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at the early onset of the pandemicin 45
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Abstract

The world battled to defeat a novel coronavirus 2019 (SARS-CoV-2 or COVID-19), a respiratory illness that is transmit-
ted from person to person through contacts with droplets from infected persons. Despite efforts to disseminate
preventable messages and adoption of mitigation strategies by governments and the World Health Organization
(WHO), transmission spread globally. An accurate assessment of the transmissibility of the coronavirus remained

a public health priority for many countries across the world to fight this pandemic, especially at the early onset. In
this paper, we estimated the transmission potential of COVID-19 across 45 countries in sub-Saharan Africa using three
approaches, namely, Ry based on (i) an exponential growth model (i) maximum likelihood (ML) estimation and (iii)

a time-varying basic reproduction number at the early onset of the pandemic. Using data from March 14, 2020,

to May 10, 2020, sub-Saharan African countries were still grappling with COVID-19 at that point in the pandemic.
The region’s basic reproduction number (Rg) was 1.89 (95% Cl: 1.767 to 2.026) using the growth model and 1.513
(95% Cl: 1.491 to 1.535) with the maximum likelihood method, indicating that, on average, infected individuals
transmitted the virus to less than two secondary persons. Several countries, including Sudan (Rg: 2.03), Ghana (Ro:
1.87), and Somalia (Ro: 1.85), exhibited high transmission rates. These findings highlighted the need for continued
vigilance and the implementation of effective control measures to combat the pandemic in the region. It is antici-
pated that the findings in this study would not only function as a historical record of reproduction numbers dur-

ing the COVID-19 pandemic in African countries, but can serve as a blueprint for addressing future pandemics

of a similar nature.
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Introduction

The 2019 novel coronavirus disease (COVID-19) is a
contagious infections disease caused by severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2). The
virus can be transmitted through droplets from the nose
and mouth when an infected person sneezes, coughs or
speaks. A person can contract COVID-19 when they
ingest the virus after touching infected surfaces. The
first case was identified in Wuhan, the Hubei province
in China, at the end of 2019 [1]. It was declared a Pub-
lic Health Emergency of International Concern (PHEIC)
on January 30, 2020, by the World Health Organiza-
tion (WHO) [2]. Since then, the pandemic spread to
about 229 countries and territories around the world
with more than 6,960,783 global deaths out of over
771,151,224 confirmed cases as at 4th October, 2023
as inferred from the COVID-19 Data Repository of the
World Health Organization [3].

As the COVID-19 pandemic accelerated across the
world, Africa was not spared. After recording its first
case in Egypt on February 14, 2020, the continent now
has a total of about 9,570,365 confirmed coronavi-
rus cases with 175,435 deaths as of 12th October, 2023
according to the COVID-19 Data Repository of the
World Health Organization [3]. At the onset of the pan-
demic, South Africa, Egypt, Morocco, Algeria, Ghana,
Nigeria and Cameroon were among countries with the
highest number of recorded cases in Africa [1]. Despite
the initial importation of most early COVID-19 cases
in Africa from Europe, there was a shift towards a
majority of recent cases originating within local com-
munities, indicating community-level transmission.
While the continent initially experienced a slower rise
in cases compared to other regions, it remained sus-
ceptible to the pandemic due to a lack of preparedness
and limited resources for containment and mitigation
efforts. Following the guidelines provided by the World
Health Organization (WHO), countries had the poten-
tial to curb the virus’s spread by actively monitoring and
detecting cases at an early stage. This would be achieved
through the implementation of effective strategies
designed to isolate and manage cases, as well as to facili-
tate thorough contact tracing.

Several strategies such as lockdowns and curfews were
imposed in countries like South Africa, Ghana, Nigeria,
DR Congo among others despite the huge economic and
social risks involved. Again, many more countries closed
their air and land borders in order to contain the spread
of the virus [4]. Airlines across Africa ceased operations
to the United States and other nations designated as
COVID-19 hotspots. While these actions may not have
entirely halted the virus’s transmission within local com-
munities, they represented a valuable step in the effort
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to contain its spread. [5]. Some governments introduced
interventions aimed at limiting person to person contact
such as placing a ban on social gatherings including con-
ferences, workshops, funerals, festivals, political rallies,
religious activities and other related events in an attempt
to stop the onward spread of the virus. Africa’s heavily
populated housing and market structures, poor access
to safe water and sanitation facilities, and weak health
systems, made it difficult to carry out basic measures
like social distancing and hand washing effectively. That
notwithstanding, it was evident that some countries were
ahead of others when it came to implementing contain-
ment measures.

At the early stages of a pandemic such as COVID-19,
an accurate assessment of the transmissibility of the dis-
ease is a top public health priority for many countries.
This is critical as it informs governments of the tim-
ing and requisite interventions or containment efforts
needed. Recent theoretical work has focused on making
the best use of data from the initial exponential phase of
growth of the incidence in large populations [6, 7]. The
reproduction number (Rp) is a crucial epidemiological
metric in quantifying disease transmission as it repre-
sents the number of secondary infections resulting from
a primary case in a completely susceptible population [8].
The reproduction number (R) plays a pivotal role during
the early stages of a pandemic, offering critical insights
for effective public health response.

Firstly, it helps public health officials and researchers
gauge the potential of a new infectious disease to cause a
pandemic. A high (Rg) suggests that the disease is highly
contagious and could spread rapidly through the popula-
tion [9]. Secondly, it guides resource allocation. Under-
standing Ry helps plan healthcare resources effectively,
preventing potential healthcare system overload. Also,
Ry shapes intervention strategies. Diseases with higher
Ry values require more extensive and aggressive interven-
tions to control their spread [10]. Furthermore, it aids in
predicting case trajectories, allowing epidemiologists to
estimate the potential course of an outbreak [11]. It also
monitors intervention effectiveness - a decreasing Ro
indicates success, while an increasing Ry suggests a need
for more aggressive measures.

Alimohamadi, Taghdir & Sepandi [12] conducted a
study to determine the reproduction number (Rp) for
COVID-19 in China using a random-effects model.
The research obtained studies from international data-
bases, including Google Scholar and Science Direct.
The results showed Ry for COVID-19 as approximately
3.32 (2.81-3.82). Based on the results of the study it was
concluded that there was a need to reduce the number
of contacts within the population to control the epi-
demic. Liu, Gayle, Wilder-Smith & Rocklov [13] also
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undertook a research for the period January 1, 2020 to
February 7, 2020 to review Rg. Twelve suitable studies
from China and other countries which estimated basic
reproduction number were obtained from PubMed,
bioRxiv and Google Scholar. This review found that the
estimated mean Ry for COVID-19 is around 3.28, with
a median of 2.79. Further research has been conducted
by Zhao et al. [14] to estimate the Ry of novel COVID-
19 in China, from 2019 to 2020. It was found that the
mean estimate of Ry for the COVID-19 ranges from
2.24 to 3.58 and is significantly larger than 1. This indi-
cated the potential of COVID-19 to cause outbreaks.
To examine the growth rate of the outbreak, Shim et al.
[15] conducted a study to report the Ry of COVID-19 in
South Korea. The daily confirmed cases of COVID-19
in South Korea were extracted from publicly available
sources. It was estimated that Ry for COVID-19 was
1.5 with 95% CI (1.4,1.6). The results indicated an early
sustained transmission of COVID-19 in South Korea
and supported the implementation of social distancing
measures to rapidly control the outbreak.

The studies explored so far estimated Ry for COVID-19
for specified periods of time in China and other coun-
tries. The objectives of this study are twofold. Firstly, we
focus on estimating the basic reproduction number of 45
sub-Saharan Africa(SSA) countries at the early onset of
the pandemic. We define “early onset" in the context of
our study as the time between March 14, 2020 and May
10, 2020. Secondly, although a basic initial estimate of the
reproduction number is useful, continuous surveillance
of this parameter over time provides useful feedback to
governments or agencies on the efficacy of interventions
and containment efforts or the need to tighten control
efforts to bring the pandemic under control. In this vein,
time-varying reproduction numbers R; over tri-weekly
periods for SSA as a whole and some specific SSA coun-
tries at the early onset of the COVID-19 pandemic are
also estimated. As of April, 2020, governments of some
sub-Saharan African countries, for example, Ghana, had
already relaxed locked down containment efforts. Did
African countries win the war against COVID-19 at the
early onset? Basic reproduction and time-varying repro-
duction numbers can serve as a useful epidemiological
metric in measuring the spread of the virus in Africa. This
can aid governments in formulating and making deci-
sions on the extent to which public health interventions
should be relaxed or strengthened in the future for simi-
lar pandemics. We anticipate that the results in this study
serve not only as an archived record of reproduction
numbers for the COVID-19 pandemic in African coun-
tries, but serve as a guide for similar future pandemics.
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Data and methods

Data source

The data supporting the findings of this study were
sourced from archived data generated by the COVID-
19 Data Repository by the Center for Systems Science
and Engineering (CSSE) at the Johns Hopkins Univer-
sity [16]. The data used accross 45 African countries
included confirmed and active COVID-19 cases from
March 14, 2020 to May 10, 2020.

Estimation process of the exponential growth rate

In calculating the basic reproduction number, Ry,
an estimate of the epidemic growth rate is first com-
puted. It is widely known that for the initial phase of
respiratory infectious disease outbreaks, the recorded
incidence follows an exponential trajectory [17]. The
rate of this exponential growth reflects some sort of
severity metric of the outbreak, and can be described
as the “per capita" change in the number of new cases
per unit time. The growth rate parameter, when com-
puted, can be related to the basic reproduction num-
ber through a moment generating function. Here, we
estimate the growth rate from a log-linear model via a
transformation of an exponential relation. If the num-
ber of cases in time is expected to follow an exponen-
tial relation, then

¥y = ag exp(a1t) (1)
which can be log transformed as
log(y) = log(ao) + a1 2)

where, y, represents the recorded incidence, «; is the
growth rate, ¢ is the number of days since a specific
point in time, which is usually recorded from when the
outbreak started, and log(wp) is the intercept of the log-
linear model. Using the ordinary least squares estimation
approach, the growth rate can be estimated. For clarity
in derivation, we represent the intercept, log(wp), as ¢.
The least squares problem is that of finding the growth
parameter, @1 and then ¢, such that the function

n

G@an) =Y (aati + ¢ —logy;)’ 3)

i=1

is minimized. The minimum of the quadratic objective
function in (3), which is &; and ¢ can be achieved by
obtaining the partial derivatives of o1 and ¢ below;
1G G —
9 = ;2(0[1& + ¢ — logy;), o ;%i(alti + ¢ — logy;)
(4)
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The partial derivatives, when set to zero yield a sys-
tem of linear equations

no + (Z ti> o] = Zlogyi
i=1 i=1
(Zn: t,‘> o+ (Zm: t12> o] = zn: tilogyi
i=1 i=1 i=1

Solving the system of equations yields, first, the inter-

cept as
(5%) (o) - (£e) (£ 0m)

n 9 n 2
ny t— <Z ti)
i=1 i=1

&:

(6)

And then the estimated exponential growth rate, a,as

n n n
03> logyi - (2 n) (2 logyi)
~ =1 i=1 i=1

1= ” ” 2 (7)
ny - (Z t,-)
i=1 i=1

Estimation process of the basic reproduction number

An important variable in infectious disease modeling is
the basic reproduction number, Ry, which represents the
number of secondary infections resulting from a primary
case in a completely susceptible population. The value
of the reproductive number can be indirectly estimated
from the exponential growth rate of the disease [18]. A
relationship between the reproductive number and the
growth rate is thus established via a moment generat-
ing function of a so-called generation time distribution,
also called a serial interval. The serial time distribution
characterizes the distribution of the time lag between
infection in a primary case and a secondary case. More
precisely, the relationship between the exponential
growth rate &; and reproductive number Ry is premised
on the shape of the serial interval distribution. In this
study, the relationship between &1 and Ry is given as

1
o= ey ®
where M represents the moment generating function of
the serial time distribution which is discrete. In this study,
this serial interval distribution is assumed to be a Gamma
distribution. Based on this information we derive the Ry
mathematically, by first deriving an expression for M (&)
The moment generating function (MGF) of the Gamma
distribution is obtained as a function of —&;. Generally,
the moment generating function is defined as

Page 4 of 14

oo
M0 = [ ey o)y ©)
—00
where fy(y) is the probability density function of the
random variable Y.The moment generating function of
the Gamma distribution, with o and 8 as shape and scale
parameters respectively is defined as;

BY [ 4 </3 - t) -
““lexp (= (B —t)y)dy = | ——
rw 7 p (—(B —t)y)dy 3
(10)
As a function of —&1, the MGF is expressed as
. +a1\7”
M(=dy) = (ﬁ ﬂ”) (11)

Hence, the basic reproduction number can be esti-
mated as

R —<1+5‘1)“
0~ B

Notably, the parameters « and 8 are strictly positive
(that is o and B should be greater than zero). Another
constraint on the relationship is that &; > 8.

As a form of a sensitivity analysis, the basic reproduc-
tion number is also computed using a maximum likeli-
hood approach. This approach, first proposed by White
& Pagano[19] assumes that the number of secondary
cases caused by a primary case is Poisson distributed
with expected value Ry. Given daily incidence recorded
over time, (Iy, 11,15, - -+ ,I7) and a serial interval s, Ry can
be estimated by maximizing the likelihood

(12)

T

L(Ry,s) = H

t=1

exp(—po) g
1!

t
where 1y = Ro > I;—;s;.

i=1
Estimation process of the time-varying reproduction
number
The reproduction number obtained in the previous sec-
tion is constant in time and context specific. When an
infectious disease is spreading through a population, it is
often more plausible to work with a time-varying repro-
duction number also known as the effective reproductive
number, R;. This statistic describes the average number
of secondary infections that can arise from a primary
case on a day-by-day basis. This metric can be a useful
indicator in quantifying the transmissibility of the dis-
ease and the assessment of the effectiveness of public
health interventions. For example, during an epidemic, if
a country’s reproduction number declines over a signifi-
cant amount of time, it would indicate that probably the
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governments control efforts are efficient. Typically, gov-
ernments would want the Ry values to be less than 1 over
time. In this article, we compute time-varying reproduc-
tion numbers over tri-weekly windows. We follow the
time varying reproduction estimation approach by Cori
et al. [20] and White & Pagano [19].

In the initial phase of an epidemic, collected surveillance
and contact tracing data are counts and constitute inci-
dence data. Due to the count nature of the incidence, we
can assume that the rate at which persons are infected and
their infectiousness profile through time is a Poisson pro-
cess. After a person is infected, their given infectious profile
through time is characterized by a probability distribution
0p, which depends on the time, p since an infection of a per-
son. However, this is independent of the calendar time, ¢.
The rate at which infected person at a time, ¢ — p gives rise
to new infections in time step ¢ is R;6,, where R; is the time
varying infection reproduction number. The time varying
reproduction number can be estimated as

Page 5 of 14

t

Let p represent R; Y As—p0), for clarity in derivation.
p=1

The likelihood of an incidence at time ¢ given the repro-

duction number conditioned on previous incidences, can

be defined, based on a Poisson likelihood as

(Repe)™ exp (—Rejur)

P(A¢llg, A5 22 s A1, Ry, 0) = R
£

(15)

Since there could be high variability in the R; esti-
mates, computations of this likelihood can be done over
longer time windows, as it has been established that
there is difficulty in interpretation for smaller time win-
dows [21]. If we compute R; estimates assuming that it
is constant within a time window, v, we can obtain esti-
mates of the time-varying reproduction number, Ry, at
each time step, t over a time window v which ends at
time, ¢. For the time-varying reproduction number, Ry,
the likelihood of the incidence, A;— 41, . . ., A¢ in this time
frame given Ry, and conditioned on previous observed
incidences can be defined as

(Rt,v:up) & exp(—Ry,yup)

t
P(it7v+l»~ u;)vtM'Or /11’ j~2) )»3...,}4‘7\;,(9,131},1;) = H I (16)
p=t—v+1 -
R, = 2t Using Bayesian Inference, we can obtain average time-
Zt: P (13)  varying reproduction numbers, R, with their corre-
=1 rp sponding variances and credible intervals for each time

which is the ratio of newly generated incidences, /, at
time ¢ to the sum of incidences (sum of infections) up
to time step ¢t — 1, weighted by the probability distribu-
tion of the infectiousness profile, 6,. It is worthy of note
that 6, is a serial distribution that sums up to one. The
expected value (average) of incident cases of at time ¢ is
also given as

t
EGy) =R e ply
p=1

(14)

window via a joint posterior distribution of f?t,v and under
the assumption of a Gamma prior distribution with scale
and shape parameters, o and B. In fact, the assumed prior
gamma distribution reflects the serial distribution dis-
cussed in the previous section.

The Gamma (o, 8) prior distribution for R; , is given by

1
[(a)B®

< Rt,v
exp | —

B
with the likelihood of the incidence, /¢—y+1,. .., 4 in the
time frame given R;, conditioned on previous observed

incidences already specified in (16). The joint posterior
density of Ry, is given as

o—1
t,v

P(Rt,v) = )7 0< Rt,v <0 (17)

t
P(}~t—u+17 e des Reylhos .oy /lt—u,e) = H
p=t—v+1

¢
v(a—1)+ [ZH Ip
p=t—v
= Rtv

)

exp | —R:y

p=

) —1 R V.
(Rt,vlip)ﬁp exp(_Rt,va) RZV €xp (_#) (18)
Ap! I'(x)B*
t t 2
1 wy 1
S owro || I e (19)
t—v+1 p p=t—v+1 Ap! T(@)p*
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¢
vie-D+ Y i
p=t—v+l

Ap

N
7!

1 t
ﬁ) :| p:tl:l[)+1
(20)

Expression (20) is the kernel of a Gamma distribution,

xR

tv

t
exp |:Rt,v< Z My +
V4

=t—v+1

t
Gamma | va — v+ 1+ Z Aps
p=t—v+1

1
| @

Hence, the posterior mean and variance of this distribu-
tion of Ry, can be respectively given as

t
vo —v+14+ >

2 Ip
=t—v
Posterior Mean of R, = - L
1
Z Mp + B
p=t—v+1
(22)
¢
va—v+14+ > A
Posterior variance of R, = p=t=vtl (23)

t 1 2
(Zp:t—v-}—l Hp + B)

The estimation is carried using the R function
estimate R() in the EpiEstim package [20]. To
encourage reproducibility and open science, the code
used for producing the figures in this article can be
found in the GitHub Repository: https://github.com/
IddiSam/Covid19SSA.git.
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Results and discussions

To gain insight into the COVID-19 data retrieved from
the COVID-19 Data Repository by the Center for Sys-
tems Science and Engineering (CSSE) at Johns Hopkins
University, an exploratory data analysis was performed.
Graphical techniques were used. As can be observed
from Fig. 1, as of May 10, 2020, top 10 African coun-
tries with the highest cumulative number of COVID-19
cases were South Africa (9892), Nigeria (4352), Ghana
(4217), Cameroon (2524), Guinea (2138), Ivory Coast
(1884), Senegal (1667), Sudan (1365), Djibouti (1207),
and Somalia (1054) in order of magnitude. From Fig. 2
it is observed that between March 14, 2020 and May 10,
2020 the cumulative number of COVID-19 cases has
monotonically increased in sub-Saharan Africa. A trend
of the cumulative number of confirmed COVID-19 cases
for these 10 countries from March 14, 2020, to May 10,
2020, can be seen in Fig. 3. It is observed in Fig. 3 that
South Africa consistently recorded the highest cumula-
tive number of COVID-19 cases throughout the period.
Djibouti had seen a steady decline in COVID-19 cases
from April 22 to May 7. There was a fairly slow increase
in COVID-19 cases for Ghana till cases shot up on April
9; the same could be said of Nigeria, Ivory Coast and
Guinea. Cases in Sudan seem to have been stable since
April 4. In general, it did not seem like the continent
had reached its peak of the pandemic yet. The epidemic
plots observed so far show evidence of a steady increase
in incidence reflecting an exponential trend, as would be
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Fig. 1 Total number of confirmed COVID-19 cases in countries across sub-Saharan Africa as at May 10, 2020
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Fig. 3 Top 10 countries with the highest cumulative number of confirmed COVID-19 cases in sub-Saharan Africa as at May 10, 2020

expected for a pandemic spread. If plotted on a logarith-
mic axis, one would see a linear increase on a log scale if
the epidemic curve is accurately exponential. A log-linear
model is thus fitted to the total SSA and country-specific
incidence data. From the model results, we extract the
growth rate prior r to the peak (based on the current
data) as 0.098 per day with a 95% CI of (0.0869, 0.1104).
The decay rate can be computed but not informative as
SSA is still in the early phase of the outbreak. The growth

rate had a corresponding doubling time of 7.0223 days
with 95% CI (6.2769, 7.9687) days.

An overall basic reproduction number is obtained for
the 45 SSA countries, via the relationship between the
growth rate obtained and the moment generating func-
tion of the serial interval distribution. The mean serial
interval used in this article is 7.5 days with a stand-
ard deviation of 3.4 days. This mimics that obtained
by Li et al. [22] who estimated the serial interval of the
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COVID-19 pandemic as 7.5 days with 95% CI, (5.3, 19), in
its early stages at Wuhan, China. Based on the epidemic
growth rate, @j, the overall basic reproduction number
estimated for the SSA countries as of 10th May, 2020, was
1.89, with 95% CI, (1.767, 2.026). As a form of sensitivity,
this basic reproduction number estimation is once again
done via maximum likelihood. This yields a reproduction
number for SSA as 1.513 with 95% CI, (1.491, 1.535). This
basic reproduction number is quite conservative but still
in line with that computed based on the growth rate. In
order to track and assess the effectiveness of interven-
tion and containment efforts by African governments,
the time-varying reproductive number is estimated. We
employ the “EpiEstim" package in R software for this
modeling process [20]. The serial interval distribution
used here is simulated using a discrete gamma distri-
bution with a mean 7.5 days and standard deviation 3.4
days. The daily estimates of the time-varying reproduc-
tion numbers R; over a 3-week sliding window from out-
break start in Africa are plotted in Fig. 4 with the grey
area depicting the 95% credible intervals. The horizon-
tal dashed line reflect the threshold R-value of 1. Infer-
ring from the plots in Fig. 4, an observed decline in the
slope of the estimated R; curve is observed by the end
of March, probably indicative of the influence of con-
tainment efforts by sub-Saharan Africa governments in
reducing transmission of the disease. However, by April
15th, 2020 an increase in the time-varying reproduction
number is observed. This could be attributed to more
testing or contact tracing efforts by governments. It is
however worthy of note that COVID-19 is transmissible
before onset of symptoms and hence there could be the
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likelihood that non-symptomatic spreaders of the disease
may have gone undetected from the onset of the disease.
Between the week of 20th April and 10th May, the aver-
age instantaneous reproduction number was 1.46 with
95% CI (1.44, 1.48), indicating that infected persons were
infecting less than 2 secondary persons in sub-Saharan
Africa. The time-varying reproduction number is once
again computed, but this time the uncertainty of the
serial interval distribution specified is accounted for. In
doing this, the mean and the standard deviation of the
serial interval are each drawn from a truncated normal
distribution, with parameters specified. Here, we specify
the mean of the serial interval distribution as a Normal
(7.5, 10), truncated at 1 and 10 and the standard devia-
tion of the serial interval as a Normal (3.4, 5.2), trun-
cated at 0.5 and 5.2. The result is shown in Fig. 5 below.
The simulated result above look reasonable, and clearly
in line with the result first shown in Fig. 4. The patterns
observed indicate that no matter the distribution used
for the serial interval, similar instantaneous intervals are
observed. The results so far obtained are from pooled
incidence data from all 45 countries considered. We
obtain the basic reproduction number estimates based
on the epidemic growth rate for each selected country.
The tabulated results are shown in Table 1. Inference
from Table 1 (for Ry values based on log-linear model )
showed that the country with the highest basic repro-
duction number as of 10th May, 2020 was Sudan with
an Ry of 2.03 (95% CI 1.83,2.25). This is closely fol-
lowed by Ghana 1.87 (95% CI 1.71,2.08), and Somalia,
1.85 (95%CI 1.69,2.04). South Africa, Nigeria, Chad,
Benin and a host of other SSA countries have an Ry
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Fig. 4 Plot of the time-varying reproduction number of COVID-19 cases in Sub-Saharan Africa from start to May 10, 2020
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greater than 1. In terms of countries with lower Ry on
average, Mauritius, Burkina Faso, Eritrea and Madagas-
car lead the chart with Ry values of 0.7, 0.96, 0.94, 0.97
respectively. This implied that COVID-19 seem to be
spreading at a relatively lower rate in these countries
compared to the other countries. On average, infected
persons in these countries were in turn infecting less
than one person. The countries with higher Ry had to
continue to tighten their containment efforts rather than
lift restrictions. Plots of the time- varying reproduction
number for tri-weekly windows are obtained for the top
6 countries with very high confirmed cases and shown in
Figs. 6, 7 and 8. The time-varying reproduction number
plots based on the 3-week sliding window for the top six
countries reveal an interesting trend. Over time, a steady
decline in the R; estimates for the countries is observed.
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Fig. 5 Plot of the time-varying reproduction number of COVID-19 cases in SSA as at May 10, 2020 accounting for uncertainty in the serial interval
distribution

By day 40 after the disease outbreak, R; trajectory for
Cameroon, South Africa, Guinea and Ivory-Coast seem
to stabilize. In contrast, there was a steady increase in the
trajectory for Ghana and Nigeria as evidenced in their
plots. Over the last three weeks prior to May 10th, the
reproduction number seem to hover above the R thresh-
old of 1 in all top six countries suggesting that com-
munity infections in these selected countries were still
causing continuous spread albeit government interven-
tion measures.

It is important to underscore that the estimated
basic and time-varying reproduction numbers in
this study align closely with findings from other
research. Notably, early pandemic research studies in
Chad (Rp=1.63), Central Afican African Republic

(Ro = 1.40), Congo(Rp = 1.41), Tanzania(Rp = 1.16),
Estimated R
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o
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0
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Fig. 6 Time Varying Reproductive Number Plots for tri-weekly sliding window. left: South Africa, right: Nigeria
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Angola(Ry = 1.55), Malawi(Rp = 1.55) and Mozam-
bique(Rp = 1.25) by Han et al. [23], employing similar
methodologies, yielded estimates that were consistent or
in close agreement with our basic reproduction estimates
(see Table 1). In comparison to our study, very close
estimates of the basic reproduction were also observed
in Ivory Coast (Ryp = 1.47), Ghana (Ry = 1.85), Kenya,
(Ro = 1.57), and Nigeria (Rp = 1.91) from a study con-
ducted by Oshinubi et al. [24] and Demongeot et al. [25].

Additionally, parallel investigations into time-varying
reproduction numbers in Ghana [26], Cameroon [27],
and Nigeria [28] further supported the outcomes of this
study. More specifically, these studies collectively illus-
trate that from late March to April 2020, the effective/
time-varying reproduction numbers predominantly fluc-
tuated between 2.5 and 4 in the early stages of the epi-
demic, gradually declining to 1 by late April and early
May, 2020. It is worth noting that the specific sliding win-
dows employed for these estimates varied across studies.

In order to enhance the practical policy implica-
tions of our study, we recognize the importance of delv-
ing into the correlation between specific government
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Fig. 8 Time Varying Reproductive Number Plots for tri-weekly sliding window. left: Guinea, right: lvory Coast

interventions and the observed changes in both the basic
and the time varying reproduction number. Understand-
ing how individual interventions impact the transmis-
sion dynamics of the disease can inform evidence-based
decision-making and guide the design of targeted public
health measures. For instance, in Ghana, as illustrated
in Fig. 7 (left), diverse associations between government
policies and interventions were observed, influencing the
fluctuations in COVID-19 transmission. Specifically, the
implementation of social gathering restrictions and travel
bans on March 15, 2020 [26], showed negligible changes
in virus spread during the 20th to 40th day of the pan-
demic, despite high levels of time-varying reproduction.
However, by April to early May 2020, when the Ghana-
ian government had mandated border closures by March
22, 2020 [26], reproduction numbers started decreasing,
trending towards 1.

Similarly, in Nigeria, travel restrictions were initiated
on March 18, 2020 [29], three weeks after the identi-
fication of the first index case. This delay potentially
allowed for the importation of the virus, especially nota-
ble as a majority of confirmed cases were individuals
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Table 1 Basic Reproduction Number Estimates obtained for 45 Subsaharan African Countries based on a Log-Linear Model to
recorded data up until 10th May, 2020

Country Growth Rate Cl for GrowthRate Ro ClforRo
Angola 0017 (0,0.0335) 1.12 (0.95,1.23)
Burkina Faso -0.005 (-0.0196,0.0097) 0.96 (0.88,1.06)
Benin 0.066 (0.051,0.0814) 157 (1.38,1.69)
Botswana -0.007 (-0.0719,0.0575) 0.96 (062,1.4)
Burundi 0.041 (-0.0148,0.0971) 13 (0.76,1.88)
Cameroon 0.053 (0.0293,0.0757) 144 (1.26,1.64)
CAR 0.052 (0.0158,0.0877) 143 (1.21.77)
Chad 0.080 (0.0573,0.1027) 1.72 (1.46,1.89)
Congo 0.038 (0.0094,0.0659) 1.28 (1.06,1.56)
Djibouti 0.024 (-0.0048,0.0529) 1.18 (0.94,1.47)
DRC 0.050 (0.0365,0.0636) 141 (1.28,1.52)
Equitorial Guinea 0.076 (0.037,0.1146) 1.65 (1.29,2.06)
Eritrea -0.006 (-0.0664,0.0536) 0.94 (0.67,1.4)
Eswatini 0.033 (0.014,0.0514) 1.26 (1.13,143)
Ethiopia 0.019 (0.0034,0.0342) 1.13 (1.03,1.24)
Gabon 0.076 (0.0553,0.0974) 1.69 (1.48,1.88)
Gambia 0.009 (-0.0147,0.0329) 1.07 (0.88,1.21)
Ghana 0.097 (0.0769,0.1164) 1.87 (1.71,2.08)
Guinea 0.073 (0.0587,0.0867) 1.61 (1.46,1.77)
Guinea-Bissau 0.083 (0.0465,0.1187) 1.76 (147,2.1)
Ivory Coast 0.046 (0.0307,0.0604) 137 (1.24,1.5)
Kenya 0.037 (0.0265,0.0483) 1.28 (1.21,1.37)
Liberia 0.037 (0.0161,0.0574) 127 (1.06,1.49)
Madagascar -0.005 (-0.0277,0.0175) 097 (0.85,1.1)
Malawi 0.012 (-0.0223,0.0454) 1.07 (0.85,1.32)
Mali 0.049 (0.0339,0.0633) 1.38 (1.26,1 )
Mauritius -0.048 (-0.0801,-0.0157) 0.7 (0.551,0.878)
Mauritania -0.002 (-0.0213,0.0181) 0.99 (0.85,1.13)
Mozambique 0.011 (-0.0108,0.0333) 1.09 (0.89,1.27)
Namibia 0.027 (-0.0411,0.0942) 1.19 (0.8,1. 7}
Niger 0.002 (-0.0206,0.0249) 1.01 (0.88,1.17)
Nigeria 0.086 (0.0762,0.0955) 1.75 (1.66,1.86)
Rwanda 0.009 (-0.0052,0.024) 1.07 (0.98,1.1 9)
South Africa 0.066 (0.056,0.0767) 1.55 (1.46,1.66)
Sao Tome and Principe 0.057 (-0.0604,0.1749) 1.57 (0.7,4.18)
Senegal 0.054 (0.0445,0.0639) 144 (1.34,1.52)
Sierra-Leone 0.085 (0.0673,0.1027) 1.74 (1.58,1.92)
Somalia 0.094 (0.0749,0.1128) 1.85 (1.69,2.04)
South-Sudan 0.078 (0.0204,0.1359) 161 (1.13,2.27)
Sudan 0.110 (0.0931,0.1276) 203 (1.83,2.25)
Tanzania 0.086 (0.0527,0.1184) 1.79 (1.46,2.14)
Togo 0.012 (-0.0044,0.0275) 1.08 (097,1.2)
Uganda -0.007 (-0.028,0.014) 0.949 (0.818,1.049)
Zambia 0.028 (0.01,0.0458) 1.21 (1.06,1.34)
Zimbabwe 0.003 (-0.018 0.0238) 1.02 (0.846, 1.149)
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returning from abroad. As seen in Fig. 6(right), this
delayed response may have contributed to higher esti-
mated time-varying reproduction numbers initially, but a
sharp decline was observed over subsequent three-week
sliding windows.

Overall, the sub-Saharan African region experienced
relatively higher levels of COVID-19 incidence between
early March and April, possibly due to delayed govern-
ment interventions or containment efforts, as reflected in
the time-varying reproduction plot in Fig. 6. Neverthe-
less, these containment efforts, including travel bans and
restrictions, eventually paid off, leading to reproduction
numbers leveling off to almost 1 or less.

Conclusions
In this study, we utilized COVID-19 incidence data sourced
from the John Hopkins COVID-19 data repository, cover-
ing the period from March 9, 2020, to May 10, 2020. Our
primary objective was to estimate the basic reproduction
number (Rp) for sub-Saharan Africa, employing three dis-
tinct analytical approaches: the exponential growth model,
the maximum likelihood approach, and the time-varying
basic reproduction number estimation approach. This mul-
tifaceted methodology enabled us to provide regional and
country-specific estimates. Our research findings revealed
crucial insights regarding the epidemiological dynamics of
COVID-19 in sub-Saharan Africa during the early onset of
the pandemic. The calculated basic reproduction number
suggested that infected individuals, on average, were trans-
mitting the virus to less than two secondary persons within
the specified time frame. Notably, some sub-Saharan
countries, such as Sudan, Ghana, and Somalia, exhibited
relatively high transmission rates, with Ry values hovering
around 2. Similarly, nations including South Africa, Nige-
ria, Chad, Benin, and numerous others in the region dis-
played Ry values exceeding 1. These findings implied that
without effective intervention measures, the number of
COVID-19 cases was likely to increase in these regions.
However, our study also identified sub-Saharan coun-
tries, including Mauritius, Burkina Faso, Eritrea, and
Madagascar, as leading the way in terms of containing the
virus. These countries exhibited Ry values of less than 1,
according to estimates in this study. This indicates that
they had effectively curbed the transmission of COVID-
19 during the period under study. Additionally, our
research delved into the dynamic aspect of the pandemic
by exploring the time-varying reproduction number.
Among the top six countries with the highest confirmed
COVID-19 cases, results demonstrated that community
infections continued to drive the spread of the virus, even
in the face of government intervention measures. This
underscored the persistence of the challenge posed by
community transmission.
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The implications of these findings are profound and
carry significant policy and public health relevance. Gov-
ernments and policymakers can draw from this research
to develop and implement effective control and preven-
tive measures tailored to the unique dynamics of their
respective regions for anticipated, similar future pan-
demics. In particular, in the future, countries with higher
Rp values should consider intensifying control and pre-
vention efforts rather than prematurely relaxing restric-
tions. This could involve the expansion of widespread
testing, rigorous contact tracing, and isolation/quaran-
tine measures to curtail transmission. Furthermore, in
line with guidance from the World Health Organization
(WHO), these measures should be complemented by
individual actions. These include adhering to social dis-
tancing protocols, avoiding large gatherings, practicing
frequent hand hygiene through regular washing or sani-
tizing, staying at home whenever possible, and wearing
masks in public places. Such collective and individual
efforts are paramount to slowing down the outbreak and
ultimately mitigating the impact of pandemics in sub-
Saharan Africa.

Study limitations

This study is not without limitations. First, we utilized
data from the COVID-19 Data Repository by the Center
for Systems Science and Engineering (CSSE) at Johns
Hopkins University, a widely recognized and comprehen-
sive source for global COVID-19 data. However, as with
any secondary data source, there are inherent limitations
and biases in the use of single data source. Variations in
reporting practices, data collection strategies/method-
ologies, and the dynamic nature of the pandemic may
have introduced potential biases. Hence, future research
endeavors could benefit from incorporating additional
data sources, exploring sensitivity analyses such as meta-
analysis, to further validate and strengthen the robust-
ness of our findings.

Secondly, in employing log-linear models and moment-
generating functions to analyze our data, it is important
to acknowledge potential biases and uncertainties that
may influence the robustness of our statistical methods.
One critical aspect deserving attention is the assumption
underlying the serial interval distribution, which plays a
pivotal role in our modeling approach. While we strove
to choose a distribution that aligns with the character-
istics of the disease under study, uncertainties persist in
accurately capturing the true dynamics of transmission.
Factors such as variations in reporting practices, the
presence of asymptomatic cases, and the evolving nature
of the virus itself may introduce biases in our estimations.
Moreover, the inherent variability in individual behav-
iors and interventions across different populations and
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settings adds another layer of complexity. The assumed
shape of the serial interval distribution may not fully cap-
ture the intricacies of transmission dynamics in diverse
contexts, potentially leading to biased parameter esti-
mates. To mitigate these concerns, future studies can
explore alternative serial interval distributions and assess
the robustness of our results.

Additionally, our analyses rely on the availability and
accuracy of reported data, and any discrepancies or
potential under-reporting could introduce bias into our
estimates. Broadly speaking, under-reporting of cases is
a pervasive challenge in the context of infectious disease
surveillance. Variability in testing rates among countries,
coupled with differences in reporting practices, may lead
to discrepancies in the observed number of cases. The
extent of underreporting may vary across regions, and
the true magnitude of the pandemic could be underes-
timated in areas with limited testing capacity or report-
ing infrastructure. Hence, caution should be exercised in
interpreting our results, and the estimates presented may
not fully capture the actual scale of transmission. Moreo-
ver, the variability in testing rates among countries intro-
duces a layer of complexity to our analyses. Disparities
in testing accessibility and strategies can influence the
observed trends and, consequently, the accuracy of the
reproduction number estimates. It is thus crucial to
recognize that our study relies on reported data, and
the true dynamics of the pandemic may be obscured by
these testing-related variations.
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