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Drinking-water fluorosis remains a major public health concern in China due to sustained reliance on high-
fluoride groundwater in rural regions. Using the largest harmonized national dataset to date—138,180 site re-
cords and 38 environmental predictors spanning climatic, topographic, soil, hydrological, geological, and vol-
canic domains—artificial neural network (ANN), random forest (RF), and logistic regression (LR) models were
developed and evaluated via spatial block 5-fold cross-validation to mitigate spatial autocorrelation and improve
geographic generalization. All models demonstrated strong spatial generalizability, with precision-recall area
under the curve (PR_AUC) values of 0.985 (ANN), 0.992 (RF), and 0.956 (LR). The resulting probabilistic risk
maps revealed both well-established and previously under-recognized high-fluoride zonmes, including the
Northeast Plain, North China Plain, Inner Mongolia, and parts of northwest China, as well as newly highlighted
candidate areas such as the Jianghan Plain, Sanjiang Plain, and Junggar and Tarim basin rims. An estimated
40.78-54.77 million rural residents reside in predicted high-risk zones. Meteorological conditions, top-
ographic—soil properties, and volcanic-geologic factors emerged as dominant controls on fluoride enrichment.
This three-model comparative framework provides a validated, scalable tool for national groundwater fluorosis
risk assessment and offers actionable insights to support targeted surveillance, mitigation strategies, and
groundwater safety management, offering a framework applicable to environmentally similar regions such as
Mongolia and Kazakhstan.

1. Introduction however, in certain areas, the naturally elevated fluoride concentrations

in groundwater hinder the identification of appropriate low-fluoride

Prolonged exposure to high-fluoride groundwater has caused
endemic fluorosis, jeopardizing the health of millions globally
(Karabulut et al., 2024; Nordstrom, 2022; Podgorski and Berg, 2022).
China is among the nations most severely impacted by this issue, having
identified affected areas in 28 provinces and the Xinjiang Production
and Construction Corps, with 72.07 million individuals at risk (Yang
et al., 2025). Water improvement initiatives have significantly
elevated water quality for residents in recognized endemic regions;

sources, resulting in persistent areas where fluoride levels surpass
established standards despite intervention (Nordstrom, 2022). A
comprehensive understanding of the geological and hydrological ele-
ments is necessary to address this issue.

Groundwater fluoride concentrations are strongly shaped by envi-
ronmental conditions. These concentrations depend on the distribution
of fluoride-bearing minerals (Ali et al., 2026; Nawrin et al., 2024) and
are affected by geomorphology, hydroclimate, soil properties, volcanic
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activity, and human activities (Abiye et al., 2018; Durrani and Farooqi,
2021; Jia et al., 2018; Liu et al., 2022; Rubio et al., 2020; Senarathne
et al., 2022; Solanki et al., 2022; Yuan et al., 2023). Previous studies
have established that the dissolution of fluorine-rich rocks in aquifers
and the presence of fluorides in soil are considered the primary sources
of groundwater fluoride (Nakaya et al., 2023; Zhao et al., 2023).
Furthermore, soil physicochemical properties affect fluoride migration
and accumulation in groundwater (Subbaiah et al., 2023; Zhao et al.,
2023; Zhu et al., 2025). For example, alkaline soils, high cation ex-
change capacity, and low organic matter content promote the transfer of
fluoride from soil to groundwater (Alcaine et al., 2020; Kazapoe et al.,
2024; Zhang et al., 2025). Climate also plays an important role by
influencing groundwater recharge and storage; dry and semi-arid re-
gions are generally more favorable for fluoride enrichment (Wang et al.,
2022). Volcanic eruptions may further increase fluoride levels by
releasing ash that contaminates soils and enhances fluoride transport to
groundwater (Virchow et al., 2026). Human activities, including agri-
cultural irrigation and industrial production, can also contribute to
fluoride accumulation (Huang et al., 2022; Li et al., 2021; Wang et al.,
2019; Xu et al., 2022). Therefore, a systematic evaluation of these
environmental factors is essential for predicting the national-scale
spatial distribution of groundwater fluoride.

In response to this need, machine learning methods have been
increasingly applied to map geogenic groundwater contaminants at
regional to global scales, leveraging their strength in handling nonlinear
relationships within large multivariate datasets (Barzegar et al., 2017;
Gupta and Maiti, 2022; Ling et al., 2022; Lu et al., 2023; Podgorski et al.,
2018; Rosecrans et al., 2022; Sarkar et al., 2022; Yang et al., 2024).
Podgorski and Berg (2022) employed a random forest (RF) model to
generate a global groundwater fluoride hazard map, estimating that
approximately 180 million people are at risk. Mohammadi et al. (2016)
utilized an artificial neural network (ANN) to forecast fluoride distri-
bution in Khaf City, Iran, supporting local fluorosis prevention.
Nafouanti et al. (2021) combined ANN, RF, and binary logistic regres-
sion (LR) in the Datong Basin, China, demonstrating multi-model value.
These studies illustrate the potential of data-driven approaches to
identify high-risk zones beyond traditional sampling networks.

However, most national-scale assessments in China remain limited
by relatively small sample sizes, incomplete environmental covariates,
and reliance on single-model frameworks that preclude assessment of
prediction uncertainty and model-specific bias, limiting reliability for
public health decision-making (Cao et al., 2022). Conventional risk
maps derived from historical endemic village records inherently
underrepresent unmonitored areas, lack spatially explicit probabilistic
assessment, and cannot reveal hidden high-risk zones. Moreover, stan-
dard random cross-validation often overlooks spatial autocorrelation,
leading to over-optimistic performance estimates and reduced
real-world generalizability. Consequently, thousands of rural commu-
nities in geologically suspect but unmonitored regions may remain
exposed to unsafe fluoride levels without being prioritized for water
improvement interventions, underscoring the urgent need for more
comprehensive, spatially validated risk mapping.

To address these deficiencies, this study established the first multi-
model comparative framework for the spatially cross-validated predic-
tion of high-fluoride groundwater risk in China. This framework was
implemented through three objectives: (i) to harmonize the largest na-
tional geogenic fluoride database to date—comprising 138,180 site re-
cords (70,479 high-fluoride measurements and 67,701 control sites)
across 28 provinces—and identify key environmental predictors of
fluoride enrichment across diverse climatic and geologic settings in
China, drawing on 38 predictors spanning climatic, topographic, soil,
hydrological, geological, and volcanic domains; (ii) to evaluate the
complementary predictive performance and spatial generalizability of
ANN, RF, and LR under spatial block cross-validation; and (iii) to
generate spatially explicit probabilistic risk maps that identify both
established endemic zones and previously unrecognized candidate high-
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risk areas, and to quantify the rural population in predicted high-risk
areas, thereby informing evidence-based prioritization of surveillance
and optimization of water-source selection. This strategy offers a repli-
cable framework for environmentally similar fluoride-affected regions.

2. Materials and methods
2.1. Data sources and preprocessing

2.1.1. Data sources

All fluoride data were collected based on the 1985 national village
sampling framework for fluorosis and water-improvement surveys
(Wang et al., 2012). These records represent a single-phase cross-sec-
tional survey of fluoride concentrations in drinking-water sources of
endemic villages. Post-intervention data were excluded because exten-
sive water-improvement projects altered natural geogenic fluoride dis-
tributions. The final dataset captures pre-intervention baseline
conditions across 28 provincial-level administrative regions in China.
High-fluoride sites correspond to historically documented endemic
fluorosis areas identified in prior national surveys. Control sites were
generated at a 1:1 ratio outside 10-km buffers around high-fluoride lo-
calities using random sampling in ArcGIS 10.0.

A total of 38 environmental variables were collected from open-
access geospatial datasets, covering climate, topography, soil, hydrolo-
gy, geology, and volcanic activity (Table S1). Spatial processing was
conducted in ArcGIS 10.0 to derive variables including river density,
distance to rivers, crater density, distance to volcanic centers, slope,
aspect, and topographic wetness index.

2.1.2. Data preprocessing and georeferencing

Data cleaning was performed to remove duplicates, missing values,
and anomalous records. After quality control, 70,479 high-fluoride re-
cords and 67,701 control records were retained, yielding a total of
138,180 site records. Fluoride concentrations were measured using the
ion-selective electrode method following GB/T 5750-2006, with strict
quality control applied at county and municipal Centers for Disease
Control and Prevention. Village-level coordinates in the BD—09 datum
were obtained using the Baidu Maps Geocoding API (http://api.map.
baidu.com/geocoding/v3/), with a numerical precision of 10° de-
grees. The geocoding accuracy is shown in Figure S1. These coordinates
were subsequently converted to WGS 1984 geographic coordinates
using a coordinate transformation algorithm (BD—09 to WGS 1984).
Control sites were directly generated in the WGS 1984 system. All
sampling locations were stored as point features in ArcGIS 10.0 for
spatial analysis (Fig. 1).

2.1.3. Variable preprocessing

All predictor variables were standardized before modeling. Contin-
uous variables were rescaled to the range [0, 1] to eliminate scale ef-
fects. Three categorical variables—geological age, lithology, and soil
unit symbol—were converted into dummy variables. Univariate logistic
regression was used to screen preliminary associations between each
variable and high-fluoride occurrence.

Multicollinearity was assessed using variance inflation factors (VIF).
Tables S2—4 present the hierarchical classifications of geological li-
thology (Geo_lithology), geological age (Geo_age), and soil unit symbol
(Su_sym), respectively.

2.2. Feature selection

Feature selection was tailored to each model: for LR, stepwise se-
lection was applied within each cross-validation fold (a_in = 0.05, a_out
=0.10), retaining 17 predictors; for RF, variable importance was ranked
by mean out-of-bag (OOB) permutation and variables with importance
> 1% were retained, yielding 16 predictors; and for ANN, Recursive
Feature Elimination (RFE) retained the top 18 predictors across all folds,
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Fig. 1. Distribution of High-Fluoride Groundwater and Control Groups.

with L2 regularization and early stopping controlling model complexity.
The network architecture of the ANN model is shown in Table S5.

2.3. Cross-validation strategy

Two cross-validation strategies were used to evaluate model per-
formance: random 5-fold cross-validation (R-CV) and spatial block 5-
fold cross-validation (S-CV). For R-CV, all samples were randomly
shuffled and partitioned into 5 approximately equal folds; in each iter-
ation, the i-th fold (i = 1-5) was used as the validation set and the
remaining four folds were combined as the training set. For S-CV, China
was divided into 50 km x 50 km grid blocks (n = 3982). Blocks were
assigned to five folds using spatial block sampling with a contiguous
grouping strategy, ensuring that training and validation data were
drawn from distinct geographic regions, thereby reducing the influence
of spatial autocorrelation.

2.4. Model training

Within each fold, candidate hyperparameter configurations were
tuned solely on the training partition, and the configuration achieving
the highest internal validation AUC was assessed on the independent
validation blocks. Final models were retrained on the full dataset
(n = 138,180) using the selected hyperparameters.

2.5. Model evaluation

Model performance was assessed using accuracy, sensitivity, speci-
ficity, precision, Fl-score, the area under the receiver operating char-
acteristic curve (AUC), and the area under the precision-recall curve
(PR_AUQ). Prediction uncertainty was evaluated using predicted prob-
abilities: values near 0.5 indicate high uncertainty, while values close to
0 or 1 indicate high confidence. Spatial agreement between predicted
high-risk zones and observed fluoride distributions was evaluated to
ensure realistic geographic patterns. The definitions and computational

methods for these metrics are provided below:

Accuracy = TP+ 1IN @
Y= TP+ FP 1IN + FN
TP
itivity — P 9
Sensitivity TP+ FN (2)
TN
Specificity = ——— 3
pecificity N £ TP 3
TP
Precision — 4
recision TP+ 7P 4
F1 — Score — 2 x Prec1.51.on X Sen51.t1.\/1.ty )
Precision + Sensitivity
1
AUC = / Sensitivity(1 — Specificity)d(1 — Specificity) (6)
0
1
PR_AUC = / Precision(Sensitivity)d(Sensitivity) @)
0

Here, TP represents the number of true positives, referring to high-
fluoride groundwater samples correctly classified as high-fluoride. TN
represents the number of true negatives, i.e., non-high-fluoride samples
correctly classified as non-high-fluoride. FP represents the number of
false positives, referring to non-high fluoride samples incorrectly clas-
sified as high-fluoride. FN represents the number of false negatives,
referring to high-fluoride samples incorrectly classified as non-high-
fluoride.

2.6. Generation of prediction maps

National prediction grids were created at 0.05° x 0.05° resolution
using the three trained models. Continuous probability surfaces were
generated using inverse distance weighting (IDW) in ArcGIS 10.0
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(power = 2, 12 nearest neighbors) to ensure spatial smoothness and
avoid mosaic effects. High-risk zones were defined using a probability
threshold of > 0.5. IDW was applied post-prediction solely for carto-
graphic smoothing; all statistical evaluations were based on raw model
outputs.

2.7. Population risk assessment

Rural population data for 2020 at 1 km x 1 km resolution were
obtained from the Resource and Environmental Science and Data Center
(RESDC; https://www.resdc.cn/). Urban areas were masked to retain
only rural populations. The rural population residing in predicted high-
risk areas (probability > 0.5) was quantified by overlaying the popula-
tion grid with the prediction surface, representing an upper-bound es-
timate given the absence of groundwater-source-specific population
data. Sensitivity analysis was performed using thresholds of 0.4, 0.5, and
0.6 to evaluate the robustness of these population estimates.

3. Results
3.1. Analysis of key predictive indicators

The detailed coefficients, statistical significance, and effect sizes
(odds ratios) for all predictors retained in the final logistic regression
model are presented in Table S7. All continuous variables were
normalized to a [0,1] range. The results demonstrate that soil base
saturation (T_bs) had the strongest positive association with high-
fluoride risk (OR = 27.90, 95% CI: 24.770-31.452), while elevation
exhibited the strongest negative association (OR = 0.004, 95% CI:
0.003-0.004). With the exception of the constant, all variables were
statistically significant (p < 0.001).

Elevation

T ece
T_cec_clay
Su_sym_KSh
EVP

Geo_lithology ITA1

01| ] | \LuL
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3.2. Environmental controls on groundwater fluoride enrichment

All 38 environmental variables showed significant associations with
high-fluoride groundwater occurrence in univariate logistic regression
analyses (p < 0.001; Table S6). Variables with VIF > 5 were excluded,
including topsoil sand fraction (T_sand), topsoil clay fraction (T_clay),
reference bulk density of topsoil (T_ref bulk density), pressure (PRS),
relative humidity (RHU), and sunshine days (SSD). The predictor vari-
ables retained in each final model are detailed in Table S8, and their
national-scale spatial distributions are shown in Figure S2.

Variable importance differed markedly among the three models
(Fig. 2), reflecting distinct sensitivities to environmental controls on
groundwater fluoride enrichment. The ANN model primarily responded
to dynamic geochemical and soil-salinity parameters, with elevation,
topsoil salinity (T_ece), the cation exchange capacity of the clay
(T_cec_clay), Haplic Kastanozem (Su_sym_KSh) and evaporation (EVP)
identified as dominant predictors (Fig. 2A). In contrast, the RF model
showed greater sensitivity to spatial configuration and regional geologic
context, particularly proximity to volcanic centers (Volc_dist), alongside
evaporative influences (Fig. 2B). The LR model, by comparison, relied
more heavily on categorical geological and soil attributes, including
Calcic Fluvisols (Su_sym_FLc), Quaternary age (Geo_age_Q), elevation,
and soil properties such as T_bs (Fig. 2C). Nonlinear analyses revealed
elevated fluoride probabilities in low-altitude plains (<200 m;
Figure S3A), regions with annual evaporation of 1500-2000 mm
(Figure S3B), and moderately wet landscapes with topographic wetness
index (TWI) 15-20 (Figure S3C). Soil conditions including T_cec_clay
= 50-70%, T_ece = 0-2 dS/m, T_bs > 90%, Topsoil Sodicity (T_esp)
= 2-4%, and topsoil calcium carbonate content (T_CaCO3) = 10-20%
promoted fluoride mobilization (Figure S3E, F, G, H, M). Fluoride
probability peaked at 30-35% within 200 km of volcanic centers
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Vole_dist 1
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TWI |
T_CaCO; |
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T bs |

Geo_lithology UF |
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T_texture
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Fig. 2. Importance of the top ten environmental predictor variables in the models. (A) The top ten important variables in the ANN model, (B) The top ten important
variables in the RF model, (C) The top ten important variables in the LR model.
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(Figure S3D) and decreased gradually beyond 400 km (Figure S3D).
3.3. Groundwater fluoride risk prediction map

Cross-validation results for the ANN, RF, and LR models (Fig. 3)
revealed clear differences between random 5-fold cross-validation (R-
CV) and spatial block 5-fold cross-validation (S-CV). Under R-CV, all
models showed high and stable performance, with mean AUCs of 0.992
+ 0.001 (ANN), 0.990 + 0.001 (RF), and 0.961 + 0.002 (LR). In
contrast, S-CV led to notably lower mean AUCs and substantially
increased variability (SD increased by approximately 6-20-fold),
yielding AUCs of 0.972 + 0.011, 0.980 + 0.007, and 0.943 + 0.024,
respectively. These discrepancies indicate that R-CV likely un-
derestimates prediction uncertainty by neglecting spatial autocorrela-
tion, whereas S-CV provides a more realistic assessment of model
generalizability. Additional performance metrics under S-CV (sensi-
tivity, specificity, accuracy, Fl-score, and PR_AUC) further demon-
strated that the RF model exhibited the greatest stability across folds,
while ANN showed moderate variability and LR the largest fluctuations,
although all models maintained excellent discrimination ability
(PR_AUC > 0.95).

Ecotoxicology and Environmental Safety 323 (2026) 120627
3.4. Spatial distribution of high-fluoride groundwater

Based on the ANN, RF, and LR models, probabilistic maps of high-
fluoride groundwater were generated across China. Areas with
contamination probabilities > 0.5 accounted for approximately 25.2%,
20.0%, and 21.0% of the national territory, respectively (Table S9).
High-risk zones were primarily concentrated in central, eastern, and
northeastern China. The spatial overlap among the three models covered
13.7% of the country, including the Northeast Plain, North China Plain,
Inner Mongolia, and parts of northwest China (Fig. 4D). Although the
models agreed on core risk areas, distinct spatial patterns emerged due
to differing predictor sensitivity. ANN highlighted zones governed by
soil geochemistry and salinity gradients, RF emphasized regions influ-
enced by volcanic proximity and evaporation, and LR delineated broad
low-lying zones defined by geological and soil type. Beyond previously
documented endemic regions, this study identified new candidate
high-risk zones, including the Jianghan Plain, Sanjiang Plain, and
Junggar and Tarim basin rims.

3.5. Prediction reliability and uncertainty

To assess the reliability of the spatial predictions, we analyzed the
distribution of prediction probabilities (Fig. 5; Table S10). High-

Water Fluoride Prediction Model Performance Comparison
(Colorblind-Friendly Version)
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Fig. 3. Performance comparison of machine learning models for water fluoride prediction under spatial and random cross-validation strategies. (A) Spatial cross-
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M. Su et al. Ecotoxicology and Environmental Safety 323 (2026) 120627

0 300 600 1,200 Kilometers Sanjiang Plain - B
[P S|

Sanjiang Plain - A 1| o 300 600 1200 Kilometers
Gl sl

Junggar Basin
Rim Plain

Junggar Basin
Rim Plain
Tarim Basin

Rim Plain

Tarim Basin
Rim Plain

Northeast Plain Northeast Plain

North China Plain North China Plain

Probability Probability
E . E -
00 02 04 06 08 1.0 00 02 04 06 08 1.0
“
£
\ g
0 300 600 1,200 Kilometers 0 300 600 1,200 Kilometers D

Junggar Basin
Rim Plain
Tarim Basin

Rim Plain

Northeast Plain

North China Plain

Sy
: ; i 1 o 9
Probability The high-fluoride prediction area \ *’ . |,
B e | B Intersection area o
00 02 04 06 08 10 B RF / ;;jrsk,'"
s i TR
ANN b, § ¥ o -
LR
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confidence high-fluoride regions were delineated as grid cells with 95.3% (Table S11). Calibration scatter plots indicated acceptable overall
projected probability ranging from [0.6-1.0), low-confidence (presum- calibration for all three models, particularly at higher probabilities
ably safe) areas as [0-0.4), and ambiguity zones as [0.4-0.6). High- (>0.6), though systematic biases were evident in the low-probability
confidence high-risk zones accounted for 15.9-21.5% of China and range. The ANN model tracked the 1:1 line most consistently, while
were concentrated in historically endemic regions. Low-confidence safe the LR model tended to underestimate risk below 0.4 predicted proba-

zones occupied 72.3-78.5%, mainly in southern and western China. The bility, and the RF model showed slight overestimation between 0.1-0.3
uncertainty zones [0.4-0.6) accounted for 6.2%, 4.2%, and 10.0% of the (Figure S4).

country for ANN, RF, and LR, respectively, predominantly located in the In contrast, previously reported national- or regional-scale machine-
transitional boundaries between high- and low-fluoride regions. ANN learning models generally showed lower discriminatory performance.
had the smallest uncertainty region and the highest percentage of high- As summarized in Table S12, earlier ANN-based models for China re-
confidence predictions, indicating that it offered the most stable and ported AUC values around 0.86 and accuracies near 80%, while RF-
conservative spatial classification among the three models. based models applied at national, continental, or regional scales in

China and other regions typically achieved AUC values of approximately
0.85-0.92 or R? values between 0.5 and 0.9. Relative to these bench-
marks, all three models in the present study demonstrated improved
discrimination between high- and low-fluoride groundwater and higher
spatial prediction accuracy at the national scale.

3.6. Performance of prediction models and accuracy of prediction maps

Compared with previous groundwater fluoride prediction studies,
the models developed in this work exhibited markedly higher predictive
performance and map accuracy. In the final model evaluation, the ANN,
RF, and LR models achieved PR_AUC values of 0.985, 0.992, and 0.956, 3.7. Estimation of population at risk in high-fluoride prediction zones
respectively (Fig. 6), with overall accuracies > 87%. Agreement be-
tween predicted high-fluoride zones and documented high-fluoride vil- By overlaying predicted high-risk areas (probability > 0.5) with rural
lages was high, with village-level match rates ranging from 87.0% to population distribution, we estimated that approximately 51.15 + 2.32
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Fig. 5. Confidence maps for predicted groundwater fluoride levels in the models. (A):ANN modeling, (B):RF modeling, (C):LR modeling. Notes: The closer the color is
to blue, the higher the predicted probability of low-fluoride areas; the closer the color is to brown, the higher the predicted probability of high-fluoride areas. Colors

approaching yellow indicate lower prediction accuracy.

million, 40.78 4+ 0.77 million, and 54.77 + 1.24 million rural residents
resided in these zones according to the ANN, RF, and LR models,
respectively (Figure S5). The population in predicted high-risk areas
showed pronounced spatial clustering, with the North China Plain rep-
resenting the region with the highest density of rural residents within
predicted high-risk areas (Fig. 7; Table S13). Additional population
concentrations were evident in Shaanxi, Xinjiang, Inner Mongolia,
Shanxi, and Gansu. Sensitivity analyses using alternative probability
thresholds (0.4, 0.5, and 0.6) yielded a monotonic decline in estimated
population size across all models (Figure S5). Among the three ap-
proaches, the RF model demonstrated the greatest robustness, exhibiting
the smallest variability across thresholds, whereas ANN showed the
largest fluctuations and LR exhibited intermediate stability. Across the
full threshold range, the estimated population in predicted high-risk
areas ranged from approximately 39.07-58.90 million. Together, these
results quantified the rural population residing in predicted high-risk
areas and identified priority regions where continued surveillance and
field verification should be strengthened.

4. Discussion
4.1. Environmental controls on fluoride enrichment

This study advances national-scale prediction by integrating ANN,
RF, and LR within a harmonized database of 138,180 records. Elevation
(<200 m) consistently ranked first across all models, reflecting topo-
graphic control on groundwater residence time and drainage efficiency
in low-lying plains. EVP (1500-2000 mm) featured prominently in ANN
and RF, indicating evaporative concentration in semi-arid settings
(Fig. 2; Figure S3A, B).

Low-lying plains accumulate fluoride through prolonged residence
times and weak drainage, whereas arid regions concentrate solutes via
evapotranspiration (Nakaya et al., 2023; Nordstrom, 2022; Wang et al.,
2022). LR identified fine-grained Quaternary deposits (Geo_age_Q,
Geo_lithology UF) as favorable settings for fluoride retention, with
Su_sym FLc soils additionally marking alkaline, high-base-saturation
environments (Fig. 2). Beyond these linear associations, ANN and RF
captured complementary process-level mechanisms: ANN highlighted
evaporative concentration and ion exchange via EVP, T ece, and
T_cec_clay (50-70%) (Figure S3B, E, G). Elevated temperature and
evapotranspiration enhance solute enrichment in low-altitude plains,
while high cation exchange capacity in clay minerals facilitates fluoride
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Fig. 6. Performance evaluation of the final ANN (A), RF (B), and LR (C) models based on the complete dataset. (A1, B1, C1) Confusion matrices (probability cutoff =
0.5). (A2, B2, C2) ROC curves (AUC). (A3, B3, C3) Precision-Recall curves (PR_AUC).

adsorption—desorption dynamics. RF separately highlighted proximity
to volcanic sources (Volc_dist < 400 km) as a dominant spatial control,
capturing discrete hotspots generated by magmatic degassing or hy-
drothermal fluids (Nordstrom, 2022; Figure S3D). Additionally, RF
further corroborated the calcium-alkalinity pathway through T_CaCOs3
(10-20%) and T_esp (2-4%) across nonlinear climate-soil interactions
(Figure S3F, M).

Collectively, these convergent findings—spanning  top-
ographic-hydroclimate  consensus  (elevation = <200m, EVP
1500-2000 mm across all models), linear hydrogeological templates
(LR), nonlinear evaporative and soil-chemical controls (ANN), and
volcanic-geochemical dual controls (RF)—validate model robustness by
demonstrating that fluoride enrichment is governed by multiple, inde-
pendently detectable hydrogeochemical pathways. The differential
sensitivities of the three models thus provide a more robust and mech-
anistic understanding of national-scale fluoride controls than any single
algorithm. Given environmental similarities with other affected regions
(e.g., Mongolia, Kazakhstan), these mechanisms may inform global
fluoride risk assessments.

4.2. Spatial convergence and divergence in predicted high-risk areas

Geographically, our forecasts correspond closely with historically
documented high-fluoride regions—the Songnen Plain, North China
Plain, Hetao Region, Loess Plateau, and Xinjiang (Li et al., 2019; Sun
et al., 2026; Zhao et al., 2023)—while extending beyond traditionally
recognized endemic villages along North China peripheries, central
Shaanxi, and selected areas of Inner Mongolia and Xinjiang (He et al.,
2020). New candidate regions identified by individual models include
the Jianghan Plain, Sanjiang Plain, and Junggar and Tarim basin rims
(Fig. 4). These peripheral and candidate areas share key environmental
characteristics with established high-fluoride regions: low relief and
evaporative climatic conditions. The geographic partitioning reveals
limited core overlap (13.7%, Table S9) alongside extensive
model-specific extensions. This pattern does not indicate a single-factor
control mechanism; rather, it reflects differential algorithmic sensitivity
to multiple, coexisting hydrogeochemical drivers.

The spatial disagreements shown in Fig. 4 reflect divergent model
sensitivities to distinct fluoride controls. ANN, driven by T_ece and
T_cec_clay, extended high-risk zones into the Jianghan Plain and the
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Fig. 7. Population density in predicted high-risk areas (predicted probability > 0.5). ANN modeling (A), RF modeling (B), LR modeling (C). Notes: Lighter blue
indicates lower population density within predicted high-risk zones; darker blue indicates higher density.

southern transitional fringes of the North China Plain, capturing local-
ized salt-affected micro-domains (Fig. 4A). RF, giving heavy weight to
Volc_dist, precipitation (PRE), and TWI, expanded coverage along the
Hetao-Inner Mongolia transition, where its spatial-configuration met-
rics captured evaporative enrichment and drainage conditions beyond
the alluvial-core template (Fig. 4B). LR, anchored to categorical Qua-
ternary age, unconsolidated fluvial deposits and soil types (Geo_age_Q,
Geo_lithology_UF, Su_sym_FLc), blanketed the Sanjiang Plain and broad
low-lying plains (North China) with extensive, lower-probability zones,
yet its predictions attenuated at basin margins and piedmont transitions
where lithology deviates from the loose-sediment template (Fig. 4C).
Collectively, these complementary perspectives demonstrate that no
single algorithm captures the full spectrum of fluoride controls. Their
consensus identifies regions where multiple controls converge, while
their divergence marks zones where individual mechanisms dominate.
Recent field investigations reporting elevated fluoride levels outside
conventionally defined high-fluoride villages further support the effec-
tiveness of model-guided exploration (Zhao et al., 2023). Together,
these findings underscore the value of continuous, spatially explicit risk
mapping for revealing the true extent of fluoride contamination and
guiding targeted field validation.

4.3. Model performance and spatially structured uncertainty

Compared with previous national-scale (AUC ~ 0.86) or global (AUC
~ 0.90) assessments, the present national-scale three-model compara-
tive framework demonstrated substantially improved predictive per-
formance and broader applicability (Cao et al., 2022; Podgorski and
Berg, 2022). Under both random and spatial cross-validation, all three
models achieved high predictive accuracy, with AUC and PR_AUC values
exceeding 0.95. Among them, the RF model exhibited the greatest sta-
bility across folds, with minimal variability in performance metrics,
indicating a superior capacity to capture nonlinear relationships and
spatial heterogeneity. The ANN model showed moderate variability,
whereas the LR model displayed the largest fluctuations, likely reflecting
its limited ability to represent complex interactions among environ-
mental variables. These differences underscore the importance of
employing multiple modeling approaches to enhance robustness and
reduce algorithm-specific bias.

The spatial variation in predicted fluoride probability exhibited three
distinct patterns. First, within core high-risk plains (North China,
Northeast Plain), probabilities remained uniformly high (>0.8) over
extensive areas, reflecting stable hydrogeochemical conditions. Second,
in southern and western China, low-fluoride zones (<0.2) displayed
similarly strong consensus, where elevated topography and humid cli-
mates uniformly inhibited fluoride accumulation. Third, at basin
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margins and piedmont transitions, probabilities declined sharply over
short lateral distances, producing narrow intermediate-probability
fringes (0.4-0.6). Here, model uncertainty was not random but sys-
tematically structured by environmental complexity. RF concentrated
its uncertainty zone (0.4-0.6) in the southern North China Plain (Fig. 5),
where abrupt climate-soil transitions (evaporation decreasing from
1500 to 2000 mm to <1000 mm, precipitation increasing from 600 to
1000 mm to >1000 mm (Figure S2B, K); base saturation declining from
> 80% to 50-80%, calcic alluvial soils transitioning to other soil types
(Figure S2H, P)) created complex spatial configurations. LR produced
broad, dispersed uncertainty bands across lowland margins and transi-
tional boundaries—notably the Northeast Plain periphery, the Hetao-
-Ordos transition, and the Tarim Basin margins (Fig. 5)—reflecting its
linear additive formulation's inability to represent threshold effects and
nonlinear interactions among environmental gradients. ANN generated
scattered uncertainty patches both at peripheries and within core areas
(Northeast Plain), consistent with localized soil micro-heterogeneity
(Figure S2P, Q) as a contributing factor to fluctuations in predicted
probabilities. These divergent uncertainty patterns demonstrated that
spatial variation in model confidence was itself spatially structured,
clustering where environmental gradients steepened and multiple con-
trols interacted (Fig. 5). This structured disagreement identifies zones of
maximum information gain for independent ground-truthing, providing
a rational basis for prioritizing future field sampling and validation
efforts.

4.4. Population in predicted high-risk areas and public health
prioritization

Quantifying the rural population within predicted geogenic high-risk
zones provides a critical link between geogenic risk potential and public
health prioritization. These estimates do not represent current
exposure—extensive water-improvement projects have reduced fluoride
levels in many historically endemic areas—but rather identify regions
where natural hydrogeological conditions favor fluoride enrichment.
Approximately 40.78-54.77 million rural residents reside in these
zones, depending on the model applied (Figure S5), with the highest
concentration in the North China Plain. The identification of provinces
with persistent geogenic risk potential highlights the need for continued
surveillance in densely populated groundwater-dependent regions. The
predictive maps provide a prioritization framework for national
drinking-water policy and surveillance in China. Consistent with the
national Drinking Water Standard (GB 5749-2022), these risk layers can
be integrated into existing monitoring systems to optimize sampling
design and guide field investigation prioritization (Zhao et al., 2024).
Incorporating these zones into surveillance plans enables rapid field
validation, shifting practice from reactive monitoring toward proactive
planning.

Management strategies should be stratified by risk category and
intervention history. For established endemic regions with implemented
water-improvement projects, continued surveillance is essential to
verify long-term effectiveness. Where fluoride levels remain elevated
despite intervention, source-switching—such as well siting in adjacent
zones with lower predicted probability, or regional piped water
transfer—should be prioritized over end-of-pipe treatment where
feasible. Where source substitution is impractical, adsorption-based
technologies or electrocoagulation may be applied (Carvalho and Oli-
veira, 2017; Karabulut et al., 2024). For model-identified candidate
zones with no prior intervention history (e.g., Jianghan Plain, Sanjiang
Plain, Junggar and Tarim basin rims), targeted field verification must
precede any remediation decision, as these areas represent predicted
geogenic  potential rather than confirmed contamination.
Decision-makers can stratify responses by overlaying geogenic risk po-
tential with local constraints. However, any response should follow
ground-truthing that validates predicted high-risk zones as areas with
actual elevated fluoride levels.
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4.5. Strengths, limitations, and future perspectives

The big-data analytical methodology established here—integrating
extensive observational datasets, mechanistically informed predictors,
and a three-model comparative framework—can be adapted to various
environmental pollutants and health hazards. The use of existing na-
tional census data is standard practice for continental-scale geogenic
risk mapping, as equivalent spatial coverage is not feasible for individual
research teams (Cao et al., 2022; Podgorski and Berg, 2022). Nonethe-
less, several limitations should be considered when interpreting the
findings. First, the analysis was based on cross-sectional spatial data and
did not account for temporal variability in groundwater fluoride con-
centrations. Second, the lack of well-depth information constrained the
ability to characterize vertical heterogeneity within aquifers. Third,
population estimates were derived from the spatial overlap between
predicted high-risk areas and rural population distributions, without
accounting for variations in household water sources and usage pat-
terns. Fourth, validation relied on spatial cross-validation and historical
village records rather than independent post-hoc field sampling; tar-
geted ground-truthing in model-predicted candidate zones would
strengthen confidence in extrapolation to unmonitored regions. Future
research should incorporate three-dimensional hydrogeological data to
better represent vertical processes and include additional environmental
and hydrogeochemical variables to further improve model performance.
The integration of household-level water use data would also enhance
the accuracy of population estimates. Moreover, coupling machine
learning approaches with process-based hydrogeochemical models may
provide a more comprehensive understanding of fluoride transport
mechanisms and further strengthen predictive capability.

5. Conclusion

This study developed the first spatially cross-validated multi-model
framework (ANN, RF, LR) for national-scale high-fluoride groundwater
prediction in China, using 138,180 site records and 38 environmental
predictors. The comparative approach reduced algorithm-specific bias
while achieving strong predictive performance (PR_AUC > 0.95) and
spatial generalizability. The results revealed that predicted geogenic risk
is primarily concentrated in low-altitude plains and arid to semi-arid
regions, where evaporation, soil properties, geological and volcanic
conditions jointly promote fluoride enrichment. Model consensus
confirmed known endemic zones, while divergences revealed new
candidate hotspots (Jianghan Plain, Sanjiang Plain, Junggar and Tarim
basin rims) awaiting field validation. An estimated 40.78-54.77 million
rural residents reside in predicted high-risk areas, highlighting the North
China Plain as the priority surveillance region. This scalable, spatially
cross-validated tool supports targeted national groundwater safety
management and offers a replicable approach for similar fluoride-
affected regions.
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