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Abstract 

Infectious diseases are a major threat to global health and economy and the recent 

COVID-19 pandemic is a perfect example of this. Appropriate modelling and accu-

rate prediction of the outcome of disease spread over time and across space are 

critical steps towards informed development of effective strategies for public health 

interventions. In low and middle-income countries, however, the scarcity of spatially 

disaggregated time-series infectious diseases data often limits the analysis of the 

burden of infectious disease at a broad-scale, and the effects of the contextual risk 

factors is not often fully captured. In this study, we investigate the spatio-temporal 

patterns of COVID-19 infection in Dakar at the neighbourhood level, and evaluate the 

impact of potential risk factors. Geostatistical models based on COVID-19 infection 

data were used to explain and predict the spatio-temporal distribution of infections 

between June 2020 and June 2021. We specified a Bayesian regression model that 

incorporates a spatio-temporally autocorrelated random effect in order to quantify the 

evolution of the spatial patterns of the COVID-19 infection overtime. Results show 

significant strong spatial heterogeneity but relatively small temporal variations of the 

COVID-19 distribution, and a positive association between adjusted population den-

sity (mean of the posterior probability: 0.29, credible interval: 0.24-0.34) and residen-

tial areas (mean of the posterior probability: 1.25, credible interval: 0.66-1.83) with 

COVID-19 infection. Western areas are at higher risk of COVID-19 infection com-

pared to eastern and less densely populated peripheral neighbourhoods. Measuring 

the role of contextual risk factors and mapping the at-risk areas can provide valuable 

insights for policymakers, enabling more targeted public health interventions. These 

efforts also support the management of endemic diseases and preparedness for 

future outbreaks.
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1.  Introduction

The COVID-19 pandemic has had profound health, economic, and social conse-
quences worldwide throughout the year 2020 until now. Since its emergence in 
late 2019, the disease has spread rapidly, leading to unprecedented public health 
responses such as lockdowns, social distancing measures, and mass vaccination 
campaigns [1]. As of April 2024, the global related death toll had risen to more than 7 
million from more than 700 million reported infections [2]. While widespread vaccina-
tion efforts have significantly reduced transmission and mortality [3], the containment 
of the virus is challenging because of the biological features of the virus [4], involving 
mutating variants that mitigate the effectiveness of the vaccine, leading to sustained 
rates of infection throughout the community.

Given the persistent risk of COVID-19 variants worldwide, assessing the disease 
spread and understanding its spatio-temporal patterns are key to effective monitor-
ing, prevention and control. This is particularly true in many LMICs, where fragile 
disease surveillance systems were unable to monitor the progress of COVID-19 and 
formulate appropriate responses. Recent studies have explored the role of various 
contextual factors in shaping the spread of COVID-19, including population density, 
landscape connectivity, human mobility, socioeconomic characteristics, environmen-
tal conditions, pollution and smoking [5–11]. Population density, in particular, has 
been widely investigated as a risk factor of disease transmission, given the fact that 
people’s proximity to each other increases likelihood of infection [12]. In many cases, 
the relationship was positive, with more densely populated areas having higher rates 
of infections or experiencing early outbreaks [5,10,13,14]. Highly connected areas 
also face earlier and higher COVID-19 infection rates [15–18], and socioeconomic 
factors such as residential characteristics drive disparities in COVID-19 cases and 
deaths [7,19–21].

Several statistical approaches have been used to investigate the role of the 
aforementioned risk factors on the spread of the COVID-19 disease. They are either 
classical and frequentist methods, which remain at the core of most practical statis-
tical applications [22], or Bayesian methods, which have been increasingly used in 
the field of spatial epidemiology due to their ability to incorporate spatial and temporal 
dependencies [23,24].

Although the scientific community is deploying efforts to understand contextual fac-
tors invloved in the spread of COVID-19, existing epidemiological data are not often 
resolved at spatial levels that allows for in-depth analyses; they are in most cases 
available at a large scale (i.e., regional or national levels) and the patterns of the 
disease at finer levels (i.e., at the intra-urban levels) remains unknown.

In Senegal, the first case of COVID-19 was reported in early March 2020, and the 
majority of subsequent Senegalese cases were reported in Dakar, the capital city. 
According to the Ministry of Health, as of May 29, 2020, the Dakar region accounted 
for nearly three quarter (2525 cases out of the 3429 detected in the country; 73.6%) 
of reported COVID-19 infections in Senegal [25]. Public health authorities classified 
the source of the COVID-19 infection as one of the following four categories: (1) 
contact cases; (2) community cases; (3) imported cases and (4) evacuated cases. 
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An infection was termed as a community case when the source of infection was unknown [26], making efforts to con-
trol the pandemic more challenging. Against this backdrop, the present study analysed the spatio-temporal dynamics of 
COVID-19 disease in Dakar, with a focus on the COVID-19 infection which arose from community transmission, and using 
COVID-19 time-series data at the finest administrative level.

Through a spatio-temporal Bayesian framework we evaluate the impact of population density, temperature, distance to 
marketplaces, non-pharmaceutical interventions such as ease of social distancing index, and residential characteristics on 
COVID-19 spread. Distance to marketplaces is used here as a proxy of mobility [27], while residential and non- 
residential areas indicate differences in living conditions and is a useful proxy on poverty levels [28]. In addition to the widely 
used population density (count of people per total area), adjusted population density that refers to the count of people per 
built-up area was also considered. This approach seeks to better capture the effect of crowding, because, although density 
expresses a ratio between population and an unit of area, these units are not uniformly distributed over the space. Our aim 
is to understand the spatio-temporal dynamic of COVID-19 spread in Dakar as well as related potential drivers. In a context 
of fragile health system, as in many low- and middle-income countries, having detailed time-series epidemiological data at 
the finest administrative level for Dakar offers a unique opportunity to explore advanced spatial statistical modelling approach 
and improve our understanding of localised transmission patterns. Understanding these localised transmission patterns is 
essential for designing targeted public health interventions, optimizing resource allocation, and mitigating the impact of future 
outbreaks.

2.  Materials and methods

2.1.  Study area and data

2.1.1.  Study area.  Dakar is the capital city of Senegal (Fig 1) and an example of African city that combines several 
aspects of Africa’s urban growth: rapid urbanization, land cover and land use changes, inequalities in living conditions 
[29] that have led to different health status [28]. Located in the westernmost part of the African continent (Fig 1), Dakar is 
the driving force of the Senegalese economy and through its markets, banks and industrial sector remains a magnet for 
migrants from all over the country. According to the last national census conducted in 2023, the region had a population 
of 4 million inhabitants, nearly a quarter of the Senegalese population (22%) in an area representing only 0.3% of the 
country [30]. The availability of georeferenced fine scale census information [28] and high quality, very-high resolution 
remote sensing land cover and land use products [31,32] has improved our knowledge on health inequalities and 
associated socioeconomic and environmental risk factors [28,33].

2.1.2.  Data.  The epidemiological data used in this study were obtained from the daily reports of COVID-19 infection 
in Dakar produced by the Ministry of health [25]. Data cover the period from 01/06/2020 to 30/06/2021 and record the 
number of confirmed COVID-19 infections from community-based transmission. Each anonymised record includes the 
date of the confirmed infection, the location of the infection and the number of new infections. There can be more than 
one record per date, with similar or different locations. The location of the infection often refers to the neighbourhood, 
which is the smallest administrative unit in an urban area. However, in some situations, the location can refer to a higher 
administrative extent, i.e., the commune, or a lower level spatial extent such as the housing unit. Geographic coordinates 
of each infection record were obtained by joining the excel-based disease data file with the neighbourhood shapefile. To 
do this, the unique identifier availabe in the latter was assigned to the disease record when there is a matching between 
the location of the infection and the polygon shapefile. When the location of the infection was referring to a Commune or 
a housing unit, a fuzzy-matching algorithm was used to merge the infection record with the neighbourhood shapefile. After 
the geocoding of the infection records, the daily cases were aggregated by month for each neighbourhood. Thus, each 
neighbourhood has an aggregated count spanning the study period, providing an idea of the basic severity status of the 
neighborhood during the pandemic (covid19_Dakar).
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Although the neighborhood-level data offer an opportunity to examine the intra-urban variation of COVID-19 infection in 
Dakar, it is important to note that this does not provide a complete picture of the status of the pandemic in the city, as only 
infections from community transmission are analysed. In fact, only community based transmission can be used to recon-
struct the spatio-temporal dynamic of the pandemic because, unlike the other type of infection, it includes information 
about the location of the infection (patient’s residence).

Furthermore, just as there are multiple records for some dates, there are also days with no reported infections from 
community transmission. This might weaken the quality of the study, although it remains unclear whether the absence 
of reported infections is due to a lack of such cases among tested patients on the corresponding dates. The cumula-
tive incidence and temporal distribution of COVID-19 infections over the study period are illustrated in Fig 2 and Fig 3, 
respectively.

As predictors of COVID-19 infection, we used two high resolution satellite derived land use [32] and gridded population 
datasets [34], with a spatial resolution of 10m for the population data and street block level for the land use map. Addition-
ally, distance to marketplaces, ease of social distancing index, and temperature data obtained from the WorldPop data 

Fig 1.  Geographical location of Dakar. The underlying base layer is republished from https://doi.org/10.4081/gh.2021.910, under a CC BY license, 
with permission from the ASSESS project, original copyright Gadiaga et al. 2021.

https://doi.org/10.1371/journal.pgph.0004945.g001

https://doi.org/10.4081/gh.2021.910
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repository were used [35]. The land use map depicts several spatial metrics, such as residential built-up areas (planned 
or unplanned), non-residential built-up areas (administrative, commercial and service areas), agricultural vegetation, 
natural vegetation, water bodies and baresoil areas. It provides a detailed representation of Dakar’s urban landscape, 
with an overall accuracy of 79% [32], and is useful for understanding inequalities in health and living conditions [28,33]. In 
the present study, however, this accuracy may be hampered by the mismatch between the year the satellite data were col-
lected (2015) and the year in which the COVID-19 data were obtained (2020–2021). Although built and settlement layers 
are time-variant, we assume that this 5 year gap is negligible in the particular context of Dakar. To further assess this, we 
used the world settlement footprint data [36] and calculated the average percentage of change in the built-up areas at the 
neighbourhood level from 2015 to 2019. On average, built-up areas per neighbourhood in Dakar increased by 5% during 
the period 2015–2019, indicating minimal changes. It is important to note that the land use data does not cover Goree and 
Ngor islands as well as some parts of eastern Dakar. Thus, to ensure a full overlap between the COVID-19 data and the 
geospatial predictors, the spatial extent of the study area was reduced and sparsely built-up areas in the eastern urbani-
sation front were excluded from the analysis.

Using these remotely sensed data sources, we first extracted the average residential built-up areas, non-residential 
built-up areas, temperature, and distance to marketplaces for each neighborhood. The total gridded population per neigh-
borhood was divided by the neighborhood’s total area to calculate population density. We then computed the adjusted 
population density by dividing the gridded population counts by the total built-up area for each neighborhood. Additionally, 
built-up area was divided by the neighborhood’s total area to calculate built-up density. The covariates used for the model-
ing are listed in Table 1.

Fig 2.  Aggregated incidence of COVID-19 confirmed infection from community transmission from June 2020 to June 2021. The underlying 
base layer is republished from https://doi.org/10.4081/gh.2021.910, under a CC BY license, with permission from the ASSESS project, original copyright 
Gadiaga et al. 2021.

https://doi.org/10.1371/journal.pgph.0004945.g002

https://doi.org/10.4081/gh.2021.910
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Statistical analyses were performed to check for multicollinearity among the covariates and to remove any covariates 
that were not statistically significant. To address this, we used the Variance Inflation Factor (VIF) to measure the level 
of collinearity. Covariates with a VIF greater than 5 were considered to have high multicollinearity and were therefore 
removed from the analysis [37,38]. Only covariates with a VIF less than 5 and those that were statistically significant were 
selected for the final model. Among the 8 variables considered for this analysis and introduced in Table 1, built-up density 
and ease of social distancing index were found showing multicollinearity issue and further dropped. In the following sec-
tion, the Bayesian statistical modelling approach we developed to conduct this research is presented.

2.2.  Modelling COVID-19 infection risk

The spread of infectious diseases like COVID-19, involves complex patterns over both space and time. This complex-
ity arises from the interactions between human behaviour, environmental factors, and disease transmission. To analyse 
COVID-19 cases in Dakar, Senegal, we have used a Bayesian spatio-temporal modelling approach. This method allows 
us to account for both spatial and temporal autocorrelation structures in the data. Spatial autocorrelation refers to the way 
disease cases are clustered in certain areas, while temporal autocorrelation deals with how cases change over time. Our 

Fig 3.  Monthly distribution of COVID-19 infection from community transmission in Dakar from June 2020 to June 2021.

https://doi.org/10.1371/journal.pgph.0004945.g003
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modelling approach is important because COVID-19 cases are not evenly distributed across different locations or time 
periods, as illustrated in Fig 2 and Fig 3.

In this study, we applied three distinct modelling approaches to analyse the spread of COVID-19 in Dakar, as sum-
marized in table 2. Our first approach focused on identifying monthly trends across the entire city. For this, we used both 
first-order and second-order random walk models (RW1 and RW2) to capture temporal randomness. To account for  
neighbourhood-level variations, we included an independent and identically distributed (IID) random effect. In this 
approach, we aggregated the total number of COVID-19 cases across Dakar for each month, using these monthly totals 
as the response variable.

In the second approach, we examined COVID-19 case counts at the neighbourhood level, capturing spatial variations 
within Dakar in addition to temporal trends. This separate spatio-temporal model included spatial randomness based on 
individual neighbourhoods, temporal randomness, and the IID effect of each neighbourhood. Finally, our third approach 
also involved spatio-temporal modelling, but with an added spatio-temporal interaction effect. This term represented an 
unobserved independent effect for each combination of neighbourhood and month, allowing us to capture unique patterns 
in each area over time.

The rationale for constructing a temporal regression and spatio-temporal approaches is that temporal patterns often 
occur in different aspects of health, particularly in infectious disease transmission [39]. Furthermore, infectious disease 
diffusion and spread is an intrinsically spatial process, as it involves complex interactions between human andseveral 
landscapes attributes. Therefore, this study uses temporal, spatial and spatiotemporal modelling approaches to evaluate 
possible temporal and spatio-temporal correlation in the COVID-19 infection and spread.

Table 1.  List of covariates used for the modelling.

Variable Description Source

Temperature Annual average temperature WorldPop

Built-up density Built-up area per total area MAUPPa

Distance to marketplaces Average distance to marketplaces WorldPop

Population density Count of people per total area MAUPP

Adjusted population density Count of people per built-up area MAUPP

Residential areas Proportion of land use (LU) used for residential purposes MAUPP

Non-residential ACS areas Proportion of LU without residences used for administrative, commercial and services (ACS) purposes MAUPP

Ease of social distancing index Score index that evaluates the feasibility of social distancing measure WorldPop

aMAUPP = Modelling and forecasting African Urban Population Patterns for vulnerability and heath assessments (https://maupp.ulb.ac.be/).

https://doi.org/10.1371/journal.pgph.0004945.t001

Table 2.  Overview of the three modelling approaches with their specificities.

Model Type Spatial 
structure

Space-time 
interaction

Model equation Description

Model 1 Temporal None None log
(
qt
)
= β0 + ZTt β + ui + γt Temporal AR model without spatial structure

Model 2 Spatio-temporal SPDE Separable log
(
qit
)
= β0 + ZTitβit + S

(
xi
)
+ ui + γt Combine AR temporal structure with spatial 

SPDE model and separate space and time 
effects (no interaction)

Model 3 Spatio-temporal SPDE Yes log
(
qit
)
= β0 + ZTitβit + S

(
xi
)
+ ui + γt + δit Combines AR temporal structure with spatial 

SPDE model and space-time interaction

https://doi.org/10.1371/journal.pgph.0004945.t002

https://maupp.ulb.ac.be/
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2.2.1.  Temporal modelling of COVID-19 infection.  In the first approach, we have employed a temporal Poisson 
regression framework to analyse the temporal dynamics of COVID-19 in Dakar. In this model, the number of confirmed 
cases at each time point was represented using a Poisson likelihood, as we are dealing with count data. The temporal 
resolution of the analysis has been set to one month, allowing us to explore trends and changes in the number of infected 
cases over time. Additionally, we incorporated geospatial variables to assess their potential correlations with the infection 
rates.

Let Yt  and Et  represent the number of observed and expected COVID-19 cases in the population at time t, where 
t = 1, . . . ,T. We assume that, given the relative risk qt , the number of observed cases follows a Poisson distribution:

	 Yt | qt ∼ Poisson (λt = Et qt)	

where Et  is the total population for the study area, and the log-risk is modelled as:

	 log
(
qt
)
= β0 + ZTt β + ui + γt 	 (1)

where, the relative risk qt  expresses the probability of infection given there is a contact to an infected person, and Zt  
represents the matrix of covariates used to account for various factors influencing the infection rates. The term ui  is an IID 
random effect that captures unobserved variability across the neighbourhoods. Additionally, γt  represents the temporal 
effects, which can be modelled using either a RW1 or a RW2 to account for the temporal structure and potential trends 
over time. In the case of the RW1, the temporal effects γt  are modeled such that the increments ∆γt = γt – γt–1  follow a 
Gaussian distribution with zero mean and precision τ . On the other hand, for a RW2, the temporal effects are modeled as 
∆2 γt = γt – 2 γt–1 + γt–2  also follow a Gaussian distribution with zero mean and precision τ . This RW2 model provides a 
smoother temporal evolution over time compared to the RW1 model, making it particularly useful for capturing complex 
temporal patterns such as trends, cycles, or deviations from simple linear temporal patterns.

For prior selection, we have used penalized complexity (PC) priors [39]. For the IID random effect, the PC prior on the 
precision was set to [0.5, 0.01], where 0.5 is the central tendency and 0.01 controls the spread or uncertainty around it. 
For the RW1 or RW2 model on the monthly data, the PC prior on the precision with parameters [1, 0.01] represents a 
location parameter of 1 and a scale parameter of 0.01, indicating a prior belief that the precision is centered around 1 with 
relatively low uncertainty. The prior for the coefficient vector β =

(
β0, . . . ,βp

)
 which follows a zero-mean Gaussian distri-

bution with a precision of 0.001. All log-precision parameters followed inverse gamma distributions with shape parameter 
α = 1 and scale parameter β = 0.00005.

2.2.2.  Spatio-temporal modelling of COVID-19 infection.  In the second approach, we employed a spatio-temporal 
Poisson regression framework to analyze the spread of COVID-19 in Dakar. In this model, the number of confirmed 
cases at each spatial unit (neighborhood) and time point was represented using a Poisson likelihood. Similar to the first 
approach, the temporal resolution of the spatio-temporal analysis was set to one month, allowing us to observe trends and 
changes in case numbers over time (months). The spatio-temporal model included spatial random effects to account for 
the influence of neighboring regions on case numbers. It also incorporated temporal random effects to capture trends and 
seasonal variations over time. Additionally, geospatial covariates were included to explore their potential associations with 
infection rates.

Let Yit  and Eit  represent the number of observed and expected COVID-19 infected cases in the i-th area (neighbour-
hood) and the t-th period (month), where t = 1, . . . ,T. We assume that, given the relative risk qit , the number of observed 
cases follows a Poisson distribution:

	 Yit | qit ∼ Poisson (λit = Eit qit)	
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where, Eit are the total population for individual neighbourhood of the study area and the log-risk is modelled as in Equa-
tion (2) for spatio-temporal separable model and in Equation (3) for spatio-temporal interaction model.

	 log
(
qit
)
= β0 + ZTitβit + S

(
xi
)
+ ui + γt 	 (2)

	 log
(
qit
)
= β0 + ZTitβit + S

(
xi
)
+ ui + γt + δit 	 (3)

where in both Equation (2) and (3), S(.) represents the spatially structured random effects, and Zit  represents the matrix of 
covariates used in the model. The temporally structured effect has been represented by γt . In Equation (3), δit  represents 
the spatio-temporal interaction between the two structured effects. The IID random effect ui  is added to the model to 
capture neighbourhood-level variability with a penalized complexity (PC) prior on the precision set as [0.5, 0.01] where we 
assumed a prior mean of 0.5 and a prior precision of 0.01.

The matrix of covariates was built by stacking the covariate values for every space-time combination, and separate 
random effect mapping matrices link these observations to spatial, temporal or spatio-temporal latent effects. We have 
modelled temporal trends using a RW1 for the monthly data. This model was scaled for identifiability, and we applied a 
PC prior on the precision with parameters [1,0.01] with a prior mean of 1 and a prior precision of 0.01. For all prior selec-
tions, we used PC priors following the framework proposed by Simpson et al. [39]. We have assigned a vague prior to the 
vector of coefficients β =

(
β0, . . . ,βp

)
 which follows a zero-mean Gaussian distribution with a precision of 0.001. Finally, 

all parameters associated with log-precisions are assigned inverse Gamma distributions with shape parameter α = 1 and 
scale parameter β = 0.00005.

The default prior distributions for all parameters in R-INLA were selected based on commonly used priors in previous 
studies [40–42]. Our findings demonstrated robustness to alternative priors. We have tested multiple scenarios with differ-
ent priors and consistently obtained the same results. As shown in Equation (3), we introduced a spatio-temporal interac-
tion effect as an unobserved, independent term for each region-period combination (i, t), modelled as δit ∼ Normal

(
0, 1

τδ

)
. 

This interaction term assumes no additional structure, representing independent variations from the main spatial and 
temporal effects when those are included in the model. It captures global space-time heterogeneity and is typically mod-
eled as white noise, as discussed in previous studies [40]. This interaction term offers a more flexible structure, capturing 
localized deviations from the main spatial and temporal patterns. To compare modelling strategies, we constructed the 
third model set that incorporates all covariates, using both spatio-temporal interactions and PC priors. A summary of these 
competing models is presented in Table 2 in the Results Section.

The dataset used in this study shows zero inflation. As such, zero-inflated Poisson (ZIP) and Poisson Hurdle models 
can be used to accommodate zero-inflated discrete distributions. While ZIP models add extra probability mass to the zero 
outcome [43], Poisson hurdle models, on the other hand, are characterized by a mixture of zero and non-zero outcomes 
[44,45]. In a ZIP model, the response variable Yit  is zero with probability π , and follows a Poisson distribution with param-
eter λit  with probability 1 – π . In particular,

	
Yit =

0, with prob π + (1 – π)e–λit

k, with prob (1 – π) λk
ite

–λit

k! , k ≥ 1 	 (4)

Conversely, in a Poisson hurdle model, the response variable Yit  is zero with probability π , and follows a truncated Pois-
son distribution with parameter λit  with probability 1 – π . Mathematically,

	
Yit =

0, with prob π

k, with prob (1–π)
1–e–λit

(
λk
ite

–λit

k!

)
, k ≥ 1

	 (5)



PLOS Global Public Health | https://doi.org/10.1371/journal.pgph.0004945  June 11, 2026 10 / 19

In the model fitting process, Bayesian inference typically employs Markov Chain Monte Carlo (MCMC) methods to esti-
mate the joint posterior distribution of model parameters [46,47]. However, for large datasets such as the time-series data 
used in this study, this can be computationally intensive. As a faster alternative, the integrated nested Laplace approxima-
tion (INLA) approximates posterior marginal distributions efficiently, especially for models represented as latent Gaussian 
Markov random fields (GMRF) [42,48]. In the current study, we have applied INLA along with a stochastic partial differen-
tial equation (SPDE) method. The SPDE method allows us to model a continuous spatial process, such as a Gaussian 
field (GF), using a discretely indexed spatial random process like a GMRF [49,50].

In particular, the spatial random process represented by S(.) explicitly denotes dependence on the spatial field, follows 
a zero-mean Gaussian process with Matérn covariance function [51] represented as:

	
Cov

(
S
(
xi
)
, S

(
xj
))
=

σ2

2ν–1Γ(ν)

(
κ ∥ xi – xj ∥

)ν
Kν

(
κ ∥ xi – xj ∥

)
	

The parameter σ2  represents the process variance, indicating the variability of the values around the mean. The 
smoothness parameter ν > 0 influences the rate of decay of correlations with distance, while the scaling parameter 
κ > 0 governs the overall range of the covariance. The term ∥ xi – xj ∥  denotes the Euclidean distance between locations. 
The modified Bessel function of the second kind, Kν(.), defines the covariance structure, and Γ(ν) is the gamma function, 
normalizing the covariance for scaling purposes.

The parameterized model we follow is of the form:

	

(
κ2 –∆

)(
α/2

)
(τS) =W on Rd

	

where ∆ =
∑d

i=1
∂2

∂x2i
 is the Laplacian, α =

(
ν + d/2

)
 is the smoothness parameter, τ  is inversely proportional to σ, W is 

Gaussian white noise and κ > 0 is the scale parameter, related to range r, defined as the distance at which the spatial 
correlation becomes negligible. For each ν , we have r =

√
8ν/κ, with r corresponding to the distance where the spatial 

correlation is close to 0.1. Note that we have d = 2 for a two-dimensional process, and we fix ν = 1, so that α = 2 in this 
case [40–42]. It is worth noting that the spatial range parameters were adopted from the empirical study conducted by 
[50].

In the current study, we have applied the PC priors [39] for the Matérn model, which helps prevent overfitting by sup-
porting simpler models. The Matérn covariance function was adopted because it provides a flexible and interpretable 
description of spatial dependence and is standard within the SPDE-INLA framework. Fixing the spatial dimension as 2 and 
the smoothness parameter as 1 to define the structure of the spatial field ensure computational stability [49,50]. The prior 
for the marginal standard deviation is set as [1, 0.1] where we assumed a prior mean of 1 and a prior precision of 0.1. 
This allows some flexibility around a mean of 1 based on our expectations of spatial variation.

We utilized the centroids of each neighborhood as the target locations for SPDE mesh construction. According to 
Verdoy [52], an optimal mesh should possess a sufficient number of vertices to facilitate effective predictions, and within 
a limit to have control over computational time. Following this principle, the triangulated mesh has been generated using 
inla.mesh.2d function from R-INLA package, based on Delaunay triangulation method [50], with the best fitting mesh 
having 7365 vertices for the 1078 neighbourhoods considered in this study. S1 Fig depicts the SPDE mesh designed for 
the study area with 1078 neighborhood centroid locations highlighted as red points and the blue line marks the boundary 
of the study area. We have created a projection matrix to transfer the spatially continuous Gaussian random field from 
the observations to the mesh nodes. The centroids of the neighbourhoods and the triangulation in the mesh are used to 
develop this projection matrix.
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In a nutshell, all models assume that the number of COVID-19 cases follows a Poisson likelihood, with the expected 
count determined by population size and relative risk. The models differ in how spatial and temporal dependencies are 
incorporated. The temporal model includes monthly random effects modelled as either RW1 or RW2 processes, while the 
spatio-temporal models incorporate both spatially structured effects (using SPDE approach) and temporally structured 
effects (RW1). The interaction model further includes an independent spatio-temporal interaction term to capture unob-
served localized deviations. It is important to note that the smoothness parameter (ν ) of the Matérn covariance function, 
and the spatial dimension are treated as fixed model components. In contrast, the hyperparameters associated with 
the PC priors for the random effects (u), the temporal effects, and the spatial range parameter in the SPDE model are 
assumed parameters. The modelling framework also includes several quantities that are estimated from the data, such as 
the regression coefficients (β), the independent and identically distributed (IID) random effects (u), the structured temporal 
random effects, the spatiotemporal interaction terms (δ), and the values of the spatial Gaussian field (S(x)). These param-
eters are inferred from the data, and their uncertainty is characterised by their posterior distributions. A summary of the 
model parameters and priors is presented in Table 3. A summary of estimated parameters and priors is presented in  
Table 3.

In the model fitting process, we have included eight covariates, such as population density, adjusted population den-
sity, built-up density, average value of temperature, residential built-up areas, non-residential built-up areas, distance to 
marketplaces, ease of social distancing index, as outlined in Section 2.1. The variable month spans from 1 to 12, repre-
senting each month of the year, and month is treated as factor in the model. We used data on COVID-19 cases from June 
2020 to May 2021 (a total of 12 months) to fit the model described in Equation (2). To assess prediction accuracy, we held 
out data from the following month, June 2021, as a test set. Using this fitted model, INLA then predicted the COVID-19 
cases for these held-out months by computing the predictive distributions based on the posterior distributions of the model 
parameters and latent variables. This approach allows INLA to provide both point predictions and uncertainty estimates, 
making it suitable for evaluating model accuracy on out of sample data. Finally, we compared the predicted values with 
the original observed COVID-19 cases from June 2021 to evaluate the predictive performance of the model, with detailed 
comparison results and performance metrics discussed in Section 3. All the analyses were conducted in R statistical 
software (v.4.2.2). Specifically, the INLA package (https://www.r-inla.org/) was used to implement Bayesian regression 
modelling strategies described above. Model ouputs were subsequently extracted, postprocessed and visualised using 
INLAutils (https://github.com/timcdlucas/INLAutils), the companion package to INLA, which provides specialised tools for 
model diagnostics and result interpretation.

Table 3.  Description of the parameters of the spatio-temporal models.

Parameter Description Model(s) Used Prior Distribution

β₀, β Fixed effects (intercept, covariates) All models Normal(0, 0.001)

uᵢ IID random effect (neighbourhood-level variability) Spatio-temporal PC prior [0.5, 0.01]

γₜ Temporal random effect (RW1 or RW2) Temporal, Spatio-temporal PC prior [1, 0.01]

δᵢₜ Spatio-temporal interaction term Interaction model only Normal(0, 1/τδ)

S(xᵢ) Spatially structured effect (SPDE) Spatio-temporal Matérn covariance, PC prior [1, 0.1]

τ Precision parameters (for random effects) All models Inverse Gamma(1, 0.00005)

ν Smoothness parameter in SPDE Spatio-temporal Fixed at 1

κ Scale parameter in SPDE Spatio-temporal Derived from range r

https://doi.org/10.1371/journal.pgph.0004945.t003

https://www.r-inla.org/
https://github.com/timcdlucas/INLAutils
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3.  Results

The following results summarize the outcomes of our Bayesian spatio-temporal modelling approaches, highlighting the 
temporal dynamics, spatial heterogeneity, and zero-inflation characteristics of COVID-19 case distributions in Dakar. For 
the latter, a ZIP hurdle distribution is used in the modelling, and the parameter significance as well as the goodness of 
fit of the three fitted Bayesian ZIP hurdle models are presented in Table 3. It appears that the spatio-temporal interaction 
model was the best model to fit the data. Indeed, the best fitting spatio-temporal interaction model (M3) has the lowest 
Deviance Information Criterion (DIC) and Watanabe-Akaike information Criterion (WAIC) values compared to the temporal 
(M1) and separable spatio-temporal model (M2). The DIC and WAIC values varied slightly from the temporal to the sep-
arable spatial-temporal models (37050 and 37049 DIC values for M1 and M2, respectively, then 37061 and 37060 WAIC 
values for M1 and M2, respectively). When a spatio-temporal interaction is specified, the DIC and WAIC has significantly 
dropped, indicating higher predictability when the space-time interaction is accounted for (Table 4).

For the models specified in Equations (2) and (3), we examine the posterior distributions of fixed and random effects 
for both the separable spatio-temporal model and the spatio-temporal interaction model. These posterior distributions are 
presented in S2 Fig, S3 Fig, and S4 Fig, S5 Fig. For both models, the posterior distribution of the fixed effects provides 
insights into the impact of covariates on the outcome across space and time.

The results indicate that the covariates month number, distance to marketplace, and temperature are non- 
significant in both models, with null posterior mean or zero included within the range of the 95% credible interval. Con-
versely, population density and non-residential ACS areas show a significant negative effect, suggesting a negative 
association in the model. As the proportion of non-residential areas, and the count of people per hectare per neighbour-
hood’s total area increase, the expected mean of the COVID-19 infection decrease by 0.003 and 0.67, respectively. 
These expected values fall within the 95% credible interval for both the effect of non-residential areas (-1.29, -0.04) and 
population density (-0.003, -0.002). Adjusted population density and residential areas exhibit a significant positive effect, 
indicating a strong positive influence. When the proportion of residential areas increases, the expected mean of COVID-
19 infection increases by 0.29. Similarly, an increase in the count of people per built-up area leads to an increase in the 
expected mean of COVID-19 infection by 1.25.. Also there is a 95% probability this effect lies between 0.66 and 1.83 for 

Table 4.  Posterior estimates of model parameters of temporal and spatio-temporal models of COVID-19 in Dakar.

Spatio-temporal Model

Temporal Model (M1) Separable Model (M2) Interaction model (M3)

Variable Mean 95% BCI a Mean 95% BCI Mean 95% BCI

Intercept -10.23 -55.38,-34.91 -10.25 -55.42,34.92 -10.27 -55.46,34.92

Residential areas 1.25 0.67,1.83 1.25 0.67,1.83 1.25 0.66,1.83

Non-residential areas -0.66 -1.29,-0.04 -0.66 -1.29,-0.04 -0.67 -1.29,-0.04

Population density -0.003 -0.003,-0.002 -0.003 -0.003,-0.002 -0.003 -0.003,-0.002

Adjusted population density 0.29 0.24,0.34 0.29 0.24,0.34 0.29 0.24,0.34

Temperature 0.03 -0.12,-0.18 0.03 -0.12,0.18 0.03 -0.12,0.18

Distance to marketplaces 0.00 0.00,0.00 0.00 0.00,0.00 0.00 0.00,0.00

DIC b 37044 37043 36711

WAIC c 37056 37055 36885
a BCI: Bayesian Credible Interval
b DIC: Deviance Information Criterion
c WAIC: Watanabe-Akaike Information Criterion

https://doi.org/10.1371/journal.pgph.0004945.t004
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residential areas, and between 0.24 and 0.34 for adjusted population density. For both spatio-temporal models, the fixed 
effects demonstrate a similar trend and nature.

On the other hand, the posterior distribution of the random effects captures underlying spatial, temporal, and spatio- 
temporal variability. In the separable model (M2), spatial and temporal effects are modeled independently, assuming no 
interaction between them. In contrast, the spatio-temporal (M3) interaction model includes an additional interaction term, 
allowing for unique variations in each region-period combination. S2 Fig depicts the marginal posterior mean of spatial, 
IID and temporal random effects with 95% credible intervals. The random effects analysis indicates that the IID random 
effect (neigh_id_index) has a stronger influence compared to the spatial random effect (denoted as i) and the temporal 
random effect (rw1_month_all), with the latter two exhibiting minimal variability. In the top panel, the spatial random effect 
remains close to zero across all observed SPDE mesh vertices, with very narrow credibility intervals. This suggests that 
the variability introduced by this random effect is minimal, and that it does not contribute significantly to the outcome. The 
middle panel displays the IID random effect for individual neighbourhood, representing individual-level variability. Here, 
substantial fluctuations are observed, with several indices showing large deviations from zero, accompanied by wider 
credibility intervals for specific sections of the index. This finding highlights the significant role that the IID random effect 
associated with neighbourhood factors plays in the model, contributing considerable variability to the outcome. The steep 
changes in mean values for certain neighbourhoods highlight strong spatial heterogeneity, suggesting that specific neigh-
borhoods possess unique characteristics that drive differences in the outcome. In the bottom panel, the random effect for 
rw1_month_all, which captures temporal variation across months, remains relatively stable around zero. However, the 
wider credibility intervals, particularly at the extremes of the plot, suggest uncertainty in the estimation of this effect. This 
suggests that while there is some variability over time, the overall effect is small, and the wide intervals indicate uncer-
tainty in how the model captures monthly fluctuations. The wider band towards the ends may reflect more uncertainty in 
the estimation for early and later months, which could result from less data or greater variability in those periods.

In contrast, S5 Fig depicts the random effects for the spatio-temporal interaction model. This figure contains four pan-
els, with the final plot representing the spatio-temporal interaction effect. Notably, the IID random effect remains consistent 
across both models. However, the credible intervals for the spatial and temporal random effects are wider in the spatio- 
temporal interaction model, though the variation remains close to zero. This indicates increased uncertainty in these ran-
dom effects estimates but suggests that their overall contribution remains minimal. In the last panel, the spatio-temporal 
interaction effect displays minimal variation, with values remaining relatively stable around zero. This stability indicates 
that the interaction effect contributes little additional variability to the model, suggesting limited region-period-specific devi-
ations beyond those captured by the main spatial and temporal effects.

For the spatio-temporal separable model, the spatial effect parameters of κ and τ  have mean values of 53.70 and 0.29, 
respectively. These values represent the marginal posterior distributions of the two hyperparameters for the spatial random 
field. Using these parameters, we calculated the spatial range r to be 0.452 km, or 452 meters. In contrast, for the spatio- 
temporal interaction model, we found of κ to be 35.62 and of τ  to be 1.149, resulting in a spatial range of 0.064 km, or 64 
meters. Notably, the spatio-temporal separable model shows a larger spatial range and higher κ value compared to the 
interaction model, indicating a broader influence of spatial correlations. To further assess the goodness-of-fit of our best- 
fitting model, we evaluated its predictive performance at unsampled locations [53]. Fig 4 reports the comparison between 
predicted COVID-19 infections derived from the best-fitting model and observed data. The Pearson correlation coefficient is 
97%, which indicates a strong positive association between the predicted and the observed COVID-19 infections.

A dynamic map that depicts the prediction from the spatio-temporal interaction model has been developed in an 
R-shiny app and accessible through this link (covid19_Dakar). A sample view of the shiny app is presented in S6 Fig.

The risk of COVID-19 infection is higher in the western Dakar, particularly in the neighbourhoods of the following Com-
munes: Fann-Point-E, Amitie, Plateau, Mermoz Sacre Coeur, Ngor, Sicap Liberte, Dieuppeul, Grand Yoff and Patte d’Oie. 
Central and Eastern peripheral areas have the lowest probabilities of COVID-19 infection.
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4.  Discussion

In this study, we developed Bayesian spatio-temporal models to examine the role of contextual risk factors in the spread 
of COVID-19 infection at the neighborhood level in Dakar. In addition to assessing the influence of these risk factors, we 
quantified the uncertainties associated with both the fixed effects of covariates and the random effects of spatial, temporal, 
and spatio-temporal components. A key outcome of this study is the mapping of areas at higher risk of COVID-19 infec-
tion in Dakar. Furthermore, the strong correlation between the predicted values from the model and the observed values 
underscores the high predictive accuracy of the best-fitted spatio-temporal interaction model.

To investigate the relationship between the covariates and COVID-19 infection, various contextual factors were consid-
ered. These factors were extracted from remote sensing images, which have proven useful for obtaining environmental 
and socioeconomic information. Remotely sensed socioeconomic and environmental variables have been widely applied 
to enhance our understanding of the local epidemiology of infectious diseases [54–59], including COVID-19 disease [60]. 
Population density is a very important feature of compact cities and an important proxy of socio-economic conditions 
along with land use characteristics such as built-up residential areas and built-up non-residential areas examined in this 
study.

Regarding the contrasting statistical correlations that were previously found in the literature, showing a positive [10,14], 
then a negative correlation [5,8] between COVID-19 infection and population density, this study was an opportunity to 
further investigate this issue, by using very detailed data, and a more rigorous analytical approach. Our results confirm 
evidence of contrasting statistical correlations and highlight the impact of the scale of measurement on these correlations. 
On the one hand, COVID-19 infection was found to be significantly negatively associated with population density when 
no further adjustments were made and when population density was calculated using the total area of the spatial units as 
the denominator. On the other hand, when using adjusted population density, which considers only the built-up area as 
the denominator, a significant positive association with COVID-19 infection was observed. Therefore, adjusting population 
density before its application in our spatial statistical analysis has addressed issues related to the intrinsic properties of 
raw, non-adjusted population density such as the implicit assumption of uniformity over spatial units [13], the varying defi-
nitions of boundaries and the effect of varying scale of measurements [61]. Since the early stages of the pandemic, areas 

Fig 4.  Comparison between the predicted and observed infection for the testing records.

https://doi.org/10.1371/journal.pgph.0004945.g004
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with high population density have experienced the greatest burden of COVID-19 infections [62,63]. Population density has 
significantly influenced the spatial distribution of COVID-19 [64], and has been a key indicator for implementing control 
measures such as physical distancing [65] that aimed to combat the spread of the disease. Our findings link negative cor-
relation between COVID-19 infection and population density to the omission of important methodological considerations. 
Conversely, the positive association that emerges following further adjustements confirms the role of population density as 
a primary risk factor for infectious diseases [61], including COVID-19 diseases.

Similarly, we found a significant positive association between residential areas and COVID-19 infection. In contrast, 
COVID-19 infection was negatively associated with non-residential areas, which include ACS areas. The distance to 
marketplaces was found to be not significant, suggesting that the effect of mobility was not fully captured by the geospatial 
predictors used in this study. Despite the complexities surrounding the influence of neighborhood features on the spread 
of COVID-19 [66], the positive association between COVID-19 infection and residential areas provides insights into local 
exposure in relation to built-up areas and land use characteristics. Additional information about residential dwellers, such 
as household social composition and income levels, could further reveal significant disparities in the spread of COVID-19 
across residential areas [67,68].

The spatio-temporal model with space-time interaction demonstrated higher predictive performance compared to the 
non-spatial model and the spatio-temporal model with separable space-time effects. Including the space-time interaction 
improved the model performance as it accounts for specific local spikes, which cannot be explained by overall spatial or 
temporal effects alone. Indeed, the spatio-temporal interaction term has the benefit of capturing localised deviations in 
the infection risk, which is particularly valuable for identifying transient, area-specific surges, thereby enhancing model’s 
sensitivity to local heterogeneity [40,41]. It is worthy to mention that, INLA provides fast and accurate approximations for 
posterior marginal distributions in latent Gaussian models, but it does not generate exact joint posterior samples as in 
MCMC [41–43,48]. The performance may be limited in models with highly non-Gaussian posteriors or complex depen-
dence structures; however, for spatial and spatio-temporal Poisson models, the INLA-SPDE framework can yield results 
comparable to MCMC with substantially lower computational cost [42,43,50]. In particular, the SPDE-INLA framework has 
been extensively validated for spatial data and is known to produce results that closely match MCMC-based inference 
while being computationally much more efficient [41–43,49,50]. In the present study, the primary objective was to compare 
multiple temporal and spatio-temporal model specifications, including different random-effect structures and interaction 
terms. As a result, INLA was chosen to enable comparison of multiple competing model structures using alternative priors 
and model specifications.

There is an important limitation that deserves to be highlighted. The epidemiological data provided by the Ministry of 
Health includes only the location of cases resulting from community transmission, therefore total case counts in some 
areas could be underrepresented. No information is available on the spatial distribution of other types of infection, such as 
the so-called “contact cases”. Including these in the analysis could have refined our results. Furthermore, despite the low 
mortality rate from COVID-19, data on COVID-19 related-deaths could have provided additionnal insigths into the role of 
contextual risk factors in the spread of the disease. Notwithstanding the higher predictability of the spatio- 
temporal model, the link between COVID-19 infection and identified contextual factors may not be direct, as we are deal-
ing with empiric observational data and satellite-derived variables that carry a certain degree of uncertainty. Consequently, 
caution is needed when drawing conclusions from the results, as causal inference from the model findings is limited. In 
this study, we aggregated the number of confirmed infections by months, which in turn smooths the daily reporting noise. 
Nonetheless, missing data, under-reporting and uneven testing across neighbourhoods may still affect the results. For 
instance, areas with better testing access might report more cases, which could confound the association with contextual 
risk factors. Potential data biases may arise from incomplete reporting or spatial variations in the detection of the infec-
tion, although greater concentration of health facilities and shared testing infrastructure in Dakar may limit these differ-
ences. Lastly, it is worth mentioning that, although remotely-sensed variables are useful proxies that capture meaningful 
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landscape characteristics, census or survey-based household-level crowding and socioeconomic variables are useful 
indicators that could further refine our spatio-temporal model, and improve our understanding on the influence of contex-
tual risk factors on COVID-19 infection.

5.  Conclusion

The COVID-19 related social, health and economic impact has been gradually lessened, thanks to various efforts notably the 
rapid deployment of various vaccines that prompted a high level of population immunity. But in the post-pandemic era, the dis-
ease is still circulating and the end of the global health emergency has led to the emergence of a new global health threat. The 
risk of COVID-19 infection, or re-infection persists, as new virus variants can emerge, causing new surges in cases and deaths.

From a public health perspective, the research findings gained from this study can be valuable resources for health 
systems in low- and middle-income countries, for geographically targeted interventions. These outputs can serve as 
support tools for the optimised distribution and less-labour intensive delivery of the COVID-19 vaccine. They can support 
disease surveillance system through the monitoring of the potential COVID-19 outbreaks. Testing or vaccination efforts 
should prioritize high-risk western neighbourhoods, or dense residential areas.

Furthermore, the model can be adapted for the study of other infectious diseases, including malaria, tuberculosis and 
other neglected tropical diseases. Here we can leverage the flexibility of Bayesian spatio-temporal models, which has 
gained more popularity due to their capacity to incorporate spatial and temporal dependencies, uncertainties and intricate 
interactions. Bayesian computing has long been a complex task, but in the era of big data and the rapid advancement of 
computer technology, the Bayesian framework has been enhanced enough to allow in-depth investigations of epidemio-
logical data, and the study of different diseases with a different and more extensive set of regressors.

Supporting information

S1 Fig. SPDE triangulation of the study area. The underlying base layer is republished from https://doi.org/10.4081/
gh.2021.910, under a CC BY license, with permission from the ASSESS project, original copyright Gadiaga et al. 2021.
(TIF)

S2 Fig. Marginal posterior distributions of covariate coefficients for the separable spatio-temporal model. 
(TIF)

S3 Fig. Marginal posterior distributions of covariate coefficients for the spatio-temporal interaction model. 
(TIF)

S4 Fig. Marginal posterior distribution of the random effects components for the separable spatio-temporal 
model. Top: Marginal posterior mean of the spatial random effect S(.). Middle: Marginal posterior mean of the iid effect ui . 
Bottom: Marginal posterior mean of the temporal random effect.γt
(TIF)

S5 Fig. Marginal posterior distribution of the random effects components for the spatio-temporal interaction 
model. Top panel: Marginal posterior mean of the spatial random effect S(.). Second panel: Marginal posterior mean of 
the iid effect ui . Third panel: Marginal posterior mean of the temporal random effect γt . Bottom panel: Spatio-temporal 
interaction effect.
(TIF)

S6 Fig. Overview of the R-Shiny App that visualizes the comparison between the observed and predicted COVID-
19 prevalence. The underlying base layer is republished from https://doi.org/10.4081/gh.2021.910, under a CC BY 
license, with permission from the ASSESS project, original copyright Gadiaga et al. 2021.
(TIF)
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