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1. Introduction

Coronaviruses are single-stranded positive-sense RNA viruses; they are about 32 kbp in
length [1,2], and this size shows the viruses have some of the largest genomes. According
to de Groot et al. [3], the International Committee on Taxonomy of Viruses stated that
the family Coronaviridae presently comprises of four genera, and this is as a result of an
upswing in its genome sequences’ figure based on ecology studies of the wild. Of the four
genera, species of Alphacoronavirus and Betacoronavirus can infect their mammalian
hosts, while Gammacoronavirus and Deltacoronavirus species particularly infect the
avians [4,5]. The viruses have olden ancestries and recently exhibit crossover happenings
that may result in interspecies infection based on phylogeny research [6,7]. Majority of
the virus strains are those that infect bats and birds. Therefore gene-level activities such
as mutation and recombination occur in these reservoirs, which in turn propagates
intraspecies transmission to other mammals including humans [1,4,8].

A novel coronavirus (severe acute respiratory syndrome coronavirus 2 [SARS-CoV-2])
was first discovered in a cluster of patients with pneumonia [9] in Wuhan, China, on
December 31, 2019. The rate of transmission has been causing serious destruction,
generating intense publicity in media and public health concern worldwide [10].
Health systems of many African countries have experienced repeated outbreaks of other
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preventable emerging and reemerging infectious diseases. The ill-preparedness of some
countries played a significant role in the destructive 2014—16 Ebola virus epidemic [11]
in West Africa to rapidly identify the infection and stop transmission [12—15]. Also,
Aruna et al. [16] argued that response on the smouldering remains of the 2018—19 Ebola
virus outbreak can be hindered in the Democratic Republic of Congo due to geography
and sociopolitical instability.

With the current outbreak of coronavirus disease 2019 (COVID-19), African countries
have intensified their efforts in detecting and isolating any imported cases of the disease.
Many African countries have already introduced screening for the disease on arrivals at
airports and some seaports. For example, the WHO [17] announced that Uganda quar-
antined more than 100 individuals who arrived at Entebbe International Airport, some at
hospitals in Entebbe and Kampala, and others were confined in their homes. In Zambia,
thermal body scanners have also been set up at all ports of entry to detect travelers
showing symptoms of the virus. Kenya has introduced compulsory screening at all ports
of entry and established isolation facilities and a rapid response team to handle
suspected cases. South Africa has set up national and provincial response teams,
designated 300 health officials to ports of entry and begun screening all travelers from
China. The African Center for Disease Control (CDC), in collaboration with the US CDC,
WHO, and the International Civil Aviation Authority, have trained many participants
from across Africa on enhancing points-of-entry detection of COVID-19. Additional
training and resources have been provided to Egypt and other at-risk countries for
infection prevention and control in healthcare facilities, medical management of
COVID-19, and risk communication and community engagement [17].

The index case of COVID-19 in Africa was announced on February 14, 2020, in Egypt
with confirmation that a patient of foreign origin has been detected, and contact tracing
subsequently identified 17 people who were quarantined in the homes. The African
CDC, several other national CDCs, and public health institutes in collaboration with the
WHO have increased preparedness efforts in adding countries to implement recom-
mendations outlined by the WHO International Health Regulations (IHR) Emergency
Committee. Some countries in Africa, including the Democratic Republic of Congo and
Senegal, are also leveraging on the experience acquired in the containment of other
epidemics.

Since the first case in Egypt, 51 African countries have announced the incidence of
COVID-19 as of April 25, 2020, with a total of 29,036 confirmed cases and 1334 reported
deaths. Other measures have also been put in place to either halt or prevent community
transmission. Nigeria, for example, has declared a total lockdown in some of its states
with a huge potential of community transmission while partial lockdown was imposed in
some other states.

Generalized estimating equation (GEE) [18] is utilized in estimating the parameters of
generalized linear model with a possible unknown correlation between outcomes. GEE
model is a marginal model for longitudinal data that estimates population-averaged
parameters. GEE model is an extension of generalized linear models to longitudinal or
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clustered data, where observations are no longer independent. The added advantage of
GEE approach, which makes it suitable for the analysis, is its flexibility in analyzing
correlated responses. The GEE approach does not require correct specification of the
distribution of the data. Lee and Choi [19] applied a GEE model with an independent
error component to model the Texas hospital data controlling for cluster error within
hospitals. When observations are independent, the GEE model becomes an independent
estimating equation model.

This study focuses on examining the daily counts of reported incidence and mortality
due to COVID-19 in African countries. This is to determine if measures taken by the
government of African countries should be relaxed or sustained. It also provides answers
to some questions on whether there is a relationship between the daily incidence and the
number of reported deaths and whether there is an increasing or decreasing trend of the
incidence and reported death cases in African countries and also highlights the variables
that affect the COVID-19 mortality rates in Africa.

2. Literature review

Severity of COVID-19 in African countries may differ from that of Europe, China, and
other parts of the world due to diverse factors, which can be epidemiologic, demo-
graphical, socioeconomical, or environmental [20]. The evolution of the disease in three
African countries with different range of age distributions was examined by Van
Zandvoort et al. [20] using the Susceptible-Exposed-Infectious-Recovered model
framework, stratified by age. The model predicted that self-isolation of people exhibiting
the symptoms of the disease and practices of general physical distancing may be unable
to obviate the expected large epidemics, except when stringent lockdown measures are
employed. Further predictions carried out by Zhao et al. [21] utilized the Maximum-
Hasting (MH) parameter estimation method and the modified Susceptible-Exposed-
Infectious-Recovered model to examine the possibility of controlling the epidemics by
imposing three intervention scenarios (suppression, mitigation, and mildness) in some
African countries. The results indicated that countries strictly utilizing the first scenario
(suppression) are likely to control the epidemic in late April, while those utilizing the
second scenario (mitigation) are likely to have a further 10 days delay before controlling
the epidemic. Utilization of the last scenario (mildness) resulted in the epidemic being
controlled by late May.

Recent studies on COVID-19 have majorly focused on building mathematical models,
formulating statistical models, and finding clinical solution. A number of mathematical
models have been presented in the literature. These include the studies of Li et al., Liang,
and Panovska-Griffiths [22—24]. Li et al. [22] formulated a mathematical model for the
incidence rate of the susceptible population and estimated COVID-19 infection rate. Li
et al. [22] also formulated a time series model based on linear regression with auto-
correlated errors for COVID-19 cases in Wuhan, China, and found that autoregressive
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integrated moving average model of order 0,1 and 0 (that is, autoregressive integrated
moving average [ARIMA] (0,1,0)) was optimal for modeling autocorrelated errors in the
formulated time series model in terms of Bayesian information criterion. Liang [23]
presented the propagation growth models of COVID-19, SARS-CoV and Middle East
respiratory syndrome coronavirus (MERS-CoV) by comparing the growth rate and in-
hibition constant of the infectious diseases. The study revealed that the growth rates of
SARS-CoV and MERS-CoV are about half that of the COVID-19 virus. Panovska-Griffiths
[24] argued that just one mathematical model cannot solve all current COVID-19 crisis
and that more mathematical models can be employed to solve the current COVID-19
crisis and its spread.

Using a statistical approach, Zhang et al. [25] estimated the dynamics of the net
reproduction number of COVID-19 at the provincial level in China using a Bayesian
approach. Hirk et al. [26] presented the statistics of the number of COVID-19 deaths,
hospitalized cases, intensive-care cases, confirmed infections, and tested individuals, as
well as the percentage of confirmed cases in Austria, available as of April 01, 2020, in
comparison with the similar scenario in Iceland. Also, the true number of infected cases in
Austria was estimated using the deCODE genetics study. Benvenuto et al. [27] formulated
an ARIMA model of order p, d, and q on the COVID-2019 epidemic dataset to predict
the trend of COVID-19 prevalence and incidence. The study identified ARIMA (1,0,4) as
the optimal ARIMA model for the COVID-19 prevalence cases and ARIMA (1,0,3) as the
optimal ARIMA model for the COVID-19 incidence cases. However, prevalence and
incidence cases are count data. Time series model for count data is expected to produce a
better result because the prevalence and incidence cases are count data and may exhibit
some characteristics such as conditional heteroscedasticity. Also, analysis of daily COVID-
19 mortality cases for some countries, for example, Africa, forms a longitudinal study.

3. Materials and methods
3.1 Data

The dataset utilized in this work was obtained from the European Centre for Disease
Prevention and Control (ECDC) and is publicly available in https://www.ecdc.europa.
eu/en/covid-19-pandemic. The dataset includes the cases and deaths from COVID-19
collated daily from health authorities worldwide by ECDC and is subjected to scrutiny,
which ensures accuracy and reliability of the data. Other components of the data are the
countries and territories of incidence, the continent, and population of the countries.
The population data included in the dataset were from the World Bank [28].

Only countries with confirmed index cases were considered except for Eritrea that
was dropped because the population statistic was not included in the dataset. To ensure
that the data is suitable for the model utilized, daily values recorded from the index cases
for each of the countries and territories were utilized. The time of incidence was coded in
increasing order, with the index case coded as the initial case. Fig. 34.1 presents the
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COVID-19 total incidence and mortality counts in some African countries as at April 25,
2020. It was observed from Fig. 34.1 that Algeria, Egypt, Morocco, and South Africa
experienced more COVID-19 incidence than other African countries. It can also be
observed that Algeria, Egypt, and Morocco experienced more COVID-19 mortality counts
than other African countries. Fig. 34.2 presents a bar plot showing African countries’
length of days from the first incidence to April 25, 2020. It is shown in Fig. 34.2 that
COVID-19 incidence cases were first reported in Egypt, Algeria, and Nigeria. COVID-19
incidence was recently reported in Sao Tome and Principe, South Sudan, and Malawi.

The following variables were considered in the data: the daily reported incidence cases,
the reported mortality cases, and the population of each country. Figs. 34.3 and 34.4
present the plots of reported incidence cases and the daily reported mortality cases,
respectively, over the study periods of some selected countries in Africa. It can be inferred
from the plots that there are upward trends in daily reported COVID-19 incidence cases
and the daily COVID-19 mortality cases in some African countries.

3.2 Methods

Mann-Kendall test [29—31] can be employed to statistically check if there is a monotonic
upward or downward trend of the daily COVID-19 incidence count and the daily number
of COVID-19 deaths over time in some African countries. A monotonic upward trend of
the daily COVID-19 incidence count implies that the count consistently increases
through time. Similarly, a monotonic downward trend of the daily COVID-19 incidence
count implies that the count consistently decreases through time. The Mann-Kendall
test is a distribution-free test. The Mann-Kendall test rejects the null hypothesis that
the data do not exhibit a monotonic trend if the P-value of the test is less than the chosen
level of significance.

Liang and Zeger [18] introduced the notions of GEEs. GEE models are employed to
analyze correlated data, either discrete or continuous [32]. An approach based on GEEs
[18] is used to analyze the mortality rates due to COVID-19 in some African countries.
Suppose y;; denotes the daily COVID-19 mortality cases in some African countries and
x;j; is a vector of time from the day of a country’s first incidence, country’s population,
and daily reported COVID-19 cases observed at time ¢ =1, 2, ..., n; among African
countries j =1, 2, ..., J. First, the distribution of yj, is assumed normal with an identity
link. The GEE model accounts for the dependence of observations by specifying a
working correlation matrix to improve the efficiency of the estimators of the parame-
ters [33]. The choice of correlation structure in this study, such as independent, un-
structured, user-defined, exchangeable, and AR(1), is based on the structure that
minimizes the quasi-likelihood under the quasi-information criterion [34]. Parameters
of GEE are estimated using an iterative quasi-scoring procedure.
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4. Results and discussion

4.1 Analysis of daily reported COVID-19 incidence cases

The Kruskal-Wallis test is applied to test if daily reported COVID-19 cases across the
countries in Africa, except Eritrea, are significantly different. The daily reported COVID-
19 cases across the African countries are significantly different (P-value < 2.22e-16) over
the study period. The incidence case patterns are different among African countries.
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Incidence cases in some African countries such as Ghana, Egypt, Nigeria, and South
Africa show upward trends. Similarly, there is upward trend in the reported death cases
in Egypt, Nigeria, and South Africa, among other countries. Significance of the upward
and downward trends of daily reported COVID-19 cases was examined in some of the
countries using the Mann-Kendall test. The test checks if each upward (or downward)
trend of daily reported COVID-19 cases is statistically significant. Using the Mann-
Kendall test, the daily reported COVID-19 cases of Nigeria and South Africa show
statistically significant increasing trends (P-value < 2.22e-16) over the study period from
February 28, 2020, to April 25, 2020. The daily reported COVID-19 cases of Cote d’Ivoire
show statistically significant increasing trends (P-value = 1e-07) from March 12, 2020, to
April 25, 2020. The daily reported COVID-19 cases of Egypt show statistically significant
increasing trends from March 2, 2020, to March 26, 2020 (P-value = .003) and March 27,
2020, to April 25, 2020 (P-value = 7e-04). The daily reported COVID-19 cases in Algeria
show statistically significant increasing trends from February 26, 2020, to April 4, 2020
(P-value <2.2e-16); April 5, 2020, to April 20, 2020 (P-value = .10); and April 20, 2020, to
April 25, 2020 (P-value = .10). Also, the daily reported COVID-19 cases of Cameroun
show statistically significant increasing trends from March 7, 2020, to April 4, 2020
(P-value = .01) and nonsignificant decreasing trends from April 4, 2020, to April 25, 2020
(P-value = .30); Burkina Faso shows statistically significant increasing trends from
March 11, 2020, to April 12, 2020 (P-value = .003) and nonsignificant decreasing trends
from April 4, 2020, to April 25, 2020 (P-value = .10); and Djibouti shows statistically
significant increasing trends from March 19, 2020, to April 20, 2020 (P-value = 1e-07)
and nonsignificant decreasing trends from April 20, 2020, to April 25, 2020
(P-value = .50).

4.2 Analysis of daily reported COVID-19 mortality cases

The measure of correlation between the daily reported COVID-19 cases and the daily
reported COVID-19 mortality cases in African countries is 0.454 (P-value < 2.22 x 10716),
while the measure of correlation between the daily reported COVID-19 cases and the
population of African countries is 0.0.252 (P-value < 2.22 x 107!6). Similarly, the mea-
sure of correlation between the daily reported COVID-19 cases and the population of
African countries is 0.259 (P-value < 2.22 x 107'6). The Kruskal-Wallis test shows
the daily reported COVID-19 cases across the countries are statistically significantly
different (P-value < 2.22 x 107!6) over the study period. The daily reported COVID-19
cases of Nigeria and South Africa show statistically significant increasing trends
(P-value < 2.22 x 107'6) over the study period from February 28, 2020, to April 25, 2020.
The daily reported COVID-19 cases of Cote d’Ivoire show statistically significant
increasing trends (P-value = 1.1921 x 10~7) from March 12, 2020, to April 25, 2020. The
daily reported COVID-19 cases of Egypt show statistically significant increasing trends
from March 2, 2020, to April 25, 2020 (P-value < 2.22 x 107!6). The daily reported
COVID-19 mortality cases in Algeria show statistically significant increasing trends
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(P-value < 2.22 x 107'6) from February 26, 2020, to April 4, 2020 and statistically
significant decreasing trends (P-value = .10) from April 20, 2020, to April 25, 2020. Also,
the daily reported COVID-19 cases of Cameroun show statistically nonsignificant
increasing trends from March 7, 2020, to April 25, 2020 (P-value = .01); Burkina Faso show
statistically nonsignificant increasing trends from March 11, 2020, to April 25, 2020
(P-value = .003); and Djibouti show statistically significant increasing trends from March
19, 2020, to April 25, 2020 (P-value = 1.9073 x 10-%), among others.

4.3 Analyzing COVID-19 death rate using generalized estimating
equation

First, it is pertinent to ascertain whether the COVID-19 mortality cases are dependent or
not. The Ljung-Box test, which examines the null hypothesis of independence in a given
time series, is employed. The test rejects the null hypothesis and concludes that the
COVID-19 mortality cases are correlated. GEE with unstructured correlation structure and
user-defined correlation structure could not be implemented for COVID-19 mortality
cases because there are not enough predictors for GEE with unstructured and user-defined
correlation structures. Table 34.1 presents a comparison of three correlation structures:
independence, exchangeable, and autoregressive of order one (AR(1)) using three selection
criteria. These criteria are correlation information criterion (CIC), quasi-likelihood under
independence model criterion (QIC) and corrected quasi-likelihood under independence
model criterion (QICC). CIC and QIC are employed to choose between the three corre-
lation structures, given a set of models terms while QICC can be employed in choosing
between two sets of model terms, given a correlation structure. It is shown in Table 34.1
that the optimal correlation structure for this data is AR(1). Agresti [35] argued that
choosing carefully a working correlation may improve the efficiency of the GEE estimates.

Table 34.2 presents estimates of coefficients of generalized estimating equation
model for the daily COVID-19 mortality rate in Africa. The estimates of coefficients of
time and country population are significant. Specifically, the daily COVID-19 mortality
rate was expected to increase by 7.42 x 10~8% when time increased by 100%. Similarly,
the daily COVID-19 mortality rate was expected to decrease by 1.99 x 107!4% when
country population increased by 100%. It was also found that time from the first day of

Table 34.1 Comparison of selection criteria for choosing the
optimal variance structure.

Variance structure QIC Cic QiccC
Independence 48.7 24.3 48.7
Exchangeable 27.9 13.9 27.9
AR1 234 11.7 235

QIC, Quasi-likelihood under independence model criterion; CIC, correlation information criterion;
QICC, quasi-likelihood under independence model criterion.
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Table 34.2 Estimates of coefficients of generalized estimating equation model for
the daily COVID-19 mortality rate in Africa.

Variables Estimate Std. err Wald Pr(>IWI)
Intercept 7.53 x 1077 9.03 x 1077 0.7 4043
Time 742 x 1078 334 x 1078 4.94 .0263*
Daily incidence count 7.79 x 1078 481 x 1078 2.63 105
Country population -1.99 x 107" 6.32 x 107'° 9.91 .0016**
Daily incidence count * time —5.61 x 107" 7.71 x 10710 0.53 4668

Signif. codes: “***" 0.001, “**” 0.01, “*” 0.05, “.” 0.1, " " 1.
Correlation structure = ar1.
Link = identity.

incidence was positively associated with daily COVID-19 mortality rates while country
population was negatively associated with the daily COVID-19 mortality cases. The es-
timate of coefficient of the daily COVID-19 incidence count was not significant at 5%
level of significance. Similarly, the estimate of coefficient of the daily COVID-19 inci-
dence count by time was not significant at 5% level of significance.

5. Conclusion

African countries have been on heightened alert to diagnose, quarantine, and isolate any
case of COVID-19. This study investigates the dependence among daily COVID-19
incidence count, mortality count, and each of human population and duration of inci-
dence from the first record. It also provides an insight into the effect of human popu-
lation and the number of days from the first record on daily COVID-19 death rate. It was
observed that each of the daily COVID-19 incidence and death counts among African
countries may not be independent. Results of the Ljung-Box test showed that the daily
COVID-19 incidence and death counts among African countries were not independent,
rather both are time-dependent. Analyzing the daily COVID-19 incidence and death
counts over time requires more specialized analytic tools. Trend analysis of daily counts
of COVID-19 incidence and deaths is presented over time. Also, the GEE, a flexible tool
for analyzing longitudinal data, is employed to analyze the daily COVID-19 death rates in
African countries. Findings from this study show that patterns of incidence cases among
African countries are statistically different. There are significant monotone trends in the
daily COVID-19 incidence and death counts of many countries in Africa. There is a
positive weak linear relationship between the daily reported COVID-19 cases and the
population of African countries. However, the magnitude of the observed association
was particularly small. It was further deduced that the farther the number of days from
the day of first incidence if the pandemic is not properly managed, the more the daily
COVID-19 death rate in Africa. The limitation of this study is that the same population
value was used for each country over the days under study. It is observed that the
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number of COVID-19 cases becomes double in 2—3 days for some countries with
increasing COVID-19 cases. This may be attributed to the fact that there are little human
intervention and relaxation of lockdown policy in the countries, for example, Nigeria.
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