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Abstract

Spatial data display correlation between observations collected at nearby locations. Generally,
machine and deep learning methods either do not account for this correlation or do so indirectly
through correlated features. To account for spatial correlation, we propose preprocessing the
data using a spatial decorrelation transform motivated from properties of a multivariate Gaus-
sian distribution and Vecchia approximations. The preprocessed, transformed data can then be
ported into a machine or deep learning tool. After model fitting on the transformed data, the
output can be spatially re-correlated via the corresponding inverse transformation. We show
that including this spatial adjustment results in higher predictive accuracy on simulated and
real spatial datasets.

Keywords Gaussian process; predictive accuracy; Vecchia approzimation; whitening
transformation

1 Research Synopsis and Goals

“Spatial data,” broadly speaking, refers to data that contain geographic or location-based in-
formation about the observations. Such data arise across a wide range of scientific disciplines,
including ecology (Plant, 2018), environmental science (Harris and Jarvis, 2014; Yuan et al.,
2020), public health (Waller and Gotway, 2004; Shaddick and Zidek, 2015), real estate (Pace
et al., 1998; Arbia et al., 2021), and civil engineering (Ziakopoulos and Yannis, 2020). A core
challenge in analyzing spatial data is accounting for the inherent correlation among observations
collected at nearby locations. Spatial statistics—the branch of statistics dedicated to developing
methods that model and utilize this dependence (Stein and Gelfand, 2022)—has long relied on
the Gaussian process (GP; Gelfand and Schliep 2016) as a flexible and principled framework
for spatial modeling. However, GPs scale poorly with data size due to O(n?) covariance matrix
operations (Bradley et al., 2016; Heaton et al., 2019; Huang et al., 2021), and their flexibility
can be limited by simplifying assumptions such as linearity (Banerjee et al., 2014).

Because of these limitations of the GP, recent attention has naturally turned to machine
and deep learning (ML/DL) methods for spatial prediction, which can model nonlinear effects
and handle large data sets efficiently. Standard machine and deep learning models generally
assume that individual training samples are independent, an assumption violated when data
exhibit spatial dependence leading to biased results and suboptimal predictions. Consequently,
considerable research has focused on adapting ML/DL methods to appropriately account for
spatial correlation. Approaches such as random forests (Nikparvar and Thill, 2021; Patelli et al.,
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2024), fully connected neural networks (Wikle and Zammit-Mangion, 2023), convolutional neural
networks (Zammit-Mangion et al., 2022), graph neural networks (Sainsbury-Dale et al., 2025;
Cisneros et al., 2024; Tonks et al., 2024), and deep Gaussian processes (Vu et al., 2022; Sauer
et al., 2023) have all been adapted for spatial settings. Most of these adaptations incorporate
spatial information through feature engineering—e.g., including coordinates, basis functions,
or neighborhood structures as inputs to the model (Patelli et al., 2024; Sekulié¢ et al., 2020;
Georganos et al., 2021; Gray et al., 2022; Lin et al., 2023; Chen et al., 2024; Bradley et al.,
2011; Zammit-Mangion et al., 2024). Yet, spatial feature engineering can oversmooth data and
increase dimensionality, which may obscure signal and leave residual spatial correlation (Stein,
2014; Bishop, 2006). Other adaptation efforts modify the loss function itself to incorporate
spatial covariance structures (Saha et al., 2023; Zhan and Datta, 2025), though such methods can
become computationally demanding unless approximations such as Vecchia methods (Katzfuss
and Guinness, 2021) or high-performance implementations (Abdulah et al., 2018) are used.

In this work, we propose a complementary strategy that is both computationally efficient
and broadly compatible with existing ML/DL frameworks. We introduce a spatial whitening
transformation—a preprocessing step motivated by properties of multivariate Gaussian distri-
butions and Vecchia approximations—that removes local spatial correlation by adjusting each
observation based on its nearest neighbors under a parametric correlation model. The decorre-
lated data can then be analyzed using any standard ML/DL model and loss function, and predic-
tions from the fitted model are back-transformed to recover the appropriate spatial dependence.
The method is computationally scalable, avoids feature inflation, and integrates seamlessly with
standard machine-learning workflows without modifying model architectures.

Section 2 details the methodology and mathematical foundation; Section 3 evaluates its
predictive performance through simulations; Section 4 applies it to a real-world PMs 5 dataset;
and Section 5 concludes with directions for future extensions to non-Gaussian and more complex
spatial structures.

2 Methodology

2.1 Background Under Gaussian Assumption

Let Y = (Y(&1),...,Y(,)) be a response variable measured at the locations 41, ..., £,, where
¢, € D C R, D is the spatial domain, and d is an integer (typically d = 2 in spatial statistics,
such that €; = (¢;1, £;2)" would correspond to longitude and latitude coordinates). Further, let
x(8) = (xo(®), ..., xp))" be a vector of features (covariates or inputs), where we assume that
xo(£) = 1 is an intercept term. As motivation for our methods, for this section we assume (this
assumption will be dropped in subsequent sections) that ¥ (£) follows a GP with linear mean
w®) =x'(€)B, where B = (Bo, ..., Bp) is a vector of coefficients such that

Y ~ N, (XB,0%R), (2.1)

where N, is the n-dimensional Gaussian distribution, X is the n x (P + 1) design matrix of
features (with a leading column of 1’s), 02 is a common variance (also referred to as the sill
in spatial statistics terminology), and R = {p;;} is the n x n spatial correlation matrix with
pij = p(dij | ¢) being a parametric correlation function of distance between observations i and
J (dij) with parameters ¢ (e.g., nugget, range, and smoothness parameters). For the derivations
that follow, we assume a well-behaved covariance structure such that the correlation matrix



Spatial Preprocessing for Machine and Deep Learning 3

R is positive definite and invertible, which is satisfied under standard choices of stationary
correlation functions and an increasing-domain asymptotic framework. These assumptions are
typical in Gaussian process settings (Katzfuss and Guinness, 2021).

The factorization of the n x n matrix R, where n is the number of observations, makes
model (2.1) computationally infeasible for even moderately sized data sets. To develop a more
computationally feasible approach for spatial data that can subsequently be extended to machine
and deep learning models, recall that any multivariate probability density function (PDF) can be
factored as a series of univariate conditional distributions. In our consideration, the multivariate
Gaussian distribution in (2.1) can be equivalently factored as a series of univariate Gaussian
conditional distributions, such that

No(Y | XB,0”R) = Mi(Y(€) | oy, o) [ [Mi(Y (0) | i, 07v)), (2:2)

i=2

where Ni(y | m, v) is the univariate Gaussian distribution for y with mean m and variance v.
While not explicitly shown in (2.2), the distributions in the product are conditional distributions

on previous data points {Y (£1),..., Y(€;_1)} through the mean and variance terms, which are
! , ifi =1,
. (sB ifi (2.3)
x'(s)B + R, LOR™'(Li, L)Y, — X, B), if i > 1,

1. ifi=1,
v, = . (24)
1 _R(lv £i)R_1(£iv £1)R(£lal)v lfl > 1’

where £; = {1,...,i — 1} is the set of indices of preceding points, Y4 is the set of Y (£;) cor-
responding to indices i € A, X4 are the rows of X corresponding to A, and R(A, B) is the
submatrix of R with rows indexed by A and columns by B.

Importantly, the factorization in (2.2) is still computationally demanding because the forms
for n; and v; in (2.3) and (2.4) require dealing with large matrices through R(L;, £;), since
the cardinality of L£; grows with i. For computational feasibility, we adopt a nearest-neighbor
approach based on the Vecchia process approximation framework (see Datta et al., 2016a,b;
Katzfuss and Guinness, 2021), replacing £; with a conditioning set C; defined as the set of, at
most, C nearest neighbors of £; in terms of Euclidean distance. In general, the conditioning sets C;
define neighborhoods under a graphical structure determined by the correlation function. Under
the stationary correlation structure adopted here, these graph-based neighbors coincide with the
nearest points in Euclidean distance, hence we use the term “nearest neighbors” throughout.
This restriction keeps R(C;, C;) at most C x C, making computations manageable while retaining
the essential local spatial dependence.

The Vecchia approximation is closely related to composite likelihood (CL) approaches in
that both approximate the full likelihood using products of lower-dimensional conditional den-
sities (Lindsay et al., 2011). The key distinction is that CL yields a pseudo-likelihood that does
not define a proper joint distribution, whereas the Vecchia factorization defines a valid joint
model under its assumed conditional independence structure. In this sense, Vecchia’s method
combines the computational scalability of composite likelihood with the generative validity of a
full probabilistic model.

In using the Vecchia approximation, we must consider (i) the choice of C and (ii) the ordering
of the observations. Early investigations by Datta et al. (2016a) found that C ~ 20 was typically
sufficient for isotropic spatial processes, while Katzfuss and Guinness (2021) showed that C ~ 10
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often suffices. In a small simulation comparing neighborhood sizes C € {5, 10, 20, 30, 40}, predic-
tive RMSE in the whitened space remained nearly constant (3.61-3.63) while computation time
increased modestly with C. Accordingly, we selected C = 30 as a conservative yet efficient choice.
Regarding ordering, Katzfuss and Guinness (2021) discuss the impact of observation ordering on
the Vecchia approximation and recommend certain orderings to obtain better approximations;
for this research, we follow their max—min suggested ordering (see also Guinness, 2018).

Under the factorization in (2.2), consider the transformation,

- Y&, ifi=1,
Y€)= _ip (2.5)
v, (Y#) — RG,CHR(C;, CYe,), ifi > 1,

where Y (¢;) denotes the spatially whitened response. Under this transformation, Y (£;) will also
be Gaussian with expectation

E[Y(&) | Yr,] = %8B, (2.6)
and common variance o2, where

X' (), =1,
v (/@) — RG,CORT'(Ci CXe,), ifi > 1.

1

¥') = { (2.7)

Specifically, under (2.5), ¥ (£) ¢ N(X/(£)B, 0?), or equivalently, Y ~ N(XB,o2I), where
Y =X®),...,Y(,)) and I is an identity matrix. Notably, under the Gaussian assumption,
transformation (2.5) serves as a spatial whitening transformation that removes local correlation.

2.2 Proposed Spatial Adjustment for Machine and Deep Learning

Given the desirable properties of the transformations of Y (¢;) and x'(¢;) in (2.5) and (2.7) under
the Gaussian case, we propose using these transformations as a general decorrelation step prior
to machine and deep learning model fitting. Importantly, in ML and DL applications we do not
assume that Y follows a Gaussian distribution; rather, we apply (2.5) to spatial data to mitigate
the effects of spatial correlation during model training. Although the whitening transformation
is motivated by Gaussian process theory, it does not require Y to be normally distributed. It
can therefore be used with general continuous, quantitative outcomes.

The transformation of Y (£;) to Y (£;) via (2.5) has several important implications for ML
and DL methods. First, because (2.5) removes the influence of neighboring observations Y, on
Y (£;), methods that rely on data resampling (e.g., random forests) or minibatching (e.g., neural
networks) can be applied directly without regard to spatial structure. When data are spatially
correlated, subsets of Y cannot typically be used because spatial dependence affects the entire
vector (see Saha et al., 2023). In contrast, subsets or bootstrap samples of the whitened data
Y can be drawn freely due to their approximate independence. The whitening transformation
therefore enables resampling strategies analogous to block bootstrap approaches: once spatial
dependence has been removed, standard resampling or minibatching procedures used in ML /DL
can be applied safely without violating independence assumptions among samples.

Second, the transformed matrix of feature variables (inputs) X forms a linear basis for ¥
if the data are Gaussian. Hence, when using this transformation to move beyond linearity in
ML and DL approaches, we propose using X(£) from (2.7) as the appropriate input features into
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Algorithm 1 Spatial adjustment for machine and deep learning.
Choose spatial tuning parameters ¢.
Choose machine-specific tuning parameters 6.
Order observations according to the max-min criterion of Katzfuss and Guinness (2021).
Determine nearest neighbor sets C; fori =1, ..., n.
Transform Y (£;) to ¥ (¢;) via (2.5).
Transform x(¢;) to X¥(£;) via (2.7).
Fit machine or deep learning model f(?c' (©) | 0) to transformed data {(? ), X&)}
for each prediction location u € D do
Determine nearest neighbor set of u (C,) among training locations {£y, ..., £,}
Transform x(u) to X (u) via (2.7)
Obtain a prediction Y*(u) = f(X(w) | ).
Inverse transform the prediction ?*(u) to original scale prediction Y*(u) according to
(2.8).
13: Output prediction Y*(u).
14: end for

— = =
[ v

the ML and DL function rather than the original x(£). Importantly, because the untransformed
x(£;) includes an intercept term (i.e., xo(£) = 1), after the transformation in (2.7), ¥(£) includes
a transformed intercept term. This transformed intercept term is important because the con-
ditioning set indexed by C; varies with observation with the first observation being a marginal
distribution as per Equation (2.2). Keeping the intercept term in the transformation of x(¢;) to
X (€;) accounts for this variability in the conditioning set and is needed for our approach in spite
of intercepts not being traditionally included as features in machine or deep learning models.

Third, scaling by v, 12 gives that all the Y (€;) have a common variance o2. Under a common
variance, common loss functions such as squared error loss are appropriate (rather than, e.g.,
weighted least squares). Hence, any machine or deep learning model can be fit in the standard
way according to any chosen loss function.

After training the machine learning model on the transformed data {? (£). X))}, pre-
dictions for a new response, Y (1), at an unobserved location u € D is obtained as follows. First,
let C, C {1, ..., n} denote the set of indices corresponding to the C nearest neighbors to u from
among the training set locations 41, ..., £,. Given C,, deﬁne X(u) as in (2.7) then 1nput X(u) into
the fitted machine learning model to get a predlctlon Y*(u) = f (X(u)) where f is the trained
model. We can then back transform the prediction Y *(u) to a prediction for Y (u) (i.e., recorrelate
the prediction with its spatial neighbors) via the inverse transformation

Y*(u) = v'*Y*(w) + R(u, C)R™ " (C.. C)Ye,, (2.8)

where we use the notation R(u,C,) to denote Corr(Y (u), Y¢,) under the correlation function
pC).

In brief, our proposed method is as follows. First, inputs and outputs are transformed
according to (2.5) and (2.7). Second, the machine or deep learning model of choice is fit to the
transformed data {(Y (¢;), X(¢;))}"_,. Third, the model predicts the transformed Y*(u) = f(X(u))
and the output is inverse-transformed via (2.8). This algorithm is detailed as Algorithm 1.
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2.3 Notes on Implementation

The above adjustment for spatial correlation in the data can be used for, in theory, for any
machine or deep learning model of choice. However, there are a few details that are important to
consider in the implementation which we discuss here. First, our proposed spatial adjustment is
inherently different from Saha et al. (2023) and Zhan and Datta (2025) in that their approaches
use a generalized squared error loss function Y — f (X) )R~ 1(Y f (X)) which is not the same
as the independent squared error loss function (Y f (X ) (Y f (X )) used here because the cor-
relation matrix R does not commute into the function f(-) except in linear cases. Consequently,
the function f(-) learned under the two loss functions will not be the same function. Generally,
this is not an issue as the interpretation of f(-) is not of direct interest in machine and deep
learning.

In practice, the transformation in (2.5) requires specifying the parameters of the spatial
correlation function p(-), in addition to any tuning parameters of the chosen machine or deep
learning model (e.g., number of trees in a random forest). In traditional statistical modeling,
spatial correlation parameters are often estimated from the data. However, this is problematic in
our context because the residual spatial correlation structure depends on the form of the mean
function. A nonlinear model may explain different aspects of the data than a linear one, leading
to differing patterns of residual spatial dependence. Since our approach performs decorrelation
before model fitting, we treat the spatial correlation parameters as tuning parameters, selected
to complement the model type being used.

Most commonly used correlation functions have parameters with well-defined and bounded
domains. For example, as shown by Berrett and Calder (2016), nugget effects can be constrained
to the interval [0, 1]. Likewise, rescaling the spatial coordinates to [0, 1] x [0, 1] allows spatial
range parameters to be bounded. This bounding makes it feasible to tune spatial parameters
via grid search (e.g., Finley et al., 2019) or with more adaptive approaches like Bayesian opti-
mization (Wu et al., 2019; Turner et al., 2021). This tuning process effectively tailors the spatial
transformation to the characteristics of the downstream predictive model.

In terms of computational complexity, the whitening transformation based on the Vecchia
approximation reduces the cost of spatial modeling from the O(n?) operations required for
a full Gaussian-process covariance factorization to O(nC?), where C = max; |C;| is the fixed
neighborhood size. Because C is typically small (e.g., C = 30 in our experiments), the procedure
scales linearly with n in both computation and memory. This makes the transformation practical
for very large spatial datasets. For reference, the whitening step for n = 50,000 points required
about 90 seconds on a standard workstation, after which ML /DL fitting times were comparable
to those for independent data (see Table 1).

3 Simulation Studies

3.1 Setup

In this section, we evaluate the performance of our spatial adjustment using three simulated
scenarios of increasing complexity. In the first scenario, the relationship between the features
X and the response is linear, with no spatial correlation. This allows us to assess whether the
decorrelation transform in (2.5) behaves appropriately when spatial correlation is absent—that
is, whether it can be tuned to effectively recognize and adapt to an independence scenario.
The second scenario introduces spatial correlation into the same linear model, allowing us to
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examine the benefits of accounting for spatial dependence in a simple predictive setting. The
third scenario is the most complex, combining a nonlinear relationship between features and
response with spatially correlated data. For each scenario, we generate 50 simulated datasets of
size n = 50,000, with spatial locations £; sampled uniformly over the unit square fori =1, ..., n.
Each dataset is split into 40,000 training observations and 10,000 test observations.

Detailing the first scenario, the response is simulated according to a standard linear regres-
sion model where Y ~ N, (XB, 0>I) where X is a n x 10 matrix of features where elements were
simulated independently from a standard Gaussian distribution. We drew the true f parameters
independently from A/(0, 5%) distribution and then randomly selected J of the 10 covariates to
have zero effect where J followed a binomial distribution with 10 trials (corresponding to each
of the 10 covariates) and success probability 0.5. Thus, the complete set of features contained
features that did not relate to the response. Finally, we set o> = 100, which roughly corresponds
to an expected coeflicient of determination of 0.5.

The second simulated scenario is similar to the first other than we let ¥ ~ A, (XB, 0*R)
where R is a spatial correlation matrix constructed using the correlation function

1 ifi =j,

- 3.1
(1 —w)exp (I1&; —¢ll/¢) ifi# ], 3

Pij

where w € [0, 1] is a nugget term and ¢ > 0 is a range parameter (see Banerjee et al., 2014,
Chapter 2 for details). Specifically, we use ¢ = 0.236 and a nugget w = 0.25, which corresponds
to a spatial range (i.e., the distance at which the correlation decays to 0.05) of 4/2/2 (half of the
maximum spatial distance on the spatial domain).

Finally, in the third scenario we simulate ¥ ~ N, (f(X), 6?R) where f(X) is a non-linear
function simulated from a zero-mean Gaussian process in x; and x;. That is f ~ N, (0, U%M)
where M is determined by a stationary Matern correlation function in x; and x, with smoothness
2.1, range 0.842 and no nugget (the value of ¢ was chosen so that the spatial range was half of
the maximum distance). By simulating f in this manner, the resulting relationship between the
response and features is non-linear.

We employ linear models (LM), Bayesian additive regression trees (BART), single-layer per-
ceptrons (SLP), boosting, random forests (RF), and K nearest neighbors (KNN) both with and
without the spatial adjustment proposed in (2.5). To tune the above algorithms, we use a grid
search across 5 values of each tuning parameter and finalized tuning parameters chosen to min-
imize the 5-fold cross-validation root mean square error (RMSE). For BART, we consider only
the number of trees as a tuning parameter with grid values of {50, 100, 150, 200, 250}. For SLP,
we tune the number of hidden neurons ({3, 5,7, 9, 11}), penalty parameters on the weights ({1 x
10719,3.16 x 1078, 1 x 1073, 3.16 x 1073, 1}), and the number of epochs ({10, 257, 505, 752, 1000})
while we fix the activations as ReLLU (except the output layer which is linear) with no dropout.
For boosting, we tune the tree depth ({1,4, 8,11, 15}), number of trees ({1,500, 1000, 1500,
2000}), and learning rate ({1 x 1071°,1.77 x 1078,3.16 x 107%,5.62 x 1074, 0.1}). For RF, we
tune the number of variables at each split ({1, 3,5, 7, 9}) and minimum number of observations
per leaf ({2, 11,21, 30, 40}) but we fix the number of trees at 500. Finally, for KNN, we tune
the number of neighbors ({1, 3, 5,7, 10}). Additionally, when implementing the spatial decor-
relation transform we tuned the nugget (w) and range (¢) parameters in (3.1) using grids of
{0, 0.2475, 0.4950, 0.7425, 0.99} and {0, 0.001, 0.004, 0.087, 2.040}, respectively.

We compare our spatial adjustment approach to using the spatial basis functions as inputs
as advocated by, among others, Georganos et al. (2021), Gray et al. (2022), Lin et al. (2023),
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Table 1: Comparison of predictive (out-of-sample) RMSE for independent, spatial basis-function,
and spatial decorrelation approaches across three simulation scenarios. Bold numbers indicate
the lowest RMSE within each scenario. As expected, the linear model (LM) achieved the best
performance in the linear scenarios, whereas the nonlinear BART model was best in the nonlinear
scenario. The proposed spatial adjustment improves RMSE for the spatial scenarios while leaving
performance unchanged in the case of spatial independence and consistently outperforming the
spatial basis-function approach.

Independent Linear Spatial Linear Spatial Non-Linear
Model Ind  Basis Decorr Ind Basis Decorr Ind Basis Decorr
LM 9.97 9.97 9.97 8.66 6.42 5.51 10.31 8.24 7.47
RF 10.24 10.60 10.24 8.98 7.54 6.01 9.06 6.27 5.79
SLP 10.01 10.56 10.05 8.67 7.10 5.68 9.23 6.74 6.11
Boost 10.27 10.72 10.27 8.96 7.71 6.05 9.04 6.67 5.79
BART 10.02 10.04 10.03 8.73 5.68 5.57 9.01 5.79 5.77
KNN 11.94 11.89 10.73 10.69 8.76 7.07 10.82 7.57 6.55

Chen et al. (2024), and Zammit-Mangion et al. (2024). For comparison, we use two resolutions of
bisquare basis functions. For the coarse resolution, we use 9 bases with knot locations chosen ac-
cording to a Latin Hypercube Design (LHD) and cutoff distance (scale) of 0.5 which corresponds
to 1.5 times the maximum-minimum distance between knot locations. For the finer resolution,
we use 25 bases with knot locations again chosen using an LHD and cutoff distance (scale) of
0.3 (1.5 times the maximum-minimum distance between fine resolution knot locations). These
bases added 34 input dimensions beyond the 10 input dimensions of X.

Ideally, we would have also compared the spatial random forests of Saha et al. (2023) as well
as the spatial neural network of Zhan and Datta (2025). However, implementing these methods
on a single simulated dataset took over 24 hours for the spatial random forest and 8.6 hours
for the spatial neural networks. Hence, tuning these methods was not computationally feasible
(e.g. the spatial neural network model across the 125 possible tuning parameter sets would have
taken approximately 1000 hours per dataset). Although both the spatial random forest and
spatial neural network could in principle be parallelized across multiple computing nodes, their
total computational demand would still be several orders of magnitude greater than that of the
proposed whitening transformation. Our method requires roughly 90 seconds for n = 50,000
observations and scales linearly with data size, making it practical on a single workstation.

3.2 Results

Table 1 displays the median RMSE across the 50 simulated datasets for each method in each of
the scenarios. All approaches exhibit similar performance for Scenario 1 (linear, independent).
This equivalence is expected because of the simplicity of the simulation scenario. However, these
results are important to consider because they indicate that the proposed spatial decorrelation
method does not hinder the prediction performance when there is no spatial correlation in
the data. The spatial transformation can be tuned to account for the apparent lack of spatial
correlation in the data.

Under Scenario 2 (linear, spatial), spatial versions of each of the algorithms (both basis and
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decorrelation) outperform the independent version. However, the spatial decorrelation approach
also had a lower RMSE than the basis function approach. On average, the spatial decorrelation
approach reduced the RMSE by 34.4% from the independent approach and 16.2% from the
basis function approach. These results suggest that both the basis function and decorrelation
approaches are useful for spatial data. We hypothesize that the further improvement of the decor-
relation approach over the basis function approach might relate to the increased dimensionality
from the basis functions.

In Scenario 3 (non-linear, spatial), spatial models demonstrate superior performance com-
pared to assuming independence with the decorrelation approach again realizing a larger re-
duction in RMSE. In this scenario, on average, the spatial decorrelation approach reduced the
RMSE by 34.7% from the independent approach and 8.7% from the basis function approach.
These results also confirm that the appropriate model form was identified across scenarios: the
linear model (LM) produced the lowest RMSE in the linear settings, while the nonlinear BART
model achieved the best performance in the nonlinear scenario. This pattern provides a useful
validation that the proposed spatial whitening step preserves the expected relative performance
of linear and nonlinear methods.

As a final note, we state the computation time associated with each model. Overall, the
spatial whitening for n = 50, 000 took 90 seconds on an Apple M1 chip with 64 GB of memory.
After the spatial whitening, LM took 4 seconds, RF 49 seconds, BART 88 seconds, boosting
11 seconds, KNN 38 seconds, and SLP 12 seconds. By comparison, the independent method
took the same time as the decorrelation approach (no change in input dimensionality) while
the spatial basis approach added a negligible amount of computation: LM took 4 seconds, RF
55 seconds, BART 89 seconds, boosting 12 seconds, KNN 43 seconds and SLP 15 seconds. In
all, the spatial decorrelation approach takes more time due to the computation associated with
the transformation. However, this is a one-time, fixed cost that can be greatly reduced via
parallelization.

4 Application

In this section, we demonstrate the performance of our spatial adjustments using an application
in pollution monitoring. Importantly, in contrast to the simulations above, this application is
not generated from a Gaussian process. Hence, using this application, we wish to see how the
spatial adjustment improves ML and DL methods in this setting. Specifically, we analyze data on
particulate matter less than 2.5 micrometers (PM,s) in diameter taken from the Environmental
Protection Agency’s (EPA) network of monitors. After cleaning, the data we consider consists
of 593 measurements of PM, 5 across the contiguous United States taken on June 5, 2019. We
follow Zhan and Datta (2025) and split the data into train and validation sets according to
a block-random split strategy which removes whole areas of data and is closer to a real-world
scenario (see Appendix S5.1 of Zhan and Datta 2025 for details). This split method resulted in
72 different train-validation splits with a split ratio of approximately 80%-20%. The raw data
along with one train-validation split is shown in Figure 1.

Figure 2 displays the median root mean square error (RMSE) across all the train-validation
splits using block-random splitting. Notably, for all models, the inclusion of the spatial ad-
justment decreases RMSE over the independent approach and, with the exception of BART,
decreases the RMSE of the basis function approach. Interestingly, there is little difference be-
tween the models if spatial correlation is accounted for suggesting that spatial correlation can
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Figure 1: Raw PM, s data along with an example train-validation split for assessing predictive
performance. The validation set is given by the triangle points.
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Figure 2: Median RMSE for all models using no spatial adjustment, spatial basis function and
the spatial adjustment for the PM, 5 example. Note that the spatial adjustment, in all models,

decreases the RMSE.

adapt to the type of model being fit to improve predictive ability.
To understand further the impact of accounting for spatial correlation, Figure 3 compares
the predictions from the BART model both using and not using the spatial adjustment (we show
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Figure 3: Comparison of predictions from the BART model (a) using and (b) not using the
spatial adjustment. The spatially adjusted BART model exhibits smoother predictions than
the non-spatial model, reflecting its ability to capture spatial dependence more effectively and
yielding a lower RMSE on held-out data.

results from BART here for illustration but all other models had similar results). Clearly, using
spatial adjustment leads to smoother spatial predictions. Even without the spatial adjustment,
BART can capture some of the spatial structure. However, independent BART had a higher
RMSE suggesting that BART may overfit the training data.

5 Conclusions

We present herein a spatial adjustment for using machine and deep learning methods on spatial
data. Intuitively, the method works by performing a spatial whitening transformation on the
data prior to model fitting, after which predictions are backtransformed to recover the appropri-
ate spatial dependence. The approach can be tuned to match the amount of spatial correlation
in the data and is computationally scalable, making it suitable for large spatial datasets. Using
both simulated and real data applications, we demonstrated that accounting for spatial correla-
tion improves predictive performance in common machine learning algorithms. While all exam-
ples here assume a stationary spatial correlation structure—the most common in practice—the
whitening transformation in (2.5) can in principle accommodate any correlation function p(-).
Extending the approach to more complex structures such as anisotropic or nonstationary corre-
lations remains an open area of research. These extensions would require estimation or tuning
of additional parameters beyond the spatial range and nugget considered here.

Notably, the decorrelating transform (2.5) is only valid for quantitative data (note that the
theoretical foundation was laid assuming a Gaussian assumption). Obviously, count, Bernoulli,
multinomial, or other data types can also exhibit spatial correlation. In future research, we plan
to address the issue of non-quantitative spatial data.

Given the breadth of ML and DL approaches, we are not able to do an exhaustive demon-
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stration of the spatial adjustment in all approaches. Particularly with DL methods, we only
demonstrated how the spatial adjustment works in conjunction with multi-layer perceptrons. As
open questions, we need to consider how such a spatial adjustment may work with graphical or
convolutional neural networks.

Finally, we note that we did not explore using our approach in conjunction with uncertainty
quantification (UQ) for machine and deep learning. This was primarily because UQ methods
for machine and deep learning are still under active development with no single agreed-upon
method. Under our methods, the approach of, say, Zhang et al. (2020) for random forests or
any of the UQ methods for deep learning surveyed in Gawlikowski et al. (2023) could be used
to obtain ﬁgvr(u), a lower bound, and Yﬁpr(u), an upper bound, on the decorrelated data which
can then be inverse-transformed via (2.8) to Y} (u) and Yo (). While this is a straightforward
approach, what remains to be investigated is if such an approach maintains appropriate coverage
under the spatial transformation presented here.

Supplementary Material

This material is based upon work supported by the National Aeronautics and Space Administra-
tion under Grant/Contract/Agreement No. 10053957-01 and by the National Science Foundation
under Grant No. 2053188.

R and Python implementations of the proposed spatial whitening transformation are avail-
able as a zip file or at https://github.com/amillane/spatialtransform. The contents are organized
as follows:

¢ README.mmd: A brief overview of the repository structure and usage instructions.
e R Function/

— Functions/TransformFunctions.R: R implementation of the whitening and inverse-

whitening transformations.

— demo.R: Example code demonstrating use of the R transformation functions.

— SimulatedDatal.RData: Example simulated dataset for demonstration.

— SimulatedData2.RData: Second example simulated dataset.

e Python Function/

— Functions/SpatialTransform.py: Python implementation of the whitening and inverse-

whitening transformations.

— Functions/matern.py: Matern covariance utility functions.

— Functions/mknnIndx.py: Nearest-neighbor index construction for Vecchia approxima-

tion.

— demo. ipynb: Jupyter notebook illustrating how to use the Python implementation.

— NonLinSimDataSet17.json: Example nonlinear simulated dataset used in demonstra-

tions.
Together, these materials provide complete code and example data needed to reproduce the
spatial whitening transformation and the analyses described in the manuscript.
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