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Abstract

Groundwater fluoride contamination poses a significant threat to sustainable water re-
sources and public health, yet conventional water quality analysis is both time-consuming
and costly, making large-scale, sustainable monitoring challenging. Machine learning meth-
ods offer a promising, cost-effective, and sustainable alternative for assessing the spatial
distribution of fluoride. This study aimed to develop and compare the performance of
Random Forest (RF), Support Vector Machine (SVM), and Artificial Neural Network (ANN)
models for predicting groundwater fluoride contamination in the Datong Basin with the
help of satellite embeddings from the AlphaEarth Foundation. Data from 391 groundwater
sampling points were utilized, with the dataset partitioned into training (80%) and testing
(20%) sets. The ANOVA F-value of each feature was calculated for feature selection, identi-
fying surface elevation, pollution, population, evaporation, vertical distance to the rivers,
distance to the Sanggan river, and nine extra bands from the satellite embeddings as the
most relevant input variables. Model performance was evaluated using the confusion ma-
trix and the area under the receiver operating characteristic curve (ROC-AUC). The results
showed that the SVM model demonstrated the highest ROC-AUC (0.82), outperforming
the RF (0.80) and MLP (0.77) models. The introduction of satellite embeddings improved
the performance of all three models significantly, with the prediction errors decreasing
by 13.8% to 23.3%. The SVM model enhanced by satellite embeddings proved to be a
robust and reliable tool for predicting groundwater fluoride contamination, highlighting
its potential for use in sustainable groundwater management.

Keywords: Random Forest; Artificial Neural Network; Support Vector Machine; AlphaEarth

1. Introduction
Groundwater provides drinking water for an estimated 1.5 to 3 billion people and

accounts for approximately 50% of all domestic water withdrawals worldwide [1–4]. En-
suring the safety and long-term availability of this resource is a cornerstone of sustainable
development and global public health [5–7]. The utility of this resource is frequently limited
by its chemical composition, and fluoride is one such chemical constituent of concern due to
its effects on human health [8–10]. While concentrations ranging from 0.5 mg/L to 1.0 mg/L
are considered beneficial for dental health, long-term consumption of water exceeding the
World Health Organization (WHO) guideline of 1.5 mg/L [11] (or the Chinese standard
of 1.0 mg/L [12]) is associated with adverse health outcomes. These include dental and
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skeletal fluorosis, as well as other systemic disorders. High-fluoride groundwater provinces
have been identified on every continent, from the East African Rift Valley to the plains of
India and the basins of China [13–18], making the large-scale mapping of fluoride risk a
critical priority for public health and sustainable water management [13,19].

This global challenge is acutely manifested across the arid and semi-arid basins of
North China, where a convergence of geogenic factors and intense water resource exploita-
tion creates widespread fluoride contamination hotspots [19–23]. Among these, the Datong
Basin has emerged as a focal point for hydrogeochemical research due to the severity and
complexity of its fluoride problem [24]. Extensive studies in the basin have established a
clear understanding of the primary drivers: groundwater is naturally enriched with fluo-
ride from the dissolution of fluorine-bearing minerals [25], a process significantly amplified
by the region’s high evaporation rates [26] and further exacerbated by anthropogenic pres-
sures [27]. In particular, decades of groundwater over-extraction for agriculture have been
shown to alter local flow regimes and geochemical balances, accelerating the release and
accumulation of fluoride in the aquifer system [28]. Despite this progress in understanding
the causal mechanisms, the resulting spatial distribution of high-fluoride groundwater is
highly heterogeneous, making large-scale risk assessment a persistent challenge for local
water authorities.

The concentration of fluoride in groundwater is controlled by a combination of natural
and anthropogenic factors [29–31]. Geogenic sources include the dissolution of fluoride-
bearing minerals such as fluorite (CaF2), apatite, and biotite [19,32], with its mobility gov-
erned by local hydrogeochemistry (e.g., pH, alkalinity, ion exchange) [27,33]. In arid and
semi-arid climates, evapotranspiration can further increase solute concentrations [33,34].
Anthropogenic inputs from sources like phosphate fertilizers and irrigation return flows
may also contribute to fluoride loading in groundwater [31]. The complexity of these inter-
acting factors makes the spatial prediction of fluoride concentrations challenging [32,35].
Process-based numerical models exist for simulating contaminant transport. However,
these models have significant limitations for regional-scale applications. They typically
require extensive datasets for calibration and validation, are computationally intensive,
and involve complex parameterization. These challenges can limit their practical use in
creating sustainable and scalable monitoring programs [36,37].

As an alternative to process-based modeling, data-driven machine learning (ML)
methods offer an efficient approach for predicting groundwater contamination [38–40].
These algorithms can identify complex, non-linear relationships between a set of predic-
tor variables and a target variable without requiring explicit definition of the underlying
physical processes [41,42]. Several ML algorithms have already been applied in hydro-
geology. Artificial Neural Networks (ANNs) can model complex relationships in large
datasets and have been applied to predict nitrate leaching, hydrological variables, and
groundwater quality [43–45]. The Random Forest (RF) algorithm, an ensemble method,
is effective for handling high-dimensional data and is resistant to overfitting during the
task of water quality classification and nitrate/arsenic concentration prediction [46–48].
Support Vector Machine (SVM) is well-suited for classification tasks, such as differentiating
between contaminated and uncontaminated sites, and has been employed to predict ni-
trate concentrations in groundwater, as well as other contaminants such as sodium and
arsenic [49–51].

Despite their success, a critical research gap persists: the majority of these studies
rely heavily on hydrochemical input features (e.g., pH, EC, TDS, major ions) for predic-
tion [38,52]. This creates a paradoxical situation where, to predict contamination at a
location, one must first collect and analyze a water sample from that location, largely
defeating the purpose of a truly predictive, scalable monitoring tool [53]. Thus, alternative
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approaches are needed that utilize input variables (such as those from remote sensing)
which are readily and inexpensively available over large regions.

This study hypothesizes that this gap can be bridged by leveraging advanced, multi-
modal satellite embeddings, such as those from the AlphaEarth Foundation [54], that can
serve as powerful proxies for the complex surface and near-surface conditions that control
subsurface hydrogeochemistry. These embeddings synthesize vast amounts of data (from
optical and radar imagery to elevation and climate models) into a rich, geographically-
aware feature set that may implicitly capture signatures of geology, soil type, land use, and
human activity [55]. While their performance has been proven in surface-level tasks, their
potential to infer subsurface water quality remains a critical and unexplored frontier. This
leads to the following primary research questions:

1. Can ML models, trained exclusively on publicly available geospatial data and novel
satellite embeddings, accurately predict groundwater fluoride risk without relying on
traditional hydrochemical inputs?

2. How do the performances of RF, SVM, and ANN models compare in this new
predictive framework, and what is the quantifiable benefit of incorporating satel-
lite embeddings?

3. What are the dominant environmental and anthropogenic drivers of fluoride distribu-
tion in the Datong Basin, as revealed by the most effective predictive model?

Therefore, the objective of this study is to develop and evaluate a practical and scalable
framework for predicting groundwater fluoride contamination in the Datong Basin. By
conducting a comparative evaluation of RF, SVM, and ANN models enhanced with satellite
embeddings, this study aims not only to identify the most accurate predictive tool, but
also to validate a new, more sustainable approach for regional-scale groundwater risk
assessment, thus helping to implement sustainable groundwater management, protect
community health, and ensure the long-term security of this vital resource.

2. Study Area Setting
The Datong Basin is a slender graben basin with a northeast–southwest trend situated

in the middle-western part of North China (39◦54′–40◦44′ N, 112◦06′–114◦33′ E). The basin
covers an area of approximately 6000 km2 and constitutes a well-defined geomorphological
unit, enclosed by the Heng, Cailiang, Liulian, Hongtao, and Guancen mountain ranges [15].
The terrain within the basin is relatively flat, with altitudes ranging from 800 to 1200 m, and
is primarily composed of alluvial and fan-deltaic plains. The basin is filled with Quaternary
sediments that can reach several hundred meters in thickness [56]. The presence of distinct
fault lines and dormant volcanoes in the northern and northwestern sectors indicates that
the basin’s formation is closely linked to tectonic activity [57].

The region is characterized by a temperate continental monsoon climate, defined by
arid conditions with cold, long winters and hot summers. According to meteorological
records from the past two decades, the mean annual temperature is 6.8 ◦C to 8.8 ◦C [58].
The mean annual precipitation is low, ranging from 300 mm to 400 mm, with over 80%
concentrated in the summer months (June to September). In contrast, the mean annual
potential evaporation is substantially higher, ranging from 1500 mm to 2000 mm. This
significant water deficit underscores the region’s aridity and its reliance on groundwater
resources [59].

The regional groundwater flow system is generally directed from the piedmont
recharge zones at the basin margins towards the center, and from the northwest to the
southeast. The primary surface water body is the ephemeral Sanggan River [60]. Agricul-
tural practices include two large-scale irrigation periods annually in March and September.
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Furthermore, soil salinization is a significant environmental issue, affecting an estimated
25% to 30% of the basin’s land area [61].

3. Materials and Methods
3.1. Predictor Variables and Data Preparation
3.1.1. Target Variable: Groundwater Fluoride Concentration

The dependent variable for this study was groundwater fluoride concentration. The
dataset consisted of analytical results from 391 groundwater samples collected across the
Datong Basin (Figure 1) in the time period of 2022–2023. Fluoride concentrations were deter-
mined in the laboratory using an ion chromatograph (Dionex ICS-600, Thermo Fisher Scientific,
MA, USA), a technique widely recognized for its accuracy and reliability in analyzing ionic
species in aqueous samples [62]. The testing method strictly followed the Chinese National
Environmental Protection Standard for water quality analysis (HJ 84-2016). According to this
standard, samples were first filtered through 0.45 µm membrane filters and stored at 4 ◦C
in polyethylene bottles prior to analysis. The analytical process involved separating anions
with an anion exchange column (IonPac AS22 with 4.5 mM Na2CO3 and 1.4 mM NaHCO3

eluent) and quantifying them using a suppressed conductivity detector. The method detection
limit (MDL) for fluoride was 0.02 mg/L. Rigorous quality assurance and quality control
(QA/QC) procedures were implemented, including the analysis of duplicate samples, blanks,
and standard reference materials. The relative percent difference (RPD) for duplicate samples
was consistently below 5%, and the recovery of spiked samples ranged from 95% to 105%,
ensuring the accuracy and reliability of the dataset. The continuous fluoride concentration
data was transformed into a binary classification problem by categorizing samples as either
‘low-risk’ (≤1.0 mg/L, class 0) or ‘high-risk’ (>1.0 mg/L, class 1). This was a deliberate
methodological choice designed to align the model’s output directly with the critical regula-
tory threshold for safe drinking water. From a practical standpoint, this framework mirrors
the binary decision-making process of water managers, whose primary concern is identifying
sources that exceed permissible limits. From a technical standpoint, this simplification focuses
the learning algorithm on distinguishing safe from unsafe water, while making the model
more robust to minor fluctuations and noise. This approach ultimately yields a more stable,
accurate, and actionable tool for groundwater quality assessment. Subsequently, for model
training and validation, the dataset was subjected to a standard 80/20 random split, creating
a 80% training subset and a hold-out 20% testing subset.

Figure 1. Localization of the study area: (a) localization of China and Datong Basin; (b) Digital
Elevation Model of hydrographic boundaries of Datong Basin, and location of sampling wells.
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3.1.2. Predictor Variable Datasets

A comprehensive suite of predictor variables was compiled, categorized as meteoro-
logical, topographic, hydrological, soil, anthropogenic, and satellite embeddings.

Meteorological Variables: Gridded datasets for annual mean precipitation, annual
mean evaporation, and annual mean air temperature were obtained from the Center for
Resource and Environmental Sciences and Data, Chinese Academy of Sciences (www.resdc.
cn), at an initial resolution of 1 km.

Topographical Variables: A Digital Elevation Model (DEM) with a 30 m resolution was
acquired from the Geospatial Data Cloud (www.gscloud.cn). This DEM was used to derive
the ground surface elevation and ground surface slope. Proximity variables, including
the distance to the Sanggan River, the vertical and horizontal distance to the nearest river,
and the distance to urban and arable land, were calculated in ArcGIS Pro 2.8 using river
network and land use maps as reference layers.

Hydrological Variables: Key hydrogeological parameters were compiled from field
data and existing reports. Hydraulic conductivity was derived from pumping test data.
The infiltration rate was estimated based on soil and land use characteristics. Groundwater
table elevation and depth were interpolated from measurements at 391 observation wells.
Information on the soil type of the vadose zone, the soil type of the aquifer, and aquifer
thickness was obtained from the lithological descriptions of 130 well logs.

Soil Variables: Eight soil properties were obtained from the ISRIC—World Soil Infor-
mation database (SoilGrids v2.0, https://www.isric.org/) at a 250 m spatial resolution. The
variables included the following: bulk density, coarse fragment content, sand content, silt
content, cation exchange capacity (at pH 7), soil organic carbon, soil organic carbon stock,
and nitrogen content.

Anthropogenic Variables: Data representing human impact were also included. Popu-
lation density was sourced from the Baidu Huiyan dataset (https://huiyan.baidu.com/).
The pollution overload index was calculated based on the distribution of potential industrial
and agricultural contamination sources.

Satellite Embeddings: In addition to these traditional variables, 64 satellite embed-
ding features from the AlphaEarth Foundation (https://developers.google.com/earth-
engine/datasets (accessed on 10 September 2025)) were incorporated in the prediction
models. These are not direct physical measurements; instead, they are 64-dimensional
feature vectors produced by a self-supervised deep learning model. The model synthesizes
amounts of multi-modal data—including optical (Sentinel-2, Landsat), radar (Sentinel-1),
elevation, and climate data—into a compact and semantically rich representation of the
Earth’s surface. This approach is designed to capture complex, non-linear relationships
across diverse datasets, offering a more holistic characterization of surface conditions
relevant to groundwater processes [54,55].

3.1.3. Determination of the Most Relevant Input Variables

Effective feature selection is crucial for optimizing model performance by eliminating
irrelevant variables [63]. To identify the most influential predictors for this classification
task, an Analysis of Variance (ANOVA) F-test was employed. This statistical test assesses
the discriminatory power of each feature by calculating the ratio of variance between the
high- and low-fluoride classes to the variance within each class. A higher F-value signifies
greater class separation, indicating a more significant feature. The F-statistic formula is
defined as follows:

F =
Variance between the high- and low- f luoride classes

Variance within each class
(1)

www.resdc.cn
www.resdc.cn
www.gscloud.cn
https://www.isric.org/
https://huiyan.baidu.com/
https://developers.google.com/earth-engine/datasets
https://developers.google.com/earth-engine/datasets
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Based on this analysis, the top 15 features with the highest F-values were selected for
model training. When satellite embeddings were used for prediction, these features in-
cluded six environmental and geospatial variables (surface elevation, pollution, population,
evaporation, vertical distance to rivers, and distance to the Sanggan river) and nine extra
bands from the satellite embeddings. While when satellite embeddings were not used, the
models utilized a set consisting exclusively of the top 15 environmental and geospatial
variables (Table 1).

Table 1. Selection of most relevant inputs with and without satellite embeddings.

Embedding-Enhanced Models Conventional Models

Variables ANOVA F-Value Variables ANOVA F-Value

surface elevation 29.1081 surface elevation 29.1081
pollution 16.1294 pollution 16.1294

population 13.1675 population 13.1675
evaporation 12.9844 evaporation 12.9844

vertical distance to rivers 12.9710 vertical distance to rivers 12.9710
distance to Sanggan river 12.0708 distance to Sanggan river 12.0708
satellite embedding A38 27.2939 vadose zone soil 9.9553
satellite embedding A33 25.7531 precipitation 9.4695
satellite embedding A34 21.4152 hydraulic conductivity 6.9283
satellite embedding A41 20.5796 distance to urban area 4.8268
satellite embedding A25 18.6943 groundwater table elevation 4.3817
satellite embedding A23 17.9126 horizontal distance to rivers 3.4892
satellite embedding A14 13.4771 soil organic carbon 3.1402
satellite embedding A20 12.2590 bulk density 2.4634
satellite embedding A11 11.5991 air temperature 2.0761

3.2. Model Development

This study employed a comparative approach, evaluating three benchmark machine
learning algorithms: ANN, RF, and SVM. The selection of these specific models was
deliberate and methodological, intended to represent three distinct and highly successful
families of machine learning paradigms [64]. The ANN represents the foundational neural
network approach, capable of capturing complex, hierarchical non-linear patterns. RF
represents ensemble learning (specifically, bagging), which is known for its robustness
and resistance to overfitting. Finally, SVM represents kernel-based methods, which excel
at finding optimal decision boundaries in high-dimensional spaces. By comparing these
diverse approaches, the best-suited learning philosophy for this specific hydrogeological
prediction task can be determined. While other powerful algorithms like XGBoost (a
boosting-based ensemble) and deep Convolutional Neural Networks (CNNs) exist, they
were not selected for this primary comparison. XGBoost, while powerful, belongs to the
same family of tree-based ensembles as RF. Compared with XGBoost, RF is generally
less sensitive to hyperparameter tuning and more robust against overfitting compared to
boosting models [64,65], making it an ideal candidate for establishing a stable and reliable
baseline in a comparative study like this one. CNNs are primarily designed for grid-
structured data (e.g., images) and are less directly applicable to the point-based sampling
dataset without significant preprocessing that would introduce its own set of assumptions.
Therefore, the chosen trio provides a robust and well-established baseline for evaluating
the utility of satellite embeddings in this context. The machine learning models were built
in Python 3.10 using the Scikit-Learn library.
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3.2.1. ANN

A Multilayer Perceptron (MLP), a foundational class of feedforward ANNs [66], was
implemented as the first model. The model was configured with two hidden layers, with the
number of neurons in the input and output layers determined by the number of predictor
variables and the binary classification target, respectively. To optimize the network’s
weights during training, the Adam optimizer was selected. This choice was justified by its
proven computational efficiency and widespread adoption for its effectiveness in a variety
of deep learning applications [38,67].

3.2.2. RF

The RF model, an ensemble learning algorithm built from a multitude of decision
trees [68], was utilized as the second model. To maximize its predictive power, a systematic
hyperparameter tuning process was conducted, which is a critical step for optimizing
model performance [65]. A grid search was performed to identify the optimal combination
of key hyperparameters based on the highest ROC-AUC achieved during cross-validation.
The final optimized architecture consisted of 55 trees (n_estimators), a maximum tree depth
of eight (max_depth), and two random features considered at each split (max_features) to
ensure tree diversity and reduce variance.

3.2.3. SVM

The SVM classifier, a powerful method for finding an optimal separating hyper-
plane [69], was implemented as the third model. The Radial Basis Function (RBF) Kernel
was specifically chosen for this task. The RBF Kernel is highly effective at handling com-
plex, non-linear relationships between predictors and is widely recommended as a robust
default choice for classification problems where the data structure is not linearly separa-
ble [70]. This kernel-based approach allows the model to operate in a high-dimensional
feature space, enabling it to identify a non-linear decision boundary between the high- and
low-fluoride classes.

3.2.4. Model Validation

The performance of each trained model was assessed on the independent testing set
using several standard metrics derived from a confusion matrix. The confusion matrix
tabulated the number of true positives (TPs), true negatives (TNs), false positives (FPs),
and false negatives (FNs). The primary evaluation metrics were Accuracy, Precision,
Recall, Specificity, F1 score, and the area under the receiver operating characteristic curve
(ROC-AUC) [38].

Accuracy =
TP + TN

TP + TN + FP + FN
(2)

Precision =
TP

TP + FP
(3)

Recall =
TP

TP + FN
(4)

Speci f icity =
TN

TN + FP
(5)

F1 score =
2 TP

2 TP + FP + FN
(6)

where true positive (TP) indicates that the high-fluoride sample is correctly identified; true
negative (TN) indicates that the low-fluoride sample is correctly identified; false positive
(FP) represents the misclassification of a low-fluoride sample as high; and false negative
(FN) represented the misclassification of a high-fluoride sample as low.
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The ROC-AUC is particularly well-suited for this type of environmental application,
as it provides a threshold-independent measure of a model’s ability to distinguish between
classes and is robust to class imbalance, which can be present in contamination datasets [71].
Apart from ROC-AUC, the combination of the Accuracy, Precision, Recall, Specificity, and
F1 score metrics provides a holistic view of model performance. These metrics capture not
only the overall correctness (Accuracy), but also the trade-offs between different types of
classification errors [14,72].

3.2.5. Feature Importance Analysis

To interpret the model and identify the key drivers of fluoride contamination, a feature
importance analysis was conducted. The Random Forest (RF) model was selected for
this task due to its inherent ability to provide feature importance metrics, offering greater
interpretability compared to the SVM and ANN models [38]. The importance of each
predictor variable was quantified using the Mean Decrease in Impurity (MDI), also known
as Gini importance [73].

The MDI method evaluates the importance of a feature by measuring how much it
contributes to reducing uncertainty within the decision trees of the RF ensemble. This
uncertainty is quantified by the Gini impurity. For a given node m in a tree, the Gini
impurity is calculated as follows:

G(m) =
K

∑
k=1

pmk(1 − pmk) = 1 −
K

∑
k=1

p2
mk (7)

where K is the number of classes (in this study, K = 2), and pmk is the proportion of samples
belonging to class k at node m. A Gini impurity of 0 indicates that the node is pure (all
samples belong to a single class).

When a feature is used to split a parent node m into two child nodes (left and right),
the quality of the split is measured by the decrease in Gini impurity, calculated as follows:

∆G(m) = Gparent −
( Nle f t

Nparent
Gle f t +

Nright

Nparent
Gright

)
(8)

where Nparent, Nle f t, and Nright are the number of samples in the parent, left child, and right
child nodes, respectively.

The importance of a single feature in one tree is the sum of the Gini impurity decreases
for all nodes where that feature was used for splitting. The final MDI score for the feature
is the average of these importance values across all the trees in the forest. A higher MDI
value signifies that the feature is more effective at partitioning the data into the defined
classes and is therefore considered more influential in the model’s predictions.

4. Results
4.1. Model Evaluation and Comparison

Following the training phase, the performance of all six model configurations (RF,
ANN, and SVM, with and without satellite embeddings) was evaluated on the independent
test set. The resulting metrics (Table 2) and confusion matrices (Figure 2) demonstrate a
clear performance hierarchy. The embedding-enhanced models consistently outperformed
their conventional counterparts, with prediction errors decreasing by 13.8% to 23.3%.
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Table 2. Performance metrics for the RF, ANN, and SVM models on the testing dataset.

No.
Embedding-Enhanced Models Conventional Models

RF ANN SVM RF ANN SVM

Accuracy 0.75 0.72 0.77 0.71 0.65 0.70
Precision 0.69 0.80 0.71 0.65 0.61 0.65

Recall 0.74 0.47 0.79 0.71 0.50 0.65
Specificity 0.76 0.91 0.76 0.71 0.76 0.73
F1 score 0.71 0.59 0.75 0.68 0.55 0.65

ROC-AUC 0.80 0.77 0.82 0.78 0.74 0.77

Figure 2. Confusion matrix: with satellite embeddings—(a) RF model, (b) ANN model, and (c) SVM
model; without satellite embeddings—(d) RF model, (e) ANN model, and (f) SVM model. The values
on the top left, bottom right, top right, and bottom left represent the number of TPs, TNs, FPs, and
FNs, respectively.

Among the models, the embedding-enhanced SVM model emerged as the top per-
former, achieving an accuracy of 0.77, a recall of 0.79, and an ROC-AUC of 0.82. The
embedding-enhanced RF model also demonstrated strong predictive capability with an
accuracy of 0.75 and an ROC-AUC of 0.80. The ANN model yielded the lowest metrics of
the three, with an accuracy of 0.72 and an ROC-AUC of 0.77. Its performance was primarily
hindered by a low recall of 0.47.

4.2. Variables Influencing Fluoride Distribution

A feature importance analysis was conducted using the trained RF model to quantify
the relative influence of each predictor variable, as detailed in Section 3.2.5. The analysis,
summarized in Figure 3, identified the most significant drivers of fluoride distribution.
Among meteorological factors, annual mean evaporation (EVP) emerged as a highly influ-
ential predictor (MDI = 0.1008). Topography also played a critical role, with ground surface
elevation (DEM) being the most influential predictor (MDI = 0.0983), followed by vertical
distance to rivers (DrivfdirV) and distance to the Sanggan River (Dsanggan). Furthermore,
population also emerged as a significant anthropogenic predictor of groundwater fluoride.
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Figure 3. Feature importance, evaluated using MDI.

4.3. Predicted Spatial Distribution of Groundwater Fluoride

Leveraging the superior performance of the embedding-enhanced SVM model, a
predictive risk map for groundwater fluoride across the Datong Basin was generated
(Figure 4). The map highlights a pronounced spatial heterogeneity in fluoride distribution,
identifying the central and northern parts of the plain as the primary high-risk zones
(F− > 1.0 mg/L).

Figure 4. Spatial distribution of groundwater fluoride, predicted by embedding-enhanced
SVM model.

5. Discussion
5.1. Interpretation of Model Performance

The superior performance of the SVM is attributable to its fundamental design. SVMs
excel at finding the optimal hyperplane that best separates classes in a high-dimensional
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feature space [69]. By using a Radial Basis Function (RBF) Kernel, the model effectively
captures complex and non-linear relationships between predictors, which is essential for
modeling the intricate hydrogeochemical systems of the Datong Basin [49]. Its effectiveness
in this high-dimensional context highlights its robustness against overfitting compared
to other methods [51,74]. The RF model’s strong performance is also consistent with its
established suitability for complex environmental datasets [75,76]. As an ensemble method,
RF inherently minimizes overfitting and captures non-linear predictor interactions, making
it a reliable tool for this type of classification task [14,77].

In contrast, the ANN model showed the weakest performance. While ANNs are pow-
erful, their performance can be highly sensitive to network architecture, hyperparameter
tuning, and the size of the training dataset [49,78]. In this instance, the model may have
struggled to generalize as effectively as the SVM or RF, potentially due to the dataset’s
complexity relative to its size, a known challenge for neural networks.

In summary, this study demonstrates that while all three algorithms have utility,
the SVM model, when enhanced with satellite embeddings, provides the most accurate
and reliable tool for this classification task. Two factors contribute to the model’s pre-
dictive accuracy: first, the algorithm’s inherentability to capture complex, non-linear
relationships; second, the predictor set formed by integrating traditional variables with
satellite embeddings.

5.2. Hydrogeological Significance of Key Drivers

The feature importance analysis provides critical insights into the physical processes
governing fluoride distribution. The model’s identification of key predictors aligns remark-
ably well with established hydrogeological knowledge of the Datong Basin, lending strong
credibility to its findings.

The high importance score of EVP is strongly supported by the literature. The Datong
Basin is characterized by an arid-to-semi-arid climate with high potential evaporation
(often exceeding 2000 mm/year) and low precipitation [25,26]. This significant water deficit
makes evapoconcentration a dominant hydrogeochemical process. Numerous studies
have recognized that this strong evaporation is a key factor in the enrichment of various
solutes, including fluoride, in the basin’s shallow groundwater [26,27,79]. Therefore, the
model’s identification of EVP as an important predictor is consistent with the fundamental
hydrogeological processes of the region.

The importance of topographic variables, particularly DEM and distances to rivers,
is also deeply rooted in the basin’s hydrogeology. The established conceptual model for
the Datong Basin describes a flow system where groundwater is recharged in the higher-
elevation piedmont areas and flows towards the central, lower-elevation plains, which act as
discharge zones [58,60]. Research indicates that fluoride, after being leached from fluorine-
bearing minerals in sediments and strata under alkaline conditions [12], is transported by
this groundwater flow and accumulates in these low-elevation discharge zones [24]. Here,
the water table is closer to the surface, allowing the accumulated fluoride to be further
concentrated by the intense evaporation discussed above, leading to significantly elevated
levels [26,27].

Finally, the model’s identification of population as a significant predictor is a powerful
reflection of anthropogenic pressures. Population density serves as a direct proxy for water
demand for both domestic and agricultural purposes. Previous studies have extensively
documented the consequences of these demands in the Datong Basin, including long-term
over-extraction of groundwater, the formation of significant cones of depression in the
water table, and a continuous decline in groundwater levels since the 1980s [24,57,60]. This
intensive pumping has been identified as a dominant mechanism that induces the release
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of fluoride ions from surrounding clayey soils into the aquifer, particularly in the northern
parts of the basin [24]. Thus, the correlation found by the model between population and
fluoride risk is strongly supported by documented anthropogenic impacts on the local
aquifer system.

5.3. Implications of the Predicted Spatial Distribution

The predictive risk map generated by the embedding-enhanced SVM model (Figure 4)
provides a spatially explicit confirmation of the hydrogeological drivers discussed above.
The model identifies the central and northern parts of the plain as the primary high-risk
zones, a pattern that aligns remarkably well with spatial distributions observed in other
studies [26,58]. This concentration of high-fluoride groundwater along river systems and
within the basin’s low-lying northern discharge zone confirms that these are the areas where
the effects of natural solute transport, intense evaporation, and anthropogenic groundwater
over-extraction are most acute [24,28]. This strong correspondence between the data-driven
model’s output and established process-based understanding further validates the model’s
predictive capabilities and its utility for sustainable water management.

6. Conclusions
This study successfully developed and validated a machine learning framework for

predicting high-fluoride groundwater risk in the Datong Basin by integrating conventional
geospatial data with novel satellite embeddings. A comparative analysis of RF, ANN, and
SVM models was carried out. Among the models tested, the SVM model, enhanced with
a Radial Basis Function (RBF) Kernel, emerged as the most robust and accurate predic-
tor, achieving the highest accuracy (0.77) and ROC-AUC (0.82) on the independent test
set. Furthermore, the inclusion of satellite embeddings from the AlphaEarth Foundation
improved the predictive power across all models, reducing prediction errors by 13.8% to
23.3%. Finally, the feature importance analysis confirmed that the model captures physi-
cally meaningful processes. Evaporation, surface elevation, and population density were
identified as the dominant drivers of fluoride enrichment, aligning with the established hy-
drogeological understanding that fluoride accumulation in the Datong Basin is controlled
by a combination of evapoconcentration in discharge zones and anthropogenic pressures
from groundwater extraction.

Despite these promising results, several limitations should be acknowledged. The pri-
mary limitation is the inherent ‘black box’ nature of the satellite embeddings. Although this
study demonstrated their validity for prediction, a gap remains between this effectiveness
and a clear physical explanation. Secondly, the model’s performance has been validated
only within the specific hydrogeological context of the Datong Basin, and its transferabil-
ity to regions with different geological settings or climatic conditions remains untested.
Finally, the binary classification framework (high-risk vs. low-risk), while practical for
regulatory purposes, simplifies the problem and does not predict the continuous spectrum
of fluoride concentrations.

Future research should be directed toward addressing these limitations and expanding
upon the current framework. Firstly, employing explainable machine learning techniques,
could help to ’open the black box’ and reveal which specific surface features captured
by the embeddings are most influential. Secondly, future work should focus on testing
and adapting the model in diverse geographical and geological settings to build more
universally applicable prediction tools. Finally, transitioning from a classification- to a
regression-based approach would enable the prediction of actual fluoride concentration
values, providing a more granular and informative risk map for water managers and public
health officials.
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