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Validation of spatial prediction models is still dominated by global metrics such as root Accepted 12 June 2026

mean square error (RMSE), which summarize average model performance but can
underrepresent the spatial concentration and heterogeneity of prediction errors. To KEYWORDS
complement existing residual-diagnostic approaches, we propose the Generalised Spatial validation;
Spatial Error (GSE), a validation metric that combines local RMSE with local error generalised spatial error;
variance and assigns greater weight to neighborhoods with unstable performance. local error variance; spatial
We evaluated GSE using nine predictive models for vascular plant species richness in :/Ieterog?ellt.y; Basi

the Murray-Darling Basin (MDB), Australia. Across models, GSE was consistently urray-Larling basin
20.29-24.40% higher than RMSE, reflecting the total increase from variance-weighted

aggregation of local error magnitude and instability. Maps of local error variance further

showed that predictive instability was concentrated mainly in the species-rich eastern

part of the basin. Sensitivity analyses based on geographical area, elevation and

species-richness stratification yielded consistent differences between GSE and RMSE,

supporting the robustness of GSE across contrasting environmental settings. These

results suggest that GSE provides a useful complementary metric for diagnosing spatial

reliability beyond average prediction accuracy and for identifying locations where

model predictions are less dependable for environmental assessment and decision-

making.

1 Introduction

Spatial prediction models (SPMs) are widely used across disciplines such as environmental science, ecology
and urban analysis to support scientific inference, spatial decision-making and resource allocation (Luo
et al. 2022). Their practical value, however, depends not only on predictive performance itself but also on
how that performance is evaluated (Goodchild 2004). In current practice, model validation is still dominated
by global, non-spatial metrics such as root mean square error (RMSE) and the coefficient of determination
(R?), which summarise model performance using a single, easily interpretable value (Chai and Draxler 2014).
Although such metrics are useful for comparing average predictive accuracy, they do not explicitly account
for the spatial dependence and heterogeneity that characterise most geographic systems (Anselin 1995;
Comber et al. 2021; Brunsdon et al., 1996; Fotheringham et al., 2009). As a result, models with similar global
accuracy may differ substantially in their spatial reliability.

This issue is particularly important because spatial prediction errors are rarely distributed randomly.
Following Tobler's First Law of Geography, nearby locations often share similar environmental and
geographic conditions, and model errors may therefore exhibit spatial clustering or localised instability
(Tobler 1970). A model with a relatively low global RMSE may still perform poorly in specific subregions that
are especially important for management, conservation or risk assessment (Dungan et al. 2002). At the same
time, the spatial structure of residuals has long been recognised in geographic analysis, and a range of post
hoc diagnostic approaches have been used to examine local residual patterns and spatial autocorrelation
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(Anselin 1995; Zhang et al. 2023). Structured residuals may reflect localised nonlinearity, omitted predictors,
non-stationarity, or other forms of model misspecification. However, these diagnostic approaches are
typically used to identify where model failures occur, rather than to incorporate such spatial instability
directly into a single validation metric for model comparison.

Here we address this need by proposing the Generalised Spatial Error (GSE), a spatially explicit validation
metric that integrates both local error magnitude and local error instability. Specifically, GSE combines local
RMSE with local error variance derived from spatial neighbourhoods and assigns greater influence to areas
where prediction errors are more unstable (Goovaerts 1997). In this sense, GSE is not intended to replace
residual diagnostics; rather, it complements them by translating spatially structured uncertainty into a
summary measure that remains comparable across models. This provides a bridge between conventional
global accuracy assessment and the geographically uneven error structures that often determine the
practical usefulness of spatial predictions.

We apply GSE to the prediction of vascular plant species richness in Australia's Murray-Darling Basin, a
region of substantial environmental heterogeneity and strong biodiversity relevance. Using this case study,
we aim to: formalise the GSE framework for spatial model validation; compare GSE with conventional global
metrics across multiple predictive models; and examine whether GSE more effectively reveals spatially
concentrated uncertainty under different data stratification schemes. By complementing average-accuracy
metrics with an explicitly spatial perspective, this study seeks to improve the evaluation of model reliability
for biodiversity assessment and other spatial decision-making applications.

2 Generalised spatial error for validation (GSE)
2.1 Concept of GSE

Validation of spatial prediction models is still commonly based on global, non-spatial metrics such as RMSE, which
summarise prediction error across the entire study area using a single value (Chai and Draxler 2014). Although
such metrics are useful for comparing average predictive accuracy, they do not explicitly represent how model
errors vary across space. In geographic applications, however, residuals often exhibit spatial heterogeneity and
spatial autocorrelation, so models with similar global error levels may differ substantially in their local reliability
(Cressie 2015). Moreover, the interpretation of model performance may be influenced by the spatial support and
neighbourhood delineation used in analysis, a concern related to the Modifiable Areal Unit Problem (Openshaw
1984). It should also be noted that spatial residual patterns have not been ignored in previous research; local
residual diagnostics and spatial autocorrelation analyses have long been used to identify clustered model errors
and local model failures (Zhang et al. 2023). However, these approaches are mainly diagnostic and are not usually
incorporated into a single validation metric for direct comparison across models. To address this issue, we propose
the Generalised Spatial Error (GSE), which extends model validation from a purely global summary to a
neighbourhood-based assessment of spatial reliability. Conceptually, GSE first partitions the study area into a
series of localised neighbourhoods according to the spatial arrangement of data points (Figure 1), then quantifies
two complementary dimensions of error within each neighbourhood, namely local error magnitude (local RMSE)
and local error instability (local error variance), and finally aggregates these local measures through a variance-
based weighting scheme that gives greater influence to areas with less stable predictive performance
(Fotheringham et al. 2009). In this way, GSE complements existing residual diagnostics by translating geograph-
ically uneven error structure into a summary metric that remains comparable across models.

2.2 Calculation process of GSE

The Generalised Spatial Error (GSE) is calculated through a sequential neighbourhood-based procedure that
re-aggregates local error information into a single comparable validation metric. The input is the residual
vector generated by any predictive model, denoted as e; (Equation (1)), where y: is the observed value and Vi
is the corresponding prediction. For a given neighbourhood size K, the study area is partitioned using the k-
Nearest Neighbours (k-NN) algorithm into a set of adaptive local neighbourhoods Sx. The use of k-NN
ensures that each local unit contains a comparable number of observations despite spatially uneven sample
density, thereby providing a stable basis for local error estimation. Within each neighbourhood S, two local
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Figure 1. Computational flowchart of the Generalised Spatial Error (GSE) and the process for optimal scale determination.

statistics are computed simultaneously: the local Root Mean Square Error, RMSE, (Equation (2)), which
captures the magnitude of prediction error, and the local error variance, okz (Equation (3)), which captures
the instability of model performance, where ey is the mean residual within neighbourhood S. These local
statistics are then re-aggregated through a variance-based weighting scheme, in which each neighbour-
hood receives a weight wy proportional to its local error variance (Equation (4)), so that neighbourhoods
with more unstable errors contribute more strongly to the final metric. The final GSE value is obtained as
the weighted root mean square of all local RMSE values (Equation (5)). In this way, GSE does not replace
local residual diagnostics, but transforms geographically uneven error structure into a single spatially
informed validation value that remains directly comparable across models.

&=y%-Y (1)
RMSE, = lziesk e?, for all i in S )
Ny
2 1 2 ..
of = — Ziesk (e —e,)?, foralliin S (3)
s
of ,

Wi = x 2 for a”] =1..K (4)

j=19;
GSE = \|Yi_, wi-RMSEZ, forallk = 1. .K (5)

3 Case study: GSE metric for the validation of species richness prediction in the Murray-
Darling Basin

The Murray-Darling Basin (MDB) is located in southeastern Australia (Figure 2a) and covers approximately
1.06 x 10° km?, making it the country’s largest river basin and a major agricultural region (Crosbie et al.
2023). The basin spans strong environmental gradients, from the temperate, high-altitude landscapes of the
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Figure 2. Study area and vascular plant species richness data used for model development and validation in the
Murray-Darling Basin (MDB), Australia. (a) Geographic location of the MDB within Australia. (b) Density distribution of observed
species richness across all sample plots, with the dashed vertical line indicating the mean value. (c) Spatial distribution of sample
plots across the MDB, with point colour representing observed species richness (0.45-120.39 species per plot).

Great Dividing Range in the east to the semi-arid, low-lying plains in the west, resulting in substantial
climatic, topographic and ecological heterogeneity (CSIRO 2012). This heterogeneity supports a wide range
of ecosystems, including alpine grasslands, temperate woodlands and extensive riparian forests, and makes
the MDB an important region for biodiversity conservation in Australia (Pittock and Finlayson 2011). Owing
to its broad environmental gradients and spatially variable species richness patterns, the MDB provides a
suitable case study for examining how model performance and prediction uncertainty vary across space.

3.1 Plant diversity data

The response variable in this study is vascular plant a-diversity, defined as the number of unique vascular
plant species recorded in each sample plot. The data were obtained from the Harmonised Australian
Vegetation Plot dataset (HAVPlot) developed by Mokany et al. (2022). From this database, we extracted
27,689 plot records located within the Murray-Darling Basin (MDB). Following the species-area standardi-
sation adopted by Mokany et al. (2022), each record represents standardised species richness for a 400 m?2
sample plot (Rosenzweig 1995). Across the MDB, observed species richness has a mean of 25.44, a standard
deviation of 13.40, and ranges from 0.45 to 120.39 species per plot. As shown in Figure 2b,c, the dataset
exhibits both a broad richness distribution and marked spatial heterogeneity, with relatively high-richness
plots concentrated mainly in the more humid eastern and southeastern parts of the basin. These data
provide the observational basis for model training, validation, and subsequent GSE-based analysis.
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3.2 Explanatory data

To predict vascular plant species richness, we assembled 12 explanatory variables representing climatic,
topographic, edaphic, and landscape conditions in the Murray-Darling Basin (Figure 3; Table 1) (Guisan and
Zimmermann 2000). Climatic variables included long-term mean short-wave radiation and wind speed
derived from the FLDAS dataset at 5000 m resolution. Topographic variables included elevation, slope, sin
(Aspect), and cos(Aspect), calculated from the SRTM dataset. Edaphic variables were extracted from the
CSIRO TERN topsoil (0-5 cm) product at 90 m resolution and included soil depth, total nitrogen, pH, and
cation exchange capacity. Landscape variables were derived from the 2015 Digital Earth Australia land-
cover dataset and included distance to water bodies and distance to artificial land, representing hydrologi-
cal proximity and human disturbance, respectively (Lymburner et al. 2015). Together, these variables
characterise multiple environmental dimensions that are likely to influence species richness patterns across
the basin. Detailed descriptions and data sources are provided in Table 1.

3.3 Experiment design

3.3.1 Data pre-processing

Prior to model construction, we conducted a Pearson correlation analysis (r) and a Variance Inflation Factor
(VIF) test on all explanatory variables to ensure model stability and the interpretability of the results (Kutner
2005; Legendre and Legendre 2012). The heatmap of the Pearson correlation coefficient matrix (Figure 4)
shows that all inter-variable correlation coefficients (r) are less than 0.8, and all VIF values are less than 5.
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Figure 3. Spatial distribution of the explanatory variables used for constructing the vascular plant diversity prediction
model in the Murray-Darling Basin (MDB) region.
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Table 1. Summary of explanatory variables used for constructing the vascular plant diversity prediction model in the
MDB region.

Category Variable name Description Spatial resolution  Source
Climatic Short-wave radiation  Long-term mean daily solar radiation (1982-2015), the primary energy 5000m FLDAS
source for the ecosystem.
Wind speed Long-term mean annual wind speed (1982-2015), influencing plant water 5000m FLDAS
stress and dispersal.
Topographic Elevation Altitude above sea level, serving as a proxy for broad-scale climatic 5000m SRTM
conditions.
Slope The gradient of the land surface, controlling surface water flow and soil 5000m SRTM
erosion potential.
sin(Aspect) A linear transformation of aspect quantifying the east-west exposure 5000m SRTM
(eastness).
cos(Aspect) A linear transformation of aspect quantifying the north-south exposure 5000m SRTM
(northness), related to solar insolation.
Edaphic Soil depth Depth to bedrock or impermeable layer. 90m CSIRO
Soil total N Overall nitrogen concentration in the topsoil (0-5 cm). 90m CSIRO
Soil pH The pH level of the topsoil (0-5 cm). 90m CSIRO
Soil CEC The capacity of the topsoil (0-5 cm) to adsorb and exchange nutrient 90m CSIRO
cations.
Landscape Distance to Distance to the nearest artificial surface. 250m DEA
artificial land
Distance to water Distance to the nearest water source. 250m DEA
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Figure 4. Multicollinearity diagnosis of the explanatory variables used for species richness prediction in the
Murray-Darling Basin (MDB). (a) Variance Inflation Factor (VIF) values for all explanatory variables, with the dashed
horizontal line indicating the threshold of VIF=5. (b) Pearson correlation matrix of the explanatory variables, where
colours and numeric labels indicate the strength and direction of pairwise correlations.

This indicates that no severe multicollinearity issues are present in the dataset (Daoud 2017; Dormann et al.
2013). Therefore, all 12 explanatory variables were retained for the subsequent construction of the
predictive models. All raster layers were projected to a common coordinate system, and covariate values
were extracted at plot locations. For variables with different native resolutions, values were used at their
native support during point extraction rather than resampled to a common fine grid.

3.3.2 Model fitting

To predict vascular plant species richness, we evaluated nine statistical and machine-learning models
representing different algorithmic families (Table 2). All models were implemented in R using the caret
framework to ensure a consistent training and evaluation workflow across methods (Kuhn 2008). The full
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Table 2. Summary of the nine predictive models used for vascular plant species richness modelling in the
Murray-Darling Basin (MDB).

Type Full Name Acronym R Package
Linear models Linear Model Im stats
Tree-based models Random Forest rf RandomForest
Extreme Gradient Boosting xgbTree xgboost
Stochastic Gradient Boosting Machine gbm gbm
Cubist cubist Cubist
Neighbourhood-based models k-Nearest Neighbours knn kknn
Non-linear and adaptive regression models Generalised Additive Model with Splines gam mgcv
Support vector machine-based models Support Vector Machine (Radial Kernel) svmRadial kernlab
Spatially explicit regression models Geographically Weighted Regression gwr GWmodel
145°57'E 145°57'E 145°57'E
k=4

26°0'S
26°0'S

Q'
(8

O k-NN neighborhood boundary /
O Study area /

145°57°E 145°57'E

26°0°S
26°0°S
26°0'S

Figure 5. Schematic illustration of k-nearest neighbour (k-NN) spatial neighbourhoods under different neighbourhood
sizes in the MDB. From left to right, panels show the local neighbourhood boundaries generated with K=4, K=10, and
K =20, respectively, overlaid on the spatial distribution of observed species richness.

dataset was randomly divided into a training set (70%) and an independent test set (30%; n =8,036), with
the test set reserved for final model assessment. Within the training set, 5-fold cross-validation was used for
model fitting and hyperparameter tuning (Hastie 2009). Model performance was evaluated on the inde-
pendent test set using the coefficient of determination (R?), Root Mean Square Error (RMSE), and Mean
Absolute Error (MAE) (Chai and Draxler 2014). This design enabled direct comparison of predictive
performance across the nine models.

3.3.3 GSE-based model validation

To evaluate the spatial structure of prediction errors on the common holdout set, we determined an
optimal neighbourhood size (K) for the calculation of GSE, so that local error magnitude and instability
could be summarised at a comparable analysis scale (Dungan et al. 2002). For each model, GSE values were
first calculated across a sequence of increasing neighbourhood sizes (Figure 5) and then smoothed using a
locally weighted regression (LOESS) curve to characterise the GSE- K relationship. Based on the fitted values
at the original discrete K levels, we calculated the marginal rate of change between successive neighbour-

hood sizes as (M X 100], where y denotes the fitted GSE value. Because GSE generally decreases

Yprevious
with increasing K, the marginal rate is typically negative, and values closer to zero indicate diminishing
change. The practical stabilisation scale was defined as the first K at which three consecutive marginal-rate
values were all greater than —1%, indicating that the decline in fitted GSE had become consistently small
(Song et al. 2021). This rule was used as an operational heuristic rather than a strict statistical optimum. If no
such sequence was identified, K was set to the neighbourhood size corresponding to the minimum fitted
GSE value. We adopted adaptive k-nearest neighbour (k-NN) neighbourhoods because they provide
comparable local sample support under spatially uneven point density and yield an interpretable basis
for estimating local RMSE and local error variance. Alternative neighbourhood definitions, such as distance-
band neighbourhoods, Delaunay triangulation, and spatial weight matrices, are also plausible, but they may
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produce unequal effective local sample support or introduce additional parameter-selection issues. We
therefore use adaptive k-NN here as a transparent baseline implementation of GSE that supports stable
local error estimation and direct comparison with RMSE on the same holdout set. The resulting GSE,,; value

was used for cross-model comparison, while maps of local error variance (o i) were used to identify spatial
hotspots of unstable predictive performance (MacEachren and Kraak 2001). This study-wide optimal K for
each model should therefore be interpreted as a practical summary scale for comparison rather than as
evidence that the spatial footprint of model error is spatially uniform throughout the study area.

3.3.4 Comparing GSE and RMSE for Local Error Instability

To examine the extent to which conventional global metrics underrepresent spatially uneven prediction

error, we directly compared GSE,,; with RMSE. RMSE summarises average error across the full study area,

whereas GSE,,; additionally incorporates local error instability through variance-based weighting. The

(GSEopt — RMSE)
RMSE

validation error produced by variance-weighted local aggregation. This increase was interpreted as

reflecting local error magnitude and instability, rather than as a pure measure of residual spatial depen-
dence (Krause et al. 2005). To relate this increase to an established spatial diagnostic, we also calculated
Global Moran's | for the test-set residuals of each model using the same model-specific optimal kNN scale,
and examined its Pearson and Spearman correlations with the relative GSE increase. This comparison
quantifies how local error heterogeneity affects the effective validation error, while distinguishing GSE from
residual autocorrelation diagnostics and using local error variance maps separately to identify hotspot
regions of unstable predictive performance.

relative difference, , was therefore used as an operational indicator of the total increase in

3.3.5 GSE validation: permutation test and sensitivity analysis based on data stratification

To examine the robustness of GSE and to separate the effect of residual spatial arrangement from residual
magnitude distribution, we conducted two validation analyses based on the independent test-set residuals.
First, we performed a sensitivity analysis based on data stratification (Lilburne and Tarantola, 2009). The test
dataset was stratified by three criteria: (1) geographical area, with the study region divided into three spatial
subregions (Figure 6a); (2) observed species richness, with samples grouped into low-, medium-, and high-
richness classes based on quantiles (Figure 6b); and (3) elevation, with samples divided into low, medium,
and high-elevation groups using the 33% and 66% quantiles (Figure 6c). For each subset, RMSE and GSE,
were recalculated for all nine models to assess whether their differences remained consistent across
contrasting spatial and environmental settings.
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0 Area Richness Altitude (m)
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Figure 6. Data stratification schemes used for sensitivity analysis of model validation in the MDB. (a) Stratification by
geographical area, where the study region was divided into three spatial subregions (Area 1-Area 3). (b) Stratification
by observed species richness, where sample plots were grouped into low-, medium-, and high-richness classes.
() Stratification by elevation, where sample plots were grouped into low-, medium-, and high-elevation classes.
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Second, we conducted a permutation validation to assess whether the observed GSE exceeded the level
expected from variance-weighted aggregation alone. Residual values were randomly reassigned to test
locations while keeping their values unchanged, thereby preserving the residual magnitude distribution
and RMSE but disrupting the spatial arrangement of errors. GSE was recalculated using the model-specific

optimal kNN scale, and this procedure was repeated 999 times to generate a null distribution. The relative

GSEu s GSE, erm . .
difference was calculated as QT —2 % 100, where GSE,, is the observed GSE and GSEperm is the mean
-perm

permuted GSE.

4 Results
4.1 Model performance assessment based on global, non-spatial metrics

As a baseline evaluation, we first assessed the nine predictive models using three global, non-spatial
metrics: R?, RMSE, and MAE. The results on the independent test set are summarised in Table 3 and Figure 7.
Among the nine models, rf achieved the best overall performance, with the highest R? (0.473) and the
lowest RMSE (9.751) and MAE (7.251). Cubist and knn also performed relatively well, with R? values of 0.446
and 0.392, respectively. In contrast, Im showed the weakest predictive performance, with the lowest R?
(0.229) and the highest RMSE (11.796) and MAE (9.086). The spatially explicit GWR model also performed
competitively, with R>=0.450 and RMSE = 9.981. The remaining models showed intermediate performance.
Overall, these global metrics provide a baseline ranking of model accuracy on the test set, which is used in
the following sections as a reference for comparison with the spatially explicit GSE-based evaluation.

4.2 Optimal scale determination and spatial error patterns based on GSE

Because GSE depends on neighbourhood size, we next examined how GSE changed with increasing K in
order to determine a practical analysis scale for each model. As shown in Figure 8, GSE generally declined
rapidly at small neighbourhood sizes and then decreased more gradually as K increased, indicating a
diminishing change in the spatial error summary at larger neighbourhood sizes. To characterise this pattern,
the GSE-K relationship was smoothed using LOESS, and marginal rates of change were calculated from
fitted values at successive discrete K levels. The selected optimal K was defined as the first neighbourhood
size for which three consecutive marginal-rate values were all greater than -1%, indicating that the decline
in fitted GSE had become consistently small. Under this rule, the selected K values ranged from 19 to 27
across the nine models, including 19 for Im, 25 for rf, 23 for xgbTree, 23 for gbm, 25 for knn, 21 for gam, 27
for gwr, 23 for svymRadial, and 25 for cubist. Although these values differed slightly among models, they
were concentrated within a relatively narrow range, supporting the use of model-specific but comparable
neighbourhood scales in the subsequent GSE-based analysis. These selected scales were then used to
calculate GSE,, while spatial patterns of local error variance were examined separately to identify areas of
unstable predictive performance.

Table 3. Comprehensive comparison of model
performance for the nine plant species richness
prediction models, based on global, non-spatial metrics.

Model R? RMSE MAE
rf 0.473 9.751 7.251
cubist 0.446 10.011 7.475
knn 0.392 10.524 7.908
svmRadial 0.372 10.677 8.013
xgbTree 0.37 10.672 8.157
gbm 0.362 10.739 8.227
gam 0.324 11.041 8.44
Im 0.229 11.796 9.086

gwr 0.450 9.981 7475
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Figure 7. Scatter-plot comparison of model fit for nine vascular plant species richness prediction models in the MDB.
Each panel presents actual versus predicted richness values for one model, with the dashed 1:1 line indicating perfect
agreement between observations and predictions. R%, RMSE, and MAE are provided to summarise model performance.

4.3 Spatial patterns of model error and “Hotspot” Diagnosis

Analysis of local error variance (of) at the selected neighbourhood scales revealed a broadly consistent
spatial pattern across the nine models. Given this cross-model consistency, Figure 9 presents the random
forest (rf) model as a representative example, with inset maps highlighting major high-variance subregions.
In all models, elevated local error variance was concentrated mainly in the eastern and southeastern parts
of the Murray-Darling Basin, whereas lower values were more common in the western basin. The
recurrence of these high-variance areas across models indicates that spatial instability in prediction error
is not solely model-specific, but is also associated with shared characteristics of the study area. These
patterns should not be interpreted as identifying the exact causes of model error. As an exploratory check,
we further examined the relationship between observed species richness and local error variance using the
rf model. Species richness was significantly and positively correlated with local error variance (Pearson
r=0.407, p <0.001; Spearman p =0.430, p <0.001), suggesting that the eastern high-richness region was
associated with greater local error instability. Rather, they indicate locations where prediction performance
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Figure 8. Model-specific determination of the optimal neighbourhood size for GSE-based validation in the
Murray-Darling Basin (MDB). Each panel shows GSE values across increasing neighbourhood sizes (K; grey points), the
LOESS-fitted GSE trend (blue line), and the marginal rate of change calculated from fitted values at successive discrete K
levels (red line). The dashed vertical line and adjacent label indicate the selected optimal K, defined as the first
neighbourhood size for which three consecutive marginal-rate values exceed —1%.

is less stable and where further investigation—such as the inclusion of additional predictors or the use of
complementary residual diagnostics—may be warranted. In this sense, the GSE framework complements
global accuracy metrics by linking model evaluation to the spatial distribution of predictive uncertainty.

4.4 Comparison of GSE and RMSE

To examine the extent to which global error metrics underrepresent locally uneven prediction error, we
compared GSE,,; with RMSE across the nine predictive models. As shown in Table 4, GSE,,; was consistently
higher than RMSE for all models, with relative differences (GSE,,; — RMSE)/RMSE ranging from 20.29% to
24.40%. This difference reflects the total increase produced by variance-weighted aggregation of local error
magnitude and instability, rather than a pure measure of residual spatial dependence. We further calculated
Global Moran’s | for the test-set residuals. All models showed positive and significant residual spatial
autocorrelation, indicating that spatial structure remained in the prediction errors. However, the relation-
ship between residual Moran’s | and the proportional increase of GSE over RMSE was weak and not
statistically significant, with a Pearson correlation of r=0.114 (p = 0.770) and a Spearman rank correlation of
p =0.200 (p = 0.606). The GWR model further illustrates this distinction: despite its very low residual Moran’s
| value of 0.013, its GSE remained 21.12% higher than RMSE. This indicates that Moran’s | and GSE capture
related but non-equivalent aspects of residual structure. Moran’s | measures global residual autocorrelation,
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Figure 9. Spatial distribution of local error variance (6?) for the random forest model at its optimal scale, with inset maps
showing major high-variance subregions.

Table 4. Comparison of GSEopt and RMSE for nine predictive models.

Model Optimal kNN scale GSE Global Moran’s | RMSE Total GSE increase over RMSE
gwr 27 12.089 0.013 9.981 21.12%
rf 25 12.130 0.027 9.751 24.40%
cubist 25 12.199 0.03 10.011 21.85%
knn 25 12.659 0.048 10.524 20.29%
xgbTree 23 13.019 0.101 10.672 22.00%
gbm 23 13.031 0.108 10.739 21.34%
svmRadial 23 13.215 0.099 10.677 23.77%
gam 21 13.552 0.142 11.041 22.74%
Im 19 14.427 0.251 11.796 22.31%

whereas GSE,,; integrates local error magnitude and local error instability through variance-weighted
aggregation. Taken together, these results suggest that RMSE provides a useful baseline measure of
average prediction accuracy, while GSE provides a complementary summary of local predictive instability.

4.5 GSE validation: sensitivity analysis based on data stratification

Across all three stratification schemes, the comparison between GSE,,; and RMSE showed a consistent
pattern (Figure 10): all points lay above the 1:1 line, indicating that GSE,,; was higher than RMSE in every
subset. This suggests that the additional spatially uneven error captured by GSE remained evident under
area-, elevation-, and richness-based stratifications. Performance also varied among subsets. In particular,
the richness-based stratification showed a clear gradient from lower errors in low-richness areas to higher
errors in high-richness areas, while the elevation-based stratification showed generally higher errors in
medium- and high-elevation subsets than in the low-elevation subset. Geographical stratification also
revealed differences among subregions, although these were less systematic. Together, these results
support the robustness of GSE as a spatially explicit complement to global accuracy metrics.

The permutation validation further separated the total GSE increase from the component associated
with residual spatial arrangement (Table 5). After randomly reassigning residuals to test locations, the mean
permuted GSE remained higher than RMSE, indicating that local variance-weighted aggregation still
produces a larger error estimate than global averaging. More importantly, the observed GSE was
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models, and the dashed line represents the 1:1 reference line.

Table 5. Permutation validation of the incremental spatial information captured by GSE.

Model Optimal kNN scale Observed GSE Mean permuted GSE AGSE (%) p-value
rf 25 12.130 10.530 15.194 0.001
svmRadial 23 13.215 11.546 14.455 0.001
gam 21 13.552 11.934 13.558 0.001
Im 19 14.427 12.798 12.729 0.001
xgbTree 23 13.019 11.473 13.475 0.001
cubist 25 12.199 10.798 12.975 0.001
gbm 23 13.031 11.530 13.018 0.001
knn 25 12.659 11.293 12.096 0.001
gwr 27 12.089 10.691 13.077 0.001

consistently higher than the mean permuted GSE across all nine models, with relative increases ranging
from 12.096% to 15.194% and significant permutation tests in all cases (p =0.001). This indicates that the
observed increase in GSE is unlikely to arise from residual magnitude alone, but reflects spatially organised
local error instability.

5 Discussion
5.1 Method for spatial local analysis: selection and validation of k-NN

A key methodological issue in the GSE framework is how local neighbourhoods are defined for spatial error
analysis. In this study, we used adaptive k-nearest neighbour (k-NN) neighbourhoods because they provide
comparable local sample support under spatially uneven point density. To assess this choice, we also
compared k-NN with non-adaptive regular hexagonal and square grids (Wong 2004). In our dataset, the
grid-based approaches produced less stable and less interpretable relationships between GSE and analysis
scale (Figures 11 and 12), likely because fixed geometric partitions do not adjust to the observed spatial
distribution of sample points (Fotheringham et al. 2009). This instability is also consistent with the
Modifiable Areal Unit Problem (MAUP), in which statistical results may vary with the scale and zoning of
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Figure 11. Relationship between GSE and spatial scale under regular hexagonal-grid local analysis in the Murray-Darling
Basin (MDB). The left panel shows the hexagonal partition of the study area, and the right panels show model-specific GSE
responses to increasing grid size together with the corresponding marginal-rate curves.
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Figure 12. Relationship between GSE and spatial scale under regular square-grid local analysis in the Murray-Darling
Basin (MDB). The left panel shows the square-grid partition of the study area, and the right panels show model-specific
GSE responses to increasing grid size together with the corresponding marginal-rate curves.

spatial aggregation units (Openshaw 1984; Wong 2004). By contrast, k-NN neighbourhoods were better
aligned with the data structure and provided a more stable basis for summarising local error patterns
(Anselin 1995). The differences in selected K among models may further indicate that different modelling
approaches attenuate or retain residual spatial structure at different neighbourhood scales, consistent with
the scale-dependent nature of spatial analysis and marginal-change-based curve interpretation (Dungan
et al. 2002; Song et al. 2021). These results support the use of adaptive k-NN as a practical method for local
spatial analysis in the present study, although this does not imply that it is universally superior to all
alternative neighbourhood definitions.

5.2 Advantages, limitations, and future prospects of GSE

The main contribution of GSE is that it extends model validation beyond global average accuracy to the spatial
reliability of predictions. Conventional global metrics such as RMSE provide a single summary of model error,
but they do not explicitly represent how that error is distributed across space and may therefore understate
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Table 6. Comparison of global, local, and spatially informed summary metric paradigms.

Feature Global metric Local metric Spatially informed summary metric
Concept A single value summarising a Decomposes a global pattern into Re-aggregates local statistics into a single,
phenomenon across the entire study location-specific statistics, spatially-informed summary value,
area, assuming spatial stationarity. highlighting spatial heterogeneity. preserving heterogeneity through
weighting.
Examples RMSE, R?, Global Moran's | LISA, local Moran’s |, local error GSE
variance
Output format A single number A map of statistics A single, weighted number
Key Simplicity and direct comparability. Reveals local “hotspots,” clusters, and  Combines the simplicity of a global metric
advantages spatial patterns. with the spatial awareness of a local one.
Key limitations  Spatially blind; masks critical local Complex output; lacks a single value The weighting scheme can add complexity;
variations. for direct model-to-model may be less intuitive than a simple
comparison. average.

instability in localised regions. In this respect, GSE complements rather than replaces existing validation tools by
re-aggregating local error information into a single, spatially informed metric. This idea builds on the broader
shift from purely global to local spatial analysis represented by approaches such as Local Indicators of Spatial
Association (LISA), which make it possible to identify localised spatial structure, but typically yield maps of local
statistics rather than a single comparable value. By weighting local error magnitude with local error variance,
GSE retains information on spatial heterogeneity while preserving the practical advantage of direct model-to-
model comparison. Table 6 shows the characteristics of commonly used existing indicators.

Despite this advantage, GSE also has several limitations. First, it operates on model residuals but does
not diagnose the underlying causes of spatially structured error, which may arise from underfitting, omitted
variable bias, nonlinear predictor-response relationships, non-stationarity, or heteroskedasticity. In this
sense, GSE is a validation and diagnostic-support tool for identifying spatially concentrated predictive
instability, rather than evidence of intrinsic model unreliability or a substitute for model specification tests.
Second, the current implementation relies on k-NN neighbourhoods and a heuristic rule for selecting the
practical summary scale, both of which may be refined in future work. Third, although GSE involves
additional k-NN searches and local-statistic calculations compared with RMSE, its computational cost was
manageable in the present case study. Using the random forest residuals from the independent test set
with 8,036 samples, GSE at a fixed K required 0.081 s, and the full GSEopt procedure required 3.25s. For
larger datasets, more efficient nearest-neighbour search strategies, such as precomputed neighbourhood
structures or approximate k-NN search, could further improve scalability (Andoni and Indyk 2008). Future
extensions could also expand the current framework beyond local error magnitude and variance, for
example by incorporating local bias to distinguish systematic over- and under-prediction patterns (Getis
and Ord 1992), or by exploring more data-driven approaches to adaptive scale selection (Loader 2006).

6 Conclusions

This study proposed the Generalised Spatial Error (GSE) as a spatially explicit validation metric for spatial
prediction models. By combining local error magnitude and local error variance, GSE extends model evaluation
beyond global average accuracy and captures spatially uneven predictive instability within a single comparable
value. In the Murray-Darling Basin case study, GSE,,; was consistently higher than RMSE across all nine models,
and local error variance maps further identified concentrated zones of unstable predictive performance.

These results indicate that widely used global metrics such as RMSE can underrepresent spatially
structured error. GSE therefore serves as a useful complement to conventional validation metrics by
incorporating spatial heterogeneity into model comparison. Although the current framework still depends
on neighbourhood definition and heuristic scale selection, it provides a practical basis for more spatially
explicit model validation in geospatial applications.
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