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Summary: Spatial machine learning has matured considerably in recent years, providing powerful approaches for mapping
and prediction. However, many challenges remain in achieving methodological robustness, transparency, and comparability.
This paper examines six key methodological themes — validation, assessment, uncertainty quantification, algorithm design,
software implementation, and reporting — and highlights the need for greater rigor to ensure reliable spatial predictions. We
emphasize the importance of domain knowledge, appropriate sampling design, and prediction-domain adaptive cross-vali-
dation for realistic model evaluation. When training data fail to represent the prediction domain, areas beyond the model’s
area of applicability should be masked, and performance should be reported only within unmasked regions. Uncertainty
remains a prominent challenge, requiring methodological innovation to account for spatial dependencies and improved
strategies for quantifying and communicating it to diverse audiences. Furthermore, while numerous methods now incorpo-
rate spatial information into machine learning, the lack of theoretical grounding and systematic benchmarking continues to
constrain comparability and progress. Finally, we highlight the critical role of open, reproducible software tools and call for
standardized reporting protocols tailored to spatial prediction workflows. Addressing these methodological and practical
gaps will enhance reliability, transparency, and reproducibility in spatial machine learning applications.
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1 Introduction

Spatial mapping plays a central role in geography
and geosciences, where understanding the distribu-
tion of environmental variables is essential for appli-
cations ranging from climate modeling and soil map-
ping to biodiversity assessments. Traditionally, such
maps have been generated from local field observa-
tions or measurements using geostatistical interpola-
tion techniques that rely on spatial autocorrelation
(nearby locations exhibiting similar values) and ad-
ditional covariates, incorporating the associated
uncertainties into the estimation process (WEBSTER
& OLIVER 2007). In recent years, however, the in-
creasing availability of high-resolution environmen-
tal data and computational power has led to a shift
toward machine learning approaches. These meth-
ods are capable of modeling complex, non-linear re-
lationships between a large number of predictor vari-
ables and the target variable (GARETH et al. 2017). In
many cases, spatial autocorrelation, a cornerstone of
geostatistical methods (LEGENDRE 1993), is no long-
er explicitly considered, as machine learning models
often capture spatial patterns implicitly through the
relationships between response and predictor.
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A typical geospatial machine learning work-
flow begins with observable reference data — such
as measurements from climate stations, vegetation
surveys, ot soil samples — which are combined with
predictor variables available for the entire area of in-
terest. These predictors may include remote sensing
products, climate data, terrain attributes, or other
environmental layers. While deep learning algo-
rithms are increasingly being applied, most current
spatial mapping studies, like those discussed here,
rely on traditional machine learning algorithms,
which link predictors and responses at the pixel lev-
el. The chosen machine learning algorithm is often
a random forest or another tree-based method, se-
lected for its strong performance and ease of use. It
is then trained to capture the relationship between
the predictors and the target variable. Model pert-
formance is typically assessed using test data that
have been withheld from model training or cross-
validation (Pukkt et al. 2021). In cross-validation,
the data is divided into # folds, then trained on #-7
blocks and validated on the held-out block. This is
repeated until all #» blocks have been held out once.
The final trained model is then applied to produce
spatial predictions across the region of interest. In
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some cases, studies also map uncertainties (MALONE
et al. 2016, BasTIN et al. 2019) or apply methods
from explainable machine learning (MoLNAR 2021,
Ryo et al. 2021) to interpret the learned relation-
ships and gain a better understanding of the drivers
behind spatial predictions.

Despite considerable progress in recent years,
many modeling strategies used in geosciences still
closely resemble those from other domains, often
without specific adaptations to the spatial charac-
teristics of the data. This results in key challenges
across all stages of the workflow. Challenges start
with the reference data: samples are often clustered
in space, collected for specific purposes, or absent
over extensive regions. These patterns introduce
sampling bias and spatial dependence that compli-
cate both model development and realistic evalua-
tion (BruiN et al. 2022). Moreover, this spatial struc-
ture can lead to issues such as difficulties in reliably
measuring model performance, and limited transfer-
ability across different spatial or temporal domains.
Uncertainty quantification remains underdeveloped,
and standardized approaches for estimating and
communicating uncertainties have yet to emerge. In
addition, reproducibility is often hindered by incon-
sistent software implementations, the lack of struc-
tured workflows that support transparency, and in-
sufficient documentation of the created models.

This paper outlines and critically discusses the
challenges of applying machine learning for spa-
tial mapping. We structure our discussion around
six interconnected themes that span the modeling
workflow: (1) validation strategies for models and
spatial patterns, (2) model performance metrics,
(3) uncertainty quantification and communication,

(4) algorithm diversity and comparability, (5) soft-
ware implementations in R and Python, and (6)
standardization of model reporting (Fig. 1). These
themes represent critical decision points where cur-
rent practices often fall short of the methodological
rigor needed for reliable spatial predictions. While
reviewing recent progress, we explicitly highlight
unresolved issues to encourage future research to
address these pressing challenges.

2 Strategies for validation of models and spa-
tial patterns

Unlike traditional datasets, spatial data often
come with unique characteristics such as spatially
uneven distribution of the sampling data (Bouasria
et al. 2023), spatial autocorrelation (LEGENDRE 1993,
KOLDASBAYEVA et al. 2024), spatial heterogeneity, i.c.,
variation of a phenomenon across space (NIKPARVAR
& THiLL 2021), and skewed distribution of the vari-
ables (NaVEAU & ALLARD 2005). In an ideal scenar-
io, data for modeling would be collected through a
sampling design specifically tailored to the task, with
separate designs for training and validation. Under
such conditions, many of the issues related to spatial
dependence and heterogeneity would be minimized.
However, in practice, ideal sampling designs are
rarely feasible — either due to logistical constraints
or because available data are aggregated from vari-
ous sources, inheriting their biases and limitations.
Consequently, specialized validation and assess-
ment techniques are often necessary to evaluate that
models can be reliably applied to the target spatial
domain.
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Fig. 1: A graphical overview of the paper’s main themes, organized hierarchically from bottom to top to illustrate their rela-

tive order and relationships
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Model evaluation in spatial machine learning
should fundamentally be shaped by the representa-
tiveness and spatio-temporal structure of the train-
ing data relative to the intended prediction scenario.
While prediction accuracy is generally straightfor-
ward to assess when reference data are evenly dis-
tributed and representative of the target domain
(Wapoux et al. 2021, BRUIN et al. 2022), many spatial
modeling tasks rely on clustered or biased reference
samples. In ecological and environmental modeling,
spatial dependence between training and validation
data is especially problematic, where reference data
from multiple sources, collected using case-wise
sampling designs, are combined and used. Such
data — often concentrated in specific regions or en-
vironments — may not represent the spatial distances
between prediction points and reference samples
(Fig. 2) nor capture the full variability of the land
surface or the predictor space (ToBLER 1970, MEYER
& PeBEsMA 2021, ProToN et al. 2020, KATTENBORN
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et al. 2022). This lack of representativeness does not
necessarily bias the fitted model coefficients (PABON-
MORENO et al. 2022), but due to spatial autocorre-
lation, test samples located near training points are
often highly similar, leading to inflated performance
metrics (RoBERTS et al. 2017, DoOrRMANN et al. 2007,
LubpwiG et al. 2023) if not considered in the valida-
tion strategy. Consequently, model evaluations de-
rived from such clustered data may not generalize
beyond the reference spatial domain, complicating
model transferability and the interpretation of de-
rived predictions (YATES et al. 2018, MiLA et al. 2022,
SWEET et al. 2023).

Ideally, we would be able to designate the loca-
tions and a timepoint of our reference samples, op-
timal for the given modeling purpose. Especially for
mapping larger domains (national, continental, or
global), however, reference data is assembled from
multiple sources initially collected for other pur-
poses exhibiting spatial clustering and sub-optimal
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Fig. 2: (A) Sampling locations for random and clustered designs. (B) Density of nearest-neighbor distances: between samples
(green), between prediction points and samples (orange), and between random cross-validation (CV) folds (blue). Prediction
distances represent the typical spatial separation at which the model is evaluated. For random sampling, CV distances closely
match prediction distances, providing reliable accuracy estimates. For clustered sampling, CV distances are much shorter,
leading to overly optimistic and unreliable validation. Source: LOEK-RS/rs-figures, licensed under CC BY 4.0.
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coverage of the characteristics of the target area. To
mitigate those practical constraints, spatial cross-val-
idation strategies can support unbiased model train-
ing and realistic model assessment for prediction sce-
narios of extrapolations (ROBERTs et al. 2017, MEYER
et al. 2018, ProToN et al. 2020, KATTENBORN et al.
2022). Common approaches include spatial block-
ing, where observations are grouped by distance-
based clusters (see an example in Fig. 3), and leave-
one-location-out schemes, where entire spatial units
are withheld, ensuring that training and test sets are
separated by a minimum autocorrelation-informed
distance (PrLotoN et al. 2020, KATTENBORN et al.
2022, LubwiG et al. 2023). Conversely, the conven-
tional random cross-validation, where cross-valida-
tion folds are divided randomly, may be more suita-
ble in interpolation cases when samples are randomly
located in the prediction area (Wapoux et al. 2021).
In practice, however, the prediction problems live in
a full spectrum from random samples of the predic-
tion area to clustered ones used for extrapolation.
Thus, to tackle this issue, the recent work of MILA et
al. (2022), LINNENBRINK et al. (2024), and WANG et al.
(2025) propose the use of prediction-domain adap-
tive cross-validation methods, such as dissimilarity-
adaptive CV and kNN distance matching CV. In
the latter technique, a set of possible CV splits from
random cross-validation to spatial cross-validation is
derived, and the optimal cross-validation split is then
the one that best aligns with the given prediction
situation. Yet, it is still unclear whether the cross-
validation folds should be designed in geographical
or in the feature space, and under which conditions
one might be favorable over the other.

Even with careful design, validation strategies
may fail to provide reliable estimates of predictive
performance when the available data does not ad-
equately represent the actual prediction scenario —
for instance, when prediction locations lie far outside
the spatial range of the training data. In such cases,
regions not represented in the training set should be
considered for masking, as the quality of the predic-
tions are unknown in these areas due to the absence
of either training and test data Validation metrics
should then be reported only for the unmasked re-
gions. MEYER & PEBESMA (2021) proposed the area
of applicability as a method to define the subspace
of the predictor domain supported by the training
data, i.c., the locations where predictions are reli-
able given the training data. While this approach
can become computationally intensive as the study
arca and training dataset grow, it has recently been
applied successfully in global-scale studies (LUsk et
al. 2020, LupwiG et al. 2023, MAXWELL et al. 2024).
A less computationally demanding alternative is the
thresholded anomaly score calculated using Isolation
Forest (Liu et al. 2008), as demonstrated by TiaN
et al. (2025). Overall, explicitly recognizing and
communicating the limits of model applicability is
essential for ensuring that spatial predictions are
trustworthy.

3 Model performance metrics
While prediction-domain adaptive cross-val-

idation addresses how to properly structure model
evaluation to minimize spatial bias, the choice of
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Fig. 3: Comparison between non-spatial (random) and spatial cross-validation (spatial clustering) methods. Source: LOEK-
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assessment metrics is equally important. Even with
well-designed validation schemes, relying solely on a
single accuracy measure may still lead to misleading
conclusions — especially when spatial dependencies
and heterogeneity are ignored.

Many studies applying machine learning to spa-
tial data report traditional accuracy metrics such as
the coefficient of determination (R*), mean absolute
error (MAE), and root mean square error (RMSE)
for regression tasks and confusion matrix—based
measures, Log-loss, or the Brier score for clas-
sification tasks (ZHAO et al. 2024, WEI et al. 2019,
JacoB & MasILAMANI 2025, CHRYSANTHOPOULOS &
Karrioras 2025). These metrics are valuable for
evaluating a model’s mathematical performance, but
they have notable limitations (LLIEMOHN et al. 2021,
GOODLING et al. 2024). They can quantify how well
a model fits the data or be used for validation by
comparing the model’s predictions to unseen sam-
ples. However, they are doing so without necessarily
indicating whether the model prediction is mean-
ingful or robust in real-world applications. A model
might achieve a high R?, suggesting a strong fit, but
this can often be a result of overfitting, where the
model captures noise rather than underlying pat-
terns or laws of nature. Secondly, there is a need
for understanding the properties and suitability of
different metrics. Model evaluation metrics differ in
their characteristics, which affects how comparable
they are (e.g., MAE or RMSE are expressed in the
units of the data, wheteas R? is not). For classifica-
tion problems, probabilistic measures (e.g., Log-loss
or Brier score) should be used in cases where the
model output is probabilistic, instead of, for exam-
ple, confusion-matrix-based ones (e.g., True Positive
Rate or I score). Moreover, these metrics are the
results of aggregation and therefore lack the abil-
ity to account for the spatial aspect unless they are
calculated for different regions — they treat all errors
the same, ignoring geographical differences. This
oversight prevents them from spotting areas where
errors occur consistently, which can hide local issues
in model performance. For example, a model might
perform well in one geographic region but struggle
in other regions due to different underlying process-
es (WANG et al. 2024). Two models can also have
similar prediction performance but yield different
spatial patterns (STERLACCHINI et al. 2011). Relying
only on these global metrics can result in an incom-
plete understanding of how well the model works.
Thus, the choice of metric should be informed by
the study’s aims (Gokrz et al. 2015) and end-user
requirements, and reporting several complementary

metrics is recommended to fully characterize model
performance.

In evaluating the performance of spatial ma-
chine learning models, it is also essential to com-
plement traditional accuracy metrics with spatially-
aware ones to ensure both a robust fit to the data and
meaningful assessment across different spatial con-
texts. This improves the understanding of whether
metrics that are near their optimal values — whether
high or low — truly indicate model quality or simply
overlook underlying spatial patterns by not having
access to proper validation data. While some prom-
ising approaches have emerged to address spatial
considerations in model evaluation, significant gaps
remain in this area. Recent proposals include spa-
tially-aware metrics such as Boundary Uncertainty
Concentration in medical science, which attempts to
measure segmentation uncertainty along boundaries
where errors typically concentrate (ZEEVI et al. 2025).
Similarly, the SPACE (Spatially-Aware Calibration
Error) metric represents an initial effort to quantify
local alignment between predictions and actual pat-
terns, though its ability to fully address spatial auto-
correlation and regional biases in model interpret-
ability remains to be thoroughly validated (ZEEVI et
al. 2025). Despite these eatly developments, the field
still lacks comprehensive frameworks for system-
atically evaluating spatial performance variations,
suggesting that substantial research attention is still
needed to develop robust spatially-aware evaluation
methodologies.

A fundamental step in diagnosing spatial per-
formance should be the mapping of predictions and
residuals (the differences between observation and
model prediction) across the entire study area. This
enables to visualize model generalization capabili-
ties beyond training points, revealing spatial clusters
of high residuals which indicate systematic errors
in specific regions. Residual trends (e.g., directional
bias) often signal omitted variables, such as uncap-
tured environmental drivers (VERMA 2025, GASPARD
et al. 2019). Spatial autocorrelation in residuals, often
measured by Moran’s I, may suggest missing spatial-
ly-structured predictors, though its properties and
limitations in spatial machine learning are still being
explored (NowosaD & MEYER 2025). Visual inspec-
tion of the map can also reveal boundary artifacts.
Predictive mapping across the full spatial domain
not only serves to validate the model’s generalization
capabilities but can also uncover practical limitations
when applied at large scales, such as excessive com-
putational demands or incomplete spatial coverage
of predictor variables.
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4  Quantifying and communicating uncer-
tainty

Reliable spatiotemporal predictions hinge not
only on point estimates but also on a rigorous char-
acterization of uncertainty. In spatial machine learn-
ing, uncertainty arises from multiple sources like
data errors, model structure, and inherent process
variability and propagates through every stage of
prediction and analysis. Below, we outline key con-
siderations and methodological advances for quanti-
fying, propagating, and communicating uncertainty
in spatiotemporal contexts.

Uncertainty in spatiotemporal machine learning
can be broadly categorized into three types based on
its origin. First, data uncertainty such as measure-
ment errors in response variables (e.g., soil samples),
noise in predictors (e.g., remote-sensing products),
and support mismatches (extent of sample vs. pixel
size). Second, model uncertainty originates from
the variability due to algorithmic choice (e.g., ran-
dom forest vs. support vector machines) and mod-
el’s structure (e.g., different model setups or neural
network architectures). Third, process uncertainty
sources from unmodeled spatial processes, tempo-
ral dynamics or boundary-condition variability (e.g.,
episodic land-use change, extreme weather events not
captured by training data). Recognizing these sources
is the first step towards rigorous uncertainty assess-
ment (HEUVELINK et al. 1989), it remains, however,
often difficult to accurately quantify without vague
assumptions. Carefully accounting for input data un-
certainty can significantly yield relevant differences,
as shown by TAKOUTSING et al. (2022) in the context
of soil mapping. Besides assessing the average map
performance (section 3), it is also important to assess
whether the model’s predictive uncertainty is well-
calibrated. It can be done by comparing the stated
prediction interval (e.g., 90%) to how often the true
values fall within that interval in withheld data (pre-
diction interval coverage probability) or by recently
proposed methods that account for the former’s one-
sided bias (SCHMIDINGER & HEUVELINK 2023).

Quantifying uncertainties is straightforward us-
ing classical geostatistical methods, such as external
drift kriging. This approach constructs the predic-
tion surface from the spatial dependence character-
istics of the observed variable — such as temperature
— while incorporating an external predictor variable
(the drift), such as elevation (WEBSTER & OLIVER
2007). Machine learning methods are usually not
equipped with method-inherent uncertainty quan-
tification. Their focus instead lies on improving

the predictive performance without explicitly esti-
mating parameters of the spatial autocorrelation.
Thus, most machine learning methods, are inher-
ently non-spatial and spatial autocorrelations in the
residuals are, for the most part, ignored. There are
exceptions to this. For example, Gaussian process
models use the similarity of values at nearby loca-
tions to make predictions and provide an estimate
of uncertainty (RasmusseN & WiLLiams 2008) while
quantile regression forests — an extension of random
forests — return the full conditional distribution of
the predictions (MEINSHAUSEN 20006), but they either
run into scalability issues with high-dimensional in-
put spaces or fail to return trustworthy prediction
intervals in extrapolation situations. One possible
remedy, however, which also faces scalability issues
with an increasing number of samples, is to conduct
computationally demanding bootstrap (DavisoN &
HinkLEY 1997), 2 method that estimates uncertainty
by resampling the data to generate a distribution of a
statistic. In the spatial context, bootstrap approaches
to quantify map uncertainties further run into as-
sumption issues (e.g., independence of reference data
points, Gaussian error distribution) due to the spatial
dependence of the data. To account for uncertainties
in extrapolation situations, one approach is to cal-
culate dissimilarity between the predictors observed
during training and those encountered for the pre-
diction domain (MEYER & PEBESMA 2021), or to de-
scribe how many training data points similar to the
prediction point have been used to train the model
(ScHUMACHER et al. 2025). As a consequence, predic-
tions may be limited to geographic areas which are
comparable to the training data and where sufficient
data exists and uncertainty estimates are reliable
(MEYER & PrBESMA 2021).

Machine learning methods often yield univari-
ate uncertainty estimates — such as the standard de-
viation from quantile regression forests for a single
variable at a specific pixel. Error propagation into
an aggregated end-user map (e.g. a soil quality in-
dex formed from multiple basic soil property maps)
requires information on joint uncertainty distribu-
tion. The uncertainty from one base map is usually
correlated to other base maps which should be ac-
counted for to estimate the uncertainty of the final
aggregated map product. Correlation across space,
time and across different mapped outcomes are cur-
rently largely ignored for space-time mapping. In
addition, no off-the-shelf solution is available, similar
to block kriging (predictions over aggregated units
with associated uncertainty) from the geostatistical
framework (HEUVELINK & WEBSTER 2022). Methods
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need to be developed that explicitly extract or model
the dependencies in the data and then allow to cor-
rectly aggregate uncertainties over predefined spatial
units (e.g., for a parcel or province). In this context,
the initial approximation approach of Wabpoux &
HEeUVELINK (2023) represents a useful step and calls
for more comprehensive investigations.

Lastly, once accurately quantified, spatial uncer-
tainties need to be efficiently communicated to end-
users (MILNE et al. 2015) so that uncertain model
outcomes translate into safe decision making. Long
established for weather forecasts, graphical represen-
tations (e.g., dashboards) or interactive visualizations
(e.g., web mapping applications) for uncertain spatial
or space-time datasets are often not easily accessi-
ble to end-users. Moreover, it remains unclear how
stakeholders best cognitively process reported uncer-
tainties. This domain is currently not fully explored
and clear recommendations depending on decision
type (e.g., exceedance of critical threshold, local in-
formation-content-metrics to indicate further sam-
pling) are missing. A recent exception is COURTEILLE
(2025), who investigated uncertain soil quality map
representations for land use planning. By systemati-
cally identifying uncertainty sources, modeling spa-
tio—temporal correlation, rigorously propagating er-
rors through change-of-support, validating interval
coverage (how frequently the confidence or predic-
tion interval contains the true value), and crafting
clear visualizations, spatial machine-learning practi-
tioners can deliver predictions that are both accu-
rate and trustworthy, crucial for applications ranging
from soil mapping to climate-impact assessment.

5 Algorithm diversity and comparability

The diversity of standard machine learning al-
gorithms provides a broad range of modeling pos-
sibilities. Furthermore, spatial machine learning
has already developed numerous methods to ac-
count for spatial dependence among study sites (see
JEMELJANOVA et al. 2024, PATELLI et al. 2024, and ref-
erences therein), increasing the available modeling
alternatives for spatial application. The complexity
of these strategies varies from techniques that are
casy and straightforward, such as the inclusion of X
and Y coordinates as additional predictors (so-called
spatial proxies) (BrRODIE et al. 2020), to complex spa-
tial adjustments that are rooted in advances in statis-
tics and data science (e.g., Deep Kriging (CHEN et al.
2022) or Generalised Least Square based Random
Forest (RF-GLS) (SAHA et al. 2023)). Motivations

behind using these spatial adjustments include in-
corporating spatial autocorrelation information ex-
plicitly (e.g., by adding spatial proxies) and avoiding
or mitigating bias in model estimation and evalua-
tion arising from the presence of spatial autocorre-
lation (e.g., by adopting prediction domain-adaptive
cross-validation). Beyond these approaches, domain-
informed machine learning, where foundational
domain knowledge is explicitly incorporated into
models to guide and constrain them (MINASNY et al.
2024), represents a promising research direction. As
spatial machine learning methods become more var-
ied and widely used, the necessity of systematic com-
parisons to evaluate them comprehensively becomes
increasingly important.

In other fields that employ machine learning
modeling (e.g., the medical field), various machine
learning algorithms are typically compared based
on their test predictive accuracy, with the highest-
scoring algorithm chosen for the final prediction.
This approach has also been adopted in the context
of spatial mapping with machine learning (AN et al.
2023, Kim et al. 2023, ScHrATZ et al. 2019). However,
comparative studies, such as FERNANDEZ-DELGADO
et al. (2014), suggest that different machine learning
algorithms often result in minimal performance dif-
ferences. It is also important to keep in mind that
better accuracy metrics do not necessarily indicate
that a model is better, as the model may be over-
fitted (see section 2 on the relevance of the valida-
tion strategy), or other relevant aspects (especially
locally) may be hidden by the generalized metrics
(MEYER & PrBEsMA 2022). Besides that models are
sometimes compared using suboptimal assessment
strategies (see also STock et al. 2023), the validation
is often relying on a single accuracy metric, which
may be inappropriate in cases of the lack of inde-
pendence of the training samples and non-linear
relationship between response and predictors (such
as R? (JONARD et al. 2022)). Due to these oversights,
the evaluation may fail, resulting in important er-
ror structures (e.g., underrepresented areas, spatial
clusters) and overly optimistic results (KumAR et al.
2025, see also section 3).

To provide a fair and informative comparison,
not only should appropriate validation methods be
used, but also the model-uncovered relationships
should be evaluated against domain knowledge on
the respective environmental processes (like in the
study of BRUGERE et al. 2023) as it provides crucial
information on models’ robustness and applica-
bility. It is also necessary to evaluate the final pre-
diction map, as it may contain artifacts (AHN et al.
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2020, BEGUIN et al. 2017), not cover the actually ob-
served value range (BALTENSWEILER et al. 2021) or
contain incorrect patterns that may pass unobserved
by standard accuracy metrics. Lastly, ease of model
setup, restrictions on input data introduced by model
assumptions, the time required for model training
and prediction are important factors as well (KMocH
et al. 2025, SEKULIC et al. 2020, StojaNova et al.
2013), as improvement over other methods may be
so minimal that it does not justify the additional ef-
fort needed for method implementation. This factor
is particularly relevant when researchers have limited
processing power or are considering the overall sim-
plicity and resource efficiency of their models.

The current body of literature on spatial adapta-
tions for machine learning often lacks consistency
and completeness in both methodology and report-
ing. For instance, a new adaptation may be intro-
duced along with its prediction accuracy, yet without
clearly demonstrating how it compares to baseline
models without spatial adjustments. This omission
limits our understanding of the actual contribution
of the spatial adaptation method. At the same time,
many studies are one-off cases that focus on specific
target datasets and do not compare their adaptation
methods to others. Most comparison studies typi-
cally focus on predicting one (PLoTON et al. 2020) or
two environmental phenomena (BruiN et al. 2022,
MEYER et al. 2019), while research that compares
multiple phenomena (NussBauM et al. 2018, PATRICHE
et al. 2023) or datasets is limited.

Furthermore, insufficient attention is given to
spatial heterogeneity. Environmental phenomena
exhibit varying strengths of spatial autocorrelation
(e.g., temperature, precipitation) and distinct spatial
distribution patterns (e.g., isotropy vs anisotropy)
that influence the effectiveness of spatial modeling
techniques and the performance of machine learn-
ing algorithms. Notably, comparisons that do not
account for the objective of the application, such as
interpolation or extrapolation, may result in mislead-
ing conclusions. For example, BRUIN et al. 2022 and
Mira et al. 2024 highlight how some algorithms per-
form well for interpolation but poorly when adopted
for extrapolation.

Another challenge is the lack of well-developed
theoretical foundations. Many current approaches
to incorporating spatial information into machine
learning are developed in an ad hoc manner, present-
ing new methods with limited theoretical justifica-
tion, and do not yet match the formal rigor of geosta-
tistical frameworks such as the Best Linear Unbiased
Predictor (BLUP) (Cressit 1993). Comprehensive

mathematical analyses and systematic simulation ex-
periments remain relatively uncommon. Addressing
these gaps could strengthen the methodological ba-
sis of spatial machine learning and support its broad-
er and more reliable application. An example of such
rigorous development can be found in Meinshausen’s
introduction of the quantile regression forest, which
was accompanied by a formal theoretical framework
(MEINSHAUSEN 2000).

The importance of evaluating different aspects
of the spatial adaptation methods highlights a signif-
icant research gap: the need for a taxonomy that cat-
egorizes these methods, including factors like com-
putational time and complexity. There is a limited
number of papers that thoroughly present the avail-
able methods (JEMEILJANOVA et al. 2024, PATELLI et
al. 2024), and valuable discussions comparing these
methods are often dispersed across various studies.
Conducting systematic and comprehensive reviews
is essential, as it helps avoid common pitfalls, par-
ticularly for newcomers in the field.

To improve the robustness and reproducibility of
spatial machine learning research, the following ac-
tions are proposed. First, development of benchmark
datasets with different spatial properties (summa-
rized in Tab. 1). Such datasets should be designed to
represent a wide spectrum of spatial characteristics,
including a range of spatial phenomena, scale, auto-
correlation patterns, and the interpolation—extrapo-
lation context. They should also account for differ-
ent data types, sampling schemes, and data quality.
In addition, benchmark datasets should be openly
accessible, well-documented, and accompanied by
clear licensing to enable reproducible comparisons
across studies. This would allow for a comprehensive
evaluation and comparison of spatial machine learn-
ing methods considering the diverse characteristics
of spatial phenomena. Next, scripts and data should
be shared, especially when proposing new methods
that need to be validated. Lastly, clear and compre-
hensive reporting is necessary to ensure that the pro-
posed spatial machine learning models and methods
are transparent and reproducible.

6 Spatial machine learning workflows in R
and Python

R and Python offer a diverse set of frameworks
for machine learning, each differing in philosophy,
technical architecture, and spatial capabilities. For
spatial machine learning practitioners, it is essential
to understand how these frameworks handle data
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Tab. 1: Aspects to consider in the construction of benchmark datasets for spatial machine learning research

Aspect Characteristics

Phenomena Different domains and spatial dependence characteristics.
Scope Interpolation—Extrapolation continuum.

Scale Local, regional, global.

Autocorrelation pattern
Variable types Continuous, categorical.
Data quality Noise, missing values.
Sampling scheme
Accessibility

Licensing

Strong, weak, isotropic, anisotropic, stationarity, non-stationarity.

Uniform and clustered distribution. Low, medium, high sample density.
Add metadata; share through repository (e.g., data repository, software package).

Open access, clear usage license for reproducibility.

structures, integrate spatial cross-validation, and
support reproducible pipelines.

The caret package has long been a cornerstone
of machine learning in R, offering a unified inter-
face to numerous algorithms via its train() function
(Kunn 2008). Its simplicity and accessibility make it
popular for quick prototyping without deep knowl-
edge of underlying algorithms. It operates on native
data frames that allow flexible preparation of predic-
tors, however, spatial or temporal components must
be manually converted to tabular form, as caret lacks
explicit support for spatial objects. Packages such as
CAST (MEYER et al. 2025) and blockCTl” (VALAVI et
al. 2019) add spatial and prediction domain-adap-
tive cross-validation and area of applicability tools.
However, although it remains the most frequently
applied framework in R, it is no longer being de-
veloped, which limits its potential for future stud-
ies. The tidymodels ecosystem takes a modular, multi-
package approach that prioritizes transparency and
reproducibility (Kunn & Wicknam 2020). Work flows
are composed of integrated modules from separate
packages for preprocessing and modeling, with ex-
plicit step declarations that enhance clarity. Like
caret, it assumes tabular inputs and lacks direct sup-
port for spatial objects. Spatial functionality can be
extended with packages such as spatialsample, which
implements spatial resampling to address autocorre-
lation effects during evaluation, and waywiser, which
provides area of applicability assessments (MAHONEY
et al. 2023, MaHONEY 2023). While modularity fos-
ters reproducibility, it also increases complexity and
dependencies, and the absence of built-in memory
management or raster partitioning limits large-scale
spatial prediction, requiring external implementa-
tions of tiling, parallelization, and output reassem-

bly. The last main framework in R, 7/r3, implements
an object-oriented design that allows flexible speci-
fication of tasks, algorithms, and resampling strate-
gies (LANG et al. 2019). Like other frameworks, users
must prepare and harmonize inputs, including spa-
tial attributes and projections. However, unlike carer
and tidymodels, it offers native spatial extensions such
as mir3spatial and milr3spatiotempey for spatial and spa-
tiotemporal resampling (BECKER & ScHrATZ 2025,
ScHrATZ et al. 2024), and supports conversion of spa-
tial objects into m/r3-compatible structures. Built-in
distributed computing make it well-suited for inten-
sive workflows involving hyperparameter tuning, re-
peated resampling, or large predictor stacks, though
memory handling and tile-wise prediction for large
rasters remain manual tasks. While the object-orient-
ed design of m/r3 introduces a steeper learning curve
through concepts such as ‘tasks’, ‘learners’ and ‘re-
samplings’, it also provides enhanced flexibility and
facilitates reproducible workflows.

Several specialized R packages complement
general-purpose frameworks by addressing spatial
and spatiotemporal prediction tasks. The sits pack-
age is designed for satellite time series classification,
operating directly on spatiotemporal data cubes and
supporting workflows from data access to large-scale
prediction (SIMOES et al. 2021). Cubes can also be ex-
ported to standard spatial formats for integration
with other workflows, and built-in parallel process-
ing allows scaling from local training data to regional
predictions. However, its strict cube-based structure
limits use with irregular data and excludes regression
tasks. In contrast, several Random Forest—based
packages focus on spatial regression and interpola-
tion. RandomForestsGLS extends Random Forests
with spatial modeling via dependency-adjusted split-
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ting and residual kriging (Generalised Least Square
based Random Forest, SAHA et al. 2024), providing
spatial estimation and prediction functions, though
its syntax can be challenging for new users and re-
quires careful data formatting, spatia/RIF (BENITO
2021) generates spatial predictors from distance ma-
trices, Moran’s Eigenvector Maps, and PCA, with
tools for feature (predictor) selection, evaluation, and
tuning, but method choices and data preparation can
be complex. meteo implements Random Forest Spatial
Interpolation (RFSI) (SEKULIC et al. 2020), integrat-
ing well with spatial R objects and supporting cross-
validation and flexible prediction, but its functional-
ity is largely limited to these core features. Each tool
targets different spatial tasks, classification, regres-
sion, or interpolation, yet all handle spatial depend-
encies, with trade-offs in flexibility, preprocessing,
and supported modeling types.

In the Python ecosystem, scikit-learn is one of the
most widely used libraries for machine learning, par-
ticularly for classical algorithms such as classifica-
tion, regression, and clustering, as well as for essen-
tial tasks including preprocessing, model training,
validation, and evaluation (PEDREGOSsA et al. 2011). It
implements a broad range of algorithms, although its
simple feed-forward neural network estimators are
limited in flexibility and lack GPU acceleration. The
package is primarily designed for tabular data, most
commonly NumPy arrays or Pandas DataFrames. It
does not natively support spatial geometries or ras-
ter data, requiring users to transform such datasets
into compatible tabular formats. Similarly, spatial
cross-validation strategies are not implemented di-
rectly. Workarounds include encoding coordinates
as tabular predictors or using group-based folds cre-
ated externally. Dedicated packages such as spatial-
kfold (GHARIANI 2023), or spatial vector data libraries
such as geopandas and shapely, can assist in these tasks.
Complementary libraries such as PySAL provide
additional functionality for spatial autocorrelation
analyses (REY & ANsELIN 2007).

Despite the maturity of Python’s machine learn-
ing ecosystem, spatial machine learning tools remain
less developed than in R. For instance, there is no
widely used Python package that currently implements
methods to estimate a model’s area of applicability
(MEYER & PEBESMA 2022). As a result, task-appropri-
ate methods are often not used because ready-to-use
implementations are unavailable, and when they are
applied, they must be implemented manually, reduc-
ing reproducibility. This highlights the importance of
sharing processing workflows and developing dedi-
cated Python libraries for spatial machine learning.

While R offers more mature spatial machine
learning tools and Python provides a widely adopted
general-purpose framework, practitioners in both
languages face challenges in applying models to
spatial domains. In particular, the frameworks and
specialized packages in R and Python reflect a ten-
sion between general-purpose modeling tools and
the specific demands of spatial prediction. Applying
models trained on sparse samples to large spatial do-
mains creates computational and deployment chal-
lenges that current software only partially supports.
Most general-purpose frameworks lack built-in,
memory-efficient tools for spatial prediction at scale.
Users must manage tiling, parallelization, and ag-
gregation themselves, bearing the full computational
cost. Additionally, there is a lack of standardized
mechanisms for describing spatial properties and
harmonizing predictors, placing the burden of man-
aging projections, metadata, and alignment squarely
on the practitioner. This highlights the necessity of
consistent reporting and structured workflows that
allow for software implementations of common
applications.

7 Standardized modeling protocols

Given the various challenges and pitfalls of spa-
tial machine learning discussed earlier, it is essential
to communicate key modeling decisions and data
characteristics transparently. However, such cru-
cial information is often lacking in spatial machine
learning studies. Reporting this information using
standardized model protocols might be an important
step towards enhancing transparency and enabling
reproducibility in spatial machine learning studies.

Standardized model protocols are available for
machine learning models in general (e.g., MITCHELL
et al. 2019, KAPoOR et al. 2024), and are widespread
in scientific fields that underlie regulation, such as
medicine (e.g., CoLLINs et al. 2015, Luo et al. 2016,
MoONGAN et al. 2020). There, they prove to be useful
for reviewers of the model, end-users, and develop-
ers but also for teaching and learning purposes. For
spatial machine learning modeling, such standard-
ized model protocols are rare. To our knowledge,
only one such protocol exists: the ODMAP protocol
for describing species distribution models (ZURELL
et al. 2020) (based on the ODD protocol developed
for individual-based models in ecology (GRrimM et al.
20006)). A standardized model protocol suited for the
general case of spatial machine learning models is
lacking. As demonstrated by the success of protocols
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like ODD and ODMARP, a protocol tailored towards
spatial machine learning models could greatly ben-
efit the spatio-temporal modeling community.

A protocol tailored towards spatial machine
learning may enable documenting key information
and encompass the challenges discussed eatlier in
this paper. To enable transparent comparisons of
different spatial machine learning algorithms (see
section 5), such a protocol should include informa-
tion regarding the modeling type (classification, re-
gression or segmentation), the aim of the model (in-
ference or prediction), information on the response
variable and its spatial structure, as well as informa-
tion about the training data and study area (Tab. 2).
Additionally, information about patterns and arti-
facts in the prediction map, an explicit quantifica-
tion of the improvement over a (non-spatial) baseline
model, as well as the computational time required to
run the algorithm, could be included in the protocol
to enable comparison of different spatial machine
learning algorithms. Besides transparent compari-
sons of algorithms, a spatial modeling protocol can
also highlight general issues, such as inappropriate
cross-validation strategies (see section 2), inadequate
selection of model performance metrics (see section
3), or the lack of a thorough uncertainty assessment
(see section 4). Lastly, it can enable reproducibility
by containing a specific implementation of software
(see section 6). When completed during the model
development phase, the protocol could allow these
potential issues to be identified and addressed eatly,
well before peer review.

Motivated by the lack of a protocol and its po-
tential benefits, we are currently collaborating on

developing a spatio-temporal modeling protocol.
The implementation in the form of a Shiny Web
App is publicly available, and the current status of
the application can be monitored at https://github.
com/LOEK-RS/STeMP. The protocol will include
features such as warnings triggered when common
pitfalls discussed in this paper are encountered. It
will also support uploading model objects and spa-
tial data to automate parts of the protocol. To enable
continuous and transparent community engagement,
we plan to manage the protocol via GitHub Issues
and Pull Requests, where new features or criteria can
be proposed and discussed by the spatial modeling
community.

8 Core takeaways

Spatial machine learning has become a central
tool for mapping and predicting environmental and
geographic phenomena. Yet, as this perspective has
shown, methodological maturity has not always kept
pace with its growing application. Across validation
strategies, performance assessment, uncertainty
quantification, algorithm design, software imple-
mentation, and reporting practices, spatial struc-
ture is not yet fully integrated into many modeling
workflows. As a result, models that appear accurate
may nonetheless lack robustness, transferability, or
transparency.

A recurring theme throughout this paper is that
spatial machine learning cannot simply adopt con-
ventions from non-spatial machine learning. Spatial
dependence, heterogenecous sampling designs, and

Tab. 2: Aspects to report when proposing and comparing spatial machine learning methods

Aspect Description

Spatial characteristics of the
phenomenon

Aim of the application
Algorithm characteristics
Baseline/benchmark
Validation strategy

Treatment of spatial dimension

Resulting map/spatial pattern

Data support (e.g, spatial extent, resolution), stationarity, anisotropy.

Intended use: interpolation, extrapolation, temporal transfer, domain transfer.
Theoretical background of the model, structure, hyperparameters and tuning strategy.
Description of simpler and/or standardized methods to determine the improvement.
Validation strategy design, adopted accuracy metrics.

How the spatial dimension was included/considered.

Qualitative and quantitative analysis of the obtained maps. Evaluate the presence of

smoothing, artifacts and uncertainty and compare with existing maps.

Computational framework

Reproducibility

Runtime, memory, scalability, parallelization.

Make the code (e.g,, through packages) and data (considering data licenses) available.
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the need for spatially meaningful uncertainty fun-
damentally alter how models should be evaluated
and interpreted. Importantly, effective spatial ma-
chine learning requires more than technical pro-
ficiency. It demands contextual awareness of the
spatial processes under study, careful consideration
of sampling design, and explicit alignment between
modeling choices and practical objectives. Domain
knowledge is not optional, it is essential for inter-
preting predictions, identifying artifacts, and assess-
ing plausibility.

The six interconnected themes presented here
provide a conceptual framework for strengthening
spatial machine learning practice. Rather than treat-
ing validation, uncertainty, algorithms, software,
and reporting as isolated concerns, we argue they
are better understood jointly. In addition, weak-
nesses in any one component can compromise the
reliability of the entire workflow.

Machine learning holds considerable promise for
advancing geographic and environmental research.
Realizing this potential, however, requires a transi-
tion from performance-driven mapping toward spa-
tially explicit, uncertainty-aware, and reproducible
modeling. By embedding methodological rigor and
transparency at every stage of the workflow, spatial
machine learning can evolve beyond prediction tool
into a robust scientific framework for understanding
and managing complex spatial systems.

9 Future research directions

Meaningful advances in spatial machine learn-
ing demand more than algorithmic tweaks, with
progress now depending on strengthening model
evaluation standards, wuncertainty frameworks,
comparability infrastructure, software ecosystems,
and reporting protocols. Future work may benefit
from evaluating models with validation strategies
appropriate for the intended prediction scenario,
metrics that reveal local model behavior, and ex-
plicitly modeling and communicating uncertainty.
These considerations underscore the need not only
for methodological rigor but also for software that
operationalizes these practices — scalable, reproduc-
ible workflows are essential components of both
current and future frameworks. Furthermore, algo-
rithmic innovation, presented alongside theoretical
scrutiny and systematic comparisons, is essential to
consolidate and expand current knowledge. Equally
important is the transparent documentation of all
methodological choices and the resulting model

performance, which calls for the establishment of
common reporting standards tailored to spatial pre-
dictive machine learning.

Building on this foundation, a first priority is
the establishment of a spatially explicit evaluation
framework tailored to predictive modeling with ma-
chine learning. This includes clearer guidance on
when and how to apply spatial validation strategies.
Beyond validation design, space-aware error met-
rics should be further researched and developed.
Structured residual analysis and evaluation of map
patterns for artifacts and domain compliance are
needed to complement global performance meas-
ures. Second, uncertainty quantification requires
scalable methods that move beyond pixel-level es-
timates toward aggregation over predefined spatial
units and joint uncertainty across variables. It is also
important to research how spatial uncertainty can
be represented in ways that are understandable and
decision-relevant for different stakeholders. Third,
achieving comparability and cumulative progress
depends on openly shared data and rigorously de-
fined methods. Public benchmark datasets covering
diverse spatial properties, together with a clearer
taxonomy of spatial machine learning methods,
would enable systematic and reproducible compari-
sons across algorithms and application domains.
Such resources would reduce reliance on isolated
case studies and support theory-informed method
development. For fair and reproducible compari-
sons, assessments should employ guidelines that
include baseline models, multiple datasets, and con-
sistent performance metrics. Finally, software and
reporting standards must evolve alongside meth-
odological advances. The development of dedicated
spatial machine learning tools is essential to reduce
ad hoc implementations and enhance reproducibil-
ity. Complementing these tools, a standardized re-
porting protocol for spatial machine learning mod-
els would increase transparency and facilitate cross-
study comparison. Such a protocol should be devel-
oped collaboratively by the community and provide
clear guidance on validation strategies, treatment of
uncertainty, software environments, and computa-
tional requirements.
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