
International Journal of Digital Earth

ISSN: 1753-8947 (Print) 1753-8955 (Online) Journal homepage: www.tandfonline.com/journals/tjde20

A locally explained heterogeneity model for
examining wetland disparity

Yang Li, Peng Luo, Yongze Song, Liqiang Zhang, Ying Qu & Zhengyang Hou

To cite this article: Yang Li, Peng Luo, Yongze Song, Liqiang Zhang, Ying Qu & Zhengyang Hou
(2023) A locally explained heterogeneity model for examining wetland disparity, International
Journal of Digital Earth, 16:2, 4533-4552, DOI: 10.1080/17538947.2023.2271883

To link to this article:  https://doi.org/10.1080/17538947.2023.2271883

© 2023 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group

Published online: 01 Nov 2023.

Submit your article to this journal 

Article views: 2470

View related articles 

View Crossmark data

Citing articles: 24 View citing articles 

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=tjde20

https://www.tandfonline.com/journals/tjde20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/17538947.2023.2271883
https://doi.org/10.1080/17538947.2023.2271883
https://www.tandfonline.com/action/authorSubmission?journalCode=tjde20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tjde20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/17538947.2023.2271883?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/17538947.2023.2271883?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/17538947.2023.2271883&domain=pdf&date_stamp=01%20Nov%202023
http://crossmark.crossref.org/dialog/?doi=10.1080/17538947.2023.2271883&domain=pdf&date_stamp=01%20Nov%202023
https://www.tandfonline.com/doi/citedby/10.1080/17538947.2023.2271883?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/17538947.2023.2271883?src=pdf
https://www.tandfonline.com/action/journalInformation?journalCode=tjde20


A locally explained heterogeneity model for examining wetland 
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ABSTRACT  
Identifying the factors influencing wetland variations is crucial for 
understanding the relationship of climate change with wetland 
conservation and management. The wetland distribution is associated 
with multiple variables, and the interactions among these variables are 
complex. In this study, we aim to explore an interpretable and 
quantitative analysis of factors related to wetland spatiotemporal 
variations on the Tibetan Plateau (TP). By combining SHapley Additive 
exPlanations with a spatially stratified heterogeneity model, we propose 
a locally explained stratified heterogeneity (LESH) model that well reveals 
the effects of multiple variable interactions on the spatiotemporal 
variations of wetlands. The results show that topographic variables are 
the most important variables related to the spatial distribution of 
wetlands on the TP, and climatic variables are the most relevant factors 
for the increase in the wetland area on the TP from 2015 to 2019. In 
addition, the interactions among multiple variables strongly influence 
wetlands on the TP. Among them, when other geographic variables 
interact with the evaporation variable, its explanatory power on wetland 
distribution is significantly increased. Knowledge of wetland distribution 
determinants can help us understand the evolution of wetlands and the 
impacts of climate change on wetland variations.
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1. Introduction

Wetlands provide abundant ecological and climatic benefits. They are critical for hydrology, 
biogeochemical function, and biodiversity conservation (Chatterjee et al. 2015; Cohen et al. 2016; 
Gall et al. 2013; Russi 2013). The soil and biomass in wetlands can capture and store atmospheric car
bon dioxide over long periods to counteract the effects of climate change (Chmura et al. 2003; Mitsch 
et al. 2013; Were et al. 2019). The Tibetan Plateau (TP) is the birthplace of many large rivers in Asia 
and has unique alpine wetlands (lakes, rivers, marshes, etc., under unique alpine climate conditions) 
(Zhao et al. 2015; Cao and Zhang 2015). As a sensitive region and magnifier of global climate change, 
the TP has been significantly impacted by climate conditions and environmental variability over the 
past three decades (Kang et al. 2007; Yao et al. 2000; Zhang et al. 2020). The spatiotemporal changes in 
wetlands and the relevant factors on the TP have attracted great attention.
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Knowing the factors that influence the wetland variations on the TP could facilitate our under
standing of wetland development and changes. By revealing the interactions between hydrological 
processes and the ecosystem, we can develop coupling models to simulate spatiotemporal hydrolo
gical patterns and processes (Xue et al. 2018; Zhang et al. 2016b). These models are essential in pre
dicting whether wetlands will be resilient or vulnerable to climate change in the future (Zhang et al.  
2016a). This knowledge is also helpful for making decisions regarding wetland restoration and pro
tection (Hu et al. 2017). To make protection measures more effective and targeted, it is essential to 
set different measures for different regions according to the characteristics of wetlands (Xu et al.  
2019). By carefully designing these partition strategies, researchers can help to protect and preserve 
the unique wetland ecosystems of the TP.

Numerous methods can be used to investigate the related factors of spatiotemporal variations on 
wetlands. These methods can be categorized into two groups: statistical models and mechanical 
models (Wang et al. 2022). Correlation analysis methods are the most widely used statistical 
methods. The correlation of time series data was used to investigate the relationships between vari
ables (Wang, He, and Niu 2020; Wang et al. 2022). Regression analysis methods use curve-fitting 
statistics to explore spatial relationships. For example, multiple regression was used to predict 
the wetland extent with coastal and watershed variables and calculate the explanatory power to wet
land changes (Braswell and Heffernan 2019). Geographically weighted regression (GWR) was used 
to reveal the critical influencing factors of spatiotemporal variability on wetlands (Tian et al. 2023). 
In addition, several studies have investigated the impacts of climate variables on wetland changes 
based on mechanical models, such as wetland hydrological models (Moshir Panahi et al. 2022). Xi 
et al. (2020) explored the effects of temperature changes on the wetland areas across 1,250 inland 
Ramsar sites by estimating the wetland areal extent with a hydrological model.

Spatially stratified heterogeneity (SSH) models are effective analytical frameworks for investigating 
the drivers of spatial variability in geographical variables. The utilization of SSH models has been on 
the rise in recent years for characterizing the spatial variability of geographical variables (Guo et al.  
2022; Luo et al. 2022). These models enable a comparison of the spatial distribution patterns of depen
dent and independent variables to calculate the power of determinants (PD) (Luo et al. 2023). A 
higher PD value indicates similar spatial distributions. In the classical SSH model, spatial discretiza
tion was conducted according to equal, quantile, or geometric breaks, and no optimization occurred 
in this process. The detected spatial associations of this method were influenced by the rule applied to 
determine spatial discretization. Thus, the corresponding PD could not fully explain the spatial associ
ations between the explanatory variables and response variables. Studies have detected a significant 
underestimation of PD when using the classical SSH model (Luo et al. 2022). To address the above 
problem, several models have been developed to calculate the optimal power of determinant 
(OPD), such as the optimal parameter based geographical detector (OPGD) and geographically opti
mal zones-based heterogeneity (GOZH) models (Luo, Song, and Wu 2021; Song et al. 2020; Song and 
Wu 2021; Luo et al. 2022). By optimizing the spatial discretization process, the corresponding OPD 
can significantly improve the method to fully reveal the spatial associations.

However, current SSH models still faced difficulties to explain the contributions of variables due 
to the complex spatial heterogeneity of wetlands in large regions. A black box exists in the current 
SSH models when calculating the interactions between multiple explanatory variables. There is a 
need to distribute the contributions in a fair way to explain the role of each variable and the 
interactions between multiple variables. In addition, past studies have ignored the scale effect of 
geographical variables on wetlands. In spatial analyses, the size of the units directly affects the 
level of detail captured and the results generated (Chen et al. 2019). If the scale of the variables 
changes, then the covariance between them, their correlation coefficient, and the statistical 
model results also change (Wu 2004). Therefore, analyses relying on geographical variables are rela
tively scale-sensitive, and it is important to choose the optimal scale when characterizing and com
paring data when using these analysis methods.
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In this study, we developed a locally explained stratified heterogeneity (LESH) model to calculate 
the contribution of each variable for explaining the spatiotemporal heterogeneity of wetlands on the 
TP. The multiple grid-scale wetland density from 2000 to 2019 was calculated from a wetland pro
duct (Li et al. 2023a; Li et al. 2023b). Correspondingly, the explanatory variables were collected from 
Google Earth Engine (GEE) and classified into three categories: geographic, climatic, and environ
mental variables. The Shapley value, a commonly employed concept in cooperative game theory 
analyses to fairly distribute the ‘payout’ among players (Shapley 1953; Datta, Sen, and Zick 2016; 
Lundberg and Lee 2017), was introduced to assign a total explanatory power to each variable. 
Based on this model, the contribution of each variable and the interactions among multiple vari
ables were obtained. First, the optimal scale of analysis was determined by investigating the associ
ations between each variable with wetland density at different scales. Second, the impacts of 
individual variables on the spatiotemporal variations of wetlands were analysed at the optimal 
scale. Third, the LESH model was used to calculate the interactions among multiple variables. 
Finally, the geographically optimal wetland zones over the first 15 years (slowly fluctuating period) 
and the following 5 years (rapid growth period) of the study period were determined. The impact of 
the related factor on the wetland distribution was analysed according to the geographically optimal 
zones, and each variable’s contribution was calculated.

2. Data

2.1. Response variable

In our study, the wetland density was used as the response variable. Compared with wetland area, 
wetland density was more convenient for comparison among different scales. Wetland density data 
at multiple scales were calculated from the yearly wetland product on the TP (Li et al. 2023a; Li et al.  
2023b). The product was generated from Landsat satellite images between September and October 
from 2000 to 2019. Lakes, rivers, and marshes including moss marshes, herbaceous marshes and salt 
marshes were the main types of extracted wetlands. Validation experiments indicated that this wet
land product is highly accurate (with a 96.1% user’s accuracy and 90.8% producer’s accuracy).  
Figure 1 shows the spatial (Figure 1a) and temporal (Figure 1b) variations of the wetlands on 
the TP. There are more wetlands in the north-western region and fewer in the south-eastern 
area. In terms of temporal variations, two distinct wetland periods were distinguished by Ruptures 
(Truong, Oudre, and Vayatis 2020), a Python library for change point detection. From 2000 to 2014, 
the TP wetland area fluctuated between 160,000 km2 and 185,000 km2 with no significant changes. 
From 2015 to 2019, the TP wetlands showed a rapidly extending trend. The wetland growth (50,725 
km2) during this period was more than one-fourth of that in 2015. In subsequent analyses, we used 
wetland density from 2000 to 2014 as the proxy of the spatial variations of wetlands, and wetland 
density from 2015 to 2019 as the proxy of the spatial and temporal variations of wetlands.

2.2. Explanatory variables

The explanatory variables used to explain the spatial disparities of wetlands included topographical, 
climatic, and environmental categories derived from remotely sensed data (Table 1). All these data 
were collected using Google Earth Engine (GEE). Since the Landsat images used to identify wetlands 
were all taken from September to October, the explanatory variables were also averaged for September 
and October to represent the climatic and environmental conditions as much as possible.

2.2.1. Topographical variables
Topographical variables, including the elevation and derived slope data, were obtained from GEE to 
represent the topographical conditions of the TP. The data were collected from the digital elevation 
model (DEM) at a resolution of 30 m from the Space Shuttle Radar Terrain Mission (SRTM) (Farr 
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and Kobrick 2000). The slope data were computed from the elevation data by the spatial analysis 
function in GEE.

2.2.2. Climate variables
Climate change is an essential driver of the conversion of wetland ecosystems (Mitsch et al. 2013; 
Wang, He, and Niu 2020). The climate variables used in this study include monthly temperature 
and precipitation data derived from the ERA5-Land monthly averaged data (Muñoz-Sabater 
et al. 2021). ERA5-Land is a reanalysis product that integrates observational data with the funda
mental principles of physics, thereby providing a precise characterization of the climate. The 
data has been transformed into monthly averages with a spatial resolution of 0.125 × 0.125 degrees.

Figure 1. Distribution of TP wetlands. (a), the number of years with wetlands in each location from 2000 to 2019; (b), the TP 
wetland area changed from 2000 to 2019.

Table 1. Explanatory variables for the wetland density.

Category Variable Abbr. Product

Topography Elevation ELE SRTM DEM
Slope SLO SRTM DEM

Climate Temperature TEM ERA5-Land
Precipitation PRE ERA5-Land

Environment Normalized Difference Vegetation Index NDVI MOD13Q1
Enhanced Vegetation Index EVI MOD13Q1
Evaporation EVA ERA5-Land
Runoff RO ERA5-Land
Snowmelt SM ERA5-Land
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2.2.3. Environmental variables
The enhanced vegetation index (EVI), normalized difference vegetation index (NDVI), evapor
ation, runoff, and snowmelt were used as environmental variables to characterize the local environ
mental conditions. The EVI and NDVI data used in this study were obtained from Terra MODIS 
products (MOD13Q1) at a spatial resolution of 250 m (Didan, Munoz, and Huete 2015). Evapor
ation, runoff, and snowmelt were derived from the ERA5-Land monthly averaged data.

3. Methods

3.1. Locally explained stratified heterogeneity (LESH) model

3.1.1. Concept of the LESH
Figure 2 shows the difference between the three kinds of SSH models. Given the response variable 
and one or multiple explanatory variables, spatial discretization was conducted, and the variance in 
the response variable among the divided zones was calculated. In the classical SSH model 
(Figure 2b), the PD value could not fully explain the spatial associations between the explanatory 
variables and response variables. Some improved models, such as the OPGD and GOZH models 
(Figure 2c), can significantly improve the PD value to fully reveal the spatial associations. However, 
although the OPD can accurately estimate how multiple explanatory variables influence the 
response variable, we have yet to determine the contribution of each explanatory variable. For 
example, we may find that temperature and precipitation can together explain 50% of the wetland 
distribution. There is a need to determine the contribution of temperature to this interaction.

In this study, we aim to open this black box and determine the contribution of each variable to 
the OPD. We propose the LESH model by combining the SHAP and SSH models. The improved 
OPD, called the SHAP power of determinants (SPD), can fully explain the contribution of each 

Figure 2. The development of the SSH model. (a), the response variable and the explanatory variables; (b), the concept of the 
power of determinant (PD); (c), the concept of the optimal power of determinant (OPD); (d), the SHAP power of determinant 
(SPD).
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variable regardless of how many variables are considered or how complex the interaction process is 
(Figure 2d).

Figure 3 shows the flowchart of the LESH model. Given the response variable and multiple 
explanatory variables, the LESH model provides three outputs: the OPD value of individual vari
ables and multiple variables, the SPD value of each variable, and the geographically optimal 
zones. The OPD values refer to the correlation between the dependent variable and explanatory 
variables. The SPD values represent the contribution of each variable. The geographically optimal 
zones can be applied to assess the overall impacts of multiple variables on spatial patterns of depen
dent variable.

To begin, the OPD values of individual variables and multiple variables were calculated based on 
the GOZH model (Figure 3b). Subsequently, the contribution of each variable was computed 
according to the concept of Shapley value (Figure 3d). Finally, we obtain the geographically optimal 
zones, which represent the strongest correlation of all possible combinations of explanatory vari
ables to the spatial distribution of the dependent variable.

3.1.2. Power of determinants (PD) and optimal power of determinants (OPD)
The PD value was a measure of the spatial association between the response variable and the expla
natory variable, with a higher PD value indicating a stronger association. This value was a ratio of 
the variance in the wetland density within the zones, determined by explanatory variables, to the 
variance across the entire study area. The formula was as follows:

PD = 1 −
SSW
SST
= 1 −

􏽐h
z=1 Nzs

2
z

Ns2
(1) 

where SSW represents the summation of squares within individual zones, SST corresponds to the 
summation of squares of wetland density across the entire study area, Nz and sz denote the number 
and standard deviation of wetland density in each zone z (z = 1, … , h), respectively, and N and σ are 
the number and standard deviation of the wetland density across the study area, respectively.

Figure 3. The workflow of the LESH model. (b), calculation of the OPD by the decision tree-based SSH model; (c), the results of 
OPD and the spatial discretization (zones) of the response variable; (d), calculation of the SPD value based on the SHAP model; (e), 
the results of SPD and the optimal spatial discretization (zones) of the response variable.
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In this study, the optimal PD value, which was proposed by the geographically optimal zone- 
based heterogeneity (GOZH) model (Luo et al. 2022), was used to explore the factors influencing 
the wetland distribution. In GOZH, the OPD is represented by the V value, which is calculated as 
follows:

V = max(PD) = 1 −
min(SSWX,D)

SSD
(2) 

where SSWX,D denotes the sum of squares within zones that are recorded as D and deter
mined by explanatory variable X. The Ω value can identify the optimal geographical zone 
determined by multiple explanatory variables and demonstrate the maximum PD of these 
explanatory variables.

3.1.3. SHAP power of determinants (SPD)
The cooperative game theory proposed by Shapley (Shapley 1953; Lundberg and Lee 2017) was used 
to calculate the contribution of each explanatory variable under the condition of multivariate inter
actions. Our method can be described as follows. Suppose that the explanatory variables include x1, 
x2, x3, … xm, for a total of |M| (where |M| represents the number of variables in the set of M) vari
ables. S = {x1, x2, x3, … xs} (s< = m) is a subset within the |S| explanatory variables excluding xj. Our 
method can distribute the total OPD value to each variable in a ’fair’ way. For variable xj, the SHAP 
power of determinants (SPD), i.e. the contribution of variable xj to the V value, can be calculated by 
the following equation:

uxj (S) =
􏽐

s[M\{xj}

|S|!(|M| − |S| − 1)!

|M|!
(v(S < {xj}) − v(S)) (3) 

where uxj (S) denotes the SPD of variable xj in the set M. S [ M\{xj} denotes that the S is a 
subset of M, but S does not contain the variable xj, and v(S) is the function used to calculate 
the OPD under the interaction of |S| (where |S| represents the number of variables in the set 
of S) variables.

This formula is equal to the Shapley values (Lundberg et al. 2020; Lundberg and Lee 2017) and 
can be understood as follows: the SPD is the weighted average of the difference between the func
tions v(S) of all subsets containing the variable xj and those not containing the variable xj (Figure 3). 
Notably, the empty set is also a part of this set. In any combination of subsets, the contribution of 
the variable xj can be calculated by v(S < {xj}) − v(S); then, for each variable, the mean of this con
tribution can be calculated over all permutations.

For a combination of variables S, the following expression can be obtained:

v(S) =
􏽐

{xj}[S
uxj (S), j = 1, 2, . . . S (4) 

i.e. the sum of the contributions of all variables in set S is equal to the total V value of the set. Thus, 
the contribution of each variable we calculated is a part of the V value.

uxi (v(S)+ v(S)) = uxi (v(S))+ uxi (v(S)) (5) 

The SPD proposed herein has the following three desirable properties, consistent with the Shapley 
values. 

(1) Symmetry:

If xi and xj are two explanatory variables that contribute equally to all possible combinations, i.e.

v(S < {xi}) = v(S < {xj}) (6) 
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for every subset S that contains neither i nor j, s [ S\{xj, xi}, then their Shapley values are 
identical:

uxi = uxj (7) 

(2) Dummy variable:

If v(S) = v(S < {xj}) for an explanatory variable xj and all combinations s [ M\{xj}, then:

uxj = 0 (8) 

(3) Linearity:

If other methods can be used to calculate the maximum explanatory power of variables, i.e. if both 
v(S) and v(S) exist, then the contribution of the variable xi in the combination of these two methods 
is equal to the sum of the contributions under the respective methods. This ensures the extensibility 
of our method.

uxi (v(S)+ v(S)) = uxi (v(S))+ uxi (v(S)) (9) 

3.2. Examining wetland variations with LESH model

The framework comprises three main components (Figure 4): data pre-processing, optimal 
scale determination, and the computational stage utilizing the LESH model. This stage 
involves individual variable exploration, multiple variables exploration and identifying opti
mal zones.

3.2.1. Data pre-processing and the identification of the optimal analysis scale
The raw wetland data used herein were pixel-based classification images, but the LESH model 
requires continuous variables, such as area and density variables. Therefore, the data had to be 
transformed into the wetland density, i.e. the proportion of wetlands per unit area. To inves
tigate the effects of the variable scale on the spatial distribution of wetlands, the multi-resol
ution data was aggregated using average function. The wetland density was aggregated from 
the 1-km resolution to the 10-km resolution at 1-km intervals and from the 10-km resolution 
to the 150-km resolution at 10-km intervals. The explanatory variables were also aggregated to 
different resolutions using the average function. For the elevation, slope, NDVI, and EVI vari
ables, we first obtained 1-km-resolution data through the GEE platform and then obtained 
multi-resolution data by calculating the pixel means. For the five variables of temperature, pre
cipitation, evaporation, runoff, and snowmelt, since the original resolution was 0.125°×0.125°, 
we first resampled these data to a 1-km resolution using the GEE platform and then aggre
gated them to other resolutions by calculating the average values.

In this study, we investigate the optimal scale to analyse the distribution of wetlands on the 
TP using multiscale data in the LESH model. First, for each year and each scale, the OPD 
values of all nine variables were calculated. Second, for each scale, a box plot of all OPD values 
of the nine variables over two decades was obtained. Third, the mean OPD values of the nine 
variables over two decades were calculated. Finally, the optimal scale was selected according to 
the change rate between the adjacent scales. The locally estimated scatterplot smoothing 
(LOESS) model (Jacoby 2000) was used to fit the mean OPD values into a curve, and then 
the change rate of OPD values at different scales was calculated. The scale with a change 
rate of less than 5% was selected as the optimal scale (Song et al. 2020; Luo, Song, and 
Wu 2021).
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3.2.2. Calculating of OPD values of individual variables
Based on the optimal scale, we analysed the effects of individual explanatory variables on the wet
land density from 2000 to 2019 using the LESH model. First, the annual data were leveraged to 
calculate the OPD values. The order of importance of the variables was determined by comparing 
the OPD values calculated from the individual variables. Second, the annual wetland density and 
explanatory variables were classified into two periods considering that the wetland area showed 

Figure 4. Schematic workflow of the process used to identify the spatiotemporal heterogeneity and influencing factors of the 
wetland distribution on the TP based on the LESH model.
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two distinct phases, i.e. 2000-2014 and 2015-2019. The change rates of each explanatory variable 
in both periods were calculated. By comparing the changes in OPD values of each explanatory 
variable, we obtained the key variables dominating the wetland distributions in different periods.

3.2.3. Calculating of SPD values
This study detected and analysed the interactions of two variables as a case study. We calculated the 
interactions between variable pairs and their respective contributions (SPD) using the LESH model. 
Specifically, the annual data were classified into two periods. Then, we iterated through all possible 
combinations of variables to compute the OPD under different combinations of variables. Finally, 
the SPD values were calculated for each variable. The SPD value is the weighted average of all OPD 
values of the combinations containing the targeted variable with that of the combinations without 
the targeted variable.

3.2.4. Identification of geographically optimal zones
Stratified variables from the spatial discretization were used to identify the geographically optimal 
zones. According to the stratified variables, wetland density was grouped into geographically 
optimal zones, indicating the highest homogeneity within zones and the highest heterogeneity 
between zones.

Since all possible combinations of variables were iterated in the above calculations, we can obtain 
the geographically optimal combination of variables that is most relevant to wetland density. 
Subsequently, the contribution of each variable to these optimal zones was analysed, thereby 
providing insights into how multiple variables impact the spatial patterns of wetlands. Finally, a 
comprehensive analysis of the geographical, climate, and environmental variables was conducted 
based on the geographically optimal zones, aiming to reveal the regional spatial associations with 
the wetland density.

4. Results

4.1. The optimal scale for analysing wetland distribution

The optimal scale was identified for the heterogeneity analysis of the wetland distribution. Figure 5a 
shows the variations in Ω values at different scales. The explanatory power of the wetland 
distribution gradually increased with the scale of analysis. From the 1-km to the 60-km scale, the 
growth rate consistently increased. The highest value (0.140) was reached at the 60-km scale 
(Figure 5b). As the scale increased, the growth rate of Ω value started to decelerate. By the scale 
reached 120-km, the growth rate of Ω value was lower than 0.05. The choice of scale involved a 
trade-off between the strength of interpretation and the granularity of the study, since a high 

Figure 5. Selection of the optimal scale for the wetland distribution analysis. (a), the OPD (Ω) values calculated at different scales, 
with each box containing 20 years of results. (b), the fitting curve of OPD based on LOESS model (black) and the growth rates of 
OPD values (blue).
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scale leads to a decrease in the number of image elements and a decrease in the granularity of the 
study. In this study, we chose 120-km, where the growth rate of Ω value was below 0.05, as the opti
mal scale for analysis.

4.2. Impacts of individual variables

Figure 6 shows the Ω values of different variables at the 120-km scale over 20 years. From the per
spective of the three categories of variables, topographic variables had the highest spatial associ
ations with wetland density, followed by climatic and environmental variables. In terms of 
individual variables, the slope variable has the highest average Ω value among the nine variables, 
explaining 49.2% of the spatial variability in the wetland distribution on average (20 years). 
Among the nontopographic variables, vegetation accounted for the most important role in the wet
land distribution. Among them, the Ω values of EVI and NDVI were 0.320 and 0.318, respectively. 
Runoff had a Ω value of 0.279 for the wetland distribution.

We further examined the spatial associations between the individual variables and the wetland 
density during two periods. Figure 7 shows the Ω values of each variable during 2000-2014 and 
2015-2019. The results also reveal the dominant impact of the topographical variables on the wet
land distribution. However, the importance of variables changed during the two periods. During 
2015-2019, the Ω values of topographical variables such as the slope and elevation decreased by 
17.6% and 26.0%, respectively, while the Ω values of NDVI, EVI and temperature increased by 
26.0%, 43.1%, and 73.5% (Figure 7b), respectively, compared with 2000-2014. The decreased Ω 
values of the topographical variables indicated a decrease in the explanatory power on the wetland 
distribution. This suggested that the newly formed wetlands had fewer spatial associations with the 
topographical variables but were more significantly influenced by meteorological variables such as 
temperature and environmental variables.

4.3. Impacts of the interactions of variable pairs

The proposed LESH model can reveal the contribution of each variable in the interactions of mul
tiple variables. The results show that the interactions between topographic variables and other vari
ables had the strongest explanatory power for the wetland distribution (Figure 8). Environmental 
and climatic variables play a secondary role in explaining the distribution of wetlands. Among the 
interactions involving nontopographic variables, the interactive effect of NDVI and TEM had the 
greatest impact on the wetland distribution. The Ω values were 0.40 and 0.43 in the 2000-2014 and 
2015-2019 periods, respectively.

Figure 6. The OPD values of the explanatory variables of the wetland distribution. SLO refers to slope, ELE refers to elevation, EVI 
refers to enhanced vegetation index, NDVI refers to Normalized Difference Vegetation Index, TEM refers to temperature, PRE 
refers to precipitation, EVA refers to Evaporation, SM refers to snowmelt, RO refers to runoff.
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Figure 7. The change of OPD values in the two periods. (a), the OPD values in the 2000-2014 and 2015-2019; (b), the percentage 
change of OPD values between the two periods. SLO refers to slope, ELE refers to elevation, EVI refers to enhanced vegetation 
index, NDVI refers to Normalized Difference Vegetation Index, TEM refers to temperature, PRE refers to precipitation, EVA refers to 
Evaporation, SM refers to snowmelt, RO refers to runoff.

Figure 8. SHAP power of determinants (SPD) values between two variables. (a), in the 2000-2014; (b), in the 2015-2019. The pie 
chart proportions correspond to variables on the x- and y-axes and are distinguished by colors. SLO refers to slope, ELE refers to 
elevation, EVI refers to enhanced vegetation index, NDVI refers to Normalized Difference Vegetation Index, TEM refers to temp
erature, PRE refers to precipitation, EVA refers to Evaporation, SM refers to snowmelt, RO refers to runoff.
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It is noteworthy that some nonlinearly enhanced interactions between the variables were 
detected, as evidenced by the interactive Ω value being greater than the sum of the individual Ω 
values of the two variables. For example, the interactions between evaporation and other variables 
exhibited nonlinearly enhanced effects. In the 2000-2014 period, the Ω value of evaporation and 
temperature was 0.325, of which evaporation accounted for 0.141 and temperature accounted for 
0.184. When the individual variables were used, the Ω value of temperature was 0.09 and that of 
evaporation was 0.05. In the 2015-2019 period, the Ω value of evaporation and slope was 0.71 
(0.62 for slope and 0.09 for evaporation). When the individual variables were used, the Ω value 
of the slope was 0.59 and that of evaporation was 0.05. In addition, we found that the higher the 
correlation between variables was, the weaker the interaction-derived enhancement was. For 
example, NDVI and EVI exhibited high correlations, with correlation coefficients of 0.98, while 
the interaction between these two variables was very weak.

For the temporal pattern, the topographic variables (e.g. elevation, slope) accounted for signifi
cantly lower proportions of the pairwise interactions between variables in the 2015-2019 period 
than in the 2000-2014 period (Figure 8). This finding was consistent with the results of the individ
ual variables analysis, i.e. increased wetlands were not significantly correlated with the topographic 
variables.

4.4. Optimal variable combinations and heterogeneous spatial partitioning

The geographically optimal wetland distribution zones in the two periods were detected by the 
LESH model. As shown in Figure 9, in the 2000-2014 period, four variables, the slope, elevation, 
runoff, and precipitation, were used to identify the 12 wetland zones on the TP. All zones could 
be divided into two groups based on slope. The first group included zones A and B with slopes 
greater than 5.5°. These zones were located mainly in the south-eastern region and along the mar
gins of the TP, where a large number of high mountains are distributed, resulting in steep gradients 
at large scales (120 km). The wetlands here are predominantly low-density riverine wetlands. The 

Figure 9. Geographically optimal results of the LESH model. (a), Geographically optimal wetland zones on the TP in 2000-2014; 
(b), the decision tree of identifying optimal zones; (c), and statistical summaries of explanatory variables in each optimal zone. 
SLO refers to slope, ELE refers to elevation, PRE refers to precipitation, RO refers to runoff.
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second group was composed of the remaining zones, which had slopes less than 5.5°. These zones 
were located mainly in the central TP, that is, the source region of the three rivers and the Qiang
tang Plateau. Plateaus dominate this region with small changes in slope, and the factors that control 
the distribution of wetlands include multiple variables.

During the period from 2015 to 2019, wetlands on the TP were grouped into 11 regions by five 
variables: the slope, elevation, EVI, temperature, and NDVI (Figure 10). The rules for dividing the 
zones in 2015-2019 differed from those applied in 2000-2014. For example, the region that was 
divided into regions E and I in 2015-2019 was divided into five regions (C, E, F, G, J) in 2000- 
2004, with a more fragmented distribution. Climate change on the TP has also led to changes in 
division rules even though the same regions, for example, the division rules between region K 
and the other regions were dominated by the slope until 2014 but became temperature-dependent 
from 2015-2019.

Figure 11 shows the SPD values of the optimal variable combinations that determine the geo
graphically optimal zones in the two periods. In 2000-2014, the interactions of four variables 
explained 77.3% of the wetland distribution on the TP, a significantly greater proportion than 
that explained by single variables or when using all nine variables. The slope was the most dominant 
variable, contributing 41% of the explanatory power, and the elevation variable contributed 25%. 
Runoff and precipitation contributed the remaining 10% of the explanatory power. From 2000 
to 2014, the wetland area did not change extensively, so static variables such as the slope and 
elevation contributed largely to the wetland distribution.

During the 2015-2019 period, the five variables of the slope, elevation, EVI, temperature, 
and NDVI divided the TP into 11 regions. The interactions among these five variables 
explained 75.1% of the wetland distribution on the TP. Unlike the previous 15 years, the 
explanatory powers of the slope and elevation on wetland distribution decreased to 33% and 
19%, respectively. The EVI and temperature became the main explanatory factors during the period 
of rapid wetland growth, contributing 9% and 7%, respectively.

Figure 10. Geographically optimal results of the LESH model. (a), Geographically optimal wetland zones on the TP in 2000-2014; 
(b), the decision tree of identifying optimal zones; (c), the statistical summaries of explanatory variables in each optimal zone. SLO 
refers to slope, ELE refers to elevation, EVI refers to enhanced vegetation index, NDVI refers to Normalized Difference Vegetation 
Index, TEM refers to temperature.
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5. Discussion

5.1. Methodological contributions

This study proposed a LESH model to investigate the linkages between the wetland distribution and 
geographical variables on the TP. Compared with other methods (Table 2), the LESH model has the 
following advantages.

First, the LESH model can accurately calculate the spatial associations between geographical 
variables and the wetland distribution, including linear and nonlinear relationships. However, lin
ear regression models cannot capture the nonlinear relationships between variables.

Figure 11. The SPD values of key variables. (a) shows the SPD values in 2000-2014; (b) shows the SPD values in 2015-2019.

Table 2. Comparison of several commonly used methods.

Method feature CA MLR GWR GOZH LESH

Nonlinear relationship detection Y Y
Interaction relationship detection Y Y
Contribution assignment Y Y Y
Interpretability Y Y Y Y Y
Local spatial variations Y

CA: Correlation analysis (e.g. Pearson Correlation Coefficient), MLR: Multivariable linear regression, GWR: Geographically weighted 
regression, GOZH: Geographically optimal zones-based heterogeneity.
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Second, the LESH model explores spatial associations by considering the interaction among 
explanatory variables. Geographical variables often exhibit complex interrelationships and are sel
dom independent of each other (Song and Wu 2021). Therefore, for linear models, non-indepen
dent variables can result in unstable outcomes, reduced explanatory power, and even erroneous 
conclusions (Brauer and Curtin 2018).

Third, the LESH model can fairly allocate the contributions of each variable to the 
spatiotemporal distribution of wetlands. SPD value provides a consistent and objective approach 
to discerning the variable with the most substantial influence. The SPD value based on Shapley 
value is the only method of contribution assignment that can satisfy several desirable theoretical 
properties.

Finally, the LESH model is interpretable throughout the process, including decision tree-based 
OPD calculation and optimal zones identification, and variable contribution assignment based on 
Shapley value. It should be mentioned that GWR is the only algorithm among those compared that 
can map out the spatial correlation within local regions (Local spatial variations).

The LESH model can also be applied to study similar problems, especially those involving com
plex interactions among multiple variables. The LESH model is desirable for calculating the contri
bution of each variable and the interactions between variables and can be used in factor analyses, 
driving force explorations, and other applications in different fields, such as the natural sciences, 
social sciences, and environmental pollution (Wang and Xu 2017; Guo et al. 2022).

5.2. Limitations and interpretations of the findings

The proposed LESH model investigated the associations between the response variable and 
explanatory variables based on statistical data analysis rather than by inferring causality from the 
mechanism. Based on the LESH model, the related factors of the wetland spatiotemporal variation 
were detected. We obtained four main findings:

First, 120-km was found to be a suitable scale for exploring the relationships between the wetland 
distribution and environmental variables on the TP. Under this condition, the spatial associations 
between wetlands and environmental variables are highly significant.

Second, we found that topographic variables were the most important variables determining the 
spatial distribution of wetlands on the TP, while climate variables were important in controlling 
the increased wetland areas. Temperature had an essential effect on the wetland area changes. 
Over the past few decades, the TP has generally become increasingly warm and wet (Kuang and 
Jiao 2016). As a region sensitive to global climate change, the TP is warming more rapidly than 
the worldwide average (Duan and Xiao 2015). The period from 2015 to 2019 was the hottest 
five-year period on record (Global Climate Status Statement 2019). The increased glacier meltwater 
and earlier permafrost thawing due to global warming have provided more abundant water 
recharge, resulting in the formation of new wetlands. The wetland data and explanatory variables 
we used were both derived from the mean values of September-October, which might introduce a 
bias in the result. The TP receives most of its precipitation in summer (Zhu and Sang 2018), so a 
greater influence of temperature and precipitation on wetlands would be found using summer data. 
Nonetheless, considering that we used multi-year data and focused on the interannual variation of 
wetlands, this mitigates the uncertainty caused by the data time of September-October.

Third, we investigated the interactions between two variables and the contribution of each vari
able. The spatiotemporal variabilities in wetlands are influenced by complex geographical factors 
and their interactions. The results show that the interactions of topographic variables with other 
variables have the strongest explanatory powers for the wetland distribution. Among the inter
actions involving nontopographic variables, the synergistic effect of the NDVI and TEM variables 
had the greatest influence on wetland distribution. In addition, nonlinear enhancement effects were 
observed between evaporation and several other variables, such as between evaporation and temp
erature, evaporation and precipitation, and evaporation and NDVI. Although there is a complex 
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feedback mechanism between wetlands and vegetation, vegetation is more likely to respond to wet
land changes rather than being the driver of wetland spatiotemporal variabilities.

Finally, we identified the geographically optimal wetland distribution zones in two periods using 
the LESH model. We identified the major factors influencing wetlands in different regions within 
different periods, thereby enhancing our knowledge and understanding of the drivers of the spatio
temporal pattern of TP wetlands.

Our study also has the following limitation: the impact of human activities is not considered due 
to a lack of quantifiable data on the entire study area. Previous research shows that agricultural 
activities are an important driver in the decline of wetlands (Nie and Li 2011). However, compared 
to the climate change on the TP wetlands, the impact of human activities may be very limited (Chen 
et al. 2013).

6. Conclusion

In this study, a locally explained heterogeneity model was proposed to explore the heterogeneity of 
the spatiotemporal distribution of wetlands on the TP from 2000 to 2019. The LESH model can 
reveal the maximum spatial associations between the wetland density and multiple related variables 
and can fairly distribute the contributions of each variable and the interactions among multiple 
variables. Based on this model, we sought to improve our general understanding of how (and 
which) spatial factors are related to the wetland distribution and the extent to which the variation 
in the wetland distribution across the TP can be explained by geographical factors.

The results of the spatial patterns of wetland density variabilities in different phases obtained 
with the LESH model show that topographic variables (slope and elevation) were the most impor
tant variables determining the spatial distribution of wetlands on the TP, and temperature was an 
important reason for the increased wetland area observed from 2015 to 2019 on the TP. Multi
variate interactions increased the explanatory power of the model to wetland distribution on the 
TP, and the interactions of the evaporation variable with other variables had enhancement effects.

This study enriches the theory of spatial stratification heterogeneity and analyses the wetland 
distribution heterogeneity in the TP over the past 20 years. Knowledge of wetland distribution 
determinants can help us understand the development and evolution of wetlands and the impacts 
of climate change on wetlands. The results of optimal wetland zoning can comprehensively reflect 
the regional natural geographic characteristics, provide a basis for the regional division of the TP, 
and serve biodiversity protection and nature reserve construction.
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