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Abstract

Accurate prediction of mineral concentrations from sparse exploration data is important
for resource estimation. This study evaluates hybrid prediction models combining machine
learning (ML) and geostatistics to predict aluminum (Al) concentrations. Twelve hybrid
configurations were generated by combining six ML backbones—Random Forest, XGBoost,
AdaBoost, ResNet, U-Net, and Spatial Transformer Network—with Ordinary Kriging
(OK) and Universal Kriging (UK). Model performance was evaluated using 10-fold spatial
cross-validation (CV) to reduce spatial leakage, and hyperparameters were tuned by grid-
search CV within the training folds. For the hybrid models, residual kriging was fitted
using cross-fitted out-of-fold residuals to reduce optimistic bias and prevent information
leakage. The results showed no consistent performance separation between OK and UK
variants. More importantly, the effect of integration was backbone dependent rather than
uniformly beneficial. RF-based predictions showed the strongest overall out-of-sample
performance, whereas hybrid gains for other backbones were generally modest. After
multiple-comparison correction, most differences between standalone and hybrid models
were not statistically significant. These findings indicate that increasing model complexity
through hybridization does not guarantee improved accuracy and highlight the importance
of spatially explicit, bias-aware evaluation when selecting prediction strategies for mineral
resource exploration.

Keywords: machine learning; kriging; geostatistics; spatial prediction; mineral exploration

1. Introduction
In mineral resource exploration, geological investigation data are essential for eval-

uating the resource value and development feasibility. These data, typically collected at
discrete locations, often suffer from limited and uneven sampling owing to spatial and
physical constraints [1]. Although geostatistical (GS) methods have traditionally been used
to estimate values at unsampled locations, their performance may be limited in settings
with strong spatial heterogeneity, nonlinear relationships, and outliers [2–6]. In particular,
while GS methods are effective for modeling spatial dependence, they may be less suited
to representing complex nonlinear relationships among multiple predictors.
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To address these limitations, methods such as co-kriging, spatial regression, and
Bayesian approaches have been developed to represent global trends and local variability
by incorporating auxiliary variables and spatial information. Co-kriging combines sparse
and high-density data to mitigate sampling limitations; spatial regression augments kriging
with explanatory variables; and Bayesian methods can improve uncertainty characterization
by accounting for parameter uncertainty. In contrast, machine learning (ML) approaches,
which have recently gained prominence, excel at detecting complex nonlinear patterns
but may underutilize spatial dependence if spatial structure is not explicitly modeled [7].
Thus, integrating ML and GS methods can combine nonlinear pattern learning from ML
with spatial interpolation and uncertainty characterization from GS, potentially improving
prediction performance when residual spatial structure remains after the trend component
is modeled.

Recent studies have combined ML and GS methods for spatial prediction, as sum-
marized in Table 1. According to recent reviews [8,9], these hybrid approaches can be
broadly categorized into two primary strategies. The first is ‘feature space enhancement
(FSE),’ where GS outputs (e.g., kriging estimates) and/or spatial coordinates are used as
additional predictors for ML models. The second strategy, often referred to as regression
kriging (RK), is a two-step procedure in which an ML model predicts the deterministic
component and GS interpolation is subsequently applied to the model residuals. Under
our selection criteria, explicit examples of the FSE strategy were comparatively limited,
whereas most selected studies adopted an RK workflow in which an ML model captures
the deterministic component and GS interpolation is applied to the residuals. Accordingly,
Table 1 focuses on representative RK-type hybrid models. Although various ML models,
such as artificial neural networks [10], extreme learning machines [11], and support vector
regression [12] have been employed in hybrid studies, random forest (RF) has been one of
the most frequently used learners in RK-type applications [13–17]. Among the GS methods,
ordinary kriging (OK) has been predominantly used for residual interpolation, although co-
kriging and empirical Bayesian kriging have also been considered in some studies. In this
study, we adopt an RK framework to combine ML models for learning complex, nonlinear
relationships between auxiliary variables and mineral concentrations with GS methods
(OK and universal kriging, UK) for modeling the remaining spatial autocorrelation in the
residuals. Although such hybrid ML–GS approaches have been widely applied in envi-
ronmental applications (e.g., soil organic matter and biomass prediction), their application
to mineral resource exploration remains comparatively limited. Moreover, direct head-
to-head comparisons across multiple ML backbones and kriging variants under a unified
spatial validation design are still scarce. Accordingly, this study presents a case-specific
comparative evaluation of ML architectures coupled with two kriging strategies within an
RK framework.

Table 1. Recent studies on hybrid ML–GS interpolation models.

References ML Model GS Method Hybrid Strategy Target

[10] Support vector regression,
Artificial neural network

Ordinary kriging,
Geographically weighted
regression

RK Soil organic carbon

[11] Extreme learning machine Ordinary kriging RK Soil organic matter

[12] Least squared support
vector regression Simple kriging RK Petrophysical property

modeling

[13] Random forest Ordinary kriging,
Co-kriging RK Aboveground biomass
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Table 1. Cont.

References ML Model GS Method Hybrid Strategy Target

[14]
Artificial neural network,
Extreme learning machine,
Random forest

Ordinary kriging RK Soil organic carbon

[15] Random forest Ordinary kriging RK Soil contaminant
[16] Random forest Ordinary kriging RK Forest biomass

[17] Geographical random
forest Empirical Bayesian kriging RK Aboveground biomass

This study evaluates whether integrating tree-based and neural network (NN)-based
ML models with GS methods (OK and UK) improves out-of-sample prediction of aluminum
(Al) concentrations under spatially explicit validation. The primary objective is to compare
the extent to which hybrid RK models provide incremental prediction benefit relative to
standalone ML and GS models under a validation design that reduces spatial dependence
between training and test folds. In addition, this analysis is restricted to spatial prediction
at a single time point and a single case-study dataset; therefore, the findings should be
interpreted as case specific rather than as fully general conclusions.

2. Materials and Methods
Figure 1 summarizes the study workflow in five modules: (1) exploratory data analysis

(EDA) and preprocessing; (2) construction of a spatial cross-validation (CV) framework
and definition of the evaluation metrics; (3) baseline GS interpolation (OK and UK) with
variogram modeling performed using the training fold only; (4) development and hyperpa-
rameter tuning of ML models within each training spatial fold; and (5) hybrid RK, in which
the ML model first predicts the trend component and kriging is then fitted to residuals
derived exclusively from the training data, using within-training CV to generate out-of-fold
(OOF) residuals, before the kriged residuals are added to the ML trend. In the spatial CV
framework, the held-out fold was reserved only for final performance assessment and was
not used for variogram modeling, ML tuning, or residual kriging, thereby preventing infor-
mation leakage. Visualization was performed using ArcGIS Pro 3.6, and all computations
were conducted in Python 3.12.12 with scikit-learn, PyTorch 2.9.1 (CUDA 12.8; cuDNN
9.10.02), and PyKrige V1.7.2 [18].

2.1. Study Area and Dataset

The study area is located near Samcheok and Taebaek in Gangwon State, Republic
of Korea, within the Taebaek Mountain Range. Geologically, the study area includes the
Myeonsan Formation, which has been described as part of the Early Cambrian succession
in the Taebaek area. The area comprises diverse lithologies and surficial materials dis-
tributed across the regional geological framework, and the region historically hosted metal,
nonmetal, and coal mines, although most are now inactive owing to limited economic
viability. The Korea Institute of Geoscience and Mineral Resources [19] has identified a
titanium (Ti)-bearing mineralized zone in the Myeonsan Formation with an average grade
of 6.95–9.1 wt.% TiO2 and inferred resources of 85.1 million tons, and exploration is ongoing
in this area. Previous mineralogical characterization [20] indicates that this Ti occurs mainly
as rutile and iron mainly as hematite, with quartz as the dominant gangue mineral and
minor muscovite also present. Optical microscopy and mineralogical observation further
suggest that the ore is hosted by sedimentary rocks (mudstone and sandstone), in which
quartz occurs as relatively discrete grains while clay minerals surround fine intergrowths
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of hematite and rutile. In this study, Al was selected as the target variable because it is
geochemically relevant to the Ti-bearing mineralization and is also of industrial interest.

 

Figure 1. Workflow of research methodology.

Figure 2 shows the distribution of 272 Al concentrations measurements (mg/kg)
collected from surface survey samples in the study area; underground samples were not
included. The samples are distributed between 37◦00′13.72′′ and 37◦20′01.83′′ N and
128◦44′59.31′′ and 129◦14′37.24′′ E. High Al concentrations, including several outliers,
were mainly observed in the midwestern part of the study area, whereas most other
sites showed relatively low values. Figure 3 presents the auxiliary variables used for
spatial prediction across the study area: grouped lithologic classes, magnetic anomaly [21],
gravity anomaly [22], fault density, distance from faults, and distance from deposits [23].
The multicolored polygons in Figure 3a represent grouped lithologic classes used as a
categorical predictor for modeling Al concentrations. In addition to lithologic class, we
used five covariates—magnetic anomaly, gravity anomaly, fault density, distance from
faults, and distance from deposits—to explore geological controls on Al concentrations. To
reduce sparsity in the lithologic categories and minimize inconsistencies between training
and test data, the original 47 lithologic units were grouped into 30 broader lithologic classes
based on geological similarity. We then confirmed that all grouped classes were represented
in the data used for model development and evaluation.

https://doi.org/10.3390/ijgi15040175

https://doi.org/10.3390/ijgi15040175


ISPRS Int. J. Geo-Inf. 2026, 15, 175 5 of 25

 

Figure 2. Distribution of Al concentration data (mg/kg) from surface survey samples in the
study area.

Figure 3. Auxiliary variables used for spatial prediction. (a) Grouped lithologic classes, (b) magnetic
anomaly, (c) gravity anomaly, (d) fault density, (e) distance from faults, and (f) distance from deposits.
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Before preprocessing, we performed EDA to characterize the distribution of the raw
data. Histograms and summary statistics were used to analyze the distribution of the
target variable and the potential presence of outliers. We also computed an experimental
semivariogram of raw Al concentrations to examine the presence of spatial autocorrelation
in the original data. This semivariogram was used only for exploratory characterization;
the variograms used for OK/UK modeling were selected and fitted separately within the
training folds of the spatial CV procedure.

2.2. Integrated ML–GS Prediction Model

Because the sample size was relatively small (n = 272) and the data included potential
outliers, model generalization was not assessed using a single random hold-out split. In-
stead, prediction performance was evaluated using spatial k-fold CV, which is better suited
to geographically structured data and reduces the risk of overly optimistic estimates caused
by spatial dependence between training and test samples. This framework provides a more
stable basis for performance comparison and allows uncertainty in model performance
to be summarized across folds. Model performance was reported using the mean and
standard deviation of fold-wise errors, together with overall OOF predictions aggregated
across all folds.

2.2.1. ML Prediction Model

To predict the spatial distribution of Al concentrations, we evaluated multiple ML
algorithms using two-dimensional location information (latitude and longitude, mapped
to Universal Transverse Mercator coordinates; UTM) together with six auxiliary predictors:
grouped lithologic classes, magnetic anomaly, gravity anomaly, fault density, distance to
faults, and distance to deposits. The evaluated ML models comprised (a) three tree-based
ensemble regressors (random forest; RF, Extreme Gradient Boosting (XGBoost; XGB), and
AdaBoost; ADA), and (b) three NN architectures (ResNet, U-Net, and a spatial transformer
network; STN). The candidate hyperparameter settings used for model comparison are
summarized in Table 2. For each outer spatial CV split, hyperparameters were optimized
by grid-search CV using only the training portion of that split. In each outer spatial fold,
models were trained on the training clusters and evaluated on the held-out cluster, which
was reserved exclusively for out-of-sample performance evaluation. For readability, Table 2
reports simplified functional descriptions of some parameter settings (e.g., ‘all features’
rather than library-specific parameter labels such as ‘None’ in scikit-learn).

Table 2. ML models and parameter settings.

Model Option and Parameter

RF

• Number of estimators: 100, 300, 500
• Max. depth: None, 15
• Min samples split: 2, 5
• Min samples leaf: 1, 3
• Max features: sqrt, log2, ‘all features (None)’
• Bootstrap: True, False

XGB

• Number of estimators: 100, 300, 500
• Learning rate: 0.03, 0.1
• Max depth: 3, 6
• Subsample: 0.7, 1.0
• Colsample by tree: 0.7, 1.0
• Reg alpha: 0, 0.1
• Reg lambda: 0, 1.0
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Table 2. Cont.

Model Option and Parameter

ADA

• Number of estimators: 50, 100, 150
• Learning rate: 0.01, 0.1, 1.0
• Loss: linear, square
• Estimator max depth: 1, 3
• Estimator min samples split: 2, 5
• Estimator min samples leaf: 1, 3

ResNet
• Learning rate: 0.001, 0.0003
• Batch size: 8, 16
• Hidden dim: 64

U-Net
• Learning rate: 0.001, 0.0003
• Batch size: 8, 16

STN
• Learning rate: 0.001, 0.0003
• Batch size: 8, 16

Tree-based ensemble models combine multiple decision trees to learn nonlinear rela-
tionships and predictor interactions. RF reduces variance by aggregating predictions from
many decorrelated trees [24]. XGB builds trees sequentially by minimizing a gradient-based
objective function [25]. ADA iteratively reweights training samples so that subsequent weak
learners focus more on observations with larger prediction errors (i.e., larger residuals) [26].

NN-based models learn hierarchical feature representations through nonlinear trans-
formations. ResNet uses residual connections that improve optimization stability in
deeper architectures [27]. U-Net adopts an encoder-decoder structure with skip con-
nections, enabling multiscale feature propagation [28]. STN incorporates a learnable
geometric transformation module that can improve robustness to spatial distortions in the
input representation [29].

2.2.2. GS Interpolation Method

Kriging is a widely used GS interpolation method for estimating values at unsampled
locations on the basis of spatial autocorrelation characterized by a variogram [30,31]. In this
study, we considered OK and UK, which differ in how the mean structure is represented: OK
assumes a locally constant mean, whereas UK allows a deterministic trend component [32].
Both GS methods were evaluated within the same 10-fold spatial CV framework used
for the ML models. For each outer fold, empirical variogram construction, model fitting,
and kriging prediction were all based exclusively on the training data, whereas prediction
performance was assessed only on the held-out fold to prevent information leakage.

To ensure consistency across folds, all empirical variograms were computed in the
UTM projection using Euclidean distances, with the number of lags fixed at 10 and the same
candidate model families (exponential, spherical, and Gaussian) considered in each fold.
Candidate variogram models were evaluated using the scikit-gstat library, and the final
variogram type and parameters were selected within each fold using the same criterion
across folds (Table 3), namely the minimum fitting error (negative mean squared error)
between the empirical semivariogram and the candidate theoretical model. The selected
variogram model and its fitted parameters were then used for kriging prediction within
the corresponding fold and for estimation of the kriging variance.

https://doi.org/10.3390/ijgi15040175
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Table 3. GS methods and parameter settings.

Method Option and Parameter

OK (GS-only)

• Variogram model: Exponential, Gaussian, Spherical
• Variogram parameter (sill, range, nugget): fitted within each training fold
• Number of lags: 10
• Coordinate type: Euclidean (UTM coordinate system)
• Selection criterion: minimize variogram fitting error

UK (GS-only)

• Variogram model: Exponential, Gaussian, Spherical
• Variogram parameter (sill, range, nugget): fitted within each training fold
• Number of lags: 10
• Coordinate type: Euclidean (UTM coordinate system)
• Drift terms: None, Regional linear
• Selection criterion: minimize variogram fitting error

Hybrid RK (OK/UK)

• Variogram model: Exponential, Gaussian, Spherical
• Variogram parameter (sill, range, nugget): fitted within each training fold
• Number of lags: 10
• Coordinate type: Euclidean (UTM coordinate system)
• Drift terms: None, Regional linear
• Kriging type: OK or UK (as above)
• Selection criterion: minimize variogram fitting error

For UK, we used PyKrige’s Universal Kriging with coordinate-based drift terms (e.g.,
regional linear drift) so that the deterministic trend was represented as a function of spatial
coordinates rather than auxiliary covariates. In this analysis, the auxiliary predictors were
not included as drift terms in UK. Instead, they were used in the ML component, and the
hybrid models incorporated them indirectly through the ML trend and subsequent residual
kriging (Section 2.2.3).

2.2.3. Integrated ML–GS Model

ML models are effective for learning nonlinear relationships among the predictors,
while GS models are effective for representing residual spatial autocorrelation and generat-
ing continuous prediction surfaces. Combining these two components can improve spatial
prediction when the ML trend captures the deterministic structure and kriging accounts for
remaining spatially structured errors [15].

In this study, we adopted an RK framework in which, within each outer spatial CV
split, residual kriging was based exclusively on residuals derived from the training fold
data. To reduce the optimistic bias that arises when residuals are computed in-sample,
the training fold residuals were obtained by within-training CV (i.e., cross-fitted or OOF
residuals), and these bias-reduced residuals were then used for variogram fitting and
kriging. The RK workflow consisted of the following three steps:

1. Trend prediction: In each outer fold, the deterministic component was represented by
the ML model selected and tuned as described in Section 2.2.1. The model was fitted
using the training folds only, and predictions were generated for the held-out fold and
for spatial mapping over the study area.

2. Residual modeling and kriging: An empirical variogram was constructed from the
cross-fitted training residuals and fitted using the same variogram-selection procedure
described in Section 2.2.2. The resulting OK or UK model was then used to predict the
residual component for the held-out fold and to generate the residual surface over the
study area.

https://doi.org/10.3390/ijgi15040175
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3. Integration: Final predictions were obtained by adding the kriged residual surface to
the ML trend prediction, thereby combining nonlinear trend learning from ML with
spatial error correction from GS.

The cross-fitted ML residual at training location xi was defined as,

ε̂ML(xi) = C(xi)− ẐOOF
ML (xi), (1)

where C(xi) is the observed Al concentrations at location xi and ẐOOF
ML (xi) is the OOF ML

prediction obtained under within-training CV. The RK prediction at training location xi

was then computed as,
ẐMLGS(x) = ẐML(x) + R̂GS(x), (2)

where ẐML(xi) denotes the ML trend prediction and R̂GS(x) denotes the kriged residual
surface fitted from the cross-fitted training residuals using OK or UK. This CV-based
residual definition provides a consistent bias-reduced residual estimation strategy across
all ML backbones, including models for which out-of-sample residuals are not available.

2.3. Performance Metrics and Spatial Cross-Validation Assessment

To reduce bias arising from spatial autocorrelation, all modeling approaches (ML, GS,
and Integrated ML-GS models) were trained and evaluated using a 10-fold spatial CV
framework rather than simple random split. In each split, the held-out fold was reserved
exclusively for out-of-sample performance assessment, while model fitting was performed
using the remaining folds. During hyperparameter optimization, model selection was based
on the negative mean squared error score (i.e., scikit-learn’s neg_mean_squared_error),
which is equivalent to minimizing the mean squared error (MSE). For final model com-
parison, RMSE (RMSE =

√
MSE), as presented in Equation (3), was treated as the primary

performance metric:

RMSE =

√
∑n

i = 1
(ŷi − yi)

2

n
, (3)

where ŷi, is the predicted value at point i, yi denotes the observed value, and n is the number
of evaluated samples. RMSE was selected as the primary metric because it measures the
magnitude of the prediction errors in the original unit of the target variable (mg/kg), which
facilitates direct interpretation [33]. Lower RMSE values indicate better prediction accuracy.

As a supplementary scale-independent summary, we also report the relative RMSE
(relRMSE), defined as RMSE divided by the mean of the observed values in the evaluation
set. We additionally used predictive R2 as a second supplementary measurement of out-of-
sample prediction skill:

R2
pred = 1 − SSE

SST
, SSE = ∑(yi − ŷi)

2, SST = ∑(yi − yobs)
2, (4)

where yobs is the mean of the observed values in the evaluation set. In this out-of-sample
setting, predictive R2 compares model predictions against a mean-baseline and can take
negative values. A value of 1 indicates perfect prediction, whereas values near 0 indicate
performance similar to that of the mean-baseline; negative values indicate worse prediction
than that baseline. Because predictive R2 can be unstable under difficult spatial folds and
skewed response distributions, it was interpreted only as a supplementary diagnostic
alongside RMSE and relRMSE. Accordingly, RMSE was emphasized as the primary metric,
while relRMSE and predictive R2 were used as supporting summaries.

https://doi.org/10.3390/ijgi15040175
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3. Results
3.1. EDA of Original Dataset

Table 4 summarizes the descriptive statistics of the target variable and auxiliary predic-
tors in the original dataset. As shown in the histogram in Figure 4a, most Al observations
were below 100 mg/kg, although several outliers reached approximately 500 mg/kg. These
statistics indicate a strongly right-skewed distribution, with skewness of 2.53 and kurtosis
of 6.23. This interpretation is also consistent with the median (62.50 mg/kg) relative to the
mean (100.76 mg/kg).

Table 4. Descriptive statistics of the collected dependent variable and predictors (unit: mg/kg).

Variable Mean Median Min. Q1 Q3 Max. Standard
Deviation Skewness Kurtosis Spearman

Correlation

Al 100.76 62.50 0.00 33.00 121.55 500.00 112.23 2.53 6.23 NaN
Gravity

anomaly −0.58 −1.58 −16.62 −8.27 7.46 19.98 9.54 0.26 −1.00 −0.13

Magnetic
anomaly −65.98 −69.59 −192.22 −94.19 −46.00 114.28 45.20 0.43 1.44 −0.11

Distance from
faults 1565.66 894.43 0.00 409.23 2042.66 8228.00 1700.34 1.69 2.45 −0.46

Distance from
deposits 7608.10 7024.48 300.00 4669.57 9719.69 21,253.23 4265.09 0.76 0.48 −0.08

Fault density 620.22 182.25 0.00 0.00 1003.90 6106.23 919.43 2.20 6.50 0.38

 

Figure 4. Exploratory data analysis of the original dataset. (a) Histogram of Al concentrations
(mg/kg), (b) exploratory empirical semivariogram of raw Al concentrations, and (c) spatial CV folds
generated by K-means clustering.
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To explore monotonic relationships between Al and the predictors, Spearman rank
correlation coefficients are also reported in Table 4. Among the predictors, distance from
fault showed the strongest negative association with Al (ρ = −0.46), while fault density
showed the strongest positive association (ρ = 0.38). Before model training, continuous pre-
dictors were standardized within each spatial CV split using scaling parameters estimated
from training folds and then applied to the corresponding held-out fold; the target variable
(Al) remained in its original unit (mg/kg).

In addition, the empirical semivariogram of raw Al concentrations (Figure 4b) was
examined as an exploratory analysis of spatial dependence, suggesting the presence of
nonzero autocorrelation at short lag distances. Together, these distributional and spatial
characteristics suggest that both nonlinear predictor effects and residual spatial depen-
dence may be relevant, thereby motivating the subsequent comparison of standalone
ML, standalone GS, and residual kriging hybrid models under spatial validation. The
10-fold spatial CV folds were generated by K-means clustering of the sample locations
(Figure 4c) to reduce spatial information leakage between training and test subsets during
model validation.

3.2. Prediction of Al Concentrations Distribution
3.2.1. Standalone ML and GS Results

Figure 5 presents maps of predicted Al concentrations (mg/kg) generated by six ML
models (RF, XGB, ADA, ResNet, U-Net, and STN) using the same predictor set: UTM coordi-
nates, grouped lithologic classes, magnetic anomaly, gravity anomaly, fault density, distance
from faults, and distance from deposits. Although all models used the same inputs, the
predicted spatial patterns varied across model architectures. Under the 10-fold spatial CV,
the tree-based ensembles achieved the best overall prediction performance based on aggre-
gated OOF predictions, with RF performing best (RMSE = 93.66 mg/kg, relRMSE = 0.835,
predictive R2 = 0.301), followed by XGB (RMSE = 95.78 mg/kg, relRMSE = 0.853, predictive
R2 = 0.269) and ADA (RMSE = 107.14 mg/kg, relRMSE = 0.955, predictive R2 = 0.085). Fold-
wise results are summarized in Table 5 and show substantial variability across spatial folds,
with RMSE standard deviations of approximately 41~47 mg/kg across the ML models.

The NN-based models still showed lower prediction accuracy than the best tree-based
ensembles for this dataset (n = 272) when assessed using aggregated OOF predictions, but
their relative performance differed across architectures. ResNet yielded an OOF RMSE
of 107.78 mg/kg, relRMSE of 1.070, and predictive R2 of 0.074, whereas U-Net achieved
the best overall performance among the NN-based models (OOF RMSE = 103.70 mg/kg,
relRMSE = 1.029, predictive R2 = 0.143), followed by STN (OOF RMSE = 106.95 mg/kg, rel-
RMSE = 1.061, predictive R2 = 0.089). As a supplementary diagnostic, fold-wise predictive
R2 values remained highly variable and negative on average across all NN-based models
(Table 5), indicating that some held-out spatial folds were more difficult to predict than a
mean-baseline within those folds. Visual inspection of Figure 5 suggests that RF (Figure 5a)
and XGB (Figure 5b) preserved sharper local heterogeneity, whereas the NN-based mod-
els generated more spatially continuous regional patterns. In particular, the U-Net map
(Figure 5e) delineates the main anomalous zone in the central-western part of the study
area as a broader and more laterally connected high-prediction belt. Compared with ResNet
and STN, U-Net therefore appears to represent the dominant regional pattern more clearly,
although this regional continuity did not translate into performance superior to that of the
best tree-based ensembles. STN (Figure 5f) reproduced some structural patterns, but this
did not translate into a quantitative advantage over U-Net. These maps are shown in the
original unit of mg/kg and should therefore be interpreted together with the quantitative
metrics in Table 5 rather than as normalized values.
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Table 5. Prediction performance of ML models evaluated using 10-fold spatial CV.

Model Fold-Wise RMSE
(Mean ± std *)

Fold-Wise relRMSE
(Mean ± std *)

Fold-Wise R2

(Mean ± std *) OOF-ALL RMSE OOF-ALL relRMSE OOF-ALL R2

RF 82.09 ± 41.92 0.731 ± 0.373 −0.879 ± 1.875 93.66 0.835 0.301
XGB 84.90 ± 41.21 0.756 ± 0.367 −1.345 ± 3.187 95.78 0.853 0.269
ADA 96.00 ± 43.81 0.855 ± 0.390 −2.326 ± 4.360 107.14 0.955 0.085
ResNet 95.53 ± 40.64 0.851 ± 0.362 −2.656 ± 5.243 107.78 1.070 0.074
U-Net 92.68 ± 51.88 0.826 ± 0.462 −0.935 ± 1.485 103.70 1.029 0.143
STN 95.00 ± 46.43 0.846 ± 0.414 −1.845 ± 3.223 106.95 1.061 0.089

* std: standard deviation.

 

Figure 5. Maps of Al concentrations predicted by ML models (mg/kg). (a) RF, (b) XGB, (c) ADA,
(d) ResNet, (e) U-Net, and (f) STN.

To reduce reliance on visual interpretation alone, predictor contributions were further
examined using Shapley Additive Explanations (SHAP) for the two best-performing tree-
based models, RF and XGB (Figure 6). In both models, the most influential predictors were
distance from fault (FaultDist) and gravity anomaly (GRV_IDW), indicating that structural
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proximity and gravity anomaly were major controls on predicted Al concentrations. For
FaultDist, shorter distances contributed positively to model output, whereas larger dis-
tances contributed negatively, implying higher predicted Al concentrations closer to faults.
Beyond these common drivers, the two models differed in how they used auxiliary infor-
mation. RF showed relatively stronger contributions from fault density and, secondarily,
magnetic anomaly, with influence distributed across multiple lithologic classes. In contrast,
XGB relied more strongly on a smaller subset of lithologic classes (notably Litho_TRn1
and Litho_TRn2), which produced large positive contributions for specific observations.
Overall, the SHAP analysis suggests that both tree-based models capture a combination
of structural and lithologic controls, although RF distributes importance more broadly
whereas XGB concentrates it more strongly on a limited set of predictors.

Figure 6. SHAP summary plots for the two best-performing tree-based models: (a) RF and (b) XGB.

Using the same fold-wise variogram-fitting procedure described in Section 2.2.2, we
evaluated OK and UK as GS baselines for Al interpolation (Figure 7). Figure 7 shows
predicted Al concentrations in mg/kg, not normalized values. Under 10-fold Spatial CV,
OK and UK showed comparable performance (fold-wise RMSE mean ± standard deviation:
93.95 ± 29.39 for OK and 96.28 ± 42.72 for UK), and their aggregated OOF metrics were
also similar (OK: RMSE = 99.53, relRMSE = 0.887, R2 = 0.211; UK: RMSE = 107.48, relRMSE
= 0.958, R2 = 0.079). Relative to the GS baselines, the best tree-based ML model (RF) showed
slightly better aggregated OOF performance than OK, whereas UK performed similarly to
the lower-performing ML models. As representative examples, Figure 7c,d show spherical
variogram fits obtained within the spatial CV procedure; one representative fit yielded
a range of approximately 8360 m, a sill of approximately 9521, and a nugget of 0. The
corresponding maps (Figure 7a,b) show broadly similar spatial patterns, with only subtle
differences in the central high-concentration zone. Overall, under the coordinate-based
drift settings used here, UK did not provide consistent improvement over OK.
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Figure 7. GS baselines maps of Al concentrations interpolated using kriging variants (mg/kg).
(a) OK, (b) UK, (c) Representative fitted semivariogram from a training fold (OK), and (d) Represen-
tative fitted semivariogram from a training fold (UK).

3.2.2. Residual Diagnostics and Hybrid Prediction Maps

Visual comparison of predicted Al concentration maps alone is insufficient for evaluat-
ing prediction performance. Accordingly, we examined cross-fitted prediction residuals
(observed minus OOF-predicted values at sampling locations) for each ML backbone and
interpolated these residuals using OK to visualize the spatial structure of systematic error
(Figure 8). Residual values are also shown in the original unit of mg/kg, not as normalized
values. Positive residuals indicate underprediction, whereas negative residuals indicate
overprediction. The color scale was centered symmetrically at zero, and the displayed
range was defined using the central 99% of absolute residual values to reduce the visual
influence of extreme outliers.

Across the models, the OK-based residual surfaces revealed zones of systematic under-
and overprediction. For RF, XGB, and STN, residual fields retained relatively localized
patches around the central high-concentration zone (Figure 8a,b,f), suggesting that some
spatially structured residual error remained after the ML trend prediction. In contrast,
ADA, ResNet, and U-Net showed more spatially diffuse residual patterns with less clearly
localized structure (Figure 8c–e).
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Figure 8. Residual maps of ML-based interpolated by OK (mg/kg). (a) RF, (b) XGB, (c) ADA,
(d) ResNet, (e) U-Net, and (f) STN.

Figure 9 shows residual surfaces obtained using UK for the same six ML backbones.
Relative to the OK-based residual maps in Figure 8, some UK-based residual surfaces
display stronger large-scale gradients, reflecting the effect of the coordinate-based drift
term used in UK. This tendency is most apparent for ADA, ResNet, and U-Net (Figure 9c–e),
whereas RF, XGB, and STN (Figure 9a,b,f) preserve localized structure around the central
anomalous zone.
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Figure 9. Residual maps of ML-based residuals interpolated by UK (mg/kg). (a) RF, (b) XGB,
(c) ADA, (d) ResNet, (e) U-Net, and (f) STN.

Importantly, the residual-interpolation maps are presented for qualitative diagnosis
only and were not used as a performance criterion. Prediction performance was assessed
exclusively through the spatial CV framework, in which model fitting, hyperparameter
tuning, variogram fitting, and residual kriging were all conditioned on the training folds,
while the held-out fold was reserved exclusively for performance evaluation. Under
this design, aggregated OOF RMSE values for the hybrid models remained substantial
(93.662–106.779 mg/kg; Table 6), confirming that performance was evaluated out of sample
rather than reconstructed from in-sample residual fitting.

Table 6. Prediction performance of hybrid ML–GS models under 10-fold spatial CV.

Hybrid Model Fold RMSE
(Mean ± std *)

Fold relRMSE
(Mean ± std *) Fold R2 (Mean ± std *) OOF-ALL RMSE OOF-ALL

relRMSE OOF-ALL R2

RF–OK 82.087 ± 41.924 0.731 ± 0.374 −0.879 ± 1.875 93.662 0.835 0.301
RF–UK 82.087 ± 41.925 0.731 ± 0.374 −0.879 ± 1.875 93.663 0.835 0.301

XGB–OK 85.444 ± 38.382 0.761 ± 0.342 −1.564 ± 3.661 95.009 0.847 0.281
XGB–UK 83.387 ± 40.017 0.743 ± 0.357 −1.259 ± 3.153 93.922 0.837 0.297
ADA–OK 91.722 ± 34.934 0.817 ± 0.311 −2.334 ± 4.407 99.360 0.885 0.213
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Table 6. Cont.

Hybrid Model Fold RMSE
(Mean ± std *)

Fold relRMSE
(Mean ± std *) Fold R2 (Mean ± std *) OOF-ALL RMSE OOF-ALL

relRMSE OOF-ALL R2

ADA–UK 89.607 ± 38.247 0.798 ± 0.341 −2.508 ± 5.969 98.545 0.878 0.226
ResNet–OK 86.808 ± 38.661 0.773 ± 0.344 −1.286 ± 2.209 96.709 0.862 0.255
ResNet–UK 93.169 ± 40.864 0.830 ± 0.364 −2.030 ± 3.638 100.171 0.893 0.200
UNet–OK 93.889 ± 40.657 0.837 ± 0.362 −2.617 ± 5.478 100.107 0.892 0.201
UNet–UK 91.331 ± 42.485 0.814 ± 0.379 −2.085 ± 4.171 99.178 0.884 0.216
STN–OK 92.498 ± 36.078 0.824 ± 0.321 −2.184 ± 4.034 99.820 0.889 0.206
STN–UK 89.594 ± 42.806 0.798 ± 0.381 −1.718 ± 3.292 106.779 0.951 0.092

* std: standard deviation.

Final hybrid Al concentration maps were generated under the RK framework by
adding the kriged residual surface to the ML trend prediction. Figure 10 presents the
OK-integrated hybrid maps in the original unit of mg/kg. Relative to the corresponding
ML-only maps, the OK-based hybrids introduced spatially coherent corrections in areas of
systematic under- or overprediction while largely preserving the broader spatial patterns
learned by each ML backbone. The tree-based hybrids (RF–OK, XGB–OK, and ADA–OK;
Figure 10a–c) retained comparatively finer local structure in the central anomalous region,
whereas the NN-based hybrids (ResNet–OK, U-Net–OK, and STN–OK; Figure 10d–f)
preserved smoother transitions inherited from their ML trend components.

 

Figure 10. Al concentration maps predicted using integrated ML–OK interpolation models (mg/kg).
(a) RF–OK, (b) XGB–OK, (c) ADA–OK, (d) ResNet–OK, (e) U-Net–OK, and (f) STN–OK.

https://doi.org/10.3390/ijgi15040175

https://doi.org/10.3390/ijgi15040175


ISPRS Int. J. Geo-Inf. 2026, 15, 175 18 of 25

Figure 11 shows the corresponding UK-integrated hybrid maps, also reported in
mg/kg. Relative to OK-integrated hybrids (Figure 10), UK-based hybrids exhibit sim-
ilar large-scale Al distributions, but the residual correction can additionally reflect the
coordinate-based drift component used in UK. For some backbones (e.g., ADA, ResNet,
and U-Net), this leads to more regionally smoothed correction patterns consistent with the
broader gradients observed in Figure 9, whereas for RF, XGB, and STN residual corrections
remain more localized. As in the GS-only comparison, visual inspection alone was not used
to infer predictive superiority; instead, the hybrid variants were compared using spatial
CV and aggregated OOF metrics (Table 6).

 

Figure 11. Al concentration maps predicted using integrated ML–UK interpolation models (mg/kg).
(a) RF–UK, (b) XGB–UK, (c) ADA–UK, (d) ResNet–UK, (e) U-Net–UK, and (f) STN–UK.

Table 6 summarizes the prediction performance of the integrated ML–GS models under
the RK framework. Based on aggregated OOF RMSE, the effect of residual kriging was
model dependent rather than uniformly beneficial. For RF, OK- and UK-based integration
yielded essentially identical results and did not materially improve upon the standalone
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RF model (RF–OK/RF–UK: RMSE = 93.662–93.663 mg/kg, predictive R2 = 0.301). For XGB
and ADA, UK-based integration produced modest improvements relative to OK (XGB–UK:
RMSE = 93.922 mg/kg, predictive R2 = 0.297; XGB–OK: RMSE = 95.009 mg/kg, predictive
R2 = 0.281). For ResNet, OK-based integration outperformed UK-based integration (ResNet–
OK: RMSE = 96.709 mg/kg, predictive R2 = 0.255; ResNet–UK: RMSE = 100.171 mg/kg,
predictive R2 = 0.200). For U-Net, UK-based integration showed a modest advantage over
OK-based integration (U-Net–UK: RMSE = 99.178 mg/kg, predictive R2 = 0.216; U-Net–OK:
RMSE = 100.107 mg/kg, predictive R2 = 0.201). For STN, OK-based integration improved
performance relative to both the standalone STN model and STN–UK, whereas UK-based
integration performed worst among the STN hybrids (STN–OK: RMSE = 99.820 mg/kg,
predictive R2 = 0.206; STN–UK: RMSE = 106.779 mg/kg, predictive R2 = 0.092). Overall,
the best aggregated OOF performance remained RF-based, and hybrid gains were modest
and backbone dependent rather than universal.

For STN, the discrepancy between fold-wise mean RMSE and aggregated OOF RMSE
indicates that these two summaries emphasize different aspects of predictive behavior
across spatial folds. For this reason, both summaries are reported, although aggregated
OOF RMSE was treated as the primary basis for comparison.

3.2.3. Comparative Prediction Performance of Standalone and Integrated Models

Table 7 summarizes the aggregated OOF prediction performance of the standalone
models under the 10-fold spatial CV framework. Among the ML models, tree-based ensem-
bles achieved the strongest performance, with RF performing best (RMSE = 93.66 mg/kg,
relRMSE = 0.835, predictive R2 = 0.301), followed by XGB (RMSE = 95.78 mg/kg,
relRMSE = 0.853, predictive R2 = 0.269). In contrast, the NN-based models showed
higher OOF RMSE (106.64–109.25 mg/kg) and lower predictive R2 values (0.049–0.094).
The GS baselines showed intermediate performance (OK: RMSE = 99.53 mg/kg, pre-
dictive R2 = 0.211; UK: RMSE = 107.48 mg/kg, predictive R2 = 0.079). Overall, for
this dataset, the best-performing ML models provided lower prediction error than the
kriging-only baselines.

Table 7. Comparison of prediction performance for standalone models.

Model OOF RMSE (mg/kg) OOF relRMSE OOF Predictive R2

ML
Tree-based

RF 93.66 0.835 0.301
XGB 95.78 0.853 0.269
ADA 107.14 0.955 0.085

NN-based
ResNet 109.25 0.973 0.049
U-Net 109.03 0.971 0.053
STN 106.64 0.950 0.094

GS OK 99.53 0.887 0.211
UK 107.48 0.958 0.079

Table 8 compares the aggregated OOF performance of RK-based integrated ML–GS
models across ML backbones and kriging variants. Relative to the corresponding stan-
dalone ML models in Table 7, residual kriging integration improved prediction accuracy
for several backbones, but the magnitude and direction of the effect were clearly back-
bone dependent rather than uniform. For example, ADA improved from an RMSE of
107.14 mg/kg (predictive R2 = 0.085) to 99.360–98.545 mg/kg (predictive R2 = 0.213–0.226),
and ResNet improved from 109.25 mg/kg (predictive R2 = 0.049) to 96.709–100.171 mg/kg
(predictive R2 = 0.200–0.255). In contrast, RF showed essentially no change after integration
(RMSE 93.662–93.663 mg/kg; predictive R2 = 0.301), while STN exhibited a strong sensitiv-
ity to the kriging variant (STN–OK: RMSE = 99.820 mg/kg, predictive R2 = 0.206; STN–UK:
RMSE = 106.779 mg/kg, predictive R2 = 0.092). Overall, neither OK nor UK showed a
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consistent advantage across all backbones: UK improved OOF performance for XGB, ADA,
and U-Net, whereas OK performed better for ResNet and STN, and RF showed no practical
difference between the two variants.

Table 8. Comparison of prediction performance for integrated interpolation models.

ML Model
RMSE (mg/kg) relRMSE Predictive R2

OK UK OK UK OK UK

RF 93.662 93.663 0.835 0.835 0.301 0.301
XGB 95.009 93.922 0.847 0.837 0.281 0.297
ADA 99.360 98.545 0.885 0.878 0.213 0.226

ResNet 96.709 100.171 0.862 0.893 0.255 0.200
U-Net 100.107 99.178 0.892 0.884 0.201 0.216
STN 99.820 106.779 0.889 0.951 0.206 0.092

To formally examine whether observed fold-wise differences were statistically sup-
ported, we conducted paired tests across the 10 spatial folds for (i) OK versus UK within
each backbone (difference = UK − OK) and (ii) standalone ML versus hybrid performance
within each backbone (difference = Hybrid − ML). We report both paired t-tests and
Wilcoxon signed-rank tests, with Holm-adjusted p-values to account for multiple com-
parisons (Appendix A, Tables A1–A4). After Holm correction, no statistically significant
differences were detected between OK and UK for any backbone on either RMSE or predic-
tive R2 (Tables A1 and A2). For standalone ML versus hybrid comparisons, most backbones
did not show statistically significant differences after multiple-comparison correction. The
only significant result was a reduction in RMSE for U-Net–UK relative to standalone U-Net
(mean fold-wise RMSE difference = −12.757 mg/kg; Holm-adjusted paired t-test p = 0.0186;
Holm-adjusted Wilcoxon p = 0.0469), whereas differences in predictive R2 were not signif-
icant (Tables A3 and A4). Taken together, the effect of hybridization was heterogeneous
across backbones and should be interpreted in conjunction with effect sizes, fold-wise
variability, and limited statistical power, rather than as evidence of universal superiority.

4. Discussion
4.1. Bias-Aware Evaluation of Hybrid ML–GS Prediction Under Spatial Cross-Validation

Recent studies have demonstrated the practical utility of ML–GS hybrid prediction
for spatial mapping; however, many applications evaluate only a limited range of model
combinations and may rely on residual constructions that are optimistically biased when
residuals are derived in-sample. Building on established practices in spatially explicit
model assessment and RK-type workflows, this study provides a consistent comparison
across six ML backbones (three tree-based and three NN-based models) and two kriging
variants (OK and UK) under a 10-fold spatial CV design. Within each outer CV split,
residual modeling—including variogram fitting and residual kriging—was conditioned
strictly on training data. When residuals were used for variogram characterization, they
were obtained from the training fold by within-training CV (i.e., cross-fitted residuals) to
reduce optimistic bias while preventing leakage from the held-out fold.

Across the evaluated backbones, OK and UK did not show a consistent performance
separation, suggesting that the coordinate-based drift specification used here was not
uniformly beneficial for this dataset. Likewise, residual kriging did not provide a universal
gain over standalone ML predictions; instead, the effect of hybridization was clearly
backbone dependent. In practical terms, these results suggest that ML–GS integration
should be viewed as a conditional error-correction mechanism rather than as a uniformly
superior strategy. For some ML backbones, residual kriging improved predictions by
capturing remaining spatial dependence in the model errors, whereas for already strong
models the marginal benefit was negligible. Accordingly, the main implication of this
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study is not that hybridization is always superior, but that a spatially explicit, bias-aware
evaluation helps identify when and for which model architectures residual spatial modeling
yielded reproducible gains.

4.2. Uncertainty Quantification, Statistical Testing, and Data Limitations

Rather than relying on a single train/test split, prediction performance was evaluated
using a 10-fold spatial CV scheme that generates repeated out-of-sample predictions and
reduces dependence on any particular partition. Uncertainty in performance estimates
was summarized using fold-to-fold variability and 95% confidence intervals for RMSE and
predictive R2, which is important given the heterogeneous difficulty of predicting held-out
spatial clusters. In addition, fold-wise paired tests were conducted to examine whether
differences between model variants (OK vs. UK, and standalone ML vs. hybrid within
the same backbone) were statistically supported. Holm-adjusted p-values were used to
account for multiple comparisons, and full results are reported in Appendix A. Consistent
with the CV summary metrics, these tests indicate that most observed differences were not
statistically significant after correction, reinforcing the need to interpret results in terms of
effect size and uncertainty rather than as evidence of uniform superiority.

Several limitations should be considered when interpreting these findings. First, ob-
servations are spatially and lithologically imbalanced, which can increase uncertainty in
sparsely sampled zones and lead to spatially heterogeneous generalization. Second, the
relatively small sample size (n = 272) and the gridding setup can limit the effective train-
ing signal available to higher-capacity models and amplify fold-to-fold variability under
the spatial CV. Future work should prioritize more balanced or targeted sampling and
incorporate higher-resolution covariates (e.g., litho-geochemical proxies, remote-sensing-
derived indices, or structural complexity measures) to better capture local variability and
improve spatial transferability. From a methodological perspective, broader benchmark
comparisons—including simpler parametric baselines, additional GS baselines, and alter-
native drift specifications—would further clarify when hybridization provides benefits
beyond established interpolation approaches.

5. Conclusions
We conducted a systematic evaluation of twelve ML–GS hybrid configurations by

combining the six ML models (tree-based ensembles and NN-based models) with the two
kriging methods (OK and UK) to predict the spatial distribution of Al concentrations in the
study area. Model performance was assessed under a 10-fold spatial CV framework, and
the residual kriging component—including variogram fitting—was conditioned strictly
on training data within each split. Cross-fitted residuals were used for residual variogram
characterization to reduce optimistic bias and prevent data leakage.

Across the evaluated backbones, OK and UK did not exhibit a consistent performance
separation under the coordinate-based drift specification used here. More importantly,
residual kriging integration did not provide a universal gain over standalone ML predic-
tions. Instead, the effect of hybridization was backbone dependent. For already strong
ML backbones, the marginal benefit of residual correction was negligible; for weaker
backbones, residual kriging provided measurable improvements by correcting spatially
structured errors that remained after ML trend prediction. Among the evaluated mod-
els, RF-based predictions showed the strongest overall out-of-sample performance, while
hybrid improvements for other backbones were generally modest.

Overall, these results indicate that ML–GS integration should be viewed as a bias-
aware strategy for identifying when residual spatial modeling adds value, rather than
as a guarantee of improved accuracy. Because the analysis was conducted on a single
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case-study dataset with a relatively small sample size (n = 272), the findings should be
interpreted as case specific rather than as fully general conclusions. Nevertheless, the
broader contribution of this study lies in providing a transferable evaluation framework for
comparing standalone ML, GS and RK-based hybrids models under spatially explicit vali-
dation while minimizing optimistic bias and data leakage. For practitioners and researchers
working on other spatial prediction problems, this framework can serve as a practical
reference for testing whether hybridization is warranted for a given dataset, identifying
when residual spatial correction provides meaningful benefit, and avoiding the assumption
that additional model complexity will necessarily improve prediction performance. Future
work should evaluate larger and more balanced datasets, incorporate richer covariates, and
compare hybrid models against broader benchmark sets, including simpler parametric and
additional geostatistical baselines, to examine the transferability of these findings across
other case studies and application domines.
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Abbreviations
The following abbreviations are used in this manuscript:

ML Machine Learning
Al Aluminum
RF Random Forest
XGB XGBoost
ADA AdaBoost
STN Spatial Transformer
OK Ordinary Kriging
UK Universal Kriging
CV Cross-validation
OOF Out-Of-Fold
GS Geostatistics
FSE Feature Space Enhancement
RK Regression Kriging
NN Neural Network
EDA Exploratory Data Analysis
TiO2 Titanium Dioxide
UTM Universal Transverse Mercator
MSE Mean Squared Error
RMSE Root Mean Squared Error
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relRMSE Relative Root Mean Squared Error
Predictive R2 Predictive Coefficient of Determination
SSE Sum of Squared Residuals
SST Total Sum of Squares

Appendix A. Fold-Wise Paired Statistical Comparisons
Appendix A.1. OK Versus UK Within Each Backbone (Difference = UK − OK, n = 10 Spatial
Folds)

Table A1. Fold-wise paired tests for RMSE: OK versus UK within each backbone.

Backbone Mean Diff (UK − OK) t p Holm p 95% CI

RF −0.000 −0.000 1.000 1.000 [−0.003, 0.003]
XGB −2.056 −0.853 0.416 1.000 [−7.508, 3.396]
ADA −2.114 −0.643 0.536 1.000 [−9.550, 5.322]

ResNet +6.363 +1.894 0.091 0.544 [−1.235, 13.961]
UNet −2.556 −1.046 0.323 1.000 [−8.084, 2.972]
STN −2.902 −0.367 0.722 1.000 [−20.783, 14.979]

Table A2. Fold-wise paired tests for predictive R2: OK versus UK within each backbone.

Backbone Mean Diff (UK − OK) t p Holm p 95% CI

RF −0.00010 −0.557 0.591 1.000 [−0.00051, 0.00031]
XGB +0.3040 +1.266 0.237 1.000 [−0.239, 0.847]
ADA −0.1734 −0.294 0.775 1.000 [−1.506, 1.159]

ResNet −0.7445 −1.466 0.177 1.000 [−1.894, 0.405]
UNet +0.5321 +1.144 0.282 1.000 [−0.520, 1.585]
STN +0.4670 +0.642 0.537 1.000 [−1.178, 2.112]

Appendix A.2. Standalone ML Versus Hybrid Models Within Each Backbone (Difference = Hybrid
− ML, n = 10 Spatial Folds)

Table A3. Fold-wise paired tests for RMSE: standalone ML versus hybrid models within each
backbone.

Comparison Mean Diff
(Hybrid − ML) t p Holm p Wilcoxon p Holm (Wilcoxon)

RF vs. RF–OK −0.003 −0.282 0.785 1.000 0.750 1.000
RF vs. RF–UK −0.003 −0.300 0.771 1.000 0.625 1.000

XGB vs.
XGB–OK +0.546 +0.461 0.656 1.000 0.375 1.000
XGB vs.

XGB–UK −1.510 −0.553 0.594 1.000 0.557 1.000
ADA vs.

ADA–OK −4.283 −1.280 0.232 1.000 0.557 1.000
ADA vs.

ADA–UK −6.397 −1.404 0.194 1.000 0.232 1.000
ResNet vs.

ResNet–OK +3.692 +1.061 0.317 1.000 0.322 1.000
ResNet vs.

ResNet–UK +10.055 +1.627 0.138 1.000 0.492 1.000
UNet vs.

UNet–OK −10.201 −3.063 0.0135 0.1486 0.0195 0.2148
UNet vs.

UNet–UK −12.757 −4.471 0.00155 0.0186 0.00391 0.0469
STN vs.

STN–OK −1.483 −0.352 0.733 1.000 0.695 1.000
STN vs.

STN–UK −4.385 −0.442 0.669 1.000 0.432 1.000
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Table A4. Fold-wise paired tests for predictive R2: standalone ML versus hybrid models within each
backbone.

Comparison Mean Diff (Hybrid − ML) t p Holm p Wilcoxon p Holm (Wilcoxon)

RF vs. RF–OK +0.0003 +0.896 0.394 1.000 0.750 1.000
RF vs. RF–UK +0.0002 +0.802 0.443 1.000 0.750 1.000

XGB vs.
XGB–OK −0.2189 −1.361 0.207 1.000 0.211 1.000
XGB vs.

XGB–UK +0.0851 +0.445 0.667 1.000 0.846 1.000
ADA vs.

ADA–OK −0.0078 −0.117 0.910 1.000 0.922 1.000
ADA vs.

ADA–UK −0.1812 −0.317 0.758 1.000 0.432 1.000
ResNet vs.

ResNet–OK −0.6500 −1.350 0.210 1.000 0.432 1.000
ResNet vs.

ResNet–UK −1.3945 −1.442 0.183 1.000 0.625 1.000
UNet vs.

UNet–OK +0.3868 +0.531 0.608 1.000 0.105 1.000
UNet vs.

UNet–UK +0.9189 +1.901 0.0898 1.000 0.0371 0.445
STN vs.

STN–OK −0.3622 −1.725 0.119 1.000 0.193 1.000
STN vs.

STN–UK +0.1048 +0.156 0.879 1.000 0.322 1.000

References
1. Gu, A. Geostatistical approaches for resource estimation in mining and exploration. J. Environ. Risk Assess. Remediat. 2023, 7, 182.
2. Hack, D.R. Issues and Challenges in the Application of Geostatistics and Spatial-Data Analysis to the Characterization of Sand-And-Gravel

Resources; U.S. Geological Survey: Reston, VA, USA, 2005.
3. Cellmer, R. The possibilities and limitations of geostatistical methods in real estate market analyses. Real Estate Manag. Valuat.

2014, 22, 54–62. [CrossRef]
4. Silva, V.M. On the classification and treatment of outliers in a spatial context: A Bayesian updating approach. REM-Int. Eng. J.

2021, 74, 379–389. [CrossRef]
5. Battalgazy, N.; Valenta, R.; Gow, P.; Spier, C.; Forbes, G. Addressing geological challenges in mineral resource estimation: A

comparative study of deep learning and traditional techniques. Minerals 2023, 13, 982. [CrossRef]
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