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ABSTRACT 

Increasing environmental risks have caused adverse impacts on the livelihoods and 

well-being of people in both developed and developing countries, including China. 

While the occurrence of environmental hazards may vary across regions, people of 

certain regions suffer differently from the damages due to different levels of 

variability. Moreover, population even in the same area can differ considerably in 

social vulnerability because of their age, gender, level of education, occupation, and 

other social and economic characteristics. China is marked by its important regional 

differences resulting from socioeconomic and geographic inequality. Given the 

spatial heterogeneity of social vulnerability in China, this study aims to evaluate the 

regional distribution of social vulnerability in China at prefectural level based on 

data from the years of 2000 and 2010. Social vulnerability index (SVI) is constructed 

by adopting 23 demographic and socio-economic variables in 11 categories using 

Principle Component Analysis (PCA). Taking drought risk as an example, this paper 

empirically validates the applicability and usefulness of the SVI in assessing 

environmental risks in China. Result reveals distinctive and stable spatial 

heterogeneity of social vulnerability in China, although the spatial heterogeneity 

slightly increased between 2000 and 2010. The constructed SVI helps public and 

private decision-makers identify the hotspots and population subgroups that are most 

vulnerable to certain types of environmental risks, and inform and facilitate adequate 

risk prevention and management at both national and local levels.   
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1  Introduction 

1.1 Research background 

Human beings not only contribute to but also bear the consequences of the climate 

change. Increasing environmental risks observed in recent years have generated 

serious effects on the well-being and livelihoods of people. Climate action is the 

13th goal of the recently adopted UN Sustainable Development Goals (SDGs) which 

explicitly promotes adaptive responses for reducing adverse impacts of climate 

change(UN, 2015). While environmental risks may vary geographically or 

temporally, people residing in the same area are not equally vulnerable because of 

their gender, age, occupation, level of education, and other social and economic 

characteristics (Muttarak et al., 2015). To understand who is vulnerable to what 

environmental hazards is fundamental for risk prevention, reduction and adaptation 

under climate extremes.  

 

Scholars define vulnerability differently based on their discipline backgrounds and 

research needs. For instance, social vulnerability is usually defined by social 

scientists according to the social and demographic characteristics of human 

population that determines the (in)ability of individuals or groups withstanding 

adverse impacts from external hazards to which they are exposed (Limin, 2012b). 

There is a growing interest among researchers and policymakers for studying social 

vulnerability under the changing climate. While many try to identify population 

subgroups who are more vulnerable to certain environmental risks(Chen et al., 2013; 

Gu et al., 2018; J. Huang et al., 2015; Zhu et al., 2014), some scholars work towards 

exploring the spatial patterns of intersections between population and the 

environment.  
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As environmental risk is commonly regarded as a function of hazards, exposure, and 

vulnerability, vulnerable population may not endure environmental risks because 

they are not exposed to natural hazards in the localities their residence. Hazard refers 

to a potential event that may cause health loss, as well as damage and loss to 

property, infrastructure, livelihoods, etc., while exposure refers the population or 

other social, economic assets in places that could be adversely affected(C. B. Field et 

al., n.d). Therefore, it is crucial to take hazards, population exposure and 

vulnerability into account when evaluating environmental risk of a certain region.  

 

China as one of the most vulnerable countries to environmental risks in the 

world(CRED;UNISDR, 2017) has experienced considerable social and economic 

changes over the past few decades. Moreover, the increasing regional heterogeneity 

in population gender, age compositions, income, education, and geographic 

conditions leads to large variations of social vulnerability to environmental risks 

which is crucial for future disaster reduction planning and risk management. 

Although many efforts to assess social vulnerability to environmental risks in China 

have been made in recent years, there is not a consensus on the major factors for 

determining social vulnerability index due to different research interests.  

 

More importantly, little research has been conducted to understand regional 

variations of social vulnerability and explore the spatial patterns of intersections 

between vulnerable population and environmental hazards. Understanding which 

population subgroups are more likely to be vulnerable to certain types of 

environmental risks is helpful for policy makers to craft coordinated interventions to 

reduce vulnerability. Drought risk is high which causes serious damage in 

China(Zhang et al., 2014). Analyzing drought risk by incorporating drought hazards, 

population exposure and social vulnerability can facilitate drought risk prevention, 
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reduction and adaptation. 

 

1.2 Research objective 

This research aims to investigate the regional distribution of social vulnerability in 

China at prefectural level and its changes between 2000 and 2010. I use social 

vulnerability index (SVI) based on the hazards-of-place model of vulnerability 

developed by Cutter, Boruff and Shirley (Cutter et al., 2003) to quantitatively 

measure social vulnerability among all the 333 prefectures. Adopting Principle 

Component Analysis (PCA) method, I identify the underlying factors determining 

the regional SVI.  I then utilize exploratory spatial data analysis (ESDA) method to 

explore the spatial patterns of social vulnerability in China based on the constructed 

SVI for each prefecture. To validate applicability of the SVI constructed, I examine 

as an example the spatial relations between the risks of droughts and SVI and their 

changes over time.  
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2  Literature review 

2.1 Research on sociology of disaster 

Recently observed increase of natural disasters in China has led to more studies in 

sociology of disaster by Chinese sociologists. Nowadays, sociologists generally 

consider disasters as a more of the product of society than just environmental event 

(Limin, 2015). This perception is different from how western sociologists understood 

disasters at early stages. They emphasized on the exogenous nature of the disaster 

(Sun & Xu, 2014). Since 1920s, there are three major sociological theories of 

disasters, which are Classic Sociology of Disaster, Social Vulnerability, and Social 

Constructionism theories. The Classic Sociology of Disaster is based on 

functionalism which focuses on the functions of institutional structure in social 

systems on disasters.  Since the 1980s, it was largely replaced by research of Social 

Vulnerability stresses on the existing conditions before disasters and the impact of it 

after disasters.  

 

The research of Social Vulnerability is generally based on two propositions: the 

hazards inequality proposition and the social polarization proposition. The former 

claims that people of the same region may face different risk of disaster because of 

the various inherent characteristics due to social inequality such as income, gender 

differences (Bolin et al., 2007.). The latter states that the vulnerable population can 

be even further disadvantaged as relief supplies are unequally and ineffectively 

distributed which will intensify social conflict (Tierney, 2007). There are many 

structural factors affection social vulnerability, and these factors also varied across 

regions. Therefore, people living in the same area may have different degrees of 

social vulnerability (Turner et al., 2003).  
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Social Constructionism theory emerged in more recent years, addresses the 

definition of disaster as the result of human construction and adaptation process 

under certain social and cultural background. Based on these three major theories, 

the concept of resilience focuses on the dynamic process of social system and its 

inherent conditions before and after disasters to achieve sustainability (Limin, 

2012a).  

 

While they make good contribution to understanding disaster, the three theories all 

have their strength and limitations. While Classic Sociology of Disaster theory has 

not been applied to studies of pre-disaster prevention and risk distribution, research 

based on Social Vulnerability are criticized for overlooking human initiative over 

disaster. More recently, studies on Resilience based on social constructionism theory 

(Limin, 2015)stress the dynamic process of disaster in order to combine 

functionalism and social vulnerability paradigms. They do not only focus on the 

inherent characteristics of a system that enable the system to absorb and deal with 

the impacts of an environmental shock, but also examine adaptive mechanism that 

enhance the ability of a system to recover and adjust after disasters (Cutter et al., 

2008).  However, practical application in the studies of Resilience is difficult. 

Because lacking precise conceptual tools and missing good definition for 

categorization makes it hard to quantitatively measure the contributing factors of the 

dynamic process (Klein et al., 2003).  

 

In this end, research on Social Vulnerability shows its strength in explicitly 

evaluating potential causes of loss in both bio-physic and social aspects. It quantifies 

underlying factors of social vulnerability to locate the most vulnerable population 

and regions at risk and is proved to be useful for disaster prediction and preparation 

(Limin, 2012).  
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2.2 Social vulnerability to environmental risks 

The concept of social vulnerability is originated from vulnerability research. It is 

defined differently among related disciplines by different research interests. In 

general, vulnerability is defined as the potential to suffer harm or loss that can be 

divided into three categories, as structural vulnerability, biophysical vulnerability 

and social vulnerability. Structural vulnerability describes the vulnerability of 

buildings and lifelines. Physical vulnerability focuses on the characteristics of 

disaster itself or physical loss. Social vulnerability accounts for the source of 

vulnerability to disasters from social perspective. There are several ways to define 

social vulnerability. For instance, assessing exposure is one way to analyze social 

vulnerability as considering exposure to the risk of disaster is linked with potential 

loss of society. Social vulnerability can also be delineated as the degree of certain 

region or population’ sensitivity to the risk of disaster by lacking coping ability. The 

Intergovernmental Panel on Climate Change (IPCC) delineated vulnerability in its 

Fifth Assessment Report as the likelihood to be affected, sensitivity to be harmed 

and lack of coping ability ( eds C. B. Field et al., 2014). 
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Fig.1 Source: IPCC, 2014 

Illustration of the core concepts of the WGII AR5. Risk of climate-related impacts results from the 

interaction of climate-related hazards (including hazardous events and trends) with the vulnerability 

and exposure of human and natural systems. Changes in both the climate system (left) and 

socioeconomic processes including adaptation and mitigation (right) are drivers of hazards, exposure, 

and vulnerability. 

 

There are several ways to evaluate social vulnerability which rely on different 

conceptualization. For instance, Anderson argues to analyze the relationship between 

social-economic factors and disasters (Anderson, 1995). By this way, potential risk 

of disasters to the society can be evaluated through the assessment of social 

vulnerability. Moreover, some authors not only take the factors contributed to social 

vulnerability themselves into consideration but also study the interaction between 

them (Clark et al., 1998; Cutter, 1996). The three most famous conceptual framings 

include risk-hazard, political ecology, social-ecological system frameworks (Eakin & 

Luers, 2006). The risk-hazard framework is represented by the Human Adjustment to 

Natural Hazards model which regards a hazard as the result of natural event and 

human activity interaction. Overall, critics argued that this approach may poorly 

describe the contribution of human society to hazards (Turner et al., 2003). While the 

risk-hazard perspective views vulnerability mostly as function of natural events and 

managerial decisions, the disaster Pressure and Release Model (PAR) from political 

ecology perspective consider social vulnerability as a sequence of root cause, dynamic 

pressures and unsafe conditions. The weakness of this framework is its lacking of 

consideration on natural-human systems interactions(Burton et al., 2018).   

 

Scholars who measure risk of disasters through evaluation of social vulnerability 

believe that society with high social vulnerability are more likely to be affected by 

disasters. In other words, people face different degrees of disaster risks because of 

their various sociodemographic characteristics. The Hazards of Place Model addresses 

social vulnerability from both biophysical and social systems to a specific place and 
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time(Cutter, 1996). Cutter and co-authors used socioeconomic and demographic 

variables to identify vulnerable population(Cutter et al., 2000). More recently, they 

also accounted for exposure in assessing the impacts of social vulnerability of 

population in different regions (Cutter et al., 2003).  Because population of less 

socially vulnerable but exposed to the environmental disasters could be more 

seriously affected than those of higher social vulnerability who live in risk-free area. 

Therefore, disaster risks is determined by both exposure of people to the 

environmental hazards and their coping capacity reflected in social vulnerability 

(Turner et al., 2003).  

 

2.3 Social vulnerability index 

In the 1960s and 70s, scholars in the field of social politics started paying growing 

attention to the theoretic issues of social indicators (Wanner et al., 1980). People use 

both social indicators and environmental indicators to measure quality-of-life (Small 

et al., 1985). Since 2000, there have been more scholars devoted in constructing 

indexes to evaluate social and environmental conditions of certain region or 

population. For instance, Human Development Index was adopted by the United 

Nations Development Program to measure a country’s development level (UNDP, 

2000). The HDI is a composite indicator of health, education, and economic 

wellbeing among nations.  

 

Similar approaches have been used to developed indicators of social vulnerability in 

the more recent decades. Because the focus of concepts and mechanisms perceived 

by different discipline is not the same, however, there has not been a consensus on 

the framework in developing social vulnerability index. There are three most 

referred models as the Risk Hazards model, the Pressure-and-Release model, and the 

Hazards-of-Place model (Huang et al., 2014; Yang et al., 2014). The Risk Hazards 
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model proposed by Gilbert(White, G. F. & Hass., 1975) defines the loss of disasters 

as a function of exposure and sensitivity. This model is used to identify regions 

exposed to environmental risks and physical factors attributed to social vulnerability. 

However, this model does not take social factors into consideration. The Pressure 

and Release model further developed on the basis of the Risk Hazards model. The 

rationale behind this model is that social vulnerability could rise under the influence 

of existing risk and potential hazards. While it addresses social factors as driving 

forces of social vulnerability, the model still does not account for the interactions 

between social and environmental systems.  

 

Cutter and her colleagues proposed the Hazards-of-Place model which maintains that 

environmental risks in a region is under the influence of both physical and social 

vulnerability (Cutter et al., 2003). Physical vulnerability is determined by 

geographical conditions, while demographic and economic factors have an impact on 

the sensitivity and coping capacity of the society. As risk is a function of hazards, 

exposure and vulnerability, it is important to analyze risk from exposure perspective. 

The Hazards-of-Place model provides a useful framework for identifying vulnerable 

population exposed to environmental hazards, projecting regional environmental 

risks, and preparing for occurrence of the events. Based on the Hazards-of-Place 

framework, Cutter and co-authors (2003) constructed Social Vulnerability Index for 

the United States (Cutter et al., 2003)  using county-level socio-economic and 

demographic data in 1990 to evaluate regional social vulnerability to environmental 

risks in the US. This method they developed provided reference and good foundation 

for the studies of social vulnerability thereafter. 

 

Social vulnerability index (SVI) developed by Cutter et al. (2003) and others is 

usually composed of a set of socio-economic, demographic and other characteristics 

of population. Among all the factors, commonly used variables are gender, age, race 
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and income status (Cutter et al., 2003). On the one hand, female, children, the elderly, 

and ethnic minority are generally recognized as disadvantaged under the risk of 

disaster and need more supports from the family and society.  On the other hand, 

different ethnic groups do not usually expose or have same sensitivity to 

environmental risks. To some extent, this might be the result of their different social 

and cultural backgrounds and various residential preferences. Taking as an example, 

Cutter etc. (2003) found that ethnic minorities in the United States are more 

vulnerable in terms of either mortality or economic loss under disastrous events.  

 

In addition to the commonly used variables mentioned above, there are some other 

socio-economic factors that are also important for accessing social vulnerability. 

These factors could generate impacts on people’s ability of have access to 

information and resources for coping with disasters before, during, and after 

disasters. They can even lead to different environmental exposures by affecting 

people’s choice of residence. For instance, social capital, measure by education, is 

one of the important socio-economic factors which help shape people’s response and 

adaptive capacity to environmental risks. Social structure, quality of human 

settlement and built environment are also significant in studying social vulnerability. 

The high density of built environment and population can lead to high threats to 

economic asset and human life even in regions where the disaster risks is low. 

Resident status and hospital location are important in risk identification process as 

well. 

 

To evaluate the environmental vulnerability under the social context of China, this 

research builds on the existing methods, especially the one pioneered by Cutter and 

her colleagues, to construct social vulnerability index of regions to environmental 

risks. 
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2.4 Research of the SVI in China 

Existing studies of environmental vulnerability in China mostly focused on physical 

aspects of the issues. More recently, increasing researches have been conducted to 

discuss social vulnerability with a focus more on exposure, rather than on sensitivity 

and adaptation. Among these researches, some used increasing temperature and 

number of days with daily maximum temperature to measure exposure to heat stress 

(Zhu et al., 2014). Population exposure to environmental risks is usually defined by 

incorporating social characteristics such as population composition and spatial 

distribution. Several studies assess sensitivity and adaptation by adopting different 

sets of indicators under different conceptual frameworks. For example, (D. Huang et 

al., 2012) included number of people affected, total population size, and population 

density, besides other economic and physical variables in assessing 

multi-dimensional flood vulnerability, employing the Data Development Analysis 

(DEA) method. 

 

There are recently a few studies devoted to empirically measuring social 

vulnerability through constructing social vulnerability index (SVI) in China. For 

instance, (Zeng et al., 2012) only adopted three indicators (population age structure, 

density and distance to hospital) which can hardly reflect regional variation in social 

vulnerability.  

 

While others constructed SVI by including consistent set of variables, their 

researches only focus on a single region or on one type of areas such as Yangtze 

River Delta region (Chen et al., 2013)or the coastal areas (Fang et al., 2015). A few 

researches measure social vulnerability of the whole country, but only use 31 

provinces as the unit of analysis (He et al., 2015; Zhou, Li, Wu, & Wu, 2014). The 

studies of SVI are conducted at either county or prefectural levels (Zhou, Li, Wu, Wu, 

et al., 2014) and (Lixin, 2014). The former includes twenty-two indicators from all 
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Chinese counties to construct SVI and uses exploratory spatial data to reveal its 

spatial pattern. The latter incorporated twelve socioeconomic indicators to construct 

SVI at the prefectural level. The primary concern of these two studies is that the 

selection of variables for developing SVI is not interpreted under any 

methodological framework. 
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3 Constructing Social Vulnerability Index (SVI) 

This study aims to develop SVI based on the methodology pioneered by Cutter, 

Boruff and Shirley (2003) in their analysis of SVI for the U.S.  

 

Social vulnerability researchers have reached a consensus on some of the main 

factors influencing social vulnerability. These include lacking access to resources 

and services, limited social capital, and inadequate building environment. However 

there always has been a disagreement concerning the selection of variables that 

represent and measure these broad concepts. For instance, the research group at the 

University of South Carolina chose 32 standard variables to evaluate social 

vulnerability of the United State(Cutter et al., 2003). These 32 variables cover not 

only the generally accepted contributors such age, gender, and socioeconomic status 

but also other aspects of society, such as proportion of employment in different type 

of industries, public service facilities etc. The selections of the variables are 

determined not only by the social setting of the countries under study but also by the 

situation of data availability.  

3.1 Data and variables selections 

The analysis unit of this research is prefecture. The administrative division of China 

consists of three major levels: province, prefecture and county. There were 333 

prefectures according to China administrative division in 2000 and 2010. City 

districts of four provincial-level municipalities (Beijing, Tianjin, Shanghai, 

Chongqing) are also considered as prefectural units. Considering the changes in 

administrative boundaries 2000 and 2010, some prefectures or prefectural units are 

merged to ensure that the results are compatible over time. As a result, 344 study 

units are obtained (excluding Taiwan, Hong Kong and Macao because of having no 

data). Data used in my research are from the China fifth (2000) and sixth (2010) 
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national censuses, statistical yearbooks of provinces for year 2000 and 2010, China 

Statistical Yearbook for Regional Economy of 2000 and 2010, as well as China City 

Statistical Yearbook in 2000 and 2010. All data sets are publicly available at National 

Bureau of Statistics of China.  

 

Following the approach by Cutter et al. (Cutter et al., 2003) and considering Chinese 

social context and data availability and removing several highly correlated variables 

by multi-collinearity test, I select 23 indicators to construct SVI for Chinese 

prefectures. These variables are divided into 11 categories, and assigned with either a 

positive or a negative value to represent the effect of increasing or reducing the 

overall social vulnerability (Table I). 

 

From the censuses reports, China Statistical Yearbook for Regional Economy, and 

China City Statistical Yearbook, we derive the values for the years of 2000 and 2010 

for all prefectures. For variables that do not have data for some or all prefectures, I 

use the values of the provinces that the prefectures belong to.  

Table I 

CONCEPT No. VARIABLE DESCRIPTION VALUE SOURCE 

Age 1 QYOUNG Proportion of child (0-14 years old) + Census 

2 QELDER Proportion of elder (>=65 years old) + Census 

Ethnicity 3 QMINOR Proportion of ethnic minority + Census 

Gender 4 QFEMALE Proportion of female + Census 

5 QFEMLBR Proportion of female labor force + Census 

Residence 6 QURBAN Proportion of urban population - Census 

7 QLHR 
Proportion of population in local household 

registration 
- Census 

8 QINTERP 
Proportion of in-migrants from other 

provinces 
+ Census 

Family structure 9 PPHH Number of person per household - Census 

Education 
10 QED9LES 

Proportion population with less than 9 years 

of education 
+ Census 

Individual 

employment 

11 AVEWAGE Average wage - CSYRE 

12 QEMP Proportion of population in employment - Census 
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conditions 

Regional economic 

status 

13 GDP GDP per capita - CSYRE 

14 QEXT 
Proportion of population employed in 

extractive industries 
+ Census 

15 QSERV 
Proportion of population employed in service 

industry 
- Census 

16 QTRAN 
Proportion of population employed in 

transportation & public utilities 
+ Census 

17 ELG Fiscal expenditure of local government - CSYRE 

Housing conditions 
18 QRENTER 

Proportion of households living in rented 

house 
+ Census 

19 QTP 
Proportion of households living in house with 

tap water 
- Census 

20 QLA 
Proportion of households living in house with 

lavatory 
- Census 

Land use 21 QACL Proportion of agricultural land + CSYRE 

Medical service 22 HOSPTPER Hospitals per capita - CCSY 

23 PHYSIPER Number of physicians per capita - CCSY 

Note: CSYRE represents China Statistical Yearbook for Regional Economy, CCSY represents China City Statistical Yearbook. 

 

3.2 Rationale for choosing social vulnerability indicators 

The 23 variables of the 11 categories are selected to measure the three main factors 

that determines social vulnerability, based on the literature.  

 

3.2.1 Demographic characteristics 

Age: Children and the elderly are more likely to be affected by environmental 

hazards due to lack of mobility and limited access to resources that will increase the 

burden of care and decrease their resilience. Therefore, the proportions of child (0-14 

years old), proportion of elderly population (>=65 years old) are loaded positively as 

increasing social vulnerability. 

 

Gender: Compared to men, women are considered as more socially vulnerable to 
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environmental hazards because of their roles in the society by the widely perceived 

social, biological and psychological features. In labor market, for instance, women 

may have less employment opportunities because of maternity leave and insurance. 

Accordingly, proportion of female and proportion of female labor force are adopted 

with positive cardinality. 

 

Ethnicity: China has 56 recognized ethnic groups, with Han as the majority ethnic 

group accounting for more than 90% of the national population. Ethnic minority 

groups more likely live in a disadvantaged condition due to cultural differences and 

social marginalization. Thus, proportion of ethnic minority is assigned a positive 

value in this study. 

 

Residence status: As China has a big rural-urban disparity in terms of social and 

economic conditions, with urban population enjoy improved standard of living. It 

leads to a large flow of rural population moving to the urban areas for job 

opportunities and better living conditions, even though rural migrants without local 

hukou are largely excluded from the social welfare which urban local residents 

benefit from. In the regard, lower urbanization level, higher proportion of population 

without local household registration and high proportion of people moving in from 

other provinces are assumed to increase social vulnerability in a certain region. 

 

Family structure: Like in many societies, family network are the social unit 

providing basic and fundamental supports for each individuals in the time of 

socioeconomic and environmental shocks, despite of the shrinking average 

household sizes after the implementation of family planning policies since the 1970s. 

Larger size household is in a stronger position than the smaller one in absorbing the 

shocks and offering diversifying the risks from the environmental changes. 

Therefore, the larger size of household indicates lower level of social vulnerability. 
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Education: Human capital is another important factor to be taken into consideration 

in analyzing social vulnerability. Education attainment not only implies employment 

opportunities, but also elevated quality of life. Higher level of education improves 

the ability to comprehend warning information, prepare for onset of environmental 

changes, and have access to sources for recovering from the damage. Although the 

Chinese government stipulated law for a free nine-year compulsory education in 

1986, there are considerable regional variations in education systems across regions.  

Thus, this study use proportion of population with less than nine years of schooling 

to measures the potential effects of education on social vulnerability. 

 

3.2.2 Economic characteristics 

Individual employment conditions: Income is most commonly used indicators to 

measure the economic sources of individual and households, for absorbing and 

recovering from environmental disasters. Lacking income sources contributes to 

higher social vulnerability and less resilient to environmental damages. Moreover, 

unemployed people are less protected by social security system, given that benefits 

of social welfare system in China are largely provided by the governmental and 

private institutions by which people are employed. Furthermore, the employment 

and income accounting systems differ substantial between the rural and urban areas. 

Net income per capita in the rural areas and disposable income in the urban area are 

adopted to measure wage levels. Together with the proportion of employed 

population, the average wage income is used to represent the social vulnerability 

from individual employment conditions. 

 

Regional economic status: Economic vitality and revenue can enhance a region’s 

capacity to deal with environmental risks. GDP per capita and expenditure of local 
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government are used in this study to indicate how well a region could divert 

resources to mitigate and recover from disasters. Moreover, economic structure of a 

region is proved to be highly associated with its social vulnerability. Relying on one 

or a few industrial sectors for financial income might make a region economically 

vulnerable to environmental shocks. Research shows that extractive industries 

(agriculture, fishery logging, mining) and industrial sectors sensitive to weather 

conditions (such as transportation) are among the most vulnerable to environmental 

disasters. of the more people engaged in extractive industries, transportation and 

public utilities, the less proportion of population employed in service industry, the 

higher social vulnerability level of a region. 

 

3.2.3 Building environment and public service 

Housing conditions: housing condition and home ownership are also significant 

aspects of social vulnerability. Environmental displacement of populations is more 

common in rural areas than urban ones largely because of the differences in housing 

and living conditions. With similar housing condition, home owner is often at an 

advantage position and less likely to be displaced than a renter under environment 

shocks. Therefore, proportion of renters is positively associated with social 

vulnerability, while proportion of households with tap water and lavatory are 

assigned negative values to social vulnerability. 

 

Land use: Similar to the impacts of industrial structure, the land areas engaged in 

agricultural activities are prone to naturel environmental conditions. Thus, this study 

assumes the proportion of area of agricultural land of positive cardinality as it would 

increase the overall social vulnerability. 

 

Medical service: Access to medical sources and services is crucial during and after 
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disasters. Adequate and close proximity to medical services enable effective 

response towards casualties. In this case, larger proportion of medical professionals 

and hospital beds per capita could lessen the impact of disasters, and are therefore 

assigned negative value for measuring social vulnerability. 

 

3.3 SVI construction method 

The primary statistical procedure for constructing the SVI adopted in this study is 

Principle Component Analysis (PCA). The use of PCA allows for a robust and 

consistent set of variables that can be monitored over time to assess any changes in 

overall vulnerability. The technique also facilitates replication of the variables at 

other spatial scales, thus making data compilation more efficient. PCA helps to 

identify the factors that make Chinese prefectural regions socially vulnerable to 

environmental risks over the decade. The larger variance a principle component 

explains, the more information this dimension contains for measuring social 

vulnerability (Chen et al., 2013). Using the PCA to analyze the 23 variables of the 11 

categories in the 2000 and 2010 data sets, the SVI for China is created at 

prefecture-level for the year 2000 and 2010 respectively.  

 

The SVI construction involves three steps as variable normalization, principle 

component analysis (PCA) and finally composite social vulnerability index. Firstly, 

the input variables were normalized to z-scores, each with mean of zero and standard 

deviation of one so as to ensure the variables are comparable to each other. Next, 

PCA was performed in R software using varimax rotation and Kaiser criterion 

(eigenvalues greater than 1). The value of each variable is placed in an additive 

model to produce the composite social vulnerability index score (SVI) for each 

prefecture. Because there is no theoretical basis for assuming one factor is more 

significant than another one in the construction of the index, following Cutter, Boruff 
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and Shirley (2003), this research uses equal weighting to produce the composite SVI 

in 2000 and 2010. A positive sign is assigned to variables which increase the total 

vulnerability, and a negative score is assigned when it decreases the vulnerability. 

Then, the SVI is created by summing the value of all variables for each prefecture 

regions. In this way, the higher SVI, the more vulnerable a region is in the referred 

year. 

 

3.4 Result 

3.4.1 SVI scores derived from Principle component analysis 

Five principle components explain 72% and 69% of the variance among the total 23 

social vulnerability indicators in 2000 and 2010 respectively (Fig. 2; Table II). The 

underlying dimensions of social vulnerability vary slightly in this decade, of which 

the drivers are identified with absolute loadings greater or equal to 0.5. 

 

Fig. 2 Scree plots of PCA show the eigenvalues explained by the resulting factors in 2000 and 2010. 

Note: The “Kaiser rule” criteria is shown in red. All eigenvalues from largest to smallest is in the 

downward blue curve. Each point (x) in scree plots represents a principal component, in which the 

points above the “Kaiser rule” is statistically significant factors or components by PCA. 

 

In 2000, the first factor explains 30% of the variance of social vulnerability. This 

component is dominated by 12 variables, indicating prefectures have a high 
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proportion of population employed in service industry and transportation and public 

utilities, a low proportion of population with less than nine-years of education, 

higher income, more urban population, in-migrants and local government financial 

support, less local residents, children, smaller family size. 

 

The second and third factor both contribute to 11% of the total variance. Study units 

identified by the second factor have more proportion of households living in rented 

house and proportion of households living in house with lavatory, also less 

proportion of agricultural land. The third factor represents study units which have 

more proportion of female and female labor force and in-migrants from other 

provinces. 

 

The forth as well as the fifth one explains 10% of the total variance. The proportion 

of ethnic minority and proportion of population in employment are high while the 

proportion of population employed in extractive industries is low. The last factor 

indicates more hospitals and physicians per capita, less proportion of elder in the 

study units. 

 

In 2010, despite slight change in its loadings, the first factor dominated by the same 

12 variables as in 2000, represents 28% of the total variance. The second factor 

explains 11% of the total variance, which identifies a group of study units with more 

proportion of female and female labor force, in-migrants from other provinces and 

less proportion of population in local household registration. 

 

The third, fourth and fifth factor all account for 10% of the total variance. The third 

one has the same drivers as the second factor in 2000 despite slightly different 

loadings. The study units identified by this factor have less proportion of households 

living in rented house, less proportion of households living in house with lavatory 
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also proportion of agricultural land. Similarly, the fourth factor has the same drivers 

as the fifth one in 2000, so as the fifth one to the fourth factor in 2010, only slight 

different loadings occurs. 

In particular, as major components in 2000 and 2010 do not have exactly the same 

explained variance and vary in loadings of the drivers, to make the result comparable 

between these two period, this research transforms 2000 dataset using the explained 

variance of 2010 dataset as standard to construct SVI in each year. 

Table II 

 

2000 

No 
Explained 

variance 

No. of 

Drivers 
Drivers (Loadings) 

1 30% 12 

QURBAN(0.87), QGDP(0.84), QSERV(0.84), 

QED9LES(-0.83),QTRAN(0.79), QYOUNG(-0.78), 

QTP(0.76), PPHH(-0.67), QLHR(-0.63), 

QINTERP(0.60), AVEWAGE(0.59), QELG(0.58) 

2 11% 3 QRENTER(0.7),ACL(-0.68), QLA(-0.67) 

3 11% 3 
QFEMLBR(0.94), QFEMALE(0.65), 

QINTERP(0.58), 

4 10% 2 QEMP(0.8), QEXT(-0.62) 

5 10% 4 
HOSPITALPER(0.74), QELDER(-0.71), 

QMINOR(0.68), PHYSIPER(0.52) 

  

2010 

No 
Explained 

variance 

No. of 

Drivers 
Drivers (Loadings) 

1 28% 12 

QURBAN(0.92), QSERV(0.9), QED9LES(-0.87), 

QTRAN(0.81), GDP(0.78), QTP(0.78), 

PPHH(-0.66), QLHR(-0.61), QINTERP(0.57), 

AVEWAGE(0.51) 

2 11% 4 
QFEMLBR(0.93), QFEMALE(0.64), 

QINTERP(0.6), QLHR(-0.54) 

3 10% 3 ACL(0.72), QRENTER(-0.68), QLA(0.69) 

4 10% 4 
QMINOR(0.72), QELDER(-0.66), 

HOSPITALPER(0.76), PHYSIPER(0.5) 

5 10% 2 QEMP(0.74), QEXT(-0.65) 

Note: The number of input variables for all years was 23; No. represents the number of principle 

component for each year. 
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3.4.2 Categorization of SVI by Hierarchical analysis 

The prefectural social vulnerability is categorized as High and Low by Jenks 

optimization method, for having positive or negative SVI. The top five most socially 

vulnerable prefectures in 2000 are Suzhou (Anhui), Shennongjia (Hubei), Fuyang 

(Anhui), Shangqiu (Henan), Heze (Shandong). The prefecture with the highest social 

vulnerability (1.76) is about five times as much as the lowest (-5.99) one. In terms of 

the total number of prefectures with different levels of social vulnerability, most of 

them have high (accounts for 61.05%) social vulnerability in 2000 (Fig.3).  

 

In 2010, the prefectures with most social vulnerability are Longnan; Gannan Tibetan; 

Baiyin; Dingxi (Gansu) and Lujiang Lisu (Yunnan). The gap of social vulnerability 

is widened between the highest (4.70) and the lowest (-5.93) one. Compared with 

2000, the number of regions with high level of social vulnerability decreases in 2010. 

Prefectures with high (accounts for 58.81%) still takes up the most of regions in 

China (Fig.3).  

 

Fig. 3 Hierarchical analysis of social vulnerability in China between 2000 and 2010. 

Note: Orange represents the proportion of prefectures with high social vulnerability in each year, and 

blue represents the proportion of prefectures with low social vulnerability in each year. 

 

From regional perspective, Fig.4 shows that most prefectures with high social 

vulnerability concentrate in western and central regions, while the number of 
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prefectures with low social vulnerability increases from the west to the east between 

2000 and 2010. In general, the number of prefectures with high social vulnerability 

increases while the number of prefectures with low social vulnerability decreases in 

western China. On the opposite, central and eastern regions both have less 

prefectures with high social vulnerability and more with low social vulnerability. 

 

In terms of different levels of social vulnerability, Fig. 5 indicates that most of the 

prefectures with high social vulnerability concentrate in western and central China 

and the proportion increases in 2010. In both 2000 and 2010, the prefectures in 

western China takes the biggest part of high vulnerability category and the 

proportion of eastern and central prefectures take in low social vulnerability category 

both increased in 2010. 

 

  

Fig. 4 Number of prefectures with different levels of social vulnerability in Western, Central and 

Eastern China in 2000 and 2010. 

Note: The horizontal axis represents different area of China, and yellow bar represents the number of 

prefectures with high social vulnerability while green bar represents the number of prefectures with 

low social vulnerability in each year. 
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Fig. 5 Proportion of prefectures with different levels of social vulnerability in Western, Central and 

Eastern China in 2000 and 2010. 

Note: The horizontal axis represents different levels of social vulnerability, and the green bar 

represents the proportion of prefectures in eastern China while the blue bar represents the proportion 

of prefectures in central China and the yellow bar represents the proportion the prefectures in western 

China have in high/low social vulnerability category. 
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4 Empirical Spatial Analysis on Application of SVI to 

Assessing Environmental Risks 

The Social Vulnerability Index (SVI) constructed in this research so far indicates the 

propensity of prefectural population and their livelihoods and assets to suffer adverse 

effects of environmental hazards. However, the environmental impacts are 

place-based. In other words, population, regardless how vulnerable they are to an 

extreme event, would not bear the impacts of environmental risks if they were not 

located in potentially dangerous settings (Jiang 2014). Therefore, SVI is one of the 

necessary, but not sufficient, determinant of risks. The environmental risks are 

compound effects of spatial intersections between environmental hazards, population 

exposure, and the social vulnerability of the population (IPCC 2014).  

 

In this section, I use the constructed SVI to apply for assessing the regional 

environmental risks across prefectures. I will first to explore the spatial pattern of 

SVI and its stability over time by examining the SVI scores of the prefectures and 

their changes in the years of 2000 and 2010. I then use drought, as an example, to 

demonstrate how the SVI, together with spatial distribution of the hazards and 

population density, jointly determine the hotspots of environmental risks.  

4.1 Exploratory Spatial Data Analysis (ESDA)  

Exploratory Spatial Data Analysis (ESDA) for exploring Global and/or local 

Moran’s I can be used to investigate the spatial association among the SVI of 

prefecture regions. Spatial autocorrelation method enables characterization of the 

spatial pattern of the SVI in different regions while verifies whether the data are 

randomly distributed. The research unit of these two statistics is different. Global 

Moran’s I indicates whether there is a general spatial dependency, and local Moran’s 
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I specifies clusters with similar attributes as well as outliers. Focusing on local 

specificities rather than global regularities, the local one disaggregates global 

statistics based on local constituents(Baptista & Queiroz, 2019). This study uses 

local spatial autocorrelation specially, which is defined as follows (Anselin, 2005):  

 

where the scalar c is the same for all locations, zi and zj are deviations from the 

mean; the value wij is the weight assigned to areas i and j. Using GeoDa software, 

the cluster maps and Moran scatter plots are produced by LISA (Local Indicators of 

Spatial Association) statistics. The cluster maps present sites with local statistical 

significance of Moran’s I with the significant locations color coded by type of spatial 

autocorrelation. There are four different types of spatial clusters for social 

vulnerability at the prefectural-level: (1) high–high (HH), a prefecture region with a 

high SVI value (above the mean of SVI in a given time period) surrounded by 

regions with high values; (2) low–low (LL), a prefecture region with a low value 

(below the mean) surrounded by regions with low values; (3) high–low (HL), a 

prefecture region with a high value surrounded by regions with low values; (4) 

low–high (LH), a prefecture region with a low value surrounded by regions with 

high values. Both HH and LL are considered spatial clusters, thus defined as positive 

local spatial autocorrelation, other two are regarded as spatial outliers, defined as 

negative local spatial autocorrelation. 

 

This study uses the neighborhood structure between the prefecture regions defined as 

Queen in Geoda software. This criterion correlates the prefectures with their 

neighbor independence of their direction. The level of significance used in this paper 

was 5%. In other words, this is the percentage of error likely to say that the spatial 

distribution is not random. 
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4.1.1 Spatial distribution of SVI 

Distinctive geographic patterns of prefectural level of social vulnerability are found 

between 2000 to 2010 in China. The SVI is categorized into five degrees from 5 to 1, 

indicating the level of social vulnerability level decreases from the highest to the 

lowest according to Jenks optimization method, which has the smallest intra-class 

difference while largest inter-class difference.  

 

In 2000, the most socially vulnerable prefectures are mainly concentrated in the 

southwestern and central China, including Pamirs, Hengduan Mountain area, 

Yunnan-Guizhou Plateau area, Jiangnan Hilly area, the southern area of North China 

Plain, the northern area of the Northeastern Plain and certain parts of the provinces 

in central China (Fig.6). The prefectures with high and low social vulnerability takes 

up 61.05% and 38.95% of the 344 study units respectively. In particular, these 

provinces have more than ten prefectures with high level of social vulnerability are: 

Sichuan (20), Henan (16), Yunnan (14), Anhui (14), Hubei (13), Hunan (13), 

Shandong (12), Guangxi (10). 

 

The least vulnerable prefectures in 2000 locate mainly in the northwestern China, 

Beijing, Tianjin, Yangtze Delta, Pearl River Delta and certain area in Heilongjiang, 

Liaoning provinces. Among 134 prefectures with low social vulnerability, most of 

them were from Guangdong province, such as Guangzhou, Shenzhen, Foshan and 

Zhuhai.  

 

In Fig.6, the spatial distribution of social vulnerability in 2010 is different from what 

has been observed in 2000. The concentration of prefectures with high social 

vulnerability moves from central to southwestern China, including Tibet Plateau, 

especially Chi-lien Mountains and Hengduan Mountains, also Yunnan-Guizhou 

Plateau, and certain area in Heilongjiang, Jilin and Anhui province. Overall, western 
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China becomes more vulnerable while regions in central China are less vulnerable to 

environmental risks in 2010 compared with 2000. The proportion of regions with 

high social vulnerability decreases to 55.81% while regions with low social 

vulnerability increases to 44.19% in 2010. Specifically, the order of the provinces 

having more than 10 highly vulnerable prefectures changes to Sichuan (20), Yunnan 

(15), Henan (14), Gansu (14), Anhui (13) and Guangxi (11). 

 

The spatial distribution of low social vulnerability is similar as it is in 2000, despite 

changes in certain area. In general, prefectures in eastern China are less vulnerable to 

environmental risks than their counterparts in western area in 2010. Regions in 

Yangtze Delta, Pearl River Delta, also Beijing, Tianjin retain their placement in the 

low vulnerability category. Especially Beijing, Shanghai, Shenzhen; Guangzhou; 

Foshan; Zhuhai (Guangdong) and Tianjin remain as the less socially vulnerable 

region in 2010. 

 

In conclusion, the spatial heterogeneity of social vulnerability to environmental risks 

in China is high in China between 2000 and 2010. Despite the number of prefectures 

with high social vulnerability decreases, the gap between the most and least 

vulnerable regions becomes bigger in 2010. Especially regions locate in western 

China and mountain areas are generally more vulnerable than regions in eastern 

China and plain area.  
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Fig. 6 Spatial distribution of SVI to environmental risks in 2000 (left) and 2010 (right). 

Note: Red (5) represents a prefecture with high social vulnerability, orange (4) represents a prefecture 

with high-medium social vulnerability, yellow (3) represents a prefecture with medium social 

vulnerability, green (2) represents a prefecture with medium-low social vulnerability level, blue (1) 

represents a prefecture with low social vulnerability. 

 

4.1.2 Spatial interconnection of SVI from Cluster Analysis 

The local Moran’s I statistics aims to identify local specificities. Fig.7 displays the 

evolution of Moran’s I statistic of the prefectural SVI in this period. Both Moran’s I 

statistics of SIV are positive, and the z-statistics are greater than the threshold of 

p=0.05. In Moran scatter plots, SVIs are on the horizontal axis, and their spatially 

lagged counterparts are on the vertical axis. Note that the SVIs have been 

standardized, where the mean is 0 and the standard deviation is 1. Also one isolate in 

weights is removed (Zhoushan). Similarly, the spatial lag is computed for those 

standardized values. Regarding local indicators of spatial autocorrelation, there are 

strong spatial clustering effect in both 2000 (Moran’s I = 0.289) and 2010 SVI 
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(Moran’s I = 0.402). 

 

Fig. 7 Moran scatter plots of SVI to environmental risks in 2000 and 2010. 

Note: Moran scatter plot shows a linear fit through the point cloud. The slope of the line corresponds 

to Moran’s I, and its value is listed at the top of the graph. The plot provides an allocation of spatial 

association into four classes, high–high (top right quadrant), low–low (bottom left quadrant), 

low–high (top left quadrant) and high-low (bottom right quadrant). 

 

By presenting significant spatial clusters or outliers, Fig.8 shows the local spatial 

cluster patterns of the prefectural SVI in 2000 and 2010 respectively. Prefectures 

with significantly (p<0.05) higher than average SVI (HH) in 2000 cluster in Sichuan, 

Chongqing, Hunan, Guizhou and neighboring regions of Henan, Anhui, Jiangsu and 

Shandong, also certain area in Shanxi, Shaanxi, Yunnan, Guangxi and Jiangxi (Fig.8). 

In total, there are 101 prefectures in China having high social vulnerability to 

environmental risks while surrounded by regions with similar characteristics in 

2000.  

 

On the other hand, prefectures with significantly lower than average SVI (LL) in 

2000 mainly cluster in the neighboring area of Xinjiang, Gansu and Qinghai, the 

Yangtze River Delta, the Pearl River Delta, Tianjin and Hainan, also certain regions 

in Liaoning. The number of prefectures with low social vulnerability while 

surrounded by regions with similar characteristics are 34. There are 30 prefectures 

displaying dissimilar spatial patterns (9 HL and 21 LH). 

 

In 2010, prefectures with higher than average social vulnerability mostly cluster in 

the southwestern China, especially regions in the neighboring area of Sichuan, 

including Tibet, Qinghai, Gansu, Guizhou, Guangxi, and Yunnan. Also the 
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neighboring area of Inner Mongolia and Heilongjiang, the neighboring area of 

Henan, Anhui and Shandong, as well as certain regions in Ningxia (Fig. 8). There are 

89 prefectures having not only high social vulnerability themselves but also do their 

neighborhood. 

 

The number of clusters with lower than average social vulnerability is 39 in 2010. 

Especially the social vulnerability of prefectures in southeastern coastal area are 

lower than average. Certain area in Xinjiang, Inner Mongolia, Shandong and Hunan 

also show positive spatial clustering effect of low social vulnerability. Prefectures in 

southern Liaoning, Tianjin, the Yangtze River Delta and the Pearl River Delta still 

exhibit positive clustering effect with lower than average social vulnerability. There 

are 33 prefectural regions displaying dissimilar spatial patterns (21 HL and 12 LH).  

 

 

Fig. 8 LISA cluster map for SVI to environmental risks in 2000 (left) and 2010 (right). 

Note: (1) red: high–high (HH), a prefecture region with a high SVI value surrounded by regions with 

high values; (2) blue: low–low (LL), a prefecture region with a low value surrounded by regions with 

low values; (3) light blue: high–low (HL), a prefecture region with a high value surrounded by 

regions with low values; (4) pink: low–high (LH), a prefecture region with a low value surrounded by 
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regions with high values. 

 

In order to further identify the change of LISA clusters between 2000 and 2010, H - 

H in Fig.9 represents regions and its neighboring regions which stay highly social 

vulnerable to environmental risks in this decade, H -H (new) are regions only 

identified as H - H clusters in 2010. Similarly, prefectures and their surrounding 

prefectures having lower than average social vulnerability in 2000 and 2010 are 

identified as L - L, while the social vulnerability of prefectures which shift to lower 

than average level in 2010 are noted as L –L (new).  

 

Among all 344 study units in China, 49 prefectures mainly from Sichuan (19), 

Henan (10), Yunnan (8), Anhui (6) remain highly social vulnerable to environmental 

risks in this decade. Region shift to clusters with higher than average social 

vulnerability mainly concentrate in Gansu (10), Yunnan (7), Qinghai (7) and Tibet 

(5). On the other hand, certain prefectures in Liaoning, Tianjin, the Yangtze River 

Delta and the Pearl River Delta always have lower than average social vulnerability 

while surrounded by regions with similar characteristics. Regions change to clusters 

of social vulnerability of lower than average level mainly locate in Inner Mongolia 

(6), Fujian (6) Zhejiang (5) and Jiangsu (5).  

 

The clusters of social vulnerability in China during this period exhibit distinctive 

different pattern in western and eastern China. As regions and their surrounding 

regions with higher than average social vulnerability to environmental risks mostly 

concentrate in western China, regions and their neighboring area with lower than 

average social vulnerability mainly locate in eastern China. Comparing SVI in 2000 

and 2010, clusters with high social vulnerability decline faster in eastern and middle 

area while increase in western area.  
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Fig. 9 Change of LISA clusters for SVI to environmental risks between 2000 and 2010. 

Note: (1) brown (H-H): a prefecture with high social vulnerability in both years; (2) light brown (H-H 

(new)): a prefecture only has high low social vulnerability in 2010; (3) purple (L-L): a prefecture 

region with low social vulnerability in both years; (4) light purple: (L-L (new)), a prefecture only has 

low social vulnerability in 2010. 

 

4.2 Application of SVI to Drought risks analysis 

As SVI is a comprehensive measurement to evaluate the general social vulnerability 

level of certain regions, I examine, as an example, the spatial relations between the 

risks of droughts and SVI and their changes over time to validate SVI’s applicability. 

Risk is generally regarded as a function of hazard, exposure and vulnerability, I 

adopt Standardized Precipitation-Evapotranspiration Index (SPEI) to measure 

drought hazard, population density for population exposure and SVI for social 

vulnerability measurement.  
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4.2.1 Hazards 

To measure prevalence of drought, I adopt SPEI obtained from the Global SPEI 

database. The database contains historical information about drought conditions at 

the global scale, with a spatial resolution of 0.5°and monthly periodicity. The SPEI 

is a multi-scale drought index based on climatic data. This index is used for 

determining the onset, duration and magnitude of drought conditions with respect to 

normal conditions in a variety of natural and managed systems (e.g. crops, 

ecosystems, rivers). The current version of the dataset covers the period between 

January 1901 and December 2015 based on Climatic Research Unit of the University 

of East Anglia’s TS 3.23 input data on monthly precipitation and potential 

evapotranspiration. It has a multi-scale character, providing SPEI time-scales 

between 1 and 48 months.  

 

As the 2000 and 2010 censuses data were both collected in November of the years, I 

adopt SPEI calculated for November of 2000 and 2010 accordingly. Similarly, as 

census data has 12 months range of coverage, the SPEI used in this research is also 

12 months’ scale. The SPEI measures the intensity and spatial distribution of 

droughts. It is considered superior to other drought indices, since it captures the 

effects of evaporation and transpiration caused by temperature, along with 

precipitation(Abel et al., 2019). The SPEI is measured on an intensity scale with 

negative values indicating drought conditions, and positive values indicating wet 

conditions.  

 

In order to identify the different contribution of drought hazards, population 

exposure and social vulnerability to drought risk among prefectures, Fig. 10 firstly 

shows the spatial distribution of drought hazards, followed by Fig. 11 illustrates 

drought risk by taking drought hazards and population exposure into account. Finally, 

drought risk calculated by multiplying drought hazards, population exposure and 
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social vulnerability is presented in Fig. 12 All indicators are normalized which 

within the range of 0 to 1. 

 

Fig.10 shows the spatial distribution of drought hazards by 12 months’ time scale 

SPEI in 2000 and 2010 respectively. SPEI in 2000 is categorized into five degrees 

according to Jenks optimization method, which has the highest drought hazards as 

degree 5 and the lowest as 1. The prefectures with the most severe drought condition 

concentrate in Altai Mountains, Qilian Mountains, Changbai Mountains. The 

northern foot of Kunlun Mountains, the southern foot of Inner Mongolia Plateau, 

Lesser Khingan Mountains and the southern foot of the Yunnan-Guizhou Plateau 

have less drought condition.   

 

In 2010, the concentration of prefectures with severe drought condition is in the 

western area of Tarim Basin also Altai Mountains, Hengduan Mountains, the 

southern part of the Northeast Plain, the Middle-Lower Yangtze Plains and the 

southern part of Gaungdong and Guangxi Hill. Different from the pattern in 2000, 

prefectures with the lowest drought condition in 2010 concentrate in the southern 

foot of Qinghai-Tibet Plateau, the eastern part of Inner Mongolia Mountains, 

southern Taihang Mountains, the middle area of North China Plain and the 

Yunnan-Guizhou Plateau. 
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Fig. 10 Spatial distribution of SPEI in 2000 (left) and 2010 (right). 

Note: Red (5) represents a prefecture with high degree of drought condition, orange (4) represents a 

prefecture with high-medium degree of drought condition, yellow (3) represents a prefecture with 

medium degree of drought condition, green (2) represents a prefecture with medium-low degree of 

drought condition, blue (1) represents a prefecture with low degree of drought condition. 

 

4.2.2 Population exposure 

It is important to identify population which exposes to drought hazards when 

measuring drought risk. Population density at prefectural level is used to measure 

population exposure. Similarly, the drought risk calculated by SPEI and population 

density is divided into five degrees according to Jenks optimization method, where 5 

means the most severe drought risk. In 2000, prefectures exposed to high drought 

risk concentrate in eastern China (Fig.11). Especially, certain regions in Henan, 

Shandong, Anhui, Jiangsu, Zhejiang and Hubei exhibit high drought risk when 

considering drought hazards and population exposure. 
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The spatial distribution pattern of drought risk in 2010 is similar as it is in 2000. The 

concentration of regions with high drought risk in eastern China becomes more 

distinctive (Fig.11) in 2010, while the west of China population density 

(Aihui-Tewngchong) Line continues to display low risk between 2000 and 2010. 

Most prefectures in Hebei, Shandong, Henan, Anhui, Jiangsu, Zhejiang, and certain 

regions in Fujian, Guangdong, Guangxi and Sichuan exhibit relatively high drought 

risk in 2010 when take population density into account. 

 

Fig. 11 Spatial distribution of drought risk = hazards (SPEI) * exposure (Population density) in 2000 

(left) and 2010 (right). 

Note: Red (5) represents a prefecture with high level of drought risk, orange (4) represents a 

prefecture with high-medium level of drought risk, yellow (3) represents a prefecture with medium 

level of drought risk, green (2) represents a prefecture with medium-low level of drought condition, 

blue (1) represents a prefecture with low level of drought condition. 

 

4.2.3 Social Vulnerability Index 

The spatial distribution of drought risk which takes vulnerability into account is also 

different from only considering drought hazard and population exposure. There are 
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also five categories of drought risks from 5 to 1 as the highest to the lowest 

according to Jenks optimization method. In 2000, most prefectures under high 

drought risk are from Liaoning, Beijing, Tianjin, Hebei, Sichuan, Guangxi, Hubei 

and Jiangxi, also certain regions in Jilin, Shaanxi, Ningxia and Guizhou (Fig. 12). 

 

The concentration of regions under high drought risk becomes more distinctive in 

2010 too. Shaanxi, Shanxi, Henan, Shandong, Chongqing, Sichuan, Guizhou, Hunan, 

Guangxi and Yunnan and certain regions in Guangdong show high level of drought 

risk (Fig. 12). In both years, regions in western China have relatively low drought 

risks compared with regions in eastern China. 

  

Fig. 12 Spatial distribution of drought risk = hazards (SPEI) * exposure (population density) * 

vulnerability (SVI) in 2000 (left) and 2010 (right). 

Note: Red (5) represents a prefecture with high level of drought risk, orange (4) represents a 

prefecture with high-medium level of drought risk, yellow (3) represents a prefecture with medium 

level of drought risk, green (2) represents a prefecture with medium-low level of drought condition, 

blue (1) represents a prefecture with low level of drought condition. 
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4.2.4 Clusters under different level of drought risks 

Fig.13 identifies the prefectures with extreme social vulnerability under different 

levels of drought hazards. According to the definition given by the Global SPEI 

database, the index categorizes drought conditions into mild (-1<SPEI < 0), 

moderate (-1.5 < SPEI ≤ -1), severe (-2<SPEI ≤ -1.5), and extreme (SPEI ≤ -2) 

level. Therefore, there are five categories of SPEI in this research including wet 

conditions as the value larger or equal to 0. LISA cluster map is overlaid with SPEI 

distribution map in each year. 

 

In 2000, prefectures not only have higher than average social vulnerability and 

surrounded by regions with same characteristics while have mild drought condition 

mostly come from the neighboring area of Sichuan (14), Shaanxi (3) and Ningxia, 

the neighboring area of Guizhou (4), Yunnan and Guangxi, the neighboring area of 

Henan, Anhui, Hubei and Jiangxi. L-L clusters mainly concentrate in the northern 

area of Xinjiang, the western area of Gansu, the northern area of Qinghai, the 

Yangtze River Delta, the Pearl River Delta and Hainan. 

 

In 2010, H-H clusters in mild drought condition concentrate in the southwestern area 

of China, especially in the neighboring area of Sichuan, Guizhou (8), Yunnan (8) and 

Guangxi, as well as the neighboring area of Anhui (4), Henan and Shandong, the 

prefectures in the southern area of Tibet. In addition, Pu er; Honghe Hani and Yi; 

Wenshan Zhuang and Miao; Xishuangbanna Dai; Yuxi (Yunnan) and Lhasa (Tibet) 

have severe drought condition and high social vulnerability while surrounded by 

regions with similar characteristics. Most regions in L-L clusters while do not have 

drought condition in 2010 are from the southeastern coastal area of China. Among 

these, Tianjin, Yangtze River Delta the Pearl River Delta remain in area not only 

don’t have drought condition while have lower than average social vulnerability to 

environmental risks but also surrounded by regions with similar characteristics.  
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Fig. 13 Spatial distribution of SPEI-LISA in 2000 (left) and 2010 (right). 

Note: Green (LL-No drought) represents a prefecture in L-L clusters with no drought condition, white 

(Not significant) represents a prefecture in none-clusters, yellow (HH-Mild) represents a prefecture in 

H-H clusters with mild degree of drought condition, orange (HH-Moderate) represents a prefecture in 

H-H clusters with moderate drought condition, red (HH-Severe) represents a prefecture in H-H 

clusters with severe drought condition. 

 

4.2.5 Identification of dominant characteristics of the risks 

Addressing the dominant characteristic of drought risk among different prefectures 

has an important implication for designing appropriate and effective policies. SPEI, 

population density and SVI are all divided into two categories as Low and High by 

Jenks optimization method. Prefectures with high drought hazards, low population 

density and low social vulnerability are defined as Hazards dominant zone; 

Prefectures with low drought hazards, high population density and low social 

vulnerability are defined as Exposure dominant zone; Prefectures with low drought 

hazards, low population density and high social vulnerability are defined as 

vulnerability dominant zone. 
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Fig.14 shows that in 2000, however regions dominated by drought hazards in 

Xinjiang have the largest area, Guangdong (8) have the most of prefectures in 

drought domination. More prefectures are dominant by vulnerability, they are mainly 

from Sichuan (15), Guangxi (9), Hebei (9), Inner Mongolia (8), Liaoning (8). The 

spatial distribution of hazards dominant quadrant is similar in 2010 as it was in 2000. 

Xinjiang (4) and Liaoning (4) have the most of prefectures dominated by drought 

hazards. Still, most of the prefectures dominated by vulnerability in 2010 mainly 

from Shanxi (10), Heilongjiang (9), Yunnan (9), Guangxi (9), Guizhou (8), Sichuan 

(8), Shaanxi (7). The population exposure dominant quadrant only appears in 2010, 

mostly in Beijing, Tianjin, Shanghai, and certain regions in Fujian (2). 

 

 

Fig.14 Dominant quadrant of drought risk in 2000 (left) and 2010 (right). 

Note: orange (Hazard) represents a prefecture in drought hazard dominant quadrant, red (exposure) 

represents a prefecture in population exposure dominant quadrant, blue grid (vulnerability) represents 

a prefecture in social vulnerability dominant quadrant, white (None) represents a prefecture which is 

not dominated by drought hazard, population exposure or social vulnerability. 
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5  Discussion 

5.1 Main findings 

Our analysis of social vulnerability reveals large variation across China’s prefecture. 

To construct the Social Vulnerability Index, population composition by age, social 

capital, family structure, residence, individual and regional economic status, and 

housing conditions are the main factors explaining most of the variance in the social 

vulnerability. Advanced economic growth, more educated population and better 

housing conditions all lead to relatively low SVI for the more developed regions 

such as Beijing, Shanghai and Guangdong provinces. The persistent variations in the 

rural vs the urban and the inland vs the coastal areas remain as one of the major 

obstacles for reducing the national overall social vulnerability which is further 

aggravated by enlarged large disparities between the western and eastern regions 

owing to the different paths and speeds s in urbanization and industrialization since 

the reform and opening up in the late 1970s. 

 

Comparative analysis of the SVIs constructed for 2000 and 2010 shows some stable 

patterns but slightly increased spatial heterogeneity of social vulnerability in China. 

Firstly, there disproportionately larger number of prefectures in the western and 

central China have high SVI scores than in the eastern China, where most of the 

prefectures have low SVI scores in both 2000 and 2010. Secondly, the spatial 

heterogeneity in SVI is greater between the east and the west than between the north 

and the south. Thirdly, the prefecture with high level of social vulnerability to 

environmental risks is more likely surrounded by regions of high SVI sores, 

reflected by the significant effect of spatial dependence in both 2000 and 2010. 

Moreover, the clusters of prefecture with high SVI scores mainly concentrate in the 
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southwestern China, and the pattern becomes even more distinctive in 2010 than in 

2000.  

 

The relatively lower SVI in the eastern China does not necessarily mean that people 

there in average have lower risks to environmental damages, comparing to the 

people in other regions, because of other differences in environmental hazards and in 

population under exposure. The adoption of SPEI risk assessment reveals that many 

prefectures in the eastern and central China are actually more prone to be affected by 

drought risks after accounting for the spatial distribution of the drought hazards and 

population exposure. 

 

Therefore, it is crucial to understand the interior mechanism of environmental risk 

through identifying dominant quadrant of the factor that contributes the most to the 

impacts. For regions dominated by drought hazards, policies and practices to 

increase vegetation coverage and green space to reduce soil erosion and 

desertification may be helpful for mitigating drought condition. For regions 

dominated by population exposure, it is not feasible to fundamentally change 

population distribution in a short term. Thus, to reduce the risks in the regions, one 

should consider improving disaster emergency management system. For regions in 

the risk quadrant dominated by social vulnerability, to make appropriate institutional 

arrangements and improve standard of living for socially vulnerable population can 

help ease the risks they are facing. 

 

5.2 Limitations and prospects 

Due to data availability, the variables selected to construct SVI in this study may not 

be the most accurate or broad enough indicators to measure social vulnerability to 

environmental risks. Further exploration and gathering more data cover demographic, 
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socio-economic aspects of Chinese societies could help better examine social 

vulnerability to environmental risks in a more comprehensive way. Also, the analysis 

of data with higher resolution that prefectural-level measurement would enable more 

targeted solutions and strategies to improving future adaptive capacity and resilience 

in China.  

 

SVI is constructed to define the inherent sociodemographic characteristic of 

population with or without potential exposure to natural hazards. It would be ideal to 

validate the accuracy of SVI by applying it in studying the historical events and 

examining the consequences of environmental impacts. By doing this, individual 

factor, including SVI, which contributes to the number of disaster events and 

economic loss could be empirically examined (Cutter et al., 2003). Unfortunately, we 

are unable to collect the data ready for such an empirical analysis. Instead, we use 

the SPEI dataset to evaluate the potential drought risk, taking hazards, vulnerability 

and exposure into account, to demonstrate the usefulness and applicability of SVI. 

Further studies of reconstruction and empirical validation of the SVI over time and 

across geographic scales could help inform and facilitate projections of future 

potential environmental risks under different scenarios, for the whole country and for 

a specific locality. In this way, the identification of specific regions as hotspots of 

environmental risks could assist policy makers in efficiently preparing for natural 

hazards. 
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6  Conclusion 

Based on the analysis of social vulnerability of the 333 prefecture regions in China, 

this study finds distinctive and rather stable spatial patterns of SVI across regions, 

even though the spatial heterogeneity of social vulnerability in China increases 

slightly between 2000 and 2010. In general, regions in western China are more 

socially vulnerable to environmental risks than the eastern regions. Also, the 

significant spatial dependence of SVI in both 2000 and 2010 indicates the 

persistently spatial clustering of high social vulnerability among Chinese prefectures. 

More specifically, prefectures with higher than average SVI are often surrounded by 

regions also with high SVI scores. Those prefectures are disproportionately 

concentrated in the southwestern China. And, the patterns of spatial clustering 

became even more obvious in 2010 than in 2000. Demographic and socio-economic 

factors both play important roles in determining the patterns of spatial distribution of 

SVI over the period. Taking drought risk as an example, this research demonstrates 

the applicability and usefulness of SVI in analysis of environmental risks. It reveals 

that regions with high SVI do not necessarily suffer from high environmental risks 

due to the possible low exposure to less frequent hazards. Therefore, it is important 

to identify population subgroups and hotspots which are more vulnerable to certain 

types of environmental risks, in order to inform and facilitate adequate 

environmental risk prevention and management at both national and local levels. 

 

 

 

 

 



 

 47 

7  Appendix: SVI scores for Prefectures in 2000 and 

2010 

Province Prefecture 2000 2010 

Anhui Anqing 1.28 0.66 

Bengbu 0.80 0.77 

Bozhou 1.16 0.92 

Chaohu 1.32 0.84 

Chizhou 1.30 0.07 

Chuzhou 1.39 1.26 

Fuyang 1.66 1.51 

Hefei -0.19 -1.14 

Huaibei 1.26 0.72 

Huainan 0.57 0.27 

Huangshan 1.23 0.34 

Lu'an 1.36 1.57 

Ma'anshan -0.20 -1.42 

Suzhou 1.76 1.46 

Tongling -0.02 -1.43 

Wuhu 0.08 -1.28 

Xuancheng 1.25 0.73 

Beijing Beijing -4.67 -5.93 

Chongqing Chongqing 0.66 -0.73 

Fujian Fuzhou -1.03 -1.90 

Longyan 0.18 -0.32 

Nanping -0.28 -0.13 

Ningde 0.05 -0.26 

Putian 0.95 -1.12 

Quanzhou 0.60 -0.90 

Sanming -0.28 -0.61 

Xiamen -2.61 -3.40 

Zhangzhou 0.17 -0.03 

Gansu Baiyin 0.11 3.13 

Dingxi 0.49 2.87 

Gannan Tibetan 0.70 3.76 

Jiayuguan -2.73 0.06 

Jinchang -0.90 0.45 

Jiuquan -1.41 0.86 
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Lanzhou -1.82 0.11 

Linxia Hui 0.28 1.71 

Longnan 0.70 4.70 

Pingliang 0.66 1.78 

Qingyang 0.66 2.57 

Tianshui 0.44 2.14 

Wuwei 0.65 2.35 

Zhangye -0.04 2.00 

Guangdong Chaozhou -0.04 -0.49 

Dongguan -0.92 -3.25 

Foshan -3.31 -3.65 

Guangzhou -4.06 -3.98 

Heyuan -0.49 0.26 

Huizhou -0.75 -1.40 

Jiangmen -0.79 -0.99 

Jieyang -0.46 -0.53 

Maoming -0.58 0.40 

Meizhou -0.40 -0.12 

Qingyuan -0.22 0.38 

Shantou -1.60 -1.31 

Shanwei -1.09 -0.48 

Shaoguan -0.87 -0.53 

Shenzhen -3.61 -4.57 

Yangjiang -0.22 0.34 

Yunfu -0.23 0.63 

Zhanjiang -0.59 0.65 

Zhaoqing -0.63 -0.09 

Zhongshan -1.69 -2.60 

Zhuhai -3.31 -3.65 

Guangxi Baise 0.91 1.63 

Beihai -0.34 -0.05 

Chongzuo -1.24 1.31 

Fangchenggang -0.63 -0.11 

Guigang 0.65 0.91 

Guilin 0.34 0.60 

Hechi 0.97 1.63 

Hezhou 0.64 1.09 

Laibin 0.05 0.89 

Liuzhou 0.05 0.09 

Nanning -1.24 -0.22 

Qinzhou 0.05 0.93 
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Wuzhou 0.62 0.56 

Yulin 0.31 0.69 

Guizhou Anshun 0.65 0.86 

Bijie 0.98 1.09 

Guiyang -0.91 -0.05 

Liupanshui 0.75 1.39 

Qiandongnan Miao and Dong 1.02 1.81 

Qiannan Buyei and Miao 0.83 1.01 

Qianxinan Buyei and Miao 0.76 1.12 

Tongren 1.00 1.07 

Zunyi 0.78 0.66 

Hainan Haikou -4.34 -2.77 

Sanya -2.47 -2.01 

Hebei Baoding 0.49 0.77 

Cangzhou 0.12 0.36 

Chengde 0.76 0.53 

Handan 0.23 0.10 

Hengshui 0.00 0.67 

Langfang -0.28 -0.24 

Qinhuangdao -0.24 0.04 

Shijiazhuang -0.64 -0.73 

Tangshan 0.20 -0.09 

Xingtai 0.23 0.25 

Zhangjiakou 0.54 0.63 

Heilongjiang Daqing -2.16 -1.51 

Daxing'anling -0.29 0.56 

Harbin -0.62 -0.50 

Hegang 0.00 0.06 

Heihe -0.19 1.13 

Jiamusi -0.17 0.44 

Jixi -0.29 0.30 

Mudanjiang -0.51 -0.23 

Qiqihar 0.56 1.23 

Qitaihe -0.40 0.06 

Shuangyashan -0.11 0.04 

Suihua 0.74 2.42 

Yichun 0.00 -0.14 

Henan Anyang 0.55 0.57 

Hebi 0.47 0.03 

Jiaozuo 0.01 -0.49 

Kaifeng 0.98 0.63 
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Luohe 0.65 0.74 

Luoyang -0.01 -0.23 

Nanyang 0.99 0.72 

Pingdingshan 0.65 0.74 

Puyang 0.21 0.96 

Sanmenxia 0.02 0.49 

Shangqiu 1.63 1.28 

Xinxiang 0.56 0.34 

Xinyang 1.13 0.54 

Xuchang 0.77 0.51 

Zhengzhou -1.00 -1.61 

Zhoukou 1.51 0.97 

Zhumadian 1.48 1.04 

Hubei Enshi Tujia and Miao 1.12 1.20 

Ezhou 0.01 0.07 

Huanggang 1.18 0.64 

Huangshi -0.05 -0.91 

Jingmen -0.05 -0.25 

Jingzhou 0.48 -0.12 

Qianjiang 0.50 -0.20 

Shennongjia 1.70 0.24 

Shiyan 0.05 -0.25 

Suizhou Shi 0.87 0.25 

Tianmen 0.55 0.41 

Wuhan -2.01 -2.78 

Xiangfan 0.30 -0.37 

Xianning 0.17 -0.59 

Xiantao 0.91 -0.45 

Xiaogan 0.73 0.16 

Yichang -0.06 -0.37 

Hunan Changde 0.58 0.52 

Changsha -0.48 -1.66 

Chenzhou 0.63 0.24 

Hengyang 0.72 0.45 

Huaihua 0.89 1.06 

Loudi 0.74 0.42 

Shaoyang 1.02 0.95 

Xiangtan 0.07 -0.07 

Xiangxi Tujia and Miao 0.52 0.95 

Yiyang 0.88 0.53 

Yongzhou 0.67 0.62 
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Yueyang 0.17 -0.42 

Zhangjiajie 0.92 1.15 

Zhuzhou 0.08 -0.46 

Jiangsu Changzhou -0.45 -1.65 

Huai'an 0.54 -0.49 

Lianyungang 0.57 -0.39 

Nanjing -2.33 -2.89 

Nantong 0.83 -0.40 

Suqian 1.06 0.15 

Suzhou -0.82 -2.97 

Taizhou 0.29 -0.48 

Wuxi -1.08 -2.50 

Xuzhou 0.78 -0.10 

Yancheng 0.20 -0.09 

Yangzhou 0.23 -0.78 

Zhenjiang -0.60 -1.31 

Jiangxi Fuzhou -1.03 -1.90 

Ganzhou 1.23 0.55 

Ji'an 1.35 0.67 

Jingdezhen 0.57 -0.44 

Jiujiang 0.81 -0.29 

Nanchang -0.48 -1.89 

Pingxiang 0.66 -0.23 

Shangrao 1.13 0.28 

Xinyu 0.75 -0.70 

Yichun 1.01 0.65 

Yingtan 0.28 -0.12 

Jilin Baicheng 0.30 0.76 

Baishan -0.49 -0.52 

Changchun -0.63 -0.54 

Jilin -0.30 -0.35 

Liaoyuan 0.29 0.09 

Siping 0.59 0.65 

Songyuan 0.55 0.63 

Tonghua -0.31 -0.07 

Yanbian Korean -1.19 -1.13 

Liaoning Anshan -0.63 -1.40 

Benxi -0.41 -0.89 

Chaoyang 0.45 0.71 

Dalian -1.70 -2.48 

Dandong -0.21 -0.18 
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Fushun -0.82 -0.80 

Fuxin 0.20 0.12 

Huludao 0.34 0.39 

Jinzhou -0.04 -0.06 

Liaoyang -1.00 -0.30 

Panjin -2.47 -1.27 

Shenyang -1.62 -2.29 

Tieling 0.18 0.49 

Inner 

Mongolia 

Alxa -1.68 -2.45 

Baotou -0.92 -2.85 

Baynnur 0.00 -0.04 

Chifeng 0.68 0.91 

Hohhot -0.25 -1.76 

Hulunbuir -0.01 0.19 

Ordos 0.05 -2.56 

Tongliao 0.42 0.64 

Ulaan Chab 0.50 0.65 

Wuhai -1.31 -2.65 

Xilin Gol -0.04 -0.42 

Xing'an 0.43 1.43 

Ningxia Guyuan -0.23 1.29 

Shizuishan -0.66 -0.64 

Wuzhong 0.08 0.35 

Yinchuan -0.68 -1.98 

Zhongwei 0.66 1.64 

Qinghai Golog Tibetan 0.40 1.25 

Gyêgu Tibetan 0.42 0.78 

Haibei Tibetan 0.00 0.19 

Haidong 0.05 0.63 

Hainan Tibetan 0.03 0.58 

Haixi Mongol and Tibetan -2.74 -1.18 

Huangnan Tibetan 0.14 0.87 

Xining -1.58 -0.13 

Shaanxi Ankang 0.53 0.55 

Baoji 0.34 -0.19 

Hanzhong 0.47 -0.19 

Shangluo 0.85 0.76 

Tongchuan -0.24 -0.32 

Weinan 0.87 0.22 

Xi'an -1.20 -2.20 

Xianyang 0.23 0.12 
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Yan'an 0.67 -0.42 

Yulin 0.31 0.69 

Shandong Binzhou 0.97 0.14 

Dezhou 0.82 0.50 

Dongying -1.47 -2.11 

Heze 1.59 0.85 

Jinan -0.98 -1.93 

Jining 0.74 -0.28 

Laiwu 0.51 -0.22 

Liaocheng 1.43 0.61 

Linyi 1.38 0.68 

Qingdao -0.15 -1.56 

Rizhao 0.99 0.48 

Tai'an 0.87 -0.29 

Weifang 0.73 -0.10 

Weihai -0.09 -1.25 

Yantai 0.44 -0.58 

Zaozhuang 0.74 -0.25 

Zibo -0.18 -0.90 

Shanghai Shanghai -4.05 -4.81 

Shanxi Changzhi 0.15 -0.45 

Datong 0.15 -0.13 

Jincheng 0.17 -0.67 

Jinzhong 0.08 -0.12 

Linfen 0.05 -0.10 

Luliang 0.88 0.23 

Shuozhou 0.39 -0.33 

Taiyuan -2.12 -2.18 

Xinzhou 0.66 0.61 

Yangquan 0.27 -0.08 

Yuncheng -0.02 -0.27 

Sichuan Bazhong 1.04 1.44 

Chengdu -0.57 -0.95 

Dazhou 0.74 1.17 

Deyang 0.61 1.07 

Garzê Tibetan 0.91 1.54 

Guang'an 1.04 1.31 

Guangyuan 0.73 1.29 

Leshan 0.83 1.31 

Liangshan Yi 0.88 1.65 

Luzhou 0.65 1.05 
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Meishan 1.08 1.45 

Mianyang 0.68 0.94 

Nanchong 1.07 1.45 

Neijiang 1.10 1.02 

Ngawa Tibetan and Qiang 0.78 0.72 

Panzhihua -0.97 -0.29 

Suining 1.15 1.44 

Ya'an 0.48 0.63 

Yibin 0.73 1.04 

Zigong 0.76 0.65 

Ziyang 1.41 1.45 

Tianjin Tianjin -2.44 -3.57 

Xinjiang Aksu 0.34 0.49 

Altay -0.56 0.65 

Ürümqi -3.73 -3.31 

Börtala Mongol -1.10 0.52 

Bayin'gholin Mongol -1.35 -1.01 

Changji Hui -0.96 -0.09 

Hami -1.36 -0.82 

Ili Kazakh -0.39 0.06 

Karamay -5.99 -3.31 

Kashgar 0.55 0.62 

Khotan 0.91 1.04 

Kizilsu Kirghiz -0.19 0.68 

Shihezi -1.88 -1.97 

Tacheng -0.63 0.62 

Turfan -1.66 -0.33 

Xizang Chamdo 0.07 0.84 

Lhasa -0.31 0.11 

Nagchu 0.27 1.57 

Ngari -0.08 1.42 

Nyingtri -0.10 1.22 

Shannan 0.62 1.18 

Shigatse 0.12 0.90 

Yunnan Baoshan 0.31 1.21 

Chuxiong Yi 0.63 1.25 

Dêqên Tibetan 0.52 1.14 

Dali Bai 0.80 1.07 

Dehong Dai and Jingpo 0.08 0.94 

Honghe Hani and Yi 0.92 1.88 

Kunming -1.36 -1.17 
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Lijiang 0.92 1.39 

Lincang 0.46 1.57 

Nujiang Lisu 0.55 2.76 

Pu'er 0.55 2.02 

Qujing 0.59 0.85 

Wenshan Zhuang and Miao 0.57 1.49 

Xishuangbanna Dai 0.66 1.17 

Yuxi -0.31 0.48 

Zhaotong 0.41 1.71 

Zhejiang Hangzhou -1.57 -2.88 

Huzhou 0.17 -1.31 

Jiaxing -0.28 -1.31 

Jinhua -0.35 -1.20 

Lishui -0.05 -0.56 

Ningbo -1.20 -2.01 

Quzhou 0.14 0.06 

Shaoxing -0.13 -1.59 

Taizhou 0.29 -0.48 

Wenzhou -1.06 -2.04 

Zhoushan -0.69 -1.56 
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