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A B S T R A C T

Drought is a pressing environmental issue with profound socio-economic impacts. Frequent 
drought disasters around the world have brought huge impacts and challenges, severely con
straining the sustainable development of cities. How to improve drought resilience to guarantee 
regional sustainable development has become a hot research topic. In this study, we developed a 
comprehensive framework to assess drought resilience in China, analyzing its spatiotemporal 
evolution characteristics, uncovering the underlying impact mechanisms, and projecting future 
resilience trends across different regions of the country. Over the past 12 years, the average 
drought resilience level in China has risen by 14.4 %. Central and eastern coastal provinces 
demonstrated higher resilience levels, contrasting with the western inland regions’ lower resil
ience. A significant positive spatial correlation was observed in China’s drought resilience, with 
high-value clusters emerging in the southeastern and northeastern regions. Among the sub- 
resilience dimensions, social resilience had the most substantial impact. The prediction model 
suggests that the drought resilience level will increase modestly by 6.2 % across provinces, 
maintaining the spatial pattern of higher resilience in the eastern coastal areas and the southern 
and northern extremities, with lower resilience in the central region. Our findings underscore the 
significance of understanding regional variations in drought resilience to inform targeted and 
efficient policy interventions.
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1. Introduction

Drought is an intricate natural disaster that has profound impacts on agriculture [1], ecology [2], and the economy [3], among 
other sectors. According to the Sixth Assessment Report (AR6) of the Intergovernmental Panel on Climate Change (IPCC), drought has 
negatively impacted food systems, agriculture, forestry, fisheries, and the production capacity of agricultural products, exacerbating 
global food security and nutrition challenges while also having severe effects on ecosystems and human health [4,5]. From an in
ternational perspective, the economic losses caused by droughts are colossal, surpassing tens of billions of dollars annually, more than 
other climate-related disasters [6]. With the progression of climate change, both the frequency and intensity of droughts are expected 
to escalate. Positioned between the Eurasian continent and the Pacific Ocean, China is influenced by the East Asian monsoon climate. 
This results in abundant rainfall during the summer and cold, dry conditions in the winter. The instability of the monsoon exacerbates 
these conditions. Historically, from 206 BCE to 1949, China experienced 1056 drought events [7]. Furthermore, about 6.9229 million 
people and 3.681 million heads of large livestock confronted water access difficulties due to droughts [8]. Being the world’s largest 
developing country, China’s burgeoning population and rapid urbanization have heightened water demand, amplifying the potential 
adverse impacts of droughts [9].

Owing to the intricacy and multifaceted nature of drought risk, it cannot be characterized solely by singular indicators like 
insufficient rainfall [10]. Such risk is typically driven by a myriad of underlying and specific determinants, encompassing environ
mental, social, economic, cultural, and governance dimensions [11]. Presently, research on drought disasters predominantly centers 
on vulnerability. Vulnerability delineates the susceptibility or predisposition of systems and their constituents to harm, coupled with a 
deficiency in short-term coping capacities and long-term adaptive mechanisms, resulting in adverse implications [10]. Vulnerability 
and resilience are two interconnected yet distinct notions; vulnerability often serves as an instrument for risk appraisal, while resil
ience encapsulates overarching objectives and inherent attributes. Vulnerability underscores the pre-disaster state of a system, namely 
its latent propensity for harm [12], whereas resilience is a dynamic process focusing on both during and post-disaster phases, 
bolstering the system’s disaster resistance capabilities [13]. Current drought investigations primarily concentrate on exposure and 
sensitivity, with scant emphasis on the recuperative aspects of urban systems post-disaster or a systemic incorporation thereof [14]. 
Confronted with analogous drought challenges, diverse research orientations yield varying outcomes, indicating that a universal 
vulnerability assessment system for urban droughts is elusive. Given the circumscribed reference value vulnerability offers for urban 
planning, specialized studies on urban drought resilience can furnish policymakers with robust theoretical underpinnings, aiding them 
in effectively tackling urban drought challenges.

Research into urban resilience is instrumental in addressing drought challenges. Urban resilience is defined as the capacity of a city 
to resist and/or adapt to specific disturbances, reinstating its typical functions or equilibrium state [15]. This concept was initially 
introduced by the International Council for Local Environmental Initiatives (ICLEI) in 2002, advocating for enhanced research into 
urban disaster resilience. The Fifth Plenary Session of the 19th Central Committee of the Communist Party of China in 2020 also 
championed the construction of resilient cities, reflecting contemporary paradigms and trajectories in urban development. In light of 
potential drought risks, augmenting the defensive capabilities of urban systems has become paramount. Given the intricate interplay 
between social and natural systems, resource and environmental challenges are frequently perceived as complex systemic issues [16]. 
Against this backdrop, synthesizing interactions among economic, social, institutional, and natural systems to evaluate and bolster 
urban resilience not only equips us to adeptly confront shifts and shocks but also emerges as pivotal for sustainable development. 
Current research on drought resilience is chiefly qualitative, predominantly involving interviews and policy discourse [17–21]. Vinh 
et al. employed remote sensing (RS) and Geographic Information Systems (GIS) to investigate how land use and cover changes drive 
urban drought resilience in Ninh Thuan, Vietnam [22]. Cai et al. quantified flood occurrences, drought severity, and associated disaster 
resilience across 81 cities in mainland China by formulating a resilience index [23]. Nonetheless, the data and methodologies 
employed in this study are somewhat rudimentary and fall short of providing an efficacious assessment of drought resilience. Existing 
drought resilience research has gaps at the provincial scale. For China, a country with vast geographical variations and a plethora of 
climatic types, a systematic assessment of provincial drought resilience is of paramount significance. This facilitates a more nuanced 
comprehension of the coping capacities and latent risks of different provinces under drought conditions. Specific to each province, 
policymakers, decision-makers, and local communities can devise tailored, targeted strategies and interventions based on these 
research findings, with the aim of bolstering their drought resilience and mitigating the adverse impacts of drought.

In this study, we established a drought resilience assessment framework based on "Social-Economic-Environmental-Institutional" 
dimensions. Grounded in this framework, the entropy-weighted TOPSIS method was employed to measure China’s drought resilience, 
with the Theil index being used to analyze its spatial-temporal heterogeneity. Subsequently, the Global Moran’s index and Getis-Ord 
Gi* Index were employed to elucidate the dependency and hotspot regions of China’s drought resilience. Further, the influence of sub- 
resilience on drought resilience was explored utilizing a structural equation model. For the upcoming 14 years, the BP neural network 
was meticulously employed to project the intricate trends and potential shifts in drought resilience. Through this research, we 
addressed the following questions: (1) What is the degree of drought resilience in China? (2) What is the nature of the spatial-temporal 
heterogeneity and dependency of drought resilience? (3) How does sub-resilience influence China’s drought resilience? (4) What are 
the potential alterations in China’s drought resilience over the next 14 years? We aspire that these profound studies and discoveries 
will foster the refinement and updating of strategies, concentrating on holistically enhancing drought resilience and diminishing 
provincial disparities, thereby offering a replicable blueprint for the global arena.
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2. Materials and methods

2.1. Study area

China, situated in East Asia and spanning approximately 9.6 million square kilometers, is a nation characterized by its intricate and 
diverse geographical landscapes. Notably, regions in the northwest, such as Xinjiang and Qinghai, despite their vast expanses, have a 
relatively sparse population due to their arid climatic conditions. In contrast, the eastern coastal regions, blessed with a humid climate, 
are not only densely populated but also economically prosperous (Fig. 1). In response to the detrimental effects of aridity on agri
culture, the Chinese government has instituted a myriad of strategies, encompassing water conservation initiatives and the promotion 
of renewable energy technologies. These strategies are designed to ensure sustainable economic and societal advancement across the 
nation’s territories.

2.2. Methodology

2.2.1. Methodological framework
Drought disasters have imparted significant adverse impacts on societies, severely impeding urban sustainable development. 

Enhancing urban resilience against drought to foster sustainable growth has emerged as a focal point of research. China frequently 
grapples with severe droughts, leading to substantial economic losses. Evaluating the drought resistance capabilities of various Chinese 
provinces and discerning the influencing factors aids the government in the judicious allocation of disaster relief funds, bolstering 
regional disaster resilience to promote regional sustainable development. To investigate how to improve drought resilience to guar
antee regional sustainable development, this study introduces an assessment framework for drought resistance capabilities based on 
"Social-Economic-Environmental-Institutional" (Fig. 2). Grounded in this framework, we established an evaluation structure for 
drought resistance capabilities encompassing the "Social-Economic-Environmental-Institutional" dimensions. Within this structure, 
the entropy-weighted TOPSIS method was employed to calculate China’s drought resistance capabilities, followed by the application 
of the Theil index to analyze its spatiotemporal heterogeneity. Subsequently, the Global Moran’s index and Getis-Ord Gi* index were 
utilized to elucidate the dependencies and hotspot regions of China’s drought resistance capabilities. Moreover, the structural equation 
model was employed to explore the influence of sub-resilience on drought recovery capabilities. Over the subsequent 14 years, the BP 
neural network was meticulously applied to forecast the intricate trends and potential shifts in drought resistance capabilities, 
culminating in the proposition of pertinent policy recommendations.

Fig. 1. The study area of China.
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2.2.2. Indicator system construction
In this study, indicators were preliminarily selected from various aspects, including economic level, environment, institution, and 

social factors. During the initial development of the comprehensive evaluation index system for drought resilience, a large number of 
indicators were pre-selected, and basic data spanning 12 years were collected. Correlation analysis was then conducted on these pre- 
selected indicators. Relevant tests were performed using SPSS 20.0 software to examine the constructed assessment index system, 
aiming to eliminate redundant evaluation indicators that reflect similar information. Consequently, under the premise of aligning with 
urban resilience and disaster resilience theories, the most feasible indicators were screened to establish a drought resilience system 
evaluation framework. A total of 23 evaluation indicators were selected for the drought resilience assessment system (Table 1).

Fig. 2. The method framework for this study.
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2.2.3. Entropy weight-TOPSIS evaluation model
This section employs the entropy weighted-TOPSIS approach for a comprehensive evaluation of drought resilience and sub- 

resilience in China. Developed by Hwang and Masud [24] in 1981, TOPSIS stands as a widely adopted method for integrated as
sessments. The entropy-TOPSIS method is a multi-criteria decision-making approach that integrates the entropy-weighting technique 
with the TOPSIS model. This approach is an enhanced evaluation method that builds on the TOPSIS model by incorporating entropy 
weighting [25–28]. The core principle involves assessing the distance between the evaluated object and the best or worst possible 
values, then calculating the closeness of the object to the ideal value to rank its strengths and weaknesses. The entropy-weighted 
TOPSIS model is favored for its simplicity, objectivity, low sample size requirements, and ability to generate reasonable and reli
able results. This method effectively leverages the information in the original data to compute the utility values of each indicator and 
objectively determine the weights. Using these weights derived from the entropy weighting method, the TOPSIS model is then con
structed by calculating the weighted Euclidean distances between the positively normalized original values and both the ideal and 
anti-ideal values, ultimately determining the drought resilience level of each region. The main steps of the entropy weight-TOPSIS 
method are as follows:

Establish the matrix X, which is an n*m matrix representing n provinces and m indicators. 

X=
[
Xij

]

n×m, i= 1,2, 3,⋯, n, j= 1,2, 3,⋯,m (1) 

To eliminate the influence of different variable magnitudes and units, all indicator variables were subjected to a process of stan
dardization. Due to the varying impacts of different indicators on the outcome, two different methods of standardization were 
employed. 

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

xʹ
ij =

xij − min
{
x1j,⋯, xmj

}

max
{
x1j,⋯, xmj

}
− min

{
x1j,⋯, xmj

}, i ∈ [1,m], j ∈ J1

xʹ
ij =

max
{
x1j,⋯, xmj

}
− xij

max
{
x1j,⋯, xmj

}
− min

{
x1j,⋯, xmj

}, i ∈ [1,m], j ∈ J2

(2) 

where J1 represents positive indicators, indicating that these variables have a positive impact on drought resilience. Conversely, J2 

represents negative indicators, signifying that these variables have a negative impact on resilience. x́ij denotes the standardized 
evaluation value.

Transform matrix X into a trend-consistent matrix Xʹ by applying the same trend method. Normalize (Eq. (3)) the indicators to 

Table 1 
Evaluation index system of drought resilience.

Criterion layer Indicator layer Indicator units and 
properties

Evaluation content

Economic resilience (EcoR) X1: The proportion of agriculture in GDP (− ) % Economic diversification
X2: GDP per capita (+) CNY Economic development
X3: Per capita net income of rural residents (+) CNY Rural income level
X4: Per Capita Grain Production (+) ton/person Agricultural productivity
X5: GDP per unit of water (− ) CNY/Ton Water use efficiency

Environmental resilience 
(EnvR)

X6: Forest Coverage (+) % Environmental sustainability
X7: Average annual temperature (− ) celsius Temperature variability
X8: Average annual precipitation (+) mm Water availability
X9: Average annual sunshine (− ) h Sunshine time

Institutional resilience (IR) X10: Small reservoir capacity (+) cubic meters/square 
kilometer

Water storage capacity

X11: Fertilizer application per unit area (+) ton/mu Agricultural productivity
X12: Number of beds in medical institutions per thousand: people 
(+)

Number of beds/ 
1000people

Healthcare infrastructure

X13: Effective irrigation rate (+) % Irrigation efficiency
X14: Coverage of green areas in the jurisdiction (+) % Green area coverage.
X15: sewage treatment rate (+) % Sewage treatment efficiency.

Social resilience (SR) X16: Proportion of urban residents enrolled in social insurance at 
the end of the year (+)

% Social insurance enrollment 
rate.

X17: Proportion of rural population to total population (− ) % Urbanization level
X18: Population density (− ) 10,000 people/square 

kilometer
Population distribution

X19: Registered urban unemployment rate at the end of the year 
(− )

% Labor market conditions

X20: Per capita daily domestic water consumption (− ) liters/person Water conservation awareness
X21: Proportion of illiterate and semi-literate individuals aged 15 
and above (− )

% Literacy rate.

X22: Proportion of staff in higher education institutions. (+) % Higher education institution 
staff ratio

X23: Proportion of population aged below 15 and above 65(− ) % Age dependency ratio
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obtain matrix A. 

A=
[
aij
]

n×m, aij =Xʹ
ij

/ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1

(
Xʹ

ij

)2
√

(3) 

Use the entropy weight method to determine the weights w of each indicator in the drought resilience system (Table S1). 

wj =
1 − ej

m −
∑m

j=1
ej

(4) 

In this method, ej = − 1
ln n

∑n
i=1 fij ln fij represents the information entropy, while fij represents the weight of each indicator value.

Determine the positive and negative ideal solutions based on the matrix. 

A± =
(
a±

i1, a
±
i2, a

±
i3,…, a±

im
)

(5) 

Calculate the Euclidean distance between each indicator value and the ideal solution. 

D+
i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

j=1
wj

(
a+

ij − aij

)2
√
√
√
√

D−
i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

j=1
wj

(
a−

ij − aij

)2
√
√
√
√

(6) 

Calculate the closeness degree between each evaluation object and the ideal solution. 

Ci =
D−

D+ + D−
(7) 

2.2.4. Global Moran’s index
We examine the spatial autocorrelation of drought resilience in China using the global Moran index. Spatial autocorrelation is an 

essential method for studying spatial distribution. Spatial autocorrelation statistics reflect the potential level of dependence among 
elements with different geographical locations [29]. Currently, the Moran’s Index is the primary indicator used to measure spatial 
autocorrelation. Its values range from − 1 to 1, with values > 0 indicating positive spatial correlation, and values < 0 indicating 
negative spatial correlation [30]. In this study, we utilized the spatial autocorrelation analysis tool in GeoDa 1.16 software to analyze 
the spatial correlation of drought resilience [31]. Considering the geographic characteristics of the research units, this study selects the 
Rook adjacency spatial weight matrix to measure the values of Moran’s Index. This means that if there is an adjacent boundary be
tween any two provinces, they are considered neighbors. As Hainan Province is geographically independent from the Chinese 
mainland, this study designates Guangdong Province, which is closest to Hainan Province, as its adjacent province.

The formula for calculating Moran’s I is as follows: 

Moranʹs I=
n
∑

i

∑

j
Wij(xi − x)

(
xj − x

)

S0
∑

i
(xi − x)2 , i, j=1,2,⋯, n (8) 

where S0 =
∑

i
∑

jWij, where Wij represents an element in the spatial adjacency matrix W, xi and xj represent the values of drought 
resilience in provinces i and j respectively. x represents the mean value of drought resilience, n represents the total number of 
provinces.

When the absolute value of the Moranʹs I test statistic Z(I) is greater than 1.96, P < 0.05, it indicates statistical significance and the 
null hypothesis is rejected, implying that the spatial distribution of the attributes is in a clustered state. If the absolute value of the 
Moranʹs I test statistic Z(I) is less than 1.96, then P > 0.05, indicating no statistical significance and accepting the null hypothesis, 
indicating that the spatial distribution of attributes tends to be random.

2.2.5. Getis-Ord Gi* index
The Getis-Ord Gi* index is called “hot and cold analysis” and used to identify high- and low-value clusters of spatial unit elements 

[32–35]. This study analyzes the significance of Z(Gi*) and typically classifies it into hotspots, cold spots, and non-significant regions 
to identify the spatial distribution of different drought resilience levels in Chinese provinces.

The formula for calculation is as follows: 

G*
i =

∑n

j=1
WijXj

/
∑n

j=1
Xj (9) 
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Z
(
G*

i

)
=

G*
i − E

(
G*

i
)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var
(
G*

i
)√ (10) 

where Z(Gi*) is the standardized statistical measure used to test its significance. n represents the number of provinces, Xj represents the 
drought resilience value of spatial units j, and Wij represents the spatial weight matrix. Z

(
G*

i
)

represents the Z test value, where E
(
G*

i
)

denotes the mean and Var
(
G*

i
)

represents the variance.
If the G*

i value is positive and significant, it indicates a clustering of high values in the vicinity of the spatial unit. Conversely, if the 
G*

i value is negative and significant, it suggests a clustering of low values in the vicinity of the spatial unit. Therefore, this method can 
detect whether there is a clustering of high or low values [36].

2.2.6. Theil index
Theil index is initially proposed based on information theory and generated from generalized entropy measure [37,38]. In this 

study, the Theil index method is employed to analyze the disparities in drought resilience among provinces in China, including the 
national level and the eastern, central, western, and northeastern regions. (Following the traditional division of China’s four major 
economic regions, the eastern region includes Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and 
Hainan; the central region includes Shanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan; the western region includes Guangxi, 
Chongqing, Sichuan, Guizhou, Yunnan, Shaanxi, Gansu, Qinghai, Ningxia, Xinjiang, and Inner Mongolia; the northeastern region 
includes Liaoning, Jilin, and Heilongjiang). The Theil index representing drought resilience in China is presented in this study as 
follows: 

Tt =
1
n
∑n

i=1

Ri

R
ln
(

Ri

R

)

Tt = Twt + Tbt

Tw =
∑m

p=1

(np

n
ep

e

)
Tp

Tb =
∑m

p=1

(np

n
ep

e

)
ln
(ep

e

)

(11) 

where i represents provinces, and t represents years. Ri represents the drought resilience of province i, and Rt represents the average 
drought resilience of all provinces in year t; Tt、 Twt and Tbt represent the Theil index for the entire region in year t, the Theil index 
within regions in year t and the Theil index between regions in year t; np is the number of provinces in group p, ep is the average index 
value of group p, and e is the average index value of all provinces. Tp represents the Theil index of group p.

2.2.7. Structural equation model
In this study, an exploratory structural equation model (ESEM) was employed to analyze the interaction between drought resilience 

in China and subdomain resilience. It is also known as Covariance Structure Modeling. Structural equation model (SEM) can examine 
the relationships between latent variables and observed variables, as well as the causal relationships within latent variable paths, 
measuring the degree of influence between variables or the effects of variables [39,40]. To investigate the interaction between drought 
resilience and its sub-domain resilience, an exploratory SEM analysis is conducted to examine the influencing factors of drought 
resilience in China. Generally, it is recommended to have a sample size of at least 100 to 150 for estimating structural models using the 
maximum likelihood (ML) method [41]. In this study, the drought resilience data of 30 provinces (municipalities, autonomous regions) 
in China from 2010 to 2021 are selected as the research sample, resulting in a total of 360 observations. Therefore, the sample size 
meets the minimum requirements and is suitable for structural equation modeling.

The AMOS 24 software is utilized in this study to construct the model and conduct measurement analysis [42–45]. The most 
effective indicator to assess the fit between the research model and the statistical data is the goodness of fit. As shown in Table S2, the 
model fit indices fall within the recommended range, indicating that the model is appropriate.

2.2.8. BP neural network
The backpropagation neural network is the most successful and extensively used artificial neural network [46–48]. It is a type of 

multi-layer feedforward neural network commonly employed for classification and regression tasks. This neural network consists of an 
input layer, an output layer, and one hidden layer.

We take a three-layer (including one hidden layer) backpropagation (BP) network as an example to introduce (Fig. S1). The input 
data is denoted as X, the parameters from the input layer to the hidden layer are represented by w and b1. Similarly, the parameters 
from the hidden layer to the output layer are represented by v and b2. The activation functions used are g1 for the hidden layer and g2 
for the output layer. Therefore, the model can be defined as follows:

Input layer to hidden layer: 

net1 =wTx+ b1, h= g1(net1) (12) 
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Hidden layer to output layer: 

net2 = vTh+ b2, ŷ = g2(net2) (13) 

model: 

ŷ = g2( net2)= g2
(
vTg1(net1)+ b2

)
= g2

(
vTg1

(
wTx+ b1

)
+ b2

)
(14) 

In this study, we used a Backpropagation (BP) neural network to simulate drought resilience levels in Chinese provinces from 2022 to 
2035. We used Python 3.9 and the machine learning library torch.nn’s Module class to construct the feedforward neural network [49,
50]. The training samples consisted of indicator data collected from 2010 to 2021. The data was split into a training set (2010–2015) 
and a test set (2016–2021). To eliminate the differences in the data, we normalized all training data. Specifically, during training, we 
used historical data for each indicator from the past 5 years as input to predict the value of that indicator for the next year. Therefore, 
the input layer node size n = 5, the time window size is 1, and the output layer node size m = 1; The number of hidden layer nodes 
n1 =

̅̅̅̅̅̅̅̅̅̅̅̅̅
n + m

√
+ C, C ranging from 1 to 10, corresponding to a range of 4–13. Based on the MSE (mean squared error) values from the 

tuning process, we determined that the optimal hidden layer size is 1 with 3 neurons. The initial learning rate η(0) = 0.05, the error 
precision ε = 0.001%, and the number of iterations M0 = 100. The Sigmoid function is chosen as the activation function, while the 
remaining parameters are set to their default values. Finally, using historical data from 2010 to 2021, we trained the model to predict 
the values of indicators for the years 2022–2035.

However, given the limited sample size in predicting drought resilience levels, the resulting predictions may not be highly 
convincing. To improve the reliability of these predictions, it’s crucial to assess the model’s performance. Cross-validation is partic
ularly useful in such cases, especially when the dataset is small. The 5-fold Cross-Validation method is commonly used in machine 
learning and data mining to evaluate model accuracy [51], and is well-established as a robust statistical tool for model evaluation [52]. 
In this study, we further used 5-fold Cross-Validation with the scikit-learn library in Python to confirm the reliability of our predictions 
[53,54].

2.3. Data sources

The specified geographical scope for data collection in this study is the 30 provincial-level administrative regions of China, 
excluding Tibet, Taiwan, Hong Kong, and Macau. The research time frame selected for analysis spans from 2010 to 2021. The specific 
indicators are derived from China City Statistical Yearbook (http://www.stats.gov.cn/sj/ndsj/), China Urban Construction Statistical 
Yearbook (https://www.mohurd.gov.cn/gongkai/fdzdgknr/sjfb/index.html), China Statistical Yearbook on Environment (http:// 
www.stats.gov.cn/zs/tjwh/tjkw/tjzl/), Bulletin of Flood and Drought Disasters in China (http://www.mwr.gov.cn/sj/tjgb/ 
zgshzhgb/), China Statistical Yearbook (http://www.stats.gov.cn/), and other sources. The meteorological data used mainly comes 
from the China Meteorological Administration (https://www.cma.gov.cn/). Due to the lack of data and inconsistent source di
mensions, interpolation is used to supplement missing data.

Fig. 3. Spatial-temporal distribution characteristics of drought resilience: (a) spatial distribution characteristics; (b) trend chart of drought resil
ience index; (c) distribution map of drought resilience density.
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3. Results

3.1. Spatial-temporal heterogeneity of drought resilience

The average drought resilience score for the 30 provinces in China is 0.00278, indicating a moderate level of resilience (Fig. 3a). 
During the study period, eight provinces achieved an average drought resilience score above 0.003, namely Beijing, Heilongjiang, 
Jilin, Jiangxi, Guangdong, Hunan, Zhejiang, and Fujian. Two provinces, Gansu and Qinghai, had drought resilience scores below 
0.0022. There are significant differences in drought resilience among different provinces, with Beijing, the province with the highest 
resilience, scoring 1.64 times higher than Qinghai, the province with the lowest resilience. From 2010 to 2021, China’s drought 
resilience showed an upward trend (Fig. 3b). The average drought resilience index for China increased from 0.00258 in 2010 to 
0.00296 in 2021, representing a 12.7 % improvement over the past 12 years. The rise was relatively fast in the first ten years, but the 
impact of the COVID-19 pandemic slowed progress in 2020. Notably, the differences in drought resilience among Chinese provinces 
have become smaller since 2010 (Fig. 3c). The analysis of density distribution charts shows the evolution from a unimodal to a bimodal 
distribution, indicating an overall upward trend in China’s drought resilience. However, the improvement in resilience values remains 
limited as the curve shifts horizontally to the right with a decrease in peak values. Overall, China’s drought resilience has improved to 
some extent with socioeconomic development, but further efforts are needed to enhance resilience across the nation.

This paper analyzed the spatial distribution of drought resilience and used the average of drought resilience natural breakpoints in 
2010, 2015 and 2021 as our classification criteria (Table S3). Upon examining China’s drought resilience capacity, one can discern a 
notable evolution in its capability over time (Fig. 4). In 2010, there were more provinces with low resilience, accounting for 26.7 %, 
mainly concentrated in western China. In 2010, Beijing was a region with relatively high overall resilience, while areas with higher 
resilience were primarily concentrated in southern China. Compared to 2010, the number of provinces with higher resilience in China 
significantly increased in 2014 and 2018, indicating a substantial improvement in overall resilience levels. The number of provinces 
with lower resilience levels has decreased, mainly concentrated in western China. The number of provinces with a high drought 
resilience level increased to 2 in 2014 and 4 in 2018, with these provinces mainly concentrated in the eastern and northeastern regions. 
In 2021, the overall drought resilience level was the highest, with 5 provinces classified as having high drought resilience level and 11 
provinces as having relatively high drought resilience level. These provinces were primarily located in eastern and northeastern China.

Provinces in the eastern region of China manifest remarkable resilience (Table S4), especially in the southeastern areas, where 

Fig. 4. Spatial distribution characteristics of drought resilience in China over time.
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robust per capita GDP growth has endowed them with impressive post-disaster recovery capabilities. Additionally, their agricultural 
contribution to GDP and the proportion of the rural population are relatively modest. In contrast, the northeastern region, charac
terized by a sparse population and a high per capita grain yield, coupled with its higher latitude, cooler temperatures, and reduced 
evaporation, collectively enhances its resilience. In stark contrast, the western region, due to its limited precipitation and modest per 
capita GDP, along with a higher rural population proportion, exhibits lower drought resilience.

By further utilizing the weights of various drought resilience indicators, we can obtain scores for SR, EcoR, IR and EnvR in different 
regions of China (Fig. 5 and Table S5). The four major regions exhibit varying levels of performance in different sub-resilience cat
egories. The eastern region leads in IR and SR. The central region demonstrates excellent performance in IR. The northeastern region 
excels in EcoR. Apart from the western region, which slightly lags behind, the other three regions show relatively similar levels of 
EnvR. This indicates that each of the four major regions in China has its own strengths and weaknesses in different aspects of resilience. 
The eastern region has a strong institutional and SR, while the central region shows remarkable performance in IR. The northeastern 
region excels in EcoR.

The overall difference in drought resilience among provinces in China has widened over the years (Fig. 6), with the overall Theil 
index increasing from 0.0076 in 2010 to 0.0095 in 2019, slightly declining, and then rising again to 0.0095 (Table S6). Between 2010 
and 2021, variations in China’s drought resilience were predominantly attributable to intra-regional disparities, contributing to 90 % 
of the overall differentiation. This fluctuated, initially decreasing and subsequently increasing, with the contribution rate consistently 
exceeding 90 %. Inter-group variances showed a general trend of initial growth followed by a decline in their contribution to the 
overall disparity. This indicates that the overarching differential in China’s drought resilience is primarily a consequence of intra- 
regional variations. Examining the Theil Index across the four major economic regions reveals that from 2010 to 2021, the north
east saw a notable escalation in its Theil Index and its contribution rate. This rose from 8 % in 2010 to 23.9 % by 2021. The Theil 
Indices for the remaining regions oscillated, with the western region maintaining a generally elevated Theil Index and consistently 
contributing approximately 40 % to the overall disparity, the highest among the four regions. Both the eastern and central regions 

Fig. 5. Sub-resilience levels of China’s four major regions.
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witnessed a cyclical decline in their contribution rates, albeit with a lesser magnitude than the western region. This suggests that in 
future endeavors to harmonize drought resilience development across regions, the western region should be prioritized.

3.2. Dependence and hotspot detection of drought resilience

As shown in Table 2, from 2010 to 2021, Moran’s I value range from 0.372 to 0.522, with p-values below 0.001 and Z-scores 
surpassing 3.38, indicating strong spatial autocorrelation. The estimates reveal two trends: an increase from 0.372 in 2010 to 0.522 in 
2016, with significant growth in the initial three years, followed by a gradual decline to 0.46 by 2021. These changes suggest a high- 
high or low-low spatial clustering phenomenon, where provinces with high drought resilience are surrounded by similar provinces, 
and vice versa. The upward trend from 2010 to 2016 indicates improved resilience with China’s socioeconomic progress. Conse
quently, the clustering degree of regions also increases. The overall Moran’s I index decreased from 0.522 in 2016 to 0.46 in 2021, 
suggesting an increased number of provinces with high drought resilience and overall favorable development. Provinces show a 
tendency towards spatial diffusion, and the spatial clustering degree slightly decreases.

The Moran’s I serves as a crucial indicator to assess the spatial dependency of China’s Drought Resilience Index. From 2010 to 2021, 
all Chinese provinces exhibited a global spatial autocorrelation in their drought resilience. To identify hotspots and coldspots of 
drought resilience, the Getis-Ord Gi* method was employed, illustrating the clustering pattern across provinces during this period 
(Fig. 7).

The analysis detected low-value clusters in the northwest and southwest regions, while high-value clusters were identified in the 
southeast and northeast regions. The number of provinces with high-value clusters has changed from year to year, increasing from 
three in 2010 to five in 2014 and decreasing to three in 2021. Conversely, the number of low-value clusters remained constant 
throughout the study. Spatial correlation revealed that the northeast region initially lacked high-value clusters, but by 2014, Hei
longjiang and Jilin became hotspot areas, with Heilongjiang as the primary hotspot. In the southeast region, the hotspot range fluc
tuated, with only Jiangxi consistently identified as a high-value cluster, though its correlation with neighboring provinces decreased. 
The low-value correlation in the western region experienced an initial increase followed by a decrease. Qinghai and Sichuan remained 
primary coldspot areas throughout the study period, while the low-value correlation in other provinces fluctuated.

Considering the changing characteristics of coldspot and hotspot distribution locations and ranges, the focus of drought resilience 

Fig. 6. Regional differences of drought resilience: (a) change trend of Theil index; (b) change trend of contribution rate.

Table 2 
Global Moran index of drought resilience.

Year Moran’s I p-value z-value

2010 0.372 0.001 3.3805
2011 0.489 0.001 3.9661
2012 0.504 0.001 4.2417
2013 0.506 0.001 4.0575
2014 0.506 0.001 4.0682
2015 0.511 0.001 4.1145
2016 0.522 0.001 4.1987
2017 0.495 0.001 4.0178
2018 0.493 0.001 4.0013
2019 0.476 0.001 3.8583
2020 0.476 0.001 3.9043
2021 0.460 0.001 3.8425
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research during the study period should be on the western region. Additionally, attention should be paid to the rapid decline in high- 
value correlation in the southeast region in recent years.

3.3. The impact mechanism of drought resilience

In this study, we employed SEM to analyze the impact of various sub-resilience factors on overall drought resilience in China. 
Specifically, the model included some manifest variables representing the latent constructs of economic, social, environmental, and 
institutional resilience. The manifest variables for economic resilience (EcoR) included the proportion of agriculture in GDP (X1) and 
GDP per capita (X2), reflecting the region’s economic capacity to withstand and recover from drought. For social resilience (SR), 
variables such as population density (X18) and the proportion of urban residents enrolled in social insurance (X16) were used, 
indicating the social infrastructure’s ability to support affected populations. Environmental resilience (EnvR) was measured using 

Fig. 7. Cold and hot spots pattern of drought resilience.

Fig. 8. The results of SEM model: (a) Interaction between drought resilience and sub-domain resilience; (b) Interaction within sub-domain resil
ience (**p < 0.01, ***p < 0.001).
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indicators like forest coverage (X6) and average annual precipitation (X8), while institutional resilience (IR) was captured through 
variables such as effective irrigation rate (X13) and sewage treatment rate (X15). These manifest variables were critical in assessing the 
multidimensional nature of drought resilience, and their inclusion in the SEM allowed for a more nuanced understanding of the in
teractions between sub-resilience factors and overall drought resilience. The model results for drought resilience and sub-resilience are 
depicted in Fig. 8. To clearly illustrate the path relationships, we have removed insignificant paths to emphasize the relationships 
between drought resilience and the four sub-resilience factors.

The measurement results indicate that all sub-resilience factors have a positive influence on drought resilience. The path co
efficients for EcoR, EnvR, IR, and SR on drought resilience are 0.641, 0.312, 0.496, and 0.487, respectively. Based on the analysis, all 
four paths between Chinese drought resilience and sub-resilience are significant at the level of p < 0.001, reflecting the positive and 
significant impacts of the sub-resilience factors on drought resilience. The structural equation model depicting the interactions among 
the sub-resilience factors is presented in Fig. 8. Since this model is a saturated model, meaning that all the parameters to be estimated 
are exactly equal to the elements in the covariance matrix, the degrees of freedom are zero. Therefore, fit indices are not estimated for 
this model, and we solely focus on the path coefficients.

There are a total of six paths in the model, with four of them reaching a significance level of 0.05. Specifically, EnvR has a direct 
influence on IR and SR, with standardized path coefficients of 0.632 and − 0.192. SR and IR have a direct influence on EcoR, with 
standardized path coefficients of 0.308 and − 0.233. Based on the interactions within the sub-resilience factors, IR and SR mediate the 
effects of economic and EnvR. The total effects of each sub-resilience factor on drought resilience are illustrated in Fig. 9. Drought 
resilience is predominantly influenced by SR and EcoR, with values of 0.684 and 0.641 respectively. Following this is IR with a total 
effect of 0.3467. Although IR is not as pronounced as its SR and EcoR, its presence underscores the imperative of clear, transparent, and 
efficient policy and management strategies to ensure optimal resource allocation and utilization. While EnvR exhibits the least effect at 
0.18, it serves as a poignant reminder of the enduring significance of environmental conservation.

3.4. Dynamic simulation of drought resilience

As shown in Fig. 10, the drought resilience level in China generally shows an upwards trend from 2022 to 2035. Among them, the 
years 2022–2026 showcase a diminishing resilience trend attributed to the disruptive impact of the COVID-19 pandemic. The resultant 
vulnerabilities ripple across various aspects, contributing to the observed downturn. However, from 2026 to 2035, as the pandemic’s 
effects wane, there is a notable resurgence in drought resilience. This period witnesses a strengthening of resilience and growth as 
adverse pandemic-related effects recede.

Throughout the forecast period, a majority of Chinese provinces are categorized under Level I and Level II resilience tiers. Notably, 
western regions grapple with lower resilience, particularly in the initial stages. Yet, provinces such as Yunnan, Gansu, and Sichuan in 
the western sector exhibit remarkable progress, possibly influenced by higher inherent resilience in central areas and reduced 
pandemic impact. In contrast, drought resilience in the eastern regions remains relatively steady, marked by minor fluctuations. In 
essence, China’s overall drought resilience continues to be influenced by the lingering effects of the pandemic, resulting in a relatively 
modest level of resilience. Amongst the geographical divisions, the western region stands out with the lowest resilience, while the 
northeastern region boasts consistently high average resilience. Heilongjiang in the northeast maintains a remarkable Level V resil
ience. The central and eastern regions remain basically unchanged, with select provinces noting slight enhancements and others 
witnessing marginal declines.

In this study, regarding drought resilience levels prediction, the BP neural network model demonstrated exceptional performance 
(Table S7). The model achieved an Average Root Mean Square Error (RMSE) of 0.0593, indicating minimal differences between the 
predicted and actual values. Additionally, Average R-squared (R2) value of the model was 0.9056, underscoring a strong correlation 
between the predicted and observed outcomes. The model consistently exhibited strong fitting capabilities across different training and 
testing sets. In conclusion, the BP neural network model used in this study shows high accuracy and reliability in predicting drought 
resilience levels.

Further, a 3D map of the predicted drought resilience levels from 2022 to 2035 was generated in this study using the trend analysis 

Fig. 9. The total effect of sub-resilience on drought resilience.
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tool in ArcGIS 10.5. Visualized as scatter plots projected onto the X-Y plane (longitude and latitude) with varying heights (Z-axis), 
Fig. 11 underscores the divergence in drought resilience between the east-west and north-south orientations. In 2022 reflects an "east 
high, west low" pattern, as drought resilience incrementally ascends from west to east. Conversely, the north-south dimension follows a 
"U" shape, signifying a decline succeeded by a recovery from south to north. This configuration underscores higher drought resilience 
in the eastern provinces relative to their western counterparts, and collectively, the southern and northern provinces exhibit greater 
resilience levels compared to the central provinces. From 2026 to 2035, the north-south trend retains stability with minimal shifts. 
However, the east-west trajectory gradually decelerates, indicating a sustained improvement in drought resilience across western 
provinces, alongside a slight dip in the average resilience within the eastern provinces.

4. Discussion

Amid the escalating dynamics of global climate change, the future water cycle and hydrological processes are undergoing trans
formation [55]. Numerous climatic models prognosticate a potential intensification in both the frequency and severity of drought 
events in forthcoming years [56–58]. For China, this shifting climatic paradigm poses a direct impediment to its sustainable pro
gression [59,60]. As the most populous nation globally, several regions within China are already grappling with water scarcity 
challenges. Droughts exert immense strain on agriculture, industries, and public water supplies in China, inflicting significant 
socio-economic repercussions. Contemporary studies denote that meteorological droughts are predominantly observed in North and 
Southwest China, with heightened vulnerability concentrated in the Northwest, North, and Southwest regions [61–65]. These findings 
align congruently with the conclusions of the present study [66,67]. Moreover, comparing the results of this study with previous 
research findings, the data analysis results align well with the research outcomes of other regions in China, indicating that the current 
data measurements in this study are more reliable [64,65,68]. This study indicates that the drought resilience level in China shows an 
upwards trend, but there are significant regional differences among the provinces, which is consistent with the conclusion of the 
previous research findings [67,69]. When comparing the differences in sub-resilience levels among regions, it is evident that there are 
significant variations in EcoR and IR levels among the four major regions. EnvR is predominantly influenced by geographical location, 
and research has identified an enhanced recovery capability of ecosystems from arid zones to semi-humid regions against droughts 
[70]. Regions can bolster their drought resilience through afforestation initiatives and by moderating grazing intensities [71]. 
Moreover, this study reveals that in regions subjected to drought-induced environmental stressors, a robust social network and a sturdy 
economic framework could potentially offer greater support and adaptive capacity to individuals [72,73]. Regions in the Northwest, 
such as Qinghai and Gansu, consistently exhibit subpar drought resilience. Beyond meteorological and environmental determinants, 
the pronounced institutional vulnerability in Qinghai and Gansu stands out as a pivotal contributor to their diminished resilience. The 
limited capacity of small reservoirs in Qinghai and Gansu impedes prompt resource allocation during droughts. There’s an imperative 

Fig. 10. Dynamic simulation results of drought resilience level from 2022 to 2035.
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to recognize the significance of establishing small reservoirs from an institutional standpoint, fostering an extensive network of such 
infrastructures [74]. Additionally, Gansu’s per capita GDP lingers at merely 50 % of the national average, exacerbating its resilience 
deficit. During the pandemic, the socio-economic fabric of the Eastern coastal regions suffered, leading to a pronounced dip in drought 
resilience. Establishing preventive mechanisms to mitigate impacts on drought resilience during urban lockdowns becomes vital.

Enhancing drought resilience becomes paramount in the context of climate change. For China’s regional sustainable development, 
amplifying drought resilience signifies an augmented capacity to confront climatic challenges, ensuring stable resource provisions and 
fostering favorable conditions for future advancement [75–78]. This study proposes the following policy recommendations for 
improving drought resilience in China.

Firstly, strengthen economic and technological support from eastern affluent regions to western provinces. Given the challenges in 
rapidly improving economic infrastructure in Western provinces, it is crucial for the more developed Eastern regions to increase their 
economic and technological investments in these areas. This includes funding infrastructure projects that can enhance the resilience of 
Western provinces, particularly in the face of natural disasters. Investments should be directed toward modernizing agricultural 
practices in Western provinces. This could involve introducing advanced irrigation systems, sustainable farming techniques, and 
agricultural technologies that improve productivity and resilience against droughts and other climate-related challenges [79,80]. The 
use of big data technologies, including satellite remote sensing, meteorological radar, and seismic monitoring systems, should be 
encouraged. These technologies can significantly improve data collection and sharing, facilitating timely and accurate disaster 
warnings and responses in the Western provinces.

Secondly, establish disaster monitoring platforms and increase public awareness. The establishment of disaster-monitoring plat
forms that aggregate crowd-sourced data is essential. These platforms can enable governmental agencies to accurately pinpoint 
affected areas during disasters and assess the severity of the impact, thereby improving response efforts. Public awareness campaigns 
on emergency management should be intensified to educate the populace about disaster preparedness. Encouraging proactive disaster 
monitoring and information-sharing among citizens can significantly enhance the overall resilience and recovery capabilities of 
communities [81].

Furthermore, accelerate the optimization of resource allocation to boost drought resilience. Targeted investments in infrastructure 
and ecological protection are necessary to enhance the drought resilience of Western provinces. These investments should prioritize 
projects that improve water management, soil conservation, and ecological restoration, thereby reducing the regions’ vulnerability to 
drought [82,83]. The Central-South region, with its stronger technical and financial resources, should play a pivotal role in supporting 
Western provinces. This can be achieved by optimizing resource allocation and establishing inter-provincial collaboration mechanisms 
that facilitate resource sharing and mutual support.

Establish drought resilience research and technology centers in high-resilience provinces. High-resilience provinces, particularly in 
the central region, should establish drought resilience research and technology centers. These centers can provide technical expertise, 
develop innovative solutions, and offer policy recommendations to help other provinces enhance their drought resilience. Long-term 
planning is essential to address the complex interplay between pandemic impacts and drought resilience. These plans should include 
provisions for increased support to affected regions, ensuring that they have the capacity to withstand and recover from both droughts 
and pandemic-related disruptions [84,85].

Foster inter-provincial collaboration to enhance overall drought resilience. Collaboration among provinces, particularly between 

Fig. 11. Trend lines of China’s drought resilience levels.
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the Northeast, Central, and Eastern regions, should be strengthened. This can involve creating formal mechanisms for resource sharing, 
joint disaster response initiatives, and collaborative research efforts aimed at improving drought resilience across regions [86,87]. The 
implementation of sustainable development initiatives that focus on long-term resilience is crucial. By fostering cooperation and 
leveraging the strengths of different regions, China can enhance its overall ability to manage and mitigate drought risks, thereby 
supporting sustainable development in the face of evolving climate challenges.

5. Conclusion

In this study, we proposed a comprehensive framework to assess drought resilience based on "Social-Economic-Environmental- 
Institutional" dimensions in China, analyzing its spatiotemporal evolution characteristics, uncovering the underlying impact mecha
nisms, and projecting future resilience trends across different regions of the country. 30 provinces in China are used as the study area 
for research discussions and results analysis. The main conclusions are as follows.

(1) The overall level of drought resilience in China exhibited an upward trend from 2010 to 2021. The rate of improvement in 
drought resilience was relatively rapid during the first decade, but it slowed down due to the impact of the COVID-19 pandemic 
in 2020, resulting in no change in resilience that year. In 2021, there was a slight increase in drought resilience. From a spatial 
perspective, there is significant positive spatial autocorrelation in drought resilience across China, with high-value clusters 
emerging in the southeastern and northeastern regions. The central and eastern coastal provinces exhibit relatively high levels 
of drought resilience, while the western inland regions show lower resilience, indicating distinct regional disparities.

(2) All sub-resilience factors positively influence drought resilience. The path coefficients for EcoR, EnvR, IR, and SR on drought 
resilience are 0.641, 0.312, 0.496, and 0.487, respectively. Based on the interactions among sub-resilience factors, IR and SR 
mediate the impact of EcoR and EnvR. Drought resilience is primarily influenced by SR and EcoR, followed by IR, with EnvR 
showing the least impact.

(3) The level of drought resilience in China is projected to continue its upward trend from 2022 to 2035. However, in the early 
years, the improvement in drought resilience across provinces is expected to be slow due to the lingering effects of the 
pandemic. The western region will continue to have the lowest drought resilience, although provinces like Yunnan, Gansu, and 
Sichuan in the west are expected to show significant improvement. The eastern region is expected to maintain relatively stable 
levels of drought resilience. In terms of spatial development trends, significant differences in drought resilience are evident in 
both the east-west and north-south directions, with a general pattern of "higher in the east and lower in the west." In the later 
years, the north-south differences are expected to remain stable, with minimal changes.

This research aims to identify the resilience and spatial variations of Chinese provincial-level administrative regions concerning 
drought. The findings shed light on regions in China that currently and in the future require attention regarding drought resilience, 
emphasizing the significance of social and institutional systems in enhancing drought resilience. These issues not only concern China 
but also affect the sustainable development of all countries worldwide. A deeper understanding of regional drought resilience is crucial 
for safeguarding precious water resources, optimizing ecosystems, and providing scientific guidance for sustainable agricultural and 
socio-economic development. Only through in-depth research into drought resilience can we better confront the threat of drought 
posed by climate change, thus ensuring societal safety and economic sustainability.
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