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Abstract Rapid urbanization and natural hazards are

posing threats to local ecological processes and ecosystem

services worldwide. Using land use, socioeconomic, and

natural hazards data, we conducted an assessment of the

ecological vulnerability of prefectures in Sichuan Province

for the years 2005, 2010, and 2015 to capture variations in

its capacity to modulate in response to disturbances and to

explore potential factors driving these variations. We

selected five landscape metrics and two topological indi-

cators for the proposed ecological vulnerability index

(EVI), and constructed the EVI using a principal compo-

nent analysis-based entropy method. A series of correlation

analyses were subsequently performed to identify the fac-

tors driving variations in ecological vulnerability. The

results show that: (1) for each of the study years, prefec-

tures with high ecological vulnerability were located

mainly in southern and eastern Sichuan, whereas prefec-

tures in central and western Sichuan were of relatively low

ecological vulnerability; (2) Sichuan’s ecological

vulnerability increased significantly (p = 0.011) during

2005–2010; (3) anthropogenic activities were the main

factors driving variations in ecological vulnerability. These

findings provide a scientific basis for implementing eco-

logical protection and restoration in Sichuan as well as

guidelines for achieving integrated disaster risk reduction.

Keywords Anthropogenic activities � Ecological
vulnerability � Natural hazards � PCA-based entropy

method � Rank correlation

1 Introduction

The concept of vulnerability has been applied widely in

fields such as disaster studies (Yang et al. 2015; Li et al.

2016; Armaş et al. 2017), sustainable development (Turner

et al. 2003), urban growth (Hong et al. 2016), and climate

science (Cinner et al. 2013). Ecological vulnerability is

generally conceptualized as the potential of an ecosystem

to modulate its response to external interference and

stressors at a specific spatial scale (Williams and Kapustka

2000; Qiu et al. 2015; Beroya-Eitner 2016). Research into

ecological vulnerability has become an important aspect of

study on sustainable development (Lin and Ho 2003).

Spatial assessments of ecological vulnerability importantly

enable the identification of areas that are vulnerable to

disturbance, providing a basis for the formulation of

measures aimed at controlling the degradation of ecologi-

cal environments and promoting regional eco-environ-

mental development (Ying et al. 2007; Qiao et al. 2013;

Hou et al. 2015; Hong et al. 2016).

Ecological vulnerability assessment can be conducted at

different hierarchical scales (De Lange et al. 2010),

including population level (De Lange et al. 2009),
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community/habitat level (Ocaña et al. 2019), ecosystem

level (Ippolito et al. 2010), and landscape level (Ding et al.

2018). The landscape level is considered a suitable scale

for regional ecological vulnerability study (Qiu et al. 2007;

Jiang et al. 2008), therefore we adopted the landscape-level

ecological vulnerability assessment in this study to reveal

regional ecological vulnerability distribution. A compre-

hensive indicator framework has been widely applied to

evaluate ecological vulnerability at landscape level (Song

et al. 2010; Zhang et al. 2014; Kumar et al. 2015), which is

composed by two major parts.

The first part is establishing an ecological vulnerability

indicator (EVI) system to reflect regional ecosystem vul-

nerability. An EVI system often entails the landscape

metrics, which quantitatively describe the spatial charac-

teristics of landscape pattern (Mörtberg et al. 2007; Qiao

2007). Qiu et al. (2007) incorporated landscape metrics of

landscape isolation, fractal dimension, and fragmentation

in the EVI system, to reflect the vulnerability of the eco-

environment; Ortega et al. (2012) used metrics related to

landscape composition and configuration to assess the

landscape vulnerability to wildfire in Spain; Zang et al.

(2017) applied landscape metrics of the number of patches,

patch density, mean patch size, and class area to identify

the impact of landscape pattern changes on regional eco-

logical vulnerability. However, a shortcoming of landscape

metrics is that they primarily focus on the landscape

structure, while omitting its functions (Zang et al. 2017).

Graph-based topological indicators may be more effective

in bridging the gap between ecological structures and their

functions (Kupfer 2012), offering a more systems-oriented

approach for quantifying landscape processes and func-

tions. However, to date, topological indicators have rarely

been incorporated into EVI systems (Kupfer 2012). In this

work, we combine landscape pattern information and

topological indicators in an EVI system.

The second part is to determine the weights of indicators.

Common methods applied to determine indicator weights

include analytic hierarchy process (Song et al. 2010; Sahoo

et al. 2019), artificial neural network (Oppio and Corsi

2017), and principle component analysis (PCA) (Uddin et al.

2019). We used a PCA-based entropy method to acquire the

relatively objective weights for the EVI system.

Sichuan Province, with abundant natural resources, is

not only an important ecological barrier in the upper

reaches of the Yangtze River, but also one of the hotspots

of ecological conservation research in the world (Fang

2019). Sichuan Province is the most important industrial

center in western China, and is currently undergoing a

rapid urbanization. At the end of 2010, the urbanization

rate of the province was 40.18%, increasing to 47.69% in

2015 (National Bureau of Statistics of China 2016). The

urbanization speed of Sichuan Province was higher than

the national average during the period of the 12th five-year

plan (Chen 2017). Meanwhile, Sichuan is a natural hazard-

prone region. On 12 May 2008, the Ms 8.0 Wenchuan

Earthquake struck the region, leading to a loss of 35,679 ha

of forestland that comprised 7.66% of the total forest area

in the province (Guo 2012; Wang, Fu et al. 2012). Rapid

urbanization and frequent natural hazards and disasters

threaten the local ecological environment, and ecological

conservation has become an essential task.

An assessment of ecological vulnerability advances

understanding of the process of change of ecological sys-

tems facing various external disturbances. Our aim was to

combine landscape metrics and topological indicators

derived from graph theory to establish an EVI system and

apply it to evaluate the regional ecological vulnerability of

Sichuan Province of 3 years: 2005, 2010, and 2015.

Importantly, we sought to analyze the factors driving

spatiotemporal variations in ecological vulnerability to

promote the protection and restoration of local ecologies.

2 Study Area and Data

We first introduce the study area of Sichuan Province, then

describe the data involved in the present study.

2.1 Study Area

Sichuan Province, located at 97� 210 E to 108� 310 E and

26� 030 N to 34� 190 N, is situated in the upper reaches of

the Yangtze River in southwestern China. The province

covers an area of over 485,000 km2, and comprises two

geographically distinct areas (Fig. 1a). The western part of

Sichuan evidences a rugged terrain and a complex geo-

logical structure comprising numerous mountain ranges.

By contrast, the eastern part of the province is mostly

located within the Sichuan Basin, of which the western-

most part is the Chengdu Plain, and the easternmost part

features a terrain comprising folds and valleys. The dra-

matic differences in the terrains lead to highly variable

climate (Fig. 1b) and an abundance of natural resources.

2.2 Data

We used various kinds of data to conduct the assessment of

Sichuan’s ecological vulnerability and to identify factors

driving variations in ecological vulnerability. Table 1

provides details on the datasets. Socioeconomic data

include the annual statistics of gross domestic product

(GDP), the number of industrial enterprises above the

designated size (IEADS), highway mileage, and the

urbanization rate of each prefecture. Natural hazards data

include frequency of geological hazards and the magnitude
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of earthquakes. All raster data were uniformly resampled to

a resolution of 250 m 9 250 m for this study.

3 Methodology

We first identified ecological patches and then established

an ecological network. We subsequently developed the

EVI system, incorporating the attributes of landscape pat-

tern and the topological attributes of ecological patches.

Principal component analysis (PCA) and the entropy

method were used to obtain the EVI.

3.1 Identification of Ecological Patches

An ecological patch is a relatively homogeneous area that

differs from its surrounding areas (Pinto and Keitt 2009).

By providing habitats and necessary resources for species,

patches contribute significantly to the maintenance of

biodiversity (Forman 1995). We applied the following

three criteria (Kong et al. 2010; Yu et al. 2012; Lee et al.

2014) to identify ecological patches.

First, we defined ecological patches as comprising two

land use/land cover types: (1) forestlands, including thick

forests, open woodland, shrubbery, and immature planta-

tions; and (2) grasslands with low, moderate, and high

grass cover, respectively. Compared with other land cover

types (for example, cropland and construction areas),

Fig. 1 The study area of Sichuan Province. a Elevation; b distribution of climate types in Sichuan Province. Source Adapted from the climate

zone of China provided by the Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC) (http://www.

resdc.cn)

Table 1 Information of dataset used in this study

Dataset Source Resolution

Land use/land cover

data

Geographical Information Monitoring Cloud Platform (http://www.dsac.cn/) 30 m

NDVI MODIS-based NDVI product 16-day, 250 m

NPP MODIS-based NPP product 8-day, 1 km

Road network National Geomatics Center of China (http://www.ngcc.cn/ngcc/) 1:400,000

Socioeconomic data Sichuan Statistical Yearbook Annual prefectural level statistical

data

Natural hazards data China Earthquake Administration and Department of Natural Resources of

Sichuan Province

Annual prefectural level statistical

data

NDVI normalized difference vegetation index; NPP net primary production
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forestland and grassland are subjected to lower degrees of

anthropogenic disturbance, and provide multiple ecological

services (Myers et al. 2000; Ellison et al. 2012).

Second, we set the minimum area of an ecological patch

at 20 km2 based on the spatial scale of the study area and

with reference to criteria adopted in previous studies (Kong

et al. 2010; Yu et al. 2012; Lee et al. 2014).

Third, no two patches shared a common point or a

common edge. We deemed patches within an ecological

network should be spatially isolated from each other. It is

assumed that if two patches shared common points or

edges, they would be able to spontaneously exchange

materials, energy, and information and could therefore be

merged.

Applying the above criteria, we extracted ecological

patches, calculated their landscape metrics, and established

an ecological network for a topological analysis.

3.2 Ecological Vulnerability Index System

We selected representative indicators to construct the index

system, which is the foundation of vulnerability analysis.

The EVI system comprised five landscape metrics (total

core area, landscape shape index, fragmentation of number,

fragmentation of shape, and aggregation index) and two

topological indicators (betweenness centrality and node

vulnerability), respectively, depicting the landscape pattern

and topological properties of patches.

3.2.1 Landscape Metrics

The five landscape metrics (Table 2) were calculated for

each prefecture using the Fragstats 4 program (McGarigal

et al. 2012). The positive indicators used in the calculation

of the EVI were fragmentation of number, fragmentation of

shape, and the landscape shape index, while the negative

indicators were the total core area and aggregation index.

3.2.2 Topological Indicators

Topological indicators derived from graph theory can be

used to measure the connectivity of patches. An ecological

network can facilitate the topological analysis when it is

analyzed as a graph, wherein the nodes and edges respec-

tively represent ecological patches and corridors. The

ecological network of Sichuan Province was established by

two steps (Yu et al. 2012). The first step entailed the

establishment of the cost surface, considering the following

five factors: road density, construction areas, water bodies,

vegetation coverage, and NPP. The second step entailed the

establishment of potential corridors, indicating species’

potential ability to disperse between patches. The least-cost

path algorithm was applied to search for all potential

dispersal corridors between each pair of patches. We sub-

sequently applied Prim’s algorithm to extract the minimum

spanning tree representing the final ecological network.

We calculated two topological indicators based on the

ecological network: betweenness centrality (BC) and node

vulnerability (NV), and applied them in the EVI system.

They are negative indicators for the calculation of EVI.

Betweenness centrality indicates the number of times

that one node lies on the shortest paths of two other nodes.

The node with the highest value of betweenness exerts the

greatest control over the biological flow within the network

(Estrada et al. 2009). Therefore, patches with higher BC

values are more resilient in the face of disturbances.

BC ¼
X

s 6¼i6¼t

nist
gst

ð1Þ

where gst denotes the number of the shortest paths between

nodes s and t and nist denotes the number of the shortest

paths between nodes s and t passing through node i.

Node vulnerability indicates the loss of network effi-

ciency after the removal of a single node from the network

(Grubesic et al. 2008; Chen and Hero 2013; Hu et al. 2016).

A higher NV value of a node corresponds to a greater loss

in efficiency with its removal.

NV ¼ E � Ei

E
ð2Þ

E ¼ 1

N N � 1ð Þ
X

i 6¼j

1

dij
ð3Þ

where E denotes the efficiency of the entire network, Ei

denotes the efficiency of the entire network after the

removal of node i, and dij is the cost distance between

nodes i and j.

3.2.3 Principal Component Analysis

We focused on the EVI at the prefectural level to capture

regional differences in ecological vulnerability and, fur-

ther, to identify their driving factors. Each indicator in the

EVI system was calculated based on ecological patches and

then assigned to the corresponding prefecture. For the

calculation of landscape metrics, the ecological patches

were first divided between the prefectures that they cov-

ered. Next, the ecological patches within each prefecture

were separately entered into the FRAGSTATS software to

obtain the landscape level metrics. For topological indi-

cators, we first established the ecological network and

subsequently calculated the two topological indicators for

each patch. Last, we took the average value of the topo-

logical attributes for all of the patches within a prefecture

as the topological attribute value for that prefecture.

Inevitably, there were cases where one patch
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simultaneously belonged to more than one prefecture. In

such cases, the value of the topological indicator for this

patch was applied in calculations for each prefecture to

which it belonged.

Principal component analysis is an eigenvector-based

method of reducing data dimensionality that was first

proposed by Karl Pearson in 1901. It enables a multidi-

mensional system to be simplified and condensed into a

smaller set of orthogonal vectors known as principal

components (Eq. 4).

Y1 ¼ t11X1 þ t12X2 þ � � � þ t1pXp ¼ T 0
1X

Y2 ¼ t21X1 þ t22X2 þ � � � þ t2pXp ¼ T 0
2X

..

.

Yp ¼ tp1X1 þ tp2X2 þ � � � þ tppXp ¼ T 0
pX

8
>>><

>>>:
ð4Þ

where Y denotes the principal components, T denotes the

coefficient matrix, X represents the raw data, and p is the

number of principal components. Each principal compo-

nent explains a certain proportion of the total variance of

the raw dataset, with components that demonstrate greater

variance containing more information than those with less

variance (Chen et al. 2013; Aksha et al. 2019). The number

of retained principal components was determined accord-

ing to the Kaiser criterion (eigenvalues[ 1.00) (Yang

et al. 2015).

3.2.4 The Entropy Method

Information entropy, proposed by Shannon in 1948, is a

measure of the degree of disorder of a system. Building on

this concept, the entropy method offers a relatively

objective approach for determining weights. When there is

a significant difference in the observed values for the same

indicator, the corresponding entropy will be small, indi-

cating that this indicator provides useful information.

Consequently, greater weight should be assigned to this

kind of indicator; and the reverse situation also applies.

Usually, the potential correlation existing between

indicators is not considered when applying the entropy

method, which is a drawback of this method. To overcome

this drawback, we established a model for evaluating vul-

nerability by combining PCA and the entropy method. In

this model, the principal components obtained in the PCA

are inputs for the entropy method. Equations 5 to 10

illustrate the calculation process of entropy method (Du

et al. 2014; Zhang et al. 2014; Wang et al. 2018).

Assuming that there are m principal components and n

prefectures forming an original matrix Yij m�nð Þ, we first

normalized the principal components using Eq. 5.

Yij ¼
ðYij �min Yif gÞ= max Yif g �min Yif gð Þ; for positive indicators

max Yif g � Yij
� �

= max Yif g �min Yif gð Þ; for negative indicators

�

ð5Þ

The specific gravity value Zij for each element Yij is

calculated using Eq. 6:

Zij ¼
Y 0
ijPm

i¼1 Y
0
ij

ð6Þ

Equation 7 is used to calculate the entropy of each

principal component:

ei ¼ � 1

ln n

Xn

j¼1

Zij � ln Zij ð7Þ

where ei denotes the entropy of the ith principal component.

The variation degree of each principal component, di; is

measured using Eq. 8:

di ¼ 1� ei ð8Þ

where d denotes the variation degree of the ith principal

component.

Table 2 Landscape metrics and their explanations

Landscape metrics Abbreviation Equation Description References

Total core area TCA TCA ¼
P

ai ai: core area of ith patch in the landscape. Babı́ Almenar et al.

(2019)

Landscape shape

index

LSI LSI ¼ 0:25Effiffiffi
A

p E: total length (m) of edge in landscape

A: total landscape area.

Lockhart and Koper

(2018)

Fragmentation of

number

FN FN ¼ NF�1

MPS
NF: the number of patches within a prefecture

MPS: mean patch size within a prefecture.

Qiu et al. (2007)

Fragmentation of

shape

FS FS ¼ 1� 1

MSI

MSI ¼ LSI
N

MSI: mean shape index of patch

LSI: landscape shape index

N : total number of patches within a landscape.

Jiang et al. (2013)

Aggregation index AI AI ¼ ei;i
max ei;i

ei;i: the total edges shared by patch i itself

max ei;i: the maximum aggregation level the landscape may

achieve.

He et al. (2000)
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Further, the weight of each principal component wi is

calculated using the following formula:

wi ¼ di=
Xm

i¼1

di ð9Þ

As a final step, we calculated the comprehensive index

for assessing the ecological vulnerability of the jth
prefecture as follows:

EVIj ¼
Xm

i

wi � Yij ð10Þ

where EVIj is the EVI for the jth prefecture. Prefectures

with higher EVI values demonstrated higher levels of

ecological vulnerability and greater vulnerability in the

face of external disturbances than those with lower EVI

values.

3.3 Correlation Analyses of Variations in Ecological

Vulnerability and Disturbance Indicators

We used the Spearman’s rank correlation analysis to test

the potential correlation between EVI changes and indi-

cators of disturbance. The Spearman’s rank correlation

method hinges on the ranks of two groups of data and is not

sensitive to outliers.

3.3.1 Selection of Disturbance Indicators

The prevailing consensus is that external disturbances

caused by anthropogenic socioeconomic activities and

natural hazards are likely to influence ecological vulnera-

bility (Aswani and Lauer 2014; Xie et al. 2019). To further

explore the key factors driving changes in ecological vul-

nerability, we selected four typical socioeconomic indica-

tors and two natural hazard indicators.

3.3.1.1 Socioeconomic Indicators

1. The number of industrial enterprises above the desig-

nated size (IEADS): The IEADS is defined as state-

owned and non-state-owned industrial companies with

annual revenues above RMB 20 million yuan. In

recent years, the industrial sector has played an

important role in the rapid development of the Chinese

economy, with IEADS emerging as the primary

consumers of energy and the main providers of the

municipal gross industrial product (Wang, Zeng et al.

2012).

2. Highway mileage (HM): Highway mileage reflects the

developmental level of regional land transportation

(Cao et al. 2016). These data include public motorable

roads connecting prefectures, towns, and villages; the

mileage of roads passing through urban streets, the

lengths of highway bridges, the lengths of tunnels, and

the widths of ferry crossings.

3. Gross domestic product (GDP): To ensure compara-

bility of GDP data crossing years, we set 2005 as the

benchmark year, and converted the data for 2010 and

2015 to the benchmark price in 2005 referring to the

previous study of Lang et al. (2019).

4. Urbanization rate (UR): Urbanization rate is defined as

the percentage of the population residing in urban

areas. The increasing UR is likely to have impacts on

ecological environments, resulting either in improved

environmental efficiency or in barriers to the provision

of ecosystem services (Ehrhardt-Martinez 1998).

Given that correlation analyses of EVI and socioeconomic

variables are based on their relative changes, we calculated

the percentage changes of EVI, and of each socioeconomic

variable, for the periods 2005–2010 and 2010–2015.

3.3.1.2 Natural Hazard Indicators

1. Frequency of geological hazards (FGH): Geological

hazards refer to rock fall, landslide, debris flow,

unstable slopes, ground fissures, and ground subsi-

dence in this study. The frequency of geological

hazards of each prefecture was derived from the

Sichuan Disaster Relief Yearbook (Disaster Relief

Office of People’s Government of Sichuan 2005),

Sichuan Geological Environment Bulletin (Depart-

ment of Land Resources of Sichuan 2010), and

Sichuan Land and Resources Bulletin (Department of

Natural Resources of Sichuan Province 2015).

2. Earthquake impact index (EII): This index was calcu-

lated for each prefecture for the periods 2005–2010

and 2010–2015 based on earthquake events with

surface-wave magnitude (Ms) above 5.0. We referred

to the report by the Technology Expert Group on

Earthquake Relief, China National Commission for

Disaster Reduction—The Ministry of Science and

Technology (2008) to assign scores to earthquakes

with various magnitude. Earthquakes above Ms 7.0

usually affect a wide area. Prefectures located within

severely-stricken, hard-stricken, and less-stricken areas

were assigned a score of 0.6, 0.3, and 0.1, respectively.

Prefectures experienced earthquakes with magnitudes

of Ms 5.0–5.9 and 6.0–6.9 were assigned a score of 0.1

and 0.3, respectively. The scores of a prefecture for the

periods 2005–2010, and 2010–2015 were summed to

assess the impact of earthquakes during the corre-

sponding period.
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4 Results and Discussion

In this section, we presented the spatial distribution

(Sect. 4.1) and temporal variations (Sect. 4.2) of ecological

vulnerability in Sichuan over the study years, and explored

the possible factors that related to the ecological vulnera-

bility variations (Sect. 4.3). Then the key findings were

discussed.

4.1 Spatial Distribution of Ecological Vulnerability

Ecological patches showed similar patterns for all three

study years. In terms of their spatial distribution, the pat-

ches were relatively concentrated in the northwestern part

of the province, whereas they were scattered and sparse in

the southern and eastern parts for each of these years (see

Fig. 2a, illustrating the distribution of patches in 2010).

Moreover, the total numbers and areas of the patches were

similar for each of the 3 years. There were 228 patches in

2005 covering an area of 189,753 km2, 248 patches in 2010

covering an area of 184,299 km2, and 231 patches in 2015

with an area of 186,460 km2. In 2010, the patches showed

increasing fragmentation, with more patches covering a

smaller area compared with their number and coverage in

2005 and 2015.

Figure 2b shows the spatial distribution of EVI. The

values of EVI are dimensionless, which have been nor-

malized into 0 to 1. Suining Prefecture was omitted

because no patches were identified that fitted our criteria.

Prefectures with high EVI values were mainly located in

southern and eastern Sichuan, whereas prefectures with

relatively low EVI values were mainly located in central

and western Sichuan. For all 3 years, Guangyuan, Yibin,

and Liangshan evidenced the highest degrees of ecological

vulnerability. Patches in these prefectures were highly

fragmented, relatively scattered, and small. By contrast,

prefectures with widely distributed vegetation, such as

Aba, Ganzi, and Ya’an, demonstrated relatively lower

degrees of vulnerability.

4.2 Temporal Variations of Ecological Vulnerability

To understand differences in EVI values for the three study

years, we performed the non-parametric Kruskal–Wallis

one-way analysis of variance (Kruskal–Wallis one-way

ANOVA) along with multiple comparison procedures

(MCPs) using the MATLAB R2018b (student edition)

software.

The result of Kruskal–Wallis one-way ANOVA

revealed significant differences in EVI values for the

3 years (v2 ¼ 9; p ¼ 0:011). The values obtained for the

overall ecological vulnerability in 2010 and 2015 were

significantly higher than the value for 2005 (Fig. 3).

The MCPs provided more detailed information about the

differences between the medians of EVI of the 3 years. The

EVI value in 2010 (median = 0.500) was significantly

higher than that in 2005 (median = 0.409), since

p value = 0.0143\ 0.05 = a. Thus, a significant increase

in the EVI value corresponded to a significant increase in

the degree of ecological degradation in Sichuan Province

during this period. We also observed that the EVI variance

in 2010 was greater than that in 2005, indicating that

regional ecological vulnerability was more unevenly dis-

tributed and that intraregional differences in ecological

vulnerability have amplified. During 2005–2010, the top

three prefectures evidencing the highest EVI percentage

changes were Deyang (58.1%), Aba (57.7%), and Panzhi-

hua (48.1%) (Fig. 2a, underlined in blue; Table 3). Deyang

and Aba are located in areas that were struck by the

Wenchuan Earthquake (Fig. 2b). Considering previous

studies (Guo 2012; Wang, Fu et al. 2012) have concluded

that there was severe ecological damage after the Wench-

uan Earthquake, we inferred that natural hazards may be a

possible factor driving EVI change, and therefore involved

natural hazards indicators in the correlation analysis.

The MCPs revealed that the difference between the EVI

values in 2015 (median = 0.483) and in 2010 was not

significant, although there were local variations in EVI

values. The difference between the EVI values in 2015 and

2005 was marginally significant (p value = 0.051). Thir-

teen out of 20 prefectures showed decreased EVI values

between 2010 and 2015, and there was a small overall

decrease comparing the median of 2015 with the median of

2010 (Fig. 3). However, the statistical results showed that

the difference was insignificant. These findings imply that

the ecological system has recovered to some extent, but it

was still worse than the situation in 2005, indicating an

urgent need for improved ecological conservation

planning.

4.3 Correlation Analysis Results

We performed the Spearman’s rank correlation analysis to

test the potential correlation between EVI and indicators of

disturbance. The results are shown in Fig. 4.

Compared with natural hazard indicators, changes in

socioeconomic indicators were evidently more correlated

to the EVI change (Fig. 4), indicating that human activities

may be the main factors driving variations in ecological

vulnerability. The result is coherent with a few previous

studies (Li and Fan 2014; Liou et al. 2017), which con-

cluded that anthropogenic activities indeed intensified the

eco-environmental vulnerability.
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Of the four socioeconomic indicators, highway mileage

and the number of IEADS, reflecting the intensity of

human construction activities, are significantly correlated

with the EVI (Fig. 4a, b). The rank correlation of the

percentage change in the EVI and the percentage change in

the number of IEADS was highly significant (r = 0.59,

p\ 0.001) (Fig. 4a). The likely reason is that productive

activities within large-sized enterprises exert intensive and

sustained impacts on the ecological environment in the

long run. A significant positive rank correlation (r = 0.61,

p\ 0.001) between the percentage change in the EVI and

the percentage change in highway mileage was also

observed (Fig. 4b). The construction of highways poten-

tially results in continuous disruption of the original habi-

tats and migration corridors of various species, thus

shifting the landscape pattern and further reducing the

efficiency of the exchange of materials and energy. A study

of Hawbaker et al. (2006) showed a consistent result that

Fig. 2 Distribution of

ecological patches and

ecological vulnerability index

(EVI) values in Sichuan

Province. a The spatial

distribution of ecological

patches in 2010; b the

distribution of EVI values in

2005, 2010, and 2015. The

severely-stricken areas and the

hard-stricken areas are short for

severely-stricken areas of the

Wenchuan Earthquake and

hard-stricken areas of the

Wenchuan Earthquake, which

are provided by the Ministry of

Civil Affairs of China
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roads remove habitat, alter adjacent areas, subdivide

wildlife populations, as well as interrupt and redirect eco-

logical flows. Li et al. (2010) also concluded that road

construction influenced the local ecosystem by deteriorat-

ing landscape fragmentation. This finding calls for an in-

depth ecological impact assessment when planning con-

struction projects.

Gross domestic product and urbanization rate, which

provide more comprehensive macroscopic descriptions of

socioeconomic development, did not show significant lin-

ear correlations with the EVI (Fig. 4c, d). This might be

due to the fact that GDP and urbanization rate are related to

multiple factors, so their relationships with EVI cannot be

revealed by a linear correlation analysis.

None of the natural hazard indicators evidenced rank

correlation with EVI (Fig. 4e, f), which suggests that

ecosystems are resilient to natural disturbances on a long

time scale. This result was echoed by Xiong et al. (2018):

by 2015, the average vegetation coverage in Wenchuan

Earthquake stricken area had recovered to pre-earthquake

level. Besides, we noticed that the influence of earthquakes

on the EVI was even less significant than that of geological

hazards. A possible explanation might be that earthquakes

occurred less often than geological hazards, and the self-

repairing capacities of ecosystems enabled rapid recovery

from disturbances of low frequency.

Although there was a catastrophic event,—the Wench-

uan Earthquake—during the period 2005–2010, a more

significant factor contributing to increased EVI value might

be the rapid increase in human construction activities. The

construction activities contributed to a decline in the area

of ecological patches and to severe fragmentation (Li et al.

2018), thereby increasing ecological vulnerability. During

the period 2010–2015, construction activities were

reduced, and the overall ecological vulnerability decreased.

In 2010–2015, although the majority of prefectural EVI

values declined, EVI of Yibin, Lesha, and Ziyang Prefec-

tures continued to increase. Simultaneously, highway

mileage of these three cities increased by 43%, 35%, and

25%, respectively, ranking the first, second, and sixth

among all cities in Sichuan. Since the change rate of

highway mileage has a significant positive correlation with

the EVI change rate, we infer that rapidly increasing

highway mileage contributed to the continued increase of

EVI in Yibin, Lesha, and Ziyang.

The result of EVI distribution provided a general

description of ecological vulnerability situation in Sichuan

Province. However, when it comes to assessing the vul-

nerability to a specific disturbance—for example, vulner-

ability to wildfire—the current EVI system may not be

suitable. The EVI system needs to incorporate more event-

specific indicators—for example, the percentage of total

landscape area covered by fine-grained forest-agriculture

Fig. 3 Variations in ecological vulnerability index (EVI) values of

Sichuan Province during the study years

Table 3 Ecological vulnerability index (EVI) values of each prefecture in Sichuan Province, 2005, 2010, and 2015

Prefecture EVI values Variations (%) Prefecture EVI values Variations (%)

2005 2010 2015 2005–2010 2010–2015 2005 2010 2015 2005–2010 2010–2015

Aba 0.281 0.444 0.412 57.7 - 7.2 Luzhou 0.463 0.591 0.553 27.7 - 6.5

Bazhong 0.496 0.601 0.577 21.1 - 4.0 Meishan 0.343 0.450 0.465 31.3 3.4

Chengdu 0.398 0.485 0.475 22.0 - 2.2 Mianyang 0.420 0.454 0.451 8.1 - 0.5

Dazhou 0.578 0.613 0.590 6.0 - 3.7 Nanchong 0.384 0.477 0.492 24.1 3.1

Deyang 0.444 0.702 0.579 58.1 - 17.5 Neijiang 0.335 0.405 0.405 21.0 - 0.1

Ganzi 0.391 0.555 0.465 41.9 - 16.1 Panzhihua 0.475 0.703 0.581 48.1 - 17.3

Guang’an 0.374 0.478 0.460 27.8 - 3.8 Ya’an 0.321 0.421 0.395 31.1 - 6.3

Guangyuan 0.776 0.794 0.690 2.3 - 13.1 Yibin 0.858 0.814 0.842 - 5.1 3.4

Leshan 0.356 0.430 0.435 20.5 1.2 Zigong 0.428 0.514 0.557 20.0 8.5

Liangshan 0.706 0.693 0.733 - 2.0 5.8 Ziyang 0.317 0.412 0.448 29.8 8.7
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mixtures and the total length of agricultural-forest edges

per unit area (Ortega et al. 2012) to reflect the susceptibility

of the ecological system to a specific disturbance. To fur-

ther explore the potential relationship between EVI change

and natural hazard factors, long-term studies on ecological

vulnerability using higher resolution data on the intensity,

frequency, and scope of various natural hazards are

required. Additionally, this study did not involve much

analysis between ecological vulnerability and land use/land

cover changes or climate changes, which can become a

crucial topic for future work.

5 Conclusion

In this study, we developed an integrated index system for

assessing ecological vulnerability that combines landscape

metrics with the topological attributes of ecological pat-

ches. The inclusion of topological attributes in a system for

evaluating ecological vulnerability enables the quantifica-

tion of both the landscape pattern and process, thereby

contributing to a more holistic understanding of ecological

vulnerability. A PCA-based entropy method was applied in

the calculation of EVI to provide reasonable weight

assignment and avoid correlations between indicators. We

applied this index system in Sichuan Province to assess the

ecological vulnerability of each prefecture for the years

2005, 2010, and 2015. The Spearman’s rank correlation

analysis was subsequently performed to determine the

likely factors driving variations in ecological vulnerability.

We conclude that:

1. Overall, the eastern and southern parts of Sichuan were

more ecologically vulnerable than central and western

Sichuan.

2. Ecological vulnerability in Sichuan significantly

increased between 2005 and 2010 and stayed high

during 2010 to 2015, indicating an urgent need for

improved ecological conservation planning.

3. Indicators related to intense human construction

activities contributed more to variations in EVI than

natural hazard indicators and macroscopic socioeco-

nomic indicators. Among the socioeconomic indica-

tors, the ones that concretely represent intense human

activities (for example, highway mileage and the

number of enterprises) were correlated more

Fig. 4 Results of the Spearman’s rank correlation test. PCEVI

denotes the percentage change of the ecological vulnerability index;

PCNIEADS denotes the percentage change of the number of

industrial enterprises above the designated size; PCHM denotes the

percentage change of highway mileage; PCGDP denotes the

percentage change of gross domestic product; PCUR denotes the

percentage change of urbanization rate; FGH denotes the frequency of

geological hazards; and EII denotes the earthquake impact index.

r correlation coefficient. p significance of the correlation
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significantly with variations in ecological vulnerability

than were macroscopic indicators (for example, urban-

ization rate and GDP). These findings indicate that in

recent decades, intensive anthropogenic construction

activities have been a key factor influencing the shift in

landscape patterns and affecting ecological processes.

4. The proposed assessment framework provides a new

method for ecological vulnerability analysis. The

framework can be extended easily to multi-scale

studies, and the indicator system can be adjusted to

local contexts.
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