
Abstract
In sub-Saharan African cities, the dearth of accurate and

detailed data is a major problem in the study of health and socio-
economic changes driven by rapid urbanization. Data on both
health determinants and health outcomes are often lacking or are
of poor quality. Proxies associated with socioeconomic differ-
ences are needed to compensate the lack of data. One of the most
straightforward proxies is housing quality, which is a multidimen-
sional concept including characteristics of both the built and natu-
ral environments. In this work, we combined the 2013 census data
with remotely sensed land cover and land use data at a very high
resolution in order to develop an integrated housing quality-based
typology of the neighbourhoods in Dakar, Senegal. Principal com-
ponent analysis and hierarchical classification were used to derive

neighbourhood housing quality indices and four neighbourhood
profiles. Paired tests revealed significant variations in the census-
derived mortality rates between profile 1, associated with the low-
est housing quality, and the three other profiles. These findings
demonstrate the importance of housing quality as an important
health risk factor. From a public health perspective, it should be a
useful contribution for geographically targeted planning health
policies, at the neighbourhood spatial level, which is the most
appropriate administrative level for interventions. 

Introduction
Rapid urbanization poses significant challenges in developing

countries (Kessides, 2007). Urban planners have to deal with
uncontrolled population growth leading to poverty, unemploy-
ment, promiscuity, spontaneous housing, and lack of necessary
services (Korah et al., 2019) as well as subsequent health prob-
lems (Boadi et al., 2005). Well-being and health outcomes are
generally better in urban than in rural areas (Yaya et al., 2019), but
this urban advantage is mostly driven by the urban rich, and large
disparities exist within the urban population (Dye, 2008; Günther
and Harttgen, 2012; Gulyani et al., 2014). Socio-economic
inequalities lead to increasing health inequalities in urban environ-
ments (Wagstaff, 2002; Quentin et al., 2014), especially in sub-
Saharan Africa (SSA) where cities have the largest proportion of
population living in informal and precarious settlements (Dos
Santos et al., 2015; Günther and Harttgen, 2012). This situation
can be observed in Dakar and its region (Senegal). For example,
the urbanization of Pikine, a department of Dakar, has led to an
uncontrolled urban sprawl, densely and heterogeneously populat-
ed areas, as well as unequal distribution of health care services
(Salem, 1998). Borderon et al. (2014) characterized the habitat of
the Dakar metropolitan area at a relatively fine scale (the census
district level, N=1998) and revealed wide wealth and poverty
inequalities. Varying risks of malaria infection within this area
have also been associated with social vulnerability (Borderon and
Oliveau, 2017).

In SSA cities, the lack of accurate and detailed health data is a
major problem for the study of health as inequalitity-driven by
rapid urbanization. Data on both health determinants and health
outcomes are often lacking or are of poor quality (Quentin et al.,
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2014; Satterthwaite et al., 2019). Sample surveys, such as
Demographic and Health Surveys, rarely make it possible to anal-
yse variations in health indicators within cities, due to small sam-
ple sizes. Death registration systems are often incomplete, and
only a few African cities, such as Antananarivo, Abidjan or Harare,
have sufficiently developed civil registration systems providing
robust mortality indicators (Dlodlo et al., 2011; Masquelier et al.,
2019). In this context, national censuses fill an important gap, as
they make it possible to study both mortality and the main socio-
demographic characteristics of households. However, census data
seldom include information on income, and when they do, the data
are not sufficiently reliable and detailed to reveal intra-urban vari-
ations. Information on socio-professional categories is also prob-
lematic in contexts where a large portion of the population works
in the informal sector. To overcome these limitations, proxies are
used in order to analyse differences of socio-economic status and
related health problems. One of the most straightforward proxies
of socio-economic status is housing quality (Arias and De Vos,
1996; Bawah and Zuberi, 2004; Suglia et al., 2011; Adjei and
Kyei, 2013). This is a multidimensional concept, which results
from a combination of components of built and natural environ-
ments, such as dwelling characteristics, household possessions and
landscape attributes (Lanrewaju, 2012). More generally, adequate
housing is a central component of productive, healthy, and mean-
ingful lives, and a key social determinant of health and well-being
(Tusting et al., 2019).

In the literature, housing quality is evaluated through two main
data sources: census or household surveys (Bawah and Zuberi,
2004; Suglia et al., 2011; Adjei and Kyei, 2013), on the one hand,
and remote sensing data (Thomson and Hardin, 2000; Rahman et
al., 2011) on the other. Questions regarding habitat characteristics
are generally part of the census questionnaires. They provide a
range of information such as type of house, number of rooms,
building materials, occupancy status, level of comfort, access to
safe water and sanitation. Using these variables to construct a
proxy for economic status, Bawah and Zuberi (2004) created a
composite poverty index that they employed in multivariate mod-
els to examine its association with childhood mortality in
Botswana, Lesotho and Zambia. Remotely sensed data can be used
as a complement to census data to map socio-economic indicators
(Tapiador et al., 2011; Gething et al., 2015; Georganos et al.,
2019). Geographical information systems (GIS) technology and
earth observation (EO) methods and techniques enable the use of
satellite imagery to extract physical properties from the environ-
ment for urban studies (Bhatta et al., 2010). This allows, for
instance, mapping and monitoring urban sprawl and analysing
associated environmental and economic impacts (Linard et al.,
2013). Very-high resolution (VHR) remotely sensed data allow for
the delineation of objects such as buildings, roads, trees and are
therefore particularly useful to derive detailed land cover and land
use maps at the intra-urban level (Grippa et al., 2017b; 2018a).
Such maps also provide additional information related to housing
quality through spatial metrics characterizing, for example the
size, density and organization of buildings. Grippa and Georganos
(2018) recently mapped the land cover and land use of the city of
Dakar using a VHR satellite imagery. Based on an object-oriented
approach to delineate different land cover classes (e.g., vegetation,
buildings, water) and spatial metrics, different land uses have been
derived such as planned residential areas, deprived habitats or
administrative, commercial and service areas. Extracting informa-
tion related to housing quality from satellite imagery is much less

expensive and less labour intensive than carrying out a census. It
also has the advantage of producing spatially continuous data.
However, it requires a high level of technical skills and the infor-
mation derived from satellite imagery is associated with a higher
level of uncertainty (Borderon et al., 2014). Integration of census
data and remotely sensed data has received attention, as both
sources can be complementary with respect to mapping popula-
tions and settlements (Tatem et al., 2007) and also provide infor-
mation regarding the different components of housing quality
(built and environmental aspects) (Borderon et al., 2014). 

In this study, we created fine scale housing quality maps for
Dakar, and provide an original typology of neighbourhoods
(N=1347). The innovative aspect of our approach lies in the com-
bination of housing data from the last available census (2013) with
VHR land use and land cover information developed by Grippa
and Georganos (2018), which together cover various aspects of
housing quality (e.g. dwelling characteristics, household posses-
sions and landscape attributes). Our analysis is carried out for the
four departments of the Dakar region and at the neighbourhood
level, which is the most relevant level for health interventions. As
an example of application, we also analyse the relation between
housing quality, as defined by our housing quality components and
profiles, and the crude mortality rate obtained from recent house-
hold deaths reported in the census. From a public health perspec-
tive, this study aims to help governments and other stakeholders
engaged in urban planning to manage the risks caused by the high
population growth and better understand spatial variations of mor-
tality in the Dakar region in order to target health interventions cor-
rectly.

Materials and methods

Study area
The Dakar region is divided in four departments: Dakar,

Pikine, Guediawaye and Rufisque (Figure 1). The department of
Dakar, particularly the city centre, stands out from others thanks to
its economic dynamism (UN-Habitat, 2008). Its large markets,
industrial sector, companies and administrative buildings make it
the driving force of Senegalese economy attracting migrants from
other regions of the country. As the majority of SSA cities, strong
demographic growth started after the independence of Senegal in
1960. Between the 1976 and 1988 censuses, its population
increased from 0.9 to 1.5 million. In 2002, there were 2.2 million
inhabitants and according to the National Agency for Statistics and
Demography (ANSD), the last census in 2013 counted a popula-
tion of 3.1 million (ANSD, 2013). This has resulted in high popu-
lation densities and led to a demand for housing exceeding the
existing supply. It also led to a marked unrestricted spread of the
city into the area surrounding it and large-scale spontaneous settle-
ments (Ndiaye, 2015). These settlements cover 42% of residential
areas in Pikine, compared to 3% in Dakar (UN-Habitat, 2008). As
a result, a large part of the population lives in poor housing condi-
tions, especially in the periphery.

Data 

Census data
Census data for the year 2013, recorded by enumeration area

                                                                                                                                Article
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(N=4189), were obtained from the Senegal census bureau of the
ANSD. This information can be aggregated at different administra-
tive levels, i.e. neighbourhoods (quartiers in French), communes,
departments, region. We worked at the neighbourhood level
(N=1347), the smallest administrative unit for which associated
boundary data are available.

The census data provide the following sociodemographic
information of each household member: age, sex, marital status,
and household living conditions that includes a description of the
inhabited house, goods and belongings and access to basic ser-
vices, such as transport, sanitation and waste disposal. Heads of
households are also asked about the number of deaths that
occurred in the household in the 12 months preceding the census,
i.e. from November-December 2012 to November-December
2013. 

Remotely sensed data
Open access land cover (LC) and land use (LU) maps derived

from Pléiades VHR satellite imagery, for the year 2015, were used
in this study (Grippa et al., 2018a). The spatial resolution is 0.5 m
for LC map and street block level for LU map. Local segmentation
and random forest classification according to Grippa et al. (2017b)
allowed the identification of 11 LC classes (Figure 2A). The LC
map was converted in a LU map using spatial metrics extracted at
the street block level and divided into the following 8 LU classes:

planned residential, low-density planned residential, deprived res-
idential, non-residential built-up, agricultural vegetation, natural
vegetation, artificial ground surface and bare soil (Figure 2B). The
LC and LU maps produced have an overall accuracy of 89.5% and
79%, respectively. These remote sensing data do not cover some
parts of the eastern Dakar. Also, the Goree and Ngor islands are not
shown in the LU map. The non-covered eastern zones are sparsely
built-up areas in the urbanisation front.

Housing quality based on neighbourhood typology
Although there is a general consensus that variations in hous-

ing conditions reflect variations in living standards, there is no rule
on the choice of variables that best identify housing conditions. 

Here we combined data from the 2013 census and remote sens-
ing (LC and LU) in order to best characterize housing quality.
More precisely, we used the framework developed in Bawah and
Zuberi (2004), in combination with Dakar’s detailed LC and LU
data (Grippa et al., 2018). Table 1 summarizes the 16 variables and
associated data sources used by neighbourhood in the subsequent
typology. A subset of 8 variables was derived from the census hous-
ing database, based on multicollinearity tests. Among the 8 variables
used, 6 were individual (household ownership, type of roof (concrete
slab, tiled roof), type of walls (improved cement), type of sewage sys-
tem and availability of a private tap), while 2 related to the type of
floor covering high-quality and poor quality were combined. 

                   Article

Figure 1. Geographical location of Dakar and its administrative units. 
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Figure 2. Land cover (A), and land use (B) maps of Dakar (data source: https://zenodo.org/record/1290800#.W7xWQ_a2w2w ).
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Table 1. Variables extracted from census and satellite-derived maps and used in the typology of neighbourhoods.

Variable                                         Description                                                                                                                                 Source

Owner                                                           Proportion of household heads being owners                                                                                                            Census
Concrete slab                                              Proportion of households with roofs made of concrete slabs                                                                                Census
Tiled roof                                                      Proportion of households with tiled roofs                                                                                                                  Census
Improved cement                                       Proportion of households walls made of cement with tiles or cement and marble                                          Census
High-quality floor covering                       Proportion of households with floors covered with tiles or carpet                                                                       Census
Poor-quality floor covering                      Proportion of households with floors covered with sand or clay                                                                           Census
Sewage system                                           Proportion of households connected to the sewage network                                                                                 Census
Private tap                                                    Proportion of households relying on water from a house tap or mineral water                                                 Census 
Planned habitat                                           Proportion of planned residential LU                                                                                                                           LU map
Deprived habitat                                         Proportion of unplanned residential LU                                                                                                                       LU map
Non-residential built-up                           Proportion of LU without residences used for administrative and commercial services                               LU map
Agricultural vegetation                              Proportion of agricultural areas                                                                                                                                     LU map
Natural vegetation                                      Proportion of natural vegetation                                                                                                                                     LU map
Bare soil                                                       Proportion of bare soil                                                                                                                                                      LC map
Population density                                     Population per total area                                                                                                                                                  Census 
Built-up density                                          Population per built-up area                                                                                                                                    LC map, census
LU, land use; LC, land cover.
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They were selected because: i) the coefficient of variation
was lower than individual variables; and ii) Pearson correlation
coefficient between categorical variables characterizing the type
of floor was high, especially those related to the quality of cov-
ering. LC raster map was reclassified in order to extract several
LC classes. Zonal statistics and tabulate area tools were used to
compute the proportion of built-up area, planned residential,
deprived residential, non-residential, bare soil, agricultural vege-
tation and natural vegetation by neighbourhood. In addition, two
different population density metrics were extracted for each
neighbourhood using population counts from the census data: i)
the total population density, where population counts are divided
by the total neighbourhood area; and ii) the built-up population
density, where population counts are divided by the built-up area
derived from the LC map (Salem, 1998).

A principal component analysis (PCA) was used to reduce
the dimensionality of the dataset and create housing quality
indices. PCA has been widely employed in social sciences for
creating indices for issues related to poverty and health inequali-
ties (Lo and Faber, 1997; Bawah and Zuberi, 2004; Li and Weng,
2007). Using the FactoMineR package of the R statistical soft-
ware (Lê et al., 2008), PCA was applied to the 16 variables listed
in Table 1. After extracting the factor loadings, PCA showed the
correlation coefficients between each component and each vari-
able, which allowed us to score neighbourhoods on each compo-
nent. This kind of score also refer to their level of contribution in
the formation of this component. Housing quality indices were
derived from the neighbourhood coordinates in the multi-dimen-
sional space. We mapped PCA results and analysed spatial distri-
bution of neighbourhood characteristics.

A k-means hierarchical classification was carried out based
on the PCA housing quality indices in order to create a typology
of neighbourhoods (N=1347). The k-means is an algorithm for
partitioning the hierarchical tree, which allows a more optimized
aggregation of neighbourhoods, thus creating homogeneous
neighbourhood clusters. K-means use an iterative process to
group observations according to similarities in the mean values
of the factor scores (Owens, 2012). Test values (V-tests) were
used to describe the clusters. The V-test statistic measures the
deviation of the cluster mean from the overall mean in number of
standard deviations. Higher absolute values indicate a stronger
importance of the component to characterize the cluster.

Relationships between housing quality and mortality
rates

To assess whether mortality is associated with housing qual-
ity, we analysed the distribution of overall mortality rates through
both neighbourhood components and the profiles obtained from
the hierarchical clustering. Statistical tests, including the
Kruskal-Wallis test and paired tests were used to test for mortal-
ity rate differences between clusters. Pearson’s correlation coef-
ficients were computed for comparisons between crude mortality
rate and PCA’s derived housing quality components.

Results

Housing quality based on neighbourhood typology
The four first components were extracted from the PCA

results. Together these four components captured 59% of the total
variance, with the first explaining 27% of the total variation, the
second 13%, the third 10% and the fourth 9%. The four compo-
nents had an eigenvalue >1. For further information, we examined
the correlation coefficients between the variables in the original
data matrix and the components (Table 2). To deduce that a vari-
able is associated with a principal component, Comrey and Lee
(1992) demand that the correlation coefficients should be higher
than 0.45 or lower than –0.45, while coefficients >0.71 or <0.71
are considered excellent, 0.63 very good and 0.45 fair. For this rea-
son, only correlation coefficients above 0.45 or below –0.45 are
shown in the table.

Component 1 showed strong positive loadings on the variables
‘concrete slab’, ‘high quality covering’, ‘private tap’ and ‘planned
habitat’ but was negatively correlated to the variables ‘tiled roof’
and ‘deprived habitat’. Higher scores on this component point to
households living in comfortable houses, where the roof is made of
solid materials, having water on tap and well equipped with other
housing facilities such as carpeted floors. We labelled this compo-
nent as ‘high-quality housing’. The ‘planned habitat’ variable
refers to the rectangular form of the housing blocks, which con-
firms the presence of straight-lined streets that is suitable for car
traffic and service provision such as household waste collection.

                   Article

Table 2. Correlation coefficients between input variables and four
components extracted from principal component analysis. 

Component                                      1             2         3          4

Owner                                                                                             0.55            
Concrete slab                                              0.89                                              
Tiled roof                                                    –0.88                                             
Improved cement                                                                                            
High-quality floor covering                       0.86                                              
Poor-quality floor covering                                                         0.66            
Sewage system                                                                            –0.72           
Private tap                                                    0.65                                              
Planned habitat                                           0.53           –0.60                     –0.50
Deprived habitat                                        –0.70                                             
Non-residential built-up                                              0.47                        0.74
Agricultural vegetation                                                 0.65                           
Natural vegetation                                                         0.49                           
Bare soil                                                                                                             
Population density                                                       –0.69                          
Built-up density                                                                                                
Eigenvalue                                                    4.05            1.93        1.48         1.37
Percentage of variance                            27.04          12.91       9.90         9.13
Cumulative percentage of variance       27.04          39.95      49.86         59
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Variables with noteworthy positive loadings on Component 2
were ‘agricultural vegetation’, ‘natural vegetation’ and ‘non-resi-
dential built-up’ areas. Component 2 was also negatively correlat-
ed with ‘planned habitat’ and ‘population density’. Therefore, this
component refers to households living in less densely populated
neighbourhoods, with a high proportion of both natural and agri-
cultural vegetation and to a lesser extent a higher proportion of
non-residential built-up areas. Component 2 was not correlated
with any variable related to household equipment and building
materials. We used the term ‘vegetated environment’ when refer-
ring to this component. For Component 3, high positive loadings
related to the variables ‘poor quality covering’ and ‘owner’. It was
also negatively correlated with the variable ‘sewage system’. This
component identifies households that lack comfort facilities,
where sanitation services do not exist, but those who live there
own their homes. Even if the interpretation of this component is
less intuitive, such households usually correspond to more tradi-
tional housing and we labelled this component as ‘poor-quality
properties’. Component 4 showed a strong positive loading on the
variable ‘non-residential built-up’, indicating neighbourhoods
dominated by administrative, commercial and service activities.
This component is also negatively correlated to the variable
‘planned habitat’ and was labelled as ‘business areas’.

Figure 3 shows maps of the four defined components: high-

quality housing, vegetated environments, poor-quality proper-
ties and business areas. In general, western neighbourhoods pre-
sent higher-quality housing and are clearly opposed to the east-
ern neighbourhoods (Figure 3A). However, fine-scale spatial
variations can also be observed, which mitigate this overall
duality. Although the contribution of central Dakar in shaping
the first dimension is prominent, high-quality housing is also
seen in the periphery, notably in the Departments of Guediawaye
and Rufisque. Vegetated neighbourhoods are mainly located on
the eastern urbanization front (Figure 3B). In the centre,
Component 2 also highlights pockets of vegetation around the
protected forest and the wetlands, such as the lake ‘Les Niayes’
(Figure 1) and along the western coast. Component 3 represents
the poor-quality properties and higher scores are located in the
rural areas of Rufisque (Figure 3C). Its spatial distribution in the
Southwest also reveals fine-scale nuances, with a striking oppo-
sition between positive and negative coordinates among some
municipalities of the department of Dakar (e.g., between the
Plateau and Medina neighbourhoods). Figure 3D shows that
administrative, commercial and services are mainly concentrat-
ed in the city centre (Dakar department) and along the southern
coast. The east-west opposition is clear for Component 4, with
tertiary activities being poorly represented in the outlying east-
ern neighbourhoods. 

                                                                                                                                Article
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Figure 3. A-D) Spatial distribution of the four components defined by the principal component analysis.
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Turning to hierarchical classification to further distinguish
housing characteristics and uncover distinct spatial patterns, four
clusters were selected based on visual interpretation of the dendro-
gram. Table 3 presents V-test results and Table 4 shows the signif-
icance levels of V-test statistics for the 16 variables used in the
PCA analysis. Cluster 1 included neighbourhoods characterized by
a negative association with Component 1, i.e. lower-quality hous-
ing neighbourhoods. Here a large proportion of the population
lives in houses built with tiles in deprived residential areas. This
cluster accounted for almost one quarter of total neighbourhoods
(306 out of 1325) and was mainly located in Pikine (241 out of
306) (Figure 4). 

                   Article

Figure 4. Distribution of neighbourhoods by clusters.

[page 16]                                                              [Geospatial Health 2021; 16:910]                                                                             

Table 3. v-test statistic of components by cluster. 

PCA Cluster component         1               2                3              4

High-quality housing                     –26.77            –8.58                 9               20.59
Vegetated environments               –9.96             24.06              14.67          –16.37
Poor-quality properties                     -                  4.75               –4.74               -
Business areas                                 5.82             –15.01               23            –13.93

Table 4. Cluster significance level.

Variable Cluster                     1                 2                 3            4

Owner                                                   --                     +                      -                +
Concrete slab                                     --                     --                   ++             +
Tiled roof                                          +++                ++                   --               --
High quality covering                        --                     --                     +               +
Poor quality covering                         -                      --                     +                 
Sewage system                                   +                     +                      -                 -
Private tap                                           --                     --                     +               +
Planned habitat                                   -                      --                      -             +++
Deprived habitat                             +++                  --                     --               --
Non-residential built-up                  --                     --                  +++            --
Agricultural vegetation                     --                  +++                  --               --
Natural vegetation                             --                  +++                  -                --
Bare soil                                              ---                 +++                 +               - 
Population density                           ++                  ---                    --               +
The table is based on v-test computing variable’s percentage deviation of the mean: +, moderate positive
association (0-45%); ++, high positive association (45-80%); +++, very high positive association (80-
100%); The negative results are symbolized by - using the same levels of strengths.
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Cluster 2 was positively associated with PCA-component 2,
i.e. vegetated environments. It had the largest proportion of home-
owners (40% of households) and the fewest number of neighbour-
hoods (116 out of 1325), mainly located in the eastern and less
densely populated areas. Table 4 also highlights the importance of
bare soil in addition to natural and agricultural vegetation in
Cluster 2. 

Cluster 3 mainly refers to PCA-component 4 (business areas),
but combines both non-residential and residential functions. Half
of the land use areas here are for administrative, commercial and
service purposes. As for the household dwellers, 76.2% have pri-
vate tap and 73.5% have high-quality floor coverage on their
premises. This cluster comprises 233 neighbourhoods. 

Cluster 4 included neighbourhoods characterized by a positive
association with Component 1, i.e. higher-quality housing. This
class is characterized by a high proportion of residential planned
habitats with 80% of households having concrete roof type, 69.3%
having high-quality soil coverage and 74.7% using safe water for
drinking. This cluster had the largest number of neighbourhoods
(670 out of 1325). Clusters 3 and 4 spread outside the city centre,
in the department of Rufisque. 

Relationships between housing quality and mortality rates
We examined the distribution of crude mortality rate in the four

neighbourhood profiles defined above. The highest mortality rate
was reported in Cluster 1 (Figure 5). The Kruskal-Wallis test
showed significant differences between clusters (P<0.001).

However, paired tests revealed that differences in averages were
only significant between Cluster 1 (with mean 5.82 and 95% con-
fidence interval 5.47-6.16) and the other clusters (mean 4.27 and
95% confidence interval 3.76-4.79).

Differences in mortality rates between Clusters 2, 3 and 4 were
not significant. Pearson’s correlation between mortality and PCA’s
derived components showed a highly significant negative correla-
tion between crude mortality rate and Component 1 (P<0.001). In
other words, high housing-quality neighbourhoods reported lower
mortality rates. Component 2, which depicts vegetated environ-
ments, was also significantly negatively correlated with mortality
(P=0.005). The relationships between the crude death rate and the
remaining components were not statistically significant (P=0.79
for the correlation between the mortality rate and Component 3;
P=0.13 for the correlation between the mortality rate and
Component 4).

Discussion
The four clusters identified in this study are based on a combi-

nation of census and remotely sensed variables and describe both
the built and environmental components of housing quality. This
neighbourhood typology provides a picture of housing quality as
complete as possible, regarding the accuracy of LCLU maps, the
quality of census data and the correlation found with the crude
death rate.

                                                                                                                                Article

Figure 5. Distribution of crude mortality rates by cluster.
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The main objective of this study was to develop a typology
of neighbourhoods based on housing quality in Dakar and it
appears that population density plays an important role in the
resulting typology. This information allowed us to distinguish
between two profiles of peri-urban neighbourhoods: the small
dense spaces in the suburb of Pikine, as already observed by
Salem (1998), and the neighbourhoods on the front line of
urbanization characterized by a lower population density. 

Our results confirm the previous typology carried out by
Borderon (2014) based on the 2002 census data, which highlighted
the fine-scale heterogeneities of housing quality across the city.
However, as shown by our study, noteworthy developments have
occurred since the 2002 census. The residential housing profile (clus-
ter 4) expanded from the city centre to the periphery, probably as a
result of urban integration strategies that allowed access to ownership
for a large part of the population. 

The typology constructed in this study can be cross-tabulat-
ed with other variables, such as subjective poverty and access
to health care, after controlling for other socio-demographic
variables, such as education level. The level of education is rec-
ognized as an important factor explaining socio-economic and
health differences (Kofie et al., 2008; Adjei and Kyei, 2013),
and closely related to housing quality (Tusting et al., 2019).
The comparison between housing quality indices and crude
mortality rates provided expected results. The variation in the
crude mortality rate was shown to be significantly different
between neighbourhood profiles, and high mortality is associat-
ed with low-quality housing (Cluster 1). However, the crude
mortality rate suffers from certain deficiencies that can lead to
misinterpretations. As it does not take into account differences
in the age structure of the population, it can therefore mask dif-
ferences, for example between child and adult mortality. Crude
mortality is also sensitive to variations in the age structure of
the population (ANSD, 2013), so age-specific mortality rates
are preferable to the crude mortality rate to better reflect health
inequalities. However, the excess zeros problem is raised when
analysing age-specific mortality rates at disaggregated levels..
In addition to age, information on the causes of death is also
essential for the analysis of health inequalities, as different
neighbourhoods may be affected differently by infectious or
chronic diseases. Another limitation generally affecting mortal-
ity data is the risk of underreporting deaths. Ideally, mortality
statistics from the census should be triangulated by estimates
from the death registration system. The Senegalese system
should be strengthened to increase the coverage and the preci-
sion of spatial information on places of residence of the
deceased.

Our study adds to the existing literature, showing evidence
of association between housing quality and health, including
child mortality, infectious and chronic diseases such as malaria,
respiratory illness, obesity, parasitic disease. Jankowska et al.
(2013) in Accra, Ghana showed that child mortality is connect-
ed to environmental factors such as housing quality, slum-like
conditions and the presence of vegetation in the neighbourhood.
Yaya et al. (2018) examined in Nigeria the association between
household characteristics, such as toilet facilities, water quality,
access to electricity, existence and quality of walls, roofs and
floor in Nigerian dwellings on the one hand, and diarrhoea
amongst various under-five children on the other. The authors
concluded that substandard living conditions can contribute to
the increasing burden of diarrhoea. Despite using different mea-

sures of housing quality and various health data, the studies
published in this focused literature all support the idea that poor
housing quality is associated with poor health. Some authors
highlight that housing improvements can lead to health
improvements (Vaid and Evans, 2017) and that improved hous-
ing quality can be a key component of health policy, notably in
Africa (Herrin et al., 2013).

In our analysis of the links between spatial variations in
habitat quality and variations in mortality rates, it is essential to
consider the risks of ecological errors and the modifiable areal
unit problem (MAUP) (Ayubi and Safiri, 2018). These prob-
lems may arise here because individual census data have been
aggregated to a coarser geographical level (the neighbourhood).
Statistically, while correlations are easy to establish, causality
is less obvious, as correlations at the neighbourhood level -
whatever the spatial detail - may differ from those at the indi-
vidual level. Results and interpretations may change as the
scale of spatial representation changes. Also, combining census
data from 2013 with satellite data from 2015 presents a slight
risk of ecological errors due to the rapid evolution of urban land
use. Nevertheless, the higher crude mortality rate in Cluster 1 as
well as lower mortality in higher housing quality provides
important insights in the relationship between urban areas and
health in Dakar. 

Conclusions
Our study demonstrates that combining census and remote

sensing data is feasible and can improve our understanding of
urban patterns. The use of VHR satellite imagery provided a
more precise description of the characteristics of the urban
landscape in Dakar, which complemented the more detailed the-
matic information provided by census data. Together, these two
data sources allowed a better identification of housing quality
variations that need to be considered to guide public health
interventions.
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