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ABSTRACT

ARTICLE HISTORY

Spatial heterogeneity represents a general characteristic of the inequitable distributions of spatial
issues. The spatial stratiﬁed heterogeneity analysis investigates the heterogeneity among various
strata of explanatory variables by comparing the spatial variance within strata and that between
strata. The geographical detector model is a widely used technique for spatial stratiﬁed heterogeneity analysis. In the model, the spatial data discretization and spatial scale eﬀects are fundamental issues, but they are generally determined by experience and lack accurate quantitative
assessment in previous studies. To address this issue, an optimal parameters-based geographical
detector (OPGD) model is developed for more accurate spatial analysis. The optimal parameters are
explored as the best combination of spatial data discretization method, break number of spatial
strata, and spatial scale parameter. In the study, the OPGD model is applied in three example cases
with diﬀerent types of spatial data, including spatial raster data, spatial point or areal statistical
data, and spatial line segment data, and an R “GD” package is developed for computation. Results
show that the parameter optimization process can further extract geographical characteristics and
information contained in spatial explanatory variables in the geographical detector model. The
improved model can be ﬂexibly applied in both global and regional spatial analysis for various
types of spatial data. Thus, the OPGD model can improve the overall capacity of spatial stratiﬁed
heterogeneity analysis. The OPGD model and its diverse solutions can contribute to more accurate,
ﬂexible, and eﬃcient spatial heterogeneity analysis, such as spatial patterns investigation and
spatial factor explorations.
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1. Introduction
Spatial heterogeneity is a common property of geographical phenomena. It refers to the uneven distributions
of various geospatial attributes within a certain geographical area (Fischer 2010; Wang, Zhang, and Fu 2016).
Spatial heterogeneity analysis is widely used in the spatial and spatiotemporal issues in ﬁelds of ecology, geology, public health, economy, built environment, etc. The
objectives of spatial heterogeneity analysis usually consist of three aspects. The ﬁrst objective is to explore
spatial clusters that are generally deﬁned as spatially
high or low-value regions (Anselin 1995). Second, spatial
heterogeneity analysis can be used to investigate potential factors associated with the uneven spatial distributions (Brunsdon, Fotheringham, and Charlton 1996;
Fotheringham, Brunsdon, and Charlton 2003). The third
objective includes spatial and spatiotemporal prediction
and decision-making based on the spatial heterogeneity
(Wang et al. 2014).

GIS; spatial analysis;
geographical detector;
spatial stratiﬁed
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exploration; R package GD

In general, spatial heterogeneity can be measured
from three perspectives. First, spatial heterogeneity
with local clusters is a popular approach that explores
the spatially local clustering regions with similarity in
geographical attributes. For instance, spatial autocorrelation indicators, such as local indicators of spatial association (LISA) (Anselin 1995) and Getis-Ord Gi (Getis and
Ord 1992; Ord and Getis 1995), are used to evaluate if
a geographical attribute is spatially clustered. Spatial
scan statistics detect spatial clusters by comparing the
likelihood ratio within and out of dynamically changed
moving windows (Kulldorﬀ 1997). Geographically
weighted regression (GWR) and its extended models
measure geographically local eﬀects by location-wise
coeﬃcients of explanatory variables with distancedecay weights across space (Fotheringham, Brunsdon,
and Charlton 2003; Brunsdon, Fotheringham, and
Charlton 1996; Huang, Bo, and Barry 2010; Lu et al.
2014, 2017; Ge et al. 2017). The second approach is the
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spatial stratiﬁed heterogeneity analysis, which compares
the spatial variance within strata and that between strata
(Wang et al. 2010; Wang, Zhang, and Fu 2016). The
spatial stratiﬁed heterogeneity can be quantiﬁed by
the geographical detector model (Wang et al. 2010;
Luo et al. 2016). The primary advantage of spatial stratiﬁed heterogeneity analysis is that no assumptions are
required for geographical variables and it reﬂects the
real spatial associations of geographical attributes.
Third, spatial scaling structure heterogeneity is
a method of characterizing complexity of fractal or scaling structure of geographical attributes (Jiang 2013,
2015). Based on the scaling law that far more small
geographical objects exist than large ones, an ht-index
is proposed to measure the spatial scaling structure
heterogeneity (Jiang and Yin 2014).
The geographical detector model is a promising
approach and a primary tool for the spatial stratiﬁed
heterogeneity analysis. The main idea of geographical
detectors is that the study space is divided into subregions by variables, and the spatial variance within
each sub-region and among diﬀerent sub-regions are
compared to evaluate the determinant power of potential explanatory variables (Wang et al. 2010; Wang,
Zhang, and
Fu 2016). The general geographical detectors include

four parts, where the core part is the factor detector
that quantiﬁes the relative importance of diﬀerent geographical variables. Other three parts are interaction
detector, risk detector, and ecological detector.
To comprehensively understand applications and
model improvements of the geographical detector
model, the application trend of the model is reviewed
using the Clarivate Analytics’ Web of Science database in
September 2019. The search is limited to the “English”
language and the “topic” search equation is: “geographical detector” OR “geographical detectors” OR “geodetector.” As a result, 130 research papers are yield ranging
from 2010 to 2019. The overview of global research
using the geographical detector model is presented in
Figure 1. The annual variation of research using the
geographical detector model is compared with the variation of papers citing the publication ﬁrst proposing the
model (Wang et al. 2010), which accumulate to 213
based on the database of the Web of Science. The conceptual structure map generated by the “bibliometrix”
R package (Aria and Cuccurullo 2017) presents primary
application ﬁelds of the geographical detector model. In
general, applications of the model are predominant in
geographically local determinants or factors exploration,
and spatial patterns, and heterogeneity investigation.
Research topics can be clustered into three categories.

Figure 1. Overview of the global research using the geographical detector model regarding the conceptual structure map and annual
distributions of publications.
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The ﬁrst topic is about disease determinants analysis, air
pollution sources studies, and the association between
air pollution and disease. The second one includes climate change research and land use driving forces
exploration. The last category is water resources and
dynamics modeling, such as runoﬀ and precipitation
variations. In the current stage, applications of the geographical detector model are primarily clustered in the
ﬁelds of public health and environment. Therefore, it is
necessary to broad the application ﬁelds of the model to
enhance its capabilities in explaining geographical
objects in other ﬁelds and integrating with other models. Simultaneously, more studies about improving the
model are required for optimal parameters selection and
more ﬂexible, applicable, and eﬀective studies.
In geographical studies, explanatory variables can be
continuous and categorical variables, where the continuous variables should be discretized and converted to
categorical variables in the geographical detector
model. Spatial data discretization is to divide continuous
geographical and geospatial data into several intervals
according to physical or statistical characteristics of the
data, so that the continuous variable is converted to
a categorical variable (Cao, Yong, and Wang 2013). Two
common methods for the spatial data discretization are
supervised and unsupervised discretization methods.
The supervised discretization methods break continuous
variables according to certain statistical regulars, such as
equal breaks, natural breaks, quantile breaks, geometric
breaks and standard deviation breaks. For the unsupervised methods, breaking intervals can be manually
deﬁned. The result of spatial discretization for
a continuous variable is associated with discretization
methods and break numbers (Cao, Yong, and Wang
2013; Ju et al. 2016). Currently, spatial data discretization
process is generally performed in terms of professional
experience instead of data-driven approaches (Ding
et al. 2019; Luo et al. 2019; Duan and Tan 2020). In
addition, the spatial scale eﬀect is common in geographical issues and may have critical impacts on the spatial
stratiﬁed heterogeneity analysis, but it has not been fully
investigated and integrated in the model.
To address the above issues, this study develops an
optimal parameters-based geographical detector
(OPGD) model for improving the accuracy and eﬀectiveness of spatial analysis. In the OPGD model, the process
of spatial data discretization and spatial scales for spatial
analysis are optimized and the best parameter combination is determined for the geographical detector model.
The OPGD model can provide ﬂexible and comprehensive solutions with a series of visualizations for more
eﬀective spatial factor explorations, and spatial patterns
and heterogeneity investigation than the geographical

595

detectors model. In the study, the OPGD model is
applied in three example cases with diﬀerent types of
spatial data, including spatial raster data, spatial point or
areal statistical data, and spatial line segment data.
This paper is organized as follows. Section 2 presents
a review of the geographical detector model development
and applications. Section 3 elaborates the developed OPGD
model and its mathematical basis. Section 4 describes different types of spatial data used in three cases for explaining the OPGD model. Section 5, 6 and 7 present the results,
discussion, and conclusions of the study.

2. Optimal parameters-based geographical
detector (OPGD) model
The OPGD model includes ﬁve parts: factor detector,
parameters optimization, interaction detector, risk
detector, and ecological detector. The parameters optimization consists of the optimization of spatial discretization and optimization of spatial scale. The schematic
overview of the OPGD is shown in Figure 2, and ﬁve parts
of the model are explained in the following subsections.

2.1. Factor detector
As the core part of geographical detector, the factor
detector reveals the relative importance of explanatory
variables with a Q-statistic. The Q-statistic compares the
dispersion variances between observations in the whole
study area and strata of variables (Wang et al. 2010;
Wang, Zhang, and Fu 2016). The Q value of a potential
variable v is computed by:
PM
2
j¼1 Nv; j σ v;j
Qv ¼ 1 
(1)
Nv σ2v
where Nv and σ2v are the number and population variance of observations within the whole study area, and
Nv;j and σ2v;j are the number and population variance of
observations within the jth (j ¼ 1; . . . ; M) sub-region of
variable v. A large Q value means the relatively high
importance of the explanatory variable, due to a small
variance within sub-regions and a large variance
between sub-regions. In the geographical detector, at
least two samples are required in each of strata to compute mean and variance values.
The F-test is utilized to determine whether the variances of observations and stratiﬁed observations are
signiﬁcantly diﬀerent, since the transformed Q value
can be tested with the non-central F-distribution:
F¼

NM Q
,FðM  1; N  M; δÞ
M11Q

(2)
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Figure 2. Schematic overview of the optimal parameters-based geographical detector (OPGD) model.

where M is the number of sub-regions, N is the number
of observations, and δ is the non-central parameter:
"
!2 #
M
M
X
X
pﬃﬃﬃﬃﬃ
1
2
=σ2
δ¼
Yj 
Y j Nj
(3)
N
j¼1
j¼1
where Yj is the mean value of observations within the jth
sub-region of variable. Thus, with the given signiﬁcant
level, the null hypothesis H0 : σ2v ¼ σ2v;j can be tested by
checking FðM  1; N  M; δÞ in the distribution table.

2.2. Parameters optimization
The parameters optimization consists of the optimization of spatial discretization and optimization of spatial
scale. In this study, the OPGD model selects a best combination of discretization method and the break number
for each geographical continuous variable as the optimal discretization parameters. The Q value computed
with the factor detector is used to determine the best
parameter combinations. A set of combinations of discretization methods and break numbers are provided for
each continuous variable to compute respective Q
values. The optional discretization methods can be
a list of supervised and unsupervised discretization
methods, and optional break numbers can be an integer

sequence in terms of observations and practical requirements. As such, the optional combinations can cover
almost all available choices. For a continuous variable,
the parameter combination with the highest Q value
among all combinations is selected for spatial discretization, since it presents the highest importance of the
variable from the perspective of spatial stratiﬁed
heterogeneity.
The optimization of spatial scale aims at identifying
the optimal spatial scale for the spatial stratiﬁed heterogeneity analysis. A geographical variable at diﬀerent
spatial scales probably reveal signiﬁcantly varied geographical characteristics (Roth, David Allan, and Erickson
1996; Store and Jukka 2003; Chen et al. 2016). The Q
values of all explanatory variables with respective optimal spatial discretization parameters at various spatial
scales are compared with corresponding spatial scales to
investigate their relationships. The assumption of optimal spatial scale selection is that Q values are the highest
for most explanatory variables. In the study, the 90%
quantile of Q values of all explanatory variables at
a spatial scale is computed and used for the comparison
of overall Q value trends at diﬀerent spatial scales. For
a set of optional spatial scales, the optimal one is
selected when the 90% quantile of Q values of all explanatory variables reach the highest value.
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2.3. Interaction detector

2.5. Ecological detector

The interaction detector determines the interactive
impacts of two overlapped spatial variables based on the
relative importance of interactions computed with Q values
of the factor detector. A spatial interaction is an overlay of
two spatial explanatory variables. The interaction detector
explores an interaction by the comparison between Q
values of the interaction and two single variables. The
interactions explain whether the impacts of two spatial
variables are weakened, enhanced or independent. The
interaction detector explores ﬁve interactions, including
nonlinear-weaken, uni-variable weaken, bi-variable
enhance, independent, and nonlinear-enhance (Wang
et al. 2010; Wang, Zhang, and Fu 2016) (Table 1).
Therefore, the interaction detector result includes both Q
values of interactions and types of interaction eﬀects.

The ecological detector is used to test if an explanatory
variable has a higher impact than another one. The
signiﬁcance of the diﬀerent inﬂuence of explanatory
variables is tested with the F-statistic (Wang et al. 2010;
Wang, Zhang, and Fu 2016):
Nu ðNv  1Þ

The risk detector is used to test if spatial patterns represented by mean values are signiﬁcantly diﬀerent among
sub-regions classiﬁed by a categorical or stratiﬁed variable. The diﬀerence between mean values of subregions η and κ is tested with the t-test (Wang et al.
2010; Wang, Zhang, and Fu 2016):

tYη Yκ

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
s2η
s2
¼ Y η  Y κ =
þ κ
Nη Nκ




Nv ðNu  1Þ

! "
!2
 2 2 #
s2η
s2η
s2κ
1
1
sκ

= 
þ
þ
Nη Nκ
ðN κ  1 Þ N κ
Nη  1 Nη
(5)

Thus, with a given signiﬁcant level, the null hypothesis
H0 : Yη ¼ Yκ can be tested with the student-t distribution
table.

Mv
P
j¼1

Nu;j σ2u;j
(6)
Nv;j σ2v;j

where Nu and Nv are numbers of observations, Mu and
Mu
P
Nu;j σ2u;j and
Mv are numbers of sub-regions, and
j¼1

Mv
P

Nv;j σ2v;j are sums of variance within sub-regions of

variables u and v respectively. Thus, with a given signiﬁMu
Mv
P
P
Nu;j σ2u;j ¼
Nv;j σ2v;j
cant level, the null hypothesis H0 :
j¼1

j¼1

is tested with the F-distribution table.
In this study, an open-source software package “GD”
in R is developed for systematic computation and visualization of the OPGD model. The general calculation
process, functions, and their relationships in the GD
package are introduced in the Supplementary
Information 1: Overview of the GD package.

(4)

where Yη and Yκ are mean values of observations within
sub-regions η and κ, s2η and s2κ are the sample variance,
and Nη and Nκ are numbers of observations, respectively.
The statistic is approximately distributed as Student’s
t with the degree of freedom of:
df ¼

j¼1

F¼

j¼1

2.4. Risk detector

Mu
P

3. Data
The OPGD model can be ﬂexibly applied in the spatial
factors exploration and heterogeneity analysis for various
types of spatial data. In this study, three example cases
with diﬀerent types of spatial data, including spatial raster
data, spatial areal statistical data, and spatial line segment
data, are investigated using the OPGD model (Table 2). The
ﬁrst case dataset is to investigate the impacts of potential
variables of human actives and climate on the vegetation
changes, where vegetation coverage conditions are quantiﬁed by the normalized diﬀerence vegetation index
(NDVI), which is a spatial raster variable. The second case
is assessing associations between incidence variations of
inﬂuenza A virus subtype H1N1, a spatial point or areal
data, and potential explanatory variables of meteorological

Table 1. Interactions between two explanatory variables and their interactive impacts.
Geographical interaction relationship
Qu\v < minðQu ; Qv Þ 1
minðQu ; Qv Þ  Qu\v  maxðQu ; Qv Þ
maxðQu ; Qv Þ < Qu\v < ðQu þ Qv Þ
Qu\v ¼ ðQu þ Qv Þ
Qu\v > ðQu þ Qv Þ
1

Interaction
Nonlinear-weaken: Impacts of single variables are nonlinearly weakened by the interaction of two variables.
Uni-variable weaken: Impacts of single variables are uni-variable weakened by the interaction.
Bi-variable enhance: Impact of single variables are bi-variable enhanced by the interaction.
Independent: Impacts of variables are independent.
Nonlinear-enhance: Impacts of variables are nonlinearly enhanced.

Qu is the Q value of variable u, Qv is the Q value of variable v, and Qu\v is the Q value of the interaction between variables u and v.
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Table 2. A summary of cases with diﬀerent types of spatial data.
Case
Vegetation change
variables exploration

Description
Study area
Impacts of human
Whole area
activities and climate
on the vegetation
changes

Type of sample
Variables derived from
raster data

H1N1 ﬂu incidence
variables exploration

Associations of
Whole area and submeteorological
regions
conditions and
human activities with
H1N1 ﬂu incidences

Spatial point or areal data

Road damage variables
exploration

Impacts of vehicles and Whole area
environment on road
damage

Spatial line segment

conditions and human activities. The third case examines
relationships between road damage and variables of vehicles and environment with the spatial line segment data.
Descriptions and data sources of the example cases are
presented in the following subsections.

3.1. Spatial raster data of vegetation changes
A major application topic of the spatial stratiﬁed heterogeneity analysis is the environment, ecology, and forest
studies (Ren et al. 2014, 2016). In recent years, an increasing number of researches investigate the comprehensive impacts of human activities and climate conditions
on vegetation changes (Du et al. 2017). In this study,
vegetation changes are explored using the spatial
gridded annual mean NDVI changes from 2010 to 2014
in Inner Mongolia, China, where is one of the major
mining regions in China. Respective contributions of
human activities and climate conditions on the NDVI
changes are explored using the OPGD model. The spatial
raster map of NDVI changes and distributions of explanatory variables are shown in Figure 3.
The NDVI raster data is derived from the SPOT
Vegetation 1-km NDVI Dataset for China since 1998. The
climate variables include temperature changes and annual
average precipitation from 2010 to 2014, and the climate
zone data. The temperature and precipitation data are
sourced from the Annual Average Temperature Spatial
Interpolation Dataset for China since 1980, and the
Annual Precipitation Spatial Interpolation Dataset for
China since 1980. The datasets of NDVI, temperature and
precipitation are all provided by Data Center for Resources
and Environment Science, Chinese Academy of Sciences
(RESDC) (http://www.resdc.cn). The climate zone data is
from the CliMond Dataset: World Map of The KoppenGeiger Climate Classiﬁcation (Kriticos et al. 2012). In the
study area, there are ﬁve climate zones, including cold

Explanatory variables and variable types
Categorical variables: Climate zone and
mining production
Continuous variables: Temperature change,
precipitation, GDP and population
density
Categorical variable: Geographical region
Continuous variables: Temperature,
precipitation, humidity index,
population density, GDP, road density,
percentage of sensitive people,
percentage of urban population and
medical cost per capita
Categorical variables: Traﬃc speed and soil
type
Continuous variables: Population within
1 km of road segments and daily traﬃc
volumes

desert climate (Bwk), cold semi-arid climate (Bsk), monsoon-inﬂuenced humid subtropical climate (Dwa), subtropical highland climate (Dwb), and cold subtropical
highland climate (Dwc). Human activity variables consist
of coal mining production, gross domestic product (GDP)
and population density. County-level annual coal mining
production is the average of coal production data from
2011 to 2014, sourced from the Annual Reports of China
National Coal Association (www.coalchina.org.cn). Since
the data of coal production smaller than 107 ton are not
available, the variable of coal production classiﬁes the
production into ﬁve categories, very low, low, medium,
high, and very high, for reasonable spatial comparison
with other explanatory variables. The 1-km gridded GDP
data comes from the Gridded Global Datasets for Gross
Domestic Product and Human Development Index over
1990–2015 (Kummu, Taka, and Guillaume 2018b, 2018a),
and the 1-km gridded population density data is from the
Gridded Population of the World, Version 4 (GPWv4)
(Center for International Earth Science Information
Network – CIESIN – Columbia University 2016). Among
the explanatory variables, climate zone data and coal
mining production are categorical variables, and others
are continuous variables. In addition, six sizes of grids are
generated for the NDVI changes data, including 5 km,
10 km, 20 km, 30 km, 40 km, and 50 km, to examine
which size of grid can better reveal the impacts of potential
variables on the changes of NDVI.

3.2. Spatial point or areal data of H1N1 ﬂu
incidences
Spatial point or areal data are widely used in spatial analysis. This study explores potential variables of H1N1 ﬂu
incidences derived from spatial areal statistical data based
on administrative units. The H1N1 ﬂu incidences are collected with provincial statistics in 2013 in China. The
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Figure 3. Spatial distributions of vegetation changes and explanatory variables. (a) Study area, (b) NDVI change, (c) Climate zone, (d)
Temperature change, (e) Precipitation, (f) Mining production, (g) GDP, and (h) Population density.

explanatory variables include meteorological and environmental variables, and the socio-economic variables. To
investigate spatial scale eﬀects, the analysis is performed
at 50-km, 100-km, and 150-km spatial grids, respectively.
Spatial areal data of H1N1 ﬂu incidences and distributions
of explanatory variables are mapped in Figure 4.
The H1N1 ﬂu incidences data are provincial statistical
data sourced from the China Health Statistical Yearbook
(National Health Commission of the People’s Republic of
China 2014). Explanatory variables contain two categories: meteorological and environmental variables,
and socioeconomic variables. First, the meteorological
and environmental data include geographical region

and annual average temperature, precipitation, and
moisture index. The Chinese provinces are categorized
into three geographical regions: north-east and north,
central and south, and western China. The annual average temperature, precipitation and moisture index data
are sourced from the Annual Average Temperature
Spatial Interpolation Dataset for China since 1980, the
Annual Precipitation Spatial Interpolation Dataset for
China since 1980, and the Chinese Meteorological
Background – Humidity Index Data. The datasets of
temperature, precipitation, and humidity index are all
provided by Data Center for Resources and
Environment Science, Chinese Academy of Sciences

Figure 4. Spatial distributions of H1N1 ﬂu incidences and explanatory variables.
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(RESDC) (http://www.resdc.cn). In addition, the socioeconomic data consist of the population density, GDP,
road density, percentages of sensitive people (children
and elders), and urban population among total population, medical cost per capita, and the urban-rural consumption ratio. The 1-km gridded GDP data comes from
the Gridded Global Datasets for Gross Domestic Product
and Human Development Index over 1990–2015
(Kummu, Taka, and Guillaume 2018b, 2018a), and the
1-km gridded population density data is from the
Gridded Population of the World, Version 4 (GPWv4)
(Center for International Earth Science Information
Network – CIESIN – Columbia University 2016). The
road density map with the spatial resolution of 1 km is
computed with the kernel density function based on the
road network distribution. The populations of child and
the old are the people younger than 14 years old and
older than 65 years old in 2013, respectively (National
Bureau of Statistics of China 2015). The sensitive people
include both child and the old. The percentage of urban
population, medical cost per capita, and the urban-rural
consumption ratio are all sourced from the China
Statistical Yearbook in 2014 (National Bureau of
Statistics of China 2015).

3.3. Spatial line segment data of road damage
In addition to the spatial raster data and point or areal
data, spatial analysis for line segment data is performed
using the OPGD model. In the study, spatial line segment-based road damage conditions and potential variables are selected from the road deterioration datasets
in the Wheatbelt region in Western Australia, Australia
(Song et al. 2018, 2019). The road damage conditions are
described with the deﬂection of pavement, which is
measured with a Dynatest 8000 series Falling Weight
Deﬂectometer (FWD) and calibrated with Calibration
Method WA 2060.5 by Main Roads, WA (Main Roads
Western Australia 2017a, 2017b). Deﬂection is
a pavement strength indicator that describes the maximum depression on the surface of pavement under
a standard load. Explanatory variables include road
speed limits, soil types, population within 1 km around
the road segments, and annual mean daily volumes of
vehicles. Soil type data is sourced from the State of the
Environment (SoE) Land Australian Soil Classiﬁcation
Orders dataset in 2016 (Ashton and McKenzie 2001;
State of the Environment in Australia 2017). Population
within 1 km around the road segments is computed with
the population data with 1-km spatial resolution is from
Gridded Population of the World fourth version (GPWv4)

(Center for International Earth Science Information
Network – CIESIN – Columbia University 2016). Traﬃc
volumes are estimated with a segment-based regression
kriging (SRK) method. The SRK method is an improved
regression kriging method by integrate the spatial morphological characteristics of road segments and regression kriging model for more accurate spatial prediction
of line segment-based observations, such as traﬃc and
road attributes (Song et al. 2019).

4. Results
4.1. Spatial raster data of vegetation changes
In this study, spatial explanatory variables of vegetation
changes are investigated using the OPGD model. The
OPGD model can simultaneously deal with both categorical and continuous explanatory variables in practical
spatial analysis, where categorical variables can be
directly used in the geographical detector model, but
continuous variables should be discretized with optimal
parameters before modeling. Thus, the ﬁrst step of the
OPGD model is the spatial discretization parameters
optimization for continuous variables (Figure 5). Results
show that the optimal parameter combinations of discretization methods and break numbers are varied for
diﬀerent explanatory variables. The optimal parameter
combination for temperature change, precipitation, and
GDP is the natural break with seven intervals, and that
for population density is the quantile break with seven
intervals. With the spatial discretization parameters, continuous variables are converted to strata variables, which
are equivalent to categorical variables in the geographical detector model. Codes and completed analysis
results are provided in the Supplementary Information
2: Computation process of example cases.
The next step is to identify contributions of single
variables on vegetation changes using the factor detector. Factor detector results include Q values, corresponding signiﬁcances, and ranks of variables, where the
variable (precipitation) with the highest Q value compared with other explanatory variables is highlighted
(Figure 6).
In the third step, the risk detector provides risk means of
spatial zones determined by variables and tests if the risk
means of various spatial zones are signiﬁcantly diﬀerent
(Figure 7). Risk detector results show that data within different intervals of an explanatory variable have signiﬁcantly
varied eﬀects on vegetation changes. For instance, vegetation change in the cold subtropical highland climate (Dwc)
region is 0.445, but that in the cold desert climate (Bwk)
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Figure 5. OPGD-based explanatory variables exploration of vegetation changes: Processes (a) and results (b) of parameter optimization for spatial data discretization.

Figure 6. OPGD-based explanatory variables exploration of
vegetation changes: Contributions of single variables on vegetation changes investigated by the factor detector.

region is 0.005. To further investigate risk regions of vegetation changes, spatial distributions of risks determined by
explanatory variables are mapped in Figure 7(b). The variables determined mean vegetation changes are classiﬁed
into three levels: high values (red), medium values (gray),
and low values (blue). Spatial patterns of risk regions
explored by variables tend to be similar that the vegetation
change in the eastern region is relatively high and that in
the western region is low. However, local patterns explored
by various variables are diﬀerent. For instance, in the northeast region, climate variables, including climate zone, temperature change, and precipitation, have more eﬀects on
vegetation changes compared with other variables. In the
eastern and southern regions, high vegetation changes are

closely associated with human activities, such as GDP and
population density.
The last two parts are interactions between variables
explored by the interaction detector (Figure 8(a)), and the
ecological matrix derived by the ecological detector (Figure
8(b)). In the interaction eﬀect analysis, the interaction with
the highest Q value (0.915) is that between precipitation
and mining activities. The intermediate computation processes the t-test for risk detector, interactions explored by
the interaction detector, and the F-test for ecological detector are presented in the Supplementary Information 2.
Finally, when spatial units are grids, a common method
for selecting a reasonable grid size is to compare size
eﬀects of spatial units using the factor detector. In the
study, six sizes of gridded data are contained in the vegetation changes dataset. Figure 9 shows the comparison of the
size eﬀects of spatial units. Results show that the Q values
of most of the variables are increased from the 5-km to 40km spatial unit. The 90% quantile of Q values reaches to the
highest value when the spatial unit is 40 km and becomes
lower after 40-km spatial unit. Thus, we recommend using
40 km as an optional spatial unit for the spatial stratiﬁed
heterogeneity analysis.
In summary, this case study has following ﬁndings
according to the OPGD-based analysis. First, 40-km spatial
grid is an optimal spatial unit for assessing impacts of
human activities and climate change on vegetation
changes in the study area. In addition, precipitation is the
variable with the highest association with the vegetation
change. Precipitation and mining activities are enhanced by
each other in aﬀecting vegetation change, and their interaction is the major interactive variables in the study area.
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Figure 7. OPGD-based explanatory variables exploration of vegetation changes: Vegetation changes in variable determined spatial
zones computed by the risk detector, including risk mean values (a), spatial distributions of high, medium, and low levels of mean
vegetation changes (b), and the risk detector result (c).
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Figure 8. OPGD-based explanatory variables exploration of vegetation changes: Interaction detector (a) and ecological detector (b)
results.

Figure 9. Comparison of size eﬀects of spatial units for Q values and the 90% quantile of explanatory variables.

The variation of vegetation in the north-eastern regions is
closely associated with climate variables, and that in the
eastern and southern regions is linked with human activity
variables, such as GDP and population density.

4.2. Spatial point or areal data of H1N1 ﬂu
incidences
The H1N1 ﬂu incidences case is used to demonstrate the
OPGD-based analysis for point or areal data, and the
comparison of spatial analysis for the whole study area
(section 4.2.1) and for geographical sub-regions (section

4.2.2). Full results of the OPGD-based analysis are provided in the Supplementary Information 2.

4.2.1. In the whole study area
In the study, 13 potential explanatory variables are collected for the analysis of H1N1 ﬂu incidences. The geographical region is a categorical variable, and other
environmental and socio-economic conditions presented
in Figure 4 are all continuous variables. Results of spatial
analysis in the whole study area are presented in Figure 10.
The OPGD-based analysis for the whole study area consists
of six parts: spatial scale eﬀects analysis, spatial discretization optimization, factor detector, risk detector, interaction
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Figure 10. Results of OPGD-based analysis for H1N1 ﬂu incidences. (a) Spatial scale eﬀects and spatial unit selection; (b) spatial
discretization optimization for the variable temperature; (c) factor detector; (d) risk mean values of temperature; (e) risk matrixes of
temperature; (f) interaction detector; and (g) ecological detector.

detector, and ecological detector. The comparison of size
eﬀects indicates that relative impacts of meteorological
and socio-economic factors are varied with the change of
spatial units. In general, Q values of variables temperature,
medical cost, and percentage of sensitive population are
major contributors to the ﬂu incidence, and they reach the
maximum values when the spatial unit is 100 km. The 90%
quantiles of Q values show a similar trend. Thus, we
recommend choosing 100 km as the optimal spatial unit
for spatial analysis. In detail, temperature is the primary
contributor to the H1N1 ﬂu incidences. The socioeconomic variables medical cost and percentage of sensitive population have higher impacts than meteorological
variable precipitation when the spatial unit is smaller than
100 km. The impact of road density is continuously
increased with the increase of spatial unit, since the
spreading of ﬂu becomes easier with the growth of spatial
accessibility of road network that presented by the
increase of road density. In the spatial analysis under the
100-km spatial unit, the optimal parameter combination
for spatial discretization is selected for each continuous
variable. In Figure 10, the temperature variable is used as
an example to present the process and result of discretization optimization. The selected optimal combinations of
discretization method and break number of all explanatory

variables are listed in the Supplementary Information.
Results of geographical detectors show that temperature
is the major contributor to the ﬂu incidence with the
contribution of 49.09%, where southern region is of high
temperature driven risks. Eﬀects of the medical cost and
percentage of sensible population are enhanced by each
other, and their interaction can contribute 79.4% of ﬂu
incidence variations.

4.2.2. In sub-regions
The OPGD model can be ﬂexibly utilized in terms of
objectives of research and characteristics of spatial
data. This section presents an example that the study
area is divided into three sub-regions based on geographical regions, and the OPGD-based analysis are performed in the sub-regions, respectively.
Figure 11 shows the spatial analysis for H1N1 ﬂu incidences in sub-regions. Results include four parts of geographical detectors and size eﬀects of spatial unit. Steps of
the spatial scale optimization and spatial discretization
optimization are similar to processes of the whole study
area analysis, and they are presented in the Supplementary
Information 2. Spatial units are respectively determined for
the spatial analysis of three sub-regions according to the
comparison of spatial scale eﬀects. The geographical
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Figure 11. Spatial analysis for H1N1 ﬂu incidences in the sub-regions: (a) northeast and north; (b) central and south and (c) western
China.

detector results show that primary explanatory variables
and interactive variables are varied among sub-regions. In
the northeast, northern and western regions (Figure 11(a,
c)), socio-economic variables and interactions are major
contributors to the ﬂu incidence. In the northeast and
northern regions (Figure 11(a)), the percentage of urban
population contributes most to the ﬂu incidence, and the
interaction between percentage of urban population and
medical cost per capita has the highest association with ﬂu
incidence. In the western region (Figure 11(c)), medical cost
per capita is the primary single explanatory variable, and
the interaction between percentage of urban population
and precipitation is the major interactive variable of the ﬂu
incidence. However, in central and south regions (Figure 11
(b)), meteorological variables have higher associations with
ﬂu incidence than socio-economic variables. Precipitation,
temperature, and humidity are top three variables with
relatively high associations with ﬂu incidence in central
and south regions. The interaction between precipitation
and percentage of sensitive population is the primary interactive variable of ﬂu incidence.

discretization optimization and geographical detectors.
Computation process and intermediate results are summarized in the Supplementary Information 2. Optimal
discretization parameter combinations for the local population and traﬃc vehicles are quantile breaks with ﬁve
intervals and equal breaks with seven intervals. Result of
factor detector shows that soil type contributes most to
the road damage compared with other variables. Soil
type can explain 19.5% of road damage conditions.
Results of risk detector indicate that the road segments
at the soil type of Podosol have the highest risk of road
damage, and those at the soil type of Kandosol have the
relatively lowest risk. The interaction detector reveals the
impacts of interactions of variables, where the interaction
between volumes of vehicles and soil type has the highest contribution (47.12%) that is nonlinearly enhanced by
the single variables. Results of ecological detector
demonstrate that the impacts of road speed limit are
signiﬁcantly diﬀerent from other variables.

5. Discussion
4.3. Spatial line segment data of road damage
To explore potential variables of road damage, the OPGD
model is applied in the analysis for spatial line segmentbased road damage data. Figure 12 shows the OPGDbased spatial analysis results, including the spatial

This study develops an OPGD model for spatial stratiﬁed
heterogeneity analysis, which is an improvement of the
geographical detector model by integrating the parameters optimization. The primary contribution is that the
OPGD model can reveal more geographical
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Figure 12. Spatial analysis for road damage conditions. (a) Processes and results of spatial discretization optimization for continuous
variables; (b) factor detector; (c) risk detector; (d) interaction detector; and (e) ecological detector.

characteristics and information through the parameter
optimization process for spatial discretization and spatial
scale. The identiﬁcation of characteristics of geographical attributes can support more accurate and eﬀective
spatial patterns and heterogeneity exploration. In addition, applications of the OPGD model in diﬀerent types
of spatial data, including spatial raster data, spatial point
or areal data, and spatial line segment data, demonstrate
that more ﬁndings can be provided from the perspectives of spatial associations and regional investigations
by the analysis based on the in-depth geographical
characteristics and information. The innovative ﬁndings
are critical for practical spatial data analysis and support
regional decision-making.
In the ﬁrst case, the OPGD-based spatial analysis provides accurate evidence for regional and interactive
impacts of potential variables of vegetation changes.
First, for continuous variables, the OPGD model provides
an optimization method for determining the best parameter combinations of spatial discretization parameters
and spatial scale parameter. In most of the previous
research, both types of spatial parameters are manually

determined in the geographical detector model (Ding
et al. 2019; Luo et al. 2019; Duan and Tan 2020). The
optimal combinations of discretization method and
break number for explanatory variables can reveal
more approximately real associations between dependent and independent spatial variables. In the case, 40km grid is selected as the optimal spatial scale for the
vegetation change variables exploration, which is
approximate to the spatial units that have been used in
vegetation studies at large spatial ranges (Saidaliyeva
et al. 2017; Rodríguez-Fernández et al. 2018). The process of spatial scale parameter optimization can indicate
spatial scale eﬀects during the analysis, and the optimal
parameter demonstrates a more reasonable spatial unit
for spatial analysis. In addition, geographically regional
and interactive impacts of potential variables on vegetation changes in the study area are investigated. From the
perspective of regional eﬀects of variables, the association between vegetation changes and potential variables is signiﬁcantly varied in diﬀerent regions. In northeastern regions, the vegetation change is closely associated with climate variables, because forest and

GISCIENCE & REMOTE SENSING

grassland are major land use types and they are sensitive
to temperature and precipitation (Li et al. 2018). In the
eastern and southern regions, the vegetation change is
linked with human activities, such as GDP and population density. This result is mainly caused by the high
dense human activities, low forest coverage, and large
areas of steppe desert, which is not sensitive to the
climate change (Li et al. 2018; Yin et al. 2018). From the
perspective of interactive eﬀects of variables, the interaction of precipitation and mining activities is the major
interaction variable in the study area, and they are
enhanced by each other in aﬀecting vegetation change.
It has been widely conﬁrmed that that climate conditions and human activities have combined eﬀects on
vegetation changes (Brandt et al. 2017; Wang et al.
2018; Zheng et al. 2019), but the OPGD-based spatial
analysis in this study provides a quantitative comparison
between eﬀects of single variables and variable interactions from a spatial perspective.
The second case demonstrates that the OPGD model
can be ﬂexibly applied in spatial variables exploration
in both the whole study area and geographical subregions. In the whole study area, temperature is the
major contributor to the ﬂu incidence, where southern
high-temperature region is of high risks driven by temperature. High temperature and extreme weather
usually link with outbreaks of H1N1 ﬂu (Xiao et al.
2013; Chowell et al. 2012; Li, Song, and Wang 2009).
Eﬀects of the medical cost and percentage of sensible
population are enhanced by each other. The close
association between the H1N1 ﬂu with socioeconomic
conditions indicates the essential role of public health
resources in the variation of ﬂu incidence
(Ponnambalam et al. 2012; Kumar et al. 2015; Mulinari
et al. 2018). Compared with previous studies, this study
provides more details about geographically regional
eﬀects of explanatory variables of the ﬂu incidence. In
the northeast, northern, and western regions, socioeconomic variables and interactions are major contributors to the ﬂu incidence, but in central and south
regions, meteorological variables have higher associations with ﬂu incidence than socio-economic variables.
The OPGD-based spatial line segment data analysis in
the third case indicates the comprehensive impacts of
traﬃc volumes and environment on road damage. The
spatial analysis consists of two major ﬁndings. First, soil
type contributes most to the road damage compared
with traﬃc conditions and population distributions. In general, diﬀerent soil types have signiﬁcantly varied capacity to
bear road damage and potential vulnerability to rut formation (Mohtashami et al. 2017). Another ﬁnding is that the
interaction between traﬃc volumes and soil type has the
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highest contribution (47.12%) to road damage, and they
are nonlinearly enhanced by each other.
Finally, this study provides an open-source software
“GD” package in R for more ﬂexible, eﬃcient, and userfriendly computation of the OPGD model. The package
can provide suﬃcient details during computation and generate diverse statistics and visualizations of spatial analysis
results. Meanwhile, computation speed can be signiﬁcantly
improved by the package. A simulation data is sampled
from the disease mapping case of the Excel-based software
(http://www.geodetector.org/), and it contains three explanatory variables for disease incidence. Results show that the
time-consuming is linearly increased with the number of
samples. When the sample size reaches to 1000, 10 000, 100
000, only 0.05 s, 0.14 s, and 1.55 s are used for simultaneous
computation of four parts of geographical detectors by the
GD package, respectively. The package has strong capability in dealing with big quantity spatial data. More sample
units will improve the accuracy, but the marginal beneﬁt
might be tiny if sample units are large than 50–100 in each
stratum.

6. Conclusions
This study demonstrates that the parameter optimization
can further extract information contained in geographical
explanatory variables for the geographical detector model.
The developed OPGD model improves the capacity of the
geographical detector model with a parameter optimization method to optimize both spatial discretization parameters (discretization method and break number) and the
spatial scale parameter. The OPGD model can provide
a comprehensive solution for spatial stratiﬁed heterogeneity analysis through more accurate and eﬀective extraction
of geographical characteristics of explanatory variables.
The developed open-source software package can show
a full picture of the spatial stratiﬁed heterogeneity analysis
at all stages. The OPGD-based analysis for three example
cases with diﬀerent types of spatial data provide comprehensive benchmarks for broadening application scenarios,
ways, and ﬁelds.
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