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A B S T R A C T

Assessing model performance is critical in machine learning (ML) based subsurface structure modeling. Random 
cross-validation (R-CV), a commonly used evaluation method in general ML applications, typically does not 
consider the spatial correlation structure that exists in geological borehole data. This study systematically 
evaluates how this validation strategy affects performance assessment when applied to spatially correlated 
geological datasets. Seven ML models were tested using both a synthetic dataset and a complex case from the 
Pearl River Delta (PRD), comparing results from R-CV with those from spatial cross-validation (S-CV), which 
ensures spatial separation between training and testing data. The results show that R-CV consistently over
estimates performance by measuring interpolation rather than extrapolation. Under rigorous S-CV testing, all 
models showed substantial accuracy decreases, providing more realistic performance benchmarks. In the com
plex PRD case, all models converged to a similar accuracy ceiling under S-CV. Despite comparable accuracies, 
their predicted geological morphologies differed significantly. This finding indicates that model selection should 
be based not just on accuracy, but on whether a model’s inherent tendency to generate specific geological shapes 
aligns with prior geological knowledge. All models also had difficulty capturing complex and alternating facies 
distributions, which reflects the limitations of relying on sparse borehole data. Incorporating additional sources 
of information, such as geophysical data, is necessary to overcome these limitations and to better represent the 
spatial continuity of subsurface facies.

1. Introduction

Developing accurate models of subsurface geology is fundamental to 
a wide range of applications, including underground space planning, 
civil engineering design, hydrogeological assessment, mineral explora
tion, groundwater contamination, and geological hazard prevention 
(Bianchi and Zheng, 2016; Ershadnia et al., 2021; Kitanidis, 2015; 
Rajaram and Gelhar, 1995; Wallace et al., 2021). Traditionally, 
geological modeling has relied on geostatistical methods. These include 
two-point statistics (e.g., Kriging) and multi-point statistics (MPS) (Carle 
and Fogg, 1996; Remy et al., 2009; Strebelle, 2002). These methods 

have proven capable of statistically reproducing observed data and 
generating realizations that honor available measurements while 
providing predictions within a quantifiable range of uncertainty (Rubin, 
2003; Yeh et al., 2015). However, their simplicity comes with concep
tual limits. Two‑point statistics reproduce correlations and global pro
portions but cannot encode the hierarchical organization of deposits, 
such as bounding surfaces or stacking patterns, that govern connectivity 
and flow. MPS extends this capability by incorporating training images 
to capture more complex spatial patterns, yet these training images are 
often unavailable or insufficiently representative when only sparse 
borehole data exist (Mariethoz and Caers, 2014). As a result, while 
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geostatistical approaches remain powerful tools for data‑consistent 
modeling, they tend to smooth the underlying architecture that controls 
geological realism. In this context, geological complexity—primarily 
sedimentary heterogeneity—plays an important role in controlling 
contaminant transport in porous media (Agbotui et al., 2025; Bianchi 
and Pedretti, 2018).

Recent advances in machine learning (ML) and deep learning (DL) 
have introduced powerful new approaches to subsurface structure 
modeling (Awawdeh et al., 2025; Galiyev et al., 2025; Hasan et al., 
2025; Lin et al., 2024; Zhan et al., 2023). These data-driven methods 
generally fall into two main categories. The first category includes 
generative artificial intelligence models, such as Generative Adversarial 
Networks (GANs) (Cui et al., 2024; Lyu et al., 2024; Song et al., 2022), 
Variational Autoencoders (VAEs) (Chen et al., 2026; Kang et al., 2025), 
and diffusion models (Di Federico and Durlofsky, 2025; Zhan et al., 
2025). These models are designed to include and work with data 
assimilation algorithms. They identify subsurface structures by adjust
ing the model’s input variables based on multiple data sources (Zhang 
et al., 2024). While this approach has gained significant attention, the 
training of these core generative models also relies on a large number of 
reliable training images (i.e., prior geological models) (Merzoug and 
Pyrcz, 2025). Some studies try to generate these training samples with 
geostatistical methods. But this often results in the same stationarity 
problem of traditional methods (Zhan et al., 2022b). The second cate
gory of methods is more analogous to geostatistical methods. It uses ML 
or DL models to directly learn the complex, non-linear spatial distribu
tion features of facies (i.e., bodies of sediments, see Soltanian and Ritzi, 
2014) from borehole data. The models then make predictions for 
unsampled locations (Hang et al., 2025; Liu et al., 2025).

An emerging concept is that these two ML approaches (generative 
models and direct prediction) can be used in a complementary way. 
Geological structures predicted directly from borehole data, provided 
they possess both geological plausibility and rigorously-assessed reli
ability, can serve as training images for generative models such as GANs 
and VAEs. Generating high-quality training data in this manner has the 
potential to significantly enhance the performance of generative 
frameworks and associated data assimilation workflows, leading to 
more robust and geologically consistent predictions. As such, directly 
using ML or DL models to learn spatial facies patterns from borehole 
data is a promising direction. This approach resembles geostatistical 
interpolation but does not require a predefined training image. It offers a 
path toward greater automation and improved predictive accuracy in 
subsurface modeling (Guo, 2024; Hu et al., 2024; Jordão et al., 2023; Shi 
and Wang, 2022; Wang et al., 2025a).

As machine learning becomes more widely applied to subsurface 
modeling, a notable trend has emerged in how model performance is 
evaluated. Many studies have adopted random cross validation (RCV) as 
the default validation strategy. In this method, all available data points 
are pooled and then randomly partitioned into training and test sets. 
However, a critical methodological question arises from applying this 
standard validation strategy to geological data. By design, R-CV treats 
each data point as an independent sample. This assumption may not 
fully align with the nature of geological borehole data, which is 
fundamentally characterized by strong spatial autocorrelation (i.e., 
nearby data points are highly similar) (Juda et al., 2020; Wadoux et al., 
2021). This discrepancy raises the question of what impact this meth
odological choice has on the interpretation of model performance. It is 
essential to determine whether a validation strategy that overlooks 
spatial correlation provides a comprehensive evaluation of a model’s 
ability to extrapolate to new, or previously undrilled locations.

This study is motivated by a fundamental question about how model 
validation strategies affect the interpretation of ML performance in 
subsurface modeling. Rather than focusing solely on methods and al
gorithms, the goal of this study is to explore how validation strategy 
interacts with geological complexity and data sparsity to shape our 
understanding of model capability. To achieve this goal, we address 

three specific questions: (i) What is the quantitative impact of using 
standard R-CV compared to a validation strategy that explicitly enforces 
spatial separation (i.e., S-CV)? (ii) What is the realistic performance 
limit for true spatial extrapolation in geologically complex settings with 
sparse data, and under what conditions are ML-based modeling ap
proaches most effective? (iii) What are the underlying causes of this 
performance limit in models that rely solely on sparse borehole 
observations?

2. Method

2.1. Research framework

This study employs a multi-layered, controlled experimental design 
to isolate and quantify the independent and combined effects of vali
dation strategy and geological complexity (Fig. 1). The workflow has 
three main components: a combination of synthetic and real-world 
datasets, a diverse library of machine learning models, and a compara
tive analysis of two core validation methods.

To ensure generalizability and robustness, this study uses a dual- 
dataset strategy. First, a three-dimensional (3D) synthetic geological 
model with a completely known facies distribution was built. This model 
acts as an absolute “ground truth.” This controlled environment allows 
for a precise measurement of how different experimental conditions 
affect the models’ “true accuracy.” Next, to test the findings in a real- 
world case, a dataset from the Pearl River Delta (PRD), China, was 
introduced. Its complex geology provides a challenging scenario for 
testing model generalization.

The study also established a comprehensive model library containing 
seven mainstream machine learning models. This ensures that the 
findings do not depend on a single specific algorithm. These models 
were grouped into three functional types: Neighborhood-Based Models, 
Global Function Fitting Models, and Ensemble Spatial Partitioning 
Models, covering a wide range of algorithmic approaches. This diverse 
selection helps determine whether the choice of algorithm is the primary 
factor or a secondary one in relation to data and validation 
methodology.

The core of the method is a comparison of two different model 
validation strategies (Fig. 2). The first strategy is the “point-wise split” (a 
standard R-CV), and the second is the “borehole-wise split” (a S-CV). 
This study systematically compares these two distinct strategies to 
quantify the impact of data partitioning choice on the final performance 
assessment. The detailed procedures for each strategy are described in 
Section 2.3.

2.2. Machine learning model

This study selected seven ML models. The selection included six 
simple, common ML models. It also included one complex DL model. A 
key goal was to compare the performance of models with different levels 
of complexity. In this modeling task, all models solve the same core 
problem. They must learn a predictive function from sparse borehole 
data. This function is used to classify facies at unknown locations.

The model inputs and outputs must be clearly defined. For all 
models, the basic query is the 3D spatial coordinate (x, y, z) of an un
known point. The final output is always the predicted facies for that 
specific point. However, different models use this (x, y, z) input in very 
different ways. Models like SVM and RF (Global Function and Ensemble 
models) use the (x, y, z) coordinates directly. They feed the coordinates 
into a pre-trained function. In contrast, Neighborhood-dependent 
models (e.g., KNN and AE-ResCapsNet) work differently. They use the 
(x, y, z) coordinates to first find nearby data points from the training set. 
This local neighbor information is then used to make the final 
prediction.

The models are grouped into three categories. This grouping is based 
on their core working principles and ’inductive biases’. An ’inductive 

C. Zhan et al.                                                                                                                                                                                                                                    Journal of Hydrology 666 (2026) 134797 

2 



bias’ refers to a model’s inherent tendency to learn in a specific manner. 
This bias is very important. It directly controls the shape of the predicted 
geological structures in areas with sparse data. Appendix A provides 
detailed descriptions of each model’s mathematical and architectural 
components.

The categories and their predictive processes are described below. 

(1) Neighborhood-based Models: This category of models relies 
completely on local neighborhood information. Their core 
assumption is simple: nearby points have similar properties 
(Peterson, 2009). These models do not build a single function for 
the whole area. Instead, their prediction process starts when a 
query point (x, y, z) is entered. The model first searches the 

training data for the closest neighbors. The final prediction is 
based only on these local neighbors (X. Wang et al., 2018). This 
category includes K-Nearest Neighbors (KNN). KNN is a simple 
algorithm that finds the k nearest points and takes a “vote” to 
decide the facies (Martín-Martín et al., 2023). It also includes the 
AutoEncoder with Residual Capsule Network (AE-ResCapsNet). 
The implementation in this study is constructed based on the 
architecture and parameters expressed in the work of He et al., 
(2025), to which the reader is referred for detailed structural 
diagrams and a comprehensive description. The model’s process 
has three main stages. First, it samples a “point cloud” of many 
neighbors. Second, an Autoencoder processes the relative co
ordinates of these neighbors into a compact feature vector. Third, 
a Residual Capsule Network uses this feature vector to make the 
final classification.

(2) Global Function Fitting Models: This category of models learns a 
single, continuous function (x, y, z). This function covers the 
entire coordinate space. The inductive bias of these models favors 
creating smooth geological boundaries (Vaferi et al., 2011). Their 
prediction process has two parts. First, during training, the model 
fits this global function f to best separate the facies classes. Sec
ond, during prediction, a query point (x, y, z) is simply fed into 
this learned function. The function’s output directly determines 
the facies class. Models in this category include the Support 
Vector Machine (SVM). SVM finds an optimal “hyperplane” to 
separate classes, using a “kernel trick” for complex data 
(Cervantes et al., 2020; Hearst et al., 1998; Smirnoff et al., 2008). 
This group also includes the Radial Basis Function (RBF) 
Network, a three-layer neural network (Juliani and Ellefmo, 
2019; Wu et al., 2012). Finally, the Multi-Layer Perceptron (MLP) 
is a standard neural network that learns complex, non-linear 
patterns from the (x, y, z) coordinates (Marquina-Araujo et al., 
2024; Pei and Zhang, 2022).

(3) Ensemble Spatial Partitioning Models: This category of models 
builds a final prediction by combining many simple decision 
trees. The prediction process for these models is based on “spatial 
partitioning.” (Costa and Pedreira, 2023). During training, the 

Fig. 1. Schematic of the research framework illustrating the three main components of this study: (1) the dual-dataset strategy combining a synthetic 3D geological 
model with known ground truth and a real-world case study from the Pearl River Delta (PRD); (2) the machine learning model library comprising seven models 
grouped into three functional categories (Neighborhood-Based, Global Function Fitting, and Ensemble Spatial Partitioning); and (3) the comparative validation 
framework contrasting point-wise split (random cross-validation, R-CV) with borehole-wise split (spatial cross-validation, S-CV) strategies. Arrows indicate the 
workflow from data preparation through model training and validation to performance comparison and analysis.

Fig. 2. The comparison of two fundamentally different model valida
tion strategies.
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models repeatedly split the 3D space into smaller ’blocks’ (like ’is 
z < 50 m?’ or ’is x > 100 m?’). During prediction, a query point 
(x, y, z) is assigned to one of these specific blocks. The final output 
facies are simply the majority facies of the training samples that 
fell into that same block. This process creates a clear inductive 
bias. The model’s predictions naturally form “step-like” or 
“blocky” boundaries. This group includes Random Forest (RF), 
which builds many trees on random data samples and averages 
their votes (Breiman, 2001; Kuhn et al., 2018; Rodriguez-Galiano 
et al., 2015). It also includes Extreme Gradient Boosting 
(XGBoost), which builds trees sequentially. Each new tree cor
rects the errors of the previous one (Abbas et al., 2023; Chen 
et al., 2015).

2.3. Experimental setup and validation strategies

The core of this study is a controlled, multi-run experimental 
framework. It was designed to systematically test and contrast the 
impact of different validation strategies on model performance assess
ment. This framework ensures that the conclusions are statistically 
robust and reduces biases from a single, random data split.

The complete experimental pipeline was independently repeated 10 
times for each combination of sampling strategy and machine learning 
model, using different random seeds. The goal of this multi-run pro
cedure is to get a robust estimate of each model’s average performance 
and its stability across different data subsets. Each of the 10 independent 
runs followed a structured procedure. First, the dataset was split into a 
90 % training set and a 10 % test set according to one of two distinct 
strategies. Second, a 5-fold cross-validation procedure was used on the 
90 % training set for model training and hyperparameter selection (Nti 
et al., 2021). The training set was split into five folds, and the model was 
iteratively trained on four folds and validated on the remaining one. The 
model with the best average performance was selected. Third, the 
selected model was then evaluated on the independent 10 % test set. The 
final reported performance is the mean and standard deviation of the 
facies identification accuracy from these 10 independent runs.

Two distinct data splitting strategies were employed to evaluate the 
impact of spatial autocorrelation on model performance (Fig. 2). The 
first strategy, the point-wise split, treats all data points as independent 
units, irrespective of their borehole of origin. All data points from every 
borehole are first pooled together. A standard stratified random split is 
then performed on this pooled dataset to partition it into a 90 % training 
set and a 10 % test set. Because points from the same borehole can be 
distributed into both the training and test sets, this strategy represents a 
scenario where training and test points may be spatially close.

The second strategy, the borehole-wise split, is a form of spatial 
cross-validation. It treats each borehole as a single, indivisible unit to 
maintain spatial integrity (Sun et al., 2023). The procedure begins by 
identifying the complete list of unique boreholes. A random split is then 
performed at the borehole level, assigning 90 % of the boreholes to the 
training set and the remaining 10 % to the test set. All data points 
belonging to the boreholes assigned to the training set make up the final 
training dataset. All points from the boreholes assigned to the test set 
make up the final test dataset. This method ensures a complete spatial 
separation between the training and test data, representing a scenario 
focused on spatial ’extrapolation’ (predicting in new areas). Before the 
10-run evaluation, a one-time hyperparameter optimization was con
ducted for each model using 5-fold stratified cross-validation. This 
ensured all subsequent comparisons were based on each algorithm’s 
optimal configuration.

3. The synthetic case study

3.1. Synthetic geological model

A 3D synthetic geological model was created to evaluate the true 

performance of various machine learning models. The model works as a 
controllable ground truth. The model covers a physical domain of 120 m 
× 120 m × 60 m. This domain is divided into a regular, structured grid of 
60 × 60 × 60 voxels. This discretization gives a total of 216,000 voxels. 
Each voxel has a resolution of 2 m × 2 m × 1 m. The model comprises 
four facies stacked vertically in sequence, as shown in Fig. 3(a). The 
model includes three geological interfaces between the facies, and the 
interfaces were defined using sinusoidal functions: 

z(x, y) = zbase +
∑N

i=1
Ai • sin

(
fx,i • x

)
• cos

(
fy,i • y

)
+ σ (1) 

here, N represents the total number of sinusoidal terms used to generate 
the complexity of the geological interface (N = 4 in this study). where 
zbase is the base elevation of the interface, Ai are the amplitude co
efficients, and fx,i and fy,i are the spatial frequencies in the x and y di
rections. This approach preserves the macroscopic layered 
characteristics of the model while introducing non-linear local varia
tions, as illustrated in the internal cross-sectional view in Fig. 3(b).

To simulate different scenarios of acquiring subsurface information 
via drilling, three distinct borehole sampling strategies were designed 
and implemented on the synthetic geological model. In all strategies, 
boreholes are represented as vertical profiles that penetrate the entire 
depth of the model.

The first strategy is Uniform Sampling, where boreholes are arranged 
on a regular grid. This ensures systematic and unbiased coverage of the 
entire study area, representing an idealized survey scenario, as depicted 
in Fig. 3(c). The second strategy is Random Sampling, whereby borehole 
locations are determined by random selection from all possible positions 
within the study area (see Fig. 3(d)).

The third strategy is Biased Sampling. This strategy mimics realistic 
exploration scenarios where geological knowledge is highly asymmetric. 
This method divides the study area into four equal quadrants (top-left, 
bottom-left, top-right, bottom-right) along the horizontal mid-planes. A 
different number of boreholes is allocated to each quadrant. Within each 
quadrant, borehole locations are randomly selected from all available 
positions (Fig. 3(e)).

3.2. Results and analysis

3.2.1. Performance assessment under the point-wise split strategy
The point-wise split strategy was observed to systematically produce 

overestimated model performance. This trend is visible across all sam
pling strategies (Figs. 4–6). This strategy can create a potentially 
misleading high accuracy. However, the degree of overestimation var
ied. It depended on the model type and the sampling strategy.

Under uniform sampling (Fig. 4), the susceptibility of different model 
types became apparent. The Global Function Fitting models (SVM, RBF, 
MLP) showed high robustness. Their test accuracy was very close to their 
true accuracy. The differences ranged only from − 0.9 % to +0.2 %. 
showed less performance overestimation. In contrast, the Ensemble 
Spatial Partitioning models (RF, XGBoost) showed significant over
estimation. The difference between test and true accuracy reached +1.6 
% for RF. It reached +3.4 % for XGBoost. The Neighborhood-based 
models also showed overestimation, but it was moderate. The accu
racy difference for KNN was +0.8 %. For the more complex AE- 
ResCapsNet, the difference was only +0.4 %.

The performance overestimation became much more pronounced 
when the sampling strategy changed. The shift from uniform to random 
and biased sampling amplified the overestimation (Figs. 5 and 6). As the 
data distribution became less even, the overestimation increased for 
almost all models.

The Global Function Fitting models still showed the highest robust
ness among the three categories. However, their overestimation slightly 
increased. For example, under random sampling, the differences for 
SVM and MLP rose to +3.2 % and +2.5 %, respectively. The over
estimation in Ensemble Spatial Partitioning models became notably 
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larger. Under random sampling, the accuracy difference for RF surged to 
+5.7 %. For XGBoost, it surged to +6.9 %. Under biased sampling, 
where data are highly clustered, the difference for XGBoost reached its 
peak for this strategy (+7.1 %). Meanwhile, the Neighborhood-based 
models also showed larger differences. The accuracy difference for 

KNN expanded to +2.0 % (random) and +3.5 % (biased). AE- 
ResCapsNet again showed greater robustness compared to KNN. Its ac
curacy differences only increased to +1.7 % and +1.9 %.

A visual comparison of the predicted cross-sections (Fig. 7) provides 
structural insights. It is crucial to assess the quality of model predictions 

Fig. 3. Overview of the synthetic geological model and borehole sampling strategies. (a) A 3D perspective view of the synthetic ground truth model. (b) Internal 
cross-sections of the model. (c–e) The spatial distribution of borehole locations under the three sampling strategies: (c) uniform sampling, (d) random sampling, and 
(e) biased sampling.

Fig. 4. Performance comparison of all models under uniform sampling.
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based on their structural similarity to the known ground truth. The 
ground truth model (Fig. 7(a)) features smooth and continuous 
geological interfaces. The cross-sections generated by the Global Func
tion Fitting models (especially SVM, RBF, and MLP) closely resembled 
the ground truth. They produced smooth and continuous interfaces 
(Fig. 7(d–f)). The shapes generated by these models align well with the 
structural characteristics of this synthetic case. Their predictions were 
both numerically accurate and structurally faithful.

In fundamental contrast, the Ensemble Spatial Partitioning models 
(RF, XGBoost) produced distinctly “blocky” or “stair-step” structures 
(Fig. 7(b and c)). This morphology resulted in a significant structural 
mismatch with the continuously varying interfaces of the ground truth. 
Thus, although these models achieved high classification accuracy at 
discrete points, the structures they generated were morphologically 
inconsistent with the ground truth.

Similarly, the Neighborhood-based models produced morphologies 

that differed from the smooth ground truth. The KNN model’s cross- 
sections (Fig. 7(g)) displayed “patchy” areas formed around training 
data points. The AE-ResCapsNet model (Fig. 7(h)), while effectively 
capturing the main structural trends, produced a more fragmented or 
“salt-and-pepper” texture at the interfaces. This visual result suggests 
that the inductive biases of these neighborhood-reliant models differ 
fundamentally from the smooth, continuous nature of this specific 
synthetic case.

3.2.2. Performance assessment under the borehole-wise split strategy
The borehole-wise split provides a more rigorous benchmark for 

model evaluation. This strategy changes the evaluation task from simple 
“interpolation” to a more challenging “extrapolation.” It ensures com
plete spatial separation between the training and test sets. The results 
contrasted sharply with the point-wise split (Figs. 4–6). A central and 
universal observation is that the true accuracy of all models remained 

Fig. 5. Performance comparison of all models under random sampling.

Fig. 6. Performance comparison of all models under biased sampling.
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Fig. 7. Predicted geological cross-sections (Y = 39 m) from models trained using the point-wise split.
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high. It was similar to the levels achieved under the point-wise split. This 
indicates the models’ overall ability to represent the entire geological 
space did not change.

However, the test accuracy changed dramatically. Under the 
borehole-wise split, the test accuracy was universally lower than the 
corresponding true accuracy. This resulted in a consistent “negative 
difference” (Test minus True) across all models and scenarios. The 
magnitude of this negative difference varied with the sampling strategy. 
Under uniform sampling (Fig. 4), nearly all models exhibited the largest 
negative difference. When the sampling strategy shifted to random and 
biased (Figs. 5 and 6), the negative difference generally decreased for all 
models. Furthermore, analysis across multiple runs revealed that 
Ensemble Spatial Partitioning models exhibited higher variance across 
different data splits compared to Global Function Fitting models, indi
cating their greater sensitivity to data sparsity.

The predicted cross-sections showed notable structural degradation 
under the rigorous borehole-wise split condition (Fig. 8). A general 
decrease in structural quality was observed for all models compared to 
the point-wise split results (Fig. 7). The Global Function Fitting models 
(SVM, RBF, MLP) could still roughly maintain the macro-scale 
morphology of the geological interfaces. However, their smoothness 
and continuity were significantly compromised (see Figs. 8(d), (e), (f)).

The predicted cross-sections of the Ensemble Spatial Partitioning 
models (RF, XGBoost) and KNN deteriorated further. Their inherent 
“blocky” structures became more fragmented and disordered (Figs. 8(b), 
(c), (g)). They almost completely lost their geological continuity. The 
AE-ResCapsNet model showed a unique behavioral pattern. Visually, it 
successfully captured the overall macro-scale trends of the strata, 
exhibiting a behavior similar to that of the Global Function Fitting 
models (Fig. 8(h)). However, its complex neighborhood-based feature- 
learning process also produced a fine-scale fragmented texture (or “salt- 
and-pepper noise”). This visual result contrasts sharply with the smooth 
and continuous interfaces from Global Function Fitting models (like 
MLP or SVM). This highlights a key difference in inductive bias: the 
Global Function models default to smooth interpolation in data-sparse 
regions, whereas the AE-ResCapsNet’s bias, when applied to sparse 
data, results in this more pixelated local variability. Post-processing 
techniques such as majority filtering or MRF-based smoothing can be 
applied to reduce these artifacts and improve structural continuity.

4. The Pearl River Delta case study

4.1. Study area, dataset, and experimental design

Section 3 used a synthetic model. This provided a controlled “labo
ratory” setting. It revealed basic model behaviors and evaluation biases. 
Now, the study moves to a real-world case. The goal is to test whether 
those findings hold true in complex geological settings. A second goal is 
to find the performance limits of the models in practice. This study in
troduces the Pearl River Delta (PRD) case.

The PRD region was selected because it poses a significant challenge 
for the models. First, the PRD is a typical alluvial plain. Its Quaternary 
sediments were formed by complex interactions between rivers, deltas, 
and the ocean. This process caused rapid changes in facies, both hori
zontally (side-to-side) and vertically (up-and-down). The facies re
lationships are complex. The area lacks the large-scale, continuous 
layers seen in the synthetic model. This natural geological complexity 
provides a highly challenging testbed. It helps examine the models’ 
ability to predict new areas (generalization) and maintain structural 
accuracy.

Second, the distribution of real-world borehole data is naturally 
uneven and biased. This is unlike the idealized, uniform or random 
sampling in the synthetic case. As shown in Fig. 9, the 796 engineering 
geological boreholes collected for this study cover the core plains of the 

PRD. However, their locations are not evenly spread. Urban develop
ment and engineering activities clearly influenced the distribution. The 
boreholes cluster along transportation lines and in developed urban 
areas. This uneven and “biased” data distribution directly matches the 
most challenging “biased sampling” scenario from the synthetic case. 
This allows for further validation of the model behaviors observed in 
Section 3 using real-world data.

The modeling domain for this study is shown in Fig. 9. The modeling 
depth was set from 5 m to 115 m below the ground surface. This covers 
the main Quaternary deposits. For 3D modeling, the entire domain was 
divided into a regular grid. The cell resolution was 2 km × 2 km × 2 m. 
This resulted in a total of 1,985,400 grid cells. From the 796 boreholes, 
220,170 cells with known facies labels were extracted. This means only 
11.1 % of the entire 3D modeling space has known data. This high de
gree of data sparsity (lack of data) is a common problem faced in the 
practical application of machine learning for geological modeling.

Geological complexity strongly impacts model performance. To 
study this impact, two classification tasks were designed. The tasks have 
increasing difficulty. The first task is a binary classification. It aims to 
identify the spatial distribution of two major facies classes: sediments 
and bedrock. This large-scale task involves a relatively clear geological 
boundary. Structurally, it is similar to the layered synthetic model. This 
task is designed to act as a “bridge” from the idealized synthetic world to 
the real world. It tests whether the models still show the basic behaviors 
seen in the synthetic case. This test utilizes real-world data character
istics, including sampling bias and data sparsity.

The second task is a four-facies classification. It builds upon the first 
by further dividing the facies. Sediments are classified into two main 
types: clay and sand. Bedrock is divided into weathered bedrock and 
unweathered bedrock. This task is much more difficult. The spatial 
distribution of these four smaller-scale facies is complex. They show 
high heterogeneity and non-stationarity. This reflects the complex 
depositional and weathering processes of the PRD. This allows for pre
cise measurement of how much the models’ performance ceiling drops 
when facing real, complex facies relationships. Therefore, the PRD case 
is not merely an extension from a synthetic to a real-world application. It 
is an ultimate challenge. It combines geological complexity, uneven 
sampling, and sparse data. The results from this case will provide critical 
evidence. They will help achieve a deep understanding of the true po
tential and limitations of ML in the geosciences.

4.2. Results and analysis

4.2.1. Binary classification
The first task was a binary classification. It involved identifying two 

large-scale facies units: sediments and bedrock. The results clearly 
showed the strong impact of the validation strategy.

When using the point-wise split strategy, all models achieved very 
high test accuracy (Fig. 10, left panel). The Ensemble Spatial Parti
tioning model (XGBoost, 96.7 %) and the simple Neighborhood-based 
model (KNN, 96.2 %) achieved the highest scores. However, when 
switching to the rigorous borehole-wise split strategy, a large drop in 
accuracy was observed for all models (Fig. 10, right panel). A critical 
observation is the convergence of model performance. The differences 
between the models became very small. The average accuracies of all 
seven models fell within a narrow range of about 1 % (from 89.5 % to 
90.6 %). All models reached a performance level of approximately 90 %.

The models with the highest scores under the point-wise split showed 
the largest drops. XGBoost showed a 7.0 % drop. KNN showed a 6.2 % 
drop. This trend matches the findings from the synthetic case study. The 
predicted cross-sections (Fig. 11) provide visual confirmation. A notable 
finding is that the large-scale shape (morphology) of the bedrock surface 
looked very similar for both validation strategies. The models generated 
similar macro-structures under both the point-wise and borehole-wise 
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Fig. 8. Predicted geological cross-sections (Y = 39 m) from models trained using the borehole-wise split.
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splits. This visual similarity contrasts sharply with the large differences 
in accuracy scores between the two strategies.

Upon closer inspection of the structures, the different tendencies of 
the models were visible. The Global Function Fitting models (SVM, RBF, 
MLP) produced smoother interfaces (Figs. 11(c), (d), (e)). The Ensemble 
Spatial Partitioning models (RF, XGBoost) and Neighborhood-based 
models (KNN) generated more localized and irregular shapes (Figs. 11 
(a), (b), (f)). The AE-ResCapsNet model produced relatively smooth 
boundaries with some local variations (Fig. 11(g)).

4.2.2. Four-facies classification
To evaluate the impact of geological complexity, the task difficulty 

was increased. The study moved to a four-facies classification. This 
involved dividing the sediments and bedrock into four smaller-scale 
facies. This change introduced much more heterogeneity and 

complexity into the modeling problem.
The quantitative results clearly revealed that geological complexity 

limited model performance (Fig. 10). Under the point-wise split strat
egy, the accuracy decreased significantly compared to the binary task. 
The best-performing model in the four-facies classification (KNN, 89.8 
%) was about 7 % lower than the best model in the binary classification 
(XGBoost, 96.7 %).

When the rigorous borehole-wise split strategy was applied, the 
impact of geological complexity was stronger. The average accuracy of 
all models dropped to about 75 %. The models again showed a high 
degree of convergence. The performance range was only about 2 %. The 
accuracy drop from the binary task to the four-facies task under the 
borehole-wise split was significant. For the KNN and RF models, the 
accuracy dropped by 15.1 % and 13.6 %, respectively. These drops were 
significantly larger than those observed in the binary task when 

Fig. 9. The geographical location of the study area in the Pearl River Delta (PRD) and the spatial distribution of the 796 boreholes used for modeling. The red line 
delineates the boundary of the modeling domain. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.)

Fig. 10. Comparison of test accuracies for the seven machine learning models in the Pearl River Delta case study.
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changing the validation strategy (which were 6.2 % and 5.1 %, 
respectively).

These large performance drops appeared in the predicted cross- 
sections (Fig. 12) as complex visual patterns. The behaviors of the 
different models diverged when facing this challenge. A key observation 
is that the predicted cross-sections of the Global Function Fitting models 
(SVM, RBF, MLP) and AE-ResCapsNet showed little structural difference 
between the point-wise and borehole-wise splits (Fig. 12(c)–(e) and (g)). 
These models tended to generate relatively large and smooth facies 
patches. They maintained a form of structural continuity even under the 
rigorous borehole-wise split.

In contrast, the Ensemble Spatial Partitioning models (RF, XGBoost) 
and KNN showed a marked difference (Figs. 12(a), (b), (f)). They 
generated somewhat structured clusters under the point-wise split. 
However, their predictions degraded into finer and more chaotic 
“pixelated” or fragmented distributions under the borehole-wise split.

In summary, the visual results showed distinct behaviors under the 
borehole-wise split. Some models produce smooth, continuous struc
tures. Other models produced highly fragmented or pixelated structures. 
These significant visual differences occurred despite all models having 
similar accuracy scores (around 75 %).

5. Discussion

5.1. What does validation strategy really measure?

Results from both the synthetic and real-world cases consistently 
show that the choice of validation strategy is not merely a technical 

detail but fundamentally determines which aspects of model perfor
mance are being assessed. In this study, R-CV (implemented as a “point- 
wise split”) consistently led to overestimated performance metrics 
(Kumar et al., 2025). This pattern does not mean that R-CV is intrinsi
cally flawed, but rather reflects a conceptual mismatch: R-CV is designed 
to evaluate spatial interpolation and does not fully account for spatial 
autocorrelation (the fact that nearby data points are similar). By design, 
R-CV measures a model’s ability to reproduce patterns between existing 
data points (Valavi et al., 2018). This is primarily measuring “goodness- 
of-fit” or “pattern reproduction.” In this scenario, high accuracy (e.g., 
>90 %) is expected. But this high accuracy may say relatively little 
about the model’s ability to predict in new areas.

In contrast, S-CV, implemented as a “borehole-wise split,” evaluates 
true spatial extrapolation. By enforcing spatial separation, S-CV rigor
ously tests a model’s ability to apply learned rules to entirely unseen 
locations (Sun et al., 2023; Wadoux et al., 2021).

The synthetic case study clearly demonstrated how validation in
teracts with data sampling. Under R-CV, the degree of performance 
overestimation was not constant. It was directly amplified by spatial bias 
in the sampling data. This inflation was most severe in the “biased” 
scenario (as seen in Figs. 4–6). The reason is clear. Biased sampling 
creates dense clusters of data in some regions, leaving others empty. R- 
CV randomly selects individual points. This creates a test set where most 
points are also from those dense clusters. These test points are very close 
to training points. The model is therefore mainly tested on easy pre
dictions near known data. Its potential underperformance in the data- 
sparse regions may be obscured. This results in optimistic scores that 
may not reflect true predictive power. Our results suggest that the 

Fig. 11. Predicted geological cross-sections for the binary classification task (sediment vs. bedrock) at two representative locations (X = 77.0 km and Y = 133.0 km).
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magnitude of R-CV overestimation depends more on clustering geome
try than on overall spatial density. Comparing the overestimation pat
terns across sampling strategies (Figs. 4–6), the transition from uniform 
to random sampling changed spatial density patterns but produced only 
moderate increases in overestimation. However, the transition to biased 
sampling introduced strong spatial clustering and resulted in the most 
severe overestimation. Conversely, S-CV demonstrated its robustness. 
Under S-CV, none of the models showed severe performance over
estimation, regardless of the sampling strategy. This confirms that S-CV 
provides a stable, conservative benchmark (Pohjankukka et al., 2017; 
Wang et al., 2023).

From an engineering perspective, these differences in validation 
strategy are highly consequential. Real-world borehole data often 
display uneven spatial distributions, with sampling concentrated in 
specific areas such as infrastructure corridors. Under such conditions, R- 
CV may yield relatively high accuracy scores that are overly optimistic 
for regions with limited data. This optimism could influence decision- 
making in underground construction or hydrogeological assessments. 
In contrast, S-CV tends to provide a more conservative estimate, helping 
practitioners better evaluate reliability and manage uncertainty in data- 
sparse areas.

5.2. Model selection based on inductive bias

A key finding of this study is the performance convergence under 
rigorous S-CV. All model types tested converged to a similar “perfor
mance ceiling” in the PRD case (approximately 90 % for the binary task 
and approximately 75 % for the four-facies task). This convergence 

indicates that S-CV accuracy has limited utility as a primary criterion for 
model selection. If all algorithms, from ML to DL models, produce 
similar S-CV scores, then the “model race” to achieve marginally higher 
S-CV accuracy may be counterproductive.

This finding shifts the evaluation focus from “which model is most 
accurate?” to “which model’s bias is most appropriate?”. The experi
ments demonstrate that a model’s “inductive bias” significantly in
fluences the shape (morphology) of the predicted geological structures. 
Inductive bias refers to the set of built-in assumptions inherent in the 
algorithm.

First, the synthetic case itself favored certain models. It was gener
ated using smooth sinusoidal functions. This inherently favored the 
Global Function Fitting models (e.g., SVM, RBF, MLP) (Vaferi et al., 
2011). Their tendency to learn smooth boundaries aligned perfectly 
with this specific ground truth (Bigdeli et al., 2024). This results in 
structures that are both numerically accurate and morphologically 
faithful.

In contrast, the intrinsic mechanism of Ensemble Spatial Partitioning 
models (e.g., RF, XGBoost) involves repeatedly dividing the space into 
rectangular regions (Saljoughi and Hezarkhani, 2018). This leads to 
predicted results showing “blocky” or “stair-step” shapes. In the context 
of the smooth synthetic model, this “blocky” output presented a signif
icant structural mismatch.

However, this highlights a deeper insight. This apparent distortion is 
not a “failure” of the ensemble models. Instead, it is a fundamental 
“mismatch” between their inductive bias and the specific nature of this 
test case. If the ground truth were a fault-block system or a sharp, 
channelized river system, the “blocky” structure of RF/XGBoost might 

Fig. 12. Predicted geological cross-sections for the four-facies classification task (clay, sand, weathered bedrock, and unweathered bedrock) at two representative 
locations (X = 77.0 km and Y = 133.0 km).
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provide a more realistic result. In that case, the “over-smoothing” from 
an MLP or SVM would become the source of structural distortion.

The PRD deltaic aquifer has more complex and variable boundaries 
than the synthetic model. In the four-facies task, RF and XGBoost ach
ieved slightly higher accuracies than the Global Function Fitting models, 
suggesting that their inductive bias better matched the variable geology 
of the PRD. Future synthetic benchmarks should therefore include 
diverse geological architectures, such as channelized or faulted geom
etries, to provide broader guidance for model selection. In turn, Global 
Function Fitting models may be more suitable for smaller-scale strati
graphic structures with regular sedimentary patterns, where interfaces 
between lithologies are distinct and transitions are relatively smooth.

Furthermore, ML methods’ strength primarily lies in delineating 
geological bodies with relatively clear spatial boundaries, as demon
strated in the synthetic case and the PRD binary task. However, they 
may struggle to effectively identify facies that change frequently in the 
vertical direction, a common feature in complex sedimentary sequences 
(Bayer et al., 2015; Dai et al., 2019). In such cases, traditional stochastic 
methods, which are explicitly designed to reproduce statistical proper
ties of complex spatial arrangements, may offer complementary 
strengths (Carle and Fogg, 1997; Zhan et al., 2022a). This suggests that a 
hybrid approach or using “direct prediction” models to generate high- 
quality Training Images (TIs) for generative models (e.g., GANs) rep
resents a promising workflow for addressing data shortages and 
capturing complex heterogeneity (Singh et al., 2022; Sun, 2018; Zhan 
et al., 2022b; Zheng et al., 2023).

Therefore, in practical applications S-CV accuracy should be treated 
as a threshold metric, used to verify that models have reached the per
formance ceiling imposed by data availability and geological 
complexity. Once this threshold has been reached by multiple algo
rithms, model selection should be guided primarily by how well their 
inductive biases align with existing geological understanding of the 
target subsurface structure.

The convergence of model performance in the PRD case does not 
imply that data volume dominates model selection. In fact, the PRD case 
has more data (approximately 10 % of total grid cells) than the synthetic 
case (approximately 5 %). The lower accuracy in the PRD case is due to 
stronger spatial heterogeneity of facies, indicating that geological 
complexity, rather than data volume, is the primary factor affecting 
prediction accuracy under S-CV.

5.3. Limitations and future directions

Several limitations of this study should be acknowledged. First, while 
the seven ML models tested represent major types of algorithms, they do 
not make a complete list. Recent years have seen the development of 
numerous advanced models. These include improvements on these basic 
algorithms and novel architectures for geological modeling based on 
Graph Neural Networks (GNNs) or Transformers (Hillier et al., 2021; 
Wang et al., 2025b). However, many of these advanced methods share 
underlying principles with the models evaluated in this study. There
fore, it is likely that the core conclusions regarding the importance of 
validation strategy and data limitations can be generalized.

Second, and more critically, the root causes of the “performance 
ceiling” must be analyzed. The conclusion is that it stems from two 
intertwined limitations: “data sparsity” and “feature poverty.” “Feature 
poverty” refers to the models’ reliance on only sparse borehole data as 
input. This limitation effectively constrains all the tested models to 
function primarily as spatial interpolators. They learn the spatial prox
imity of data (e.g., “points near A are also A”). Meanwhile, “data spar
sity” (i.e., the limited number and uneven distribution of boreholes) 
means the models lack sufficient data support when predicting in large 
unknown areas.

Therefore, the performance ceiling identified in the complex PRD 
case (approximately 75 %) is best interpreted as a practical limit 
imposed jointly by sparse and unevenly distributed borehole data, 

geological complexity, and the interpolation nature of the task, rather 
than as a failure of the ML algorithms themselves.

Several methodological considerations may help address the limi
tations discussed above. For model evaluation, this study relied on visual 
comparison to assess structural differences among models. While this 
approach effectively demonstrates inductive bias, quantitative 
morphology metrics such as boundary roughness indices and connec
tivity functions could provide more objective comparisons in future 
studies. For input data, sample reweighting strategies may help reduce 
the influence of clustered boreholes without discarding valuable 
observations.

In practical geological modeling, integrating multi-source informa
tion (such as geophysical data and hydrogeological observations) is not 
just an optional improvement (Guo et al., 2025). It is the main and 
necessary way to fundamentally overcome the “feature poverty” limi
tation. Geophysical data can provide continuous spatial characteristics 
of subsurface structures that sparse boreholes cannot capture. By inte
grating such multi-source data, models can learn the physical correla
tions between different data types and facies distributions. In our 
previous work on a synthetic binary aquifer structure, stochastic simu
lation using only borehole data achieved approximately 80 % accuracy, 
while ERT-based inversion achieved approximately 95 % accuracy (Xia 
et al., 2026). This enables models to capture more continuous and 
complex spatial patterns of geological structures, rather than merely 
relying on the proximity of sparse point measurements. This approach 
represents the primary pathway to break through the current perfor
mance ceiling and achieve more accurate and reliable subsurface 
structure modeling.

6. Conclusions

Through controlled experiments in both synthetic and real-world 
geological settings, this study systematically examined the impact of 
different evaluation strategies on machine learning-based facies 
modeling. A core finding of this study is that applying standard R-CV 
may lead to an overestimation of prediction accuracy. This over
estimation is often associated with the use of R-CV. This strategy mixes 
spatially close data points into both training and test sets. As a result, it 
may not rigorously test a model’s ability to predict at new, unseen lo
cations. In contrast, S-CV enforces spatial separation, resulting in a 
lower accuracy but providing a more realistic measure of true predictive 
performance. Therefore, S-CV is demonstrated to be a more rigorous and 
realistic validation method for subsurface structure modeling.

In the real-world PRD case, this study found that all tested models 
converged to a similar ’performance ceiling’. This finding, resulting 
from the high geological complexity and sparse data, suggests that small 
differences in S-CV accuracy are not a reliable basis for model selection. 
This shifts the evaluation focus: instead of asking “which model is most 
accurate?”, the question becomes which model’s predicted geological 
structures best match prior geological knowledge? Based solely on 
sparse borehole data, these ML models are more suitable for delineating 
geological bodies with distinct boundaries. They are less effective for 
complex zones where different facies are frequently layered together.

This performance ceiling is not a failure of the ML algorithms. 
Instead, it is the practical limit of the task itself, set by data sparsity, 
geological complexity, and “feature poverty”. The primary path to 
overcome this limit is to integrate multi-source data, such as geophysical 
data. Sparse borehole data alone may lack continuous spatial charac
teristics of subsurface structures. Geophysical data can provide these 
continuous features, enabling models to learn more continuous and 
complex spatial distributions of facies. This feature-enriched approach, 
guided by the S-CV and ’inductive bias’ workflow, may also help 
generate better TIs. This could help address the critical data shortage for 
generative models, such as GANs and VAEs.
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Appendix A. Detailed machine learning model descriptions

This appendix provides detailed descriptions of the seven machine learning models used in this study. The models are grouped into three categories 
based on their ’inductive bias’, which is the model’s inherent tendency to learn patterns in a specific way.

A.1. Neighborhood-based models

Neighborhood-Based Models learn by storing training samples. They make predictions based on the idea that spatially close points have similar 
properties. Their complexity grows with the amount of training data. Their predictions depend entirely on the local distribution and labels of training 
samples near a query point.

KNN is a non-parametric, instance-based algorithm. For a given query point xq, the algorithm first identifies the knn nearest neighboring points 
from the training dataset D =

{(
xi, yi

)}N
i=1 to form a neighborhood set Nknn

(
xq
)
. This is based on a predefined distance metric, where knn represents the 

number of neighbors to use. The distance is typically the Minkowski distance, where the exponent p determines the distance metric: 

d
(
xi, xq

)
=

(
∑3

j=1

⃒
⃒xi,j − xq,j

⃒
⃒p
)1/p

(A.1) 

here, p = 1 corresponds to the Manhattan distance, and p = 2 corresponds to the Euclidean distance. The predicted class ŷq is determined by a vote 
among the samples in the neighborhood set Nknn

(
xq
)
, with the voting method controlled by the weights scheme wi: 

ŷq = argmax
∑

xi∈Nk(xq)
wi⋅I(yi = c) (A.2) 

where I(⋅) is the indicator function, and c represents all possible facies classes. If weights = ’uniform’, all neighbors have equal weight (wi = 1). If 
weights = ’distance’, the weight is inversely proportional to the distance (wi = 1/d

(
xi, xq

)
), giving closer neighbors greater influence.

AE-ResCapsNet’s predictive process involves three main stages: data self-organization, feature extraction, and facies prediction.
First, a data self-organization method is employed. For a target unit with unknown facies, its functional characteristics are internalized by coupling 

it with Nsample = 2048 units randomly selected from the known borehole sampling data.
Second, this process generates a feature matrix Fq ∈ RK×4 for the query point xq. A key implementation detail is the use of relative coordinates to 

enhance the model’s focus on spatial relationships. Each row i of the matrix is defined as the vector fq,i =
(
Δxi,Δyi,Δzi, ĺi

)
,where

(
Δxk,Δyk,Δzk

)
are 

the relative coordinates between the i-th sample point xi and the query point xq, and ĺk is the normalized facies label of the sample. This representation 
explicitly encodes the displacement vectors to the surrounding samples, providing a more direct input for learning spatial patterns.

Third, a convolutional Autoencoder performs unsupervised feature extraction on this matrix. The encoder, gϕ(⋅), maps the input matrix to a 
compressed latent representation zq = gϕ

(
Fq
)
. The autoencoder is trained by minimizing the mean squared reconstruction error between the original 

input and the output of the decoder fθ(⋅): 

LAE(θ,ϕ) =
1
n
∑n

i=1

(
F(i)

q − fθ

(
gϕ

(
F(i)

q

)))2
(A.3) 

Finally, a Residual Capsule Network (ResCapsNet) performs supervised classification using the extracted deep feature map zq as input. The network 
is trained by minimizing the Margin Loss, which is standard for capsule networks and designed to penalize incorrect classifications based on the length 
of the output capsule vectors. The loss for each class capsule j is defined as: 

Lj = Tjmax
(
0,m+ −

⃒
⃒
⃒
⃒vj
⃒
⃒
⃒
⃒
)2

+ λcap
(
1 − Tj

)
max

(
0,
⃒
⃒
⃒
⃒vj
⃒
⃒
⃒
⃒ − m−

)2 (A.4) 

here, Tj is an indicator function (1 if the true class is j, 0 otherwise). 
⃒
⃒
⃒
⃒vj
⃒
⃒
⃒
⃒ is the length of the output vector for capsule j, representing the probability of 

class j. The hyperparameters m+ and m− are the upper and lower margins (typically 0.9 and 0.1, respectively), and λcap is a down-weighting factor (e. 
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g., 0.5) for the loss associated with absent classes. This loss function encourages the vector length for the correct class to be above m+ while pushing the 
lengths for incorrect classes below m− . The training process is governed by key hyperparameters: the learning rate ηlr, batch size Bs, and dropout 
probability pdrop.

A.2. Global function fitting models

This category of models, along with Ensemble Spatial Partitioning Models, falls under the umbrella of Model-Based Learning. This approach in
duces a general model or function from training data that captures underlying patterns. Once trained, the model makes predictions without refer
encing the original data. Global Function Fitting Models specifically learn a single, continuous decision function f(x) that covers the entire coordinate 
space. The inductive bias of these models favors the generation of smooth decision surfaces.

SVM: The core objective of SVM is to find one or more optimal hyperplanes in a high-dimensional feature space that maximize the margin between 
different facies classes. For non-linearly separable data, the “kernel trick” is used. The dual optimization problem for a soft-margin SVM is formulated 
as: 

max
α

(
∑N

i=1
αi −

1
2
∑N

i=1

∑N

j=1
αiαjyiyjK

(
xi,xj

)
)

(A.5) 

subject to the constraints 
∑N

i=1αiyi = 0 and 0 ≤ αi ≤ C. Here, yi ∈ { − 1, 1} are the class labels and αi are the Lagrange multipliers. The regularization 
parameter C balances the trade-off between maximizing the margin and minimizing training error. A smaller C results in a wider margin (higher 
regularization), while a larger C aims to classify all training samples correctly (lower regularization). The type of kernel is specified by the Ktype 

(kernel) parameter. This study employs the Radial Basis Function (RBF) kernel, defined as: 

K
(
xi, xj

)
= exp

(
− γsum|xi − xj|

2
)

(A.6) 

The kernel coefficient γsum defines the influence of a single training example. A smaller γ implies a larger influence radius and a smoother decision 
boundary, whereas a larger γsum results in a smaller influence radius and a more complex boundary. For a new query point xq, the predicted class is 
determined by the decision function: 

ŷq = sign

(
∑N

i=1
αiyiK

(
xi, xq

)
+ b

)

(A.7) 

where the summation is performed only over the support vectors (i.e., training samples with αi > 0).
RBF: An RBF network is a three-layer feedforward neural network whose hidden layer consists of RBF neurons, each forming a localized response 

region around a “center”. The network’s output is a weighted sum of the activations of these hidden neurons. For a query point xq, the predicted value 
is given by: 

f
(
xq
)
=
∑Nc

j=1
wjϕj

(
xq
)
+ b (A.8) 

here, Nc is the number of neurons in the hidden layer, wj is the weight from the j-th hidden neuron to the output layer, and b is the bias term. The 
activation function of the j-th hidden neuron, ϕj

(
xq
)
, is typically a Gaussian function: 

ϕj
(
xq
)
= exp

(
− γ|xq − cj|

2
)

(A.9) 

where cj is the center vector of the j-th neuron. The kernel width parameter γ controls the width of the Gaussian function; a smaller γ corresponds to a 
wider basis function and a smoother overall function approximation. The training process typically involves first determining the centers cj via un
supervised K-means clustering, then solving for the weights wk through supervised learning.

MLP: The MLP is a feedforward artificial neural network composed of multiple fully connected layers of neurons. For an input vector xq, the output 
vector h(l) of the l-th hidden layer is calculated as: 

h(l) = g
(

W(l)h(l− 1) + b(l)
)

(A.10) 

where h(0) = xq, W(l) and b(l) are the weight matrix and bias vector of the l -th layer, and g(⋅) is a non-linear activation function (e.g., ReLU) specified by 
the Afunc parameter. The network’s architecture is defined by the structure of its hidden layers Hstruct . For a multi-class task with Nclass classes, the 
output layer uses a Softmax function to convert the output values into a probability distribution: 

P
(
y = c|xq

)
= softmax(z)c =

exp(zc)
∑C

j=1exp
(
zj
) (A.11) 

where z is the input vector to the output layer. The model is trained using backpropagation to minimize the Cross-Entropy Loss, with an added L2 
regularization term: 
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L(W, b) = −
1
N
∑N

i=1

∑Nclass

c=1
yiclog(pic)+

α
2
∑

l
|W(l)|

2
F (A.12) 

here, yic is the true label and pic is the predicted probability. The L2 regularization strength α controls the penalty on large weights. The learning rate ηlr 
is a hyperparameter of the optimizer (e.g., Adam).

A.3. Ensemble spatial partitioning models

This category of models also falls under Model-Based Learning, but it constructs a predictive model by aggregating numerous “weak learners” 
(typically decision trees). Each tree learns local rules by recursively partitioning the feature space with axis-parallel splits. The final model’s inductive 
bias produces “step-like” or “blocky” decision boundaries composed of hyper-rectangles (cuboids in 3D space).

RF: RF is an ensemble algorithm that constructs a multitude of decision trees and aggregates their votes to make a prediction. The model consists of 
B decision trees {Tb(x)}B

b=1, where B represents the number of trees in the forest. Each tree is trained on a bootstrap sample of the original dataset, and 
at each node, the best split is chosen from a random subset of features. The growth of each tree is controlled by hyperparameters such as the maximum 
depth Dmax, the minimum number of samples for a split Smin split , and the minimum number of samples per leaf Lmin leaf , which act as pre-pruning 
mechanisms to prevent overfitting. For a query point xq, the final prediction is the mode of the predictions from all trees, determined by majority 
voting: 

ŷq = mode
{
C1
(
xq
)
,C2
(
xq
)
,⋯,CB

(
xq
)}

(A.13) 

XGBoost: XGBoost is a gradient boosting framework that builds decision trees sequentially, with each new tree aiming to correct the residual errors 
of the preceding ensemble. The prediction model is an additive one, composed of the sum of predictions from M trees (where M is the number of 
estimators). The prediction for sample xi after the t-th iteration is: 

̂y(t)
i =

̂y(t− 1)
i + η⋅ft(xi) (A.14) 

where ft(xi) is the prediction of the new tree and ηlr is the learning rate, which scales the contribution of each tree. At each iteration t, the algorithm 
minimizes a regularized objective function: 

Obj(t) =
∑N

i=1
l
(

yi,
̂y(t− 1)
i + ft(xi)

)
+Ω(ft) (A.15) 

here, l(⋅, ⋅) is the loss function, and Ω
(
ft
)

is a regularization term that penalizes tree complexity. The regularization term is defined as: 

Ω(ft) = τNleaf +
1
2

λL2

∑Nleaf

j=1
w2

j (A.16) 

In this term, Nleaf is the number of leaf nodes, and wj is the weight of the j-th leaf. The minimum loss reduction required to make a split is denoted by τ, 
acting as a pruning parameter. The L2 regularization coefficient on the leaf weights is λL2, which helps prevent overfitting. Other key hyperparameters 
include the maximum tree depth Dmax, the subsample ratio ρsample and the column subsample ratio ρfeature, which introduce randomness to prevent 
overfitting. In this implementation, τ and λL2 use their default values (τ = 0, λL2 = 1), while the hyperparameter optimization focuses on M, η, Dmax, 
ρsample , and ρfeature.

This focused tuning strategy is a pragmatic approach rooted in balancing computational cost with performance impact. The parameters M, η, and 
Dmax are widely considered to have the most substantial influence on the model’s performance, as they directly control the fundamental aspects of the 
boosting process and the structural complexity of the individual trees. The ρsample and ρfeature parameters are also critical for managing overfitting by 
introducing stochasticity. In contrast, τ and λL2 serve as finer-grained regularization controls. While important, their default values often provide a 
reasonable baseline of regularization. By fixing these two parameters, the computationally expensive hyperparameter search can concentrate its 
resources on the more impactful parameters, allowing for a more thorough exploration of their optimal combination. This hierarchical approach to 
tuning—first optimizing for core structure and boosting behavior, then potentially fine-tuning regularization—is an efficient and effective method for 
achieving a high-performing model without incurring the prohibitive cost of an exhaustive search across the entire hyperparameter space.

Data availability

Data will be made available on request.
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