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Abstract
The COVID-19 pandemic has had a considerable impact on global health and eco-
nomics. The impact in African countries has not been investigated thoroughly via
fitting epidemic models to the reported COVID-19 deaths. We downloaded the data
for the 12 most-affected countries with the highest cumulative COVID-19 deaths to
estimate the time-varying basic reproductive number (R0(t)) and infection attack rate.
We develop a simple epidemic model and fitted it to reported COVID-19 deaths in 12
African countries using iterated filtering and allowing a flexible transmission rate. We
observe high heterogeneity in the case-fatality rate across the countries, which may
be due to different reporting or testing efforts. South Africa, Tunisia, and Libya were
most affected, exhibiting a relatively higher R0(t) and infection attack rate. Thus, to
effectively control the spread of COVID-19 epidemics in Africa, there is a need to con-
sider other mitigation strategies (such as improvements in socioeconomic well-being,
healthcare systems, the water supply, and awareness campaigns).

Keywords SARS-CoV-2 · Pandemic · Reproduction number · Attack rate ·
Seroprevalence

1 Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), a novel coronavirus
that has caused the current coronavirus disease pandemic (COVID-19), has strongly
affected all regions, including Africa. On February 14, 2020, the disease hit Africa
when the first case was reported in Cairo, Egypt (Gilbert et al. 2020; Musa et al.
2020b;World Health Organization 2021a, b). Since then, the disease has spread across
Africa, epi-centered in South Africa, and after a year (i.e., by March 25, 2021), over
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7 million people have been infected, including 155,675 thousand related deaths in
African region by December 27, 2021 (World Health Organization 2021a, b; World
Health Organization 2021c). The disease, caused by SARS-CoV-2, emerged in China
at the end of 2019 and has affected more than 282.8 million individuals and killed
over 5.4 million people globally by December 27, 2021 (World Health Organization
2021a). COVID-19 shows a faster spreading ability than other coronaviruses of the
same family (i.e., SARS-CoV and MERS-CoV) (Chowell et al. 2004; Gilbert et al.
2020; Hu et al. 2020; Li et al. 2020; Lin et al. 2018); it has also destroyed overstretched
healthcare systems and weakened the socioeconomic sector worldwide.

In the early phase of the epidemic, the 12 most-affected African countries with
COVID-19 deaths were classified into three clusters/groups based on their similarity
in exposure risk that originated from three Chinese provinces, namely Guangdong,
Fujian, and Beijing, which represented three different levels of risks of importation
(high, medium, and relatively low) (Gilbert et al. 2020; Musa et al. 2021a). Each
group corresponded to different Chinese airports in the associated province as the
main sources of entry risk. Egypt, Algeria, and South Africa were identified as the
highest importation risk groups with moderate to high magnitudes of high epidemic
response, followed by Nigeria, Ethiopia, Sudan, Morocco, and Kenya, which were
classified as moderate importation risk groups with variable magnitudes of response
to epidemics with high vulnerability. The last group includes Tunisia, Cameroon, and
Zambia, classified as having relatively low importation risk with variable magnitude
to respond to epidemics with high vulnerability (Gilbert et al. 2020; World Health
Organization 2021b).

With vaccines being developed recently, many are still in clinical trials, and some
are already commercially used against COVID-19 infection (World Health Organiza-
tion 2020). Nonpharmaceutical interventions (NPIs) (which include social distancing,
facemasks, total or partial lockdown, contact tracing, quarantine, and isolation) are
currently the main strategies to mitigate/prevent the spread of COVID-19 and have
helped significantly reduce the mortality rate across the globe (Ferguson et al. 2020;
Iboi et al. 2020; World Health Organization 2021a).

The epidemic situation in most African countries has been similar since the begin-
ning of the pandemic in the region. Some of the reasons for this include the following.
Most of the NPIs measures are challenging to comply with within most African
countries, likely due to socioeconomic behavioral response issues, even during the
lockdown period. Also, there is a lack of governmental financial support, as is being
provided for local communities and businesses in developed countries. Most African
people find it challenging to comply with NPIs measures. For example, ignoring lock-
down and quarantine policies, engaging in communal activities to earn incomes for
their families, and even helping other most vulnerable populations such as migrants,
stateless people, and forcibly displaced refugees. In addition, most African countries
cannot afford to get a reasonable quantity of vaccines for their people due to the dev-
astating economic situation caused by the COVID-19 pandemic (Gilbert et al. 2020;
Mehtar et al. 2020; Musa et al. 2020b, 2021b; Van Zandvoort et al. 2020).

Epidemiological modeling studies have long been used to understand and shed light
on the transmission and spread of infectious diseases, including COVID-19 (Chen
et al. 2020; Gilbert et al. 2020; He et al. 2021; Li et al. 2020; Musa et al. 2020b).
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Further, several works (Gu et al. 2020; Musa et al. 2021b; Roser et al. 2020) sug-
gested a reasonable proportion of un-reported/under-ascertainment in the number of
COVID-19 cases and deaths in African counties, which has largely contributed to the
fast-spreading of the disease. This was likely due to the low testing rate, especially
during the early epidemic following a high positivity rate when the testing rate sig-
nificantly improved. Some reports investigated the seroprevalence of SARS-CoV-2
among blood donors’ in African countries to explore the actual impact of the pan-
demic in the region. In particular, Uyoga et al. (2021) examined the seroprevalence
of anti-SARS-CoV-2 immunoglobulin G antibodies among Kenyan blood donors to
determine the extent to which COVID-19 spread in the community. They found that
the crude seroprevalence (i.e., amount of SARS-CoV-2 pathogen in blood serum)
was estimated at 5.6%, indicating that SARS-CoV-2 exposure is more extensive than
case-based surveillance. Another work (in the preprint by the submission date of this
manuscript) by Sykes et al. (2021) studied the seroprevalence of SARS-CoV-2 among
blood donors in South Africa. The results showed that SARS-CoV-2 prevalence dif-
fers by race group and province, with seroprevalence among black donors higher than
white donors and other main population subgroups. Their estimation of the seropreva-
lence (which crudely equals the infection attack rate if we ignore seroreversion) in
each of the four cities of the study area was 62.5 in Eastern Cape (95% CI 58.9–66.1);
31.8 in Northern Cape (95% CI 25.3–38.3); 45.5 in Free State (95% CI 39.9–51.1);
and 52.1 in KwaZulu Natal (95% CI 49.1–55.2). These results differed from the work
of Uyoga et al. (2021), in which the given estimates of the seroprevalence in Kenya
(provided by age group) ranged from 3.4 to 10.0 (95% CI 1.6–19.5). Thus, there is
a need for more epidemiological studies to describe the pandemic of COVID-19 in
African countries (Ndaye et al. 2021).

In this paper, we propose a simple epidemic model to study the transmission
dynamics of SARS-CoV-2 in Africa. We also discuss some of the epidemiological
characteristics and NPIs implementation and implications in Africa. In particular, we
estimate the R0(t) and IAR of COVID-19 for the 12 most-affected African coun-
tries that experienced high COVID-19-related deaths. The findings of this study
are expected to provide valuable insights and suggest effective COVID-19 control
measures in Africa. NPIs measures play a crucial role in preventing and controlling
SARS-CoV-2 transmissionworldwide.However,African countries have somedifficul-
ties, especially regarding compliance with NPIs measures. Thus, we report/highlight
some essential factors that should be emphasized/improved to control the disease effec-
tively. Simulations results of the proposed model reveal R0(t) and IAR’s estimated
values for the top 12 countries with COVID-19-related deaths in Africa. These param-
eters are essential epidemiological parameters to curtail the spread of COVID-19 in
Africa and beyond.
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2 Materials andMethods

2.1 COVID-19 Epidemic Data

A set of COVID-19 observations indexed and arranged in time (Fanoodi et al. 2019)
for cases and deaths were extracted from the public domain of the World Health
Organization (WHO) dashboard for disease surveillance reports of the 12 African
countries with the most COVID-19 deaths. Those are Zambia, Cameroon, Nigeria,
Libya, Sudan, Kenya, Ethiopia, Algeria, Tunisia, Morocco, Egypt, and South Africa
(World Health Organization 2021a). The time series distribution for the daily confir-
mations of COVID-19 cases and deaths for the 12 countries with the highest number
of deaths in Africa by February 12, 2021, are visualized in Fig. 1, showing the trends
of the epidemics. The COVID-19 cases and fatalities are represented by black and red
dotted curves, respectively. Based on the data scenarios, we observed that Libya exhib-
ited the first wave of the epidemic. Other counties have shown at least two waves of
the COVID-19 epidemic patterns, with South Africa hit worst for both the cases and
deaths. The country’s population data were obtained from the Worldometer, avail-
able via https://www.worldometers.info/population/ (Worldometer 2020). We used
COVID-19 deaths data primarily since the COVID-19 cases can be easily influenced
by reporting policies and efforts. However, COVID-19 deaths are underreported. To
better understand underreporting, we obtained information on excess deaths for South
Africa from an online source (The Wall Street Journal 2021). For details of the IFR,
see Supplementary Sect. 4.
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Fig. 1 Daily confirmed cases (in black triangles) and deaths (in red triangles) of COVID-19 in 12 African
countries with the most cases of deaths from COVID-19 (population standardized, cases and deaths per 1
million people)
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2.2 The SEIHRD Epidemic Model

A susceptible–exposed–infectious–hospitalized–removed–dead (SEIHRD) model
was proposed based on the classic SEIR-type (He et al. 2020; Musa et al. 2020a;
Zhao et al. 2018) to obtain the fitting results with biologically reasonable parameter
values. The model was fitted to the deaths data to visualize the COVID-19 scenario in
the 12 most-affected countries with COVID-19 deaths in Africa to shed light on suit-
able NPIs measures that could appropriately and timely help curtail the outbreaks with
very reduced socioeconomic consequences. In the classic SEIR-type model, the pop-
ulation is subdivided into four different compartments according to infection status,
representing susceptible (S), exposed (E), infectious (I), and recovered (R).

Based on the general epidemiological features of SARS-CoV-2 (Chen et al. 2020;
Li et al. 2020), we considered two additional compartments for infected individu-
als, which are ‘hospitalized infected’ and ‘dead’ compartments, represented by H
and D, respectively. Susceptible individuals can become exposed after coming into
contact with infected people. Exposed individuals can progress to the infectious com-
partment after the latency period. Infectious individuals can move to the hospitalized
compartment, which comes from either mild or severe cases. Infectious individuals
can recover/be removed following effective treatment (or naturally) or die from the
infection and enter the D compartment. The proposed model (Fig. 2), represented by
the following nonlinear ordinary differential equations, is presented below.

Ṡ = −βSI

N
,

Ė = βSI

N
− σ E,

İ = σ E − γ I ,

Ḣ = ργ I − ξH ,

Ḋ = ρξH ,

Fig. 2 Schematic diagram of COVID-19 model. The compartments in green represent the uninfected popu-
lations, the orange compartments represent the infected populations, and the dark orange class denotes the
death proportion
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Ṙ = (1 − ρ)γ I + (1 − ρ)ξH .

Here, parameter β represents the flexible time-varying transmission rate, while
parameter σ denotes the disease progression rate from the latent stage to infection sta-
tus. Parameter γ measures the rate at which individuals move from I to H or R, while
parameter ξ denotes the SARS-CoV-2-induced death rate from the H compartment.
We have lumped asymptomatically infected and symptomatically infected compart-
ments since we are interested in exploring the overall transmission behavior in African
counties, which shows similar epidemic patterns, especially during the early phase of
the outbreaks. Although the current model’s structure is relatively simpler than many
previous studies, it has a flexible transmission rate. Thus, it is not surprising that our
model captures the dynamics well in these countries.

In this model, the parameter ρ represents both the proportion of hospitalization
among infections and the share of deaths among hospitalizations. Note that hospi-
talization can be interpreted as symptomatic cases. Thus, the infection fatality ratio
(IFR) is given by ρ2. We fitted the weekly integrated D to the reported mortality data
for each of the 12 countries with the highest number of COVID-19-related deaths
in Africa. Note that H could also be interpreted as reported cases. Since we only fit
D to reported deaths rather than H to reported cases (or hospitalization), the exact
definition ofH is not crucial. We could define the proportions separately (the numbers
of hospitalizations among infections, and the share of deaths among hospitalizations),
but that would introduce one more parameter that would require more information or
assumption with virtually the same fitting performance. Classic theory tells us that
the dynamics of the model mainly depend on β and γ and less sensitive to other
parameters.

The other assumptions include negative binominal measurement noise in reporting
with an overdispersion parameter φ and a time-varying transmission rate (β), which
is an exponential cubic spline function with 7 nodes. The effective basic reproduction
number R0(t) is given byR0(t) ≈ β(t)/γ . For more details regarding the model fitting
process, see (He et al. 2020; Musa et al. 2020a; Zhao et al. 2018). Iterated filtering
algorithms are used to fit the model with an additional death class to the reported
COVID-19 deaths for the 12 countries with the most deaths in Africa to quantify
epidemic scenarios in Africa using the estimate of reproduction number. Thus, the
proposed model was fitted to the SARS-CoV-2 mortality data for each of the 12
African countries. We estimated the IFR (with some restriction, see supplementary
Sect. 4) and the time-varying transmission rate of COVID-19 in African countries.

3 Results

In Figs. 3 and 4, we used the proposed SEIHRD model (depicted in Fig. 2) to sim-
ulate the COVID-19 mortality datasets (weekly) for the 12 African countries with
the most COVID-19 deaths to explore the dynamic characteristics of SARS-CoV-2
in Africa. We estimated the time-varying basic reproductive number, R0(t), and the
infection attack rate, IAR, for each of the 12 countries, as depicted in Figs. 3 and
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Fig. 3 Time series fitting results of weekly confirmed COVID-19 deaths (in red circles) in nine of the 12
African countries with the most COVID-19 deaths, which were hit milder (with low reporting rates). Deaths
are population standardized (i.e., deaths per 1 million people). The median of the simulation is represented
by the black curve, and the time-varying basic reproductive number (R0(t)) is denoted by the blue dashed
curve. The 95% confidence interval of the simulation is shown by the shaded (gray) region. The estimated
IAR is displayed in the title of each panel

4, respectively. Figure 3 shows the fitting results of nine of the 12 countries with
the most COVID-19 deaths (Algeria, Cameroon, Egypt, Ethiopia, Kenya, Morocco,
Libya, Nigeria, Sudan, Tunisia, and Zambia), which were hit milder or had a relatively
lower reporting rate. Figure 4 displays the fitting results of three of the 12 countries
with the most COVID-19 deaths (Libya, South Africa, and Tunisia), which hit harder
or had a relatively higher reporting rate. The weekly confirmed deaths are represented
by the red circle, with the black curve representing the medium simulation, and the
gray shaded region denoting the 95% confidence interval (CI) based on 1000 simu-
lations. By February 2021, Cameroon, Sudan, Algeria, and Tunisia were witnessing
the third wave of the COVID-19 epidemic, whereas Zambia, Nigeria, Libya, Kenya,
Ethiopia, Morocco, Egypt, and South Africa were observing the second wave of the
SARS-CoV-2 epidemic. The increase in transmission rate in these countries was likely
due to the partial or non-compliance of the NPIs measures, age factor (the share of
the elderly population), seasonality, or behavioral changes (see, for instance, (Moges
et al. 2014)). For South Africa, we fitted our model to excess deaths, as seen in Fig. 4d.
With the assumption IFR ≥ 0. 68%, we yielded a similar estimated IAR per using the
reported COVID-19. The excess death rate is approximately 3.4-fold of the reported
COVID-19 rate.
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Fig. 4 Time series fitting results of weekly confirmed COVID-19 deaths (in red circles) in three of the 12
African countries with most COVID-19 deaths, which were hit harder (or with a relatively higher reporting
effort): a Libya, b South Africa, c Tunisia and d South Africa with excess deaths. Deaths are population
standardized (i.e., deaths per 1 million people). The median of the simulation is represented by the black
curve, and the time-varying basic reproductive number (R0(t)) is denoted by the blue dashed curve. The
95% confidence interval of the simulation is shown by the shaded (gray) region. The estimated IAR is
portrayed in the title of each panel

In Table 1, we obtained estimated values of the SARS-CoV-2 infection attack rate
(IAR, the ratio of mortality per case in a particular population) for the 12 countries
with the most deaths in Africa by February 2021. South Africa was hit hardest with an
IAR of 0.414, followed by Tunisia with an IAR of 0.213 and then Libya with an IAR
of 0.155, while Cameroon and Algeria were hit the mildest, with IARs of 0.022 and
0.042, respectively. These results indicate the impacts of NPIs, and thus highlight the
imperative need to implement other control strategies to mitigate epidemics in Africa
and beyond. We presume that the reported COVID-19 deaths are relatively reliable.

In Supplementary Table S1, we report the COVID-19 index case(s) scenarios for the
12 countries with the most deaths in Africa. SARS-CoV-2 was first reported in Egypt
on February 14, 2020, followed by exponentially growing cases that spread in all parts
of Africa, with South Africa as the epicenter until now. Consequently, the estimated
seroprevalences of SARS-COV-2 (i.e., the estimated proportion of individuals in a
population with positive test for COVID-19) are reported in Supplementary Table S2,
which indicates that South Africa has an estimated seroprevalence of approximately
50% fromblood donors (Shaw et al. 2021; Sykes et al. 2021). This result highlights that
South Africa has been hit harder, which may be a consequence of the high proportion
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Table 1 Results of the infection attack rates (IARs) for the 12 African countries with the most COVID-19
deaths by the end of February 2021

Country Population size Reported deaths Est. Infection attack rate

Algeria 43,851,044 2973 0.042

Cameroon 26,545,863 523 0.022

Egypt 102,334,404 10,541 0.064

Ethiopia 114,963,588 2321 0.202

Kenya 53,771,296 1847 0.062

Libya 6,871,292 2156 0.155

Morocco 36,910,560 8598 0.15

Nigeria 206,139,589 1891 0.048

South Africa 59,308,690 49,667 0.414

Sudan 43,849,260 1880 0.046

Tunisia 11,818,619 7911 0.213

Zambia 18,383,955 1059 0.092

of mild or asymptomatic cases, comprising up to 80% of total infections (Eckerle and
Meyer 2020).

Supplementary Table S4 presents the results of themodel’s estimated parameters by
employing the log-likelihood estimation technique. South Africa, Egypt, and Tunisia
have log-likelihood values of − 301.112, − 263.928, and − 232.474, respectively.
These outcomes signal that South Africa has the highest transmission potential com-
pared to other countries. In Supplementary Table S4, we present a summary of the
estimated results of the time-varying transmission rate using a fixed number of nodes
(nm), 7. Different values of the time-varying transmission rate were obtained based on
the different simulation runs. The state values of the model were assigned, with initial
values given in Supplementary Table S4.

4 Discussion and Conclusions

It has been more than a year since COVID-19 emerged in China and spread rapidly
to over 200 countries and territories. African countries have slightly strengthened
their preparedness plans against unexpected disease outbreaks such as the COVID-
19 pandemic based on the lessons learned. Those include timely responses; airport
surveillance and temperature screening at ports of entry; improvement in diagnostic
centers for testing/mass testing; strengthened collaboration with other countries in
other regions like China, the US, and the UK (for instance, the deployment of medical
personnel from the UK, donations of testing kits and PPEs by the JackMa Foundation,
etc.) (Gilbert et al. 2020; World Health Organization 2021b). Africa was fortunate to
report its first case of COVID-19 at least a month after many countries on other
continents had already reported thousands of cases and deaths (Li et al. 2020; World
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Health Organization 2021a; Zhao et al. 2020); making the continent advantageous
over others for timely preparations and responses to the pandemic in a variety of ways
based on the lessons learned.

To visualize the actual scenario of the SARS-CoV-2 in 12 African countries with
themost deaths, we simulated themodel using weeklymortality data for each of the 12
countries to guide policymaking for effectively controlling the COVID-19 pandemic
in Africa. To achieve reasonable fittings and estimates, we made some assumptions;
in particular, we divided these countries into two groups. Group 1) consists of South
Africa, Libya, Tunisia,with a value ofρ above 0.045 (i.e., IFR>0.2%). These countries
reportedmore deaths per capita, which suggests a severe impact and/or efficient report-
ing of deaths, and their IARs were 41.4%, 15.5%, and 21.3%, respectively. Group 2)
consists of nine other countries (with a value of ρ between 0.01 and 0.04, i.e., 0.01% <
IFR < 0.16%), which shows mild impact and/or underreporting of deaths. Their IARs
varies between 2.2 and 20.2%, with a median of 6.2%. In Fig. 3, we depicted the time
series fitting results of weekly reported COVID-19 deaths in 9 of the 12 countries
(Algeria, Cameroon, Ethiopia, Kenya, Morocco, Nigeria, Sudan, and Zambia) that
were hit milder or had a low reporting rate, and Fig. 4 reveals the time series fitting
results of weekly reported COVID-19 deaths in 3 of the 12 countries (Libya, South
Africa, and Tunisia) that were hit harder or had a relatively higher reporting rate.

The excess death has been one of the main quantities representing a more reliable
metric for comparing and understanding the impacts of the pandemic among countries.
Excess death is used to estimate the additional number of mortalities before and during
the pandemic period more frequently than the presumed number of fatalities. It has
become one of the crucial factors in identifying the relative effectiveness of prevention
and control measures between countries. Although inconsistencies in reporting and
testing between countries could affect the estimation of epidemiological parameters,
excess mortality could help overcome this inherent inequality; however, its role in
helping us understand why mortality varies among countries is still inadequate. Thus,
we used excess deaths as a proxy for deaths due to COVID-19 to have a clear picture
of the current situation in African counties, even though it may not represent the actual
scenario (Beaney et al. 2020; Roser et al. 2020). Furthermore, according to Li et al.
(2021), excess deaths= trueCOVID-19 deaths—avoided death due to lockdown effect
+ added deaths due to lockdown effect. Thus, it is clear that excess deaths will be
a good proxy only when the last two terms on the right hand of the equation cancel
each other. Suppose the second term is larger than the third term. Excess deaths could
still be an underestimate of the actual COVID-19 deaths. Nevertheless, it addressed
the underreporting in the reported COVID-19 deaths to some extent. All the above
assumes that all causes of deaths should be at the average level of the previous five
years, i.e., without a large-scale, long-term trend. See Supplementary Figures S2 and
S3 for the comparison of excess deaths and COVID-19 reported death and a log-
likelihood profile for IFR for South Africa, respectively.

Due to the asymptomatic feature of COVID-19, which could be up to 84% (Gu
et al. 2020), and non-compliance of NPIs by the general public (which includes non-
compliance for community testing surveillance, quarantine/isolation policy, lockdown,
facemask use, and social distancing), it is highly likely that COVID-19 cases were
underreported or under-ascertained in African countries (Gu et al. 2020; Musa et al.
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2021b). Consequently, South Africa, as the epicenter of the pandemic in Africa, has
recorded the highest morbidity and mortality cases of CVID-19 cases, which has
eventually been one of the significant reasons for the occurrence of underreporting or
under-ascertainment issues since the healthcare system was overwhelmed. Besides,
the government cannot follow up with all the contacts for effective contact tracing,
which results in a sizeable unobserved number of cases and deaths. Recent report
(Abdool Karim 2020; National Institute for Communicable Diseases 2020) suggested
that only about one in every four mild cases would be ascertained in South Africa.

Africa’s COVID-19 responses and control strategies were largely not context-
specific (Iwuoha and Aniche 2020; Uyoga et al. 2021). The responses and mitigation
strategies via NPIs employed in Africa were described as replication or simply the
COVID-19 copy-and-paste policies that were implemented in countries other than
Africa, such as China, United Kingdom, Germany and United States, despite the
variability in epidemiological characteristics, differences in weather and climate, and
different socioeconomic growth levels, which probably impact the transmission of
the disease in Africa. Moreover, the copy-and-paste approach (also known as the
‘one-size-fits-all’ policy) is hugely adopted and implemented in African countries.
Although, some of those (stringent) measures were needless and turned out to be use-
less, causing more socioeconomic hardship to vulnerable populations. For instance,
many African countries impulsively adopted the same lockdown policy without the
requisite knowledge of the COVID-19 clinical and epidemiological features in the
region, which could have serious negative consequences to the communities (World
Health Organization 2021b).

Furthermore, social distancing policies and restrictions on social gatherings (such as
banning weddings, religious activities, and funeral ceremonies) have been imposed to
curtail the spread of the virus, even though it is almost practically impossible for many
African countries to comply. Mandatory wearing of facemasks in public places and
the use of hand sanitizers were also pervasive COVID-19 control measures in Africa,
even though compliance is very difficult and problematic due to ignorance, poverty,
resource constraints, and a lack of awareness (Iwuoha and Aniche 2020;World Health
Organization 2021b). Although some successes have been achieved concerning these
response strategies, critics have described them as one-size-fits-all or copy-and-paste
approaches because of inappropriateness and unfavorability to local settings in Africa
(Dzisi and Dei 2020; Nyarko et al. 2020; Roser et al. 2020). In addition, one more
important control measure is school closure, which has been massively criticized in
Africa since many countries on the continent spontaneously closed down schools with
the absence of exhaustive e-learning systems and inadequate infrastructure, as has
been practiced in many counties of continents other than Africa (Iwuoha and Aniche
2020).

Some of the main challenges regarding the fight against the COVID-19 pandemic
in Africa include the imposition of the hand-hygiene policy when the majority of
Africans do not have access to an adequate and potable water supply, temperature
screening at airports for travelers without considering asymptomatic carriers (asymp-
tomatically infected people), the impossibility of work from home policies, and an
insufficient quantity of PPEs, especially for frontline health workers, insufficient data
sharing, and illegal crossing of borders at non-official points of entry (Arakpogun et al.
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2020;Ataguba 2020; Irlacher andKoch 2021;WorldHealthOrganization 2021b).Dur-
ing lockdowns, food prices have skyrocketed significantly in many countries on the
continent due to panic buying and interruptions in the food supply chain within the
community and between countries (Vos et al. 2020). Although lockdowns have helped
control the spread of the disease, they plunged millions of people into extreme poverty
(Iwuoha and Aniche 2020; Nyarko et al. 2020; World Health Organization 2021b).
And likely has greater consequences and can kill more people than COVID-19 due
to its negative impacts that have exhausted countless individuals (Iwuoha and Aniche
2020). Aside from the extreme poverty caused (likely) due to the effects of lockdowns,
there were issues of human rights abuses by government officials or security agencies
that added to the hardships already emanating from the lockdown policy in Africa
(Amadasun 2020).

Another unexpected repercussion of NPIs in Africa was the effect of already frag-
ile healthcare systems. Neglecting public health needs in the wake of COVID-19
has been reported with an unprecedented reduction in health service usage, caus-
ing more threats concerning other infectious illnesses such as malaria, HIV/AIDS,
and meningitis (Abdool Karim 2020; Jewell et al. 2020; Sherrard-Smith et al. 2020).
These implications may even cause severe consequences during the post-COVID-19
pandemic because of their socioeconomic destruction. We also observed that most
of the top 12 African countries with the most COVID-19 deaths reported their first
COVID-19 case(s) between February and March 2020 (see Supplementary Table S1),
which indicates that most of the stringency index policies are similar in most coun-
tries in Africa. Future work plans to extend the current study by incorporating possible
reinfection or vertical transmission in the model to explore its impact on the overall
transmission dynamics in African countries (Tang et al. 2021; Musa et al. 2021c).

Overall, Africa has done remarkably well in awareness and enlightenment cam-
paigns by the media and civil society in disseminating health education and
communication on COVID-19 prevention and control, which helps in curtailing the
spread of SARS-CoV-2 in the African region (World Health Organization 2021b).
Even though a more favorable/suitable policy needs to be considered, which can be
implemented and easily complied with by the general public to effectively control
the spread of COVID-19, with significantly reduced economic hardships and nega-
tive consequences, especially during a post-COVID-19 pandemic. With the assumed
range of IFR and flexible transmission rate, we model a simple unified model of the
reported deaths in 12 African countries. The group choice for countries was justified
by the tests per capita performed across countries and the raw case-fatality rate across
counties (Supplementary Table S3). For instance, South Africa performed more tests
per capita than other countries, which implies a relatively higher reporting effort. The
raw case-fatality rate is high in South Africa. Combining these two aspects, we decide
to allocate South Africa to the high ρ group. Our fitting result reveals that South
Africa, Libya, Tunisia, Ethiopia, and Morocco were hit harder with the SAR-CoV-2
epidemic in Africa. Thus, we suggest an imperative need to improve the socioeco-
nomic situation, quality water supply, and healthcare system (including the provision
of adequate health workers, PPEs, and test kits) in Africa to effectively and timely
control SARS-CoV-2 outbreaks.
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In conclusion, we proposed a simple unified model to report deaths scenarios in 12
African countries and excess deaths in SouthAfrica.We gained a qualitative idea of the
severity in African countries. In the next step, we plan to associate the reconstructed
R0(t) with government control measures and possible voluntary social distancing in
each country. In summary, we conducted large-scale data analysis and modeling work
for the 12 African countries with the most deaths cases and shed light on the possible
IFR and infection attack rate. Due to different economic levels, control measures, and
testing and reporting efforts, we found considerable variation across countries. Our
estimated infection attack rates, which are based on the assumed range of IFR, are
largely in line with population-level serological studies. Our work is essential since
it is the first large-scale population-level modeling work for these African countries.
Along with population-level serological studies, our work provides insight into the
possible severity in these countries.

Supplementary Information The online version contains supplementary material available at https://doi.
org/10.1007/s11538-022-00992-x.
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