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• Application of the stacking ensemble 
learning method for African fluoride 
prediction.

• An AUC of 0.86 was realized, thus 
improving the effectiveness of fluoride 
prediction over traditional models.

• Na+, HCO3
− , Ca2+, and Cl− were their 

model's potential key predictors of 
fluoride contamination.

• The findings will help inform public 
health with targeted fluoride mitigation 
in high-risk areas.

• Provide a scalable framework for 
addressing global water contamination 
issues.
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A B S T R A C T

Fluoride contamination of groundwater is a severe public health problem in Africa due to natural factors that 
include geological weathering of fluoride-bearing minerals and climatic conditions characterized by high 
evaporation rates that highly elevate fluoride levels. Anthropogenic activities further aggravate the problem and 
have affected millions of people in countries such as; South Africa, Tanzania, Nigeria, Ethiopia, Ghana, Kenya, 
Mauritania, Botswana, and Egypt. High fluoride levels of up to 10 mg/L have been encountered in parts of the 
East African Rift Valley, above the WHO's recommended limit of 1.5 mg/L, causing serious dental and skeletal 
fluorosis among the affected people. In this study, the distributions of F− in groundwater of Africa were forecast 
using an advanced stacking ensemble learning model based on 11 crucial groundwater physiochemical variables 
and 6270 accessible statistics of observed concentrations. The enhanced algorithm incorporates randomized 
trees, Tree-Bag, RF, DT, XGB, and ET Machine as base trainees, with a simple Naïve Bayes as the meta-analyzer. 
The model's AUC score of 0.86 accurately represented the uneven distributions of groundwater fluoride. The 
results showed that 20–35 % of the continent's eastern part and 10 % of its western region are at risk of having 
fluoride levels exceeding WHO limits, with an expected population of around 80 million. Regionally, fluoride 
contamination ranges from 0.1 to 3 mg/L in West Africa was range from 0.0 to 13.29 mg/L, 0.01–588 mg/L in 
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East Africa, 0.04–65.9 mg/L in South Africa, and 0.1–10.5 mg/L in North and 0.01–1.9 mg/L in Central Africa. 
Na+ and HCO3

− are Africa's leading primary causes of fluoride contamination, with Ca2+ and Cl− contributing to 
fluoride influence in some parts of the continent. This study helped identify health concerns linked to ground
water fluoride and offered guidance on assessing health risks in areas with sparse sample sizes.

1. Introduction

Groundwater is regarded as one of the most significant natural re
sources which is essential to the ecosystem's stability, public health, as 
well as environmental safety (Ezike and Chukwunonyerem, 2022). 
Groundwater is utilized for industrial and agricultural uses in Africa, 
where it is the main supply of drinking water (Kut et al., 2016; Gosomji 
et al., 2022). It supplies approximately 15 % of Africa's renewable water 
resources. Drinking water is significant in almost all of the continent's 
rural areas, particularly during the dry seasons and in the main arid 
zones (Kut et al., 2016). Groundwater is potentially influenced by a wide 
range of geoenvironmental factors, including topography, geological 
structure, lithology, landform, drainage pattern, land use, land cover, 
and climate (Subba Rao et al., 2022, 2024). Advanced new monitoring 
and management technology is required to prevent pollution and ensure 
water resources' sustainability (Rao et al., 2021). Groundwater in Africa 
is chemically suitable for most applications and has high microbiological 
purity. However, due to its hydrochemical characteristics, issues can 
occur, including excessive sulfate in mudstones and worn basements, as 
well as hardness in sandstones or limestone aquifers (Sharma and 
Kumar, 2020).

However, as a result of anthropogenic and geogenic sources, fluoride 
in groundwater is penetrating the water supply and damaging its quality 
in Africa (Andesikuteb Yakubu et al., 2020; Balogun et al., 2022; 
Nakayama et al., 2022). Natural sources include minerals that contain 
fluoride, such as hornblende and fluorite, found in volcanic, gneissic, 
and granite rocks and sediments (Kut et al., 2016; Chowdhury et al., 
2019; Zango et al., 2019; Tolera et al., 2020; Sunkari et al., 2022 Shube 
et al., 2023; Sunkari et al., 2023). High fluoride levels in drinking water 
(≥1.5 mg/L (WHO, 2023)) are the cause of human dental and skeletal 
fluorosis, and they are harmful to human health in many regions of the 
globe (Podgorski, and & Michael, B., 2022; Shaji et al., 2024), such as in 
Asia, Europe; North America, Australia, and South America (Al-Amry 
et al., 2020; Sawangjang and Takizawa, 2020; Vitor Portugal Gonçalves 
et al., 2020; Parrone et al., 2020; Amiri and Berndtsson, 2020; Aullón 
Alcaine et al., 2020; Bhandari et al., 2021; Lopes et al., 2022; Iqbal et al., 
2023; Morales-deAvila et al., 2023; Mustafa et al., 2023; Alharbi and El- 
Sorogy, 2023; Sarkar et al., 2023; Shaji et al., 2024). In this case, we 
implement modeling to calculate the amount of fluoride in the 
groundwater. Therefore, an accurate assessment of groundwater is 
required.

The advancement of remote sensing and GIS technology worldwide 
has led to the development of various techniques for mapping ground
water potential (Prapanchan et al., 2024; Rajan et al., 2024). These 
methods have outperformed the traditional geophysical, geological, and 
hydrogeological techniques (Satheeshkumar et al., 2024). Nowadays, 
artificial intelligence (AI) technology has achieved credit in analyzing 
and quantifying groundwater pollution over a wide range (Sun et al., 
2022; Priyadarshini et al., 2022; Mia et al., 2023). Recently, machine 
(ML) intelligence techniques have been regarded as a critical idea in 
hydrology investigation since they can tackle complicated problems 
(Sahoo et al., 2017; Hussein et al., 2020). Artificial Neural Networks 
(ANNs) have been shown effective in modeling groundwater, evaluating 
water quality, and supporting various hydrologic applications in several 
regions around the world, such as in Logan, USA, Faisalabad, Pakistan 
(Anandhi et al., 2022). A recent study using machine learning ap
proaches has effectively identified fluoride as one of groundwater's 
chemical constituents and features (Nafouanti et al., 2023). Arsenic (Tan 
et al., 2020; Lombard et al., 2021), nitrate (Alkindi et al., 2022), using 

groundwater chemistry records in various hydrogeologic settings 
currently exist.

Stacked ensemble models represent a lately trendy machine learning 
technique in Earth sciences and water quality prediction, considering 
the models' advantage in applying several base learners in parallel, 
which finally enhances the accuracy and robustness of such a model. 
These models address issues with traditional single models, overfitting 
issues for complex nonlinear data interactions such as those typical in 
groundwater quality assessment. They provided more reliable spatial 
distribution patterns for contaminants such as fluoride. This is furthered 
through different environmental applications that enable the making of 
accurate pollutant predictions for a wide range of conditions in hydro
geology (Divina et al., 2018; Cui et al., 2021; Ribeiro et al., 2022). 
Therefore, the stacked ensemble model is adopted for this study to 
predict fluoride contamination in African groundwater, and to enhance 
predictive methodologies in Earth sciences to support sustainable water 
management.

Geoscientists often use artificial intelligence (AI) algorithms, such as 
generalized linear models (GLM), logistic multiple regression (LMR), 
generalized additive models (GAM), artificial neural networks (ANN), 
support vector machines (SVM), and extreme learning machines (ELM), 
to predict unknown events using complex datasets and historical data 
(Zhang et al., 2015; Barzegar et al., 2017; Najwa Mohd Rizal et al., 2022; 
Adnan et al., 2023). This is especially true when predicting water 
quality. However, these approaches have several drawbacks, including 
poor prediction when the testing data range is beyond the training 
dataset, as ANN illustrates (Najwa Mohd Rizal et al., 2022; Yaghoubi 
et al., 2024). Among this model, several models have also been used in 
forecasting water quality; for instance, the RF (Ouedraogo et al., 2019) 
model is an ensemble learning method that aggregates individual find
ings and creates several classification trees (for example, a single 
random forest with 1000 trees), and has been shown via actual research 
to outperform its members (Sakaa et al., 2022). Xgboost (Xia et al., 
2022; Abba et al., 2023), LGBM (Chen et al., 2024). Recently, many 
researchers have combined multiple machine-learning techniques to 
estimate groundwater pollution (Li et al., 2020) by combining extreme 
learning machine (ELM) with particle swarm optimization (PSO) (Singh, 
2023), using the Hybrid of hierarchical K-means Clustering and ANN 
model (HCA-ANN), Optimization using gray-wolf methods (GWO) 
(Ghobadi et al., 2022) and GWO-MLPANN, a multi-layer perceptron 
artificial neural network (MLPANN).

The stacking ensemble model typically prescribes several vital steps. 
To guarantee data diversity and representativeness, preprocessing, and 
preparation of the data were done first. The dataset was then split into 
training and testing sets. Second, several base learners who were either 
homogeneous or varied were chosen to be the primary learners (Divina 
et al., 2018; Cui et al., 2021; Ribeiro et al., 2022). On the training set, all 
learners were fitted independently, and regarding the test phase, they 
each produced their predictions (Arabameri et al., 2022). Thirdly, to 
aggregate the predictions from the primary learners, a meta-classifier, 
also referred to as the second-level trainee, was built (Yaseen, 2023). 
The meta-classifier learned to forecast a target feature by using the 
actual features and the predictions made by the base learners as input. 
Finally, the performance of the ensemble model was estimated by 
measuring its prediction accuracy and generalization magnitude on the 
training set. Because it integrates varied base learners skillfully, the 
stacking ensemble model effectively addresses individual constraints 
and lowers the risk of overfitting. Unlike a conventional single model, 
this method predicts distribution patterns with more accuracy. 
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However, a previous study by Malago (2017) He is focused on the 
comprehensive review of the distribution of fluoride levels across 
various regions in Africa. Such thorough assessments can offer insights 
into the environmental and spatial parameters influencing fluoride 
distribution when incorporated into the model development process. 
Thus, the model's capacity to anticipate fluoride pollution more pre
cisely and consistently is improved by this background information, 
which will eventually help improve groundwater management practices 
throughout the continent.

In Africa, groundwater is used mainly for home water supplies. 
However, the safety of water resources has always been in jeopardy due 
to high F− concentrations in groundwater. A thorough, large-scale 
geographical forecast of groundwater F− distribution is desperately 
needed. Traditional single-machine learning methods cannot meet this 
requirement. Thus, this study distinguish to the existing literature as 
follows: (1) to establish the stacking ensemble learning model by fine- 
tuning base learner selection on the case of F− contamination ground
water. (2) to create hazard maps illustrating the spatial issue of F− in 
underground water throughout Africa. (3) evaluate the factors influ
encing groundwater F− distributions, considering the predictor vari
ables' relative contributions. Additionally, the study will demonstrate 
how well classification analysis performs when estimating water pa
rameters. As a result, twenty-four African countries struggled with 
excessive fluoride in drinking water over WHO's recommended limit of 
1.5 mg/L. The East Africa Rift Valley, which starts in the Jordanian 
Valley and stretches to Northeast Africa, Eritrea, Ethiopia, Kenya, 
Tanzania, and Malawi, is well known for having a high fluoride level in 
its groundwater. To the best of our knowledge, this study represents the 
first application of an ensemble learning stacking model at a continental 
scale for the prediction of fluoride contamination in groundwater, hence 
filling the gap in understanding fluoride distribution across the African 
continent.

Although this work addresses urgent environmental and population 
health issues, it contributes significantly to attaining certain SDGs 
initiated by the United Nations (UN). More specifically, this supports 
SDG 6: Clean Water and Sanitation, from the United Nations (Li, 2020); 
SDG 3: Good Health and Well-being, through the WHO, (2023), since the 
reduced health risks due to fluoride contamination; and SDG 13: Climate 
Action (Li, 2020). This attainment realizes three of its achievements 
toward sustainable development by attaining improved health, ensuring 
effective and accountable institutions, and ensuring inclusive and 
equitable quality education. Investigating the impacts of climate- 
induced high evaporation rates on water quality ensures that greater 
global efforts are being put into sustainable development, which could 
greatly benefit policymakers and public health authorities.

2. Materials and methods

2.1. Geology and hydrogeology of Africa

Africa is the second-largest continent after Asia, covers 30.3 million 
km2 and has 54 countries. Its geological history includes seven Archaean 
cratonic nuclei, forming Southern, West, and Central Africa. The conti
nent's Paleoproterozoic geology between 2.3 and 1.8 Ga. is character
ized by tectonism, volcanism, and sedimentation, documented as the 
Eburnia Africa cratons in the Southern, Central, and Western Hemi
spheres (Thomas Schlüter, 2006; Begg et al., 2009). The Old Precam
brian rocks cover 60 % of Africa's surface, with newer sedimentary 
basins in the north and west. Some of the world's oldest rock formations 
in the African Shield region are almost three billion years old. The 
continent's geological history includes the collapse of Gondwana during 
the Mesozoic period, leading to the Rift Valley system in East Africa 
(Thomas Schlüter, 2006). Africa also has large sedimentary basins, 
particularly in the Congo, Niger, and Nile deltas, containing significant 
hydrocarbons and mineral resources (Fig. s3).

African consists of three aquifers: consolidated and unconsolidated 

sedimentary aquifers, volcanic aquifers, and fractured basement aqui
fers. In limestone regions, karst aquifers can also be found. Significant 
sedimentary aquifers can be found in the Kalahari Basin, Karoo Basin, 
Lake Chad Basin, Niger Basin, and sedimentary basins in North Africa 
(Nijsten et al., 2018; Awaleh et al., 2020; Gebeyehu et al., 2022). The 
deep aquifer lies within the East African Humid Period (Fig. 1), having 
formed between 12,500 and 8700 years ago (late Pleistocene/early-to- 
mid Holocene) (Awaleh et al., 2020), In which 40 % of the continent 
was covered with 72 transboundary aquifers, mostly in arid or semi-arid 
and where 33 % of people reside (Nijsten et al., 2018). For example, 
Ethiopia's primary aquifers comprise metamorphic basement rocks, 
secondary felsic pyroclastic deposits, and bare volcanic rocks. Those 
aquifers are overlain by regolith, eluvial soil, and alluvial-lacustrine 
sediments cover these aquifers (Gebeyehu et al., 2022).

However, the Basement aquifers are common in the African Shield 
nations of Botswana, Zimbabwe, the Northern part of Nigeria, and South 
Africa. Groundwater is stored in porous zones that are produced by 
weathering. Intergranular flow occurs in sedimentary aquifers and the 
worn zone, but fracture flow is more common in crystalline foundations. 
Many cities rely on freshwater from coastal aquifers despite their sus
ceptibility to saltwater intrusion (Titus et al., 2009; Mukwati, 2017; 
Bura et al., 2018).

2.2. Data gathering and acquisition

In this study, 6254 groundwater samples data were gathered from 
various sources (table s4), which were collected by hand pumps, bore
holes, and hand-dug wells. Depending on the availability of sources, the 
sampling sites were methodically set up at 200-m intervals. The samples 
were gathered from different parts of Africa between 1996 and 2024. 
Sampling in each of the studies was done according to the respective 
procedures; also, careful monitoring of the possible sources of contam
ination was considered beforehand to ensure dependable and 
contaminant-free samples of groundwater (Daffi et al., 2022). The 
samples included data from different countries including Ghana, Kenya, 
Nigeria, and Ethiopia (Table s4).

The techniques for laboratory analysis, such as those for pH, con
ductivity (EC), temperature, fluoride concentration, and a suite of major 
and minor elements, are described in the individual studies from which 
the data were sourced. This information has not been reproduced here to 
maintain consistency, as in each study multiple methods and in
struments were used. Full details of the methodologies and instruments 
used in each of the analytical techniques can be found in the referenced 
studies (Table s4). The groundwater physicochemical parameters are 
summarized in the descriptive statistical analysis presented in Table s5.

2.3. Handling missing values

Missing values were fixed during the preparation phase to guarantee 
the dataset's integrity for additional analysis. The mean value of the 
dataset's numerical columns was imputed using a Simple Imputer 
(DataWig Documentation, 2022). Specifically, this imputation approach 
was used for numerical characteristics since these columns are essential 
for the machine learning model that follows. However, Missing values is 
a step resulting in skewed findings, which can lead to low model accu
racy and incorrect predictions, therefore managing them is an essential 
stage in the preparation of data (Shadbahr et al., 2023). Therefore, 
Numerical characteristics with missing values can be attributed to pre
serving dataset continuity and preventing the loss of crucial data during 
analysis (equ 1). For each missing value xi in the feature X, if xi is 
missing, replace it with mean X̂ of the observed values in feature X. 

X̂ =

∑n

i=1
Xi

n
(1) 
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Where Xi is the observed value in feature X, X̂ is the mean of observed 
value X, n is the number of observed values and xiIs the specific value 
missing.

2.4. Model building

The dataset was arbitrarily split into training and testing phases in an 
8:2 ratio. The division ensured that both models had comparable rates 
exceeding the 1.5 probability threshold, allowing for a consistent 
comparative assessment of model performance throughout the set. 
Fifteen potential fundamental learners were estimated using six per
formance metrics: Area Under the Curve (AUC), Accuracy, Precision, 
Recall, F1-score, and Kappa index. After 1000 iterations of each algo
rithm, the six metrics' average values were calculated (Table s1). The 
entropy weighting method was employed in this study to nominate 
weights to each of the six indicators objectively. The internal variabil
ities of six different measurements were used to calculate the weight 
coefficients (Table 1). Any performance parameter was multitudinous 
by the equivalent weight coefficient to arrive at the entropy-weighted 
composite score for predicting the F− groundwater model (Fig. 5).

Consistent with slight model divergence inside clusters and huge 
model variance across clusters, the candidate fundamental learners who 
perform the best, as indicated by the entropy-weighted composite score, 

are included in the Stacking framework as base learners. Tree-Bag, RF, 
Decision tree, Extra-tree, and XGBoost were chosen as base/funda
mental learners for this study's F− forecasting models, (see Fig. 2).

Base learners should be varied to gather various data components 
and guarantee strong performance. To prevent overfitting, the meta- 
learner, which aggregates the predictions of base learners, should 
function well while keeping a basic structure (Chatzimparmpas et al., 
2021b; Chatzimparmpas et al., 2021a; Daza et al., 2023). By choosing a 
sample data set to verify its probabilistic computations, the Naive Bayes 
is a mathematical technique that finds the optimum classification for 
data in various problem domains with assured accuracy (Yang, 2018). 

Fig. 1. A map of the African continent showing the sample Locations and groundwater potential (m3/day).

Table 1 
Weighting results of performance metrics computed through an entropy-based 
approach.

Performance 
Metrics

Information Entropy 
Value

Information Utility 
Value

Weight 
(%)

AUC 0.86 0.14 25.220
Accuracy 0.86 0.14 25.122
Precision 0.79 0.21 25.727
Recall 0.76 0.24 25.909
F1-score 0.79 0.21 25.228
Kappa 0.68 0.32 25.221
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Thus, by combining Tree-Bag, RF, Decision tree, Extra-tree, and XGBoost 
as the fundamental learners and Naïve Bayes as the meta-learner, the 
enhanced stacking ensemble learning model was produced. A quintuple- 
fold cross-validation procedure was made possible by the approach, 
which involved splitting the training dataset into five subgroups. The 
predictions were combined through repeated training and forecasting of 
the base learners. The ensemble was created by constructing a new test 
dataset and calculating the average of these five rounds' predictions. 
Every constituent base learner underwent this process repeatedly. The 
second-layer meta-learner then used the unique prognostic outputs from 
each base learner's training phase and the outputs from the test phase as 
input data. The stacking ensemble model's final result was generated by 
training this meta-learner. Finally, eleven predictor variables physically 
adjacent to each other were subjected to the stacking ensemble model. 
However, much geoengineering research has shown that the stacking 
model integrates multiple machine-learning models, making it a better 
option than the approaches listed (Cao et al., 2023).

2.5. Predicted values

2.5.1. Pre-training data set
A statistical examination of the groundwater F− contents revealed a 

wide range, from 0.01 to 588 mg/L. The median fluoride content was 
between 0.63 and 3.22 mg/L. A significant health risk was indicated by 
drinking water fluoride levels exceeding the WHO limit of 1.5 mg/L in 
32 % of the 6270 samples. Significant geographical variations in 
groundwater fluoride concentrations were identified with a 541.9 
variation coefficient, meaning substantial variability across the samples. 
Binary target variables were frequently used in modeling to create 
probability because of the highly heterogeneous distribution of dis
solved fluoride. 1.5 mg/L was the intermediate threshold for the 
recorded concentrations, which were transformed into binary target 
variables as 0 and 1 and used as the dependent variable for additional 
evaluation and modeling. It was coded as 0 for samples whose aggre
gations were at or below the threshold and 1 for those with concentra
tions above it. Concentrations below or equal to the threshold are 
represented by samples encoded as 0, and concentrations beyond the 
threshold are represented by samples encoded as 1.5. The eleven com
ponents (Table s2) that comprise the primary physiochemical factors 
governing the enrichment of F− in groundwater were comprehensively 
investigated in this work.

2.5.2. Predicted data
To identify locations at higher risk of fluoride contamination, the 

model used the preprocessed data and the major physiochemical pa
rameters to forecast the possibility of fluoride concentrations surpassing 
the WHO limit. The model included multiple cutting-edge machine- 
learning algorithms to guarantee accuracy and consistency in its fore
casts. The model's accuracy in capturing the regional variability and 
possible health hazards associated with fluoride in groundwater was 
confirmed by validating the projected data against observed fluoride 
concentrations. This predictive method offers vital insights into 
groundwater quality and public health consequences, which helps 
improve management and mitigation measures, particularly in areas 
with small sample sizes.

2.6. Models predictions

The stacking ensemble learning framework's effectiveness depended 
on selecting base learning models that aligned with the ideas of higher 
performance and algorithmic diversity (Yaseen, 2023). These models 
were integral to the framework. Consequently, a total of fifteen effective 
ML models (Fig. 3) were selected as candidate base learners for this 
study: k-Nearest Neighbors (KNN), Multi-layer Perceptron (MLP), Lo
gistic Regression (LR), Linear Discriminant Analysis (LDA), support 
vector machines (SVM), Light-Gradient Boosting (LGBM), Naïve Bayes 
(NB), Decision Tree (DT), CatBoost, Extreme Gradient Boosting 
(XGBoost), Gradient Boosting Decision Tree (GBDT), Bagging Decision 
Tree (Tree-Bag), Random Forest (RF), Extremely Randomized Trees 
(ET), and Adaptive Boosting Classifier (AdaBoost). With information 
about groundwater F− concentrations as response variables and an 
extensive collection of 11 physiochemical parameters as predictor var
iables, various prediction models aimed for groundwater samples that 
show after F− concentrations of >1.5 mg/L were developed.

3. Results and discussion

3.1. Hydrogeochemical characteristics of Africa

The continent's varied climate and geology influence the hydro
geochemistry and elevated fluoride of Africa's subsurface water. The 
combination of volcanic, sedimentary, and metamorphic rocks that 
make up the continent's geological structure has varying effects on 
subsurface water mineralization. Minerals like fluorite (CaF2), which 
contain fluoride, dissolve in volcanic environments, and there is a 
noticeable increase in fluoride levels in some areas, such as the East 
African Rift Valley, interactions between water and rock lead to higher 
fluoride concentrations in groundwater (Podgorski and Michael, 2022). 

Fig. 2. The stacking ensemble model flowchart.
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In arid and semi-arid regions, soil alkalinity mobilizes additional fluo
ride ions, increasing their concentration in groundwater (Ijumulana 
et al., 2021; Ligate, 2023). Fluoride mobilization into subsurface water 
systems is highly dependent on the rate of water-rock interactions, 
which are influenced by climate differences from desert to tropical lo
cations (Podgorski and Michael, 2022).

The pH and composition of the soil, in addition to anthropogenic 
sources like mining and agriculture, are essential determinants of the 
hydrogeochemistry of African groundwater. In East Africa, especially in 
the East African Rift Valley, fluoride concentrations are in general above 
10 mg/L as a consequence of volcanic activity (Mohamud Hersi, 2003; 
Näslund and Snell., 2005; Jesse, 2023). In West Africa, the F− levels in 
general lie between 0.5 and 10.3 mg/L, though studies in Nigeria re
ported an average of about 1.2 mg/L (Ayenew, 2008; Goyit et al., 2018). 
Likewise in South Africa, the concentration ranges from approximately 
0.2 to 65.9 mg/L, levels as high as 5 mg/L have been recorded in some 
mining areas (Mccaffrey and Willis, 1998). In North Africa 50 % of the 
affected areas with a fluoride level usually at 3.19 mg/L, especially in 
arid regions where due to high evaporation rates concentrate fluoride 
(El-Said et al., 2010).

Since alkaline soils are prevalent in dry and semi-arid areas, they 
increase fluoride ion mobility, which raises groundwater concentrations 
(Podgorski and Michael, 2022). Seasonal and long-term fluctuations in 
the water table concentrate fluoride much more during dry seasons. A 
mix of naturally occurring and human-influenced factors necessitate 
customized management strategies to mitigate the health risks of high 
fluoride intake (Ijumulana et al., 2021; Ligate, 2023). Alkaline condi
tions in arid and semi-arid regions of Africa aggravate fluoride pollution 
in Nigeria, especially as a result of anthropogenic activities such as in
dustrial discharge and landfill operations (Goyit et al., 2018; 

Andesikuteb Yakubu et al., 2020). This results in concentrations higher 
than the 1.5 mg/L WHO recommended limit, posing severe concerns to 
public health, particularly in places with high population density. These 
factors further reflect the need for tailored mitigation strategies to fix 
fluoride pollution across different climatic and geological settings 
(Shube et al., 2023). In countries like Tanzania, Kenya, Ethiopia, 
Nigeria, Malawi, and Djibouti, conditions like skeletal and dental fluo
rosis are common and can lead to joint discomfort and discolored teeth 
(Smedley et al., 2002; Rango et al., 2012; Kut et al., 2016; Shube et al., 
2023).

Research has indeed indicated that the quality of groundwater can 
alter with seasons and is relatively more pronounced in arid and semi- 
arid areas compared to other regions (Araya et al., 2022; Podgorski 
and Michael, 2022). The sampling during the dry season for the deter
mination of fluoride levels is essential for an appropriate determination 
because it gives a better definition of the effect of evaporation on the 
chemistry of the groundwater (Subba Rao et al., 2022). Therefore, 
samples collected during this period can be of great use and importance 
regarding not only the dynamic behavior of fluoride contamination but 
also its potential health implications on populations that depend on 
groundwater for drinking. Most of the samples in our study were 
collected during the dry season to make more reliable estimations of 
fluoride concentration and to provide critical insights into the 
geochemical processes involved.

3.2. Evaluation of the model performance

Metrics like area under the curve (AUC), accuracy, precision, and 
recall were used to assess the model's performance, these metrics give 
insight into the model's performance, in terms of distinguishing between 

Fig. 3. Africa's continuous probability map for F− concentrations >1.5 mg/L, using ordinary kriging interpolation.
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correct and incorrect predictions, putting particular emphasis on 
correctly identifying high fluoride concentration. The basis of such 
calculations originally comes from the results of the confusion matrix 
(Table 2). AUC values of 0.868 were found for groundwater F− forecasts, 
suggesting a solid ability to discriminate. Compared to the existing 
models in such similar studies, the given AUC score indicates a high 
improvement in predictive performance for the geochemical data (Islam 
and Shahjalal, 2019; Kouadri et al., 2021). The accuracy numbers 
indicated a reasonable overall correctness of the model since they were 
above 0.8. The accuracy and recall of the groundwater F− forecasting 
were 0.792 and 0.769, respectively, demonstrating a replacement be
tween capturing all constructive data and producing precise construc
tive predictions. According to the performance metrics discovered, the 
stacking ensemble learning model shown remarkable achievement in 
predicting the issue of F− in groundwater.

3.3. Expectation of F− mapping

Predicted probability maps, with a geographical resolution of 1 km2, 
showed the various probabilities of high fluoride concentrations in 
groundwater throughout different regions of Africa. It indicated that 
probabilities of having high levels of fluoride are high only in eastern 
and western parts of Africa, which corresponds with the data as seen in 
Fig. 3a. The large area known as the high F− risk zone, which covered 
roughly 20–35 % of the Eastern region and 10 % in the Western region, 
is at risk of having fluoride levels above WHO recommendations for the 
entire Continent when a likelihood threshold of 1.5 (F− ≥ 1.5 mg/L) is 
applied. Significant regions exceeding a likelihood threshold of 1.5 for 
exceptionally F− in groundwater were prominently displayed by coun
tries like South Africa, Tanzania, Nigeria, Ethiopia, Ghana, Kenya, 
Mauritania, Botswana, and Egypt. In contrast, the central domains of the 
continent displayed relatively mild predicted probabilities (<1.5). Large 
areas of Kenya and Ethiopia, with the northernmost capital, were ex
pected to have low possibilities of elevated F− in groundwater. The F−

hazard model's projections were combined to establish the population 
assessment that could be discovered with extreme F− in groundwater 
(Fig. 3b & c). The map displays the likelihood of groundwater F− con
centrations surpassing 1.5 mg/L in different parts of Africa. The nations 
of South Africa, Tanzania, Nigeria, Ethiopia, Ghana, Kenya, Mauritania, 
Botswana, and Egypt have been shown to have significant fluoride 
concentrations. These places typically correlate with some of the con
tinent's most populous areas. The map shows notable places in these 
high-fluoride zones where the population density is higher than 100 
km2. According to a study conducted in Africa, drinking water with 
excessive F− levels puts approximately 80 million people in danger 
(Onipe et al., 2020; Ijumulana et al., 2021). >8.5 million individuals in 
Ethiopia alone suffer from skeletal and dental fluorosis brought on by 
excessive groundwater F− levels (Tuinhof et al., 2011), and >3 million 
in the Meru and Arusha regions, Tanzania (Ijumulana et al., 2021). This 
calls for urgent public health intervention and better management of the 
groundwater in these high-risk areas.

3.4. Impact evaluation of the predictor factors

Eleven predictor variables were shown to have a significant effect on 
the groundwater F− distribution, including HCO3

− , Ca2+, Mg2+, SO4
2− , 

K+, EC, Na+, NO3
− , TDS, pH, and Cl− , Stacking Ensemble model classifier 

was used to regulate which chemical factors were most important in 

forecasting particular water pollution conditions in our F− contamina
tion groundwater research. When utilized as a feature in the Stacking 
model, Fig. 4 shows the average reduction in tree impurity for each 
chemical parameter, where alteration in Na+ levels are highly predictive 
parameters in infiltration water contamination in the study area, Na+

levels are the most relevant factor in this regard (13 %) because of their 
relationships to geological origins and water hardness, HCO3

− (11 %), 
Ca2+, Cl− , (7 %), respectively. Mg2+, NO3

− , K+, EC (6 %), respectively, 
and SO4

2− (5 %) also have essential roles in categorization, contributing 
65 % to groundwater fluoride distribution in the study area. Likewise, 
TDS, pH, and Cl− have the lowest impact on model decisions (Gupta 
et al., 2021) (Fig. 4). This is because their correlations with expected 
conditions are weaker or their variability is more minor (Sakaa et al., 
2022).

TDS, pH, and Cl− play significant yet minor roles when evaluating 
water quality. It was revealed that the primary origin of dissolved F− is 
dissolved F− bearing minerals, which are mainly leached by ground
water to produce dissolved F− enrichment (Onipe et al., 2021). This 
implies that the visibility of TDS, pH, and Cl− in the groundwater does 
not elevate fluoride in the study area. (Smedley et al., 2002; Kut et al., 
2016; Abba et al., 2017; Goyit et al., 2018) Reveal that the study area 
consisted of fluoride-containing minerals such as apatite, cryolite, and 
fluorite, which dissolve and release fluoride into the water, which is 
commonly the reason for high Na+, HCO3

− , Cl− , Mg2+, SO4
2− , and K+

levels in groundwater. In particular, higher quantities of calcium (Ca2+) 
are attributed to fluorite or calcium fluoride. Its origins may include 
other geological materials and geochemical processes occurring in the 
regions (Rango et al., 2012; Podgorski and Michael, 2022). This finding 
also calls for emphasizing those geochemical indicators directly associ
ated with fluoride-bearing minerals in assessing groundwater quality in 
Africa.

3.5. Distribution of fluoride in groundwater across the African continent

Groundwater across many regions of the African continent naturally 
contains fluoride due to weathering, geology, high rates of evaporation, 
infrequent rainfall recharge, and human activity. Due to geological 
factors that elevated fluoride in groundwater, those countries include 
Ethiopia (Ayenew, 2008; Assefa Alemu et al., 2015; Van Landtschoote, 

Table 2 
Confusion matrix for forecast outcomes.

All condition Actual classes

True False
Predicted classes True TP FP

False FN TN
Fig. 4. The groundwater F− prediction model's candidate base learners' 
entropy-weighted composite scores.

U.S. Usman et al.                                                                                                                                                                                                                               Science of the Total Environment 957 (2024) 177693 

7 



2016; Ayele et al., 2023; Shube et al., 2023), Nigeria (Dibal et al., 2017; 
Ankidawa et al., 2019; Mukkafa et al., 2019; Jamiu, 2020), Tanzania 
(Smedley et al., 2002; Nakayama et al., 2022; Said et al., 2022; Nakaya 
et al., 2023), and South Africa (Mccaffrey and Willis, 1998). The release 
and mobility of fluoride in groundwater are closely related to geological 
formations, weathering processes, and specific environmental condi
tions. Fluoride in groundwater has a close relation with geological for
mation, weathering process, and particular environmental condition 
(Smedley et al., 2002; Rango et al., 2012). Due to silicate weathering and 
erosion, high fluoride levels have been witnessed in countries like Ghana 
and Kenya (in certain areas), where the underground water is under
saturated with calcite and fluorite and supersaturated with albite (Tay 
et al., 2017; Wadira, 2020; Zango et al., 2021; Sunkari et al., 2018, 
2023).

Likewise, excessive evaporation rates caused high fluoride levels in 
groundwater in nations including Mauritania, Botswana, and Egypt. (El- 
Said et al., 2010; Kane et al., 2012; Tshepo, 2017). However, the map 
also revealed that over 20–35 % of the continent's population may be at 
risk of fluoride contamination levels more than the WHO standard limit 
(≥1.5 mg/L), as seen in Fig. 3, with the majority of those affected living 
in the Eastern part of the continent (including; Kenya, Ethiopia, Malawi, 
Tanzania, etc.), only around 10 % was affected in some Western part of 
the continent such as Ghana, and Nigeria. Previous research shows that 
the fluoride concentration in some parts of the continent was strongly 
correlated with the two main kinds of groundwater types, Ca-Mg-HCO3 
and Na-HCO3. (Ayenew, 2008; Dibal et al., 2016; Tay et al., 2017; 
Kambuku et al., 2018; Okwir et al., 2023), Na-HCO3 enrichment and 
Mixed Ca-Na-HCO3 (Tay et al., 2017; Sunkari et al., 2018; Tolera et al., 
2020; Said et al., 2022), which the elevation of fluoride in the study area 
causes severe dental fluorosis in children and young people, especially in 
the African Rift Valley, in the absence of gender discrimination, Genu 
Valgum in children.

3.6. Regularities distribution of geogenic fluoride groundwater in Africa

Groundwater F− levels and distribution are controlled by the 
geological formations found across the continent (Fig. s3). Crucial 
geological elements that are important for groundwater chemistry are 
shown on the map, including cratons, sedimentary basins, and volcanic 
zones. The elevated fluoride is found in groundwater in the East African 
Rift Valley, where volcanic activity dissolves fluorite and other minerals 
containing fluoride (Ligate, 2023). According to Awaleh et al. (2020)
and Gebeyehu et al. (2022), sedimentary basins in the Congo and Niger 

display unique hydrogeochemical features that influence fluoride levels. 
However, Fluoride contamination's spatial distribution (Fig. 3) can be 
explained by the continent's diverse geological formations, which 
include more recent sedimentary deposits and older Precambrian rocks. 
The African Rift Valley and other regions with high F− concentrations 
provide serious health hazards (Ijumulana et al., 2021; Podgorski and 
Michael, 2022). Usually, this is notably the case in East and West Africa. 
Therefore, understanding the geological context is essential for assessing 
and managing fluoride risks in groundwater across Africa (Rango et al., 
2012; Nijsten et al., 2018). Future research should focus on the inte
gration of geochemical modeling into socio-economic assessment, to 
come up with the contribution of fluoride contamination given its public 
health and environmental impacts across Africa (Nijsten et al., 2018).

4. Conclusion

The elevated fluoride in groundwater was observed in African na
tions like South Africa, Tanzania, Nigeria, and Ethiopia, due to the 
combination of geogenic and anthropogenic factors including; weath
ering, geology, high evaporation rates, occasional rainfall, and anthro
pogenic activity; such as mining and industrial activities. Approximately 
10 % of people in Western areas of the continent, such as Ghana and 
Nigeria, and over 20–35 % of people in Eastern regions, such as Kenya, 
Ethiopia, Malawi, and Tanzania, may be at risk of fluoride contamina
tion above the WHO guideline level. In this study, we implemented an 
advanced Stacking Ensemble Learning model to map fluoride contami
nation in the groundwater of Africa. The performance of the model, as 
obtained by an AUC value of 0.86, reflects the high prediction capability 
for the areas with high levels of fluoride. Our results found that high 
fluoride concentrations affected approximately 80 million people, which 
increases the risk of dental and skeletal fluorosis, especially in semi-arid 
and arid regions.

The four critical physiochemical parameters were found, including 
Na+, HCO3

− , Ca2+, and Cl− . Due to their proximate connection to the 
geochemical processes influencing fluoride solubility and mobility in 
groundwater, these values have considerable explanatory value. 
Elevated TDS and Cl− generally indicate elevated fluoride concentra
tions, particularly in regions with fluoride-containing minerals and 
sediments. Fluoride solubility is also influenced by Mg2+ concentration 
through intricate geological interactions. The study highlighted the 
significant roles of the continent's climate and geological diversity in 
shaping and influencing the hydrogeochemistry of African subsurface 
water; volcanic environments raise pH, soil composition, water-rock 
interactions, and fluoride levels. In dry and semi-arid regions, alkaline 
soils have increased fluoride ion mobility, which calls for specialized 
management strategies to reduce health risks. The SEL model was quite 
informative, however, the interaction of environmental and human 
variables in a dynamic way makes comprehension of the contamination 
of groundwater quite challenging. At the same time, the model takes into 
consideration the impacts of stress levels, whereby it identifies the 
populations that are most vulnerable because of contamination in the 
groundwater. This can be a useful tool regarding targeted preventive 
measures. These projections can be utilized by policymakers to decide 
on priorities of interventions in the affected areas as far as resources for 
the management of groundwater and public health protection are con
cerned. To focus on collecting primary data. More emphasis needs to be 
placed on finding more efficient deep learning and neural network 
models that scale up the performance of the model. Advanced tech
niques using these may improve predictive accuracy and perhaps allow a 
more informed analysis of nonlinear interactions in environmental 
contexts underpinning groundwater management in a sustainable way 
across Africa.
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