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ABSTRACT 
Explaining spatial heterogeneity typically relies on first-dimension 
covariates that describe spatial gradients. However, many geographic 
phenomena also exhibit irregular and locally extreme structures that 
are difficult to capture using smooth relationships. This study pro
posed a second-dimension outlier-driven heterogeneity (SOH) model, 
in which the first dimension refers to covariate variation across space, 
while the second dimension represents spatial pattern information 
captured from local outlier configurations. SOH derives multi-scale 
spatial outlier patterns (SOPs) using a second-dimension outlier 
model and embeds them in a stratification-detection workflow, where 
decision tree-based stratification defines strata and the geographical 
detector evaluates explanatory power via the power of determinant 
(PD). The model supports evaluation of individual effects, SOP interac
tions, and SOP-variable interactions, with assessment of scale depend
ence across neighbourhood buffers. Application of this model to 
spatial heterogeneity in Australian barley production showed that 
SOPs strengthened heterogeneity explanation relative to original vari
ables, and that SOP interactions and SOP-variable interactions yielded 
synergistic gains in PD. A scale threshold around 200 km was identi
fied, beyond which SOP-only models approached the explanatory 
performance of combined models, indicating that multi-scale SOPs 
captured broad spatial context. Overall, SOH provides a unified 
approach for incorporating outlier-driven spatial patterns into spatial 
heterogeneity analysis.
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1. Introduction

Spatial heterogeneity is a fundamental characteristic of geographical phenomena, 
describing the non-uniform distribution of attributes and processes across space 
(Pickett and Cadenasso 1995, De Marsily et al. 2005). Such heterogeneity reflects 
the combined influences of natural conditions, human activities, and their interac
tions, and has long been regarded as a central concept in geographic information 
science (GIS) and spatial analysis (Roy et al. 2024). Robust characterisation and 
explanation of spatial heterogeneity are critical for advancing the understanding of 
spatial processes, enhancing spatial prediction, and informing evidence-based deci
sion-making in domains such as environmental management, land-use planning, 
and resource allocation (Young et al. 2001; Vinatier et al. 2011). As spatial datasets 
continue to increase in volume, spatial resolution, and thematic richness, the inter
pretation of complex and heterogeneous spatial patterns has become a key meth
odological challenge (Shu et al. 2019).

Existing approaches to explaining spatial heterogeneity predominantly rely on first- 
dimension explanatory variables, namely the original covariates and their systematic 
variation in the attribute domain, typically representing broad environmental, biophys
ical, or socio-economic conditions across space (Liu et al. 2026; Turner and Chapin III, 
2005). These variables are typically incorporated into statistical or machine learning 
models to explain spatial variation in a dependent variable through global or locally 
varying relationships (Wagner and Fortin 2005, Zhang et al. 2023). Numerous studies 
have demonstrated the importance of such factors in shaping spatial heterogeneity 
across a wide range of applications, including agricultural productivity, ecosystem 
functioning, urban dynamics, and public health outcomes (Eberhardt and Teal 2013, 
Collins et al. 2018). In this framework, spatial heterogeneity is largely understood as a 
consequence of systematic variation in explanatory variables across space (Downing 
1986, Ren et al. 2025).

However, spatial systems often exhibit irregular, discontinuous, and locally extreme 
patterns that cannot be adequately captured by smooth gradients or average relation
ships alone (Zhang 2008, Cortes 2008). These patterns may arise from abrupt environ
mental transitions, localised disturbances, management interventions, or complex 
interactions among multiple processes (Zurlini et al. 2006). In practice, such irregular
ities frequently appear as spatial outliers that deviate from their surrounding neighbor
hoods to some extent (Harris et al. 2014, Sun et al. 2026). While spatial outliers are 
commonly treated as noise or anomalies to be filtered out during data preprocessing, 
growing evidence suggests that they may encode meaningful information about 
underlying spatial structures and processes (Shekhar et al. 2011).

Despite their potential importance, spatial outlier patterns have received limited 
attention in the context of explaining spatial heterogeneity (Wachowicz and Liu 2016). 
Most existing studies focus on detecting spatial outliers for quality control, anomaly 
identification, or hotspot analysis, rather than explicitly integrating outlier information 
into heterogeneity explanation frameworks (Liu et al. 2001, Wang et al. 2025). As a 
result, many components of spatial structure that are neither fully random nor well 
explained by first-dimension variables remain underexplored (Song 2022). This gap is 
particularly evident in studies that rely on global or locally weighted regression 
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frameworks, where heterogeneity is modelled primarily through coefficient variation 
rather than through representations of spatial pattern irregularities (Lu et al. 2014, 
Zhang et al. 2025).

To address this limitation, it is necessary to develop a conceptual and methodo
logical approach that treats spatial outliers not simply as model residuals or noise, but 
as informative representations of underlying spatial patterns (Cao et al. 2026). While 
the second-dimension outlier (SDO) model proposed in Ren et al. (2026) provides a 
means of identifying multi-scale spatial outlier patterns, that study was primarily con
cerned with pattern detection rather than heterogeneity explanation. Building on that 
foundation, the present study extends the role of second-dimension outlier informa
tion from spatial pattern identification to spatial heterogeneity explanation (Yang et al. 
2025). From this perspective, spatial heterogeneity can be understood as arising from 
both variation in attribute values and structural complexity in spatial configurations 
(Walter et al. 2023). Therefore, spatial outlier patterns provide a complementary way 
to capture local discontinuities, extreme behaviors, and unusual spatial configurations, 
which are difficult to represent using covariates alone.

In this study, we proposed the second-dimension outlier-driven heterogeneity 
(SOH) model to incorporate spatial outlier patterns into spatial heterogeneity analysis. 
SOH derives multi-scale spatial outlier patterns from the second-dimension outlier 
model and uses them as second-dimension explanatory components that complement 
conventional covariates. By combining CART-based stratification with the geographical 
detector, SOH quantifies the explanatory power of original variables, spatial outlier 
patterns, and their interactions through the power of determinant (PD). This design 
provides an operational pipeline for evaluating individual effects, interaction effects, 
and scale-dependent behavior of spatial patterns within a unified heterogeneity- 
explanation model. Distinct from the earlier SDO model, which primarily focuses on 
spatial outlier identification, SOH extends second-dimension outlier information 
towards spatial heterogeneity explanation. We demonstrated the model through an 
application to Australian barley production, showing how spatial outlier patterns and 
their interactions with environmental variables can reveal additional explanatory struc
ture across multiple spatial scales.

2. Spatial outlier pattern for explaining heterogeneity

2.1. Concept of the second-dimension outlier-driven heterogeneity (SOH) model

The second-dimension outlier-driven heterogeneity (SOH) model provides a general 
approach for explaining and quantifying spatial heterogeneity by incorporating local
ized spatial outliers into heterogeneity analysis. Previous approaches typically charac
terize heterogeneity through first-dimension spatial variation, in which spatial 
differences in a dependent variable are attributed to corresponding variations in 
explanatory factors. In many geospatial contexts, however, heterogeneity is also 
shaped by irregular and locally anomalous structures that are not adequately repre
sented by smooth gradients or global relationships.

SOH addresses this limitation by introducing a second dimension of spatial informa
tion derived from a second-dimension outlier (SDO) model (Ren et al. 2026). In SOH, 
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SDO outputs are regarded as spatial outlier patterns (SOPs) that describe the configur
ation and intensity of local anomalies relative to surrounding neighborhoods. These 
SOPs are then integrated into a heterogeneity-explaining workflow to compute a 
power of determinant (PD) statistic, which quantifies the explanatory strength of pre
dictors in accounting for the spatial heterogeneity of the dependent variable. SOH 
adopts a two-stage strategy that couples decision tree-based stratification with the 
geographical detector (GD) (Wang et al. 2010, Song et al. 2020). A CART regression 
tree is first used to divide observations into data-adaptive strata based on SOP- 
informed predictors, and the resulting strata are subsequently evaluated within GD to 
estimate PD (Lewis et al. 2000). By considering both factor-driven variation and outlier- 
driven spatial structure, SOH can better represent anomaly-related spatial heterogen
eity in different geospatial contexts.

2.2. SOH model

Figure 1 illustrates the conceptual workflow of the SOH model. Building on the con
ceptual discussion in Section 2.1, this subsection formalizes the model by defining the 
original variables, constructing spatial outlier patterns (SOPs) across multiple neighbor
hood scales, and linking these patterns to heterogeneity explanation through CART- 
based stratification and the geographical detector.

Let the original spatial variable be defined as

X ¼ fxig
n
i¼1 (1) 

where xi denotes the value of X observed at spatial unit i, and n is the total number 
of spatial units in the study domain.

Similarly, the response variable is represented as

Y ¼ fyig
n
i¼1 (2) 

where yi denotes the corresponding outcome measured at spatial unit i. All variables 
are defined on a common spatial support to ensure consistency in subsequent hetero
geneity analysis.

Figure 1. Conceptual framework of the second-dimension outlier-driven heterogeneity (SOH) 
model.
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To characterize spatial patterns beyond first-dimension covariate variation, the SOH 
model defines a spatial pattern variable W as a collection of multi-scale second-dimen
sion outlier components derived from X (Ren et al. 2026):

W ¼ [
r2R

X

v2N rðuÞ

OþðX , vÞI OþðX , vÞ > s
� �

,
X

v2N rðuÞ

O−ðX , vÞI O−ðX , vÞ < −sð Þ
� �

(3) 

where W is the spatial pattern variable composed of second-dimension outlier compo
nents across multiple spatial scales; R ¼ fr1, r2, :::, rkg represents a predefined set of neigh
bourhood buffer radii used to capture spatial patterns at different scales; N rðuÞ is the 
spatial neighbourhood centred at target spatial unit u with buffer radius r, and v indexes 
spatial units located within N rðuÞ: OþðX , vÞ and O−ðX , vÞ represent the positive and nega
tive outlier components of the explanatory variable X at location v, respectively, which 
quantify upward and downward deviations from the local neighborhood distribution 
derived using the second-dimension outlier model. Ið�Þ is an indicator function that equals 
1 when the condition is satisfied and 0 otherwise, and s denotes the outlier threshold used 
to distinguish significant local deviations from the neighborhood distribution.

In practice, the positive and negative outlier components in Equation (3) are com
puted using the SDO model (Ren et al. 2026). For a given explanatory variable and 
neighborhood buffer, local outliers are identified by comparing values at surrounding 
unsampled locations with the neighborhood distribution around the target location. 
Positive and negative outliers are defined as values greater than x þ 2r and smaller 
than x − 2r; respectively, which corresponds to using s ¼ 2r as the outlier threshold 
in Equation (3). This threshold follows the original SDO formulation and provides a 
relatively conservative criterion for retaining pronounced local deviations while avoid
ing the inclusion of minor neighborhood fluctuations as outlier signals. More generally, 
s can be treated as an adjustable parameter that controls the strictness of local outlier 
identification; depending on the spatial structure, noise level, and scale of a given 
dataset, alternative values such as 1:5r; 2r; or 2:5r may be used to define different 
levels of local outlier intensity. For each buffer radius, the values of positive and nega
tive outliers are accumulated separately to derive positive and negative outlier inten
sities. Repeating this procedure across multiple neighborhood buffers yields a set of 
multi-scale positive and negative outlier variables, which are then used to construct 
the spatial outlier pattern (SOP) representation in the SOH model.

For each spatial unit i, the corresponding spatial pattern set Wi is expressed as

Wi ¼ Oðr1Þ

þ, i , Oðr1Þ

−, i , Oðr2Þ

þ, i , Oðr2Þ

−, i , :::, OðrkÞ

þ, i , OðrkÞ

−, i

n o

(4) 

where OðrÞþ, i and OðrÞ−, i represent the positive and negative outlier summaries for spatial 
unit i at neighborhood scale r, respectively. Collectively, Wi represents the set of multi- 
scale second-dimension outlier summaries associated with X for spatial unit i.

To incorporate spatial pattern information into heterogeneity explanation, SOH 
adopts a stratification–detection strategy. Let

ZðWÞ ¼ fzðWÞi g
n
i¼1 (5) 

denote a categorical stratification variable induced by the spatial pattern set W; where 
zðWÞi 2 f1, 2, :::, Lg indicates the stratum to which spatial unit i is assigned, and L is the 
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total number of strata. In practice, ZðWÞ is obtained via a data-driven stratification pro
cedure using a CART regression tree implemented with the rpart package in R 
(Quinlan 1996). In this study, the tree was fitted with a complexity parameter of cp ¼
0:01; while the remaining tree-growing parameters followed the default rpart set
tings. The number of strata L was not fixed in advance; instead, it was determined 
adaptively by the number of terminal nodes produced by the fitted tree for a given 
predictor configuration. This procedure was applied consistently throughout the PD 
calculations for individual variables, SOPs, and their interaction-based combinations. 
Here, the CART model is used as a data-adaptive stratification tool for constructing 
categorical partitions in the heterogeneity analysis, rather than as a predictive model 
for out-of-sample generalization.

Based on the stratification variable ZðWÞ induced by W; the GD model is employed 
to quantify the explanatory power of the resulting strata (Wang et al. 2010, Song et al. 
2020), yielding the power of determinant (PD) defined as

PD ¼ XW ¼ 1 −
PL

h¼1NðWÞh � r
2ðWÞ
h

NðWÞ � r2ðWÞ
(6) 

where XW is the proportion of the total spatial variance explained by the stratification 
induced by W; NðWÞh is the number of spatial units in the h-th stratum, NðWÞ ¼
PL

h¼1 NðWÞh is the total number of spatial units, r
2ðWÞ
h is the within-stratum variance, 

and r2ðWÞ is the overall variance across the entire study area.
A larger PD value indicates that the stratification induced by the spatial pattern 

variable W yields stronger between-stratum differentiation relative to within-stratum 
variability, and thus provides greater explanatory power for spatial heterogeneity in 
the dependent variable Y.

Within the SOH model, PD can be consistently evaluated under different predictor 
configurations, including original covariates (X), spatial pattern variables (W), and their 
combinations (X [W). Moreover, PD values can be computed for joint predictor sets 
to assess interaction effects between multiple spatial patterns or between spatial pat
terns and original variables, enabling a unified and extensible model for explaining 
complex spatial heterogeneity.

3. SOH-based explanation of spatial heterogeneity in Australian barley 
production

3.1. Study area and data

Australia is a major contributor to global cereal production and ranked second world
wide in barley output in 2023, with a total production of 13,491,375 tonnes (Food and 
Agriculture Organization of the United Nations (FAO) 2025). As an economically impor
tant cereal crop, barley is extensively cultivated across Australia’s temperate broadacre 
farming zones and exhibits pronounced spatial heterogeneity driven by climatic vari
ability, soil properties, topographic conditions, and vegetation dynamics. These charac
teristics make Australian barley production a representative case for investigating 
spatial heterogeneity in agricultural systems.
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Barley cultivation in Australia is spatially concentrated within a contiguous agricul
tural belt spanning eastern and central regions, where cropping systems are well 
established and yield gradients are clearly structured at regional scales. Accordingly, 
this study focuses on the major barley-producing areas of New South Wales (NSW), 
Victoria (VIC), Queensland (QLD), and South Australia (SA), where barley production is 
more spatially concentrated and regionally connected. Barley production data for the 
2023–2024 growing season were obtained from the Australian Bureau of Statistics 
(ABS) at the Statistical Area Level 2 (SA2) (Australian Bureau of Statistics, 2025). SA2 
was adopted as the analysis unit because the response variable was reported at that 
scale, allowing consistent integration with the explanatory variables. We acknowledge 
that the use of SA2-level areal units may introduce MAUP-related effects, which are 
further discussed in Section 5. Figure 2 presents the spatial distribution of barley pro
duction across Australia during 2023–2024. In this study, barley production refers to 
production normalized by the projected area of each SA2 polygon and was used as 
the response variable in subsequent analyses. It is reported in ton/km2 to remain con
sistent with the GIS-based areal analysis and the terminology used in the original ABS 
dataset.

The explanatory variables considered in this study represent key environmental 
determinants of barley production and are grouped into four categories: climate (C1), 
topography (C2), soil properties (C3), and vegetation dynamics (C4) (Table 1). These 
category labels (C1-C4) are used throughout the analysis to facilitate category-level 
stratification, interaction assessment, and interpretation of spatial heterogeneity. 
Climate variables include air temperature (AT), total precipitation (TP), and vapour 
pressure deficit (VPD), derived from the ERA5-Land reanalysis dataset released by the 

Figure 2. Spatial distribution of barley production normalised by SA2 polygon area (ton/km2) 
across Australia and the study area. The blue boundary delineates the study area analysed in this 
study.
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Copernicus Climate Change Service, with a native spatial resolution of 0:1
�

(Mu~noz 
Sabater 2019). Topographic structure is represented by elevation (ELE), obtained from 
Geoscience Australia’s Smoothed Digital Elevation Model (DEM-S) at a 30 m resolution 
(Geoscience Australia 2015). Soil physicochemical properties, including soil organic car
bon (SOC), total nitrogen (NTO), total phosphorus (PTO), soil pH (CaCl2) (pHc), and 
available water capacity (AWC), were sourced from the Soil and Landscape Grid of 
Australia (SLGA). This dataset was produced by CSIRO and provided at an approximate 
spatial resolution of 92.77 m (Viscarra Rossel et al. 2014). Vegetation dynamics were 
characterised using the MOD13A2 Version 6.1 NDVI product (Didan 2021) and the 
MOD17A3HGF Version 6.1 net primary production (NPP) product (Running and Zhao 
2021). Actual evapotranspiration (ETa) was obtained from the CSIRO TERN/AET/ 
CMRSET Landsat V2.2 product at a 30 m resolution, representing a high-resolution eco
hydrological indicator of surface water balance (Guerschman et al. 2022).

All explanatory variables were accessed through the Google Earth Engine (GEE) data 
catalogue, ensuring consistent data acquisition and preprocessing workflows. To achieve 
strict spatial interoperability across datasets with differing native resolutions and coord
inate systems, all layers were reprojected to the GDA_1994_Australia_Albers 
coordinate system (EPSG:3577). The resulting spatial patterns of the explanatory varia
bles across the study area are shown in Figure 3. Spatial resampling and harmonisation 
procedures were then applied to generate a unified analytical grid, enabling coherent 
integration of all predictor surfaces in the subsequent spatial heterogeneity modelling.

3.2. Experimental design

Figure 4 illustrates the case-study workflow used to implement and evaluate the SOH 
model. Following the input of original spatial variables into the SOH model, the ana
lysis consists of five sequential steps, including SOP distribution analysis, PD estimation 
for individual variables and SOPs, interaction analysis, and model validation.

Before these analytical steps, original spatial variables representing climatic, topo
graphic, soil, and vegetation conditions were preprocessed to ensure spatial consist
ency. All variables were resampled to a common spatial grid and coordinate system, 

Table 1. A summary of explanatory variables that potentially affect spatial disparities of barley 
production.
Category Variable Code Product Resolution

Climate (C1) Air temperature AT ERA5_Land 0:1
�

Total precipitation TP ERA5_Land 0:1
�

Vapour pressure deficit VPD ERA5_Land 0:1
�

Topography (C2) Elevation ELE DEM-S (Geoscience Australia) 30 m
Soil properties (C3) Soil organic carbon SOC CSIRO/SLGA 92.77 m

Total nitrogen NTO CSIRO/SLGA 92.77 m
Total phosphorus PTO CSIRO/SLGA 92.77 m
Soil pH (CaCl2) pHc CSIRO/SLGA 92.77 m
Available water capacity AWC CSIRO/SLGA 92.77 m

Vegetation (C4) Normalized difference  
vegetation index

NDVI MOD13A2 V6.1 1 km

Net primary production NPP MOD17A3HGF V6.1 500 m
Evapotranspiration ETa TERN/AET/CMRSET Landsat V2.2 30 m
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Figure 3. Spatial distribution of explanatory variables for barley production in southeastern 
Australia. (a)-(c) Climate: air temperature (AT), total precipitation (TP), and vapour pressure deficit 
(VPD); (d) Topography: elevation (ELE); (e)-(i) Soil properties: soil organic carbon (SOC), total nitro
gen (NTO), total phosphorus (PTO), soil pH (CaCl2) (pHc), and available water capacity (AWC); (j)-(l) 
Vegetation: normalized difference vegetation index (NDVI), net primary production (NPP), and 
evapotranspiration (ETa).

Figure 4. Schematic workflow of SOH modelling for spatial heterogeneity analysis.
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and descriptive spatial distributions were examined to characterize baseline spatial 
variability across the study area. In addition, global spatial autocorrelation of the 
response variable was assessed using the univariate Moran’s I statistic in GeoDa, based 
on a first-order queen-contiguity spatial weights matrix derived from the SA2 polygons 
and 999 random permutations.

First, spatial outlier patterns (SOPs) were generated for each original variable using 
the second-dimension outlier (SDO) model. For each neighborhood buffer, positive and 
negative local outliers were identified relative to the neighborhood distribution using a 
mean 6 2 standard deviation criterion, and their values were accumulated separately to 
derive positive and negative outlier intensities. SOPs were constructed across multiple 
neighborhood buffer radii to capture local-to-broad spatial anomaly structures. In the 
case study, buffer radii from 20 km to 200 km at 20 km intervals were used for the main 
SOP analysis, allowing systematic evaluation of SOP behavior from relatively local to 
broader neighborhood contexts. The spatial distributions of SOPs were then mapped to 
visualize how spatial outlier signals evolve with increasing neighborhood extent.

Second, PD values were calculated for individual original variables and individual 
SOPs using the GOZH model, which combines decision tree-based stratification and 
geographical detector analysis. This step enables comparison between first-dimension 
explanatory variables and second-dimension spatial outlier patterns in terms of their 
individual explanatory power.

Third, interactions among SOPs were systematically examined to assess whether 
combinations of spatial outlier patterns provide enhanced explanatory power for spa
tial heterogeneity. PD values were computed for all pairwise SOP interactions as well 
as for interactions among SOP categories, enabling the identification of dominant syn
ergistic pattern combinations.

Fourth, interactions between SOPs and original spatial variables were evaluated to 
explore how spatial patterns complement first-dimension covariate information. PD 
values were calculated for pairwise combinations of SOPs and original variables, as 
well as for interactions between their corresponding categories. This step explicitly 
tests whether incorporating spatial outlier patterns improves the explanatory strength 
of conventional spatial variables.

Finally, model validation was conducted to assess the robustness and added value 
of the SOH model. Differences in PD between original variables and their SOP-aug
mented counterparts were examined at both the individual-variable and category lev
els. In addition, overall PD values were evaluated under three scenarios, namely 
original variables only, SOPs only, and the combination of original variables and SOPs, 
and their sensitivity to neighborhood buffer size was systematically analyzed. This val
idation step ensures that the observed improvements in explanatory power are sys
tematic, stable, and not confined to a single predictor setting or spatial scale.

4. Results

4.1. Spatial autocorrelation of the response variable

Global Moran’s I analysis indicated that the response variable exhibited strong and 
statistically significant positive spatial autocorrelation (Moran’s I¼ 0.692, pseudo 
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p-value ¼ 0.001, z-value ¼ 13.414; Figure 5). This result indicated that neighboring 
SA2 units tended to have similar barley production values, confirming pronounced 
spatial structure in the response variable and providing a basis for further examining 
how spatial outlier patterns contribute to heterogeneity explanation.

4.2. Spatial distribution of SOPs

Figure 6 presents the spatial outlier patterns (SOPs) of the three explanatory variables 
with the highest power of determinant (PD), namely air temperature (AT), vapor pres
sure deficit (VPD), and soil pH (pHc), evaluated across neighborhood buffer radii rang
ing from 20 km to 200 km at 20 km intervals. Within each panel, the first and second 
rows display positive spatial outlier patterns (SOPþ), while the third and fourth rows 
display negative spatial outlier patterns (SOP−).

Across all three variables, the magnitude and spatial extent of SOPs increased pro
gressively with larger neighbourhood buffers, indicating a strengthening of spatial out
lier signals as broader contextual information is incorporated. For AT, positive spatial 
outlier patterns (SOPþ) were primarily concentrated in southeastern Queensland (QLD), 
southern South Australia, and western New South Wales (NSW) near the margins of 
the barley belt, whereas negative patterns (SOP−) were mainly observed in southeast
ern QLD, northern Victoria (VIC), and both the northern and southern parts of NSW. 
The spatial configuration of SOPs derived from VPD exhibited a broadly similar pattern 
to that of AT, suggesting a shared climatic control on their spatial anomaly structures.

In contrast, pHc displayed a distinct spatial organization of outlier patterns. Positive 
SOPs were predominantly concentrated in southern VIC and southeastern New South 
Wales, while negative SOPs were mainly distributed across northwestern Victoria and 
western South Australia. The distribution of SOPs indicated that the spatial outlier pat
terns of different variables were distinct, reflecting their different roles in influencing 
the spatial heterogeneity of barley production.

Figure 5. Global Moran’s I diagnostic for SA2-level barley production. (a) Moran scatter plot show
ing the relationship between standardised barley production and its spatial lag. (b) Reference distri
bution based on 999 random permutations, indicating significant positive spatial autocorrelation in 
the response variable.
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Figure 6. Spatial distribution of second-dimension outlier patterns (SOPs) for the three explanatory 
variables with the highest PD values in barley production spatial heterogeneity.
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4.3. Power of determinant (PD) of individual SOPs

Figure 7 presents the PD values of individual original variables and their correspond
ing SOPs. Among the original variables (Figure 7 (a)), air temperature (AT) showed the 
highest explanatory power (PD ¼ 0.335), followed by vapour pressure deficit (VPD; PD 
¼ 0.208) and soil pH (pHc; PD ¼ 0.205), whereas most soil and vegetation variables 
exhibited relatively low PD values (generally below 0.15). In contrast, the correspond
ing SOPs (Figure 7 (b)) displayed higher PD values for most variables, with SOP.pHc 
(PD ¼ 0.467), SOP.SOC (PD ¼ 0.415), SOP.PTO (PD ¼ 0.318), and SOP.NDVI (PD ¼
0.312) ranking as the strongest individual determinants. Only SOP.AT (PD ¼ 0.257) and 
SOP.VPD (PD ¼ 0.084) exhibited lower or comparable explanatory power relative to 
their original counterparts. These results indicated that spatial outlier patterns 
enhanced the individual explanatory strength of most environmental variables, par
ticularly soil- and vegetation-related factors.

4.4. Interactions among SOPs

Figure 8 (a) illustrates the pairwise interactions among individual SOPs in terms of 
their PD values, while Table 2 summarizes the top ten SOP-SOP interactions. Overall, 
SOP interactions exhibited substantially higher explanatory power than individual 
SOPs, indicating strong synergistic effects among spatial outlier patterns. Among all 
pairs, interactions involving soil pH-related SOPs dominated the upper range of PD 
values. In particular, SOP.AT-SOP.pHc achieved the highest PD value (0.624), followed 
by SOP.ELE-SOP.pHc (0.610) and SOP.TP-SOP.pHc (0.599). Additional high-ranking inter
actions included SOP.pHc with ETa (0.591), AWC (0.588), SOC (0.583), and NTO (0.578), 
demonstrating that pHc-related spatial outlier patterns dominated in structuring het
erogeneity through interactions.

Figure 8 (b) further aggregates SOP interactions at the category level, revealing 
consistent patterns across SOP groups, where SOP.C1-SOP.C4 correspond to climate, 

Figure 7. PD values of individual original variables and their corresponding spatial outlier patterns 
(SOPs) for explaining spatial heterogeneity in barley production. (a) shows PD values of individual 
original variables, while (b) presents PD values of the corresponding individual SOPs.
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topography, soil properties, and vegetation categories, respectively. Pairwise interac
tions between SOP categories exhibited PD values ranging from 0.544 to 0.686, all 
exceeding those of most individual SOPs. The strongest interaction was observed 
between SOP.C1 and SOP.C3 (PD ¼ 0.686), followed by SOP.C3-SOP.C4 (0.666) and 
SOP.C2-SOP.C3 (0.663). In contrast, interactions involving SOP.C2 and SOP.C4 generally 
yielded comparatively lower PD values. These results indicated that SOP interactions 
not only enhanced explanatory power at the variable level, but also showed consistent 
interaction structures at the category level. This suggests that the explanatory role of 
outlier-driven spatial patterns is better understood through their joint configurations 
rather than through isolated effects alone.

4.5. Interactions between SOPs and original spatial variables

Figure 8 (c) presents the interaction effects between individual original variables and 
SOPs in terms of PD values, while Table 3 lists the top 30 variable-SOP interactions 
ranked by explanatory power. Overall, interactions between original variables and 
SOPs consistently yielded higher PD values than most individual variables or SOPs 
alone, highlighting the importance of jointly considering first- and second-dimension 
spatial information. The strongest interactions were dominated by climate-related 

Figure 8. Power of determinant (PD) of interactions among spatial outlier patterns (SOPs) and 
between SOPs and original spatial variables for explaining spatial heterogeneity in barley produc
tion. (a) shows PD values of pairwise interactions among individual SOPs, (b) presents PD values of 
interactions among SOP categories, (c) illustrates PD values of pairwise interactions between indi
vidual original variables and SOPs, and (d) displays PD values of interactions between original vari
able categories and SOP categories.
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variables, particularly air temperature (AT) and vapor pressure deficit (VPD). The high
est PD value was observed for AT-SOP.AT (0.603), followed by AT-SOP.NDVI (0.591) 
and AT-SOP.PTO (0.587). Similarly, VPD exhibited strong interactions with multiple 
SOPs, including SOP.AT (0.574), SOP.NDVI (0.572), and SOP.NPP (0.570). Interactions 
involving SOP.pHc also appeared frequently among the top-ranked combinations, 
such as AT-SOP.pHc (0.565), VPD-SOP.pHc (0.564), and TP-SOP.pHc (0.543).

It is worth noting that the highest-ranked variable–SOP interaction, AT–SOP.AT, 
should not be interpreted as a trivial self-combination. AT captures the original 
first-dimension magnitude of air temperature, whereas SOP.AT represents its 
second-dimension spatial anomaly pattern relative to the surrounding neighbor
hood context. Their joint effect therefore reflects the combined explanatory contri
bution of variable level and spatial configuration. At the same time, the fact that 
some SOP–SOP interactions, such as SOP.AT–SOP.pHc and SOP.ELE–SOP.pHc, yield 
higher PD values than AT–SOP.AT suggests that interactions among second-dimen
sion spatial patterns can, in some cases, provide even stronger explanatory power 
than variable–pattern combinations.

Figure 8 (d) further summarizes interaction effects at the category level, showing 
variations in explanatory power across different variable-SOP category combinations. 
Interactions involving Variable.C1 and SOP.C3 exhibit the highest PD values, reaching 
up to 0.72, whereas interactions associated with SOP.C2 generally display lower 

Table 2. Top 10 pairwise interactions among spatial outlier patterns (SOPs) ranked by power of 
determinant (PD).
SOP SOP qv Sig.

AT pHc 0.624 7:98� 10−10

ELE pHc 0.610 6:08� 10−10

TP pHc 0.599 6:59� 10−10

pHc ETa 0.591 5:84� 10−10

pHc AWC 0.588 6:63� 10−10

SOC pHc 0.583 8:66� 10−10

NTO pHc 0.578 1:00� 10−9

pHc NPP 0.566 5:91� 10−10

PTO pHc 0.549 8:72� 10−10

SOC NDVI 0.539 9:51� 10−10

Table 3. Top 30 interactions between original spatial variables and spatial outlier patterns (SOPs) 
ranked by power of determinant (PD).
Variable SOP qv Sig. Variable SOP qv Sig.

AT AT 0.603 6:54� 10−10 NTO pHc 0.520 5:28� 10−10

AT NDVI 0.591 7:42� 10−10 AT VPD 0.518 9:14� 10−10

AT PTO 0.587 8:61� 10−10 VPD PTO 0.513 6:26� 10−10

VPD AT 0.574 5:64� 10−10 ELE pHc 0.504 6:45� 10−10

VPD NDVI 0.572 9:21� 10−10 VPD TP 0.503 7:40� 10−10

VPD NPP 0.570 6:60� 10−10 SOC pHc 0.490 5:58� 10−10

AT AWC 0.567 7:88� 10−10 NPP pHc 0.489 8:92� 10−10

AT pHc 0.565 4:79� 10−10 pHc AWC 0.488 7:06� 10−10

VPD pHc 0.564 9:24� 10−10 AWC pHc 0.481 8:44� 10−10

VPD SOC 0.557 5:75� 10−10 AT NTO 0.476 7:61� 10−10

AT NPP 0.556 6:80� 10−10 VPD NTO 0.474 4:80� 10−10

pHc pHc 0.548 6:74� 10−10 ELE SOC 0.473 7:64� 10−10

TP pHc 0.543 8:13� 10−10 pHc SOC 0.472 9:20� 10−10

AT TP 0.542 5:51� 10−10 AT ELE 0.471 7:66� 10−10

AT SOC 0.532 9:07� 10−10 VPD AWC 0.468 8:29� 10−10
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explanatory power, with PD values as low as 0.24. Across all categories, interactions 
between original variable groups and SOP categories consistently enhance PD values 
relative to individual components, indicating that second-dimension spatial outlier pat
terns provide complementary information that strengthens heterogeneity explanation 
when integrated with conventional spatial variables.

4.6. Model validation

The effectiveness of incorporating SOPs was first assessed at both the individual variable 
and category levels. Figure 9 (a,c) compare the PD values obtained using original varia
bles (or categories) alone with those obtained after integrating SOPs, while (b) and (d) 
explicitly quantify the PD gains attributable to SOPs. For individual variables, the inclu
sion of SOPs led to consistent and substantial improvements in explanatory power, with 
PD increases generally exceeding 0.2 and reaching up to approximately 0.40 for variables 
such as SOC, TP, and pHc. Similar enhancement patterns were observed at the category 

Figure 9. Comparison of power of determinant (PD) values between original variables (or catego
ries) and their SOP-enhanced counterparts. (a) PD values of individual original variables and corre
sponding Variableþ SOP models. (b) PD differences between Variableþ SOP and original Variable 
models, highlighting the contribution of SOPs. (c) PD values of variable categories with and with
out SOP integration. (d) PD differences between Categoryþ SOP and original Category models.
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level. All four variable categories exhibited marked increases in PD after incorporating 
SOPs, with the magnitude of improvement varying across categories. In particular, PD 
increases of approximately 0.248 and 0.380 were observed for categories C2 and C4, 
respectively, indicating a substantial gain in explanatory power. Categories C1 and C3 
also showed consistent improvements, although with comparatively smaller magnitudes. 
These results demonstrated that SOPs systematically strengthened the ability of both 
individual variables and aggregated categories to explain spatial heterogeneity, rather 
than benefiting only a limited subset of predictors.

At an overall level, comparisons among different predictor configurations further 
confirmed the robustness of the SOH model (Figure 10 (a)). When three scenarios 
were considered, including SOP-only predictors (A1), combined SOP and original pre
dictors (A2), and original predictors alone (A3), the combined scenario consistently 
achieved the highest PD value (PD ¼ 0.716). This indicated that SOPs provided com
plementary spatial information beyond that contained in original variables. Notably, 
the PD value obtained using SOPs alone is comparable to, and slightly higher than, 
that of original variables alone, suggesting that spatial outlier patterns by themselves 
already capture a substantial portion of the spatial heterogeneity structure.

Figure 10 (b) shows how PD values changed with increasing neighbourhood buffer 
radius used to construct SOPs. For buffer sizes below approximately 200 km, the PD of 
the combined model using original variables and SOPs remained consistently high and 
increased gradually, while the PD of the SOP-only model rose rapidly with increasing buf
fer size. In contrast, the PD of original variables remained constant because it was inde
pendent of spatial scale. Beyond a buffer radius of around 200 km, both the SOP-only 
model and the model combining original variables and SOPs exhibited stabilised PD val
ues with only minor fluctuations, indicating the presence of a scale threshold. This transi
tion suggested that SOPs progressively integrated broader spatial context as buffer size 
increased, and that beyond this threshold the SOPs already encapsulated sufficient spa
tial information, including information implicitly related to original variables, to explain 
spatial heterogeneity effectively on their own. Together, these results confirmed the 

Figure 10. Overall performance and scale sensitivity of the second-dimension outlier-driven hetero
geneity (SOH) model. (a) Comparison of PD values for three scenarios: all SOP variables (A1), all 
SOP variables combined with original variables (A2), and all original variables alone (A3). (b) 
Variation of PD values across neighbourhood buffer radius for original variables, SOP-only models, 
and combined Originalþ SOP models.
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robustness of the SOH model and highlighted its capacity to bridge local and global spa
tial heterogeneity through multi-scale spatial outlier patterns.

5. Discussion

This study advanced spatial heterogeneity analysis by treating spatial outlier patterns 
as explanatory descriptors rather than as noise or post-hoc diagnostic signals. 
Conventional approaches often explain heterogeneity through first-dimension covari
ates that describe smooth gradients or systematic differences across space (De Marsily 
et al. 2005, Zhang et al. 2026). The SOH model extends this view by incorporating 
second-dimension spatial information, where SOPs encode the direction, intensity, and 
neighbourhood context of local deviations. Unlike LISA-type indicators, which are 
mainly used to diagnose local spatial autocorrelation (Li et al. 2021), SOPs are con
structed as stratification-ready explanatory variables that can be directly incorporated 
into heterogeneity detection. Methodologically, SOH therefore provides a stratifica
tion–detection model that links spatial pattern construction with geographical 
detector-based explanation, while avoiding the need to specify a regression response 
model. At the same time, PD should not be interpreted as predictive performance or 
causal effect. It measures the extent to which a given spatial partition accounts for 
variance in the response variable, and its value is influenced by the constructed strata 
and the spatial structure of the data.

The barley production case illustrated why such pattern-based information can add 
explanatory value. Original variables represent the magnitude of environmental condi
tions, whereas SOPs capture local deviations and neighborhood contrasts. This distinc
tion helps explain why SOPs often produced higher PD values than the corresponding 
original variables. In agricultural systems, yield heterogeneity is rarely governed only 
by smooth gradients in climate, soil, or vegetation conditions; it is also shaped by local 
anomalies, abrupt transitions, and clustered contrasts that affect crop responses to sur
rounding environmental conditions (Shi and Xingguo 2011). In this sense, the perform
ance of SOPs suggests that barley production heterogeneity in the study area is 
structured not only by factor intensity, but also by the spatial organisation and con
textual contrast of those factors.

A particularly important empirical finding was the dominant role of pHc-related 
SOP interactions. In Table 2, nearly all of the highest-ranked SOP–SOP interactions 
involve SOP.pHc, suggesting that soil pH anomalies act as an organising component 
in the broader heterogeneity structure of the barley belt. Agronomically, soil pH regu
lates nutrient availability, root development, and microbial processes, and therefore 
affects crop growth through multiple pathways (Barrow and Hartemink 2023). Spatially 
anomalous pH conditions may also reflect broader contrasts in soil condition, weather
ing status, hydrological processes, and agronomic suitability. Their interactions with cli
matic, topographic, soil, and vegetation-related SOPs likely capture coupled anomaly 
structures among soil chemical constraints, water–energy conditions, and crop 
response (Xing et al. 2025). The scale threshold around 200 km further indicates that 
SOPs are scale-dependent rather than arbitrary. Smaller buffers mainly capture local 
anomaly structures, whereas increasing buffer size progressively incorporates broader 
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regional context. The stabilisation of PD values beyond approximately 200 km suggests 
that, in this study area, the main meso-scale spatial structure relevant to barley hetero
geneity has largely been captured by that point.

Several limitations should be noted. First, the response variable shows significant 
positive spatial autocorrelation, indicating that neighbouring SA2 units are not fully 
independent. This may increase apparent between-stratum differentiation and affect 
the magnitude of PD values. Therefore, PD should be interpreted as stratification- 
based explanatory differentiation under spatially structured data, rather than as a spa
tially independent or causal estimate. Second, the use of SA2-level areal units may 
introduce MAUP-related effects. Larger rural SA2 units may smooth within-unit variabil
ity and weaken fine-scale anomaly signals, so the results should be understood as 
SA2-level heterogeneity patterns rather than field-scale agronomic relationships. 
Finally, the SOH model is most suitable for systems with meaningful local anomaly 
structures, while its added value may be more limited in smoother spatial systems. 
The threshold parameter s can also be adjusted according to the spatial structure, 
noise level, and analytical scale of the data.

6. Conclusions

This study proposed a second-dimension outlier-driven heterogeneity (SOH) model 
that incorporates spatial outlier patterns as informative descriptors for explaining spa
tial heterogeneity. SOH extends heterogeneity analysis beyond first-dimension 
covariate variation by deriving multi-scale spatial outlier patterns (SOPs) from a 
second-dimension outlier model and integrating them into a stratification-detection 
pipeline. The case study on Australian barley production demonstrated that SOPs 
enhanced explanatory power at both the individual-variable and interaction levels, 
and that their contributions were robust across spatial scales, with a clear transition 
from local to global heterogeneity around a neighborhood threshold. These findings 
highlighted the importance of spatial pattern irregularities in shaping heterogeneity 
and showed that spatial outliers can be transformed from anomalies into meaningful 
explanatory features. While the current model focuses on environmental drivers and a 
single agricultural application, future work could extend SOH to other domains, 
incorporate temporal dynamics, and explore adaptive scale selection strategies to fur
ther improve the interpretation of complex spatiotemporal heterogeneity.
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