
Chapter 10
Sustainability Risks
of Resource-Exhausted Cities in China:
A Principal Component Analysis

Huijuan Xiao, Long Zhang, and Jingzheng Ren

Abstract Resource-exhausted cities indicate the cities whose natural resources are
exhausting, and whose accumulated exploitation reserves have reached more than
70% of the recoverable reserves. These types of cities could encounter many sustain-
ability risks caused by the resource curse, such as slowing economic development,
difficulty in economic transformation, sluggish in fostering new growth points, rising
unemployment, insufficient innovation capacity, and deterioration of environmental
and ecological systems. However, the status of sustainability of resource-exhausted
cities is still unclear. Tofill this research gap, the study constructs an evaluation frame-
work covering economic, social, and environmental dimensions for the sustainability
of resource-exhausted cities. The principal component analysis is used to evaluate
the sustainability of resource-exhausted cities in China from 2005 to 2016. Results
show that (1) the sustainability of resource-exhausted cities sees an increasing trend.
However, the average sustainability of these cities is 64.297 in 2016 and there is
still much room for improvement; (2) Shuangyashan, Fushun, Fuxin, Shizuishan,
and Wuhai see the most significant risk in sustainability, at a mere 52.242, 52.447,
47.371, 34.062, and 4.113 in 2016, respectively; and (3) Panjin, Shuangyashan,
and Yichun-HLJ are the only three cities whose sustainability sees a decreasing
trend from 2005 to 2016. This indicates that Fuxin, Liaoyuan, and Shuangyashan
face relatively significant sustainability risks and prompt actions should be taken to
reverse this deterioration. The results obtained in this study can be a reference to take
stock of where resource-exhausted cities stand in terms of sustainability, identify the
potential risks, and further promote sustainable development.
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10.1 Introduction

Sustainable development is the development thatmeets the needs of the present gener-
ationwithout compromising the ability of future generations tomeet their own needs,
which is defined by the Brundtland commission in 1987 (Brundtland et al. 1987).
Here,we define sustainability risks as the factors that can pose risks to achieve a better
and more sustainable future of a given system (e.g., an economy, a corporation, and
a community). These sustainability risks can be related to economy, environment,
and society. Resource-exhausted cities indicate the cities whose natural resources are
exhausting and are in a later, late, or even end stages after continuous exploitation,
and whose accumulated exploitation reserves have reached more than 70% of the
recoverable reserves. China is not the only country that has resource-exhausted cities,
in fact, these types of cities exist in many countries around the world. According to
theNational Development and ReformCommission of China, 69 resource-exhausted
cities have been identified in this country (The Chinese Government 2011). These
cities may encounter many sustainability risks caused by the resource curse, which
have attracted great attention from many scholars and policy-makers (The Chinese
Government 2008; Zhang et al. 2018).

The term ‘curse of natural resource’ is proposed byAuty et al. (1998) denoting the
paradoxical situation that the development of resource-rich regions falls behind those
with relatively poor natural resources. Some studies have found that the resource
curse happens in China, especially in the central and western regions (Shao and
Qi 2009; Zhang and Brouwer 2020). Shao and Qi (2009) suggested that there was
a negative relationship between economic development and energy exploitation in
Western China since the 1990s. The sustainability risks of resource-exhausted cities
can be closely related to the negative impacts exerted by the resource curse. The
transmission effects of the resource curse can be categorized into three main mech-
anisms (Shao et al. 2020; Szalai 2018), that is Dutch disease, crowding-out effect,
and institutional weakening effect.

With China’s economic restructuring and fundamental change of supply–demand
in the resources market, resource-exhausted cities of China are faced with a series of
dilemmas regarding the economy, society, and environment (Dong et al. 2007; He
et al. 2017; Li et al. 2020). The dilemmas include slowing economic development,
difficulty in economic transformation, sluggish in fostering new growth points, rising
unemployment, insufficient innovation capacity, institutional issues, and deteriora-
tion of environmental and ecological systems. However, the sustainability risks of
resource-exhausted cities are still unclear, even though numerous studies have exam-
ined these risks for Chinese resource-based cities (Lu et al. 2016; Qin et al. 2019).

To fill this research gap, the study constructs a framework covering economic,
social, and environmental dimensions for the sustainability evaluation of resource-
exhausted cities in China. The sustainability risks of resource-exhausted cities are
multidimensional and complicated. The principal component analysis (PCA) is
capable of summarizing the information of large dimensions to smaller dimensions
while retaining thedata information to amaximumdegree (Liou et al. 2004;Vega et al.
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1998). As such, the study uses the PCA method to evaluate the sustainability risks
of resource-exhausted cities in China from 2005 to 2016. The results can be a refer-
ence to take stock of where resource-exhausted cities stand in terms of sustainability,
identify the potential risks, and further promote sustainable development.

10.2 Methodology and Data

10.2.1 The Principal Component Analysis

The PCA conducts dimension reduction by discarding the highly correlated data
information and generates irrelevant components. Thus, PCA can be regarded as
one of the most widely adopted statistical tools to reduce dimensions and improve
working efficiency for the dataset with many indicators. Considering these advan-
tages of PCA, it has been widely applied in many study areas for performance eval-
uation and ranking (Omrani et al. 2019; Zhu 1998). In this study, PCA is used to
extract information from the dataset with 14 indicators and reduce the dimensions
to 7. The procedure of PCA used to evaluate the sustainability risk is provided and
some steps are based on Zhu (1998).

Step 1 (Constructing the origin matrix X =
[
xi j

]
n×p). Suppose the dataset has n

decision-making unit (DMU) and p indicators. The origin matrix can be constructed
as follows.

X =

⎡

⎢⎢⎢
⎣

x11 x12 · · · x1p
x21 x22 · · · x2p
...

...
. . .

...

xn1 xn2 · · · xnp

⎤

⎥⎥⎥
⎦

(10.1)

where xi j is the value of indicator j under DMU i .

Step 2 (Transform all indicators to positive dimension indicator and obtain Y =[
yi j

]
n×p). The indicators in negative dimension mean the increase of the value of

these indicators could deteriorate the performance of DMUs. For consistency, we
need to transform the indicators in negative dimension to positive dimension, as
follows.

yi j =
{

xi j , for indicators in positive dimension
−xi j , for indicators in negative dimension

(10.2)

Step 3 (Standardize the matrix Y and obtain standardized matrix Z =
[
zi j

]
n×p).

Without loss of generality, all the variables should be standardized to ensure each of
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them has samplemean 0 and variance of 1. The standardization formula is as follows.

zi j = yi j − y j

s j
i = 1, 2, ..., n and j = 1, 2, ..., p (10.3)

Z =
[
zi j

]
n×p =

⎡

⎢⎢⎢
⎣

z11 z12 · · · z1p
z21 z22 · · · z2p
...

...
. . .

...

zn1 zn2 · · · znp

⎤

⎥⎥⎥
⎦

(10.4)

y and s j indicate the average value

⎛

⎝

n∑

i=1
yi j

n

⎞

⎠ and standard deviation

⎛

⎜
⎝

√
n∑

i=1
(yi j−y j)

2

n−1

⎞

⎟
⎠ of indicator j .

Step 4 (Construct the covariance matrix R = [
ri j

]
p×p). The covariance matrix

among the p indicators can be expressed as follows:

R = [
ri j

]
p×p =

ZT Z

n − 1
=

⎡

⎢
⎢⎢⎢⎢⎢⎢
⎢⎢
⎣

1
n−1

p∑

i=1
(zi1)

2 1
n−1

p∑

i=1
zi1zi2 · · · 1

n−1

p∑

i=1
zi1zip

1
n−1

p∑

i=1
zi2zi1

1
n−1

p∑

i=1
(zi2)

2 · · · 1
n−1

p∑

i=1
zi2zip

...
...

. . .
...

1
n−1

p∑

i=1
zipzi1

1
n−1

p∑

i=1
zipzi2 · · · 1

n−1

p∑

i=1

(
zip

)2

⎤

⎥
⎥⎥⎥⎥⎥⎥
⎥⎥
⎦

(10.5)

Matrix ZT is the transpose of the matrix Z . The diagonal elements of the matrix Z
indicate the variance of a specific indicator, while other elementsmean the covariance
between two indicators. If the covariance between indicators is high, this dataset is
more suitable for conducting PCA. To be noticed, the covariance matrix Z is equal
to its correlation matrix using the Pearson correlation method since the matrix Z
has been standardized in step 3. To be specific, the formula of correlation between
indicator a and indicator b is ρa,b = COV (a,b)

σaσb
where σa = 1 and σb = 1. Therefore,

ρa,b = COV (a,b)
σaσb

= COV (a, b).

Step 5 (Calculate the eigenvalue (λk) and eigenvector (�bk)). k indicates the newly
constructed components. The number of the components is the same as the number of
indicator j . The eigenvalue of the component k is denoted asλk , while the eigenvector
is denoted as bk . According to the properties of the matrix, the number of eigenvalues
of a matrix is the same as its order. The eigenvalues can be the same (the multiple
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roots). As such, we can obtain p eigenvalues and λ1 ≥ λ1 ≥ · · · ≥ λp ≥ 0, the
calculation process of the eigenvalue is as follows.

∣∣R − λIp
∣∣ = 0 (10.6)

where Ip is the identity matrix of size p. The eigenvector (�bk) corresponding to the
kth eigenvalue (λk) can be obtained as follows.

R�bk = λk �bk, �bk =

⎡

⎢⎢⎢
⎣

b1k
b2k
...

bpk

⎤

⎥⎥⎥
⎦

, k = 1, 2, ..., p (10.7)

Since the covariance matrix R is symmetric, these p eigenvectors are perpendic-
ular and not correlated with each other. Then we can obtain a matrix B = [

b jk
]
p×p

containing p eigenvectors as follows.

B = [
b jk

]
p×p =

[�b1, �b2, · · · , �bp
]

=

⎡

⎢⎢
⎢⎢⎢
⎣

b11 b12 · · · b1p
b21 b22 · · · b2p
.
.
.

.

.

.
. . .

.

.

.

bp1 bp2 · · · bpp

⎤

⎥⎥
⎥⎥⎥
⎦

, j = 1, 2, ....p, k = 1, 2, ..., p

(10.8)

Step 6 (determine the number of principal components to be considered). The number
of the components of the dataset is equal to the number of the eigenvalues/the eigen-
vectors/the indicators (p). The eigenvalues can be the same (the multiple roots), and
the eigenvectors obtained based on the multiple roots are also irrelevant since the
covariance matrix R is a real symmetric matrix. We choose the top m components
as the principal components based on the descending order of the eigenvalue that
can cumulatively express more than 80% of data variance. In other words, more than
80% of the information of the dataset can be explained based on these m principal
components.

m∑

k=1
λk

p∑

k=1
λk

=

m∑

k=1
λk

p
0.8, k = 1, 2, ...,m and m ≤ p (10.9)

Step 7 (Construct the decision matrix B0 =
[
b0jk

]

p×m
). Unit vector can ensure that

the importance level of indicators can be compared among different eigenvectors.
Therefore, we transformed the vector bk into a unit vector as follows.
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�b0k = �bk∣∣
∣�bk

∣∣
∣
=

⎡

⎢⎢⎢
⎣

b01k
b02k
...

b0pk

⎤

⎥⎥⎥
⎦

, k = 1, 2, ...,m and m ≤ p (10.10)

where
∣∣∣�bk

∣∣∣ is themagnitude (modulus) of the vector bk . b0k is the unit vector, indicating

that the square sum of its components equals 1. The absolute value of the component
in the vector b0k reflects the importance level of the corresponding indicators. The
decision matrix B0 can be constructed based on the following equation.

B0 = [
b0jk

]
p×m

=
[�b01, �b02, . . . , �b0m

]
=

⎡

⎢
⎢⎢
⎣

b011 b012 · · · b01m
b021 b022 · · · b02m
...

...
. . .

...

b0p1 b
0
p2 · · · b0pm

⎤

⎥
⎥⎥
⎦

(10.11)

To be noticed, the results obtained using SPSS software are the ‘component

matrix’ (F =
[ �f1, �f2, . . . , �fm

]

p×m
) with the loadings as its elements instead of

the decision matrix (B0 =
[�b01, �b02, . . . , �b0m

]

p×m
). The relationship between the

‘component matrix’ and the decision matrix is as follows.

�bk = �fk√
λk

, k = 1, 2, ...,m and m ≤ p (10.12)

Step 8 (Construct the primary component models). The principal component is a
linear combination of all the indicators that go through the origin. The m principal
components of DMU i can be formulated as follows.

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

Fi1 = b011zi1 + b021zi2 + · · · + b0p1zip
Fi2 = b012zi1 + b022zi2 + · · · + b0p2zip

...

Fim = b0pmzi1 + b0p2zi2 + · · · + b0pmzip

(10.13)

where Fi1, Fi2, . . . , Fim are them principal components of DMU i . zi1, zi2, . . . , zip
indicates the value of indicators from 1 to p for DMU i . The rank of principal
components (Fi1, Fi2, . . . , Fim) is based on the extent of variance included in the
components measured by eigenvalue (λ1 ≥ λ1 ≥ · · · ≥ λm). In other words, Fi1
includes the maximum variance of the dataset, while Fim has the minimum vari-
ance. These principal components are not correlated but perpendicular to each other,
indicating that they contain the information of different ‘statistical dimensions’.
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Step 9 (Evaluate the performance ofDMUs). The study constructs the comprehensive
component model of DMU i as follows (Zhu 1998).

Fi =
m∑

k=1

Wk × Fik = a1zi1 + a2zi2 + · · · + apzip,

i = 1, 2, ..., n, k = 1, 2, ...,m and m ≤ p

(10.14)

Wk =

⎧
⎪⎪⎨

⎪⎪⎩

λk/
m∑

k=1
λk, i f

p∑

j=1
b0jk ≥ 0

−λk/
m∑

k=1
λk, i f

p∑

j=1
b0jk < 0

(10.15)

The percentage of variance explained by each component represents its relative
importance. Therefore, the study uses the λk/

∑m
k=1 λk as the weight of the primary

component k, which is denoted as Wk . The sign of Wk depends on the
∑p

j=1 b
0
jk ,

and a negative sign will be added to Wk once
∑p

j=1 b
0
jk is negative. The sign change

does not change the explanation of the principal component (Zhu 1998). a j means
the importance level of the indicator j . Fi indicates the performance scores of DMU
i . The higher the Fi , the better the performance is. zi j is the standardized value of
the indicator j for DMU i based on step 3.

Step 10 (Standardize the performance of DMUs to make scores range from 0 to
100). The performance score of DMUs based on step 9 can be negative or posi-
tive, which makes it not straightforward to compare and demonstrate. Therefore,
we further standardize the scores to make them range from 0 to 100. The higher
the standardized scores of a DMU (F

′
i ), the better the sustainability is. 0 indicates

the worst performance, while 100 means the best performance. The standardization
process is as follows.

F
′
i = 100 ×

Fi − min
1≤i≤n

(Fi )

max
1≤i≤n

(Fi ) − min
1≤i≤n

(Fi )
(10.16)

where min
1≤i≤n

(Fi ) and max
1≤i≤n

(Fi ) indicate the minimum and maximum value among all

the Fi of DMU i .

10.2.2 Sample Cities and Data

Table 10.1 presents the indicators of three aspects, including economy, environment,
and society. 14 indicators are included in this study. The data of these indicators are
collected from the statistical yearbook of each city. The innovation capacity indicates
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Table 10.1 List of indicators regarding economy, society, and environment

Aspect No Indicator Unit Dimension

Economy 1 GDP per capita 10,000 Yuan
/person

Positive

2 GDP growth rate % Positive

3 Share of tertiary industry % Positive

Society 4 Share of the unemployed person % Negative

5 Ratio of teacher to total population % Positive

6 Share of foreign direct investments to
GDP

% Positive

7 Innovation capacity Unit/person Positive

8 Student–teacher ratio of regular higher
education institutions

– Positive

9 Number of public transportation
vehicles per 10,000 persons

Unit
/104 persons

Positive

Environment 10 CO2 emissions per capita Tonnes
/person

Negative

11 CO2 emissions intensity Tonnes/104 ¥ Negative

12 Volume of industry sulfur dioxide per
capita

Tonne
/person

Negative

13 Ratio of industrial solid wastes
comprehensively utilized

% Positive

14 Ratio of waste water centralized treated
of sewage work

% Positive

the patent per capita. The patent data are collected from the State Intellectual Property
Office of China, which includes invention patents, utility model patents, and design
patents. The GDP has been converted to the 2005 constant price based on the GDP
index. CO2 emissions are sourced from Chen et al. (2020).

According to ‘The Plan for the Sustainable Development of Chinese Resource-
based Cities (2013–2020)’ issued by the State Council, there are 262 resource-based
cities in China, among which 69 are resource-exhausted. In this study, owing to the
data unavailability at the county level, we only take the prefectural level cities into
consideration. A prefectural-level city doesn’t indicate the usual meaning of the term
(i.e., urban settlement), but means an administrative unit that with not only urban
area but rural area. Daxinganling city is also not included because of insufficient
data. Thus, a total of 24 prefectural level cities are studied and some descriptions of
these 24 cities can be found in Table 10.2.
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Table 10.2 List of resource-exhausted cities at the prefectural level of China

No Province City Note Establishment time

1 Inner Mongolia Wuhai Coal 2011

2 Liaoning Fushun Coal 2009

3 Liaoning Fuxin Coal 2008

4 Liaoning Panjin Crude oil 2008

5 Jilin Liaoyuan Coal 2008

6 Jilin Baishan Coal 2008

7 Heilongjiang Hegang Coal 2011

8 Heilongjiang Shuangyashan Coal 2011

9 Heilongjiang Yichun Forest 2008

10 Heilongjiang Qitaihe Coal 2009

11 Anhui Huaibei Coal 2009

12 Anhui Tongling Copper 2009

13 Jiangxi Jingdezhen Porcelain 2009

14 Jiangxi Pingxiang Coal 2008

15 Jiangxi Xinyu Iron 2011

16 Shandong Zaozhuang Coal 2009

17 Henan Jiaozuo Coal 2008

18 Henan Puyang Crude oil 2011

19 Hubei Huangshi Iron, copper, coal, and
wollastonite

2009

20 Guangdong Shaoguan Coal and iron 2011

21 Sichuan Luzhou Natural gas 2011

22 Tibet Tongchuan Coal 2009

23 Gansu Baiyin Silver and copper 2008

24 Ningxia Shizuishan Coal 2008

10.3 Structure Detection of Dataset

Table 10.3 shows the results of Bartlett’s test and Kaiser–Meyer–Olkin measure,
which are tested using the SPSS software. The Kaiser–Meyer–Olkin measure is a

Table 10.3 Results of the Kaiser–Meyer–Olkin measure

KMO and Bartlett’s Test

Kaiser–Meyer–Olkin Measure of Sampling Adequacy 0.630

Bartlett’s Test of Sphericity Approx. Chi-Square 1620.822

df 91

Sig 0.000
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Table 10.4 Interpretation of
the results using
Kaiser–Meyer–Olkin measure
(Dziuban and Shirkey 1974)

KMO measure Meaning

KMO ≥ 0.9 Marvellous

0.8 ≤ KMO < 0.9 Meritorious

0.7 ≤ KMO < 0.8 Middling

0.6 ≤ KMO < 0.7 Mediocre

0.5 ≤ KMO < 0.6 Miserable

KMO < 0.5 Unacceptable

test that shows the share of variance in the indicators which could be caused by
underlying factors (Dziuban and Shirkey 1974). The result of the Kaiser–Meyer–
Olkin measure ranges from 0 to 1 (Dziuban and Shirkey 1974). It is generally more
convincing to conduct PCA analysis if the value of the result becomes higher. If
the value is larger than 0.6, indicating the sample complies with the requirement of
data structure and can use the PCA (Dziuban and Shirkey 1974). For Bartlett’s test
of sphericity, the null hypothesis is that the correlation matrix of the dataset is an
identity matrix. If it cannot reject the null hypothesis, it means that your indicators
are not related and thus it is not appropriate for structure detection. Small values (less
than 0.05) of the significance level indicate that factor analysis may be useful with
this dataset.

The results in Table 10.3 show that it is suitable for the dataset to conduct structure
detection since the value of the Kaiser–Meyer–Olkin measure is 0.630 and the null
hypothesis is rejected at a 1% significant level.

Table 10.4 can be a reference to show the meaning of value based on the Kaiser–
Meyer–Olkin measure.

Table 10.5 shows the correlationmatrix of 14 indicators. The order of the variables
shown in Table 10.5 is the same as in Table 10.1. The bottom left triangle indicates
the Pearson correlation, while the top right triangle means the Spearman correlation.
The eigenvalue and eigenvector are based on the correlation matrix measured by
the Pearson correlation and this matrix is symmetric. The symbols *, **, and ***
indicates the value is significant at 10%, 5%, and 1% levels, respectively. The value
in the matrix shows that many indicators are significantly correlated with each other,
and the PCA can be used to reduce the correlation and simplify the dimensions.

10.4 The Weights and Sustainability Performance Based
on the Principal Component Analysis

Table 10.6 shows the communalities of 14 indicators. Extraction commonalities can
be used to evaluate the variance of each indicator that can be extracted by the factors
in the PCA. If the extraction is low, this indicator is not fit well with the factor solution
and can be discarded in further analysis. The results in Table 10.6 show that the initial
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Table 10.6 Communalities of 14 indicators

No Indicator Initial Extraction

1 GDP per capita 1 0.887

2 GDP growth rate 1 0.736

3 Share of tertiary industry 1 0.842

4 Share of unemployed person 1 0.760

5 Ratio of teacher to total population 1 0.854

6 Share of foreign direct investments to GDP 1 0.830

7 Innovation capacity 1 0.817

8 Student–teacher ratio of regular higher education institutions 1 0.896

9 Number of public transportation vehicles per 10,000 persons 1 0.767

10 CO2 emissions per capita 1 0.867

11 CO2 emissions intensity 1 0.764

12 Volume of industry sulfur dioxide per capita 1 0.766

13 Ratio of industrial solid wastes comprehensively utilized 1 0.822

14 Ratio of wastewater centralized treated of sewage work 1 0.750

variance included in the dataset is 1 for all indicators. The extraction commonalities
in the PCA are fit well, with the lowest level at 0.736 for the indicator ‘GDP growth
rate’.

Table 10.7 shows the total variance explained for each component. The leftmost
section of Table 10.7 demonstrates the variance explained by the 14 components.
There are 14 components in total, among which five components have eigenvalues
larger than 1. The share of variance is equal to the share of the corresponding eigen-
value in the total eigenvalues considered. The total value of the eigenvalues is 14,
and thus the share of variance for the first component is 24.226%, which means that
24.226% of the variance in the dataset can be explained by this component. For the
second component, 19.541% of the variance can be explained using this component.
The share of cumulative variance explained by the first and the second components
is 43.767%.

The second section of Table 10.7 shows the variance that can be explained by
the extracted components before conducting rotation. The cumulative variability
explained by the top seven components in the extracted solution is about 81.131%,
which is the same as the initial solution. Thus, there is no loss in the variation
explained by the initial solution. In the case there is a difference between the values in
the first section and the second section, it can be interpreted that the latent components
are unique to the original variables and variability that simply cannot be explained
by the component model. This study considers the top seven components as the
principal component, which take up 81.131% of the variability of the dataset. The
rightmost section of this table shows the variance explained by the extracted factors
after rotation. The rotated factor model makes some small adjustments for all these
7 components.
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The results of the decisionmatrix can be found in Table 10.8. There are seven prin-
cipal components considered, each of which has an eigenvalue and an eigenvector
(Table 10.8). Table 10.9 shows the component matrix obtained using SPSS software
instead of the MATLAB code shown in Sect. 10.6. The results obtained using SPSS
software are the ‘component matrix’ (F = [

f1, f2, . . . fm
]
p×m) instead of the deci-

sion matrix (B0 = [
b01, b

0
2, . . . b

0
p

]
p×m

). The ‘component matrix’ can be transferred

to the decision matrix based on �bk = �fk√
λk
, as shown in step 7 in Sect. 10.2.1. Based

on Table 10.8, the first principal component (PC1) is mainly explained by Var 10
(0.490), followed by Var 9 (–0.410), and Var 12 (0.394). Var 10, Var 9, and Var
12 indicate ‘CO2 emissions per capita’, Number of public transportation vehicles
per 10,000 persons’, and ‘Volume of industry sulfur per capita’, respectively. For
the second principal component (PC2), it is primarily composed of Var 7 (–0.394),
Var 14 (–0.369), and Var 1 (–0.369). Var 7, Var 14, and Var 1 means ‘Innovation
capacity’, ‘Ratio of wastewater centralized treated of sewage work’, and ‘ GDP per
capita’, respectively. The top three compositions of each principal component have
been highlighted in bold as shown in Table 10.8.

Table 10.10 shows the transformation matrix of the seven principal components.
This matrix can be used to demonstrate the rotation level of the component matrix
comparedwith theunrotated componentmatrix. If the values of off-diagonal elements
are small, it indicates there are smaller rotations between these two matrices. By
contrast, the large values in the off-diagonal elements mean larger rotations.

Table 10.11 shows the sustainability performance of 24 resource-exhausted cities
from 2005 to 2016, while Table 10.12 shows the sustainability performance after

Table 10.8 Decision matrix of the seven principal components

PC1 PC2 PC3 PC4 PC5 PC6 PC7

Eigenvalue 3.392 2.736 1.326 1.182 1.032 0.918 0.773

Var1 −0.355 −0.369 0.127 −0.160 0.040 0.028 0.210

Var2 0.149 0.313 0.463 0.023 0.191 −0.276 0.034

Var3 −0.122 −0.075 −0.618 0.176 0.383 −0.246 −0.183

Var4 0.327 −0.022 0.020 −0.324 −0.437 0.023 0.308

Var5 −0.061 0.276 −0.044 −0.599 0.066 −0.337 −0.356

Var6 0.072 −0.218 0.453 −0.086 0.555 0.190 −0.258

Var7 0.014 −0.394 −0.178 −0.346 0.154 −0.292 0.368

Var8 −0.070 0.276 −0.175 −0.244 0.220 0.733 0.147

Var9 −0.410 −0.095 0.179 0.296 0.016 −0.024 0.182

Var10 0.491 0.057 −0.060 0.055 0.166 −0.060 −0.048

Var11 0.322 −0.330 0.155 0.055 0.188 −0.082 0.218

Var12 0.394 −0.184 −0.234 0.026 0.174 0.211 0.041

Var13 0.177 −0.337 0.015 0.225 −0.367 0.102 −0.504

Var14 −0.133 −0.369 0.058 −0.384 −0.107 0.155 −0.370
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Table 10.9 Component Matrix

Component

Variable 1 2 3 4 5 6 7

GDP per capita −0.653 0.61 0.147 0.174 0.041 0.027 −0.185

GDP growth rate 0.274 −0.518 0.533 −0.025 0.194 −0.265 −0.03

Share of tertiary industry −0.225 0.124 −0.712 −0.191 0.389 −0.235 0.161

Share of unemployed
person

0.603 0.036 0.023 0.352 −0.444 0.022 −0.271

Ratio of teacher to total
population

−0.113 −0.457 −0.051 0.651 0.067 −0.323 0.313

Share of foreign direct
investments to GDP

0.132 0.36 0.521 0.093 0.564 0.182 0.227

Innovation capacity 0.025 0.652 −0.205 0.377 0.156 −0.28 −0.324

Student–teacher ratio of
regular higher education
institutions

−0.129 −0.456 −0.201 0.266 0.223 0.702 −0.129

Number of public
transportation vehicles
per 10,000 persons

−0.755 0.158 0.206 −0.322 0.016 −0.023 −0.16

CO2 emissions per
capita

0.904 −0.094 −0.069 −0.06 0.169 −0.058 0.042

CO2 emissions intensity 0.592 0.546 0.178 −0.06 0.191 −0.079 −0.192

Volume of industry
sulfur dioxide per capita

0.726 0.304 −0.27 −0.029 0.176 0.202 −0.036

Ratio of industrial solid
wastes comprehensively
utilized

0.326 0.557 0.017 −0.245 −0.373 0.098 0.443

Ratio of waste water
centralized treated of
sewage work

−0.244 0.61 0.067 0.417 −0.108 0.148 0.325

standardization. The average sustainability of these cities is 53.783 in 2015, while the
level increases to 64.297 in 2016 (see Table 10.12). However, there is still much room
for improvement. Among the 24 cities, Shuangyashan, Fushun, Fuxin, Shizuishan,
and Wuhai see the most significant risk in sustainability, at a mere 52.242, 52.447,
47.371, 34.062, and 4.113 in 2016 (see Table 10.12).

Figure 10.1 compares the sustainability level of the 24 resource-exhausted cities
in 2005 with that in 2016. Most of the resource-exhausted cities see an increase in
sustainability from2005 to 2016, except Panjin, Shuangyashan, andYichun-HLJ (see
Fig. 10.1). This indicates that Panjin, Shuangyashan, and Yichun-HLJ face signif-
icant sustainability risks and prompt actions should be taken to reverse this deteri-
oration. Panjin, Shuangyashan, and Yichun-HLJ are located in Liaoning province,
Heilongjiang province, andHeilongjiang province, respectively. These twoprovinces
belong toNortheast China and are used to be the old industrial base of China. Because
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Table 10.10 Component transformation matrix

Component 1 2 3 4 5 6 7

1 0.935 −0.122 −0.006 0.136 0.241 0.087 0.164

2 −0.047 0.583 0.549 0.397 −0.065 0.28 0.341

3 −0.297 −0.217 −0.173 0.009 0.657 0.586 0.242

4 0.105 0.244 0.466 −0.71 0.32 0.066 −0.319

5 0.082 −0.374 0.197 −0.045 −0.536 0.673 −0.269

6 0.054 0.373 −0.275 0.396 0.197 0.166 −0.748

7 0.121 0.51 −0.581 −0.401 −0.279 0.291 0.255

Extraction Method: Principal Component Analysis

Rotation Method: Varimax with Kaiser Normalization

of the decline of its once-powerful resource-related sectors, the Northeast region is
named the Rust Belt of China (Campbell 2005; Xiao et al. 2019a), whose devel-
opment path is different from the Yangtze River Delta region (Xiao et al. 2019b).
Many cities in Northeast China used to be abundant in natural resources. However,
after decades of the exploitation of natural resources, many cities are facing resource
depletion problems and Panjin, Shuangyashan, andYichun-HLJ are the typical cases.
The sustainability risks of these cities threaten the long-term development and inte-
grated measures should be taken to improve sustainability and reduce the risk of
deterioration.

10.5 Conclusions and Policies for Mitigating Sustainability
Risks

Considering the significant sustainability risks faced by the resource-exhausted cities,
the study constructs an evaluation framework covering economic, social, and envi-
ronmental dimensions to evaluate the sustainability of resource-exhausted cities
and identify potential risks. The PCA is used to evaluate the sustainability risks
of 24 resource-exhausted cities in China from 2005 to 2016. The main findings are
as follows:

The sustainability of resource-exhausted cities sees an increasing trend. The
average sustainability of these cities is 53.783 in 2015, while the level increases to
64.297 in 2016. However, there is still much room for improvement. Among the 24
cities, Shuangyashan, Fushun, Fuxin, Shizuishan, andWuhai see themost significant
risk in sustainability, at a mere 52.242, 52.447, 47.371, 34.062, and 4.113 in 2016.

Panjin, Shuangyashan, and Yichun-HLJ are the only three cities whose sustain-
ability sees a decreasing trend from 2005 to 2016. This indicates that Panjin,
Shuangyashan, and Yichun-HLJ face relatively significant sustainability risks and
prompt actions should be taken to reverse this deterioration. These three cities are
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Fig. 10.1 The sustainability scores of 24 resource-exhausted cities in 2005 and 2016. The value in
the figure is based on Table 10.12

located in theNortheast region, theRustBelt ofChina.Many cities inNortheastChina
used to be abundant in natural resources. However, after decades of the exploitation
of natural resources, many cities are facing resource depletion problems, and Panjin,
Shuangyashan, andYichun-HLJ are the typical cases. The sustainability risks of these
cities could threaten the long-term development and integrated measures needed to
be taken to improve sustainability and reduce the risk of deterioration.

Some policies are proposed to mitigate the sustainability risks of resource-
exhausted cities. First, policy-makers should keep a close eye on the economic,
social, and environmental development of resource-exhausted cities. The evaluation
framework used in this study can be a reference to take stock of where resource-
exhausted cities stand in terms of sustainability, identify the potential risks, and
further promote sustainable development. Second, for the laggard cities in sustain-
ability, relevant policies should be implemented to mitigate the sustainability risks
and then reverse the deterioration process. For the other cities, they should plan in
advance to avoid getting into similar situations.
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10.6 Code Availability

The MATLAB code used to evaluate the performance of the DUMs using principal
component analysis (PCA) is published for transparency, as follows.

% EvaluaƟng and ranking the performance of DMU using the Principal Component Analysis
% Step 1: Import data and construct the origin matrix Y
% Note (1): Please put the 'Table.xlsx' file in the same path as the code file.
% Note (2): Please make sure all the indicators are in posiƟve dimensions
% Note (3): The format of excel file: the first row is variable names.
clear
Y=xlsread('Table.xlsx','Sheet1');

% Step 2: Standardize the matrix Y and obtain matrix Z
Z=zscore(Y)

% Step 3: Construct the covariance matrix R
R = cov(Z);

% Step 4: Calculate the eigenvalue (lamda) and eigenvector (B)
% Note (1): The eigenvector has been automaƟcally transformed to unit vector
% Note (2): The code 'svd' and 'eig' return results in different order (one sorted large to small, the other in 
reverse):
[B,lamda_matrix] = svd(R);
lamda = diag(lamda_matrix);

% Step 5: Determine the number of principal components to be considered
fprinƞ('CumulaƟve variance: %6.3f \n', cumsum(lamda)/sum(lamda));
k = find((cumsum(lamda)/sum(lamda)) > 0.8, 1, 'first');

% Step 6: Construct the decision matrix b 
b = B(:, 1:k);

% Step 7: Construct the comprehensive component models
W = zeros(k, 1);
Sum_b = sum(b);
for i=1:k

if Sum_b(i)>0
W(i)=lamda(i) / sum(lamda(1:k));

else
W(i)=-lamda(i) / sum(lamda(1:k));

end
end
a = zeros(size(Y,2), 1);
for i=1:size(Y,2)

a(i) = a(i) + b(i,:)*W;
end
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% Step 8: Evaluate the performance score of the DMU
score = Z * a
% Step 9: Standardize the performance of DMUs to make scores range from 0 to 100
for i=1:size(Y,1)

score2(i) = 100*(score(i)-min(score))/(max(score)-min(score));
end
fprinƞ('Scores is: %6.3f \n', score2);
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