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ABSTRACT

Spatial stratified heterogeneity (SSH) is a prevalent characteristic of geospatial data, which can be effectively modeled and ana-

lyzed using the geographical detector and other models from the SSH family. Various related models have been developed,
focusing primarily on spatial data discretization, addressing spatial dependence, and capturing complex spatial interactions.
Moreover, models incorporating discrete dependent variables have also emerged. These diverse models significantly enhance
the ability to analyze and model SSH. However, the lack of a comprehensive and user-friendly software tool has greatly limited

their broader application in geospatial analysis and environmental modeling. To address this gap, an R package gdverse has been

developed to integrate various SSH models, leveraging R's rich statistical and spatial data processing capabilities while natively

supporting multicore parallel computing in the widely used R environment. A case study on the determinants of trace element
Zn demonstrates the application of the gdverse package, showcasing its effectiveness and convenience.

1 | Introduction

Spatial stratified heterogeneity (SSH) refers to the geographi-
cal phenomenon in which attributes within the same stratum
exhibit greater similarity to each other than to those in other
strata. Widely observed in the natural world, this phenomenon
provides valuable insights into the underlying drivers of natu-
ral processes, highlighting that the natural world is not entirely
random (Wang et al. 2016, 2024; Guo et al. 2022). Building upon
this concept, Wang et al. (2010) employed the sum of squares and
introduced the q value to assess the similarity within and be-
tween strata, a key innovation that led to the development of the
GeoDetector model (for detailed information, see Section 2.1).
As shown in Figure 1, by grounding the model in the q value,
GeoDetector became the inaugural model in the SSH family, es-
tablishing a solid foundation for the continued development and

© 2025 John Wiley & Sons Ltd.

expansion of the SSH family to address a variety of modeling
scenarios.

The SSH family can be systematically categorized into five groups
based on the modeling challenges they can address. First, in re-
sponse to the challenges of discretizing continuous independent
variables, the Optimal Parameters-based Geographical Detector
(OPGD), the Geographically Optimal Zones-based Heterogeneity
Model (GOZH), and the Robust Geographical Detector (RGD)
were developed (Song et al. 2020; Luo et al. 2022; Zhang
et al. 2022). Discretization methods tailored for specific data
distributions, such as heavy-tailed distributions (Hu et al. 2024),
have also been integrated with GeoDetector (this aspect will not
be elaborated upon in the present study). Second, to address
the difficulties in effectively characterizing relationships within
and between strata in spatial data using the sum of squares, the
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FIGURE1 | The development of the geodetector model [21] into the spatial stratified heterogeneity (SSH) family.

Spatial Association Detector (SPADE) was introduced (Cang and
Luo 2018). Third, to tackle the challenge of stratifying interac-
tion variables in interaction detection, the Interactive Detector
for Spatial Associations (IDSA) and the Robust Interaction
Detector (RID), based on the RGD model, were developed (Song
and Wu 2021; Zhang et al. 2022, 2024). Fourth, to enhance the
interpretability of interaction detection results, the Locally
Explained Stratified Heterogeneity Model (LESH) was proposed,
building upon the GOZH model (Li et al. 2023; Luo et al. 2022).
Finally, for scenarios involving discrete dependent variables, Bai
et al. (2022) introduced the SRSGD model. In aggregate, these
models have strengthened SSH modeling across a variety of con-
texts, forming a comprehensive SSH family (refer to Table 1 for
a thorough exploration of the theoretical foundations underpin-
ning the members of the SSH family).

As previously outlined, the g value provided both the theoreti-
cal and computational foundation, while various models from
the SSH family served as adaptable variants tailored to different
scenarios. Throughout the evolution of these models, issues such
as the need for prior knowledge of discretization, the neglect of
inherent autocorrelation characteristics in spatial data, and the
potential for excessive stratification have been addressed, result-
ing in reduced bias, enhanced reliability, interpretability, and
robustness of the models. This progress has maximized the po-
tential of the SSH family for SSH analysis. However, despite the
development of tools such as the GeoDetector Excel add-in, the
GeoDetector ArcGIS plugin, the GeoDetector QGIS plugin, the
geodetector R package, the GD R package, and the idsa R package

(Wang et al. 2024, 2010, 2016; Song et al. 2020; Song and Wu 2021),
they still face challenges related to limited usability and slow com-
putational performance. For example, the GeoDetector toolkit re-
quires users to manually discretize variables using external tools;
the GD package, written entirely in R without parallel processing
support, suffers from slow computation when a large number of
discretization methods and categories are selected; similarly, the
idsa package, also implemented in pure R, is hindered by the high
computational complexity of the SPADE and IDSA models.

In this instance, the effective application of models in the SSH
family in geospatial analysis and environmental modeling has
been prevented. To address these challenges, we have developed
an R package, gdverse, which integrates all the aforementioned
models, ensuring fast and stable performance to enable wider
application. Three primary advantages are presented under the
development of gdverse: First, it supports all aforementioned
models in the SSH family, providing a unified and stream-
lined API for users. With preprocessing completed, model
analyses can be executed via a single function call. Second,
gdverse integrates comprehensively with the R ecosystem (R
Core Team 2024), allowing for efficient tabular data manipu-
lation and cleaning through the tidyverse package (Wickham
et al. 2019), spatial vector data handling with the sf package
(Pebesma 2018), and spatial raster data processing via the terra
package (Hijmans 2024). Third, the gdverse package provides
robust parallel computing support, user-friendly output format-
ting, and a one-run function for effective result visualization by
the ggplot2 package (Wickham 2016).
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TABLE1 | Models in spatial stratified heterogeneity (SSH) family.

Model Description
GeoDetector GeoDetetor is the primary model using
(Wang et al. the equation of the g value to calculate
2010, 2016) the spatial stratified heterogeneity
OPGD (Song OPGD (Optimal Parameters-based
et al. 2020) Geographical Detector) can identify
the most suitable discretization
approach and the optimal number of
discrete categories by maximizing
the q value for each variable
GOZH (Luo GOZH (Geographically Optimal
et al. 2022) Zones-based Heterogeneity Model)
employs recursive partitioning trees
to discretize continuous variables
RGD (Zhang RGD (Robust Geographical Detector)
et al. 2022) can utilize a variance-based change
point detection optimization algorithm
after converting variables into sorted
rank series to get stable results
SPADE (Cang The concept of spatial variance,
and Luo 2018) derived from spatial dependence as
expressed in spatial autocorrelation
analysis, is introduced to SPADE
(Spatial Association Detector) to
incorporate information loss across
different levels of discretization
IDSA (Song and IDSA (Interactive Detector for
Wu 2021) Spatial Associations) develops the
concept of spatial fuzzy overlay,
combining it with the spatial variance
calculation from the SPADE model
RID (Zhang RID (Robust Interaction Detector) is
et al. 2024) to maximize the q value for bivariable
interactions based on the RGD model
LESH (Li LESH (Locally Explained Stratified
et al. 2023) Heterogeneity Model) integrates Shapley
values from game theory to allocate
the contribution of each individual
variable within an interaction more
precisely, building on the GOZH model
SRSGD (Bai SRSGD (Spatial Rough Set-based
et al. 2022) Geographical Detector) employs
the concept of spatial rough sets to
model nominal target variables
HtGD (Hu HtGD (Head/tail Breaks-based
et al. 2024) Geographical Detector) utilizes the

head/tail breaks method to efficiently
calibrate spatial stratified heterogeneity
for heavy-tailed distributed data

We organized the remainder of this paper in the following
manner: Section 2 elaborates on the theoretical foundations
of the models in the SSH family integrated into the gdverse
package. Section 3 offers a comprehensive overview of the

methods and functions available within gdverse. Section 4 il-
lustrates a practical application of gdverse, and Section 5 con-
cludes the study.

2 | Model Rationale Description

As discussed in Section 1, the OPGD, GOZH, and RGD models
discretize independent variables using different methods: max-
imizing the q value of the variables, employing recursive parti-
tioning trees, and detecting change points based on the variance
of the independent variable's rank series, respectively. The RID
model, on the other hand, focuses on maximizing the bivariate
interaction q value. As none of these four models has an explicit
computational formula and they are all highly reliant on the na-
tive geographical detector (GeoDetector) model, we will provide
a detailed description of the computational methods of the other
models in this section, without reiterating the principles of these
four models.

2.1 | (Native) Geographical
Detector (GeoDetector)
2.1.1 | Factor Detector

In the GeoDetector model, the formula for calculating the q
value is presented below (Wang et al. 2010):

H 2
_ 21:1 Nlo—l
No?

g=1 @

and the significance of the q values calculated by the factor detector
can be tested using a noncentral F-distribution (Wang et al. 2016):

N-H ¢
F= —NFH—I,N—H,
it £) @

H H 2
e=— Z?f—%(z\/ﬁl?f) ©
=1

=1

where [ represents the strata of the independent variable; N; is
the sample size within stratum [; N represents the total sample
size for all strata; alz and o2 are the variances of the dependent
variable in stratum [ and all strata, respectively; ¢ is the non-
central parameter; 1712 denotes the mean of the dependent vari-

able within stratum [.

2.1.2 | Interaction Detector

To identify interactions between independent variables, we as-
sess whether the combined influence of X, and X, on the depen-
dent variable Y enhances, weakens, or remains independent in
its explanatory power, calculating each variable's individual q
value for its effect on Y: (X, ) and g(X, ) involved. Subsequently,
we calculate the q value for their combined spatial stratification,
q(X, nX,), and contrast it with g(X,) and q(X;), revealing the
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TABLE 2 | Interaction categories of interaction detector in the
GeoDetector model.

Interaction
Interaction condition type
9(X,nX,) <min (gq(X,),q(Xy)) Nonlinear-
weaken

min (g(X,),q(X,)) < q(X, nX,) <max (q(X,),q(X,)) Univariable-

weaken
q(X, nX,) >max (q(X.),q(X,)) Bivariable-

enhance
q(X. nX;) =q(X,) +q(X,) Independent
q(X.nXy) > q(X,) +q(X,) Nonlinear-

enhance

nature of their interaction effect on Y (Wang et al. 2010, 2016).
Results of all interaction detection are provided in Table 2.

2.1.3 | Risk Detector

Use the f-statistic to test whether there is a significant variation
in the mean attributes of a certain independent variable across
two sub-strata (Wang et al. 2010, 2016):

Y, -Y,

1

= - =
e |:Var<Y,1 ) Var(?,2 ) :| 2 (4)
- 4/

n,l "12

The test statistic ¢ approximately follows a Student's ¢ distribu-
tion, while the degrees of freedom is computed as

Var(?ll ) + Var(?lz )

df= 1 2
1 Var(?ll ) : 1 Var(?,z) 2 (5)
ny, = 1 n, + n, = 1 ny,

2.1.4 | Ecological Detector

To evaluate the diverse effects of two independent variables, X,
and X;, on the spatial distribution of the dependent variable Y
while assessing the presence of significant disparities, the F-
statistic is used as a measure (Wang et al. 2010, 2016):

Ny (Nx, —1)SSW,
F= XL.( Xy ) X, (6)
Ny, (Nx —1)SSWy,

where Ny and Ny, denote the sample sizes of the two inde-
pendent variables X, and X, respectively; SSWy and SSWy_
represent the sums of the within-layer variances formed by X,
and Xj.

In practical calculations, Ny and Ny are generally the same
within the same dataset. Therefore comblned with Equation (1),
Equation (6) can be simplified to

_ 1—gx
1—gyx,

™)

2.2 | Locally Explained Heterogeneity
(LESH) Model

2.2.1 | The SHAP Power of Determinants (SPD)

The SHAP power of determinants (SPD) can be calculated by
the following formula:

SOLEDY

seU\{x}

SI'qU| =S
1S 1K ||U||!| 2 g(sufx})-59) ()

where 0, (S) refers to the SPD of variable x; within the set U.
Excluding the variable x;, the subset S is derived from U, which
can be signified in the notation s € U\ {x; }; g(S) denotes the
function employed to compute the Q statistic in relation to the
interaction of | S | variables, and | S | indicates the quantity of
variables within the set S (Li et al. 2023). In LESH model, the
g(S) is utilized by the GOZH model.

2.2.2 | Calculation Process of the LESH Model

Two main steps are involved in the computational process of the
LESH model: First, calculating the optimal power of determi-
nants (OPD) using the GOZH model to evaluate the spatial as-
sociations between the response variable and each explanatory
variable. Second, determining the SHAP power of determinants
(SPD) using Equation (8) to assess the individual contributions
of each variable and their interactions (Li et al. 2023).

2.3 | Spatial Association Detector (SPADE)
2.3.1 | Spatial Variance

Compared to the GeoDetector model, the SPADE model has de-
veloped spatial variance (Cang and Luo 2018):

Gu1)’
_ Zu Zv#:uwuvT
Zu Zv#uwuv

©

where w,, is the weight between uth location and vth location;
v, and y, are the dependent variable values at the uth and vth
locations, respectively.

2.3.2 | The Power of Spatial and Multilevel
Discretization Determinant (PSMD)

As the proportion of the local spatial sum of squares and the
global one, the power of spatial determinant (PSD) is calculated
as below (Cang and Luo 2018):

H
Zl:l Nlrl (10)

=1-
4s N[
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where N, is a count of samples in [ th stratum; I'; is the spatial
variance of dependent variable within stratum [; H is the total
strata number; N is the total sample number, and I is the total
spatial variance of the dependent variable.

As the ratio of the PSD of the dependent variable and the PSD of
the undiscretized independent variable, the compensated power
of spatial discretization determinant (CPSD) is calculated ac-
cording to the following formula (Cang and Luo 2018):

H
Z[:l Nlrldep
Q g erolaldep (1 1)
s = = H
qstnfmkep 1-— M
NT i,

The power of spatial and multilevel discretization determinant
(PSMD) is the mean of CPSD values, as defined by Equation (11),
across all discretization levels:

PSMD, = MEAN( Q) (12)

2.3.3 | Calculation Process of the SPADE Model

Three steps make up the execution process of the SPADE model:
First, for each independent variable, a specific number of discreti-
zation categories and various discretization methods are selected,
along with the construction of a spatial weight matrix. Second,
Equations (9-12) are applied to calculate the PSMD values for
each independent variable. Finally, the original data is randomly
shuffled, and the second step is repeated 99,999,9999, ... times to
obtain the corresponding p values (Cang and Luo 2018).

2.4 | Interactive Detector for Spatial Associations
(IDSA)

2.4.1 | Spatial Fuzzy Overlay

Spatial fuzzy overlay is grounded in the theory of fuzzy sets,
which articulates the fuzzy relationship between geographical
variables via fuzzy membership functions. Standardizing the
observed values of these variables into fuzzy numbers, these
functions thereby capture the spatial distribution of the geo-
graphical elements. In the IDSA model, fuzzy membership func-
tions correspond to the normalized mean risk values obtained
from the GeoDetector model's risk detection component (Song
and Wu 2021):

(%) £i(X) o fuXn)] =2([n(X) u(%) ou(X)])

13)
where X is an explanatory variable, f,, is the fuzzy membership
function, p is the mean risk score obtained by the risk detector,
with z representing a normalization function.

The process of integrating fuzzy numbers, representing the
fuzzy relations among variables, is employed to calculate the
combined fuzzy number resulting from the interaction of these
variables (Song and Wu 2021):

RE X0 0 nX,) =F(R(G).L(X)s o fu(Xn)) 4

where F denotes a fuzzy operator. When F is defined as “and,” the
minimization of fuzzy numbers is employed; conversely, when F
is defined as “or,” the maximization of fuzzy numbers is utilized.

2.4.2 | The Power of Spatial Determinant of an
Interaction of Explanatory Variables (PID-IEV)

As the proportion of the sum of local spatial variance in overlay
zones for individual variables with interaction to the total global
spatial variance of these variables, the value of PSD-IEV is cal-
culated as below (Song and Wu 2021):

2121 ZZ‘:I Ni,pTi,p

¢pid =1-
2121 Nz

1s)

where N, , is the sample size at stratum p for an individual vari-
able x; Tipls the local spatial variance; N; is the total of samples;
and 7; is global spatial variance of variable x;.

The PID-IEV is a proportion between the PSD value of depen-
dent variables using Equation (10) and the PSD-IEV value for
interaction independent variables using Equation (15):

04
Qmsa = ¢_ep 1e)
pid

Equations (1), (10), and (15) essentially differ only in the type of
variance utilized in their calculations. In particular, Equation (1)
employs conventional statistical variance, whereas Equations (10)
and (15) make use of the spatial variance as defined in Equation (9).
Equation (10), compared to Equation (1), incorporates the vari-
ance that accounts for the spatially weighted cross-product, in-
troducing the consideration of spatial dependence (Cang and
Luo 2018). Moreover, Equations (10) and (15) provide respective
descriptions tailored to the SPADE and IDSA model.

2.4.3 | Calculation Process of the IDSA Model

The following steps are involved in the IDSA model: First, deter-
mine the optimal parameters for dividing spatial variables into
distinct zones, guided by data quantity and practical require-
ments. Second, calculate the q values for each variable based on the
SPADE model. Third, determine the optimal variable interactions
through spatial fuzzy overlay (Equation 14) and calculate the PID
(Equation 16), which quantifies the interaction effect of variables
on the response. Finally, evaluate the model's effectiveness using
indicators such as the quantity of variables, a count of overlay
zones, and the percentage of significantly differentiated zone pairs.

2.5 | Spatial Rough Set-Based Geographical
Detector (SRSGD)

2.5.1 | x-Local Approximation Quality (x-LAQ)

As the proportion of the correctly classified observations to

the total observations in that region, the x-local approximation
quality (x-LAQ) quantifies the local explanatory power of a
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factor within a specific region and is calculated as follows (Bai
et al. 2022):

€ M;: =
x-LAQ; = | {x I{\ix)l Yol | 17)

where M; denotes the set of instances in region i, f(x) and y(x)
are the predicted value and the actual value, respectively.

2.5.2 | Average Local Explanatory Power (ALED)

Representing the mean explanatory power of a factor across all
regions (Bai et al. 2022), the average local explanatory power
(ALEP) is calculated as the average of the x-LAQ values across
all regions:

m
ALEP = = ¥ x-LAQ, @18)
m 4
i=1
where m represents the total count of regions.

2.5.3 | Spatial Entropy (SE)

Spatial entropy (SE) measures the uncertainty associated with
the spatial distribution of a factor (Bai et al. 2022). It is defined as

m
SE= — ) ALEP,log(ALEP;) (19)

i=1

2.5.4 | Three Geographical Detectors Based on Spatial
Rough Set

To assess average local explanatory power while identifying
spatial heterogeneity, the spatial rough set-based factor detector
(SRSF Detector) is developed. Leveraging average local approx-
imation quality and spatial entropy, it evaluates the extent to
which conditional features account for the target variable across
different locations. Revealing patterns in explanatory power
distribution, the SRSF Detector identifies regions where model
predictions are more or less reliable (Bai et al. 2022).

Focusing on the comparison of the average local explanatory
power among different conditional features, the spatial rough
set-based ecological detector (SRSE Detector) highlights which
features are more influential in explaining the target variable by
examining the differences in explanatory strength between fea-
ture pairs, which can aid in feature selection and in understand-
ing the relative importance of factors shaping the geographical
phenomenon (Bai et al. 2022).

The interactions among conditional features and any additional
explanatory power contributed by new features can be recog-
nized by the spatial rough set-based interaction detector (SRSI
Detector). SRSI Detector evaluates the increase in explanatory
strength with the addition of new features, helping to determine
if they provide complementary insights or redundant infor-
mation, essential for unraveling complex relationships among

multiple factors and understanding their combined effect on the
target variable (Bai et al. 2022).

3 | The gdverse Package

Implemented in the R statistical computing environment (R
Core Team 2024), all computationally intensive functions within
the gdverse package are using the R package parallel to enable
multicore parallel computing for fast computation. The major-
ity of functions in the gdverse package are implemented via the
tidyverse package (Wickham et al. 2019), which is designed to
facilitate efficient computation with tabular data. In addition,
the sf package (Pebesma 2018) is employed to provide enhanced
capabilities for handling spatial data. Moreover, certain meth-
ods for variable discretization and spatial variance calculations
are implemented in C++ and wrapped using Rcpp (Eddelbuettel
and Francois 2011) within the sdsfun package to ensure compu-
tational efficiency (see Table 3 for details on the performance
advantages of gdverse). It is noteworthy that the RGD and RID
models use the Python package ruptures (Truong et al. 2020)
and the R package reticulate (Ushey et al. 2024) partly for
variable discretization based on an optimization algorithm for
variance-based change point detection (Zhang et al. 2022, 2024).
Figure 2 shows a summary of the functions in gdverse. All func-
tion parameters of gdverse can be found at https://stscl.github.io/
gdverse/reference/.

To demonstrate the performance advantages of the gdverse
package, we used the gstat package to generate datasets of sizes
1k, 5k, 10k, 50k, and 100k through unconditional Gaussian
simulation (Pebesma 2004; Griler et al. 2016). Each dataset
includes one dependent variable and six independent vari-
ables. On an Intel Core i19-13900K Processor, we conducted 10
benchmark runs for each dataset to compare the performance
of the GD package and the gdverse package (including sce-
narios using a single-core computation and a 6-core parallel
computation) in fitting the OPGD model. Table 3 presents the
results, demonstrating that while gdverse achieves the same
computational outcomes as GD, it generally operates faster,
with its performance advantage becoming more pronounced
as the dataset size increases. When the dataset size is 1k, the
execution time of gdverse is slightly higher than that of GD due
to internal data structure conversions, but the performance
difference is minimal. For datasets exceeding 10k, gdverse still
maintains an advantage in single-core computation, with 6-
core parallel computation offering even faster speeds. Users
can select the appropriate cores for larger datasets to acceler-
ate computation.

For models discussed in Section 1, the gdverse package offers
functions with identical names but in lowercase (see Table 4).
In addition, it provides “sesu_opgd()” and “sesu_gozh()”
functions based on the OPGD model and GOZH model, re-
spectively, designed to determine the optimal spatial analysis
scale using models from the SSH family. A “cores” parameter
is incorporated into all of these functions to specify the num-
ber of cores to utilize for parallel computing. By default, par-
allel computing is disabled, with the default setting of “cores”
typically set to 1. When processing large data sets, it is recom-
mended to select an appropriate number of computing cores
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https://stscl.github.io/gdverse/reference/
https://stscl.github.io/gdverse/reference/

TABLE3 | Comparison of the runtime performance of the OPGD model between the GD package and the gdverse package (single-core computation
and parallel computation using six cores). The metrics—mean, median, minimum, and maximum—represent the average, median, shortest, and
longest execution times (s) based on 10 benchmark runs across different data sizes.

Execution times (s)

Data size Package Mean Median Min Max
1k GD 0.71 0.70 0.68 0.80
1k gdverse (1 core) 1.44 1.44 1.42 1.52
1k gdverse (6 cores) 2.24 2.23 2.19 2.36
5k GD 3.65 3.63 3.58 3.74
5k gdverse (1 core) 1.59 1.58 1.54 1.68
5k gdverse (6 cores) 2.32 2.31 2.27 2.41
10k GD 8.94 8.92 8.77 9.19
10k gdverse (1 core) 1.86 1.89 1.72 1.93
10k gdverse (6 cores) 2.31 2.29 2.26 2.43
50k GD 145.31 145.30 144.48 146.18
50k gdverse (1 core) 7.52 7.51 7.34 7.81
50k gdverse (6 cores) 5.79 5.78 5.72 5.87
100k GD 604.01 604.09 601.26 606.80
100k gdverse (1 core) 22.86 22.87 22.46 23.19
100k gdverse (6 cores) 9.56 9.52 9.46 9.77

gozh_detector

FIGURE 2 | Functions organization in the gdverse package.

in accordance with the specifications of your own computer
equipment.

In the gdverse package, data input can be provided as a
data.frame or tibble in R, including data.frame and tibble ex-
tensions from the sf package (R Core Team 2024; Wickham
et al. 2019; Pebesma 2018). For other data types, explicit

factor
interaction

ecological o1 .
geodetector logi pid_iev

@

[pid_idsa)—»(cpsd_disc]

dverse

loess_optscale

conversion to these formats is required before performing
the analysis (the main input parameters required by the key
functions in gdverse are listed in Table 4). Model outputs in
gdverse are structured as R list objects, where each list compo-
nent is either a tibble or a numerical metric, facilitating easy
result saving or export. We have developed a comprehensive
set of predefined plotting functions with ggplot2 to support the
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TABLE 4 | Spatially stratified heterogeneity (SSH) family supported
by gdverse package.

Requirements
Model Function of input
GeoDetector geodetector () Model formula, data
OPGD opgd () Model formula,
data, discretization
numbers and methods
GOZH gozh () Model formula, data
LESH lesh() Model formula, data
SPADE spade () Model formula, data,
discretization numbers
and methods, spatial
weight matrices
IDSA idsa () Model formula, data,
discretization numbers
and methods, spatial
weight matrices,
overlay method
RGD rgd () Model formula, data,
discretization numbers
RID rid() Model formula, data,
discretization numbers
SRSGD srsgd () Model formula, data,

spatial weight matrices

visualization of model results. Users can further customize
these visualizations using the ggplot2 syntax (Wickham 2016).
In addition, to help users quickly get started, it is important
to highlight the differences in input and output formats be-
tween gdverse and two key R packages in the SSH: GD and
geodetector. Neither GD nor geodetector directly supports the
widely used spatial vector data objects in the sf format in R
(Pebesma 2018); both accept only data.frame or tibble as input.
The geodetector package focuses on the GeoDetector model
(Wang et al. 2010, 2016, 2024) and does not provide support
for result visualization. In contrast, the GD package uses the
base R plotting system to offer basic visualization support (R
Core Team 2024), though its customization options are less
user-friendly and flexible compared to the ggplot2-based im-
plementation in gdverse (Wickham 2016). Moreover, the GD
package supports only the GeoDetector and OPGD models, of-
fering fewer modeling options than gdverse (Song et al. 2020).
In addition to its highly encapsulated model functions, gdverse
offers a more granular API for customized model execution.
To address computationally intensive algorithms, gdverse
leverages C++ implementations via Repp interfaces in the sds-
fun package, including functions like variable discretization
(Eddelbuettel and Frangois 2011; Lv 2024). Overall, the gd-
verse API is scientifically structured and user-friendly, ensur-
ing seamless support for data input and result output. Given
its handling of large data requirements, gdverse also enables
multicore parallel computing, guaranteeing efficient, simple,
and reliable operation.

4 | Application on the Determinants of Trace
Element zn

Using the zn dataset from the geosimilarity package (Song 2022),
we demonstrate the application of the gdverse package and per-
form a comparative analysis of the SSH family it encompasses.
As discussed in Section 1, SRSGD is designed for scenarios in-
volving a discrete dependent variable; IDSA facilitates the de-
termination of optimal interactions while accounting for spatial
autocorrelation; LESH is suited for quantifying the contribu-
tions of dual roles in interaction detection processes; and RID
employs a robust discrete methodology to identify the nature of
interactions. Given the specific contexts and distinct require-
ments of these methods, an extensive comparison is not essen-
tial, as their application domains are well defined. To further
illustrate, we conducted a comparative analysis of four models—
namely OPGD, GOZH, RGD, and SPADE—that differ in their
approaches to discretizing continuous independent variables
and calculating the q value, using the following code:

zn = sf::st as sf(geosimilarity::zn,coords =
c("Lon","Lat"), crs=4326)

# detect the number of available physical CPU
cores

cores = parallel::detectCores(logical =
FALSE)

# OPGD

opgd m = gdverse::opgd(Zn ~., data = zn,
discnum=3:15, cores = cores)

# GOZH

gozh m = gdverse::gozh(Zn ~., data = zn,
cores = cores)

# RGD

rgd m = gdverse::rgd(Zn ~., data = zn,
discnum=3:15, cores = cores)

# SPADE

spade m = gdverse::spade(Zn ~., data = zn,

permutations=999, discnum=3:15, cores =
cores)

A concise introduction to the four methods is necessary to
highlight their differences in application and offer guidance for
users who have not yet made a definitive model choice. OPGD,
grounded in the direct observation of samples, is often employed
as a baseline method and for evaluating the robustness of alter-
native approaches, as it does not always achieve the maximum q
value (Zhang et al. 2022). GOZH, which incorporates recursive
partitioning trees in the discretization process, is particularly
well-suited for large datasets due to its computational efficiency.
RGD, while yielding superior results, is computationally inten-
sive and thus unsuitable for large datasets. In particular, the ro-
bust discretization approach used in RGD may produce a high
q value, occasionally exceeding the true value. SPADE, on the
other hand, is advantageous in scenarios where the response
variable exhibits moderate to strong spatial autocorrelation
(Cang and Luo 2018; Zhang et al. 2023).

The comparison of the results for each method in our appli-
cation is presented in Table 5, where variables marked with a
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“,

superscript “a” failed to pass the significance test. Zn refers to
the trace element zinc. “Mine” serves as an indicator of proxim-
ity to mining sites. NDVI, the normalized difference vegetation
index, reflects the status of vegetation. “SOC” is used to repre-
sent the soil organic carbon content. “Slope” indicates terrain
steepness, while pH measures the acidity of the soil. “Road” de-
notes the distance to roads, and “Water” represents the distance
to water bodies. “Elevation” corresponds to the height above sea
level, and “Aspect” denotes the compass direction that a slope
faces (Song 2022). As the Moran's I for Zn in the dataset is only
0.230 (with a p value of 1.898e-32), indicating weak spatial au-
tocorrelation, it does not require specific consideration. On the
other hand, compared to the results of the other three models,

TABLE 5 | Q values and their corresponding significance for
variables in the zn dataset from the geosimilarity package, calculated
using methods from the gdverse package. Columns 2-5 are labeled with
the names of the methods and display the q value and significance for

each variable.
Variable OPGD GOZH RGD SPADE
Mine 0.246 0.221 0.227 0.184
NDVI 0.197 0.228 0.279 0.212
SOC 0.143 0.244 0.223 0.240
Slope 0.128 0.171 0.255 0.145
pH 0.118 0.173 0.198 0.155
Road 0.111 0.121 0.131 0.258
Water 0.110 0.128 0.189 0.240
Elevation 0.059 0.110 0.202 0.117*
Aspect 0.052 0.071 0.131 0.251

Failed to pass the significance test.

the SPADE model did not yield all statistically significant re-
sults, as the “Elevation” variable failed to pass the significance
test, making SPADE unsuitable in this context. The results from
the RGD model reveal remarkably high q values for “Elevation”
and “Aspect.” The inflated q values suggest that the RGD model
may not be optimal for this application. Given the consistency in
the magnitude of q values calculated by the GOZH and OPGD
models, we chose to proceed with GOZH for further analysis.

Insights into the determinants of Zn concentration are provided
by analyzing the q values of the determinants and variable in-
teractions. The q values of the determinants (factor detector, see
Figure 3) reveal that SOC (organic carbon content of the soil),
with a value of 0.244, is the most influential factor among the
nine variables considered. This is consistent with the under-
standing that Zn is a component of soil organic matter, and soils
with higher SOC tend to exhibit greater heavy metal content.
NDVI and Mine (distance to mining sites) follow, with q values
of 0.228 and 0.221, respectively. Topographical variables, with
the exception of Slope, show lower q values, while variables as-
sociated with human activities have a more substantial q value,
suggesting that human activities or their indirect effects may
have a significant impact on Zn concentration. To capture vari-
able interactions, the LESH model was employed, as it not only
identifies interactions between variable pairs but also introduces
the SHAP values to quantify the respective contributions of each
variable involved in the interaction. The following code demon-
strates how to easily implement the LESH model and visualize
the resulting output by the gdverse package.

# LESH
lesh m = gdverse::lesh(Zn ~., data = zn,
cores = cores)

plot(lesh m, pie = TRUE, scatter = TRUE)

SOC

NDVI

Mine

pH

Slope

Water

Road

Elevation

Aspect 7.05%

11.04%

17.25%

17.15%

12.11%

] T T
0.00 0.05 0.10

T T T
0.15 0.20 0.25

FIGURE3 | Q values of the determinants for Zn concentration as identified by the GOZH model.
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FIGURE4 | Contribution of variable interactions to Zn concentration. (a) An overview for the identification of interaction types, while (b) offers
a clearer visualization of the individual contributions of variables within each interaction.

The results of the variable interactions underscore bivariable re-
lationships among the variable pairs. Mine and NDVT exhibit
strong synergistic effects, as indicated by the larger bubble sizes
in the interaction detector (see Figure 4). In particular, the in-
teraction between NDVI and Aspect shows a nonlinear en-
hancement, with the q value of the interaction surpassing the
sum of their individual q values. Specifically, the q value for the
interaction between Aspect and NDVI is 0.304, with Aspect
contributing 0.056 and NDVT contributing 0.248. When consid-
ered separately, the q values for Aspect and NDVTI are 0.071 and
0.228, respectively. In addition, SOC exhibits a weakening ef-
fect when interacting with factors such as Road, Elevation, and
Aspect, highlighting the complex and interdependent nature of
these environmental variables.

5 | Conclusion

The use of geographical detector models is becoming increas-
ingly prevalent, largely due to the simplicity and elegance of their
mathematical principles, as well as their explanatory power.
Under this circumstance, we developed an R package that inte-
grates various related models in the SSH family, addressing the
gap in application tools for modeling SSH. A brief comparison
of the models supported by gdverse and some modeling results
was provided in Section 4. Further examples of gdverse pack-
age usage are provided in the vignettes constructed within this
package, which can be found at https://stscl.github.io/gdverse/
articles/. Drawing upon the features of the models incorporated
in gdverse and prior studies centered on SSH models, we have
identified two typical scenarios for gdverse applications:

One is the analysis of spatial influence factors and the identifi-
cation of spatial interactions based on SSH, also the most typ-
ical example of the application of the SSH family, such as the
GeoDetector, OPGD, SPADE, and IDSA model. By applying
factor detector and interaction detector from the GeoDetector
model, along with some derived improved models, it is possible
to effectively explore the spatial relationships of complex spatial
dependence and nonlinear spatial interactions between vari-
ables, while obtaining relatively suitable spatial interpretability
(Wang et al. 2010, 2024; Song et al. 2020).

The other involves estimating the scale effects of spatial units
and determining the optimal scale for spatial analysis. By
calculating the q values across various models from the SSH
family at multiple spatial scales, it is possible to effectively
assess the impact of scale effects in spatial analysis by com-
paring changes in q values or their rankings across scales. An
optimal spatial analysis scale can then be selected based on
the highest q value or through methods such as local scatter
plot smoothing. A rigorous framework was provided for under-
standing and selecting the most appropriate spatial resolution
for analyzing spatial heterogeneity (Li et al. 2023; Song and
Wu 2021; Jacoby 2000).

To conclude, the gdverse package offers a comprehensive suite of
tools for analyzing SSH, incorporating models like GeoDetector,
OPGD, RGD, SPADE, LESH, and others for spatial association
and interaction analysis, providing robust statistical methods
to identify and explain SSH by assessing the impact of various
factors on spatial distributions. With efficient integration of the
tidyverse, sf, and Rcpp frameworks, gdverse enables streamlined,
reproducible workflows for SSH analysis, making it a powerful
tool for geospatial research. The gdverse package can be a pow-
erful addition to existing SSH analysis tools, enabling efficient
modeling of geospatial data.
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