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Abstract. We address the significant knowledge gap for groundwater pollution in Africa methods by assessing
groundwater pollution risk at the African scale. To do so, we compiled the most recent continental-scale infor-
mation on soil, land use, geology, hydrogeology, and topography in a Geographical Information System at the
resolution of 15× 15 km and the 1 : 60000000 scale. We produced a vulnerability map by using the generic
DRASTIC vulnerability indicator. This map revealed that groundwater is highly vulnerable in Central and West
Africa groundwater basins, where the water table is shallow. In addition, very low vulnerability classes are found
in the large sedimentary basins of Africa deserts where groundwater is situated in very deep aquifers. The generic
groundwater pollution risk map is obtained by overlaying the DRASTIC vulnerability indicator with current land
use. The northern, central, and western parts of the African continent are dominated by high vulnerability classes
and very strongly related to water table depths and the development of agricultural activities. Given the availabil-
ity of data, we concentrate first on nitrate vulnerability mapping. To this end, groundwater nitrate contamination
data are compiled in literature using meta-analysis technic and used to calibrate as well linear and nonlinear sta-
tistical models; the latter performing much better as compared to simple linear statistical models. This study will
help to raise awareness of the manager’s International Basin Authorities or Transboundary Basin Organizations
in Africa and in particular on transboundary groundwater pollution issues.

1 Introduction

Groundwater is an important water resource for meeting the
various water demands in Africa. It is a crucial natural re-
source supporting the socio-economic development of the
African continent; however, it is subjected to many pressures.
To define sustainable water resources management plans at
the continental scale, assessments of groundwater resources
and associated pressures are strongly needed (Hasiniaina et
al., 2010; Lapworth et al., 2017). Several studies have already
been conducted to improve our understanding of African
groundwater systems. The review by Xu and Usher (2006)
was one of the most important qualitative works provid-
ing insights into common issues with regards to groundwa-

ter pollution in Africa at a local/regional scale (e.g. Nige-
ria, Cameroon, Ethiopia). Notwithstanding the compilation
in this book and the recent progress in monitoring technology
based for instance on remote sensing technology, no study
has intended to assess the pan-African scale groundwater
vulnerability for pollution. Assessing groundwater vulnera-
bility for pollution at a large scale is particularly important
for monitoring progress in sustainable development goals,
such as the target on water issues. In this context, assessing
the groundwater vulnerability for pollution is important for
designing efficient regional-scale groundwater management
and protection strategies.
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According to Xu and Usher (2006), the degradation of
groundwater is the most serious water resource problem
in Africa. The two main threats are overexploitation and
contamination (MacDonald et al., 2013). Nitrate is a com-
mon chemical contaminant of groundwater and the level of
contamination has also increased in many African aquifers
(Spalding and Exner, 1993; Puckett et al., 2011). Nitrate
ingestion has been linked to methemoglobinemia, adverse
reproductive outcomes, and specific cancers (Ward et al.,
2005). In addition, nitrate is often a proxy of other possi-
ble pollutants of groundwater. Nitrate contamination is there-
fore very informative for overall groundwater quality. Ni-
trate contamination of groundwater is; however, a space-time
variable property and the level of contamination depends on
many space-time variable environmental and anthropogenic
attributes.

The prediction and mapping of nitrate contamination pose,
therefore, formidable technical and scientific challenges. Sta-
tistical models can be used to explain the spatial distribu-
tion of observed nitrate concentration in terms of available
environmental and anthropogenic attributes, or to discrimi-
nate sources of contamination (Nolan and Hitt, 2006). For
example, Bauder et al. (1993) investigated the major control-
ling factors for nitrate contamination of groundwater in agri-
cultural areas using multiple linear regression analysis with
land use, climate, soil characteristics, and cultivation types as
independent variables. Furthermore, nonlinear random for-
est techniques have been applied to model nitrate in an un-
consolidated aquifer in southern Spain (Rodriguez-Galiano
et al., 2014). Norouz et al. (2016) used also a random for-
est method to determine the Malekan Aquifer vulnerability
with several variables such as variables related to the DRAS-
TIC method. Most statistical models used in such a context
uses linear regression, nonlinear regression, logistic regres-
sion or Bayesian approaches to extract the variables that ex-
plain nitrate contamination (Mair and El-kadi, 2013; Mattern
et al., 2012). If properly identified and validated, the statisti-
cal models can be used to predict nitrate contamination, and
map possible contamination at the regional scale. Such maps
are extremely valuable for designing transboundary water re-
sources management and protection programs.

The purposes of the study were to improve our under-
standing of groundwater quality issues at the African scale to
support the monitoring of the UN Sustainable Development
Goals and in particular Goal 6 “Clean water and Sanitation”.
In this regard, we mapped firstly the vulnerability of ground-
water to pollution at the continental scale. Secondly, we tried
to identify the environmental factors contributing to the ni-
trate contamination of groundwater. We used the power of
meta-analysis, to build pan-African database of groundwater
pollution by nitrates. Then we relied on the meta-database
to develop an exploratory linear statistical model of nitrate
degradation of groundwater in terms of driving attributes
available in the best available database. Finally, we used the
meta-database to develop a nonlinear statistical method, and

Table 1. Weight settings for DRASTIC variables (Aller et al.,
1987).

Symbol Variable Weight

Dw Depth to Water 5
Rw Net Recharge 4
Aw Aquifer media 3
Sw Soil type 2
Tw Topography 1
Iw Impact of vadose zone 5
Cw Hydraulic Conductivity 3
LU Land use/LandCover 5

outputs were compared to those derived from a statistical lin-
ear model.

2 Data and methods

In this study, groundwater vulnerability was evaluated using
the DRASTIC method, a system typically used in ground-
water assessment. The acronym DRASTIC corresponds to
the initials of the seven variables that drives vulnerability as
defined according to Aller et al. (1987). To implement the
DRASTIC index methodology at the pan-African scale, a
best available database of environmental factors in various
spatial resolutions for the continent was established at the
resolution of 15× 15 km and the 1 : 60000000 scale. This
GIS database was related to landcover/land use, soil type,
hydrogeology, topography (Ouedraogo et al., 2016). Spatial
data were processed in ArcGIS10.3™, QGIS™ 2.2 and Mat-
lab™. The DRASTIC vulnerability index was calculated by
the addition of the different products (rating×weight of the
corresponding variable), using the following the Eq. (1):

DI=DwDr+RwRr+AwAr+ SwSr

+ TwTr+ IwIr+CwCr (1)

where DI, is the DRASTIC index; D, R, A, S, T , I , and C are
the seven variables, as defined in Table 1; and the subscripts
“r”, and “w” are the corresponding rating and weights. The
weights indicate the relative importance of each DRASTIC
variable with respect to the other variables. These weights
are constant (Ehteshami et al., 1991). The ratings used are in
Ouedraogo et al. (2016).

The degree of groundwater vulnerability for pollution
was evaluated by combined DRASTIC index and land use
Eq. (2):

Risk index = DRASTIC×LU (2)

In addition to the pan-African hydrogeological geo-
database, and using the meta-analysis, we have analysed the
distribution of nitrate concentration at the continental scale.
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This analysis was based on studies reported in the litera-
ture because of the scarcity of groundwater monitoring data.
Thus, 250 publications dealing with groundwater pollution
were retrieved from the literature, mainly from books and
the internet Web of Sciences (mainly Scopus™). The data
were filtered using the following criteria: (i) the publication
should explicitly report on nitrate concentrations in ground-
water; (ii) we excluded older studies before 1999 since the
intensity of human activities is expected to be significantly
different after 1999. The dependent variable is the natural
log of sampled groundwater nitrate concentration. By us-
ing the database collected at the African scale (Ouedraogo
and Vanclooster, 2016), the average mean nitrate concentra-
tion is 54.85 mg/L, the standard deviation is 89.91 mg/L, and
the median concentration is 27.58 mg/L. The log transfor-
mation reduces the influence of very high nitrate values (up
to 648 mg/L) on model predictions. The nitrate studies were
separated into two groups: 80 % of the dataset for building
the model (training dataset) and 20 % of the data set for the
validation of the model (tested dataset) (Ouedraogo et al.,
2018). Furthermore, we used “Random Forest Regression
(RFR)” to explain and predict groundwater nitrate contami-
nation at the continental scale and its performance was com-
pared with Multiple Linear Regression (MLR) techniques. A
detailed description of the mathematical formulation of the
Random Forest model is found in Breiman (2001), Liaw and
Wiener (2002). The R statistical software was used for the
modelling.

3 Results and discussion

3.1 Mapping output

We produce the first groundwater vulnerability map at the
African scale by using the generic DRASTIC index indicator
(Fig. 1). We classified this index into 5 classes, ranging from
very low to very high index. This map reveals that groundwa-
ter is highly vulnerable in Central and West Africa ground-
water basins. The low depth of groundwater in these regions
and the high recharge explains this highest vulnerability. In
addition, very low vulnerability classes are found in the large
sedimentary basins of the African deserts where groundwater
is situated in very deep aquifers. The transboundary basins
in northern, central, and western parts of the African conti-
nent are dominated by high vulnerability classes and are very
strongly related to water table depths and the development of
agricultural activities. Also, Figure 1 gives an overlaying of
Transboundary aquifers (TBAs) defined by Altchenko and
Villholth (2013). This figure could be used as in example for
transboundary aquifers management (International Network
of Basin Organizations – INBO, Global Water Partnership –
GWP) in Africa.

Figure 1. Groundwater pollution risk map under different trans-
boundary aquifers.

3.2 Statistical modelling results

Using the stepwise MLR method firstly, we were able to
select only those parameters which have a significant im-
pact on the nitrate concentration values. A Student statis-
tic t test was used to check the statistical significance (with
p-values < 0.10) of variables in the final model. The MLR
model revealed that the four final explanatory variables
yielded an R2 of 0.64 of variables in the final model indicat-
ing that 64 % of the variation of the observed log-transformed
means nitrate concentration at the pan African scale is ex-
plained by the model. The four variables are depth to ground-
water, recharge, aquifer type, and population density. The
residual standard error is 0.95 (ln (mg/L)). A plot of pre-
dicted versus the observed log nitrate (ln NO3) concentra-
tion in Fig. 2a for the training data, indicates the MLR model
shows an acceptable fit with the observed data.

Secondly, with the machine learning technique, the per-
centage of variance explained in the final model of Random
Forest Regression (RFR) is 97.9 % (mean of squared resid-
uals= 0.0407 ln (mg/L)). Figure 2b shows a plot of the pre-
dicted versus the observed log-transformed nitrate concen-
tration values for the training data, based on only 80 % of
observations. The variable importance plot is a critical out-
put of the random forest algorithm. Figure 3 shows the rank-
ing of the relative importance of environmental attributes on
groundwater nitrate occurrence. Higher values of a percent
increase in mean squared error (MSE) indicate higher impor-
tance.

The comparison between the results shows that RFR has
a much higher predictive ability compared to MLR. The bet-
ter performance of RFR is due to the ability to handle non-
linear relationships between nitrate pollution and explain-
ing factors. The most important explanatory variable with
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Figure 2. Comparison of observed and predicted log (ln) nitrate concentration on training dataset: (a) Linear regression and (b) Random
Forest Regression.

Figure 3. Variable importance section in Random Forest (RF) re-
gression.

the strongest influence on nitrate concentration at the pan-
African scale identified in both models was the population
density (urban areas, agricultural activity). This is most likely
related to the lack of sanitation in major parts of the African
continent and the development of small-scale farming sys-
tems in peri-urban environments. A strong influence of the

population density on groundwater nitrate contamination is
consistent with a previous United Nations Environment Pro-
gram (UNEP) study (e.g., Nolan and Hitt, 2006; Mattern et
al., 2009; UNEP/DEWA, 2014; Kihumba et al., 2016; Oue-
draogo et al., 2016, 2018). This study at the pan African scale
could prompt national or international authorities to foster
targeted local investigations because nowadays, many inter-
national agencies investigate transboundary basins aquifers
in Africa (e.g., Observatoire du Sahara et du Sahel, Intergov-
ernmental Authority for Development, Global Water Partner-
ship, African Ministerial Council on Water African Union).

Despite several limitations in this study, due to the DRAS-
TIC method, the scale at which data were gathered, the spa-
tial resolution of mapping, the uncertainty of spatial data, the
information gained from the analysis of historical groundwa-
ter quality data focusing on nitrate contamination, the main
lesson of the study is to remind that shallow groundwater
poses pollution problems in Africa. The map that was de-
signed in this study can increase awareness of citizens and
leaders in areas where groundwater pollution is likely to be
significant. In addition, they could prompt national or in-
ternational authorities to foster targeted local investigations.
In fact, environmental management needs to be operatively
performed at regional and local scales, but investment poli-
cies can be addressed at continental (transboundary water
management) or even global scales by international agen-
cies and authorities (e.g., Food and Agriculture Organiza-
tion, United Nations Environment Programme/United Na-
tions Educational, Scientific and Cultural Organization, In-
ternational Network of Basin Organizations (INBO), and
African Ministerial Council on Water African Union.
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4 Conclusions

The results of the study have shed light on the pollution prob-
lem of shallow groundwater at the pan-African scale.

We demonstrated the unambiguous link between popu-
lation density and groundwater nitrate contamination. We
showed that the Random Forest machine learning techniques
are promising for modelling groundwater degradation at the
African scale because of its ability to provide meaningful
analysis of nonlinear and complex relationships such as those
found in hydrogeological studies. This paves the way for cre-
ating a water quality map at the continent scale of Africa. The
study represents an important step toward developing tools
that will allow us to accurately predict the distribution of ni-
trate contamination in groundwater in the context of climate
change.
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