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ABSTRACT
Objectives  As of 13 January 2021, there have been 
3 113 963 confirmed cases of SARS-CoV-2 and 74 619 
deaths across the African continent. Despite relatively 
lower numbers of cases initially, many African countries 
are now experiencing an exponential increase in case 
numbers. Estimates of the progression of disease and 
potential impact of different interventions are needed 
to inform policymaking decisions. Herein, we model the 
possible trajectory of SARS-CoV-2 in 52 African countries 
under different intervention scenarios.
Design  We developed a compartmental model of SARS-
CoV-2 transmission to estimate the COVID-19 case burden 
for all African countries while considering four scenarios: 
no intervention, moderate lockdown, hard lockdown and 
hard lockdown with continued restrictions once lockdown 
is lifted. We further analysed the potential impact of 
COVID-19 on vulnerable populations affected by HIV/AIDS 
and tuberculosis (TB).
Results  In the absence of an intervention, the most 
populous countries had the highest peaks in active 
projected number of infections with Nigeria having an 
estimated 645 081 severe infections. The scenario with a 
hard lockdown and continued post-lockdown interventions 
to reduce transmission was the most efficacious strategy 
for delaying the time to the peak and reducing the number 
of cases. In South Africa, projected peak severe infections 
increase from 162 977 to 2 03 261, when vulnerable 
populations with HIV/AIDS and TB are included in the 
analysis.
Conclusion  The COVID-19 pandemic is rapidly spreading 
across the African continent. Estimates of the potential 
impact of interventions and burden of disease are essential 
for policymakers to make evidence-based decisions on 
the distribution of limited resources and to balance the 
economic costs of interventions with the potential for 
saving lives.

INTRODUCTION
On 11 March 2020, the WHO declared the 
novel SARS-CoV-2 outbreak a pandemic. 
As of 13 January 2021, there have been 
over 92 096 179 cumulative confirmed cases 
of COVID-19 and over 1 972 758 deaths 

reported globally.1 The first confirmed 
COVID-19 case in Africa occurred in Egypt 
on 14 February 2020. To date, African coun-
tries have reported lower disease incidence 
than most other countries, with 3 113 963 
confirmed cases and 74 619 deaths as of 13 
January 2021 across the continent. However, 
infectious disease surveillance and reporting 
infrastructure remain highly underdevel-
oped, and COVID-19 testing is limited given 
the shortage of human resources and appro-
priate laboratory and surveillance facilities 
across the continent.2

Although uncertainties underlying 
SARS-CoV-2 disease transmission and severity 

Strengths and limitations of this study

►► Though the rapid spread of SARS-CoV-2 through 
China, Europe and the USA has been well studied, 
leading to a detailed understanding of its biology 
and epidemiology, the population and resources for 
combatting the spread of the disease in Africa great-
ly differ to those areas and require models specific 
to this context.

►► Few models that provide estimates for policymak-
ers, donors and aid organisations focused on Africa 
to plan an effective response to the pandemic threat 
that optimises the use of limited resources.

►► This is a compartmental model and as such has in-
herent weaknesses, including the possible overesti-
mation of the number of infections as it is assumed 
people are well mixed, despite many social, physical 
and geographical barriers to mixing within countries.

►► Peaks in transmission are likely to occur at different 
times in different regions, with multiple epicentres.

►► This model is not stochastic and case data are mod-
elled from the first 20 or more cases, each behaving 
as an average case; in reality, there are no average 
cases; some individuals are likely to have many con-
tacts, causing multiple infections and others to have 
very few.
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persist, ongoing analysis of available data suggests that old 
age and underlying health conditions play a critical role 
in the severity of disease prognosis.3 4 Approximately 75% 
of the African population is less than 35 years of age, and 
African countries may benefit from a largely young popu-
lation.5 However, these populations may also be at partic-
ular risk for high morbidity and mortality from COVID-19 
given the high prevalence of immunocompromised indi-
viduals. In 2016, 417 000 people died from tuberculosis 
(TB) in the African region, where 25% of the world’s TB 
deaths occur.6 Other prevalent comorbidities include 
HIV, for which many patients are receiving antiretroviral 
therapy, and malnutrition, in addition to other communi-
cable and noncommunicable diseases.7–9

To mitigate the spread of COVID-19, the majority 
of African countries reduced or banned international 
travel and instituted curfews, lockdowns and other social 
distancing interventions beginning in March and April 
2020.10 Several studies have demonstrated the effective-
ness of social distancing and other quarantine measures 
in tandem with a rapid scale-up of SARS-CoV-2 testing.11 
By one estimate, the number of people likely to be 
infected with the virus after encountering an infected 
individual declined by 55% after 1 week of shutdown in 
Wuhan, China.12 However, as the majority of these restric-
tions were lifted in June 2020, the transmission rate is 
expected to increase, especially in highly populated areas 
where social distancing is not feasible.

In this analysis, we combine best available estimates 
of the parameters that govern SARS-CoV-2 transmis-
sion dynamics with country-specific population data to 
estimate potential COVID-19 case burdens under four 
scenarios: baseline (assuming disease transmission is not 
mitigated by appropriate interventions), moderate lock-
down, hard lockdown and hard lockdown with continued 
social distancing. Given the current lack of data and 
understanding of how COVID-19 will impact the conti-
nent, these estimates are generated to inform national and 
continental COVID-19 preparation and response efforts 
on the basis of how this disease has spread elsewhere.

METHODS
Data
The number of confirmed COVID-19 cases and the date 
of the first 20 or more cases were obtained for each 
country using data aggregated by the Johns Hopkins 
Centers for Systems Science and Engineering as of 25 
June 2020.1 Lockdown start and end dates, where appli-
cable, were compiled from a variety of sources including 
news media reports and government statements (online 
supplemental file 1 and the Results section). Although 
data are as current as possible, many government policies 
are under continuous review, and lockdown dates may 
become rapidly outdated, where countries do not have 
dates for the lifting of lockdown, a duration of 60 days 
has been assumed in line with the recommendations of 
many governments. Country population estimates were 

obtained from the World Bank.13 Projections were simu-
lated across all African nations and territories (excluding 
Comoros, Mayote, Reunion, Lesotho and St. Helena, 
which were omitted for lack of sufficient case data).

For all included countries, we used case data for 200 
days after the first 20 or more confirmed cases were 
recorded. Only the Seychelles has not yet reached this 
20-case threshold, where confirmed cases remain at 11 
since 6 April 2020. For this case, the highest number and 
the date this figure was first recorded were used to initiate 
the model. Model start and end dates for each country 
are provided in the Results section.

To incorporate the varying age structures of different 
countries into the model, parameters were weighted 
by the proportion of the population in the 0–64, 65–79 
and 80 and above age brackets in each country to form a 
unique set of parameters for each country (online supple-
mental file 2). Demographic data were obtained from the 
World Bank for 2018,13 with the exception of Eritrea, for 
which population data came from IndexMundi.14 Many 
African countries have high rates of TB and HIV/AIDS, 
which are likely to make their populations more vulner-
able to severe infection. To further consider the impact 
of this on our analysis, we reweighted the parameters 
according to the proportion of the younger population 
with HIV and/or TB15 (online supplemental file 3). 
Those over age of 80 and 65–79 were modelled as before; 
however, the under 64 cohort was split into healthy indi-
viduals and those affected by TB and/or HIV/AIDS. For 
this group, we employed the parameter set previously 
used for the 0–64-year-old cohort, with the exception of 
progression to severe disease (κh), which was doubled to 
0.404 (upper bound tripled to 0.606 and lower bound of 
0.202), for populations with HIV/AIDS and/or TB, based 
on estimates for mortality from South Africa.16 17 Algeria, 
Mauritius, Eritrea and Seychelles were excluded from this 
second analysis due to lack of data.

Model structure
Epidemiological equations and parameters
The model follows a modified SEIR (Susceptible, 
Exposed, Infected, Recovered) structure (figure 1) with 
seven unique compartments to describe the epidemi-
ology of SARS-CoV-2. This is adapted from the model 
structure previously described in Lin et al.18 This model 
is adapted from the Kermack and McKendrick compart-
mental model according to the disease dynamics that 
have been reported for COVID-19. The model assump-
tions are described in further depth in,18 but in brief, we 
assume susceptible individuals who become infected have 
an incubation period; and some asymptomatic or mildly 
symptomatic individuals are neither tested nor counted 
as confirmed cases. Susceptible individuals, S, are those in 
the population that can become infected with the virus. 
They become exposed, E, to SARS-CoV-2 by encountering 
infected individuals in the population at rate β1 for asymp-
tomatic individuals or β2 for symptomatic individuals. We 
assume that individuals who are asymptomatic or mildly 
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symptomatic have a lower transmission rate, β1, than more 
symptomatic individuals, β2.

18 Exposed individuals incu-
bate the virus at rate μ (calculated as the inverse of the 
incubation period). A proportion of these individuals, θ, 
becomes symptomatically infected while the rest become 
contagious with mild or no symptoms, C. Of the symptom-
atically infected individuals, a proportion, h, has severe 
symptoms, to the extent that they will require hospitalisa-
tion if available, IS, and the rest have moderate or nonse-
vere symptoms, IN. Asymptomatic or mildly symptomatic, 
moderately symptomatic and severely symptomatic indi-
viduals recover (or otherwise become non-contagious), 
R, at rates γ1, γ2, and γ3, respectively. It is assumed that 
recovered individuals are immune from becoming rein-
fected during the time period of the study. Severely 
infected individuals may also die, D, at rate δ.

The model is described by the following set of differen-
tial equations:

	﻿‍ N =
∑(

S + E + C + IN + IS + D + R
)
‍�

	﻿‍ Ṡ = −β1
SC
N − β2

S
(
IN+IS

)
N ‍�

	﻿‍ Ė = β1
SC
N + β2

S
(
IN+IS

)
N µE ‍�

	﻿‍ Ċ = µ
(
1 − θ

)
E − γ1C ‍�

	﻿‍ İN = µθ
(
1 − h

)
E − γ2IN ‍�

	﻿‍ İS = µθhE − γ3IS − δIS ‍�

	﻿‍ Ḋ = δIS ‍�

	﻿‍ Ṙ = γ1C + γ2IN + γ3IS ‍�

Estimation of epidemiological parameters
Parameters are estimated from the literature and the 
sources for this are outlined in table 1 and online supple-
mental file 4.

To assess the uncertainty of the parameter ranges on 
model estimations, we used Latin hypercube sampling 
(LHS), a stratified sampling technique that efficiently 
analyses large numbers of input parameters by treating 
each parameter as a separate random variable.19 LHS is 
a type of Monte Carlo sampling that treats each input 
parameter as a separate random variable and is able to effi-
ciently analyse large sets of input parameters. The param-
eter distribution is stratified into equiprobable intervals 
and then each of these intervals is sampled once, without 
replacement. These random samples of each of the input 
parameters are then collated into an input vector. This 
process is highly efficient as each parameter is only used 
once and the model is then run to derive distribution 
functions for each of the output variables. The probabi-
listic nature of this technique allows it to be conveniently 
used within a statistical framework. Stochastic sampling of 
the parameters with LHS was based on an estimation of 
parameter ranges obtained from the literature (table 1). 
From the parameter sampling, we were able to calculate 
the 95% CI for all compartment values over the temporal 
domain.

Scenarios and assumptions
We provide case projections for the following four 
scenarios:
1.	 Baseline: disease continues to spread with no curfew, 

lockdown, social distancing or other intervention(s) 
and with no change in transmission rate.

2.	 Moderate lockdown: disease transmission is reduced 
by 25% during the lockdown period, then transmis-
sion resumes at 90% of the prelockdown value due to 
sustained changes in behaviour.

3.	 Hard lockdown: disease transmission falls 44% during 
the lockdown period, then transmission resumes at 
90% of prelockdown levels.

4.	 Hard lockdown and continued social distancing/iso-
lating cases: disease transmission is reduced by 44% 
during the lockdown period, then, through social dis-
tancing regulations and isolation of symptomatic indi-
viduals, resumes at 75% of prelockdown levels.

For each scenario, we estimate the total number of 
infections that are asymptomatic or mildly symptomatic, 
moderately symptomatic and severely symptomatic cases. 
The rate of severely symptomatic cases is based on the rate 
of hospitalisation in other parts of the world, although 
access to hospital care is likely to differ greatly between 
different parts of Africa.20

Patient and public involvement statement
It was not appropriate or possible to involve patients or 
the public in the design, or conduct, or reporting or 
dissemination plans of our research.

RESULTS
Under baseline conditions, the most populous countries 
stand to bear the greatest disease burden with Nigeria 

Figure 1  Modified SEIR model structure. Susceptible 
individuals, S, become exposed, E, to SARS-CoV-2. A 
proportion of these individuals become symptomatically 
infected with severe symptoms, IS, or non-severe, 
symptoms, IN, while the rest become contagious with mild 
or no symptoms, C. Asymptomatic or mildly symptomatic, 
moderately symptomatic and severely symptomatic 
individuals recover, R and severely infected individuals may 
also die, D.
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having an estimated peak case load of 645 081 severe infec-
tions (0.31% of total country population) and 9 359 221 
total infections (4.54% of total country population), 
followed by Ethiopia, with an estimated peak case load of 
335 024 (0.29%) severe infections and 4 978 734 (4.33%) 
total infections (figure 2). Smaller countries have a lower 
case load; Cabo Verde is projected to have a peak case load 
of 2244 severe infections (0.40% of total country popu-
lation) and 32 811 (5.90%) total infections, Sao Tome 
and Principe are estimated to experience peaks of 14 012 
(6.40%) total infections and 1048 (0.48%) severe infec-
tions (online supplemental figures S1, S3–10). However, 
the baseline scenario does not reflect the current situa-
tion in any country as all countries have instituted some 
form of social distancing policies.

Moderate lockdowns (assumed to lower transmission 
by 25% during lockdown) reduced estimated peak severe 
infections by 10% in Senegal, to 37%, in Ethiopia and 
Egypt (figure 3). However, in South Africa, the peak of 
the severe case load showed a 1% increase of 1929, given 
a moderate lockdown of 35 days (online supplemental 
figures S1–S11 and file 4). Longer lockdowns were more 
effective. In Egypt and Ethiopia, who have the longest 
planned lockdowns of any of the African countries (137 
and 170 days, respectively), the estimated impact was 
a reduction in total peak cases of 37% or 130 998 and 
123 890 severe cases, respectively (figure 4). In addition, 
the estimated peak of infections was shifted by 35 and 27 

days, respectively (table  2). In Cabo Verde, which had 
the shortest planned lockdown of 17 days, the estimated 
reduction in severe peak cases was 19% under a moderate 
lockdown, and the peak date of infections was shifted by 
10 days (figure 4).

The effect of hard temporary lockdowns without 
extended postlockdown social distancing compared with 
moderate lockdowns varied by country. The reduction 
in severe peak infections ranged from 7%, in Rwanda, 
to 35% in Egypt, compared with baseline values. In 
some countries, a hard lockdown had a lower impact on 
reducing peak cases than a moderate one. For example, 
in Ethiopia, the expected impact of a moderate lockdown 
reduced severe cases by 123 890 cases compared with 
baseline, while a hard lockdown reduced cases by 100 743. 
However, hard lockdowns delayed the onset of the peak 
in infections compared with moderate lockdowns by 
several weeks. For example, in Tanzania, a moderate lock-
down of 60 days delayed the peak in severe infections by 
16 days compared with a 47-day delay in the case of a hard 
lockdown (online supplemental figures S2, S3 and file 4).

For all countries, hard lockdowns with continued 
postlockdown interventions were the most effective in 
delaying and reducing peak infections. Delays to the peak 
in infections ranged from 22 days in Libya to 123 days 
in Ethiopia (table 2). This reflects the different lengths 
of lockdowns in these countries, which lasted 20 and 
170 days, respectively. Hard lockdowns with continued 

Table 1  Parameters estimation from other literature where the means and corresponding credible intervals are shown in the 
parenthesis

Parameter Definition Value Calculation Reference

‍R0‍ Basic reproduction number 3.1 (1.9–6.5) 41

‍θ‍ Symptomatic rate 0.792 (0.568–0.815) 42–44

‍β2‍ Infection rate for symptomatic transmissions 0.62 (0.38–1.3)

‍
R0

Infectious PeriodSevere ‍

45

‍α‍ Reduction of infection rate for asymptomatic 
transmission

0.55 (0.46–0.62) 46

‍β1‍ Infection rate for asymptomatic transmissions 0.341 (0.175–0.806)

‍γ1‍ Clearance rate for asymptomatic/mild cases 0.170 (0.0526–0.287)
‍

1
Infectious PeriodMild ‍

42 46

‍γ2‍ Clearance rate for symptomatic non-severe cases 0.238 (0.143–0.333)

‍
1

Infectious Periodsympt ‍

47–49

‍γ3‍ Clearance rate for symptomatic severe cases 0.238 (0.143–0.333)

‍
1

Infectious Periodsympt ‍

47–49

‍µ‍ Incubation rate 0.202 (0.101–0.364)
‍

1
Incubation Time ‍

50 51

‍δ‍ Severe case fatality rate 0.244 (0.209–0.280) 17 52

‍κ‍ Increase in rate of progression to severe disease in 
populations with TB or HIV/AIDS

2.14 (1.1–2.7) 16 17

 �  Ages 0–64 Ages 65–79 Ages ≥80

‍h ‍ Rate of progression to severe disease* 0.202 (0.167–0.237) 0.361 (0.286–
0.435)

0.471 (0.308–
0.634)

53 54

‍κh ‍ Rate of progression to severe disease in populations 
with TB and/or HIV/AIDS

0.432 (0.222–0.545)

*Age groups are: 0–59, 60–69, 70+; 0–64, 65–74, 65+, US hospitalisation rate used as a proxy for severe disease progression.
TB, tuberculosis.
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interventions also led to the greatest reductions in the 
peak in estimated total infections to the greatest extent in 
these model projections, from 36% in Ghana and South 
Africa to 58% in Namibia. In Kenya, this would reduce 
the peak case load in severe infections by 100 552 cases 
with a lockdown of 43 days.

Many African countries have young populations, who 
have been less likely to show severe symptoms in other coun-
tries, however, the high prevalence of HIV/AIDS and TB in 
these populations potentially renders them more vulner-
able to COVID-19.16 The highest proportional burden 
HIV countries in Africa are Eswatini, Botswana and South 
Africa, and the highest proportional burden TB countries 
are Burundi and Central African Republic. Assuming indi-
viduals with TB and HIV/AIDS, once infected, are more 
likely to progress to severe disease increased the peak 
number of infections significantly (figure 5). In Eswatini, 
Botswana and South Africa, the baseline peak number of 
severe infections increased from 4529 to 5279, 9334 to 
10 023 and from 162 977 to 2 03 261, respectively (online 
supplemental figures S12–S22 and file 4). In Burundi, 
the peak number of severe cases increased from 40 417 to 
44 058. However, progression to severe disease may, under 
certain circumstances, lead to less infections, as those with 
severe disease may be more likely to die, quarantine, or 
be sick enough that they are not widely transmitting the 
disease. For example, in Nigeria, severe infections decrease 
from 645 081 to 5 91 888 under this scenario.

CONCLUSION
Most African countries are likely early in the outbreak 
of SARS-CoV-2, and the initial peak in infections may be 
several months away in many cases. Policymakers need 
mathematical models that are attuned to the context in 
Africa to aid in planning for continued transmission of 
the virus and to develop interventions that reduce disease 
transmission. Here we analysed a model of transmission 
of SARS-CoV-2 parameterised for low-resource settings. 
Based on current observed cases of COVID-19 in African 
countries, we assessed the impact of strict social distancing 
measures. However, the extent and efficacy of lockdown 
policies are certain to vary between and within countries. 
Furthermore, after a lockdown, and in response to a 
high death toll, citizens are likely to continue to adjust 
their social behaviour.21 The results from our simulations 
suggest that national lockdowns will likely slow viral trans-
mission, reducing the peak number of active cases and 
delaying the time until the peak occurs. This delay can 
allow governments time to prepare by setting up desig-
nated COVID-19 treatment sections in hospitals and addi-
tional testing centres in densely populated areas as well 
as practical measures within communities such as hand-
washing stations and soap distribution and information 
campaigns educating the public in infection prevention 
behaviours including mask wearing, social distancing and 
handwashing. Our models suggest that by using this time 
to prepare, transmission is likely to decrease enough to 

Figure 2  Projected total infections over time when parameters are normalised for the age distribution of the population in each 
country. Areas shaded in grey denote lockdown duration. SD, social distancing.
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Figure 3  Projected total infections over time when parameters are normalised for the age distribution of the population in each 
country and the fraction of the under 70-year-old population with HIV/AIDS and or tuberculosis. Areas shaded in grey denote 
lockdown duration.

Figure 4  Percent change in peak total infections under interventions, compared with baseline, parameters adjusted by age 
only. Values in parentheses represent the duration of lockdown in the respective countries. Percent change was calculated 
relative to a baseline scenario of disease spread with no intervention.



7Frost I, et al. BMJ Open 2021;11:e044149. doi:10.1136/bmjopen-2020-044149

Open access

Table 2  Lockdown and peak dates

Country

Beginning 
date of 
simulation

Start date of 
lockdown

Duration 
of 
lockdown 
(days)

Date of 
peak 
infections 
(baseline)

Date of peak 
infections 
(moderate 
lockdown)

Date of peak 
infections 
(hard 
lockdown)

Date of peak 
infections 
(hard lockdown 
with social 
distancing)

Algeria 09/03/2020 23/03/2020 82 02/07/2020 22/07/2020 27/08/2020 14/08/2020

Angola 18/04/2020 31/03/2020 70 06/08/2020 29/08/2020 12/09/2020 03/10/2020

Benin 05/04/2020 30/03/2020 41 15/07/2020 31/07/2020 15/08/2020 23/09/2020

Botswana 19/04/2020 06/04/2020 46 16/07/2020 18/08/2020 22/08/2020 05/09/2020

Burkina Faso 18/03/2020 21/03/2020 54 01/07/2020 23/07/2020 25/07/2020 06/08/2020

Burundi 17/05/2020 21/03/2020 39 03/09/2020 11/09/2020 23/09/2020 09/10/2020

Cabo Verde 15/04/2020 28/03/2020 17 06/07/2020 16/07/2020 29/07/2020 03/08/2020

Cameroon 20/03/2020 18/03/2020 44 06/07/2020 21/07/2020 11/08/2020 29/08/2020

Central African 
Republic 28/04/2020 30/03/2020 60 09/08/2020 31/08/2020 07/09/2020 29/09/2020

Chad 13/04/2020 02/04/2020 43 28/07/2020 03/08/2020 06/09/2020 26/09/2020

Congo (Brazzaville) 02/04/2020 31/03/2020 61 12/07/2020 28/07/2020 27/08/2020 26/08/2020

Congo (Kinshasa) 21/03/2020 18/03/2020 78 09/07/2020 11/08/2020 30/08/2020 09/09/2020

Cote d'Ivoire 23/03/2020 16/03/2020 62 03/07/2020 20/07/2020 16/08/2020 29/08/2020

Djibouti 31/03/2020 23/03/2020 46 22/06/2020 20/07/2020 04/08/2020 18/08/2020

Egypt 08/03/2020 15/03/2020 137 22/06/2020 27/07/2020 02/10/2020 14/09/2020

Equatorial Guinea 12/04/2020 26/03/2020 64 05/07/2020 27/07/2020 13/08/2020 26/08/2020

Eritrea 02/04/2020 23/03/2020 31 04/07/2020 24/07/2020 30/07/2020 18/08/2020

Eswatini 18/04/2020 26/03/2020 42 19/07/2020 28/07/2020 24/08/2020 30/08/2020

Ethiopia 29/03/2020 22/03/2020 170 22/07/2020 18/08/2020 27/10/2020 22/11/2020

Gabon 02/04/2020 20/03/2020 58 05/07/2020 19/07/2020 05/08/2020 27/08/2020

Gambia 11/05/2020 17/03/2020 59 11/08/2020 29/08/2020 29/09/2020 08/10/2020

Ghana 22/03/2020 17/03/2020 34 11/07/2020 08/07/2020 25/07/2020 08/08/2020

Guinea 30/03/2020 26/03/2020 50 08/07/2020 19/07/2020 15/08/2020 30/08/2020

Guinea-Bissau 07/04/2020 17/03/2020 55 13/07/2020 31/07/2020 12/08/2020 19/08/2020

Kenya 24/03/2020 15/03/2020 43 14/07/2020 14/08/2020 27/08/2020 13/09/2020

Liberia 08/03/2020 22/03/2020 21 15/07/2020 19/07/2020 09/08/2020 18/08/2020

Libya 07/04/2020 17/03/2020 20 19/07/2020 28/07/2020 06/08/2020 10/08/2020

Madagascar 26/03/2020 23/03/2020 60 06/07/2020 05/08/2020 15/08/2020 23/08/2020

Malawi 22/04/2020 23/03/2020 48 07/08/2020 13/08/2020 17/09/2020 21/10/2020

Mali 30/03/2020 15/03/2020 55 24/07/2020 08/08/2020 26/08/2020 04/09/2020

Mauritania 14/05/2020 15/03/2020 60 18/08/2020 09/09/2020 03/10/2020 09/10/2020

Mauritius 22/03/2020 29/03/2020 64 20/06/2020 15/07/2020 01/08/2020 14/08/2020

Morocco 15/03/2020 15/03/2020 87 28/06/2020 26/07/2020 25/08/2020 18/08/2020

Mozambique 04/10/2020 23/03/2020 68 20/07/2020 17/08/2020 10/09/2020 09/10/2020

Namibia 05/04/2020 17/03/2020 76 08/07/2020 05/08/2020 17/08/2020 18/08/2020

Niger 30/03/2020 20/03/2020 113 14/07/2020 23/08/2020 22/09/2020 16/09/2020

Nigeria 21/03/2020 30/03/2020 63 15/07/2020 04/08/2020 04/09/2020 30/09/2020

Rwanda 23/03/2020 21/03/2020 60 02/07/2020 15/07/2020 19/08/2020 12/09/2020

Sao Tome and 
Principe 05/05/2020 17/03/2020 60 22/07/2020 13/08/2020 01/09/2020 08/09/2020

Senegal 15/03/2020 14/03/2020 77 30/06/2020 17/07/2020 12/08/2020 18/08/2020

Continued
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substantially reduce the peak in infections, even after 
lockdowns cease. This may make the consequences of the 
pandemic more manageable for health and social systems, 
though many are still likely to become overwhelmed.

The predicted dates of peak cases varied greatly by 
country, from 1 August in South Africa to 22 December 
in Ethiopia in the case of a hard lockdown with continued 
social distancing (scenario 3) (table 2 and figure 2). This 
is due to many factors including differences in popula-
tion size, when the virus first arrived in the country, and 
length and severity of lockdown interventions. Most infec-
tions are mild; however, some countries are likely to bear 
a much higher per capita burden than others, largely due 
to differences in the duration and efficacy of lockdowns.

This model considers the impact of lockdown on 
transmission of SARS-CoV-2; however, effective imple-
mentation of large-scale mitigation measures thus 
far implemented in developed countries may not be 
feasible or sustainable in many low and middle-income 
countries in Africa and around the world given various 

sociocultural, economic and political challenges.22 23 
Across the African continent, an estimated 40% of people 
live below the international poverty line making less than 
US$1.90 (in 2011 purchasing parity power) per day, and 
approximately 85.8% of employment is informal.24 25 
Therefore, lockdowns that restrict movement to and from 
work will likely not be well enforced. Furthermore, access 
to hygiene and sanitation facilities is limited; in 2017, only 
15% of people across sub-Saharan Africa had access to 
basic handwashing facilities with soap and water.26 Social 
distancing within communities and within households is 
often not possible given over 55% of Africa’s urban popu-
lations live in densely populated slums, higher than the 
global average of 30%.27 In addition, there are 6.3 million 
refugees and 17.7 million internally displaced persons in 
the African continent, and ongoing humanitarian crises 
have displaced over 20 million people. These challenges 
will also abrogate the effectiveness of restrictions on 
movement and access to care.28

COVID-19 presents most severely in the elderly popula-
tion and those with chronic noncommunicable diseases 
such as diabetes and hypertension, which affects an esti-
mated 55% of Africans.29 African populations may benefit 
from having a younger population and low prevalence 
of diabetes (3.9%) compared with the global average 
(9.3%).30 31 In the model, we modify the transmission and 
mortality rates according to the age structure of coun-
tries, based on evidence that morbidity and mortality are 
concentrated in older individuals. However, emerging 
reports of COVID-19 cases in the developing world, 
particularly Brazil, suggest that the death toll in the 
young may be higher than expected.32 Young populations 
who go out to work, buy food and look after the family 
are hard to shield and likely to be highly exposed to the 
virus. The average size of households with older members 

Country

Beginning 
date of 
simulation

Start date of 
lockdown

Duration 
of 
lockdown 
(days)

Date of 
peak 
infections 
(baseline)

Date of peak 
infections 
(moderate 
lockdown)

Date of peak 
infections 
(hard 
lockdown)

Date of peak 
infections 
(hard lockdown 
with social 
distancing)

Seychelles 06/04/2020 16/03/2020 60 19/06/2020 05/07/2020 21/07/2020 15/08/2020

Sierra Leone 17/04/2020 04/04/2020 60 21/07/2020 08/08/2020 28/08/2020 13/09/2020

Somalia 10/04/2020 18/04/2020 60 17/07/2020 17/08/2020 24/08/2020 15/09/2020

South Africa 13/03/2020 27/03/2020 35 23/06/2020 11/07/2020 11/08/2020 01/08/2020

South Sudan 28/04/2020 25/03/2020 60 09/08/2020 07/09/2020 09/09/2020 21/09/2020

Sudan 13/04/2020 15/03/2020 80 29/07/2020 22/08/2020 19/09/2020 09/10/2020

Tanzania 01/04/2020 23/03/2020 60 18/07/2020 03/08/2020 03/09/2020 20/09/2020

Togo 24/03/2020 20/03/2020 60 02/07/2020 12/07/2020 30/09/2020 16/08/2020

Tunisia 16/03/2020 12/02/2020 53 20/06/2020 31/07/2020 27/07/2020 12/08/2020

Uganda 27/03/2020 18/03/2020 47 10/07/2020 30/07/2020 16/008/2020 27/08/2020

Zambia 27/03/2020 17/03/2020 38 30/06/2020 27/07/2020 15/08/2020 03/09/2020

Zimbabwe 15/04/2020 23/03/2020 60 26/07/2020 25/08/2020 08/09/2020 19/09/2020

Table 2  Continued

Figure 5  Percent change in peak severe infections under 
moderate lockdown scenario, parameters adjusted by age 
only. SD, social distancing.
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is 12.1 in Senegal and 12.6 in the Gambia, the highest in 
the world,33 and this may increase the potential for expo-
sure to the virus and hinder isolation of symptomatic 
cases. High rates of TB, HIV, malaria and other infectious 
diseases may also make young African populations more 
vulnerable to severe infection with COVID-19. In West 
and Central Africa, 60% of people living with HIV do not 
receive treatment.34 The high prevalence of malnutrition, 
anaemia and exposure to indoor air pollution, often from 
cooking fires, may also increase vulnerability. Addition-
ally, the poor air quality in many African cities, which has 
been shown to be associated with increased morbidity 
and mortality from COVID-19,35 36 may exacerbate issues 
for the region.37

Testing capacity is limited in much of Africa,38 and 
confirmed cases may increase faster than predicted in 
the near future as testing capacity increases and contact 
tracing continues. In addition, evidence suggests that 
many cases are asymptomatic and may be missed by 
testing protocols that only include those with symptoms 
who have recently travelled to an infected area or their 
contacts. Furthermore, social stigma and inability to 
access healthcare may prevent symptomatic individuals 
from seeking treatment. This may affect the results of 
the model as it uses the initial numbers of confirmed 
COVID-19 cases recorded. In addition, results from the 
model suggest cases may rapidly rise after a hard lock-
down if there are no further mitigation measures. Contact 
tracing and testing are needed to maintain the reduction 
in cases gained from early lockdowns. Pooled testing can 
make mass testing more affordable and achievable with 
limited resources.39

There are inherent difficulties in inferring real-world 
results from mass action models such as the one in this 
study. Our models tend to overestimate the number of 
infections as they assume people are well mixed, despite 
many social, physical and geographical barriers to mixing 
within countries. Peaks in transmission are likely to occur 
at different times in different regions, as has occurred 
in the USA and Europe where there have been multiple 
epicentres. This model is not stochastic and case data are 
modelled from the first 20 or more cases, each behaving 
as an average case. In reality, there are no average cases; 
some individuals are likely to have many contacts, causing 
multiple infections,40 and others to have very few. Super-
spreading events are likely to play a key role in the trans-
mission of SARS-CoV-2 and, though beyond the scope 
of this model, this is an important consideration for 
future work. The different contact patterns of different 
segments of the population were also not included in this 
model and may have an impact on transmission between 
vulnerable groups. In different countries and different 
contexts, the impact of lockdowns and other methods 
to reduce transmission are likely to be different. For 
this reason, we have considered a range of values for the 
reduction in transmission; however, values outside of this 
range are entirely possible. We have gathered data, from 
multiple sources, on the dates of lockdown interventions 

in countries across the African continent and this data are 
accurate to the best of our knowledge. However, interven-
tions are likely to have been enacted to a different extent 
in different parts of a given country and often these dates 
and interventions differ at the level of districts and cities. 
It was not possible to capture this level of heterogeneity 
here.

The estimates presented here suggest that the burden 
of severe disease caused by SARS-CoV-2 is likely to be high 
for the African continent. Projections of disease progres-
sion are needed to enable policymakers, governments, 
aid agencies and other actors to optimise resource alloca-
tion and planning decisions. The high prevalence of TB, 
HIV and malnutrition and other immunocompromising 
conditions accompanied by limited testing capacity 
and access to healthcare in many African countries are 
likely to make populations particularly vulnerable to 
this pandemic. Immediate planning and appropriate 
resource allocation are essential to save lives and mitigate 
the impact of COVID-19 in Africa.

Twitter Isabel Frost @isabelfrost19

Acknowledgements  This work was supported by the Centers for Disease Control 
and Prevention Modeling in Infectious Disease (MInD) in Healthcare Network.

Contributors  IF, JC, GO, KKT, OG, ES, EKalanxhi and SH contributed to the analysis, 
data collection and figures. EKlein, GL and YY developed the model and original 
code with adaptations and additions by IF. IF, JC and SH contributed to the writing, 
and all authors provided critical revisions of the manuscript.

Funding  This work was supported by Centers for Disease Control and Prevention 
Modeling in Infectious Disease (MInD) in Healthcare Network (Grant Number 
1U01CK000536).

Competing interests  None declared.

Patient consent for publication  Not required.

Provenance and peer review  Not commissioned; externally peer reviewed.

Data availability statement  Data are available upon reasonable request. All data 
relevant to the study are included in the article or uploaded as supplementary 
information. The data relevant to the study are included in the article and 
supplementary material. Any further data is available from the corresponding author 
on request.

Supplemental material  This content has been supplied by the author(s). It has 
not been vetted by BMJ Publishing Group Limited (BMJ) and may not have been 
peer-reviewed. Any opinions or recommendations discussed are solely those 
of the author(s) and are not endorsed by BMJ. BMJ disclaims all liability and 
responsibility arising from any reliance placed on the content. Where the content 
includes any translated material, BMJ does not warrant the accuracy and reliability 
of the translations (including but not limited to local regulations, clinical guidelines, 
terminology, drug names and drug dosages), and is not responsible for any error 
and/or omissions arising from translation and adaptation or otherwise.

Open access  This is an open access article distributed in accordance with the 
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license, which 
permits others to distribute, remix, adapt, build upon this work non-commercially, 
and license their derivative works on different terms, provided the original work is 
properly cited, appropriate credit is given, any changes made indicated, and the use 
is non-commercial. See: http://​creativecommons.​org/​licenses/​by-​nc/​4.​0/.

ORCID iD
Isabel Frost http://​orcid.​org/​0000-​0002-​0095-​0845

REFERENCES
	 1	 Dong E, Du H, Gardner L. An interactive web-based dashboard to 

track COVID-19 in real time. Lancet Infect Dis 2020.

https://twitter.com/isabelfrost19
http://creativecommons.org/licenses/by-nc/4.0/
http://orcid.org/0000-0002-0095-0845


10 Frost I, et al. BMJ Open 2021;11:e044149. doi:10.1136/bmjopen-2020-044149

Open access�

	 2	 Adebisi YA, Oke GI, Ademola PS, et al. SARS-CoV-2 diagnostic 
testing in Africa: needs and challenges. Pan Afr Med J 2020;35:3–4.

	 3	 Remuzzi A, Remuzzi G. COVID-19 and Italy: what next? Lancet 2020.
	 4	 Wu Z, McGoogan JM. Characteristics of and important lessons 

from the coronavirus disease 2019 (COVID-19) outbreak in China: 
summary of a report of 72 314 cases from the Chinese center for 
disease control and prevention. JAMA 2020;323:1239–42.

	 5	 United Nations Population Division. World population prospects 
2019, 2019.

	 6	 WHO. Tuberculosis Factsheet. Available: https://www.​afro.​who.​int/​
health-​topics/​tuberculosis-​tb

	 7	 Ibrahim MK, Zambruni M, Melby CL, et al. Impact of childhood 
malnutrition on host defense and infection. Clin Microbiol Rev 
2017;30:919–71.

	 8	 Schaible UE, Kaufmann SHE. Malnutrition and infection: complex 
mechanisms and global impacts. PLoS Med 2007;4:e115–12.

	 9	 Taylor A, Vora K, Cao W. Protein energy malnutrition decreases 
immunity and increases susceptibility to influenza infection.  
J Immunol 2011;186:67.5 LP–67.5.

	10	 World Health Organization. Public health and social measures 
(PHSMs) database, 2020.

	11	 Nussbaumer-Streit B, Mayr V, Ai D. Quarantine alone or in 
combination with other public health measures to control COVID-19: 
a rapid review (review). Cochrane Database Syst Rev 2020.

	12	 Kucharski AJ, Russell TW, Diamond C, et al. Early dynamics of 
transmission and control of COVID-19: a mathematical modelling 
study. Lancet Infect Dis 2020;20:553–8.

	13	 World Bank. World development indicators. Available: http://​data.​
worldbank.​org/​indicator [Accessed 1 Jan 2018].

	14	 Index Mundi. Available: https://www.​indexmundi.​com/
	15	 Institute for Health Metrics and Evaluation. GBD compare, 2017. 

Available: http://​vizhub.​healthdata.​org/​gbd-​compare [Accessed 15 
Jul 2020].

	16	 Davies M-A. HIV and risk of COVID-19 death: a population cohort 
study from the Western Cape Province South Africa. medRxiv:1–21.

	17	 National Institute for Commuicable Diseases. Covid-19 sentinel 
Hospital surveillance update, 2020.

	18	 Lin G, Bhaduri A, Strauss AT. Explaining the bomb-like dynamics 
of COVID-19 with modeling and the implications for policy. 
medRxiv2020.

	19	 McKay MD, Beckman RJ, Conover WJ. A comparison of three 
methods for selecting values of input variables in the analysis of 
output from a computer code. Technometrics 1979;21:239–45.

	20	 Craig J, Kalanxhi E, Hauck S. National estimates of critical care 
capacity in 54 African countries. medRxiv 2020.

	21	 Klein E, Laxminarayan R, Smith DL, et al. Economic incentives and 
mathematical models of disease. Environ Dev Econ 2007;12:707–32.

	22	 Mboera LEG, Akipede GO, Banerjee A, et al. Mitigating lockdown 
challenges in response to COVID-19 in sub-Saharan Africa. Int J 
Infect Dis 2020;96:308–10.

	23	 Isbell T. COVID-19 lockdown in South Africa highlights unequal 
access to services, 2020. Available: http://www.​afrobarometer.​org/​
publications/​ad358-​covid-​19-​lockdown-​south-​africa-​highlights-​
unequal-​access-​services

	24	 International Labour Organization. Women and men in the informal 
economy: a statistical picture. 3rd edn, 2018.

	25	 World Bank. Poverty headcount ratio at $1.90 a day (2011 PPP) (% 
of population).

	26	 WHO, UNICEF. Progress on drinking water, sanitation and hygiene: 
2017 update and SDG baselines.

	27	 UN Habitat. UN’s Millenium Development Goals database. Geneva.
	28	 UN High Commissioner for Refugees. Update of UNHCR’s 

operations in Africa 2019.
	29	 Bosu WK, Reilly ST, Aheto JMK, et al. Hypertension in older 

adults in Africa: a systematic review and meta-analysis. PLoS One 
2019;14:e0214934.

	30	 Gouda HN, Charlson F, Sorsdahl K, et al. Burden of non-
communicable diseases in sub-Saharan Africa, 1990-2017: results 
from the global burden of disease study 2017. Lancet Glob Health 
2019;7:e1375–87.

	31	 Saeedi P, Petersohn I, Salpea P, et al. Global and regional diabetes 
prevalence estimates for 2019 and projections for 2030 and 2045: 
results from the International diabetes Federation diabetes atlas, 9th 
edition. Diabetes Res Clin Pract 2019;157:107843.

	32	 McCoy T, Traiano H. In the developing world, the coronavirus 
is killing far more young people, 2020. Available: https://www.​
washingtonpost.​com/​world/​the_​americas/​coronavirus-​brazil-​killing-​
young-​developing-​world/​2020/​05/​22/​f76d83e8-​99e9-​11ea-​ad79-​
eef7cd734641_​story.​html

	33	 Kamiya Y, Kamiya Y, Hertog S. Households and living arrangements 
of older persons around the world. Innov Aging 2019;3:S806.

	34	 UNAIDS. People living with HIV receiving ART.
	35	 Wu X, Nethery RC, Sabath BM, et al. Exposure to air pollution 

and COVID-19 mortality in the United States: a nationwide cross-
sectional study. medRxiv 2020 doi:10.1101/2020.04.05.20054502

	36	 Conticini E, Frediani B, Caro D. Can atmospheric pollution be 
considered a co-factor in extremely high level of SARS-CoV-2 
lethality in Northern Italy? Environ Pollut 2020;261:114465.

	37	 Amegah AK, Agyei-Mensah S. Urban air pollution in sub-Saharan 
Africa: time for action. Environ Pollut 2017;220:738–43.

	38	 Our World In Data. Coronavirus (COVID-19) testing.
	39	 Narayanan K, Frost I, Heidarzadeh A. Pooling RT-PCR or NGS 

samples has the potential to cost-effectively generate estimates of 
COVID-19 prevalence in resource limited environments. medRxiv 
2020.

	40	 Endo A, Abbott S, et al, Centre for the Mathematical Modelling 
of Infectious Diseases COVID-19 Working Group. Estimating the 
overdispersion in COVID-19 transmission using outbreak sizes 
outside China. Wellcome Open Res 2020;5:67–8.

	41	 Park M, Cook AR, Lim JT, et al. A systematic review of COVID-19 
epidemiology based on current evidence. J Clin Med 2020;9:967.

	42	 Long Q-X, Tang X-J, Shi Q-L, et al. Clinical and immunological 
assessment of asymptomatic SARS-CoV-2 infections. Nat Med 
2020;26:1200–4.

	43	 Mizumoto K, Kagaya K, Zarebski A, et al. Estimating the 
asymptomatic proportion of coronavirus disease 2019 (COVID-19) 
cases on board the diamond Princess cruise SHIP, Yokohama, 
Japan, 2020. Eurosurveillance 2020;25:1–5.

	44	 Lavezzo E, Franchin E, Ciavarella C. Suppression of COVID-19 
outbreak in the municipality of VO, Italy. medRxiv2020.

	45	 Kissler SM, Tedijanto C, Goldstein E, et al. Projecting the 
transmission dynamics of SARS-CoV-2 through the postpandemic 
period. Science 2020;368:860–8.

	46	 Li R, Pei S, Chen B, et al. Substantial undocumented infection 
facilitates the rapid dissemination of novel coronavirus (SARS-
CoV-2). Science 2020;368:489–93.

	47	 Prem K, Liu Y, Russell TW, et al. The effect of control strategies 
to reduce social mixing on outcomes of the COVID-19 epidemic 
in Wuhan, China: a modelling study. Lancet Public Health 
2020;5:e261–70.

	48	 Woelfel R, Corman VM, Guggemos W. Virological assessment of 
hospitalized cases of coronavirus disease 2019. medRxiv 2020;2020.

	49	 Banerjee R, Bhattacharjee S, Varadwaj PK. Analyses and forecast for 
COVID-19 epidemic in India. medRxiv 2020.

	50	 Liu T, Hu J, Xiao J. Time-varying transmission dynamics of novel 
coronavirus pneumonia in China. Systems Biology 2020.

	51	 Lauer SA, Grantz KH, Bi Q, et al. The incubation period of 
coronavirus disease 2019 (COVID-19) from publicly reported 
confirmed cases: estimation and application. Ann Intern Med 
2020;172:577–82.

	52	 Weiss P, Murdoch DR. Clinical course and mortality risk of severe 
COVID-19. Lancet 2020;395:1014–5.

	53	 CDC COVID-19 Response Team. Severe outcomes among patients 
with coronavirus disease 2019 (COVID-19) — United States, 
February 12–March 16, 2020. MMWR Morb Mortal Wkly Rep 
2020;69.

	54	 Garg S, Kim L, Whitaker M, et al. Hospitalization Rates and 
Characteristics of Patients Hospitalized with Laboratory-Confirmed 
Coronavirus Disease 2019 - COVID-NET, 14 States, March 1-30, 
2020. MMWR Morb Mortal Wkly Rep 2020;69:458–64.

http://dx.doi.org/10.11604/pamj.2020.35.4.22703
http://dx.doi.org/10.1001/jama.2020.2648
https://www.afro.who.int/health-topics/tuberculosis-tb
https://www.afro.who.int/health-topics/tuberculosis-tb
http://dx.doi.org/10.1128/CMR.00119-16
http://dx.doi.org/10.1371/journal.pmed.0040115
http://dx.doi.org/10.1016/S1473-3099(20)30144-4
http://data.worldbank.org/indicator
http://data.worldbank.org/indicator
https://www.indexmundi.com/
http://vizhub.healthdata.org/gbd-compare
http://dx.doi.org/10.1017/S1355770X0700383X
http://dx.doi.org/10.1016/j.ijid.2020.05.018
http://dx.doi.org/10.1016/j.ijid.2020.05.018
http://www.afrobarometer.org/publications/ad358-covid-19-lockdown-south-africa-highlights-unequal-access-services
http://www.afrobarometer.org/publications/ad358-covid-19-lockdown-south-africa-highlights-unequal-access-services
http://www.afrobarometer.org/publications/ad358-covid-19-lockdown-south-africa-highlights-unequal-access-services
http://dx.doi.org/10.1371/journal.pone.0214934
http://dx.doi.org/10.1016/S2214-109X(19)30374-2
http://dx.doi.org/10.1016/j.diabres.2019.107843
https://www.washingtonpost.com/world/the_americas/coronavirus-brazil-killing-young-developing-world/2020/05/22/f76d83e8-99e9-11ea-ad79-eef7cd734641_story.html
https://www.washingtonpost.com/world/the_americas/coronavirus-brazil-killing-young-developing-world/2020/05/22/f76d83e8-99e9-11ea-ad79-eef7cd734641_story.html
https://www.washingtonpost.com/world/the_americas/coronavirus-brazil-killing-young-developing-world/2020/05/22/f76d83e8-99e9-11ea-ad79-eef7cd734641_story.html
https://www.washingtonpost.com/world/the_americas/coronavirus-brazil-killing-young-developing-world/2020/05/22/f76d83e8-99e9-11ea-ad79-eef7cd734641_story.html
http://dx.doi.org/10.1093/geroni/igz038.2967
http://dx.doi.org/10.1101/2020.04.05.20054502
http://dx.doi.org/10.1016/j.envpol.2020.114465
http://dx.doi.org/10.1016/j.envpol.2016.09.042
http://dx.doi.org/10.1101/2020.04.03.20051995v1
http://dx.doi.org/10.12688/wellcomeopenres.15842.3
http://dx.doi.org/10.3390/jcm9040967
http://dx.doi.org/10.1038/s41591-020-0965-6
http://dx.doi.org/10.2807/1560-7917.ES.2020.25.10.2000180
http://dx.doi.org/10.1126/science.abb5793
http://dx.doi.org/10.1126/science.abb3221
http://dx.doi.org/10.1016/S2468-2667(20)30073-6
http://dx.doi.org/10.1101/2020.03.05.20030502v1
http://dx.doi.org/10.7326/M20-0504
http://dx.doi.org/10.1016/S0140-6736(20)30633-4
http://dx.doi.org/10.15585/mmwr.mm6915e3

	Modelling COVID-19 transmission in Africa: countrywise projections of total and severe infections under different lockdown scenarios
	Abstract
	Introduction﻿﻿
	Methods
	Data
	Model structure
	Epidemiological equations and parameters

	Estimation of epidemiological parameters
	Scenarios and assumptions
	Patient and public involvement statement

	Results
	Conclusion
	References


