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Controlling the COVID-19 outbreak remains a challenge for Cameroon, as it is for many
other countries worldwide. The number of confirmed cases reported by health authorities
in Cameroon is based on observational data, which is not nationally representative. The
actual extent of the outbreak from the time when the first case was reported in the country
to now remains unclear. This study aimed to estimate and model the actual trend in the
number of COVID -19 new infections in Cameroon from March 05, 2020 to May 31, 2021
based on an observed disaggregated dataset. We used a large disaggregated dataset, and
multilevel regression and poststratification model was applied prospectively for COVID-19
cases trend estimation in Cameroon from March 05, 2020 to May 31, 2021. Subsequently,
seasonal autoregressive integrated moving average (SARIMA) modeling was used for
forecasting purposes. Based on the prospective MRP modeling findings, a total of about
7450935 (30%) of COVID-19 cases was estimated from March 05, 2020 to May 31, 2021 in
Cameroon. Generally, the reported number of COVID-19 infection cases in Cameroon
during this period underestimated the estimated actual number by about 94 times. The
forecasting indicated a succession of two waves of the outbreak in the next two years
following May 31, 2021. If no action is taken, there could be many waves of the outbreak in
the future. To avoid such situations which could be a threat to global health, public health
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Fig. 1. Age pyramid of C
authorities should effectively monitor compliance with preventive measures in the pop-
ulation and implement strategies to increase vaccination coverage in the population.

© 2023 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The first case of COVID-19 was detected in Cameroon on March 5, 2020, and since then, the country has experienced
several waves of the outbreak. At the initial stage, controlling the spreading of the virus in Cameroon has been very chal-
lenging for the public health authorities(Mbopi-Keou& Pondi, 2020). Testing is a key component of outbreak surveillance and
control. In Cameroon, the first COVID-19 diagnostic laboratory was established in the central region and gradually decen-
tralized to other regions of the country. Regional testing capacity was highly variable with some regions having six testing
laboratories and others having only one. At the onset of the COVID-19 pandemic in Cameroon, only persons with symptoms,
or persons in contact with a confirmed case, or travelers from high-risk countries were prioritized for testing. As the number
of cases increased with community transmission and asymptomatic cases reported, testing was expanded to include every
case. Despite this relaxation in prioritized testing, the majority of those tested were still in the priority group. It is well known
that a large proportion of the population was asymptomatic (Aguilar et al., 2020; Chughtai & Malik, 2020; LiPei et al., 2020;
Mizumoto et al., 2020; Yelin et al., 2020). In addition, regional variation in testing capacity was a limiting factor for individuals
living in regions with low testing capacity to be tested for COVID-19. Therefore, the population getting tested for COVID-19
was not representative. In such cases, the number of confirmed cases reported would inevitably be skewed and would not
reflect the true epidemiological situation. An important question that health authorities would like to answer is: what is the
real magnitude of the pandemic in Cameroon?

Mathematical models such as in (Djaoue et al., 2020; Nabi et al., 2020; Nguemdjo et al., 2020) have attempted to answer
this question using compartmental SIR models and other sophisticated mathematical models. These models are based on
publicly available data reported by the Cameroonian Ministry of Public Health. Many other models have been developed for
estimating the number of COVID-19 cases, including the Imperial College London (ICL) model and the Institute for Health
Metrics and Evaluation (IHME) model (https://ourworldindata.org/covid-models). From these models, the estimated size of
the outbreak in Cameroon from March 05, 2020 to October 30, 2020 was 915 647(3.67%) and 15 647 131(63%) from ICL and
IHME models respectively. However, the total size of the outbreak in the same period based on reported data was
101 552(0.4%). Although these models are widely used, they are based on reported data that have numerous shortcomings
(lack of overall tests number, demographic structure of the population, and many other relevant variables) which may still
underestimate the size of the outbreak.

The main objective of our study was to estimate the actual trend of number of COVID-19 new infection in Cameroon based
on an observed disaggregated dataset with demographic variables obtained from a routine laboratory information system.
Then, to construct from this estimate a time series forecasting model for COVID-19 new infection number. Multilevel
regression and poststratification models (MRP) were applied prospectively to emulate representative samples while ac-
counting for the outbreak spreading. The target population was the total Cameroonian population distribution based on age,
sex, and regions obtained from the Bureau of Census of Cameroon. Finally, Seasonal Autoregressive Integrated Moving
Average (SARIMA) models were adopted to determine time series, forecasting models.
OVID-19 PCR samples (left) and the total population of Cameroon(right).
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Fig. 2. Marginal distribution of the total population of Cameroon and PCR sample respectively according to the region of residence.
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2. Methods and materials

2.1. Data

2.1.1. Data sources
Data were obtained from the following sources:

D1: Platform for Collecting, Analyzing and Reporting Data (PLACARD). That was the only data system that collected COVID-
19 diagnostic data in a disaggregated form at the national level in Cameroon, a broad description of this platform is
provided in (Eyangoh et al., 2021; Tchatchueng-Mbougua et al., 2022). The majority of individuals tested by PCR were
reported in PLACARD. Each record contained the date of sample collection, demographic information of the patient and
the PCR test results. From March 05, 2020 to May 31, 2021, about 330 000 samples tested by PCR were recorded in
PLACARD of which 18 000 were PCR positive. Individuals reported in PLACARD were not from a sample survey but
constituted a transversal observational sample.
D2: An auxiliary data set from the Central Bureau of Census and Population Studies (BUCREP, 2021). This data set contained
details on the distribution of the total population of Cameroon based on sex, age, and region of residence, needed for
applying the MRP model.
2.1.2. Data flaws
Similar to most sub-Saharan African countries, the age pyramid in Cameroon has a broad base and narrow top, with an

almost equal number of males and females (see Fig. 1A). The shape of the pyramid reflects a predominantly younger pop-
ulation with more children and youths. The average age of the Cameroonian population is about 18 years and the male to
female ratio is about 1.06. The pyramid structure of the participants in D1 was completely different from that of the overall
Cameroonian population (see Fig. 1B). The D1 age pyramid had a narrow base and a distinct middle with an average age of 37
years and a sex ratio of 1.47. The D1 age pyramid was characterized by a population of predominantly adult males. As the D1
data structure differed from that of the overall population in terms of age and gender variables, it did not represent the
general population of Cameroon (see Fig. 2).

Cameroon is divided into 10 regions, with the Central region, where the capital is located, being the most populated
(18.75%), followed by the Far-North (18%) and the Littoral (15.12%) regions and the South-West region (3.37%) is the least
populated. The distribution of testing data recorded in D1 differed from the overall population; more than 60% of the testing
was done in the Center region, followed by the Littoral(17%) and Adamawa(6%) regions. As such, the regional distribution of
the PCR observation testing data would not be truly representative to the entire Cameroon population.
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2.2. Models

The aim is to determine from the observational data D1, the COVID-19 cases estimates over time that represent the total
population of Cameroon. For that, the multilevel regression and post-stratification models (MRP) were fitted prospectively
while accounting for the dynamics of outbreak spreading.

2.2.1. Basic MRP models
Downes et al.(Downes et al., 2018) provided a broad overview of the MRP models. MRP models are performed in two

stages, the first stage consists of performing a multilevel logistic regression model to predict the individual-response in post-
stratum based on a set of covariates. Then, the second stage is the post-stratification, using the prediction of the first stage to
estimate the average number of responses in the different considered post-stratum using the distribution of the total
population.

2.2.1.1. Multilevel regression. Let's consider we have j ¼ 1,…, J post-stratum and denoting by j[i] the index of the individual i in
the post-stratum j. The response variable will be denoted by Y and in the frame of this study, it would be a binary outcome
defined by Yj[i] ¼ 1 if the individual i in the stratum j is COVID-19 infected and Yj[i] ¼ 0 otherwise. The multilevel regression
consists of modeling the response Yj[i] as a linear function of covariates Xj

1;…;Xj
k for post-stratum j, accounting for variations

within the post-stratum. The multilevel regression modelling of the outcome Y in the post-stratum j is therefore specified as:

hj ¼ PðYj ¼1Þ ¼ logit�1

 
b0 þ tðXjÞbþ

XM
m¼1

aml½j�

!
(1)

hj ¼ P(Yj ¼ 1) represents the probability for any individuals of contracting COVID-19 infection in the post-stratum j (its es-
timate represents the proportion of COVID-19 infection in the post-stratum j), logit is the logistic function, b0 is the fixed
intercept, t(b) is the fixed effect coefficient vector and aml½j� is the varying coefficient effect of the category l of the variable Xj

m in
the post-stratum j. The parameters b0, b and aml½j� are estimated based on Monte-Carlo-Markov-Chain(MCMC), with the prior
assumed to be normally distributed with mean of zero and standard deviation estimated from the sample.

2.2.1.2. Poststratification. After the parameters are estimated from the multilevel regression, the model is fitted to census data
to estimate the number of COVID-19 infection in the post-stratum j, which is estimated by:

n̂j ¼ ĥjNj: (2)

Where nj and n̂j denote the actual number of COVID-19 infected cases and its estimate in the post-stratum j respectively, Nj

denotes the total population of the post-stratum j.

2.2.2. Prospective MRP modeling for COVID-19
We applied the MRP models described above pointwise over the considered period to estimate the actual trend of COVID-

19 infection, while accounting for the dynamic of the outbreak spread. Thus, let's assume that the dynamic of the outbreak
spreading is such that after an initial infection, individuals are removed from the population of susceptible for some time to
become again susceptible after the acquired natural immunity is lost.

Assuming that at the initial time, from t0 to tx, the virus had not yet spread throughout the country. Denoting by rj(t) the
observed number of COVID-19 cases at time t, the observed number of infected estimates the actual number of cases during
the initial period [t0; tx], that is njðtiÞ ¼ n̂jðtjÞ ¼ rjðtjÞ, for any j in 1, …, x.

From txþ1, the population of susceptible individuals would increase, to a level that the whole population gets susceptible
individuals. At time point txþ1, the population of susceptible would be Nj(txþ1) ¼ d(txþ1)(Nj(txþ1) � nj(tx)). Where d(t) denotes
the proportion of susceptible individuals at time t, in relation to the previous time.

This function would be asymptotic and convergent to 1, as COVID-19 spreads rapidly. For instance, one could choose
d(t) ¼ 1 � exp tt, where t is the increase rate per unit of time in the population of susceptible individuals. In the frame of this
work, we assumed that this rate could be approximated by the weekly average percentage of change in COVID-19 trans-
mission rate. From a repeated seroprevalence study carried out in Cameroon by Ndongo et al.(Ndongo et al., 2022), we
estimated this rate at t ¼ 0.025.

Given the above assumptions and initial conditions, the estimated trend of COVID-19 new infections number would be
determined as follows from k ¼ x þ 2:

1. Determine the number of the susceptible individuals in the population at time tk, by

NjðtkÞ ¼ dðtkÞðNjðtk�1Þ� n̂jðtk�1ÞÞ;
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Table 1
List of model parameters and their interpretations.

Parameter Description

tx Time point where the virus starts widespread in the general population
d(t) The fraction of susceptible at time t in the general population
t The weekly average increase in COVID-19 new infection number
p The average duration in weeks of the natural immunity period after an initial infection
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2. Estimate the number of infected individuals n̂jðtkÞ at time tk usingMRP on the observed population at the time tk, targeting
the population Nj(tk),

3. Repeat 1. and 2. Until tk � t0 ¼ p, where p is the period over which natural immunity persists, for example p ¼ 52
months(Dan et al., 2021).

4. Then, the population of susceptible individuals would be:
NjðtkþpÞ ¼ dðtkþpÞðNjðtk�1þpÞ � n̂jðtk�1þpÞ þ n̂jðtkÞÞ.

5. Repeat 1. to 4. until the end of the period.

We first used the variables sex, age groups, and region separately as poststratification variables, then, we combined all of
them to evaluate the additive effect of the considered variables together. Table 1 displays the critical parameters adopted in
the proposed prospective MRP for estimating the trend of COVID-19 new infection number.

2.2.3. SARIMA models
Once the estimated trend n̂ðtÞ of confirmed cases is determined, one could determine a model that fits this trend for

forecasting purposes. ARIMA is a type of time series analysis that has been widely applied in a variety of domains, including
the COVID-19 outbreak, where it was utilized for forecasting and modelling(Al-qaness et al., 2020; Benvenuto et al., 2020;
Ceylan, 2020; Chakraborty & Ghosh, 2020; Toga et al., 2021) e (Al-qaness et al., 2020; Benvenuto et al., 2020; Ceylan, 2020;
Chakraborty & Ghosh, 2020; Toga et al., 2021). ARIMA model is defined by:

n̂ðtÞ ¼ qðBpÞddn̂ðtÞ þ 4ðBqÞεt (3)

Where qðBpÞ ¼ Pp
i¼1qiB

i, 4ðBqÞ ¼ 1�Pq
i¼14iBi and p, q and d model's parameters. The parameters p and q are usually

determined based on the autocorrelation function (ACF) and the partial autocorrelation function (PACF), truncating the in-
tercepts and tails. ARIMA is applied under the assumption that n̂ðtÞ is stationary, otherwise the series d is differentiated times
to be stationary, Ddn̂ðtÞ ¼ ðn̂ðtÞ � n̂ðt � 1ÞÞd and Bin̂ðtÞ ¼ n̂ðt � iÞ. The parameters qi and 4i are estimated using the maximum
likelihood method (MLE).

Unlike other previous works that used ARIMA tomodel the COVID-19 trend, in this workwe introduce seasonality into the
model, called SARIMA. Seasonality would explain the occurrence of waves in the dynamics of the outbreak. SARIMAmodel is
denoted by SARIMA(p, d, q)(P,D,Q)[s] and is defined by:

n̂ðtÞ ¼ qPðBsÞqPðBÞDD
s D

dn̂ðtÞ þ FPðBsÞ4PðBÞεt (4)

WhereQðBsPÞ ¼PP
i¼1QiBsi,FðBsQ Þ ¼ 1�PQ

i¼1FiBsi andDD
s n̂ðtÞ ¼ ðn̂ðstÞ � n̂ðsðt � 1ÞÞÞD. With the additional parameters P,Q,D,

Qi, and Fi are determined similarly to ARIMA, and s is the seasonal lag. In practice, different combinations of parameters (p, q,
d) and (P, Q, D) are determined and the model in equation (4) is estimated accordingly. Then, based on a certain criterion (AIC
and BIC), a model that is more suitable for predicting the trend n̂ðtÞ is selected.

2.3. Materials

The R software(version 4.1.2) (R Core Team, 2021) was used in the statistical analysis. In particular, the R package rstanarm
(Goodrich et al., 2020) was used to implement the prospective MRP for COVID-19 trend estimation. The statistical methods of
the rstanarm package required a large amount of computation, so the r codes were run on a supercomputer with 48 cores and
64 Gigabytes(GB) of random access memory (RAM). The R codes files as well as datasets were shared as supplementary file.

3. Results

3.1. Reported trend versus estimated trend

After cleaning the data and removing individuals with missing outcomes among the considered variables in the MRP
models, the final dataset analyzed in this study had a total of 207 926 individuals recorded from March 05, 2020 to May 31,
2021. Fig. 3 shows the trend of estimated and reported numbers respectively. The estimated and reported trends were similar
in terms of the numbers of waves as well as the starting point of each. However, the magnitude of waves from estimated and
reported trends was discordant. In the trend based on reported data, the first wave was less intense compared to the second
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wave. While in the estimated trends, the first wave was more intense compared to the second wave. This result could be
explained by the fact that the initial growth of COVID-19 cases in African countries including Cameroonwas rapid as shown in
(Musa et al., 2020).

Overall, the trends of the estimated number of new cases were above the trend of reported number of cases. The estimated
trends based on the variables sex, age, and region separately were similar. However, when considering these variables
together in the model, the estimated trend, in this case, was below the trends estimated when the variables are considered
separately. Though, we consider the estimates with all variables together as more reliable, as it has been found in many
settings that these three variables were associated with COVID-19 positivity rates, which is particularly the case with the
study by Tejiokem et al. (CyrilleT. M. J. B. S. M. SergeN. G. T. N. P. Alain et al., 2022) in Cameroon using the same data sources.

Table 2 displays the cumulative number of cases based on different estimates, and the ratio to compare the total estimated
number of COVID-19 new cases to the total number of reported new cases. Generally, the total number of reported new cases
was lower than the estimated total number of new cases. The level of underestimation depended on the variables considered
for the MRP model. Considering the variables sex, age and region separately, the ratios of estimated versus reported are 379,
364, and 365 respectivelywhich were larger than the ratiowhen the variables are considered together in themodel (the ratio,
in this case, was 94).

3.2. Time series analysis

The time series of the estimated number of COVID-19 new cases in Cameroon as shown in Fig. 3 was not stationary. The
Augmented Dickey-Fuller Test with p � value ¼ 0.24 confirmed this observation. After a differentiation (d ¼ 1), as shown in
Fig. 4, the series became stationary (p � value ¼ 0.01). Based on acf and pacf cuts off and tails off displayed in Fig. 5, the
parameters p and q of the ARIMAmodel belongs to1, 2. After decomposition (Fig. 6), a clear seasonal component was observed
that corresponded to the occurrence of the two observed waves. The model was selected manually by combining different
plausible combinations of the parameters. The tentative model that best fit the data was identified such that the Akaike
information criterion (AIC) was minimized, the SARIMA(2, 1, 1)(1,1,1)[47] model was identified to fit the data. Fig. 7 displays the
fitting of the identified model on data and Table 3 presents the different error measures of this model. This identified model
was used for forecasting; the short, medium and long-term forecasting are displayed in Figs. 8e10 respectively. Periods of one
month, six months and two years were considered for short-, medium- and long-term forecasting respectively (see Fig. 6).

During the month following May 31, 2021(i.e June 2021), the second wave would still be declining. In the medium-term
forecasting, sixmonths followingMay 31, 2021, the countrywould have fully experienced the secondwave, with an additional
6 539 204 estimated number of infection cases. In the long-term forecasting, the next two years from May 31, 2021, the
country would have experienced two additional waves of the outbreak. Overall, therewill be successivewaves of the outbreak
in the country with a periodicity of about 47weeks, and, during eachwave, almost the entire populationwill become infected.

However, the width of confidence intervals of the predicted number of COVID-19 infections in the medium and long-term
forecasting was very large. These would suggest low accuracy of medium and long-term forecasting. While, in short-term
forecasting, the confidence interval width was relatively narrow, indicating that our model is more appropriate for short-
term forecasting.

4. Discussion

Since the onset of the outbreak of COVID-19 in Wuhan in December 2019, there have been numerous scientific works
aimed atmodelling, estimating, and forecasting the number of COVID-19 cases, deaths, recoveries, contacts and attack rates in
various settings(Al-qaness et al., 2020; Benvenuto et al., 2020; Ceylan, 2020; Chakraborty & Ghosh, 2020; Dobreva et al.,
2022; Musa et al., 2022; Toga et al., 2021) e (Al-qaness et al., 2020; Benvenuto et al., 2020; Ceylan, 2020; Chakraborty &
Ghosh, 2020; Dobreva et al., 2022; Musa et al., 2022; Toga et al., 2021). Most of these works were based on publicly
Fig. 3. Estimated versus reported trend of the number of weekly COVID-19 new infections in Cameroon from March 05, 2020 to May 31, 2021.
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Table 2
Cumulated estimated number of COVID-19 cases in Cameroon.

Poststratification variables Cumulative cases Estimated/Reported

Sex 29933808 379.2
Age 28756513 364.3
Region 28845325 365.4
Sex þ Age þ Region 7450935 94.4

Fig. 4. Differentiated series of the estimated trend of weekly COVID-19 new infections number in Cameroon from March 05, 2020 to May 31, 2021.

Fig. 5. ACF and PACF of the series of the estimated trend of weekly COVID-19 new infections number in Cameroon from March 05, 2020 to May 31, 2021.

A.B. Sandie, M.C. Tejiokem, C.M. Faye et al. Infectious Disease Modelling 8 (2023) 228e239
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Fig. 6. Decomposition of the series of the estimated trend of weekly COVID-19 new infections number in Cameroon from March 05, 2020 to May 31, 2021.

Fig. 7. SARIMAmodel for fitting the series of the estimated trend of weekly COVID-19 new infections number in Cameroon fromMarch 05, 2020 to May 31,
2021.
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available data, generally reported by public health authorities in an aggregated form. This is one of the few studies that have
used disaggregated data at an individual level with demographic variables for estimating, modelling, and forecasting
purposes.

Serosurvey studies have been implemented in many settings to estimate the actual size of the outbreak. In Cameroon, a
study by (Nwosu et al., 2021) in an urban district estimate the seroprevalence at 29.2% by November 26, 2020. This number
was far less compared to the estimated size of the outbreak found in this study by the same date. This discrepancy could be
partly explained by the period considered, from the onset up to November 26, 2020 which corresponds to more than 9
months. Antibodies produced bymemory B cells especially IgG antibodies begin to decline byweek seven after the onset, and
by threemonths almost none is detectable (Stephens&McElrath, 2020; Yamayoshi et al., 2021). Therefore, as pointed out as a
235



Table 3
Error measures of the selected model for COVID-19 forecasting in Cameroon.

ME RMSE MAE MPE MAPE MASE ACF1

350.36 18824.93 11156.77 �0.99 12.35 0.17 0.39

Fig. 8. Short-term(one month) forecasting of the COVID-19 new infections number in Cameroon after May 31, 2021.
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limitation in (Nwosu et al., 2021), many individuals who have been infected had lost their immunity at the time of serosurvey
which could have resulted to them not detected. The delay in seroreconversion among some previously infected individuals
could be another reason for the observed discrepancy between the estimated seroprevalence and our findings. Even though
serosurveys are relevant to estimate the actual size of the outbreak, they present many limitations that might underestimate
the actual size of the outbreak(Long et al., 2020; Rostami et al., 2021).

It has been found that there was a large variation in COVID-19 trend estimates when considering the set of most common
representative models for estimating the trend of COVID-19(https://ourworldindata.org/covid-models): ICL and IHME
models, one would observe that there are large discrepancies between the estimates. These observed discrepancies between
trend estimates of different methods would reflect the challenges of making assumptions on the dynamic of the outbreak on
one hand and the difficulties of correcting the representation bias in reported data. Even though our trend estimate presented
a similar shape as the one of IHME model, our estimates were larger than those obtained from both methods. Comparatively
to other methods, our methods were based on a disaggregated dataset with demographic variables which allowed us to
mimic the true population of Cameroon. Therefore, our trend estimate could be closer to the actual trend of the outbreak
compared to other estimates.

In Cameroon, the period of the lockdown and the monitoring of preventive measures was very short (only during the
period March 2020 to April 2020). Compliance to preventive measures has also gradually declined(Fodjo et al., 2021). To date,
due to the perception of low personal risk to infection in the majority of the population, only very few individuals are
practicing social distancing and other preventive measures. In such conditions, added to the very low rate of vaccination (less
than 1%), only naturally acquired immunity from a previous infection would protect individuals from infections. Unfortu-
nately, this natural immunity only lasts for few amonths (3e13months). Therefore, the obtained estimates in this study seem
more realistic in the Cameroonian setting and would be probably the same in countries where there is no monitoring and
observing of preventive measures. Fortunately, with the age structure of the Cameroonian population as in other Sub-saharan
countries, the outbreak is less severe(less fatal and severe cases) as children, adolescents and young adults are mostly
asymptomatic (Aguilar et al., 2020; Chughtai&Malik, 2020; de Lusignan et al., 2020; LiPei et al., 2020; Mizumoto et al., 2020;
Yelin et al., 2020).

A study by (Nkwayep et al., 2020) in May 2020 in a short-term forecasting study, concluded that COVID-19 would persit in
the country in the absence of control measures. These conclusions are consistent with our findings. Moreover, the persistence
of the outbreak will be in the form of waves. This should alert public health authorities to implement effective preventive and
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Fig. 9. Medium-term(6 months) forecasting of the COVID-19 new infections number in Cameroon after May 31, 2021.

Fig. 10. Long-term(Two years) forecasting of the COVID-19 new infections number in Cameroon after May 31, 2021.
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control measures within the population to avoid long-term consequences of the spreading of the virus such as the devel-
opment of new variants of the virus.

Even though COVID-19 mortality was generally very low in Sub-Saharan countries, including Cameroon, not considering
COVID-19 mortality in our model could be viewed as a limitation of our study. However, our data system, well described in
(Tchatchueng-Mbougua et al., 2022) did not collect data on COVID-19 mortality, and we are not aware of any data system in
Cameroon which has collected such data.
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5. Conclusion

Reported data on COVID-19 in Cameroon as well as in many Sub-Saharan countries are particularly affected by repre-
sentative flawswhich underestimate the actual trend of the outbreak. Serosurveys are important to estimate the actual size of
the outbreak. However, the cross-sectional nature of such surveys will still underestimate the size of the COVID-19 outbreak,
as the memories of SARS-CoV-2 antibodies last only a few months. This study has provided estimates which are closer to the
actual trend as it was based on the emulation of representative samples at the national level.

The estimates and the forecasting from this study shows that the size of the outbreak is far larger than what has been
reported. To avoid the development of new variants of the virus resulting from the persistence of the spreading of the virus,
public health authorities should implement effective strategies for monitoring preventive and control measures against the
spread of the virus. This particularly includes the strategies to improve the vaccination rate which is currently very low in
Cameroon (less than 10%).
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