
DOI: 10.15244/pjoes/224841 ONLINE PUBLICATION DATE: 2026-08-10

*e-mail: sun.xianhua@163.com
0009-0006-0905-6344

Original Research

Long-Term Differentiation and Associated Drivers 
of Ecological Resilience in Ecologically Livable 

Villages: Evidence from the Yangtze 
River Delta, China

Ziqiang Zhang1, Xianhua Sun1 *, Sucheng Yao2

1College of Art and Design, Nanjing Forestry University, Nanjing 210000, China
2Faculty of Landscape Engineering, Suzhou Polytechnic Institute of Agriculture, Suzhou 215000, China

Received: 23 April 2026
Accepted: 19 June 2026

Abstract

Long-term differentiation in ecological resilience within ecologically livable villages remains 
insufficiently understood under rapid urbanization and persistent land-use change. Using a regional-
scale sample of 1,090 ecologically livable villages in the Yangtze River Delta, this study constructed 
an ecological resilience index (ERI) and its three dimensions ‒ resistance, adaptability, and 
recovery ‒ and identified spatial patterns and temporal trends in 2003, 2008, 2013, 2018, and 2023. 
The 1,090-village sample was used as the main regional-scale sample to identify long-term ERI patterns 
and regional background explanatory variables, whereas the 107-village corridor sample was introduced 
as a supplementary mechanism sample to examine local spatial configuration factors under a relatively 
similar Yangtze corridor context. We then applied XGBoost-SHAP to characterize variable importance, 
SHAP contribution directions, and nonlinear response ranges in the regional-scale and corridor-level 
analyses. ERI remained broadly stable from 2003 to 2023, but spatial differentiation persisted. Runoff, 
cropland proportion, and precipitation were the dominant explanatory variables associated with ERI 
in 2023. In the corridor sample, road density, POI density, and road length showed higher explanatory 
power than other local mechanism variables. These findings show that persistent differentiation 
was jointly associated with long-term regional patterns, regional background conditions, and local 
environmental and spatial configuration factors, and they provide an empirical basis for environmental 
assessment, spatial configuration optimization, and differentiated management in ecologically livable 
villages.
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Introduction

Under rapid urbanization and continuing land-
use change, rural areas have become important spaces 
shaped by environmental change, ecological pressure, 
and human activities [1, 2]. The Yangtze River Delta 
is a highly integrated region in China, characterized 
by intensive factor mobility and persistent land-use 
transition. Its rural ecological conditions and long-
term changes, therefore, provide an important case for 
environmental research [3]. Ecological resilience reflects 
the capacity of rural ecosystems to maintain basic 
functions, adjust, and recover after disturbance. It also 
helps explain why villages within the same region may 
show different ecological conditions [4-6]. This issue is 
particularly important for ecologically livable villages 
(EL villages). Although EL villages are usually regarded 
as having a relatively good ecological foundation, 
this does not mean that their internal ecological 
conditions are homogeneous [7, 8]. Even under similar 
policy orientations, villages may still show persistent 
differentiation in ecological resilience. A key question, 
therefore, remains: why does ecological resilience 
continue to differentiate within EL villages, and how 
is this differentiation associated with regional and local 
conditions?

Existing research still has three major limitations 
in addressing this question. First, many studies rely on 
single-year or short-term data, which makes it difficult 
to identify long-term patterns and their stability at the 
village scale [9-12]. Second, analyses of explanatory 
factors often remain at the level of linear relationships or 
average associations, with limited attention to nonlinear 
responses and possible sensitive ranges. Third, 
evidence on local mechanisms remains insufficient, 
especially for identifying local environmental and 
spatial configuration factors that can further distinguish 
current differences under similar regional backgrounds.  
As a result, existing studies can describe overall change 
and identify some key variables, but they still cannot 
adequately explain why ecological resilience continues 
to differentiate within EL villages. Addressing this 
question requires a unified framework that links long-
term patterns, key background explanatory variables, 
and supplementary evidence on local mechanisms.

Assessing and explaining rural ecological resilience 
requires attention to long-term change, spatial variation, 
and possible nonlinear relationships [13-15]. Traditional 
methods, such as regression and fixed-effects models, 
are mainly based on linear assumptions. They are 
often limited when dealing with high-dimensional 
variables and complex interactions. This limitation 
is especially evident in village-scale studies with 
multiple data sources, where such methods tend to 
remain at the level of overall average associations and 
have difficulty identifying association directions and 
sensitive ranges of key variables. At the same time, 
multi-source data supported by remote sensing and 
GIS provide a stable basis for long-term monitoring  

and improve the comparability of indicators across 
regions [16]. This makes it possible to construct an 
ecological resilience index (ERI) and its component 
dimensions over a relatively long period. On this 
basis, interpretable machine-learning methods such 
as XGBoost can capture nonlinear relationships and 
variable interactions under high-dimensional conditions. 
Combined with SHAP, they can further identify 
variable importance, SHAP contribution directions, 
and nonlinear response ranges, thereby improving 
interpretability and testability.

Against this background, this study focuses on EL 
villages in the Yangtze River Delta and adopts a two-
stage research design. In the first stage, the regional-
scale main sample of 1,090 EL villages was used to 
construct the ERI and its three dimensions, namely 
resistance (RES), adaptability (ADP), and recovery 
(REC). The spatial patterns and temporal trends of 
these indicators were then identified in 2003, 2008, 
2013, 2018, and 2023. Based on these results, the 
background explanatory variables associated with ERI 
in 2023 were further identified, and the XGBoost-SHAP 
framework was used to examine variable importance, 
SHAP contribution patterns, and nonlinear response 
ranges. In the second stage, a supplementary sample of 
107 villages in the Yangtze corridor was introduced to 
examine local mechanisms. The corridor sample was 
introduced because regional-scale natural and climatic 
variables alone cannot fully capture local spatial 
configuration conditions, such as road accessibility, 
POI agglomeration, and service distribution. Therefore, 
the corridor analysis provides supplementary evidence 
rather than a separate or competing analysis. Roads, 
POIs, service accessibility, and blue-green variables 
were introduced to identify local environmental and 
spatial configuration factors that could further explain 
current differences within the sensitive zone of the 
Yangtze corridor. The ERI and its three dimensions in 
both samples were calculated using the same indicator 
system and weighting method, which ensured consistent 
measurement. Differences in explanatory variables 
reflected different analytical tasks rather than missing 
data. The main sample of 1,090 EL villages was used 
to identify long-term patterns and regional-scale 
background explanatory variables, whereas the corridor 
sample was used to examine supplementary local 
mechanism evidence under corridor conditions.

This study makes three main contributions to 
the understanding of persistent differentiation in EL 
villages. First, it identifies persistent differentiation 
under long-term patterns within the same group of 
EL villages, which helps avoid judging ecological 
conditions only from overall average change. Second, it 
links regional-scale background explanatory variables 
with supplementary local mechanism evidence from the 
Yangtze corridor, which helps explain internal differences 
across spatial levels. Third, under a unified ecological 
resilience indicator system, it jointly examines long-
term patterns, key background explanatory variables, 
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and local environmental and spatial configuration 
factors. This provides a clearer basis for environmental 
assessment, spatial configuration optimization, and 
differentiated management in EL villages.

Accordingly, this study addresses three research 
questions:

(1) What spatial patterns and trend distributions 
did the ERI of the 1,090 EL villages show from 2003 
to 2023 when constructed from the three dimensions of 
RES, ADP, and REC?

(2) Which natural and climatic explanatory variables 
were most strongly associated with ERI in 2023, and 
what were their SHAP contribution directions and 
nonlinear response ranges?

(3) In the corridor sample, which local environmental 
and spatial configuration factors could further explain 
current differences in ERI, and did they differ in 
importance and response range?

Materials and Methods

Study Area and Samples

The study area was the Yangtze River Delta.  
This region had a high level of urbanization, active  
land-use change, and concentrated rural transformation. 
It was therefore well-suited for village-scale analysis of 
ecological resilience.

This study adopted a two-stage sample design.  
In the first stage, the regional-scale main sample of  
1,090 ecologically livable villages (EL villages) was 
used to identify the spatial patterns, trend distribution, 
and key natural and climatic explanatory variables 
associated with ecological resilience from 2003 to 
2023. In the second stage, a supplementary sample 
of 107 villages in the Yangtze corridor for local 
mechanism analysis (hereafter, the corridor sample) 
was used to identify which local environmental and 
spatial configuration factors could further explain 
current differences in ecological resilience within  
the sensitive zone of the Yangtze corridor. ERI  
and its three dimensions were calculated for both 
samples using the same ecological resilience indicator 
system and weighting scheme to ensure consistent 
measurement.

The sample of 1,090 EL villages was compiled from 
nationally released village lists with an ecological-
livability orientation, including National Forest Villages, 
China’s Most Attractive Leisure Villages, China’s 
Beautiful Leisure Villages, Top 100 Beautiful Villages 
in China, and Model Beautiful and Livable Villages. 
These records were standardized, deduplicated, 
and spatially matched to generate the final sample.  
The sample of 107 villages in the Yangtze corridor 
was obtained by delineating a 20-km corridor along  
both sides of the Yangtze River mainstem and then 
screening villages based on village locations within this 
corridor.

The corridor sample was used to provide additional 
evidence on how local environmental and spatial 
configuration differences were associated with the 
current ecological resilience pattern. It was not intended 
to replace the regional-scale main sample of 1,090 EL 
villages. Overall, the 1,090 EL villages covered the 
major rural areas of the Yangtze River Delta, whereas 
the corridor sample was mainly distributed along  
the Yangtze River mainstem and its adjacent belt-like 
areas. Fig. 1 shows the study area, the spatial distribution 
of the 1,090 EL villages, and the 2-km buffers of  
the 107 corridor villages.

Rationale for the Two-Stage Sample Design

The two samples were designed for different 
analytical purposes. The 1,090 EL villages constituted 
the main regional-scale sample and were used to identify 
long-term ERI differentiation and regional background 
explanatory variables. The 107 corridor villages were 
not intended to replace the regional sample or to 
generalize the mechanism results to all EL villages in 
the Yangtze River Delta. Instead, they were introduced 
as a supplementary mechanism sample to examine 
whether local spatial configuration variables, including 
road density, POI density, service accessibility, and 
blue-green spatial conditions, could further distinguish 
current ERI differences under the Yangtze corridor 
context. This design allowed the study to link regional-
scale long-term differentiation with additional local 
mechanism evidence while maintaining a consistent 
ERI measurement framework across the two samples.

Overall Analytical Framework

Based on the sample design described above, this 
study developed an overall analytical framework 
consisting of long-term pattern identification, 
background explanatory-variable analysis, and local 
mechanism analysis (Fig. 2).

The first part used the regional-scale main sample 
of 1,090 ecologically livable villages (EL villages) to 
construct the ecological resilience index (ERI) and to 
identify the spatial patterns and trend distribution of 
ecological resilience in 2003, 2008, 2013, 2018, and 
2023.

The second part used ERI in 2023 as the target 
variable and applied the XGBoost-SHAP framework 
to identify key natural and climatic explanatory 
variables associated with ERI. It further examined 
their importance, SHAP contribution directions, and 
nonlinear response characteristics to describe the 
regional-scale background explanatory structure.

The third part used the corridor sample for local 
mechanism analysis. Roads, POIs, service accessibility, 
and blue-green variables were introduced to identify 
local environmental and spatial configuration factors that 
could further explain current differences in ecological 
resilience under similar regional backgrounds.
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Variable Definition and Data Sources

This study used two groups of variables. One group 
was used for the analysis of regional-scale background 
explanatory variables based on the regional-scale 
main sample of 1,090 ecologically livable villages (EL 
villages). The other group was used for local mechanism 
analysis based on the corridor sample. Variable 
definitions are presented in Table 1, and data sources are 
listed in Table 2.

For the regional-scale analysis, the outcome 
variables included the ecological resilience index (ERI), 
resistance (RES), adaptability (ADP), recovery (REC), 
and the Theil-Sen slope of ERI during 2003–2023 
(ERI_sen). ERI and its three dimensions were used to 
represent village-scale ecological resilience, whereas 
ERI_sen was used to indicate the direction and intensity 
of long-term change. The core explanatory variables in 
the 2023 regional background model included cropland_

pct, pct_impervious, ro_mean, pr_mean, tmmx_mean, 
srad_mean, and nl_mean. These variables represented 
land-use structure, impervious surface conditions, 
hydrological conditions, climatic conditions, and human 
activity intensity, respectively.

For the corridor sample, the outcome variables 
remained consistent with those in the regional-scale 
analysis and included ERI and its three dimensions. In 
addition, this sample incorporated road-network data, 
POI data, population grids, and blue-green variables for 
local mechanism analysis.

Data preprocessing included four steps. First, all 
datasets were standardized to the same coordinate 
system and spatial extent. Second, continuous raster 
data were extracted to the village scale to generate mean 
values, proportions, or density indicators. Third, road 
length, road density, POI counts, and facility density 
were calculated by combining village boundaries with 
2-km buffers. Fourth, field names were standardized, 

Fig. 1. Study area, spatial distribution of the 1,090 ecologically livable villages, and the 107 villages in the corridor sample with 2-km 
buffers.



5Long-Term Differentiation and Associated Drivers...

explanatory variables, whereas the corridor sample 
was used to examine local mechanisms under corridor 
conditions. The local environmental and spatial 
configuration variables in the corridor sample were used 
only to explain current differences in ERI.

and missing values and duplicate records were checked 
to generate a village-scale database for trend analysis, 
background explanatory-variable identification, and 
local mechanism analysis.

The regional-scale main sample of 1,090 EL 
villages was used to identify regional-scale background 

Fig. 2. Overall analytical framework: long-term pattern identification, background explanatory-variable analysis, and local mechanism 
analysis.

Table 1. Variable definitions used in this study (EL villages).

Panel A. Regional-scale variables for the full EL sample (n = 1,090)

Group Variable Symbol / column Definition Unit Spatial scale/
Year(s)

Outcome 
(Y)

Ecological resilience 
index (ERI)

eri_2003, eri_2008, 
eri_2013, eri_2018, eri_2023

Composite ERI based on 
RES / ADP / REC

dimensionless 
(0–1)

Village unit / 
2003, 2008, 
2013, 2018, 

2023

RES / ADP / REC res_2023; adp_2023; 
rec_2023

Three dimensions of ERI 
in 2023

dimensionless 
(0–1)

Village unit / 
2023

ERI trend (Sen slope) eri_sen_03_23 Theil–Sen slope of ERI 
during 2003–2023 index per year Village unit / 

2003–2023

Explanatory 
variable (X)

Cropland proportion cropland_pct Share of cropland within 
the village unit 0–1 proportion Village unit / 

2023
Impervious surface 

proportion pct_impervious Share of impervious surface 
within the village unit 0–1 proportion Village unit / 

2023

Mean runoff ro_mean Mean runoff condition raster original 
unit

Village unit / 
2023

Annual precipitation pr_mean Mean annual precipitation mm Village unit / 
2023

Maximum 
temperature tmmx_mean Mean maximum 

temperature ºC Village unit / 
2023

Solar radiation srad_mean Mean solar radiation raster original 
unit

Village unit / 
2023

Nighttime light nl_mean Mean nighttime light as a 
proxy for human activity

raster original 
unit

Village unit / 
2023

Table 1 (continued)
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Panel B. Local supplementary mechanism variables for corridor villages (n = 107)

Group Variable Symbol / 
column Definition Unit Spatial scale/

Year(s)

Outcome 
(Y)

Current ecological 
resilience index 23eri Current ERI of corridor 

villages
dimensionless 

(0–1) Village unit / 2023

Change in ERI (auxiliary) dERI_03_23 Change in ERI between 
2003 and 2023 dimensionless Village unit / 

2003–2023

Mechanism 
(X)

Road density road_den_
kmkm2

Road length per area within 
the 2-km buffer km/km² 2-km buffer / 2023

POI density poi_den Density of all POIs within 
the 2-km buffer count/km² 2-km buffer / 2023

Road length within 2-km 
buffer road_len_m_2k Total road length within the 

2-km buffer m 2-km buffer / 2023

Basic-service POI count poi_cnt_2k
Count of education, medical, 
eldercare, and transport POIs 

within the 2-km buffer
count 2-km buffer / 2023

Basic-service POI density p01_den Density of basic-service 
POIs within the 2-km buffer count/km² 2-km buffer / 2023

Cultural POI density cul_den Density of cultural POIs 
within the 2-km buffer count/km² 2-km buffer / 2023

Table 2. Datasets used in this study, including format, spatial resolution, time coverage, source, and analytical role.

Data Format Spatial resolution Time coverage Source Analytical role

EL villages and 
corridor subset SHP Village unit 2003–2023 / 2023 Authors’ 

compilation
Analysis units; corridor 
subset and 2-km buffers

Yangtze River 
mainstem and 

corridor
SHP Vector Static OSM / official 

hydrography
Corridor delineation and 

subset selection

OSM road network SHP Vector latest available snapshot Geofabrik 
(OSM)

Proxy for current road 
configuration, road length, 
density, and accessibility

OSM POIs SHP Vector latest available snapshot Geofabrik 
(OSM)

Proxy for current service 
accessibility and local 
facility agglomeration

Population grid 
(GHS-POP) GeoTIFF 100–250 m 2020 JRC GHSL Population proxy for local 

mechanism analysis

MODIS NDVI 
(annual aggregates) GeoTIFF 500 m 2003 / 2008 / 2013 / 2018 

/ 2023

NASA LP 
DAAC 

(AppEEARS)

NDVI mean within 2-km 
buffers

MODIS land cover GeoTIFF 500 m 2003 / 2008 / 2013 / 2018 
/ 2023

NASA LP 
DAAC 

(AppEEARS)

Water reclassification and 
water proportion

CLCD land cover GeoTIFF 30 m 2003 and 2023 CLCD provider Green/water share and 
landscape metrics

DEM + slope GeoTIFF 30 m Static Public DEM Elevation and slope 
extraction

ES/HQ rasters 
(WY, SC, CS, HQ)

GeoTIFF 30 m 2003 and 2023 Provided / 
InVEST outputs

Resistance indicators and 
zonal mean extraction

Derived indices 
(authors’ 

calculations)
CSV Village unit 2003–2023 Authors’ 

calculations
RES, ADP, REC, ERI, and 

ERI_sen

Notes: ERI = ecological resilience index; RES/ADP/REC = resistance/adaptability/recovery; OSM = OpenStreetMap; GHSL = Global 
Human Settlement Layer; NDVI = normalized difference vegetation index; CLCD = China Land Cover Dataset. For corridor-level local 
mechanism analysis, the latest available road, POI, and population datasets were used as proxies for current local spatial configuration, 
service accessibility, and population conditions. These variables were introduced only for the cross-sectional interpretation of current 
local differences rather than for historical reconstruction.
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Construction of the Ecological Resilience Index

This study constructed the ecological resilience 
index (ERI) at the village scale and represented it 
using three dimensions: resistance (RES), adaptability 
(ADP), and recovery (REC). The indicator composition, 
direction, and weights are shown in Table 3.

Rationale for Indicator Selection  
and Weighting Strategy

Ecological resilience was represented by resistance, 
adaptability, and recovery because these three dimensions 
jointly describe the ability of rural ecosystems to 
maintain ecological functions, adjust to disturbance, and 
recover ecological conditions. Resistance reflects the 
capacity of a rural ecosystem to maintain basic ecological 
services and habitat conditions when facing external 
disturbance. Adaptability reflects the structural and 
environmental conditions that support adjustment under 
changing land-use and environmental contexts. Recovery 
reflects the potential of vegetation, green space, and 
water-related ecological elements to regenerate or restore 
ecological conditions after disturbance. Therefore, the 
RES–ADP–REC framework provides a functional basis 
for constructing the village-scale ERI.

The specific indicators were selected according to 
their ecological meanings and their relevance to the 
three dimensions of resilience. In the RES dimension, 
water yield, sediment retention or soil conservation, 
carbon storage, and habitat quality were used to 
represent the capacity of rural ecosystems to maintain 
hydrological regulation, soil conservation, carbon 
retention, and habitat conditions. In the ADP dimension, 
the Shannon diversity index, Shannon evenness index, 

largest patch index, elevation, and slope were used to 
represent landscape structure, spatial heterogeneity, 
patch dominance, and topographic constraints that may 
affect ecological adjustment. In the REC dimension, 
NDVI, green coverage ratio, and surface water ratio 
were used to represent vegetation recovery, green-space 
support, and water-related ecological support. These 
indicators, therefore, link the conceptual dimensions 
of ecological resilience with observable village-scale 
ecological and spatial conditions.

Equal weighting was adopted to maintain 
transparency and comparability across years and 
samples. This strategy does not assume that all 
indicators have identical ecological effects in reality. 
Instead, it avoids introducing additional subjective 
weights in the absence of a widely accepted weighting 
standard for ERI construction in EL villages. At the 
dimension level, RES, ADP, and REC were treated as 
conceptually complementary components of ecological 
resilience, and each dimension was therefore assigned 
one-third of the final ERI. Within each dimension, equal 
weights were used to keep the calculation procedure 
consistent and reproducible across the regional-scale 
sample and the corridor sample.

For habitat-quality-related indicators, the 
determination of indicator direction and parameter 
settings followed relevant studies on the InVEST habitat 
quality module [17]. All indicators were extracted to 
the village scale and prepared for the corresponding 
years in both the regional-scale main sample of 1,090 
ecologically livable villages (EL villages) and the 
corridor sample. The processing strategy for multi-
temporal remote-sensing indicators related to ecological 
quality followed relevant studies on remote-sensing 
ecological indices [18].

Table 3. Ecological resilience index (ERI) construction, indicator direction, and weighting scheme.

Dimension Indicator Symbol Direction Standardization Weight

Resistance 
(RES)

Water yield wy_mean + min–max (x − min)/(max − min) 0.25

Sediment retention / soil conservation sr_mean + min–max (x − min)/(max − min) 0.25

Carbon storage cs_mean + min–max (x − min)/(max − min) 0.25

Habitat quality / degradation hq_mean +/(−)* see note* 0.25

Adaptability 
(ADP)

Shannon diversity index shdi + min–max (x − min)/(max − min) 0.20

Shannon evenness index shei + min–max (x − min)/(max − min) 0.20

Largest patch index lpi + min–max (x − min)/(max − min) 0.20

Elevation (DEM) elev_mean − reverse min–max (max − x)/(max 
− min) 0.20

Slope slope_mean − reverse min–max (max − x)/(max 
− min) 0.20

Recovery (REC)

NDVI (annual max) ndvi + min–max (x − min)/(max − min) 0.333

Green coverage ratio green_pct + min–max (x − min)/(max − min) 0.333

Surface water ratio water_pct + min–max (x − min)/(max − min) 0.333

Note: If habitat quality is used, it is treated as a positive indicator; if habitat degradation is used, reverse standardization is applied.
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To ensure comparability among indicators, all 
original variables were standardized. Positive indicators 
were normalized using min-max standardization, as 
shown in Eq. (1), whereas negative indicators were 
standardized using reverse min-max normalization, as 
shown in Eq. (2). In this study, elevation and slope were 
treated as negative indicators. For habitat-quality-related 
indicators, the direction depended on the data layer 
used. Habitat quality values were treated as positive 
indicators, whereas habitat degradation values were 
treated as negative indicators.

	 	 (1)

	 	 (2)

where Zij denotes the standardized value of indicator 
j for village i, xij is the original value, and xj,min and 
xj,max are the minimum and maximum values of 
indicator j in the sample, respectively.

After standardization, the indicators were aggregated 
within each dimension using weighted sums. RES 
included four indicators, each with a weight of 0.25. 
ADP included five indicators, each with a weight of 
0.20. REC included three indicators, each with a weight 
of 0.333. The three dimensions were calculated using 
Eqs. (3)-(5), respectively.

	 	 (3)

	 	 (4)

	 	 (5)

where wj is the weight of indicator j, and Zij is the 
standardized indicator value. The final ERI was then 
obtained by assigning equal weights to the three 
dimensions, as shown in Eq. (6).

	 	 (6)

where ERIi denotes the composite ecological resilience 
index of village i, and RESi, ADPi and RECi denote 
the composite scores of resistance, adaptability,  
and recovery for village i, respectively.

Trend Analysis

Trend analysis was conducted for the ecological 
resilience index (ERI) of the 1,090 ecologically livable 
villages (EL villages) at five time points: 2003, 2008, 
2013, 2018, and 2023. The Theil-Sen slope estimator 
was used to quantify the overall magnitude of change 
[19], and the Mann-Kendall test was used to evaluate 
trend significance [20, 21]. The Theil-Sen slope is given 
in Eq. (7).

	 	 (7)

where β denotes the trend slope, xi and xj are the 
ERI values at time points i and j, and ti and tj are the 
corresponding years.

The Mann-Kendall test first calculates the statistic S, 
as shown in Eq. (8), where n is the length of the time 
series and sgn(xj – xk) is the sign function defined in Eq. 
(9). The statistic is then standardized to Z, as shown in 
Eq. (10), to determine trend direction and significance. 
When Z>0, the time series shows an increasing trend. 
When Z<0, it shows a decreasing trend. When Z = 0,  
no clear trend is indicated. Statistical significance is 
further determined by comparing Z with the critical 
value at a given significance level.

	 	 (8)

	 	 (9)

	 	 (10)

XGBoost-SHAP-based Identification 
of Explanatory Variables

This study used XGBoost to model the statistical 
associations between ERI and explanatory variables, 
and applied SHAP to interpret variable importance, 
SHAP contribution direction, and local response 
characteristics [22, 23]. In this study, the identified 
variables are interpreted as model-based explanatory 
variables associated with ERI variation, rather than as 
confirmed causal factors.

A total of four models were constructed to address 
four analytical tasks. Model-1 used ERI in 2023 as 
the target variable to identify key natural and climatic 
explanatory variables associated with current ecological 
resilience. Model-2 used the Theil-Sen slope of ERI 
during 2003-2023 as the target variable to identify 
explanatory variables associated with long-term 
change. Model-3 used ERI in 2023 in the corridor 
sample to examine the explanatory role of local 
mechanism variables in current differences in ecological 
resilience. Model-4 used the change in ERI in the same 
corridor sample as the target variable to examine the 
supplementary explanatory role of mechanism variables 
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in the change process. The sample size, number of 
features, validation strategy, evaluation metrics, and 
key hyperparameters of the four models are reported in 
Table 4.

For regional-scale background explanatory-variable 
identification, the analysis was based on the regional-
scale main sample of 1,090 ecologically livable villages 
(EL villages). The explanatory variables included 
cropland_pct, pct_impervious, ro_mean, pr_mean, 
tmmx_mean, srad_mean, and nl_mean. The response 
variables were ERI in 2023 and ERI_sen, respectively. 
Model performance was evaluated using five-fold cross-
validation and three metrics: R-squared, RMSE, and 
MAE. The coefficient of determination R2 is given in 
Eq. (11).

	 	 (11)

where yi denotes the observed value, ŷi denotes  
the predicted value, ȳi is the mean of the observed  
values, and n is the sample size. R2 measures the 
proportion of variance in the target variable explained 
by the model.

The root mean square error RMSE is calculated as 
follows:

	 	 (12)

where yi denotes the observed value, ŷi denotes the 
predicted value, and n is the sample size. RMSE 
measures the overall magnitude of prediction error.

The mean absolute error MAE is calculated as 
follows:

	 	 (13)

where yi denotes the observed value, ŷi denotes the 
predicted value, and n is the sample size. MAE measures 
the average deviation between predicted and observed 
values.

To interpret model outputs, this study further applied 
the SHAP method [23]. Its additive form is shown  
in Eq. (14).

	 	 (14)

where f(xi) denotes the predicted value for sample i, ϕ0  
is the baseline prediction of the model, ϕij denotes the 
SHAP contribution of variable j to the prediction for 
sample i, and m is the number of variables.

Local Mechanism Analysis  
in the Yangtze Corridor

Local mechanism analysis was conducted using the 
corridor sample. These villages are located within a 
20-km corridor along both sides of the Yangtze River 
mainstem, and a 2-km buffer was constructed around 
each village point. For descriptive statistics, the outcome 
variables remained consistent with those used in the 
regional-scale analysis, namely the ecological resilience 
index (ERI) and its three dimensions. Variable 
definitions are presented in Table 1, and data sources are 
listed in Table 2.

The mechanism variables included road density, 
POI density, road length within the 2-km buffer, basic-
service POI count, basic-service POI density, and 
cultural POI density [24]. Road and POI variables 
were used to represent local spatial configuration and 
service accessibility [25]. Because time-consistent road 
and POI datasets at the village scale were not available 
for all target years, the latest available datasets were 
used as proxies for current local spatial configuration 
and service accessibility. Their length, count, and 
density were calculated using buffer-based statistics,  
and the extracted variables were then checked and 
standardized.

Table 4. Summary of model settings and performance

Model Target variable 
/ task

Sample 
size

No. of 
features

Validation 
strategy

R² 
(mean)

RMSE 
(mean)

MAE 
(mean) Key hyperparameters

Model-1 2023 ERI 
(regional) 1090 7 5-fold cross-

validation 0.873 0.058 0.022 n_estimators = 500, max_depth 
= 4, learning_rate = 0.05

Model-2 ERI_sen, 
2003–2023 1090 7 5-fold cross-

validation 0.573 0.036 0.001 n_estimators = 500, max_depth 
= 4, learning_rate = 0.05

Model-3 2023 ERI 
(corridor) 107 6 5-fold cross-

validation 0.909 0.080 0.005 n_estimators = 500, max_depth 
= 4, learning_rate = 0.05

Model-4 ΔERI, 
2003–2023 107 6 5-fold cross-

validation 0.437 0.058 0.023 n_estimators = 500, max_depth 
= 4, learning_rate = 0.05

Note: ERI = ecological resilience index; ERI_sen = Theil–Sen slope of ERI during 2003–2023; ΔERI = change in ERI between 2003 
and 2023; RMSE = root mean square error; MAE = mean absolute error.
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The two target variables in the mechanism models 
were ERI in 2023 and the change in ERI during 2003-
2023. Model settings and performance metrics are 
reported in Table 4. During the initial screening stage, 
additional variables, including distance to the nearest 
town center, total population, a proxy for population 
density, mean NDVI, and water proportion, were also 
compared. However, only road variables, POI variables, 
and their related density and count indicators are 
reported in the main text.

Descriptive Statistics

The descriptive statistics are presented in Table 5. 
For the regional-scale main sample of 1,090 ecologically 
livable villages (EL villages), Table 5 reports ERI 
and its three dimensions in 2023, together with  
the regional-scale background explanatory variables. 
For these regional background explanatory variables, 
Table 5 reports descriptive statistics for the standardized 
variables used in the final models.

Results and Discussion

Spatial Patterns and Evolution of 
ERI during 2003-2023

The spatial distribution of ERI in 2003 and 2023 is 
shown in Fig. 3, and the temporal distribution and trend 
characteristics of ERI during 2003-2023 are shown 
in Fig. 4. Overall, the spatial pattern of ERI remained 
relatively stable during the study period. Higher ERI 
values were mainly concentrated in the southern part 
of the region, whereas the northern and northwestern 
areas were characterized by lower values. Villages  
in the Yangtze corridor and adjacent areas showed 
moderate to relatively high ERI values in both 2003 and 
2023.

From a long-term perspective, changes in ERI 
were limited in most villages. Sen’s slope values were 
concentrated around zero. Among the 1,090 villages, 
1,035 were classified as having no clear trend, whereas 
only 47 and 8 villages showed increasing and decreasing 
trends, respectively. These results indicate that ERI in 
EL villages in the Yangtze River Delta did not exhibit 
a widespread significant increase or decrease during 
2003-2023.

The spatial distribution of trends further shows that 
positive changes were more common in the eastern 
part of the region and in areas associated with the 
Yangtze corridor, whereas negative changes were more 
scattered and limited in number. Overall, ERI in EL 
villages in the Yangtze River Delta was characterized 
by persistent spatial differentiation under a broadly 
stable regional pattern during the study period. 

Model Performance and Key Explanatory 
Variables Associated with ERI in 2023

The predictive performance of the four models is 
shown in Fig. 5. The four models correspond to different 
analytical tasks. Model-1 identifies the key explanatory 
variables associated with ERI in 2023. Model-2 examines 
the explanatory variables associated with ERI trends 
during 2003-2023. Model-3 examines the explanatory 
role of mechanism variables for ERI in 2023 in the 
corridor sample. Model-4 examines the mechanism 
variables associated with the change in ERI in the same 
corridor sample. Model performance differed across  
the four analytical tasks. The R2 values of Model-1  
and Model-3 were 0.873 and 0.909, respectively, whereas 
those of Model-2 and Model-4 were 0.573 and 0.437. 
Compared with current ERI levels, long-term trends  
and change processes showed lower explanatory power. 
The following results focus on the key explanatory 
variables identified by Model-1.

The SHAP summary results of Model-1 are shown 
in Fig. 6. The global importance ranking indicates 
that ro_mean had the highest mean absolute SHAP 
value and contributed more strongly than the other 
variables. cropland_pct and pr_mean ranked second 
and third, respectively. nl_mean followed, whereas 
pct_impervious, tmmx_mean, and srad_mean showed 
relatively lower contributions. Overall, differences 
in ERI in 2023 were mainly associated with a small 
number of high-contribution variables.

The beeswarm distribution further shows that 
the SHAP contribution directions and value ranges 
differed across variables. ro_mean displayed the 
clearest directional separation. High values were 
mainly concentrated in the positive SHAP range, 
whereas low values were mainly located in the negative 
SHAP range, and its overall distribution span was the 
widest. cropland_pct showed a clear two-sided pattern, 
with high values more often associated with negative 
contributions and low-to-moderate values more often 
associated with positive contributions. In contrast, pr_
mean showed a relatively wide distribution on both sides 
of zero. Overall, Fig. 6 indicates that high-contribution 
variables differed not only in global importance but also 
in their local distribution ranges.

Nonlinear Response Ranges of Key 
Explanatory Variables Associated with ERI

The nonlinear response characteristics of the four 
key explanatory variables are shown in Fig. 7. All four 
variables displayed clear range differences in their SHAP 
contribution patterns and did not vary monotonically 
across their value ranges.

For ro_mean, SHAP values showed an overall 
increasing pattern. Its SHAP values gradually shifted 
from negative contributions in the low-value range to 
positive contributions in the high-value range, and the 
positive SHAP contribution further increased at higher 
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Fig. 3. Spatial distribution of the ecological resilience index (ERI) for the 1,090 ecologically livable villages in the Yangtze River Delta 
in 2003 and 2023. a) 2003; b) 2023.

Fig. 4. Temporal distribution and trend characteristics of the ecological resilience index (ERI) in the 1,090 ecologically livable villages 
in the Yangtze River Delta during 2003-2023. a) Distribution of ERI at five time points; b) spatial distribution of Sen’s slope of ERI; c) 
frequency distribution of Sen’s slope of ERI; d) classification of trend types.
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Fig. 5. Predictive performance comparison of the four models. Bars indicate R², RMSE, and MAE for each model.

Fig. 6. Combined SHAP summary plot for the key explanatory variables associated with the 2023 ecological resilience index (ERI) in 
Model-1 (n = 1,090). Bars indicate global feature importance ranked by mean absolute SHAP value, and colored points show the SHAP 
beeswarm distribution.



Ziqiang Zhang, et al.14

values. cropland_pct showed a more distinct segmented 
pattern. It was mainly associated with positive SHAP 
values in the low-to-moderate range, but it declined 
rapidly after approximately 0.6 and entered the negative 
range. pr_mean showed a nonlinear pattern of first 
increasing and then decreasing. It reached a positive 
peak at approximately 100-110, then declined rapidly, 
and remained negatively associated with ERI at higher 
values. nl_mean mainly showed a sharp transition in 
the low-value range. Its SHAP values were close to  
zero at very low levels, but dropped quickly into the 
negative range after the turning point and continued to 
decrease.

Overall, Fig. 7 shows that the key explanatory 
variables all had relatively high SHAP contributions, 
but their SHAP contribution directions and response 
magnitudes differed markedly across value ranges.

Evidence from Mechanism Variables 
in the Yangtze Corridor Sample

Fig. 8 presents the results for the mechanism 
variables in the corridor sample. The global importance 
ranking shows clear differences in the contributions of 

the mechanism variables. Road density had the highest 
mean absolute SHAP value and showed the strongest 
contribution among the mechanism variables. POI 
density and road length within the 2-km buffer ranked 
second and third, respectively. In contrast, basic-service 
POI count, basic-service POI density, and cultural 
POI density showed relatively low contributions and 
remained close to zero overall.

The dependence results further show different local 
response patterns for road density and road length 
within the 2-km buffer. Road density was mainly 
associated with negative SHAP values in the low-value 
range. Partial positive contributions appeared in the 
middle range, whereas the SHAP values returned to 
around zero or became slightly negative again at higher 
values. By contrast, the dependence pattern of road 
length within the 2-km buffer was flatter. Most samples 
were concentrated around zero, and only a small number 
of observations in the local low-value range showed 
positive contributions.

Overall, Fig. 8 indicates clear differences among the 
mechanism variables in their explanatory contributions, 
SHAP contribution directions, and local distribution 
ranges in the corridor sample.

Fig. 7. Nonlinear response characteristics of the key explanatory variables associated with the 2023 ecological resilience index (ERI) 
in Model-1 (n = 1,090). a) Runoff (ro_mean); b) cropland proportion (cropland_pct); c) precipitation (pr_mean); d) nighttime light 
(nl_mean). Dashed lines indicate heuristic turning points for visual reference only.
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Persistent Differentiation  
under Long-Term Stability

Overall Stability and Persistent Spatial Contrast

Ecological resilience in ecologically livable villages 
(EL villages) in the Yangtze River Delta changed only 
slightly during 2003-2023. Most villages had Sen’s slope 
values close to zero, and the vast majority showed no 
clear trend, indicating a broadly stable regional pattern. 
However, this overall stability does not mean that 
internal differences disappeared. Similar findings have 
been reported in previous studies, where long-term 
regional stability did not necessarily imply convergence 
in internal ecological conditions [26, 27].

The southern high-value areas and the Yangtze 
corridor advantage were evident in both 2003 and 
2023, showing that the spatial contrast between higher- 
and lower-ERI areas persisted over time. This pattern 
is consistent with previous findings that long-term 
ecological patterns are often associated with natural 
background conditions, land-use structure, and regional 
development contexts [28-30].

Shift from Average Trends to Spatial Heterogeneity

When overall change is limited, the key issue is 
not the average trend itself but the persistent spatial 
differences among villages. Previous studies have 
suggested that, under limited regional average change, 

Fig. 8. Local mechanism evidence in the corridor sample. (A) Global importance ranking of mechanism variables by mean absolute 
SHAP value; (B1) dependence distribution of road density; (B2) dependence distribution of road length within the 2-km buffer. Point 
colors represent variable values, and the horizontal reference line indicates zero SHAP contribution.
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explanatory-variable analysis should shift toward spatial 
heterogeneity and the conditions under which it is 
observed [31-33]. Therefore, the following discussion 
focuses on two levels: regional-scale background 
explanatory variables and supplementary local 
mechanism evidence in the Yangtze corridor.

Regional Background Explanatory 
Variables and Nonlinear Associations

Variable Importance and SHAP  
Contribution Direction

The regional-scale results show that ERI in 2023 
was mainly associated with a small number of high-
contribution explanatory variables rather than with 
many variables of similar importance. Runoff, cropland 
proportion, and precipitation ranked highest, indicating 
that hydrological conditions and land-use structure had 
stronger explanatory power for the current ERI pattern. 
This finding is consistent with previous studies showing 
that complex ecological patterns are often more strongly 
associated with a limited number of key background 
factors than with the average contribution of all variables 
[34]. Therefore, variable importance provides a basis for 
identifying the background conditions associated with 
regional ERI differences.

Importance ranking alone cannot explain how 
different variables contributed to ERI predictions. 
Although runoff, cropland proportion, and precipitation 
all ranked highly, their SHAP contribution directions 
differed. High runoff values were clearly associated 
with positive SHAP contributions, whereas cropland 
proportion and precipitation showed both positive and 
negative contributions across samples. This indicates 
that variable importance should be interpreted together 
with SHAP contribution direction and response 
heterogeneity [35, 36].

Sensitive Ranges and Management Relevance

The dependence results further show that the SHAP 
contributions of the key explanatory variables to ERI 
did not follow simple monotonic relationships, but 
varied markedly across value ranges. Runoff showed  
a gradually increasing positive SHAP contribution 
pattern. Cropland proportion showed a segmented 
pattern that shifted from positive to negative. 
Precipitation showed a nonlinear curve that first 
increased and then decreased. Nighttime light showed 
a rapid turning point near the low-value range. These 
results indicate that the key explanatory variables at the 
regional scale differed not only in importance, but also 
in their sensitive ranges.

Compared with linear interpretations, identifying 
sensitive ranges helps clarify how the same explanatory 
variable is associated with ERI across different value 
ranges and provides more targeted evidence for 
differentiated environmental management [37-39].

Taken together, the regional-scale results show that 
current ERI differences were associated with long-
term environmental background conditions, variable 
importance, SHAP contribution direction, and sensitive 
ranges. The corridor analysis therefore further examines 
whether local environmental and spatial configuration 
factors can distinguish current differences under similar 
background conditions.

Supplementary Local Mechanism 
Evidence from The Yangtze Corridor

Hierarchy of Local Mechanism Variables

The corridor results show a clear hierarchy among 
local mechanism variables. Road density had the 
highest mean absolute SHAP value, followed by POI 
density and road length within the 2-km buffer [40-
42]. By contrast, basic-service POI count, basic-service 
POI density, and cultural POI density showed lower 
contributions. This does not mean that these variables 
had no role, but indicates that road accessibility and 
facility agglomeration had stronger discriminative 
power for current ERI differences within the Yangtze 
corridor context [43].

Relationship between Regional  
and Corridor Analyses

The regional-scale main sample and the corridor 
sample addressed different explanatory tasks rather than 
interchangeable analyses. The regional-scale analysis 
described the natural and climatic background conditions 
associated with the relatively stable ERI pattern in the 
Yangtze River Delta [44]. The corridor analysis, by 
contrast, examined whether local environmental and 
spatial configuration variables could further distinguish 
current ERI differences under a similar sensitive-zone 
context [45].

Therefore, the corridor analysis should be understood 
as supplementary local mechanism evidence rather than 
a repetition of the 1,090-village analysis. It extends 
the regional explanatory-variable analysis to the level 
of road accessibility, facility agglomeration, and local 
spatial configuration within the Yangtze corridor.

Environmental Management Implications 
and Research Boundaries

Environmental Management Implications

The corridor results provide three implications for 
environmental management and spatial configuration 
optimization. First, road density, POI density, and 
road length showed stronger explanatory contributions 
than other local mechanism variables, suggesting that 
road accessibility and facility agglomeration should  
be considered priority factors in corridor villages [46, 
47].
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Second, importance ranking alone is not sufficient 
for local intervention. SHAP contribution patterns 
across value ranges should also be considered, because 
higher variable values do not always correspond to 
more positive contributions. Third, regional- and 
corridor-scale evidence should be used together.  
Regional-scale results identify background constraints, 
whereas corridor results help clarify local spatial 
configuration priorities for differentiated environmental 
management.

Research Boundaries and Future Research

Although this study links long-term regional-scale 
evolution, key explanatory-variable identification, 
and local mechanism evidence under a unified ERI 
framework, its interpretation has several boundaries. 
First, the 1,090-village sample and the 107-village 
corridor sample served different analytical tasks. 
The former was used to identify long-term regional 
patterns and natural and climatic explanatory variables, 
whereas the latter provided supplementary evidence on 
local mechanisms under the Yangtze corridor context. 
Therefore, the mechanism findings from the corridor 
sample should not be directly generalized to all EL 
villages in the Yangtze River Delta.

Second, the representation of local mechanism 
variables remains limited. Road, POI, and public-
service-related indicators can reflect observable 
spatial configuration conditions, but they cannot fully 
represent institutional implementation, organizational 
coordination, public participation, or local action 
capacity. Some mechanism variables were also derived 
from the latest available cross-sectional datasets rather 
than time-matched observations for 2023. Therefore, 
the local mechanism results should be interpreted as 
evidence based on observable spatial conditions rather 
than as a complete explanation of the governance 
process [48, 49].

Third, the nonlinear responses and sensitive ranges 
identified by XGBoost-SHAP should be understood as 
statistically derived range characteristics rather than 
fixed thresholds. The SHAP results reflect model-
based statistical associations and contribution patterns, 
not strict causal effects. Thus, the identified sensitive 
ranges provide interpretive guidance for environmental 
management, but should not be mechanically applied as 
universal thresholds.

Fourth, the four models correspond to different 
analytical tasks, including current ERI levels, long-term 
trends, and corridor-level mechanism interpretation. 
Differences in model performance should therefore 
be understood in relation to these tasks. The lower 
performance of the trend and change models indicates 
that long-term ERI evolution is more difficult to explain 
than current spatial patterns. Future research can expand 
local mechanism variables to wider areas, introduce 
more direct process-based indicators, and use longer 
time series or stronger causal identification strategies 

to test whether key explanatory variables and sensitive 
ranges change across time, policy contexts, and regional 
settings.

Conclusions

Under a unified indicator system, this study 
developed an analytical framework linking long-term 
patterns, regional background explanatory variables, 
and local mechanism analysis in the corridor to explain 
persistent differentiation within ecologically livable 
villages (EL villages) in the Yangtze River Delta.

Four main conclusions can be drawn. First, ecological 
resilience in EL villages in the Yangtze River Delta 
changed only gradually during 2003-2023, but spatial 
differences remained throughout the study period. The 
southern part of the region and villages in the Yangtze 
corridor generally maintained relatively high resilience 
levels, whereas most villages did not show a significant 
long-term increasing or decreasing trend. Second, ERI 
in 2023 was mainly associated with a small number of 
key explanatory variables. Runoff, cropland proportion, 
and precipitation constituted the core explanatory-
variable group, followed by nighttime light, whereas 
the contributions of the other variables were relatively 
limited. Third, the SHAP contributions of the key 
explanatory variables did not follow simple linear 
relationships, but differed clearly across value ranges. 
This indicates that average associations alone are not 
sufficient to explain the differentiation of rural ecological 
resilience. Fourth, the corridor sample provided 
additional evidence at the local mechanism level. Road 
density, POI density, and road length showed stronger 
explanatory contributions, whereas basic-service POI 
count, basic-service POI density, and cultural POI 
density had relatively weaker marginal explanatory 
power. This suggests that, under the corridor context, 
environmental and spatial configuration conditions can 
further distinguish current differences in ecological 
resilience among villages.

The main contribution of this study lies not in 
ranking individual variables alone. Rather, it lies 
in linking long-term pattern identification, regional 
background explanatory-variable analysis, and local 
mechanism analysis in the corridor under a unified 
indicator system, thereby providing a multilevel 
explanation for the persistent differentiation within EL 
villages. The regional-scale analysis reveals the long-
term environmental background constraints underlying 
the overall pattern, whereas the corridor analysis further 
supplements the sources of local environmental and 
spatial configuration differences within this sensitive-
zone context. Together, these two parts provide  
a continuous line of evidence linking the overall pattern 
to local differences.

Overall, differences among EL villages in the 
Yangtze River Delta should be understood in relation 
to both long-term natural and climatic backgrounds 
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at the regional scale and environmental and spatial 
configuration conditions under local contexts.  
For environmental management, this means that  
a single uniform intervention should not be adopted on 
the basis of average levels alone. Instead, management 
priorities and spatial configuration differences should 
be identified under regional background constraints. 
In particular, for villages in the sensitive zone of the 
Yangtze corridor, differentiated management should 
focus on road accessibility, facility agglomeration, 
and local environmental conditions. This analytical 
framework provides empirical evidence for 
environmental assessment, spatial configuration 
optimization, and differentiated environmental 
management in EL villages, especially in sensitive 
corridor zones.
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