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Abstract: COVID-19 causes acute respiratory illness in humans. The direct consequence of the spread
of the virus is the need to find appropriate and effective solutions to reduce its spread. Similar to other
countries, the pandemic has spread in Algeria, with noticeable variation in mortality and infection
rates between regions. We aimed to estimate the proportion of people who died or became infected
with SARS-CoV-2 in each provinces using a Bayesian approach. The estimation parameters were
determined using a binomial distribution along with an a priori distribution, and the results had a high
degree of accuracy. The Bayesian model was applied during the third wave (1 January–15 August
2021), in all Algerian’s provinces. For spatial analysis of duration, geographical maps were used.
Our findings show that Tissemsilt, Ain Defla, Illizi, El Taref, and Ghardaia (Mean = 0.001) are the
least affected provinces in terms of COVID-19 mortality. The results also indicate that Tizi Ouzou
(Mean = 0.0694), Boumerdes (Mean = 0.0520), Annaba (Mean = 0.0483), Tipaza (Mean = 0.0524), and
Tebessa (Mean = 0.0264) are more susceptible to infection, as they were ranked in terms of the level
of corona infections among the 48 provinces of the country. Their susceptibility seems mainly due
to the population density in these provinces. Additionally, it was observed that northeast Algeria,
where the population is concentrated, has the highest infection rate. Factors affecting mortality due to
COVID-19 do not necessarily depend on the spread of the pandemic. The proposed Bayesian model
resulted in being useful for monitoring the pandemic to estimate and compare the risks between
provinces. This statistical inference can provide a reasonable basis for describing future pandemics in
other world geographical areas.

Keywords: Bayesian approach; binomial model; COVID-19; Algeria; mortality and infection rates

1. Introduction

The new coronavirus, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2),
which can cause acute respiratory disease in humans, emerged in late 2019 as a new global
epidemic [1]. The virus originated in Wuhan, a city in China’s Hubei province, and was
identified in late December 2019 as responsible of the coronavirus 2019 disease (COVID-
19) [2]. Currently, more than 576 million confirmed cases and over 6.4 million deaths have
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been reported due to COVID-19 as of 30 July 2022 [2]. The entire world population is
currently facing great challenges (particularly socio-economic). As an example, in Italy
this emergency led to a structural and organic deficiency that impacted on both the costs
of managing infections in healthcare facilities and peoples’ health related behaviors [3,4].
A study from USA showed that recent COVI-19 related job loss causes were significantly
related with suicide specifically in the lockdown phase [5]. In Spain, it caused a declining
economic activity while expenditure must rise to combat the infection and its social and
economic consequences generated huge public deficits hard to finance [6]. According
to Elkhashen et al. [7], the pandemic’s primary impact on the Egyptian economy was
the slowdown in all domestic activities and the significant fall in income from tourism,
remittances, and Suez Canal have severely eroded household incomes, pushing millions of
people in poverty.

Moreover, the emerging SARS-CoV-2 variants have resulted in multiple waves of
pandemic over the time. At the moment, a vast surge in COVID-19 cases is being observed
worldwide, mainly due to the recently emerged Omicron (B.1.1.529) variant of concern [2,8].

Therefore, studying the pandemic is essential for acquiring comprehensive analytical
knowledge about the new phenomenon and finding appropriate measures to control
the spread of the disease [9,10], also based on previous experience in infectious diseases
control [11]. Global efforts have resulted in identifying several antiviral drugs, and a few
vaccines have been developed [12,13], however, no clinically approved treatments have
been identified, despite many trials of drug repurposing [14,15].

Each affected country reacted in managing the spread of the disease mainly through
self-distancing and lockdown policies, increasing testing, vaccination, and treatment, and
reducing large-scale meetings [16].

In recent years, the application of mathematical models in epidemiology has in-
creased [17], showing the importance of interdisciplinary. Mathematical and health science
employ models as tools to analyze data and direct decision-making. Mathematical model
construction makes it easier to conduct thorough analysis and enables quantitative fore-
casting of changes in disease burden and the effects of interventions [17].

With regard to Africa, several studies have been conducted on COVID-19 spread and
modelling. Ababsa et al. examined the spread of COVID-19 and the effect of climatic factors
in Algeria [18]. Fatih et al. investigated the transmission of the virus in Algeria, Egypt, and
South Africa [19]. Kadi et al. studied the association between population density and the
spread of COVID-19 in Algerian cities [20]. Other authors used the susceptible-infected-
recovered (SIR) model to predict the daily number of COVID-19 cases in Algeria [21].

However, no previous studies shed light on the arrangements of the countries by the
infection rate or death rate due to the virus.

With the rapid development of contemporary science, the Bayesian paradigm becomes
an asset, since it offers reasoning well suited to the use of the different sources of information
involved in decision-making in an environment of uncertainty. The Bayesian approach
appears as a powerful and solidly integrated approach in the new technology, where the
relations exist between information technology [22]. As a matter of fact, the Bayesian
paradigm makes it possible to integrate a priori information in a natural way, unlike the
frequentist paradigm [23].

Bayesian modeling also captures a priori information to rank provinces of a country
based on the epidemic spread and death rates [18–20,24].

Estimation of the Bayesian model using OpenBUGS (Supplementary Materials) is
made with the greatest number of iterations to produce an estimate that is more accurate
and closer to the true values of the parameters by providing OpenBUGS software codes
through which other users can analyze, with a priori information, and subsequently develop
these packages.

To our knowledge, no studies were conducted on COVID-19 using the Bayesian
approach in Algeria, though there are some examples of using this approach from Africa
such as in Morocco [25], Tunisia [26], and Egypt [27].
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This study aims to identify the spatial distribution of COVID-19 in Algeria, using
the Bayesian approach. This spatial analysis classifies provinces according to the risk of
contagion and death, which makes it possible to understand the relationship between
different regions during different epidemic stages and enables national authorities to
contribute to the fight against this pandemic in a most effective and efficient way. This
study also aims to build a stable predictive model to predict the probability of infection
and severity that can be adapted to other countries.

2. Materials and Methods

A model for estimating epidemic risks and measuring their magnitude between the
different Algerian provinces during a given period was developed.

2.1. Study Period

This study covers the third wave of the COVID-19 pandemic (between 1 January 2021,
and 15 August 2021) and classifies provinces according to the risk of infection and death.

2.2. Data Acquisition

The data were obtained, on request, from the Algerian Ministry of Health. The
data included a 227-days-period (from 1 January 2021 to 15 August 2021), the number
of confirmed cases, and the number of deaths. In addition, these data were divided into
48 provinces, and the total number of infections and deaths for each day during this period
was calculated.

Figures 1 and 2 report the incidence of confirmed cases and the mortality rate by
COVID-19 in Algeria, respectively.
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2.3. Statistical Analysis
2.3.1. Bayes’ Formula and Posterior Distribution

The Bayesian concept differs from the classical ones because the parameter has become
a random variable with “a priori distribution” [28–30]; through this conception, the analysis
allows to consider all the qualitative and quantitative information on the uncertainty in the
model. Then, using Bayes’ theorem, which allows making parameters as values of random
nature, it is possible to deduce the distribution “a posteriori”, which allows us to construct
inferential procedures in the most natural way. In the Bayesian approach, all priors are
informative in some way [28–30].

If we consider n disjoint hypotheses (H) being mutually exclusive and temporarily
exhaustive, at any point in time, it is possible to collect all hypotheses that have been con-
structed, in light of available knowledge, into an hypothesis set Hi (H1, H2, . . . , Hn) [28–30].
As more information is gathered, the competing hypotheses would progressively surface.
The “correct” hypothesis is difficult to get, but there is a tendency to accept one of the alter-
natives, as being more likely than the others. In other words, compared to the alternatives,
there may be a greater degree of certainty/uncertainty that one hypothesis is correct. The
uncertainty is described in terms of probability in Bayesian analysis. In this situation, the
occurrence of an event E of non-zero probability is represented as:

E =
(

E
⋂

H1

)⋃(
E
⋂

H2

)⋃
. . .
⋃(

E
⋂

Hn

)
(1)

According to the theory of total probabilities [31], the probability of the event E is:

P(E) = P
(

E
⋂

H1

)
+ P

(
E
⋂

H2

)
+ · · ·+ P

(
E
⋂

Hn

)
(2)

If we consider P(Hi) as the probability assigned to the “hypothesis Hi”, and P(E/Hi)
the conditional probability [13] of the event observed under hypothesis Hi, it is possible to
consider the probability of observing the event P(E), over all possible hypotheses, as:

P(E) =
n

∑
i=1

P(E/Hi)P(Hi) = EH(P(E/Hi)) (3)

where EH indicates an expectation taken with respect to the prior distribution of the hypotheses.
Using the last two formulas, it is possible to get the last definition for P(E/Hi):

P(Hi/E) =
P(E

⋂
Hi)

P(E)
=

P(E/Hi)P(Hi)

∑n
i=1 P(E/Hi)P(Hi)

(4)

The validity of the Formulas (1)–(4) have already been demonstrated and is not
reported in depth [32].

This standard conditional probability conclusion may refer to the Bayes theorem, or
“inverse probability”. According to this, the likelihood of a hypothesis Hi, given event E, is
inversely correlated with the product of the prior probability assigned to the hypothesis,
P(Hi) and the conditional probability of witnessing the event E under hypothesis Hi.

Bayes used the continuous version of this theorem, taking two random variables x
and y. Therefore, the conditional distribution of y knowing x is given by:

π(y/x) =
f (x/y)× f (y)∫
f (x/y)× f (y)dy

(5)

Equation (5) allows us to make inferences from the distribution of the parameter θ
conditional on the observations x, called the a posteriori distribution [33], and is defined by:

π(θ/x) =
f (x/θ)× π(θ)∫

θ f (x/θ)× π(θ)dθ
=

f (x/θ)× π(θ)

m(x)
(6)
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We pose the marginal distribution of x:

m(x) =
∫
Θ

f (x/θ)π(θ)dθ (7)

This a posteriori distribution is the combination of:

f (x/θ) : the density function of x knowing the value of the random variable θ;
π(θ): the a priori density function on θ;
m(x): the marginal distribution of x.

Equation (6) represents what is known and unknown before, with respect to the
parameter considering the observed data [34]. Moreover, it is an update of π(θ) after the
observation of our sample.

Once the data are available, the amount of m(x) is a normalization constant that
guarantees that π(θ/x) is a posteriori probability distribution. Therefore, π(θ/x) is di-
rectly proportional to f (θ/x)× π(θ), which means that the Bayesian inference verifies the
likelihood principle “a posteriori”, and the information from the data comes exclusively
from the likelihood f (x/θ).

It is frequent to construct a logarithm to simulate the correlated observations, so one
relies on the internal process of the simulated samples. For this objective, we used the
Markov chain Monte Carlo method [35,36] and the natural conjugate laws [37].

2.3.2. The Estimation Model

It is assumed that the number of deaths or infections in the considered time interval is
a realization of a binomial distribution, written respectively as:

dci ∼ βin(n1i, q1i) (8)

Ici ∼ βin(n2i, q2i) (9)

where, n1i, n2i are the total number of deaths and infections, respectively, in the study
period for province i, and q1i, q2i are the probability (proportion) of deaths or infections,
respectively, during the study period for province i.

The application of Bayes’ theorem appears to be an “updating” principle. From the
likelihood function of a sample of m individuals, it is possible to obtain the posterior
probability (proportion) of deaths or infections, respectively, during the study period for
province i:

π(q1i/dci) is directly proportional to f (dci/q1i)π(q1i) (10)

π(q2i/Ici) is directly proportional to f (Ici/q2i)π(q2i) (11)

The probabilities of death (from infection) are considered independent, and identically
distributed (i.i.d). From a Bayesian point of view, we assume an a priori distribution for qi.
As the natural conjugate of a binomial distribution is a beta prior, we obtain:

qi ∼ Be(α, β) (12)

The flexibility of the form of the beta distribution, the ease of constructing the a
posteriori distribution, and the support of the distribution allow an analysis of the different
phenomena. In the case of a uniform measure with respect to the Lebesgue measure [38],
the a priori distribution is not invariant by re-parametrization. Generally, we obtain:

qi ∼ Be(1, 1) (13)

A conjugate distribution can be determined by considering the form of the likelihood
f (x/θ) and by taking a prior distribution of the same form as the latter. The conjugate prior
laws obtained by this process are known to be the natural conjugate laws [38].
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In this model, we assume different locations (i.e., a difference between the provinces),
the same for the whole duration between the days i = 1, . . . m, and for a province denoted
by j such that j = 1, . . . , 48, we can write, respectively:

dcij ∼ βin
(
n1j, q1j

)
(14)

Icij ∼ βin
(
n2j, q2j

)
(15)

and:
q1j ∼ Be(1, 1) (16)

q2j ∼ Be(1, 1) (17)

3. Results
3.1. Modeling Mortality Rates

The death rate due to the virus in each province was calculated by dividing the num-
ber of deaths due to the virus in one province during all the studied period and dividing
it by the number of deaths in the whole country. The COVID-19 mortality rates in the
counties are shown in Table 1. To approach this, we employed OpenBUGS with a num-
ber of 30,000 iterations in order to perform MCMC simulations to calculate Equation (8),
considering the great quantity of data to be analyzed.

Table 1. Mortality rate due to COVID-19 in the provinces 1.

Provinces Mean Provinces Mean Provinces Mean Provinces Mean

Adrar 0.002 Tlemcen 0.016 Constantine 0.045 Tindouf 0.002
Chelef 0.008 Tiaret 0.007 Médéa 0.006 Tissemsilt 0.001

Laghouat 0 0.013 Tizi Ouzou 0.056 Mostaganem 0.013 El Oued 39 0.005
Oum El Bouaghi 0.012 Alger 0.474 M’sila 0.008 Khenchela 0.006

Batna 0.03 Djelfa 0.002 Mascara 9 0.004 Souk Ahras 0.005
Béjaia 0.022 Jijel 0.019 Ouargla 0.009 Tipaza 0.025
Biskra 0.011 Sétif 0.038 Oran 0.046 Mila 0.004
Béchar 0.003 Saida 0.006 El Bayadh 0.004 Ain Defla 0.001
Blida 0.012 Skikda 0.007 Illizi 0.001 Naâma 0.005

Bouira 0.015 Sidi Bel Abbès 0.012 Bordj Bou Arreridj 0.004 Ain Timouchant 0.01
Tamanrasset 0.002 Annaba 0.03 Boumerdes 0.024 Ghardaia 0.001

Tébessa 2 0.024 Guelma 0.005 El Taref 0.001 Relizane 0.01
1 The most affected provinces are indicated in bold black.

According to Figure 3, Algiers province had the highest mortality rate, which means that
the risk of death in this province by COVID-19 between 1 January 2021, and 15 August 2021,
is nine times higher than the other provinces (Tizi Ouzou and Oran).

In the figure below, the mortality risk was divided according to the different provinces
into ten sections or levels in order to facilitate reading and clarify the content. According
to Figure 4, we found differences across the Algerian regions. For example, the northeast,
where most of the population is concentrated, was the region that suffered the most deaths.

According to Figure 5, most provinces with high COVID-19 mortality rates were the
most populated.

Thanks to the advent of marginal distributions in the use of the Bayesian approach,
the classification of mortality risks between provinces was possible using several statistic
measures (the mode, the median, etc.). In our analysis, we used the a posteriori mode in
the classification, which gave decimal digits (without commas).

Figures 3, 6 and 7 provided a more accurate and detailed view of the level of mortality
risks by province. The provinces of Batna and Tizi Ouzou showed higher risks, and this
means that besides the population density component already demonstrated [20], there are
other factors related to the distribution of the number of deaths in the country [10]. The
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three provinces with the largest population density (Algerirs, Oran, and Constantine) were
at the forefront of the ranking with the provinces of Tizi Ouzou, Setif, and Batna.

According to Figure 8, we found a Gaussian shape for the mortality rate estimators for
the first eight provinces. This exhibits a good sign of convergence for this model. Moreover,
marginalization allows Bayesian analysis to eliminate nuisance parameters, in another
way, it reduces the dimension of the parameter “space” to be estimated. Based on this
characteristic, we found marginal distributions in Figure 8. Through these distributions,
the posterior mass is provided and the comparison between the risks will be easier. In
Figure 8, we saw that all the a posteriori values are located to the right of the value “0”,
which means that the risk of mortality is significant in the provinces represented.
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3.2. Modeling of Infection Rates

The rate of infections due to the virus in each province was calculated by dividing the
number of cases infected with the virus in one province during all the study period and
dividing it by the number of infections in the whole country.

Figures 9 and 10 showed the rates of infection in different provinces. In particular,
the radar chart in Figure 10 provides an illustrative data for the spread of the virus within
the scope of the country, or even a group of countries in some cases. It is evident that the
majority of the provinces were concentrated within a band, which means that the dispersion
is low in most of the provinces with regard to infection, which is more prominent in the
provinces of Algiers, Annaba, Tizi Ouzou, Setif, Constantine, Oran, Tipaza, Boumerdes, and
Batna. Figures 9 and 10 also showed that Algiers Province had a very high peak infection
rate, indicating that the risk of COVID-19 infection in this province between 1 January
2021 and 15 August 2021 is higher than the risk in the other provinces (Tizi Ouzou, Sétif,
Constantine, and Oran provinces).

Table 2 presented the COVID-19 infection rates in the country, where we used Open-
BUGS with 30,000 iterations in order to use Equation (8) on a large amount of data.

Table 2 showed that the provinces of the Sahara are the least affected by COVID-19.
Moreover, the risk of infection in Algiers province was twice higher than in Oran province.
This observation, together with the mortality rate, indicated a mutual risk of mortality and
infection in this province.
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Table 2. Provincial COVID-19 infection rates 1.

Provinces Mean Provinces Mean Provinces Mean Provinces Mean

Adrar 0.0010 Tlemcen 0.0170 Constantine 0.0694 Tindouf 0.0024
Chelef 0.0066 Tiaret 0.0078 Médéa 0.0076 Tissemsilt 0.0048

Laghouat 0.0148 Tizi Ouzou 0.0694 Mostaganem 0.0204 El Oued 0.0086
Oum El Bouaghi 0.0168 Alger 0.1999 M’sila 0.0143 Khenchela 0.0112

Batna 0.0425 Djelfa 0.0018 Mascara 0.0053 Souk Ahras 0.0107
Béjaia 0.0238 Jijel 0.0196 Ouargla 0.0152 Tipaza 0.0524
Biskra 0.0119 Sétif 0.0557 Oran 0.0861 Mila 0.0064
Béchar 0.0048 Saida 0.0071 El Bayadh 0.0053 Ain Defla 0.0024
Blida 0.0155 Skikda 0.0082 Illizi 0.0011 Naâma 0.0084

Bouira 0.0186 Sidi Bel Abbès 0.0171 Bordj Bou Arreridj 0.0041 Ain Timouchant 0.0129
Tamanrasset 0.0019 Annaba 0.0483 Boumerdes 0.0520 Ghardaia 0.0041

Tébessa 0.0264 Guelma 0.0113 El Taref 0.0030 Relizane 0.0141
1 The four most affected provinces are indicated in bold black.

In the above figure, the infection risk was divided according to the different provinces
into ten sections or levels in order to facilitate reading and clarify the content. Figure 11
showed the distinction across the Algerian regions. The northeast, where the population
is concentrated, was the most affected region by COVID-19 and had the highest infection
rate. The province of Ouargla in southern Algeria also showed a high infection rate, which
may result from economic activity (specifically related to oil and gas, as they are the main
products of this province). The economy may be the most important explanatory factor of
this finding.
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According to Figure 12, the province of Laghouat presented a significant risk of
infection, whereas the province of Djelfa does not. This means that the infection rate was
distributed in a random manner between Algeria’s northern and central provinces.
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Figures 13 and 14 provided a more accurate view of the risk of infection by province.
The provinces of Tizi-Ouzou, Boumerdes, Annaba, Tipaza, and Tébessa showed higher
risks in relation to their population size, which means that the rate of infection between
provinces is based on several explanatory variables beyond the size of the population,
economic activity, and even distance from the borders.
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Figure 14. Classification of infection rates in Algerian provinces (48 provinces) by COVID-19 between
1 January 2021 and 15 August 2021.

The classification of infection risks between regions using a variety of statistics is now
straightforward due to the development of marginal distributions in the application of the
Bayesian technique (the mode, the median, etc.). In our investigation, we classified data
using the mode method given the shape of the marginal distributions.

In Figure 15, the infection rates showed a Gaussian shape of the estimators, showing
a good sign of convergence for the Bayesian estimators by using the Bayes factor. This
method allows us to conduct parametric tests of comparison between the risk of infection
and death in two separate provinces.
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4. Discussion

This study presents COVID-19 related infection and death models in Algeria between
1 January 2021 and 15 August 2021, with the aim of investigating the differences between
provinces. To our knowledge, this is the first study in Algeria to aggregate a large amount
of data into clear and readable metrics over a seven-month period, whereas past studies
are limited to a single day analysis [39].

It is well known that the SIR model and its variants have been commonly applied to
the current COVID-19 outbreak. Tang et al. [24] investigated an estimated epidemiological
model for COVID-19 based on a classic susceptible-exposed-infected-recovered (SEIR)
model. Wu et al. [40] proposed an extended SEIR model to predict the spread of COVID-19
within and outside Mainland China. However, both models suggested that the exposed
population was not contagious, which may not be sufficient for COVID-19 spreading. Yang
et al. [41] predicted the epidemic trend of the virus outbreak in China using a combination
of the SEIR model and a machine-learning artificial intelligence approach.

In general, the strength of a model is not measured by its complexity, degree of
statistical significance, or statistics of model choice, and there is usually no statistical model
that is entirely correct; however, they offer useful research tools [42,43]. In this study, we
have considered the nature of biased data in Algeria, which may be neglected in previous
studies [44]. By using the proportional relationships between the number of infections and
the number of deaths at other times, the result was the genesis of a consistent model with
reality. This can be very useful in decision making, since it is currently undeniable that
managing pandemics is always difficult [45,46].

In our study, we observed that the provinces of Tissemsilt, Ain Defla, Illizi, El Taref,
and Ghardaia were the least affected by COVID-19 mortality. These findings are different
from the results of Kadi and Khalfaoui [20], showing that the cities that were, until now,
considered the most spared are characterized by high mortality in the cluster analysis of
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the first wave. In addition, the risk of infection in Algiers province is twice as high as that
in Oran province (the second largest city of Algeria), which is consistent with previous
studies [47]. Our results showed that the risk of death in the province of Algiers from
COVID-19 during the study period was nine times greater than that in the other provinces,
which reflects the reality given that Algiers is the largest and most populous city in Algeria
and a centralized place of ministries and important institutions [48].

In contrast, the province of Tizi Ouzou has a high risk of death from COVID-19,
despite its medium population density. To date, no study has reported this in Algeria,
and the reasons can be multiple. Nevertheless, some studies (mainly from Canada and
the USA) showed that suburban areas had higher rates than the major larger city [49–51].
In our case, the most logical explanation is non-compliance with the protective measures,
especially in a political and social context historically tense in this geographical area [33].
Another expected result comes from the fact that in the Algerian regions in the northeast,
where the population is concentrated, is the region with the highest rate of COVID-19
infection. This finding is confirmed by studies focusing on larger geographical areas in
Algeria [52]. Nonetheless, there are many other factors that could explain a medium size
population experiencing higher rates of COVID-19, such as movements of population
(e.g., immigrants and tourists). The province of Ouargla in southern Algeria shows a
high infection rate, which may be the result of economic activity in this province and the
influx of illegal immigration [53], underlining the importance of screening for infectious
diseases [54]. It is worth noting that according to this study, population size is not a linear
factor. Other factors may influence the spread of the epidemic and its relative mortality,
such as economic activity and geographical location [55]. Indeed, the spatial maps in this
study are not an exhaustive solution, but they can provide information on the means to
study infection and mortality rates in a simple form and via the Bayesian approach, where
a priori information can be incorporated, if available. In the present study, spatial point
analysis provides concentrated information and makes us better understand COVID-19
waves and their propagation, which has never been tackled in Algeria. According to
Figure 10, the provinces of Algeria, Sétif, Annaba, Tipaza, Oran, Constantine, Boumerdes,
Bejaia, and Tizi Ouzou represent regions where the epidemic is most widespread, which is
closer to the reality and is in line with previous findings [56]. The Bayesian Markov chain
Monte Carlo (MCMC) method confirms that it is relatively easy to implement and provide
a set of suitable techniques for estimating duration models [57].

The results must be interpreted within the limitations of the methods used. Undoubt-
edly, this study introduces an analysis model based on Bayesian theory that needs to be
further tested and demonstrate its validity. Moreover, we found that the point of vul-
nerability lies in the absence of explanatory (independent) variables. It is important to
note that the findings may be biased by variables not included in the study. Based on
our findings, further studies are needed, using as many explanatory variables as possible
within a multivariate model. In addition, the quality of the model prediction depends
on the availability of data. In our case, as specified in the methodology section, the data
acquired to implement this study were from official sources (Algerian Ministry of Health).
Given that the number of infections was based on PCRs only, the official number of cases is
surely underreported.

This study can be the basis for improving the use of modeling in general, and Bayesian
methods in particular, for researchers who work on COVID-19, not only in Algeria.

5. Conclusions

This study provides several important insights. Factors affecting mortality due to
COVID-19 seem not necessarily dependent on the spread of the pandemic. This remark is
evident when comparing the rankings of the provinces by the risk of death or infection.
The two rankings are partially equivalent. Moreover, the used methodology contributes
to scientific research on Bayesian analysis concerning the risk assessment of infection and
mortality applied to the current COVID-19 pandemic. In addition, the proposed Bayesian
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model is a useful tool for both monitoring the pandemic and estimating and comparing
the risks across provinces of a country. Updating the estimates daily would make the tool
more efficient and useful. Finally, this type of statistical inference can be a reasonable basis
for possible use to describe future pandemics in other geographical areas, given that the
proposed model can be easily implemented in other countries and regions.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ijerph19159586/s1, OpenBUGS Project Definition and The Open-
BUGS codes.

Author Contributions: Conceptualization, H.A.A. and A.H.; methodology, A.H. and K.D.; software,
A.H., H.B. and M.A.; validation, H.A.A., A.E.K. and K.D.; formal analysis, A.H. and C.N.; inves-
tigation, F.K.K.; resources, L.B. and C.N.; data curation, A.H. and M.A.; writing—original draft
preparation, H.A.A., C.N. and A.H.; writing—review and editing, H.A.A., A.E.K., K.D., L.B. and
C.N.; visualization, F.K.K., H.B. and K.D.; supervision, K.D., L.B. and C.N.; project administration,
K.D. All authors have read and agreed to the published version of the manuscript.

Funding: This study was supported by the DGRSDT and the MESRS. A.E.K.’s contribution was
supported by the European Regional Development Fund within the Activity 1.1.1.2 “Post-doctoral
Research Aid” of the Specific Aid Objective 1.1.1 of the Operational Programme “Growth and
Employment” (Nr.1.1.1.2/VIAA/4/20/606).

Institutional Review Board Statement: Not applicable.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

Acknowledgments: Considerable appreciation is addressed to the DGRSDT (Directorate-General of
Scientific Research and Technological Development of Algeria) and the MESRS (Ministry of Higher
Education and Scientific Research of Algeria) for their valuable support. Many thanks are addressed
to the Algerian Ministry of Health for providing data.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or
in the decision to publish the results.

References
1. Dhama, K.; Khan, S.; Tiwari, R.; Sircar, S.; Bhat, S.; Malik, Y.S.; Singh, K.P.; Chaicumpa, W.; Bonilla-Aldana, D.K.; Rodriguez-

Morales, A.J. Coronavirus Disease 2019-COVID-19. Clin. Microbiol. Rev. 2020, 33, e00028-20. [CrossRef]
2. WHO Coronavirus (COVID-19) Dashboard. Available online: https://covid19.who.int (accessed on 30 July 2022).
3. Gallè, F.; Sabella, E.A.; Roma, P.; Ferracuti, S.; Da Molin, G.; Diella, G.; Montagna, M.T.; Orsi, G.B.; Liguori, G.; Napoli, C.

Knowledge and Lifestyle Behaviors Related to COVID-19 Pandemic in People over 65 Years Old from Southern Italy. Int. J.
Environ. Res. Public Health 2021, 18, 10872. [CrossRef] [PubMed]

4. Giraldi, G.; Montesano, M.; Napoli, C.; Frati, P.; La Russa, R.; Santurro, A.; Scopetti, M.; Orsi, G.B. Healthcare-Associated
Infections Due to Multidrug-Resistant Organisms: A Surveillance Study on Extra Hospital Stay and Direct Costs. Curr. Pharm.
Biotechnol. 2019, 20, 643–652. [CrossRef] [PubMed]

5. Gratz, K.L.; Tull, M.T.; Richmond, J.R.; Edmonds, K.A.; Scamaldo, K.M.; Rose, J.P. Thwarted Belongingness and Perceived
Burdensomeness Explain the Associations of COVID-19 Social and Economic Consequences to Suicide Risk. Suicide Life Threat.
Behav. 2020, 50, 1140–1148. [CrossRef] [PubMed]

6. De la Fuente, A. The Economic Consequences of COVID in Spain and How to Deal with Them. Appl. Econ. Analysis 2021, 29,
90–104. [CrossRef]

7. Elkhashen, E.M.; Sarhan, A.; Ejiogu, A. Egyptian Budgetary Responses to COVID-19 and Their Social and Economic Consequences.
J. Public Budg. Account. Financ. Manag. 2020, 33, 78–86. [CrossRef]

8. Aouissi, H.A. Algeria’s Preparedness for Omicron Variant and for the Fourth Wave of COVID-19. Glob. Health Med. 2021, 3,
413–414. [CrossRef]

9. Aouissi, H.A.; Belhaouchet, I. What about Rheumatic Diseases and COVID-19? New Microbes. New Infect. 2021, 41, 100846.
[CrossRef]

10. Aouissi, H.A.; Kechebar, M.S.A.; Ababsa, M.; Roufayel, R.; Neji, B.; Petrisor, A.-I.; Hamimes, A.; Epelboin, L.; Ohmagari, N. The
Importance of Behavioral and Native Factors on COVID-19 Infection and Severity: Insights from a Preliminary Cross-Sectional
Study. Healthcare 2022, 10, 1341. [CrossRef]

https://www.mdpi.com/article/10.3390/ijerph19159586/s1
https://www.mdpi.com/article/10.3390/ijerph19159586/s1
http://doi.org/10.1128/CMR.00028-20
https://covid19.who.int
http://doi.org/10.3390/ijerph182010872
http://www.ncbi.nlm.nih.gov/pubmed/34682618
http://doi.org/10.2174/1389201020666190408095811
http://www.ncbi.nlm.nih.gov/pubmed/30961489
http://doi.org/10.1111/sltb.12654
http://www.ncbi.nlm.nih.gov/pubmed/32589811
http://doi.org/10.1108/AEA-11-2020-0158
http://doi.org/10.1108/JPBAFM-07-2020-0116
http://doi.org/10.35772/ghm.2021.01117
http://doi.org/10.1016/j.nmni.2021.100846
http://doi.org/10.3390/healthcare10071341


Int. J. Environ. Res. Public Health 2022, 19, 9586 17 of 18

11. Napoli, C.; Iatta, R.; Fasano, F.; Marsico, T.; Montagna, M.T. Variable bacterial load of Legionella spp. in a hospital water system.
Sci. Total Environ. 2009, 408, 242–244. [CrossRef]

12. Bae, E.Y.; Sanders, J.M.; Johns, M.L.; Lin, K.; Ortwine, J.K.; Wei, W.; Mang, N.S.; Cutrell, J.B. Therapeutic Options for Coronavirus
Disease 2019 (COVID-19): Where Are We Now? Curr. Infect. Dis. Rep. 2021, 23, 28. [CrossRef]

13. Lounis, M.; Rais, M.A.; Bencherit, D.; Aouissi, H.A.; Oudjedi, A.; Klugarová, J.; Pokorná, A.; Klugar, M.; Riad, A. Side Effects of
COVID-19 Inactivated Virus vs. Adenoviral Vector Vaccines: Experience of Algerian Healthcare Workers. Front. Public Health
2022, 10, 896343. [CrossRef] [PubMed]

14. Aouissi, H.A.; Ababsa, M.; Gaagai, A. Review of a Controversial Treatment Method in the Fight against COVID-19 with the
Example of Algeria. Bull. Natl. Res. Cent. 2021, 45, 94. [CrossRef] [PubMed]

15. Capalbo, C.; Aceti, A.; Simmaco, M.; Bonfini, R.; Rocco, M.; Ricci, A.; Napoli, C.; Rocco, M.; Alfonsi, V.; Teggi, A.; et al. The
Exponential Phase of the COVID-19 Pandemic in Central Italy: An Integrated Care Pathway. Int. J. Environ. Res. Public Health
2020, 17, 3792. [CrossRef] [PubMed]

16. Madan, A.; Bindal, S.; Gupta, A.K. Social Distancing as Risk Reduction Strategy during COVID-19 Pandemic: A Study of
Delhi-NCT, India. Int. J. Disaster Risk Reduct. 2021, 63, 102468. [CrossRef]

17. Overton, C.E.; Stage, H.B.; Ahmad, S.; Curran-Sebastian, J.; Dark, P.; Das, R.; Fearon, E.; Felton, T.; Fyles, M.; Gent, N.; et al. Using
Statistics and Mathematical Modelling to Understand Infectious Disease Outbreaks: COVID-19 as an Example. Infect. Dis. Model.
2020, 5, 409–441. [CrossRef] [PubMed]

18. Ababsa, M.; Aouissi, H.A. Current State of the Coronavirus (COVID-19) in Algeria. J. Community Med. Health Care 2020, 5, 1036.
[CrossRef]

19. Fatih, C.; Hamimes, A.; Mishra, P. COVID-19 Statistics, Strange Trend and Forecasting of Total Cases in the Most Infected African
Countries: An ARIMA and Fuzzy Time Series Approaches. Afr. J. Appl. Stat. 2020, 7, 967–982. [CrossRef]

20. Kadi, N.; Khelfaoui, M. Population Density, a Factor in the Spread of COVID-19 in Algeria: Statistic Study. Bull. Natl. Res. Cent.
2020, 44, 138. [CrossRef]

21. Boudrioua, M.S.; Boudrioua, A. Predicting the COVID-19 Epidemic in Algeria Using the SIR Model. Medrxiv 2021. [CrossRef]
22. Xu, Y.; Liu, X.; Cao, X.; Huang, C.; Liu, E.; Qian, S.; Liu, X.; Wu, Y.; Dong, F.; Qiu, C.-W.; et al. Artificial Intelligence: A Powerful

Paradigm for Scientific Research. Innovation 2021, 2, 100179. [CrossRef] [PubMed]
23. Aktekin, T.; Ekin, T. Stochastic Call Center Staffing with Uncertain Arrival, Service and Abandonment Rates: A Bayesian

Perspective. Nav. Res. Logist. 2016, 63, 460–478. [CrossRef]
24. Tang, B.; Wang, X.; Li, Q.; Bragazzi, N.L.; Tang, S.; Xiao, Y.; Wu, J. Estimation of the Transmission Risk of the 2019-NCoV and Its

Implication for Public Health Interventions. J. Clin. Med. 2020, 9, 462. [CrossRef] [PubMed]
25. El Fatini, M.; El Khalifi, M.; Gerlach, R.; Pettersson, R. Bayesian Forecast of the Basic Reproduction Number during the COVID-19

Epidemic in Morocco and Italy. Math. Popul. Stud. 2021, 28, 228–242. [CrossRef]
26. Abdeljaoued-Tej, I.; Dhenain, M. Estimation of Tunisia COVID-19 Infected Cases Based on Mortality Rate. Epidemiology 2020.

[CrossRef]
27. Sabry, I.; ElWakil, M.; Idrisi, A.; Mourad, A. Forecasting COVID-19 Cases in Egypt Using ARIMA-Based Time-Series Analysis.

EJMO. Eurasian. J. Med. Oncol. 2021, 5, 123–131. [CrossRef]
28. Soikkeli, F.; Hashim, M.; Ouwens, M.; Postma, M.; Heeg, B. Extrapolating Survival Data Using Historical Trial–Based a Priori

Distributions. Value Health 2019, 22, 1012–1017. [CrossRef] [PubMed]
29. Han, H. A Method to Adjust a Prior Distribution in Bayesian Second-Level FMRI Analysis. PeerJ 2021, 9, e10861. [CrossRef]
30. Gelman, A.; Carlin, J.B.; Stern, H.S.; Rubin, D.B. Bayesian Data Analysis, 2nd ed.; Chapman & Hall/CRC: Boca Raton, FL, USA,

2003; ISBN 978-1-58488-388-3.
31. Gianola, D.; Sorensen, D. Likelihood, Bayesian, and MCMC Methods in Quantitative Genetics; Springer: Berlin/Heidelberg,

Germany, 2002.
32. Klenke, A. (Ed.) Probability Theory. A Comprehensive Course, 3rd ed.; Springer: Berlin/Heidelberg, Germany, 2013.
33. Tamburini, F. The COVID-19 Outbreak in North Africa: A Legal Analysis. J. Asian Afr. Stud. 2021, 56, 1738–1754. [CrossRef]
34. Heredity Indexes for Estimating Heritability Using Known and Unknown Family Data Based on the Model of Polygenic

Inheritance-PubMed. Available online: https://pubmed.ncbi.nlm.nih.gov/32300373/ (accessed on 2 July 2022).
35. Betancourt, M. A Short Review of Ergodicity and Convergence of Markov Chain Monte Carlo Estimators 2021. arXiv 2021,

arXiv:2110.07032.
36. Ross, S. (Ed.) Chapter 12-Markov Chain Monte Carlo Methods. In Simulation, 5th ed.; Academic Press: Cambridge, MA, USA,

2013; pp. 271–302. ISBN 978-0-12-415825-2.
37. Encyclopedia of Social Measurement ScienceDirect. Available online: https://www.sciencedirect.com/referencework/97801236

93983/encyclopedia-of-social-measurement (accessed on 3 July 2022).
38. Okubo, K.-I.; Umeno, K. Infinite Ergodicity That Preserves the Lebesgue Measure. Chaos 2021, 31, 033135. [CrossRef] [PubMed]
39. Devianto, D.; Afifah, A.N.; Febrianti, I.K. The Bayesian Model of COVID-19 Case Fatality Rate Proportion on Provinces in

Indonesia. IOP Conf. Ser. Earth Environ. Sci. 2021, 708, 012057. [CrossRef]
40. Wu, J.T.; Leung, K.; Leung, G.M. Nowcasting and Forecasting the Potential Domestic and International Spread of the 2019-NCoV

Outbreak Originating in Wuhan, China: A Modelling Study. Lancet 2020, 395, 689–697. [CrossRef]

http://doi.org/10.1016/j.scitotenv.2009.09.039
http://doi.org/10.1007/s11908-021-00769-8
http://doi.org/10.3389/fpubh.2022.896343
http://www.ncbi.nlm.nih.gov/pubmed/35651866
http://doi.org/10.1186/s42269-021-00550-w
http://www.ncbi.nlm.nih.gov/pubmed/34035647
http://doi.org/10.3390/ijerph17113792
http://www.ncbi.nlm.nih.gov/pubmed/32471066
http://doi.org/10.1016/j.ijdrr.2021.102468
http://doi.org/10.1016/j.idm.2020.06.008
http://www.ncbi.nlm.nih.gov/pubmed/32691015
http://doi.org/10.26420/jcommunitymedhealthcare.2020.1036
http://doi.org/10.16929/ajas/2020.967.250
http://doi.org/10.1186/s42269-020-00393-x
http://doi.org/10.16929/ajas/2020.04.25.20079467
http://doi.org/10.1016/j.xinn.2021.100179
http://www.ncbi.nlm.nih.gov/pubmed/34877560
http://doi.org/10.1002/nav.21716
http://doi.org/10.3390/jcm9020462
http://www.ncbi.nlm.nih.gov/pubmed/32046137
http://doi.org/10.1080/08898480.2021.1941661
http://doi.org/10.1101/2020.04.15.20065532
http://doi.org/10.14744/ejmo.2021.64251
http://doi.org/10.1016/j.jval.2019.03.017
http://www.ncbi.nlm.nih.gov/pubmed/31511177
http://doi.org/10.7717/peerj.10861
http://doi.org/10.1177/0021909620983586
https://pubmed.ncbi.nlm.nih.gov/32300373/
https://www.sciencedirect.com/referencework/9780123693983/encyclopedia-of-social-measurement
https://www.sciencedirect.com/referencework/9780123693983/encyclopedia-of-social-measurement
http://doi.org/10.1063/5.0029751
http://www.ncbi.nlm.nih.gov/pubmed/33810722
http://doi.org/10.1088/1755-1315/708/1/012057
http://doi.org/10.1016/S0140-6736(20)30260-9


Int. J. Environ. Res. Public Health 2022, 19, 9586 18 of 18

41. Yang, Z.; Zeng, Z.; Wang, K.; Wong, S.-S.; Liang, W.; Zanin, M.; Liu, P.; Cao, X.; Gao, Z.; Mai, Z.; et al. Modified SEIR and AI
Prediction of the Epidemics Trend of COVID-19 in China under Public Health Interventions. J. Thorac. Dis. 2020, 12, 165–174.
[CrossRef]

42. Xie, Y. Values and Limitations of Statistical Models. Res. Soc. Stratif. Mobil. 2011, 29, 343–349. [CrossRef] [PubMed]
43. Demirkaya, E.; Feng, Y.; Basu, P.; Lv, J. Large-Scale Model Selection in Misspecified Generalized Linear Models. Biometrika 2022,

109, 123–136. [CrossRef]
44. Khan, F.; Lounis, M. Short-Term Forecasting of Daily Infections, Fatalities and Recoveries about COVID-19 in Algeria Using

Statistical Models. Beni. Suef. Univ. J. Basic Appl. Sci. 2021, 10, 46. [CrossRef] [PubMed]
45. Tripp, L.; Sawchuk, L.A.; Saliba, M. Deconstructing the 1918–1919 Influenza Pandemic in the Maltese Islands: A Biosocial

Perspective. Curr. Anthropol. 2018, 59, 229–239. [CrossRef]
46. Sawchuk, L.A.; Tripp, L. Managing an Epidemic in Imperfect Times: Encampment and Immunity Passes in 19th Century Gibraltar.

BMJ Glob. Health 2021, 6, e006713. [CrossRef]
47. Lounis, M.; Bagal, D.K. Estimation of SIR Model’s Parameters of COVID-19 in Algeria. Bull. Natl. Res. Centre 2020, 44, 180.

[CrossRef]
48. Leveau, C.M.; Aouissi, H.A.; Kebaili, F.K. Spatial Diffusion of COVID-19 in Algeria during the Third Wave. GeoJournal 2022, 1–6.

[CrossRef] [PubMed]
49. Zhang, C.H.; Schwartz, G.G. Spatial Disparities in Coronavirus Incidence and Mortality in the United States: An Ecological

Analysis as of May 2020. J. Rural. Health 2020, 36, 433–445. [CrossRef] [PubMed]
50. Paul, R.; Arif, A.A.; Adeyemi, O.; Ghosh, S.; Han, D. Progression of COVID-19 From Urban to Rural Areas in the United States:

A Spatiotemporal Analysis of Prevalence Rates. J. Rural. Health 2020, 36, 591–601. [CrossRef]
51. Blair, A.; Pan, S.Y.; Subedi, R.; Yang, F.-J.; Aitken, N.; Steensma, C. Social Inequalities in COVID-19 Mortality by Area and

Individual-Level Characteristics in Canada, January to July/August 2020: Results from Two National Data Integrations. Can.
Commun. Dis. Rep. 2022, 48, 27–38. [CrossRef] [PubMed]

52. Kalla, M.I.; Lahmar, B.; Geullouh, S.; Kalla, M. Health Geo-Governance to Assess the Vulnerability of Batna, Algeria to COVID-19:
The Role of GIS in the Fight against a Pandemic. GeoJournal 2021, 1–14. [CrossRef] [PubMed]

53. Al-Raeei, M. The COVID-19 Basic Reproductive Ratio Using SEIR Model for the Middle East Countries and Some Other Countries
for Two Stages of the Disease. Bull. Natl. Res. Cent. 2021, 45, 112. [CrossRef] [PubMed]

54. Napoli, C.; Dente, M.G.; Kärki, T.; Riccardo, F.; Rossi, P.; Declich, S. Network for the Control of Cross-Border Health Threats
in the Mediterranean Basin and Black Sea Screening for Infectious Diseases among Newly Arrived Migrants: Experiences and
Practices in Non-EU Countries of the Mediterranean Basin and Black Sea. Int. J. Environ. Res. Public Health 2015, 12, 15550–15558.
[CrossRef]

55. Klouche-Djedid, S.N.; Shah, J.; Khodor, M.; Kacimi, S.E.O.; Islam, S.M.S.; Aiash, H. Algeria’s Response to COVID-19: An Ongoing
Journey. Lancet Respir. Med. 2021, 9, 449. [CrossRef]

56. Hamidouche, M. COVID-19 Epidemic in Algeria: Assessment of the Implemented Preventive Strategy. J. Contemp. Stud. Epidemiol.
Public Health 2021, 2, ep21005. [CrossRef]

57. Van Ravenzwaaij, D.; Cassey, P.; Brown, S.D. A Simple Introduction to Markov Chain Monte–Carlo Sampling. Psychon. Bull. Rev.
2018, 25, 143–154. [CrossRef]

http://doi.org/10.21037/jtd.2020.02.64
http://doi.org/10.1016/j.rssm.2011.04.001
http://www.ncbi.nlm.nih.gov/pubmed/22043133
http://doi.org/10.1093/biomet/asab005
http://doi.org/10.1186/s43088-021-00136-5
http://www.ncbi.nlm.nih.gov/pubmed/34426791
http://doi.org/10.1086/696939
http://doi.org/10.1136/bmjgh-2021-006713
http://doi.org/10.1186/s42269-020-00434-5
http://doi.org/10.1007/s10708-022-10608-5
http://www.ncbi.nlm.nih.gov/pubmed/35261429
http://doi.org/10.1111/jrh.12476
http://www.ncbi.nlm.nih.gov/pubmed/32543763
http://doi.org/10.1111/jrh.12486
http://doi.org/10.14745/ccdr.v48i01a05
http://www.ncbi.nlm.nih.gov/pubmed/35273467
http://doi.org/10.1007/s10708-021-10449-8
http://www.ncbi.nlm.nih.gov/pubmed/34149148
http://doi.org/10.1186/s42269-021-00572-4
http://www.ncbi.nlm.nih.gov/pubmed/34149279
http://doi.org/10.3390/ijerph121215002
http://doi.org/10.1016/S2213-2600(21)00083-7
http://doi.org/10.30935/jconseph/11027
http://doi.org/10.3758/s13423-016-1015-8

	Introduction 
	Materials and Methods 
	Study Period 
	Data Acquisition 
	Statistical Analysis 
	Bayes’ Formula and Posterior Distribution 
	The Estimation Model 


	Results 
	Modeling Mortality Rates 
	Modeling of Infection Rates 

	Discussion 
	Conclusions 
	References

