skewed as explained in Table 1. This implies that all the
datasets are not normally distributed. So, there is a need for a normality
confirmatory test especially for the dependent variable of interest (see
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Fig. 4).

Table 2 shows that the cubic model is the best based on the predictive
power measured by the coefficient of determination (R?). This implies
that there is a cubic polynomial relationship between RGDPC and CMP,
but the relationship is a strongly negative one.

Table 3 shows that the power model is the best based on the pre-
dictive power measured by the coefficient of determination (R?). This
implies that there is a non-linear (power) relationship between RGDPC
and CMP, but the relationship is a strongly negative one.

Table 4 shows that the cubic model of the gamma GLM is the best
based on the AIC and BIC criteria. This implies that there is a cubic
polynomial relationship between RGDPC and CMP, but the relationship
is a strongly negative one.

Fig. 5 shows that all the models are a good fit for the data under
consideration, except the linear model of the Gaussian family. This is
because the RGDPC data is not normally distributed based on the his-
togram showing positive skewness and supported with the descriptive
statistics in Table 1. All the gamma models show a good fit, including the
gamma linear model. Even all the other non-linear models are good fits

to the data of interest.

Table 5 shows that the cubic model of the gamma GLM is the best
based on the models’ predictive power selection criteria using the re-
sidual sum of squares (RSS). The RGDPC is then forecasted to see the
effect of CMP on RGDPC.

Fig. 6 shows that if the population is increasing at a constant rate of
0.00006986 per day, that is, 2.55% per annum in 2021 (NPC, 2021),
with a flattened COVID-19 mortality curve, that is, no more COVID-19
induced death, then the CMP will begin to decrease, thereby resulting
to increasing RGDPC. Fig. 6 depicts what would have happened in 2021
if there is no more COVID-19 mortality with an increasing population at
a constant rate.

Fig. 7 shows the actual RGDPC data from 1st June 2020 to 31st
December 2020, where 1st of June is taken to be the 1st day of the series
and 31st of December the 214th day of the series. The forecast starts
from 1st January 2021 to 31st December 2021. The RGDPC, which
measures the wellbeing of a nation begins to increase 2021 from 0.0602
USD in 1st January to 0.0646 USD on 31st December 2021 even at a
constant GDP for the year 2021. This implies that, even if Nigeria’s GDP
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per Capita remains unchanged in the year 2021, but with no COVID-19
case, then the economic wellbeing of Nigerians will begin to appreciate
in the year 2021. This would have been possible if there are no more
COVID-19 cases and COVID-19 mortality.

4. Conclusion

The spread of COVID-19 in Nigeria is a thing of concern to the
Nigerian government and the Nigeria Centre for Disease Control
(NCDC). The plot of COVID-19 and COVID-19 mortality per population
on time plot depict an upward trend, with some inherent pattern within
some days, but the RGDPC depicts a downward trend. This RGDPC de-
pends on some factors, such as COVID-19 mortality, population, etc.,
which is believed that COVID-19 mortality can be a major cause of the
downward trend, even with a constant GDP per capita. Nine models
divided into three groups were fitted for RGDPC on CMP. The result of
the analysis showed that the cubic model of the gamma GLM is selected
as the best model to predict the RGDPC in Nigeria. The model was used
to forecast RGDPC for the whole day in the year 2021 for a flattened
cumulative COVID-19 mortality curve with an increasing population at
a constant rate. The result shows that RGDPC will increase provided all
other factors remain constant. This is possible if all the states in Nigeria
comply with NCDC directives. The major way to stop the trend of spread
of COVID-19 is to abide by the NCDC recommendations of at least 1-
metre physical distance, wearing face masks in crowded places, incul-
cate a high level of hygiene based on NCDC recommendations.
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