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Abstract

Predicting continuous environmental variables from sparse spatial observations remains challenging because global
machine learning models can capture nonlinear relationships but often have limited ability to adapt to local spatial hetero-
geneity, whereas existing similarity-based methods still rely mainly on weighted-average prediction. This study proposes
Pattern Similarity Learning (PSL), which uses pattern similarity as a spatially adaptive indicator to guide local nonlinear
prediction. PSL first augments the original environmental covariates with three pattern-derived indicators: geocomplexity,
positive outlier strength, and negative outlier strength. These indicators describe local heterogeneity and local anomalous-
ness, allowing each covariate to carry both its original value and its local spatial context. For each target location, PSL
then measures covariate-space similarity to identify relevant training samples and fits a similarity-weighted local Random
Forest using the pattern-enhanced features. In a soil organic carbon prediction case across the conterminous United States
(CONUS), five-fold spatial cross-validation shows that PSL achieved the best overall pooled performance among the
six models. Compared with Random Forest, PSL increased R? by 0.017 (7.11%), reduced RMSE by 0.017 (1.14%), and
reduced MAE by 0.012 (1.69%). These results suggest that using pattern similarity to link local spatial context, sample
relevance, and nonlinear learning can improve the spatial adaptability of continuous environmental prediction.

Keywords Spatial prediction - Pattern similarity - Random forest -+ Geocomplexity - Soil - Organic carbon - Local
modelling

Introduction

< Yongze Song

Yongze.song@curtin.edu.au Existing methods for spatial prediction can be broadly

grouped into three related streams: classical geostatistical
methods, global machine learning methods, and similar-
ity-based local spatial models. Classical spatial prediction
methods, such as ordinary kriging and regression kriging,
make use of spatial autocorrelation by describing how
correlations between sample points change with distance
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(Matheron 1963; Odeh et al. 1995; Heuvelink and Webster
2001). Regression kriging usually first uses environmental
covariates to model the overall trend of the target variable,
and then applies kriging to the remaining spatial residuals.
As a result, it often performs well when spatial autocorre-
lation is strong (Hengl et al. 2007; Keskin and Grunwald
2018). However, these methods usually assume that spa-
tial dependence is broadly stable across the study area and
require its form to be specified in advance (Atkinson and
Lloyd 2007).
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A second stream is global machine learning, which
emphasizes nonlinear covariate—response relationships but
usually has limited spatial adaptivity. Compared with clas-
sical spatial statistical methods, machine learning methods,
especially Random Forest (RF), have shown strong com-
petitiveness in spatial prediction because they can model
nonlinear relationships and covariate interactions by aggre-
gating multiple decision trees built from bootstrap samples
(Breiman 2001; Misiuk and Brown 2023; Amin et al. 2024).
However, in spatial applications, RF generally treats train-
ing observations as independent and does not directly incor-
porate local associations among neighboring samples. It is
also difficult for RF to adapt its learning process to the local
environmental conditions around different prediction loca-
tions (Jemeljanova et al. 2024; Xie et al. 2025; Fouedjio and
Arya 2024). This becomes limiting when the target variable
is shaped by neighborhood structure, local heterogeneity, or
surrounding sample configuration (Sinha et al. 2019; Luo et
al. 2023).

A third stream uses similarity, proximity, or local weight-
ing to make spatial predictions more locally adaptive.
Beyond weighted averaging, similarity and proximity have
also been incorporated directly into model structures. For
example, kernel-based learning represents nonlinear rela-
tionships through kernel functions and sample similari-
ties (Smola and Scholkopf 2004), while locally weighted
learning uses distance- or similarity-based weights to fit
query-specific local models (Atkeson et al. 1997). In spa-
tial analysis, geographically weighted regression addresses
spatial nonstationarity by calibrating local regression mod-
els with spatially varying weights (Brunsdon et al. 1996).
More recently, similarity and geographically weighted
regression (SGWR) combined attribute similarity with geo-
graphical proximity in local weight construction (Lessani
and Li 2024). Similar ideas have been extended to machine
learning through geographical and geo-aware random for-
ests, which use local or spatially partitioned RF models to
address spatial heterogeneity (Georganos et al. 2021; Xie et
al. 2025). However, these studies do not explicitly integrate
spatial pattern features, covariate-space similarity search,
and local nonlinear ensemble learning.

Pattern-based similarity methods further extend this local
perspective by describing not only whether two locations
have similar covariate values, but also whether their sur-
rounding spatial contexts are similar. Pattern-based similar-
ity methods provide another way to use spatial information.
These methods quantify similarity among locations using
environmental covariates and local spatial context (Zhu et
al. 2018; Song 2023). For example, geographically optimal
similarity (GOS) uses a product-Gaussian kernel to measure
covariate similarity and predicts values through similarity-
weighted averaging (Song 2023). Later studies introduced
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local structural attributes, such as geographic complexity
and outlier strength, to better describe spatial context (He et
al. 2024; Ren et al. 2025). However, these spatial features
are usually used only for similarity calculation, and predic-
tion still mainly relies on weighted averaging. This limits
their ability to represent complex nonlinear relationships.
To address this gap, we propose Pattern Similarity Learn-
ing (PSL), which links pattern-based spatial features with
similarity-weighted local Random Forest prediction. PSL
augments each original covariate with geocomplexity and
positive and negative outlier-strength features, expanding
the original (n) covariates, where (n) denotes the number
of explanatory variables, into a (4n)-dimensional pattern-
enhanced feature space. For each prediction location, PSL
first computes similarity in the original covariate space and
selects the most similar training samples as a candidate
pool. It then fits a local Random Forest using the pattern-
enhanced features, with similarity scores used as sample
weights. Therefore, the contribution of PSL is not the gen-
eral use of similarity in model fitting, but the integration
of covariate-space similarity search, pattern-derived spatial
feature representation, and similarity-weighted local Ran-
dom Forest learning in a single spatial prediction model.

Pattern Similarity Learning (PSL) Model
Concept of Pattern Similarity Learning (PSL)

Pattern similarity learning (PSL) is a local learning model
for predicting continuous spatial variables (Fig. 1). In PSL,
the local spatial pattern is described by three additional
features for each covariate: geocomplexity, positive out-
lier strength, and negative outlier strength. These features
indicate whether the covariate is locally stable, spatially
heterogeneous, or unusually high or low compared with
nearby locations. For each target location, PSL first uses
the original covariates to find the most similar training sam-
ples. It then uses these selected samples, together with the
expanded spatial pattern features, to train a local Random
Forest. Instead of simply averaging the values of similar
samples, PSL uses them to build a local nonlinear model for
each prediction location.

Calculation Process of PSL

Construction of Spatial Pattern Features

The first step of PSL is to expand each original explanatory
variable into a set of spatial pattern features so that both

the variable value itself and its local spatial context can
be represented. For the k — th explanatory variable xj at
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Workflow of the pattern similarity learning (PSL) model
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Fig. 1 Overview of the pattern similarity learning (PSL) model, from spatial pattern feature construction through candidate pool selection to

similarity-weighted local random forest prediction

location s;, a common m-nearest-neighbour set N (S;) is
first defined, and the same neighborhood window is used
to derive three additional features: geocomplexity, positive
outlier strength, and negative outlier strength. In this study,
the number of neighbors is set to m = 12, which is suffi-
cient to capture fine-scale local spatial heterogeneity while
also providing a relatively stable local reference for estimat-
ing outlier strength.

For each explanatory variable, three derived spatial fea-
tures are calculated at every location. First, geocomplexity
is used to quantify the degree of local spatial heterogene-
ity of the variable within the neighbourhood (Zhang et al.
2023). The geocomplexity index is defined as

vj

Pk (51) _%Z:lzl [Zk (81)2k (S])+%Z (l)

1y 2k (85) 2k (s1)

where zj, (s;), 2k (8;), and z (s;) are the standardized val-
ues of the k — th explanatory variable at the focal location,
its neighbour, and the shared neighbour, respectively. Here,
m denotes the fixed number of nearest neighbours used to
define the neighbourhood of the focal location s;. In con-
trast, v; denotes the number of shared neighbours between
the focal location s; and one of its neighbours s;. Thus,
m controls the overall neighbourhood size, whereas v; is a
pair-specific quantity used in the shared-neighbour term of
the geocomplexity calculation. The index is then rescaled
using min—max normalization, yielding

Py, (s;) — minPy (s;)

Ck (Sz) = ) Ck (SZ) € [071] (2)

max Py, (s;) — minPy (s;)

Higher values of Cj (s;) indicate that the location lies in
a transitional zone with stronger local spatial heterogene-
ity, where the variable changes rapidly over short distances;
lower values of C} (s;) indicate that the surrounding neigh-
bourhood is relatively homogeneous (Zhang et al. 2023).

Next, outlier strength is used to characterize whether a
location shows an unusually high or low value relative to
its local neighbourhood (Ren et al. 2025). Let u, (s;) and
0 i (8;) denote the mean and standard deviation of variable
xp, within the neighbourhood N (s;), respectively. The
positive outlier strength and negative outlier strength are
then defined as follows:

I (si) = max (0, (si) — g, (55) — 20 & (57)) 3)

“4)

When the value of a variable at a given location falls within
the normal range of variation in its neighbourhood, both
Lt (s;) and I (s;) are equal to 0. I;" (s;) takes a posi-
tive value only when the variable exceeds the neighbour-
hood mean by more than two standard deviations, whereas
I, (s;) takes a positive value only when the variable falls

I (55) =max (0, iy, (8i) — 20 1 (83) — 2k (54))

below the neighbourhood mean by more than two standard
deviations. Therefore, I, (s;) and I, (s;) jointly encode
both the direction and magnitude of local anomalies.

Finally, the original n explanatory variables are com-
bined with the corresponding geocomplexity, positive out-
lier strength, and negative outlier strength for each variable
to form the expanded feature vector at location s;.
)" e R
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Thus, the original n-dimensional explanatory variable space
is expanded into a 4n-dimensional pattern feature space,
adding information on local spatial heterogeneity and anom-
alousness. For new prediction locations, neighbourhoods
are defined from the available reference covariate locations,
geocomplexity is normalized using reference-data param-
eters, and positive/negative outlier strength is calculated
from local covariate means and standard deviations. These
enhanced features are then used in the local Random Forest,
allowing PSL to learn from both covariate values and their
spatial context.

Similarity-Based Candidate Pool Construction

The second step of PSL is to identify, for each prediction
location, a set of the most relevant candidate samples from
the training set so as to localize the subsequent modelling
process. In the updated PSL model, this step is performed
in the original covariate space rather than in the pattern-
enhanced feature space constructed in Sect. 2.2.1. This
design separates similarity search from local learning by
using the original covariates to identify the most similar
training samples and reserving the pattern-enhanced fea-
tures for the subsequent local random forest modelling.

For any location s, let its original covariate vector be
denoted by z (s) € R™. Before similarity calculation, each
covariate is standardized using the mean and standard devi-
ation of the training data, so as to remove the influence of
differences in scale and value range among variables. For
a prediction location sy and a training location s;, their
similarity in the original covariate space is defined using a
product-Gaussian kernel (Song 2023):

S (si,50) = H ::1exp (_ (z (Sz);hjk (s0)) > 6)

where xy (s;) and xy (sg) denote the standardized values
of the k£ — th original covariate for the training location and
the prediction location, respectively, and h is the common
kernel bandwidth. In this study, all original covariates are
standardized and a common bandwidth of A = 1.0 is used.
Under this setting, similarity decreases smoothly as differ-
ences in original covariate values increase.

After computing the similarity between sg and all train-
ing samples, the training samples are ranked in descend-
ing order of S (s;,s0), and the top proportion x of the
most similar samples is retained to form the candidate
pool L (sg) for prediction location sg. This is defined as
follows:

@ Springer

L (50) = {5 € Dirain + S (s1:50) = Quw ({8 (5250 1557 )} (7)

Here, Dy,qin denotes the training sample set, Nyy.qip, is the
total number of training samples, and Q;_, is the 1 — &

quantile of the similarity distribution. In this study, = 0.7
, meaning that, for each prediction location, the top 70% of
training samples with the highest similarity are retained as
the candidate pool. The similarity scores of these retained
candidate samples are then carried forward to the next step
as observation-level weights in the local Random Forest
modelling process.

Similarity-Weighted Local Random Forest Prediction

The third step of PSL is to fit a local Random Forest on the
selected candidate pool for each prediction location. In this
step, PSL follows the local learning stream of the model: the
candidate pool and similarity scores are inherited from the
original-covariate similarity search in Sect. 2.2.2, whereas
model fitting is conducted in the pattern-enhanced feature
space constructed in Sect. 2.2.1. Thus, similarity-based
sample selection and local non-linear learning are separated
but connected within the same prediction model.

For each prediction location sg, PSL constructs a sepa-
rate local model whose training samples are drawn from the
candidate pool L (so) (Atkeson et al. 1997). The input vari-
ables are the 4n-dimensional pattern feature vectors z (s;)
, and the response variable is the observed value y (s;) at
training location s;. The similarity scores S (s;, So) com-
puted in Sect. 2.2.2 are directly used as case weights in the
local Random Forest, so that samples more similar to the
target location exert greater influence on local model fitting.

Let the local Random Forest contain B regression trees.
For prediction location sg, the model is trained only on the
candidate pool L (sp), using the corresponding pattern-
enhanced feature vectors and similarity-derived weights.
The final prediction is then obtained by averaging the pre-
dictions from all trees:

1 B

g (s0) = 5>, T (= (s0)) ®

where T}, (- ) denotes the b-th regression tree, and z (sg) is
the 4n-dimensional pattern feature vector of the prediction
location. In this study, the local Random Forest is trained
with B = 100 trees. Through this design, PSL uses similar-
ity in the original covariate space to localize the training
samples, and exploits the expanded pattern feature space
to learn complex non-linear relationships for each target
location.
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Cross-Validation Evaluation

To evaluate predictive performance, we used 5-fold spa-
tial cross-validation (Roberts et al. 2017). Spatial folds
were generated by hexagonal blocking (50 km cells,
EPSG:5070), with hexagons assigned to folds to bal-
ance sample counts (Valavi et al. 2018). For each fold,
SOC observations from the validation fold were excluded
from model training, similarity-based candidate selec-
tion, and local Random Forest fitting. Spatial pattern
features were derived only from explanatory covariates
and spatial locations, which are available across the pre-
diction domain in practical mapping, and thus represent
covariate-derived rather than response-derived spatial
contextual information. Standardization parameters for
similarity calculation and model fitting were estimated
from the training data and applied to the validation data.
Five baseline models were included, forming a six-model
comparison with PSL. After aggregating predictions
from all test samples, performance was evaluated using
R2, RMSE, and MAE.

In addition to prediction accuracy, residual spatial auto-
correlation was evaluated for each model using global
Moran’s I to assess whether the model better accounted for
spatial structure (Liu et al. 2026; Zhang et al. 2024). The
test was based on the held-out predictions from the 5-fold
spatial cross-validation. A row-standardized m-nearest-
neighbour spatial weight matrix was constructed from the
sampling coordinates, with m=12 to match the neighbour-
hood size used for spatial pattern feature construction.
Statistical significance was assessed using 999 random per-
mutations. Lower Moran’s | values indicate less remaining
spatial structure in model errors.

Case Study: Spatial Prediction of Soil
Organic Carbon Across the Conterminous
United States Using PSL

The conterminous United States (CONUS), consisting
of the 48 contiguous states, was used as the case study
to evaluate the proposed PSL model. CONUS spans a
broad geographic extent and exhibits strong environmental
gradients, covering diverse climate—topography—
vegetation combinations, from humid to arid regions,
from plains to mountains, and from cropland to forest and
grassland. Across this domain, soil-forming environments,
vegetation productivity, and surface processes vary
markedly among regions, and provide an appropriate
setting for testing the applicability of spatial prediction
methods under large-scale and geographically complex
conditions (Cao et al. 2019).

Response Variable: Soil Organic Carbon (SOC)

In this study, soil organic carbon (SOC) content was used as
the response variable. SOC is a key indicator of soil quality,
nutrient retention, and terrestrial carbon sequestration, and
is therefore important for agricultural management, eco-
logical restoration, and global change research (Minasny
et al. 2017; Amelung et al. 2020; Adhikari and Hartemink
2016). The SOC point data were obtained from the NCSS
Soil Characterization Database (Lab Data Mart) of the
U.S. Department of Agriculture (USDA) National Coop-
erative Soil Survey. We extracted SOC observations from
the 0-30 cm layer within the conterminous United States
(CONUS), yielding 7,940 valid sampling locations. SOC
was expressed as percentage content (%), with a mean of
1.58% and a range of 0.02%—47%. Its distribution is shown
in Fig. 2. The large numerical dispersion and spatial com-
plexity of SOC across CONUS provide a suitable empirical
basis for evaluating PSL under large-scale and geographi-
cally complex conditions.

Explanatory Variables and Data Preprocessing

To represent major environmental controls on soil organic
carbon (SOC), ten explanatory variables were selected to
cover topography, climate, and vegetation productivity. Spe-
cifically, Slope, Sin(Aspect), Cos(Aspect), and TPI describe
terrain conditions; Temperature, Precipitation, Solar radia-
tion, and Wind speed represent regional moisture—energy
conditions; and Biomass and NPP indicate vegetation car-
bon storage and potential organic matter input. These vari-
ables are widely recognized as important controls on SOC
variation across landscapes (Lamichhane et al. 2019; Ding
et al. 2025). Their spatial distributions and basic properties
are presented in Fig. 3; Table 1. Biomass is also used in
Fig. 4 to illustrate how derived spatial pattern features differ
from original variable values. TRI, NDVI, EVI, and Eleva-
tion were initially considered but removed after pairwise
correlation analysis and VIF screening to reduce redun-
dancy and multicollinearity. Although Wind speed showed
weak pairwise correlation with SOC, its low VIF justified
retention because weak marginal correlation does not nec-
essarily exclude nonlinear effects or interactions (James et
al. 2013).

All explanatory variables were acquired through Google
Earth Engine and resampled to a common spatial resolu-
tion of 1000 m. Temperature and Precipitation were derived
from the PRISM Norm91m dataset, using the multi-year
mean of the monthly tmean band and the annual accumu-
lation of the monthly ppt band, respectively. Solar radia-
tion was derived from the multi-year mean of the srad
band in DAYMET V4, and Wind speed was derived from

@ Springer
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Fig. 2 Panel A shows the spatial (A)
distribution of the 7,940 soil

organic carbon (SOC) observa-

tions used in this study across

the conterminous United States
(CONUS). Point colour repre-

sents SOC content (%) in the

0-30 cm layer using a light-to-

dark sequential scale. Panel B

125°0'W

110°0'W

Distribution of soil organic carbon observations across CONUS

95°0'W 80°0'W 65°0'W

shows the frequency distribution g =z
of SOC values, with the dashed o e
line indicating the mean value < 8
(1.58%)
z z
S o
S 8
110°0'W 95°0'W 80°0'W
LJCONUS ®) k mean=1.58
0-30 cm soil organic carbon content (%)
B |
0 47 0 20 40

the multi-year mean of the 10 m wind speed band vs. in
GRIDMET. Biomass was obtained from the agb band of the
NASA/ORNL biomass carbon density vl dataset, and NPP
was derived from the multi-year mean of the Npp band in
MODIS MOD17A3HGF V6.1.

The elevation data were obtained from the USGS 3DEP
10 m DEM and exported in EPSG:5070 at a 1000 m resolu-
tion to match the modelling resolution. Topographic vari-
ables, including Slope, Topographic Position Index (TPI),
Sin(Aspect), and Cos(Aspect), were then derived from this
1000 m elevation layer in QGIS. Aspect was decomposed
into Sin(Aspect) and Cos(Aspect) to avoid the numerical
discontinuity of the original angular measure at the 0°/360°
boundary, thereby improving the stability of model fitting
(Amatulli et al. 2018).

Before modelling, all explanatory variables were stan-
dardized using z-scores to eliminate the effects of differ-
ences in scale and value range on similarity measurement
and model training (James et al. 2013). To reduce the poten-
tial influence of multicollinearity, a correlation matrix was
first computed for all explanatory variables, and variance
inflation factors (VIFs) were then used to further assess
variable redundancy (Dormann et al. 2013). All pairwise
correlation coefficients were below 0.8 and all VIF values
were below 5 (Fig. 5), indicating that no strong collinearity
was present among the variables.

@ Springer

Experiment Design

To evaluate the proposed PSL model, six models were com-
pared under the same 5-fold spatial cross-validation scheme:
LM, RF, GOS, SGWR, PS, and PSL. LM and RF were used
as conventional global baselines, representing global linear
and nonlinear modelling with the original 10 environmental
covariates. To ensure a fair comparison, the RF baseline was
tuned under the same five-fold spatial cross-validation by
searching mtry=2, 3, 4, 5, 6, 8, 10; ntree=500, 1000, 1500;
and min.node.size=1, 3, 5, 10. The best RF configuration
was ntree= 1500, mtry=2, and min.node.size=1.

GOS was included as a traditional similarity-based model
that predicts through similarity-weighted averaging in the
original covariate space (Song 2023). SGWR was added
as a similarity-based local regression baseline because it
combines attribute similarity and geographical proximity in
local weight construction. To isolate the role of spatial pat-
tern features, PS used the expanded 40-dimensional pattern
feature space but retained the similarity-weighted averaging
mechanism. In contrast, PSL first computed similarity in the
original 10-dimensional covariate space to select local can-
didate samples, and then fitted a similarity-weighted local
Random Forest using the 40-dimensional pattern-enhanced
features. The detailed model configurations are summarized
in Table 2.
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Environmental explanatory variables used for SOC prediction across CONUS
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Fig. 3 Spatial patterns of the ten environmental explanatory vari-
ables used for SOC prediction across the conterminous United States
(CONUS). The variables include four topographic predictors (Slope,
Sin(Aspect), Cos(Aspect), and TPI), four climatic predictors (Tem-

Results
Cross-Validation Prediction Accuracy
PSL achieved the highest overall predictive accuracy among

the six models under 5-fold spatial cross-validation, with
performance gains shown relative to all comparison models

110°0'W  80°0'W

i\

110°0'W  80°0'W

30°0'N  45°0'N
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perature, Precipitation, Solar radiation, and Wind speed), and two
productivity-related predictors (Biomass and NPP). All layers were
resampled to a common spatial resolution of 1000 m

(Figs. 6 and 7). Overall, PSL achieved the highest R? (0.256)
and the lowest RMSE (1.468) and MAE (0.699), making it
the best-performing model among the six. RF was the base-
line model closest to PSL in performance, but its R? was
still 0.017 lower, with slightly higher RMSE and MAE. The
fold-level paired differences shown in Fig. 7 further indi-
cate that PSL achieved modest improvements over RF, with
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Table 1 Environmental explanatory variables used for SOC prediction

Category Covariate Unit Model-  Description Data source
ling
resolu-
tion (m)
Topography Slope ° 1000 Represents terrain steepness. USGS 3DEP DEM
Sin(Aspect) / 1000 Sine transformation of aspect, used to represent the east— USGS 3DEP DEM
west component of slope orientation and to avoid the
discontinuity of angular variables.
Cos(Aspect) / 1000 Cosine transformation of aspect, used to represent the USGS 3DEP DEM
north—south component of slope orientation and to avoid
the discontinuity of angular variables.
TPI m 1000 Represents the relative topographic position of a location USGS 3DEP DEM
with respect to its surrounding neighbourhood.
Climate Temperature °C 1000 Multi-year mean annual temperature, representing PRISM(1991-2020)
regional thermal conditions.
Precipitation Mm 1000 Multi-year mean annual precipitation, representing PRISM(1991-2020)
regional water input conditions.
Solar W/m? 1000 Multi-year mean shortwave radiation, representing sur- ~ DAYMET V4(1980-2024)
radiation face energy input.
Wind speed m/s 1000 Multi-year mean wind speed, representing near-surface ~~ GRIDMET(1979-2026)
atmospheric dynamic conditions.
Vegetation Biomass Mg/ha 1000 Aboveground biomass carbon density, representing veg- NASA ORNL Biomass
etation carbon storage and potential organic matter input. Carbon Density(2010)
NPP kg Cm2 1000 Multi-year mean net primary productivity, representing ~ MODIS
yr! vegetation carbon fixation capacity. MODI17A3HGF(2001-2025)

Fig. 4 Biomass is used here
as an example to illustrate the

spatial patterns of an original 110°0'W 80°0'W 110°0'W
explanatory variable and its three = Biomass(Mg/ ha)
pattern-derived features across o e ® -

the conterminous United States o v ) A S

(CONUS). The derived features R :"“{‘ A

include geocomplexity, positive ) X B a2,  E

outlier strength, and negative t‘ i 11":"! [t rtnde
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represent local spatial heteroge- ;o ) o ‘{__ ;I 3 -

neity and local anomalousness o iy e, x 7k
associated with the variable o v\ \ V\\»
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mean gains of 0.017 in R?, 0.017 in RMSE reduction, and
0.012 in MAE reduction across the five spatial folds. These
intervals include zero, indicating that the fold-level differ-
ences were not statistically significant at the 95% confidence
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level, although PSL showed positive mean improvements

and outperformed RF in four of five folds for each metric.
LM performed worse than RF, whereas SGWR, GOS,

and PS showed substantially lower overall accuracy. In
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Correlation structure and collinearity diagnostics of the explanatory variables
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Fig. 5 Correlation structure and collinearity diagnostics for the ten
explanatory variables used for SOC prediction. Panel A shows the
pairwise correlation matrix, and Panel B shows the variance inflation

particular, the R? values of SGWR and GOS were relatively
low, indicating that simple similarity-weighted averaging is
insufficient to effectively capture SOC variation. PSL pre-
dictions were generally closer to the 1:1 reference line within
the main concentration range of SOC values, although high
SOC values remained underestimated (Fig. 6).

Spatial Prediction and Residual Patterns

The six models differed in their spatial residual patterns,
absolute residual magnitudes, and predicted SOC patterns
at the validation locations (Figs. 8, 9 and 10). Overall, resid-
uals from all models exhibited a certain degree of spatial
heterogeneity, but their spatial organization differed sub-
stantially. The residuals of SGWR, GOS, and LM formed
more obvious spatial clusters in multiple regions (Fig. 8).
PS improved upon the former two models to some extent,
but still retained many localized patches of error. In contrast,
the residuals of RF and PSL were more spatially dispersed,
with PSL showing a relatively more even spatial pattern,
suggesting that it more effectively absorbed prediction bias
associated with local environmental variation.

Error magnitude comparisons further show the advan-
tage of PSL (Fig. 9). PSL had the lowest median absolute
residual (Med=0.428) and the smallest interquartile range
(IQR=0.612), followed by RF (Med=0.449; IQR=0.630).

factor (VIF) values for each variable. All pairwise correlation coef-
ficients are below 0.8 and all VIF values are below 5, indicating the
absence of strong multicollinearity

PS, SGWR, and GOS showed larger median errors or
wider spreads, while LM had the largest median residual
(Med=0.560; IQR=0.704). Overall, PSL produced the
most compact absolute residual distribution among the six
models.

The spatial distributions of observed and cross-validated
predicted SOC values further illustrate the prediction pat-
terns of RF and PSL at the validation locations (Fig. 10).
Both RF and PSL reproduced the broad spatial distribution
of SOC across CONUS. Compared with RF, PSL showed
similar large-scale spatial patterns but produced local dif-
ferences in predicted SOC at many validation locations. The
PSL—REF difference map indicates where PSL generated
higher or lower predictions than RF, and is interpreted as
a comparison of prediction patterns rather than as indepen-
dent evidence of broad spatial improvement.

In addition to the visual comparison, global Moran’s
I was used to quantify residual spatial autocorrelation
(Table 3). All models showed significant positive spatial
autocorrelation in their residuals, indicating that spatially
structured errors remained after prediction. SGWR had the
lowest Moran’s I value (0.0734), followed by PSL (0.0837)
and RF (0.1000). This suggests that PSL reduced residual
spatial autocorrelation more effectively than RF, GOS, LM,
and PS, although SGWR showed the weakest residual spa-
tial clustering among the six models.
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Table 2 Summary of the six models used in the comparative experiment

Model abbreviation Full Name Input feature space Prediction mechanism Core parameter settings

LM Linear Model Original 10-dimensional Global linear fitting Default OLS fitting
covariates

RF Random Forest Original 10-dimensional Global non-linear ensemble  ntree=1500; mtry=2; min.

covariates

learning

node.size=1

SGWR Similarity and Geo- Original 10-dimensional Similarity- and geographi- geo_k=300; h_attr=1.0;
graphically Weighted  covariates cally weighted local linear ~ ridge=1e-6; min n=30
Regression regression

GOS Geographically Optimal Original 10-dimensional Local similarity-weighted kappa=0.10
Similarity covariates averaging

PS Pattern Similarity Spatial pattern features (40 Local similarity-weighted top_k=12; h_pattern=3

dimensions) averaging
PSL Pattern Similarity spatial pattern features Similarity-weighted local h_x=1.0; candidate pool=70%;

Learning
learning

(40 dimensions) for local

Random Forest num.trees = 100; mtry=6; min.

node.size=5

Sensitivity Analysis of k and m Parameters

PSL showed generally low sensitivity to both the candidate-
pool proportion parameter  and the neighbourhood size
m across the tested ranges (Fig. 11). Overall, model perfor-
mance varied only slightly as the two parameters changed.
Across « = 0.05-1.00 and m=4-52, R? varied mainly
between 0.224 and 0.256, while RMSE and MAE remained
within narrow ranges of approximately 1.470-1.500 and
0.692-0.702, respectively. These results indicate that PSL is
generally stable with respect to both candidate-pool size and
neighbourhood scale, and does not rely on a narrowly tuned
parameter setting to achieve good predictive performance.

In terms of performance trends, R? increased initially and
then fluctuated slightly as « increased, with relatively high
values around « = 0.50-0.80. RMSE remained low across
most k values after k=~ 0.25, whereas MAE was relatively
stable over the middle range of x . The sensitivity to m was
also limited, although very small or very large neighbour-
hoods produced slightly less favourable results in some
metrics. Considering all three metrics together, x = 0.70
and m = 12 were retained as the final settings, providing a
good balance between predictive accuracy, locality, and sta-
bility. Very small candidate pools may provide too few local
samples for effective nonlinear learning, whereas overly
broad pools may weaken locality.

Discussion

Among all the comparative models, PSL achieved the best
overall predictive accuracy, and its improvement over RF
and PS demonstrated two advantages. First, PSL improved
R? over PS by 0.190, indicating that replacing similarity-
weighted averaging with similarity-weighted local Ran-
dom Forest learning substantially improves predictive
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performance. Although PS can identify the training samples
most relevant to the target location through similarity rank-
ing, its prediction is still essentially a weighted linear com-
bination of observed response values, making it difficult to
capture the non-linear relationships and covariate interac-
tions that govern SOC variation (Breiman 2001; Cutler et
al. 2007). In contrast, PSL retains the spatial selectivity of
PS in sample selection, and uses a local random forest to
adaptively model non-linear relationships at each prediction
location, thereby achieving higher accuracy.

The improvement of PSL over global RF mainly arises
from richer spatial pattern information and a more local-
ized training strategy. First, pattern features such as geo-
complexity and positive and negative outlier strength
encode local spatial context beyond the original covariates
(He et al. 2024; Ren et al. 2025). Different covariates may
show different degrees of local heterogeneity within the
same neighbourhood, and these differences are retained as
complementary pattern information rather than treated as
contradictions. This context is particularly useful in spa-
tial transition zones and complex areas, where it helps the
model adjust local splitting rules more effectively. Second,
PSL does not fit a single model using all training samples.
Instead, it restricts training to the candidate pool most simi-
lar to the target location, reducing sample heterogeneity and
improving local fitting. Thus, PSL’s advantage comes from
both feature expansion and similarity-guided local learning,
producing consistent improvements across validation folds
and performance metrics.

The spatial results suggest that PSL partially improved
the representation of local SOC variation and showed some
local differences in predicted SOC patterns compared with
RF. PSL residuals were also more spatially dispersed, sug-
gesting that the method partially reduced local modelling
bias under spatial heterogeneity. However, both RF and PSL
still showed range compression, with overestimation of low
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Observed versus cross-validated predicted SOC values
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Fig. 6 Observed versus cross-validated predicted SOC values for the six models. Each panel compares observed and predicted SOC values, with
the 1:1 line indicating perfect agreement. The figure summarizes prediction patterns and overall cross-validation performance across models

Validation metric improvements of PSL over the comparison models
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Fig. 7 Improvements of PSL over the comparison models in three tions, whereas the dots represent the improvement obtained in each
validation metrics: AR?, ARMSE, and AMAE. Each row corresponds individual fold. Positive values indicate better performance of PSL
to one comparison model. The horizontal bars represent the overall than the corresponding comparison model, that is, higher R? and lower
improvement calculated from the aggregated cross-validated predic- RMSE or MAE
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Fig. 10 Spatial distribution of
observed and cross-validated
predicted SOC across CONUS.
Panel A shows observed SOC,
Panels B and C show RF- and
PSL-predicted SOC, respectively,
and Panel D shows the PSL—RF
prediction difference. The figure
compares prediction patterns
rather than independently validat-
ing spatial improvement
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Table 3 Global Moran’s I test for cross-validated residuals of the six
models

Model Moran’s | p-value
SGWR 0.0734 0.001
GOS 0.1180 0.001
LM 0.1890 0.001
RF 0.1000 0.001
PS 0.1180 0.001
PSL 0.0837 0.001

SOC values and underestimation of high SOC values, which
is consistent with the known bias of Random Forest regres-
sion toward averaged predictions (Zhang and Lu 2012).
Therefore, the advantage of PSL should be interpreted as

Fig. 11 Sensitivity of PSL to

the candidate-pool proportion
parameter (k) and neighbour-
hood size (m). The three panels
show changes in cross-validated

RZ

Neighbourhood size m
4 16 28 40 52

R2, RMSE, and MAE across the 0.2601
tested ranges of k and m. Blue 0.2501
lines indicate the sensitivity to k,

and red lines indicate the sensi- T 0.240
tivity to m. The figure is used to 0.2301
assess whether PSL performance ’
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achieving the strongest overall predictive accuracy while
reducing residual spatial structure relative to RF and most
other baselines, rather than being the best model for every
individual diagnostic. The modest absolute R? also indicates
that SOC variation at the CONUS scale is strongly con-
strained by missing covariates, measurement uncertainty,
spatial scale mismatch between point SOC observations
and 1000 m predictors, and the inherent complexity of SOC
processes.

Thus, the practical value of PSL lies in its relative
improvement over RF and its spatially adaptive modelling
strategy, rather than in achieving a high absolute R?. The
main limitation of PSL is its computational cost, which
mainly comes from fitting a separate local Random Forest

Sensitivity of PSL to candidate-pool proportion (k) and neighbourhood size (m)

RMSE MAE
Neighbourhood size m Neighbourhood size m
4 16 28 40 52 4 16 28 40 52
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w 1.49 w 0.7001
o <
= =
T 1.48 0.695
1.47

690
0.05 0.29 0.52 0.76 1.00 0.05 0.29 0.52 0.76 1.00
K K
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for each prediction location. If NV is the number of training
samples, M is the number of prediction locations, n is the
number of covariates, x N is the candidate-pool size, and
B is the number of trees, the main cost approximately scales
with M {O(Nn)+ O(Bk Nlog(x N))}. However,
because the local models are independent across prediction
locations, this process can be parallelized. For larger-scale
mapping applications, efficiency could be improved through
parallelization or by reducing the candidate-pool size in
stable local environments. Future work could also incorpo-
rate richer soil, land-use, management, and process-related
covariates, or apply spatial residual correction, such as ordi-
nary kriging on PSL residuals, to further improve predictive
performance (Matheron 1963; Hengl et al. 2004).

Conclusions

This study proposed Pattern Similarity Learning (PSL) for
predicting continuous spatial variables. PSL expands the
original explanatory variables with geocomplexity and posi-
tive and negative outlier strength, and combines similarity-
based sample selection with local Random Forest learning.
Using 5-fold spatial cross-validation with 7,940 SOC obser-
vations, PSL achieved the best pooled performance among
the compared models. However, its improvement over the
tuned RF baseline was modest and not statistically signifi-
cant at the fold level. PSL also reduced residual spatial auto-
correlation relative to RF and several other baselines.
Overall, PSL provides a potentially useful spatially adap-
tive approach for continuous environmental prediction,
although its computational cost remains relatively high.
Future work should focus on improving efficiency and
incorporating residual correction or related extensions.
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