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RESEARCH ARTICLE                                                                   

A local indicator of stratified power
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ABSTRACT 
Spatial stratified heterogeneity measures spatial association by 
power of determinant (PD) that compares variations within strata 
and across space. Models based on stratified heterogeneity have 
been extensively used across various fields to analyze PD from a 
spatial perspective. However, stratified heterogeneity in the local 
regions has not been investigated, although it can significantly 
influence the overall PD measurements in large-scale studies. This 
study proposes a local indicator of stratified power (LISP) to ana
lyze local spatial stratified association and demonstrate how spa
tial stratified association changes spatially and in local regions. 
The LISP model was implemented to examine the local potential 
determinants of the thickness variations in lake-terminating gla
ciers of the Greater Himalayas. The results indicate that LISP can 
reveal spatial association at various local positions, effectively miti
gating the underestimation or overestimation of PD values in 
local regions that are probably missed in global spatial stratified 
association models. The developed LISP model provides a reliable 
methodological framework for exploring local spatial associations 
and identifying local determinants in broad fields.
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1. Introduction

Spatial association is one of the most widely studied issues in spatial data analysis 
(P�aez et al. 2002). Accurately quantifying the spatial association between geographic 
variables can promote the advancement of spatial statistical inference (Wang et al. 
2020b, Song 2022, Zhang et al. 2024a), and has been widely utilized in the analysis of 
spatiotemporal issues across various domains such as ecology, environmental science, 
geology, public health, economics, and architecture (Ben-Moshe and Itzkovitz 2019, 
Song et al. 2020, Harvey and O’Neale 2024, Qian et al. 2024).

Spatial association is generally examined using three categories of spatial 
approaches, including local, scale-based, and stratified association models. The local- 
based spatial association primarily investigates localized clusters of regions with similar 
geographic attributes, local autocorrelation, and local heterogeneity. Techniques, such 
as the local indicators of spatial association (LISA) and Getis-Ord Gi are effective for 
assessing whether geographic attributes exhibit spatial clustering (Anselin 1995, Ord 
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and Getis 1995, Chen et al. 2023, Seoane et al. 2023). Local heterogeneity emphasizes 
fine-scale differences within specific areas, while other types (such as stratified, scale, 
and generalized heterogeneity) focus on broader variations across different groups, 
scales, or the entire study area (Luo et al. 2023, Zhang et al. 2024b). For example, geo
graphically weighted regression (GWR) and its enhancements are used to measure the 
localized geographical heterogeneity effects (Huang et al. 2010, Fotheringham et al. 
2017, Ge et al. 2017, Majumder et al. 2023). The spatial scaling association primarily 
aims to characterize the complex scaling structures of geographic attributes (Jiang 
2015). For instance, the ht-index is used to quantify spatial scaling association (Jiang 
and Yin 2014), often demonstrating a scaling law where smaller geographic features 
are more numerous than larger ones. Lastly, spatial stratified association, such as spa
tial stratified heterogeneity, explores associations between geographic variables by 
comparing intra-stratum variance with inter-stratum variance (Wang et al. 2016).

Spatial stratification is the process of dividing geographic space into strata, or dis
tinct regions, using geographical variables such as environmental and socio-economic 
conditions (Wang et al. 2016). The stratification process can group similar spatial data 
into homogeneous strata and distinguish them from different regions to better under
stand variable associations through spatial patterns. Spatial stratified heterogeneity 
provides effective models for examining spatial stratified association without mathem
atical assumptions about the geographic variables, ensuring the reliability and applic
ability of these models in practice (Song et al. 2020). The geographic detector (GD), a 
widely used spatial stratified heterogeneity-based model, measures stratified associ
ation using statistical variance and quantifies the association between explanatory and 
response variables through the power of determinant (PD) value (Wang et al. 2016). A 
series of enhanced models have been developed based on the GD framework over 
the past decade to improve the performance and effectiveness in analyzing stratified 
heterogeneity. For example, the optimal parameter-based geographic detector (OPGD) 
optimizes the algorithms and parameters for the spatial discretization of explanatory 
variables (Song et al. 2020), the interactive detector of spatial association (IDSA) 
enhances the spatial interactions of variables through fuzzy overlay approaches for 
more effectively quantifying spatial interaction association (Song and Wu 2021), and 
the geographically optimal zones-based heterogeneity (GOZH) model identifies the 
multiple variables-determined optimal regions for improving the adaptiveness of GD 
models in dealing with multiple explanatory variables (Luo et al. 2022). GD and its 
enhanced models have been widely applied across various fields, including studies on 
urbanization, ecological and environmental changes, climate change, and cryospheric 
variations (Feng et al. 2021, Li et al. 2021, Chen et al. 2022, Dasgupta et al. 2022, 
Zhang et al. 2024b).

Local analysis of geographic features is a critical component of geospatial analysis 
(Huang et al. 2023). When significant spatial association is present, global values may 
not be applicable across the entire study area (Fotheringham and Brunsdon 1999). 
Local analysis methods address this issue by defining sub-regions to compute multiple 
local values (Boots and Okabe 2007), playing a key role in identifying hotspots and 
their extents (Longley and Batty 1997), and demonstrating how relationships among 
geographic variables change spatially (Fotheringham et al. 2009). Since the initial 
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proposal of LISA, local analysis has garnered considerable interest, with studies focus
ing on various topics such as categorical data (Boots 2006), points on networks 
(Yamada and Thill 2007), optimal spatial weights (Getis and Aldstadt 2004, Aldstadt 
and Getis 2006), and space-time and income mobility (Rey 2016).

However, existing research on spatial stratified heterogeneity-based models only 
reveals the overall level of spatial association but ignores differences in association 
among different regions. GD and its enhanced models primarily calculate global PD 
values by assessing the explanatory power of explanatory variables on the response 
variable. Nevertheless, the explanatory power of variables may significantly vary across 
different geographical locations, especially in large-scale studies. Therefore, research 
on spatial association based on local scales is critically important. Analysis at the local 
scale enables a finer-grained examination of the spatial association at each location 
and allows for assessing the explanatory power of explanatory variables on response 
variables that vary spatially.

This study develops a local indicator of stratified power (LISP) to analyze the spatial 
stratified association at local regions and demonstrate how locally stratified association 
varies across space. LISP was employed in identifying locally stratified determinants of 
glacier thickness in the Greater Himalayas. The remainder of this article is structured 
as follows: Section 2 outlines the steps in developing the LISP, Section 3 presents a 
case study utilizing LISP, Section 4 showcases the results of the study, Section 5 dis
cusses the strengths and weaknesses of LISP, and finally, Section 6 provides the 
conclusion.

2. Local indicator of stratified power

This study proposes a local indicator of stratified power (LISP) to analyze the local vari
ation of spatial stratified association. Figure 1 shows the process of LISP, comprising 
three sequential steps. First, the optimal extent for local is identified using a spatial 
variogram to satisfy the criterion of a sufficiently small range and ensure that the data 
within the extent exhibit adequate heterogeneity and association. The second step is 
to analyze the PD of individual variables on the response variable through GD model
ing with optimal spatial discretization algorithms and parameters at the local scale. 
The final step is to quantify the local PD of interaction variables, including the inter
action of a pair of spatial variables and the interaction of multiple variables, using a 
tree-based spatial discretization approach and stratified heterogeneity approaches.

2.1. Determining the extent of local variability

Determining the local extent within the LISP model can elucidate the relationship 
between the size of the extent and the degree of dispersion of the response variable 
within that extent. Many approaches can be used to identify the extent of local vari
ability, such as replay’s K function (Dixon 2001), spatial change detection approach 
(Zhang et al. 2024a), and local coefficient of variation (Rao et al. 2022). Semivariogram 
functions are used to identify the extent of local variability in this study. The assump
tion of spatial second-order stationarity is required when applying the LISP model, as 
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it ensures that a reasonable local extent can be derived using semivariogram functions. 
Thus, this assumption should be tested to verify its validity before proceeding with the 
analysis. This process is divided into three stages, estimating parameters of empirical 
semivariograms, fitting semivariogram functions, and determining the local extent.

The semivariogram is a robust geostatistical tool used to analyze the spatial correl
ation of a variable to both distance and direction. Given two locations separated by a 
distance of ℎ units, and the difference in the variable values at these two locations, 
the semivariogram represents one-half of the variance of the differences. The true 
semivariogram is inherently unknowable (Olea 2006), necessitating the use of its esti
mated values instead. In this study, we employ Equation (1) to obtain an unbiased 
estimate of the semivariogram at a distance of h:

c hð Þ ¼
1

2nðhÞ

XnðhÞ

i¼1

½z yi þ hð Þ − z yið Þ�
2, (1) 

where z yið Þ represents the value of a response variable at location yi, and n(h) denotes 
the number of locations separated by a distance of h units.

Empirical semivariograms are spatially discrete, making it challenging to accurately 
and reliably determine the optimal distance. Therefore, it is necessary to fit the calcu
lated empirical semivariogram data using theoretical models. Common theoretical 
models include the exponential, linear, and power (Cressie 2015). Among them, the 
most commonly used is the exponential model:

c hð Þ ¼ c0 þ c 1 − exp
−h
a

� �� �

(2) 

Figure 1. The technical flowchart of the local indicator of stratified power (LISP) for examining the 
local power of determinants.
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where h represents distance. c0 indicates the semivariance value as the h approaches 
zero, and c indicates the semivariance value as the distance approaches infinity. a rep
resents the distance of the semivariance first reaches the value of c. Due to the inher
ent noise in empirical semivariograms, subjective judgment is necessary to determine 
which theoretical model is better suited for fitting the empirical semivariograms.

After fitting semivariogram functions, the next step is to determine the local extent. 
We chose twice of a to adequately cover local spatial variability that may contain the 
locally stratified heterogeneity within the local extent. The a represents the maximum 
distance where significant spatial correlation exists (Mazzella and Mazzella 2013), and 
using twice of a ensures a more comprehensive capture of local spatial variability. The 
extent of local (j) is calculated by:

j ¼ 2� a (3) 

Thus, the local extent j can effectively presents the local spatial variability or locally 
stratified heterogeneity and will be used to examine the local power of determinants 
in subsequent steps.

2.2. Local power of individual determinants

The local PD values of individual variables are calculated using an optimal parameters- 
based geographical detector (OPGD) (Song et al. 2020) at each local extent j: The fac
tor detector is the core component of OPGD and uses a Q-statistic to determine the 
relative significance of explanatory variables. The local PD at the uth location (qðuÞ) 
can be calculated as follows (Wang et al. 2010):

q uð Þ ¼ 1 −
PM

z¼1Nzr
2
z

Nr2
(4) 

where N and r2 represent the number and standard deviation of observations within 
the local extent j of location u. Nz is the number of observations and r2

z refers stand
ard deviation of observations within geographical stratum z (z¼ 1, … , M) of the local 
extent.

The significance of the qðuÞ is tested using an F-test, which is calculated as follows:

F ¼
N − M
M − 1

qðuÞ
1 − qðuÞ

� F M − 1, N − M; fð Þ (5) 

where M and N represent the number of regions and observations within the local 
extent, and f is calculated by:

f ¼
Xm

j¼1

�Y2
j −

1
N

XM

j¼1
�Y j

ffiffiffiffiffi
Nj

p� �2
" #

=r2 (6) 

where �Y j is the mean of the jth stratum within the local extent.

2.3. Local power of interaction determinants

The local PD of interaction variables, such as the interactions of two variables or 
multiple variables, is calculated by the GOZH (Luo et al. 2022) at each local extent j:
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The local PD of multiple variables within the local extent j at the location u (xðuÞ) 
can be calculated as follows:

x uð Þ ¼ 1 −
minðSSWX, DÞ

SST
(7) 

where SST and SSW are the Nr2 and 
PM

z¼1 Nzr
2
z in Equation (4). X are explanatory vari

ables, and D refers to stratified variables. The D is computed using a tree-based spatial 
discretization approach (Luo et al. 2022).

In addition, the contribution of an explanatory variable to an interaction of multiple 
or all variables can be calculated in two steps. First, a reculculated PD value is 
obtained by excluding the specific explanatory variable. Then, the contribution of this 
variable to the interaction is determined by subtracting this recalculated value from 
the PD value of the variable interaction (Luo et al. 2022).

3. Case study: identifying local stratified determinants of Mountain 
glacier thickness

3.1. Case study background and study area

Mountain glaciers are crucial elements of Asia’s water towers, playing an essential role 
in supporting downstream needs for domestic, agricultural, and industrial purposes 
(Jouberton et al. 2022). Over several decades, High Mountain Asia has experienced 
varying degrees of glacier mass loss (Rounce et al. 2023). Significantly, lake-terminating 
glaciers have experienced a much higher mass loss compared the land-terminating 
glaciers (Brun et al. 2019, Liu et al. 2020). These glaciers are influenced by several fac
tors including temperature, precipitation, elevation, glacial lakes, and the glacier sur
face albedo (King et al. 2019, Zhang et al. 2021, Bolibar et al. 2022, Rounce et al. 2023, 
Huber et al. 2024). LISP is employed to identify local stratified determinants of lake-ter
minating glacier thickness.

The study area, the Greater Himalayas, encompasses the Hengduan Mountains, the 
Himalayas, Nyainqentanglha Mountains, Karakoram, and the Hindu Kush (Figure 2). 
This region harbors the largest concentration of glaciers outside Antarctica and 
Greenland, temporarily storing significant freshwater resources (Zhao et al. 2022). The 
Greater Himalayas serve as the origin for 11 major rivers in Asia, supporting over 1.3 
billion people who depend on these rivers for freshwater (Xu et al. 2009). There are 
more than 5,000 glacial lakes, including 908 proglacial lakes (glacier lakes connected 
to glaciers) (Zhang et al. 2023). These proglacial lakes are rapidly expanding, accelerat
ing the melting of lake-terminating glaciers (Wang et al. 2020a).

3.2. Datasets

The thickness change of glaciers from 2000 to 2020 is derived from the global glacier 
thickness change product (Hugonnet et al. 2021), the spatial resolution is 100 meters. 
The glacier lake inventory data (Zhang et al. 2023) and the glacier inventory data 
(Pfeffer et al. 2014) are used to delineate the extent of lake-terminating glaciers.
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A series of potential explanatory variables are collected to explain the change in 
glacier thickness, categorized into climate, geography, and environment. Table 1
details these variables comprehensively. The climate is characterized by summer tem
perature, winter temperature, and annual cumulative precipitation, accessed from the 
ERA5-Land dataset (doi:10.24381/cds.68d2bb30). On the Google Earth Engine (GEE) 
(Gorelick et al. 2017), we conduct linear regression analyses (Montgomery et al. 2021) 
on summer temperature, winter temperature, and annual cumulative precipitation to 
ascertain their trends from 2000 to 2020. The geography is characterized by elevation, 
slope, and aspect. Elevation data are accessed from the NASADEM dataset (Crippen 
et al. 2016), and slope and aspect are calculated using this dataset on GEE. The envir
onment is characterized using lake area (by proglacial lakes) and surface albedo. The 
lake area data are derived from the glacier lake inventory, while surface albedo data 
are sourced from the MODIS MOD10A1 product (doi: 10.5067/MODIS/MOD10A1.006). 
Linear regression analysis is conducted to determine the summer surface albedo 
change trend from 2000 to 2020.

Figure 2. Spatial distribution of the thickness variations of lake-terminating glaciers in the Greater 
Himalayas. The dots in the chart represent the thickness variations of lake-terminating glaciers. The 
histogram in the figure shows the frequency of thickness changes at the terminus of glaciers con
nected to glacier lakes.

Table 1. Explanatory variables for evaluating the spatial distribution of thickness variations in 
lake-terminating glaciers.
Category Variable Data Period Spatial resolution

Climate Summer temperature ERA5-Land 2000–2020 11,132 m
Winter temperature ERA5-Land 2000–2020 11,132 m
Precipitation ERA5-Land 2000–2020 11,132 m

Geography Elevation NASADEM 2000 30 m
Slope NASADEM 2000 30 m
Aspect NASADEM 2000 30 m

Environment Lake area Glacial lake inventory 2020 30 m
Surface albedo MODIS 2000–2020 500 m

INTERNATIONAL JOURNAL OF GEOGRAPHICAL INFORMATION SCIENCE 7



3.3. Experiment design

Figure 3 depicts the process flowchart of the local determinants analysis of thickness 
changes in lake-terminating glaciers in the Greater Himalayas using the LISP model, 
comprising three main steps. The first step involves data preprocessing of glacier 
thickness change data and explanatory variable data. The second step entails conduct
ing a local determinants analysis of glacier thickness change using the LISP model. 
Finally, the model is validated to evaluate its accuracy and performance.

3.3.1. Data pre-processing
Data pre-processing involves three steps. The first step is to extract lake-terminating 
glaciers and determine lake area based on glacier and glacier lake boundaries. 
Considering the impact of lakes on glaciers, we extract the area where glaciers overlap 
with a 1 km buffer around the lakes as the data acquisition extent (DCE) for the 
response variable and explanatory variables. Next, glacier thickness change data from 
2000 to 2020 are extracted as the response variable. Finally, other explanatory varia
bles within the DCE are extracted on the GEE, forming the eight explanatory variables 
for this case study.

3.3.2. Identifying local stratified determinants of glacier thickness change
This section entails four steps. First, calculating the local extent is the foundation for 
the LISP. The second step is to analyze the local PD of each variable. The third step is 
to examine the local PD of variable pairs’ interactions through the LISP model. Finally, 
the assessment of the local PD of all explanatory variables on glacier thickness 
variation.

Figure 3. Diagrammatic representation of using LISP to identify key determinants affecting 
changes in the thickness of lake-terminating glaciers.
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3.3.3. Model evaluation
The developed LISP model is evaluated by comparing its derived local effects of PD 
and the global PD derived from OPGD and GOZH models that calculate overall PD val
ues to assess variable explanatory power across space. The LISP model provides local 
PD values at each location for both individual variables and interactions of variables. 
Statistical indicators such as maximum, minimum, and average local PD values are 
compared to global PD values. The average local PD value reflects the overall explana
tory power of a variable, while the maximum and minimum values capture its spatial 
variation. The effectiveness of the LISP model is examined from the perspective of 
both individual variables and interactions of variables, as OPGD and GOZH are typically 
applied to examine the overall explanatory power of these two types of variables. The 
global PD values in LISP, OPGD, and GOZH models are calculated using the R package 
“GD” (Song et al. 2020).

4. Results

4.1. Local extent exploration

Figure 4 illustrates the semivariogram function between the semivariance of the gla
cier thickness change and variation distance. The results suggested that the exponen
tial model provides a good fit for the semivariogram function. The exponential 
semivariogram function-derived range value is 309.15 km, and the local extent for 
depicting the local variability or locally stratified heterogeneity is 618.30 km, which is 
used to conduct the local stratified association for the individual variables and interac
tions of variables in the next few stages.

Figure 4. The process of deriving the local extent for the LISP model using the semivariogram 
function between the semivariance of glacier thickness change and distance.
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4.2. Local power of determinants of individual variables

In LISP, q values are used to quantify the PD of each variable on the response variable 
at each specific location. Figure 5 shows the q values of individual variables affecting 
glacier thickness across space. Results show that the LISP model can effectively iden
tify the spatial variation of q values for each explanatory variable across the study area 
with the significance levels. Among these variables, slope exhibits the strongest 
explanatory power for glacier thickness changes, with higher q values in central and 
eastern regions, and lower q values in western regions. Elevation and lake area 
changes also show high explanatory power for glacier thickness, with similar q values 
in the central and eastern but critical differences in the western of the study area. 
Surface albedo exhibits the weakest explanatory power for glacier thickness changes, 
which can be attributed to the lake-terminating glaciers are often covered by debris, 
resulting in minimal variation in surface albedo changes.

The significance test results for the q values of the explanatory variables are pre
sented in Figure 5. Among these variables, slope has the highest proportion of areas 
with significant locally stratified associations, with over 99.34% of the region showing 
significance levels below 0.05, except for some regions in the Hengduan Mountains, 
primarily attributed to the sparse data available. In addition, the major regions for ele
vation and lake area also show significance levels below 0.05, with only the western
most and easternmost parts of the study area being non-significant. Notably, the 
trends in winter temperature variations and annual cumulative precipitation exhibit 
high significance primarily in the Nyainqentanglha mountains, corresponding to higher 
PD values. This phenomenon is attributed to the South Asian monsoon climate in the 
region (Jouberton et al. 2022).

Figure 5. The local power of determinants of individual variables and their significance tests. The 
statistical plot in the upper right corner is a violin plot for the local power values of each variable, 
with red dots representing the means.
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4.3. Local power of interaction determinants

The local PD of interaction variables on the response variable is quantified using the 
x value. Figure 6(a) displays the spatial distribution of x values for three sets of inter
action variables (slope \ lake area, slope \ summer temperature, and slope \ precipi
tation) and interaction by all variables. Overall, the x values computed for the three 
interaction variable combinations exhibit significant spatial association. Specifically, the 
slope \ lake area shows stronger explanatory power in the central and eastern 
regions. Conversely, slope \ summer temperature and slope \ precipitation demon
strate stronger explanatory power in the western part of the central area, with weaker 
explanatory power in the eastern part. All three combinations exhibit lower PD values 
in the western regions. The x values for all variable interactions indicate higher x val
ues in the central, while lower x values are observed in the western and eastern, with 
the maximum x value reaching 0.707. In this case, since the x value represents the 
cumulative effect of two and all variables on the response variable, the significance is 
high across all locations.

The contribution of each explanatory variable to x values is shown in Figure 6(b). 
The contribution of the slope is paramount, albeit exhibiting negative values in the 
western region (indicating an increase in x upon excluding the slope). This indicates 

Figure 6. The local power of interaction determinants. (a) The interaction effects with two and all 
factors and their significance tests. (b) The contribution of each variable to the interaction of mul
tiple variables at a local scale. The statistical plot in the upper right corner is a violin plot for the 
local power values of each variable.
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that, for certain localized regions, having more explanatory variables is not necessarily 
better. Some variables can influence the contribution of other variables to the x val
ues. This finding serves as a pivotal criterion for selecting explanatory variables across 
distinct regions.

4.5. Model evaluation

Individual variables and interaction variables are used to assess the effectiveness of 
the LISP in analyzing local factors affecting glacier thickness changes on a large scale. 
This evaluation involved comparing the local PD values derived from LISP models with 
the global PD values obtained from two widely used enhanced GD models (i.e. OPGD 
and GOZH). Since OPGD and GOZH models provide PD values on a global scale, we 
derived the mean, minimum, and maximum local PD values from the LISP model for 
comparison. Table 2 presents the statistical results based on global and local PD 
values.

The LISP model demonstrates outstanding performance in exploring individual vari
ables. Specifically, the mean local PD values for most variables exhibit high consistency 
compared to the global PD values, suggesting that the global GD model captures the 
average effect of explanatory power across the entire study area. However, there is a 
slight difference in PD values for elevation calculated using the OPGD and LISP mod
els. Mean local PD value of LISP is 0.181, while the global PD value of OPGD is 0.062 
(p< 0.01). Results show that the LISP model can compute PD values for all locations, 
indicating essential spatial variability of PD values, which can’t be examined through 
the OPGD, a global stratified heterogeneity model. As such, the LISP model effectively 
avoids underestimation or overestimation of PD values for individual variables that 
can occur with global geographic detector models.

In assessing interaction variables, the LISP and GOZH models were used to calculate 
the local and global PD values for three combinations: slope \ lake area, slope \

Table 2. Comparison of the LISP-derived local PD values and global PD values in the existing 
stratified heterogeneity models.

Variable
Local PD of LISP 
mean [min, max]

Percentage of 
locations with 
significant LISP 

(p< 0.05)

PD of global 
geographical 

detector

Slope 0.266 [0.062, 0.565] 99.34% 0.207��

Individual variables Elevation 0.181 [0.033, 0.318] 95.70% 0.062��

Lake area 0.154 [0.014, 0.285] 75.88% 0.155��

Winter temperature 0.064 [0.009, 0.363] 73.12% 0.008�

Summer temperature 0.049 [0.002, 0.409] 46.15% 0.056��

Precipitation 0.046 [0.002, 0.484] 41.62% 0.066��

Aspect 0.048 [0.016, 0.384] 51.87% 0.021��

Surface albedo 0.028 [0.002, 0.236] 25.55% 0.053��

Interaction variables Slope \ Lake area 0.441 [0.169, 0.615] 98.67% 0.361��

Slope \ Summer 
temperature

0.427 [0.230, 0.652] 100% 0.289��

Slope \ Precipitation 0.401 [0.189, 0.632] 100% 0.372��

Interaction of all variables 0.549 [0.284, 0.707] 100% 0.547��

Significance levels: ��p< 0.01; �p< 0.05.
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precipitation, and slope \ summer temperature. The results indicate that average local 
PD values for all three combinations are higher than their corresponding global PD 
values. Notably, although the average local and global PD values for the slope \ lake 
area combination are higher than those for the other two combinations, the maximum 
local PD values for the slope \ precipitation and slope \ summer temperature combi
nations are significantly higher than those for the slope \ lake area combination. This 
suggests that the glacier thickness changes in certain areas are primarily controlled by 
temperature and precipitation, consistent with attribution studies (Hugonnet et al. 
2021, Huber et al. 2024) of most glacier thickness changes (including non-lake-termi
nating glaciers). This further underscores the reliability of the LISP model in large-scale 
studies.

In exploring all variables, local PD values and global PD values were calculated 
using the LISP and GOZH models, respectively. The results indicate that the local PD 
value with a mean value of 0.549 and ranging from 0.284 to 0.707 and the global PD 
value (0.547) are generally consistent in terms of the mean value, suggesting that the 
overall explanatory power of multiple variables derived from the LISP-based local PD 
aligns well with the existing stratified heterogeneity-based global PD values. However, 
the local PD can additionally capture spatial variability, demonstrating the influence of 
variables varies across different regions and enhancing the accuracy and explanatory 
power of the model.

5. Discussion

With advancements in geographic information science, local analytical methods have 
gained increasing importance in spatial analysis. Relying solely on global values or sets 
of global values as model parameters often proves inadequate for many study areas 
(Boots and Okabe 2007). When geographic data exhibit critical spatial disparity, global 
metrics become less applicable, failing to account for variations across different 
regions within the study area and may not even be suitable for any subregions 
(Fotheringham and Brunsdon 1999). For instance, the local indicators of spatial associ
ation (LISA) model, by identifying spatial associations in localized regions (Anselin 
1995), has driven the widespread adoption of local analytical techniques. These meth
ods have enhanced spatial models across various domains, including spatial autocor
relation, local heterogeneity, heteroscedasticity, and stratified heterogeneity (Table 3). 
Based on spatial dependence, the Moran statistic (MORAN 1950) and the Geary c stat
istic (Geary 1954) are essential metrics for quantifying global spatial autocorrelation. 
The advancement of local analytical methodologies has significantly enhanced the per
formance of spatial autocorrelation models and indicators, including the development 
of LISA (Anselin 1995), the local Geary c statistic (Anselin 2019), and heterogeneous 
spatial autocorrelation (Zhang et al. 2024b). In spatial heterogeneity, geographically 
weighted regression (GWR), along with its refined models (Brunsdon et al. 1998, 
Fotheringham et al. 2017), mitigates the influence of local effects on global linear or 
nonlinear regression models. To measure spatial heteroscedastic effects, local spatial 
heteroscedasticity has been employed to test the null hypothesis that local variance is 
indistinguishable from the variance of the entire study area (Ord and Getis 2012), and 
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the autoregressive conditional heteroscedasticity model, extended to spatial local con
texts, addresses spatial variance dynamics and spill-over effects (Otto 2024).

Despite these advances, existing local models do not address how spatial stratified 
heterogeneity evolves across different regions. This study addresses this gap by pro
posing a local indicator of stratified power (LISP) to analyze local spatial stratified asso
ciation. LISP provides a framework to quantify how spatial stratified association varies 
across local regions and how these local effects contribute to the overall spatial associ
ation. By comparing local and global dynamics of stratified spatial heterogeneity, LISP 
indicates that spatial patterns, processes, and their determinants vary across space. 
This study contributes to the existing literature by demonstrating that spatial stratifica
tion is not only a global phenomenon but also significantly shaped by localized pat
terns, which can now be effectively analyzed using the LISP model. This advancement 
provides new knowledge and tools for identifying regional spatial processes, which 
are critical for applications such as environmental monitoring, urban planning, and 
socio-economic analysis.

The LISP model provides several advantages in exploring spatial stratified associ
ation at a local scale. First, the LISP can explore the spatial association between 
response variables and explanatory variables within local regions, thus analyzing local 
driving mechanisms rather than merely providing a global average relationship. 
Second, the LISP model can prevent the overestimation or underestimation of PD val
ues that can occur in traditional models studying spatial stratified association. Finally, 
the LISP model exhibits robust data adaptability, allowing it to optimally determine 
the representative local extent, whether dealing with gridded or irregularly distributed 
data. The advantages of the LISP model effectively enhance applicability. 
Heterogeneity depends on size and varies in both large and small scales (Luo et al. 
2023, Zhang et al. 2024b). The geographical extent of this study spans 1395,632 km2, 
which allows for the identification of regional and localized heterogeneity. However, 
patterns may vary at smaller or larger scales.

However, this research has several limitations and future studies are recommended 
to address the following aspects. First, anisotropy is a critical aspect of semivariograms, 

Table 3. Illustrative examples explaining the importance of employing local models in spatial 
analysis.
Category Global models and indicators Local models and indicators

Spatial autocorrelation Moran statistic (MORAN 1950); 
Geary c statistic (Geary 1954)

Local Indicator of Spatial Association (Anselin 
1995); Local Geary c statistic (Zhang et al. 
2024b); Heterogeneous spatial 
autocorrelation (Zhang et al. 2024b)

Spatial heterogeneity Head-tail index (Jiang and Yin 2014) Geographically weighted regression 
(Brunsdon et al. 1998); Multiscale 
geographically weighted regression 
(Fotheringham et al. 2017)

Spatial heteroscedasticity Spatial error model with 
heteroscedasticity (Toloza et al. 
2024)

Local spatial heteroscedasticity (Ord and Getis 
2012); Spatiotemporal autoregressive 
conditional heteroscedasticity (Otto 2024)

Spatial stratified  
heterogeneity

Geographical detectors (Wang et al. 
2010), optimal parameters-based 
geographical detectors (Song and 
Wu 2021)

Local indicator of stratified power (LISP) (This 
study)
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and incorporating anisotropy analysis may add significant value to enhancing the 
model. Second, this study defines the local extent for examining local variability using 
samples within a specific distance around the target location. However, in sparsely 
sampled areas, the samples involved in the PD calculation are limited, reducing the 
reliability of the results. Utilizing a fixed number of nearest observations to the target 
location for PD calculation might address this issue, but it may lead to insufficient 
association of the response variable in densely sampled areas. Finally, the second- 
order stationarity assumed in the semivariogram, which is not always appropriate for 
spatial data, should be examined for various cases and practical applications. Thus, 
future research should adopt more advanced and precise methods to define the local 
range to enhance the performance of the LISP model.

6. Conclusion

This study proposes a local indicator of stratified power (LISP) model to address critical 
gaps in analyzing spatial stratified heterogeneity by capturing local variations in deter
minant effects commonly ignored by global models, thereby advancing geographical 
information science through enhanced local spatial analysis and a broader understand
ing of regional variability in spatial associations. By defining optimal extents of local 
heterogeneity and quantifying local power for individual and interaction variables, 
LISP effectively mitigates the underestimation or overestimation of the power of deter
minants, providing more accurate spatial associations in various local regions. This 
study provides readers with a powerful tool to analyze spatial variability and local 
determinants in large-scale studies, enhancing the analysis of how spatial associations 
vary across regions and supporting more accurate and region-specific decision-making. 
The model has substantial potential for broad applications across various fields in 
exploring local spatial determinants, assessing spatial variations, and advancing spatial 
decision-making in complex geospatial issues. Future research is recommended to 
expand the model by incorporating anisotropy analysis, adaptive extent definitions, 
flexible variability assumptions, spatiotemporal analyses, and testing its adaptability 
across diverse geospatial contexts.
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