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Abstract: Urban development is facing increasingly complex disturbances. Assessing large cities’
urban resilience is important for improving their ability to withstand disturbances and promoting
sustainable development. Therefore, this paper establishes an improved assessment model for urban
resilience based on the driving force–pressure–state–impact–response (DPSIR) and data envelopment
analysis (DEA) model. The Malmquist index, Dagum Gini coefficient, and Markov chain were
sequentially used for spatiotemporal evolution and differential resilience analysis. Then, 105 large
Chinese cities were selected as case studies. The results indicate their overall resilience is relatively
high; each year’s average resilience efficiency can achieve DEA effectiveness. The distribution pattern
of resilience level presents a healthy olive-shaped structure. However, there is also a significant
difference between the two poles. During the research period, the combined effect of technological
efficiency improvement and technological progress resulted in the overall resilience slowly improving,
and this process was more driven by technological innovation. At the same time, the overall regional
difference in resilience also shows a narrowing trend, and the current spatial differences mainly
come from the difference within subregions and super-density. In future transfer predictions, the
resilience of large cities will show good stability with a higher probability of maintaining stability; if
the resilience undergoes a transition, the probability of an increase will be higher than a decrease.
Based on the life cycle process of resilience, this study selects indicators that can characterize the
level of resilience according to the DPSIR model, which comprehensively reflects the characteristics
of urban resilience. This study’s results can provide particular reference values for urban disaster
response emergency planning and sustainable development construction, and it also provides new
ideas for the assessment research of urban resilience.

Keywords: urban resilience; DPSIR-DEA model; assessment model; Dagum Gini coefficient

1. Introduction

With the gradual acceleration of global urbanization, large-scale population aggrega-
tion has brought vitality to the development of cities. However, it has also significantly
increased the pressure on various cities’ infrastructures. The capability of infrastructure is
complex to match the population’s needs, which has brought a series of potential crises to
rapidly developing cities [1]. At the same time, due to the environmental damage caused
by modern human activities, extreme weather has occurred frequently. For example, Henan
Province in China was hit by a hefty rainstorm in July 2021, which affected 14.78 million
people. The negative consequences caused by rapid urbanization and frequent natural
disasters seriously hinder the normal development of cities, directly promoting urban
resilience research [2]. Some scholars pointed out that the different abilities of cities to cope
with external risks stem from the difference in their resilience [3]. Resilience refers to the
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ability of a system to absorb risks to the maximum extent, maintain its original functional
stability, and gradually adapt to risks when facing external shocks [4]. The higher the level
of resilience, the greater the system’s ability to resist external disturbances. The United
Nations Human Settlements Programme pointed out that urban resilience construction
should be a critical global agenda [5]. Therefore, measuring urban resilience is significant
for promoting high-quality urban development.

Meanwhile, cities with populations exceeding 1 million or even 10 million have
gradually emerged worldwide. For example, Tokyo is one of the world’s most populous
and urbanized cities, reaching about 38 million people in 2022 [6]. New Delhi, Shanghai,
and São Paulo are mega cities with populations of over 20 million people. By the end
of 2020, there were 532 cities worldwide with a population of over one million. The Chinese
government defined a large city as one with a permanent population of over 1 million
people in urban areas. By 2022, China already had 105 large cities. Compared with ordinary
cities, large cities are usually the central cities within a specific area, with a larger population
and more important political and economic status. Various complex urban activities and the
interaction between cities are becoming increasingly frequent, increasing the importance of
large cities daily. However, the inability of infrastructure to meet the population’s needs
and the increasing environmental damage have brought various pressures to the resilience
of large cities. Therefore, it is necessary to accelerate the research on the resilience of large
cities to improve their stability. Some scholars have noticed this issue and begun to explore
the urban planning [7] and disaster resistance capabilities [8] of some large cities.

Resilience was initially applied in engineering to describe the stability of materials
and their performance in restoring their original state under external forces [9]. Recently,
resilience theories have been applied in urban research. Scholars have engaged in heated
discussions on the connotation of urban resilience [10]. For example, Zhang et al. [11]
define urban resilience as the ability of urban systems to cope with uncertainties such as
external disturbances or long-term changes, emphasizing the self-organizing processes of
cities in the face of disasters, including absorbing losses and gradually adapting to risks.
Vargas et al. [12] define urban resilience as the ability of the social ecosystem extended by a
city to maintain essential structural functions in the event of disturbances.

In order to better determine the ability of cities to cope with external risks and more
accurately evaluate the level of urban resilience, scholars have conducted studies on es-
tablishing an evaluation index system for urban resilience. The overall impact of urban
subsystems such as the economy, society, and infrastructure [13] on urban resilience is
mainly based on urban characteristics and elements. For example, Xun et al. [14] con-
structed an urban resilience evaluation index system based on dimensions such as economy,
society, ecological environment, and municipal facilities. Some studies analyze the re-
silience process in response to external risks in cities, including the stages of pre-disaster
warning, disaster resistance, post-disaster recovery, and adaptation that cities experience
when disasters invade cities [15]. Selecting indicators based on urban behaviors at different
stages can more accurately reflect the role of urban resilience in risk impact. For example,
Zhang et al. [16] developed a comprehensive flood resilience assessment framework based
on the pressure–state–response (PSR) model, which can systematically evaluate the perfor-
mance of cities in flood disasters. Ji et al. [17] applied the PSR model to study the resilience
of floods from the pressure caused by disaster factors to the urban state during disasters
and then to the post-disaster urban recovery and resilience improvement.

Resilience evaluation mainly relies on various quantitative evaluation methods. Most
studies adopt a comprehensive weighting method that combines weighting and quantita-
tive analysis [18]. For example, Moghadas et al. [19] applied the analytic hierarchy process
(AHP) and technique for order preference by similarity to an ideal solution (TOPSIS) model
to evaluate Tehran, Iran’s flood disaster resistance capacity. This method is limited to
relying on a subjective weighting process. Therefore, objective weights such as the entropy
weighting method are often used to avoid subjective errors. Zhou et al. [20] comprehen-
sively applied the TOPSIS, entropy weight method, and coupling coordination model
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to evaluate the resilience of six cities along the Sichuan–Tibet Railway in China. Some
studies have attempted to introduce more ideas for urban resilience assessment, including
image analysis using radar images [21], comprehensive models based on geographic in-
formation systems and AHP [22], and hybrid methods combining network analysis and
decision-making experiments [23].

Based on the above discussion, it can be found that scholars have begun to pay
attention to the resilience of large cities. However, the existing research on establishing an
evaluation index system lacks the combination of urban resilience characteristics and rarely
pays attention to the balance of internal subsystems of resilience while evaluating resilience
levels. Meanwhile, the emphasis is only on the balance of subsystems while neglecting
efficiency. In that case, it will significantly affect the construction of urban resilience [24].
The driving force–pressure–state–impact–response (DPSIR) model has been widely used
in evaluating complex systems due to its comprehensiveness, holism, and flexibility. It
can fully characterize the relationships between various elements through causal chains
and effectively evaluate the proper level of the target object. This model is based on
complete logical relationships that could evaluate system changes’ causes, processes, and
consequences [25]. Structural checks can also be provided during the evaluation process,
and feedback can be provided promptly [26]. In addition, the data envelopment analysis
(DEA) model can meet the efficiency evaluation with multiple input–output units without
the need to determine indicators’ weights, and the evaluation results are objective and
accurate. Hence, they are especially suitable for the evaluation research of complex systems
such as cities [27]. Therefore, this study attempts to analyze the resilience process and
explore the characteristics of urban resilience based on the balanced perspective of internal
subsystems, aiming to construct an urban resilience assessment model with an integrated
perspective and comprehensive elements. This research will select evaluation indicators
based on the DPSIR model that fit the characteristics of the resilience stage, Define the input–
output properties of resilience elements in combination with the DEA model, leverage the
advantages of the DEA model that does not require determining indicator’s weights and
can handle multiple input–output elements, ultimately establish an objective and effective
urban resilience evaluation indicator system. Selecting 105 large cities in China for a case
study, the research object covers cities from all directions, types, and grades in China,
analyzing the distribution and dynamic evolution of their resilience from 2017 to 2021.
Finally, further study of dynamic evolution and difference analysis using the Malmquist
index, Dagum Gini coefficient, and Markov chain propose reasonable suggestions based
on the shortcomings of current resilience construction, which can obtain more universal
resilience development laws.

The contributions of this paper are as follows: (1) under the guidance of urban re-
silience theory, based on the DPSIR model, indicators were selected from the five dimen-
sions of “driving force–pressure–state–impact–response” to construct an urban resilience
evaluation index system that reflects the process of resilience; (2) based on the resilience
evaluation index system, DEA model was used to measure the resilience level and establish
an efficient and accurate urban resilience assessment model; and (3) this study analyzes
the dynamic evolution and spatiotemporal characteristics of urban resilience using the
Malmquist index, Dagum Gini coefficient, and Markov chain.

2. The Development of the Assessment Model for Urban Resilience

This study establishes an urban resilience assessment model for large cities based on
the DPSIR-DEA model, and its framework is shown in Figure 1.
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2.1. Establishment of the Urban Resilience Evaluation Index System
2.1.1. DPSIR Model

The DPSIR model is an evaluation model proposed by the European Environment
Agency that reflects the causal relationship between human activities and the environ-
ment [28]. It is widely used to evaluate the internal logic and impact relationships among
multiple factors [29]. The DPSIR model provides an analytical framework that divides
the evaluation indicators into five dimensions: ‘driving force’, ‘pressure’, ‘state’, ‘impact’,
and ‘response’. It can capture the logical relationships between various elements [30] and
achieve the integration of human activities, socio-economic factors, and the ecological
environment into a complete system [31]. Importantly, it can provide a detailed description
of the unity and opposition between various elements while analyzing the limiting factors
from a causal and relational perspective.

By analyzing the characteristics and behavioral patterns of the DPSIR model, it can be
found that its application in urban resilience is consistent with the resilience characteristics.
It can be combined with urban disaster response, disaster resistance, and post-disaster
recovery [32]. Moreover, as urban resilience is a complex system composed of multiple
subsystems, each subsystem also contains various functional elements, so any change
in these elements will affect the remaining elements’ stability. Therefore, when evaluat-
ing urban resilience, if we want to analyze its mechanism further, there is a need for a
comprehensive and logical model. Commonly logical models include PSR and driving
force–state–response (DSR) models [32]. However, they have limitations, such as limited
dimensions and insufficient analysis of dynamic mechanisms, which cannot accurately
present the process of resilience improvement. The DPSIR model is obtained by optimizing
the PSR and DSR models. It compensates for the two models’ respective shortcomings. It
adds a new dimension, ‘impact’, further enriching the model’s logic.

In the DPSIR model, the five subsystems of driving force, pressure, state, impact, and
response are connected through the chain of transmitting information and data [33]. Based
on the characteristics of the DPSIR model and its application in urban resilience, this article
designs a framework as shown in Figure 2.
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In Figure 2, the dimensions of the DPSIR model are interrelated, with solid lines indicating
direct connections and dashed lines indicating indirect connections. In applying the DPSIR
model to urban resilience, the driving force (D) is the fundamental force that starts the
resilience process, including factors that trigger risk changes and change stable states, such as
socio-economic development. Due to changes in the driving force, the original stable state of
the system and cities may be affected by various interferences, resulting in pressure (P). State
(S) refers to a city’s state after being simultaneously driven by the driving force and pressure.
It should be able to reflect the level of urban development intuitively and the residents’ living
conditions and, to some extent, evaluate the city’s ability to recover to its original level in
resilient disturbances. The state changes impact society and the ecological environment (I),
which can evaluate resilience and adjust the resource investment structure based on the results.
Response (R) refers to the system’s attempt to improve urban resilience by summarizing
experience and optimizing the resilience mode [34,35].

2.1.2. DPSIR-DEA Model

As a complex coupled system, urban resilience has numerous evaluation indicators
and a large amount of data, making its evaluation difficult. The currently widely used
evaluation models, including the TOPSIS model [20], mostly require weighting or data
processing, which inevitably leads to errors and makes it difficult to obtain accurate eval-
uation results. However, the advantage of the DEA model is that it precisely meets the
complex systems’ requirements. It distinguishes the nature of indicators into input and
output, obtains evaluation results based on raw data, avoids the interference of errors in
the evaluation process, and has the advantages of high efficiency and accuracy. The DEA
model can handle complex practical problems without strict parameter limitations and is a
powerful tool for evaluating and improving the performance of decision units.

Based on the DEA model, it is necessary to define the properties of the DPSIR model’s
subsystem to distinguish the input–output properties of factors. The initial stage combines
urban resilience characteristics, driving forces, and pressure subsystems. Many investments
are required to promote the beginning of the resilience process. Therefore, they belong to
input indicators. State and Impact subsystems that reflect infrastructure, economic, and
social levels can evaluate the final results of resilience construction, so they should belong
to output indicators. The response subsystem is the final stage. It uses measures such as
adjusting resource investment structure or optimizing resilience improvement strategies to
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improve resilience. Therefore, it also belongs to the input indicator. The DPSIR-DEA model
is shown in Figure 3:
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In order to demonstrate the spatiotemporal dynamics of the DPSIR model, its circular
structure is further decomposed into linear structures and arranged in order of multiple
stages [30], as shown in Figure 4. During the response phase, while providing feedback
on the results of this stage, it can also summarize the experience and promote the start of
the next resilience stage. Therefore, resilience construction is a cyclical process, and the
resilience level can be improved to a certain extent after each complete stage.

Land 2024, 13, x FOR PEER REVIEW  6  of  24 
 

improvement strategies to improve resilience. Therefore, it also belongs to the input indi-

cator. The DPSIR-DEA model is shown in Figure 3: 

 

Figure 3. DPSIR-DEA model. 

In order to demonstrate the spatiotemporal dynamics of the DPSIR model, its circular 

structure is further decomposed into linear structures and arranged in order of multiple 

stages [30], as shown in Figure 4. During the response phase, while providing feedback 

on the results of this stage, it can also summarize the experience and promote the start of 

the next resilience stage. Therefore, resilience construction is a cyclical process, and the 

resilience level can be improved to a certain extent after each complete stage. 

 

Figure 4. Multi-stage DPSIR-DEA model. 

2.1.3. Urban Resilience Evaluation Index System 

The various urban elements and subsystems are closely connected, and urban resili-

ence emphasizes coordination. Therefore, this study establishes an evaluation index sys-

tem based on  the DPSIR-DEA model.  Indicators reflecting  the process of resilience  im-

provement are selected, and their input–output properties are defined according to the 

DEA model. Finally, four elements, including economy, society, ecology, and infrastruc-

ture, are selected based on  the definition and analysis of each dimension of  the DPSIR 

model in the previous. The detailed indicators are shown in Table 1. 

   

Figure 4. Multi-stage DPSIR-DEA model.

2.1.3. Urban Resilience Evaluation Index System

The various urban elements and subsystems are closely connected, and urban re-
silience emphasizes coordination. Therefore, this study establishes an evaluation index
system based on the DPSIR-DEA model. Indicators reflecting the process of resilience
improvement are selected, and their input–output properties are defined according to the
DEA model. Finally, four elements, including economy, society, ecology, and infrastructure,
are selected based on the definition and analysis of each dimension of the DPSIR model in
the previous. The detailed indicators are shown in Table 1.
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Table 1. Urban resilience evaluation index system.

Property Layer Criterion Layer Element Layer Index Layer Unit Reference

Input Driving force

Economy
Proportion of the tertiary industry % [8,20]

General public budget revenue Ten thousand yuan [8,36]

Society
Urbanization rate % [20,37]

Built-up Area Square Kilometer [2,38]

Infrastructure
Number of hospitals Piece [1,36]

Per capita road area Square meter [18,39]

Input Pressure

Economy
GDP growth rate % [1,20]

Growth rate of fixed assets
investment % [17,20]

Society Total electricity consumption 10,000 kWh [1,18]

Infrastructure
Total natural gas supply 10,000 cubic meters [3,32]

Drainage pipeline length kilometer [17,20]

Output State

Society
Number of beds Piece [17,39]

Urban unemployment rate % [8,35]

Infrastructure
Per capita park green space area Square meter [8,20]

Number of universities Piece [15,32]

Ecology
Total sulfur dioxide emissions ton [8,36]

The total amount of industrial
wastewater discharge 10,000 tons [18,32]

Output Impact

Society

Number of urban employees
purchasing medical insurance Person [8,36]

Per capita disposable income of
urban residents Yuan [20,38]

Infrastructure

Harmless treatment rate of
household waste % [20,32]

Centralized sewage treatment rate % [8,36]

Greening rate in built-up areas % [8,20]

Input Response
Economy Expenditure on education 10,000 yuan [17,37]

Society Expenditure on R&D 10,000 yuan [18,36]

2.1.4. Study Area and Data Sources

By 2022, there were 105 large cities in China with a permanent population of over
1 million people in urban areas, and this study selected them as the research objects. Their
locations are marked in Figure 5. In order to identify their geographical characteristics and
conduct subsequent research, this article distinguishes the eastern, central, and western
regions to which they belong. Since some cities had not released partial indicator data
for 2022, based on the principles of accuracy and scientific, this study set the research
period from 2017 to 2021. The research data were collected from the Statistical Yearbook,
Urban Construction Statistical Yearbook, and National Economic and Social Development
Statistical Bulletin of various cities.



Land 2024, 13, 1133 8 of 23
Land 2024, 13, x FOR PEER REVIEW  8  of  24 
 

 

Figure 5. Research area. 

2.2. Measurement of Urban Resilience Level Based on DEA 

This study chose the DEA model to evaluate resilience. The DEA model is suitable 

for evaluating the relative efficiency between multiple input–output units. It does not re-

quire assuming the form of production functions in advance, setting indicator weights, or 

standardizing the original data, which can avoid the influence of subjective factors [40]. It 

is widely used  in efficiency evaluation  in various  industries  [41]. However,  traditional 

DEA models cannot evaluate units with an efficiency value of 1. They assume all system 

outputs are valuable, ignoring unexpected outputs that can significantly impact efficiency 

results.  Later,  Tone  proposed  a  Super-Slack-Based Measure  (Super-SBM) model  that 

solved the problem of input–output relaxation by incorporating relaxation variables into 

the objective  function, making  it an essential method  for measuring development effi-

ciency [42]. It can evaluate units with an efficiency value of 1, provide a more accurate and 

comprehensive efficiency analysis, and provide a  framework  for sorting effective units 

[43]. Therefore, this study used the Super-SBM model to evaluate urban resilience. The 

formulas are as follows: 

Firstly, determine the input–output matrix. Assuming there are n cities, equivalent 

to n decision-making units (DMUs), each with m inputs,  𝑞ଵ  expected outputs and  𝑞ଶ  un-
expected outputs, which are successively represented by matrices 𝑋,  𝑌,  𝑌: 

𝑋 ൌ ሾ𝑥ଵ,⋯  , 𝑥ሿ ∈ 𝑅ൈ  0  (1)

𝑌 ൌ ൣ𝑦ଵ
,⋯  ,𝑦

൧ ∈ 𝑅భൈ  0  (2)

Figure 5. Research area.

2.2. Measurement of Urban Resilience Level Based on DEA

This study chose the DEA model to evaluate resilience. The DEA model is suitable
for evaluating the relative efficiency between multiple input–output units. It does not
require assuming the form of production functions in advance, setting indicator weights, or
standardizing the original data, which can avoid the influence of subjective factors [40]. It
is widely used in efficiency evaluation in various industries [41]. However, traditional DEA
models cannot evaluate units with an efficiency value of 1. They assume all system outputs
are valuable, ignoring unexpected outputs that can significantly impact efficiency results.
Later, Tone proposed a Super-Slack-Based Measure (Super-SBM) model that solved the
problem of input–output relaxation by incorporating relaxation variables into the objective
function, making it an essential method for measuring development efficiency [42]. It can
evaluate units with an efficiency value of 1, provide a more accurate and comprehensive
efficiency analysis, and provide a framework for sorting effective units [43]. Therefore, this
study used the Super-SBM model to evaluate urban resilience. The formulas are as follows:

Firstly, determine the input–output matrix. Assuming there are n cities, equivalent to n
decision-making units (DMUs), each with m inputs, q1 expected outputs and q2 unexpected
outputs, which are successively represented by matrices X, Yg, Yb:

X = [x1, · · · , xn] ∈ Rm×n > 0 (1)

Yg =
[
yg

1 , · · · , yg
n

]
∈ Rq1×n > 0 (2)

Yb =
[
yb

1, · · · , yb
n

]
∈ Rq2×n > 0 (3)
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Then, the resilience efficiency of city k is obtained through the Super-SBM model, as
shown in Table 2.

Table 2. Formulas for the Super-SBM model.

Attribute Abbreviation Formula Number

Set of production possibilities p
{(

x, yg, yb
)∣∣∣x ≥ Xλ, yg ≤ Ygλ, yb ≤ Ybλ, λ ≥ 0

}
(4)

Constant returns to scale (CRS) λ Non-negative intensity vector
Efficiency value ρ minρ =

1+ 1
m ∑m

i=1 s−i /xik

1− 1
q1+q2

(∑
q1
r=1 s+r /yg

rk∑
q2
t=1 sb−

t /yb
tk)

(5)

Slack variables of input s−i
n
∑

j=1
j ̸=k

λjxij − s−i ≤ xik(i = 1, 2, · · · , m) (6)

Expected output s+r
n
∑

j=1
j ̸=k

λjy
g
rj + s+r ≥ yg

rk(r = 1, 2, · · · , q1) (7)

Unexpected output sb−
t

n
∑

j=1
j ̸=k

λjyb
tj − sb−

t ≤ yb
tk(t = 1, 2, · · · , q2) (8)

1 − 1
q1+q2

( q1

∑
r=1

s+r /yg
rk

q2

∑
t=1

sb−
t /yb

tk

)
> 0 (9)

λj, s−i , s+r , sb−
t ≥ 0, j = 1, 2, · · · , n(j ̸= k) (10)

When ρ ≥ 0, DMU is considered DEA valid, and the higher the value of ρ, the higher the resilience level of the city; When ρ < 0,
DMU is DEA invalid.

Based on the efficiency calculation results, the natural fracture point method can
be used to classify the resilience of cities into five levels: high resilience, medium-high
resilience, medium resilience, medium-low resilience, and low resilience.

2.3. Dynamic Level Evaluation of Urban Resilience Based on the Malmquist Index

The Super-SBM model can only measure the static level of urban resilience and cannot
reflect the change process of resilience in a time series [44]. In order to compensate for
its lack of dynamism, this paper introduces the Malmquist index to measure the change
in urban resilience during the research period. The Malmquist index was established by
Caves et al., which initially calculated changes in productivity. It gradually combined with
DEA theory to become an important method for measuring efficiency changes in adjacent
periods of a region [45]. Since the Malmquist index can not only track the changes in
resilience efficiency over a while but also further analyze the reasons for efficiency changes
based on its decomposition index [46], it is currently widely used in the dynamic evolution
research of efficiency in various fields [47].

Malmquist index is defined based on benchmark techniques. Therefore, based on the
efficiency value ρ of period t, the Malmquist indexes for the changes in resilience efficiency
during period t and t + 1 are as follows:

Mt = ρt
(

xt+1, yt+1
)∣∣∣ρt(xt, yt) (11)

Mt+1 = ρt+1
(

xt+1, yt+1
)∣∣∣ρt+1(xt, yt) (12)

Take the jth city as an example. The Malmquist index can be obtained from the
geometric mean of the two Malmquist indexes mentioned above, which serve as a measure
of the change in total factor productivity from period t to t + 1:

Mj

(
xt, yt, xt+1, yt+1

)
=

√√√√ρt
j(xt+1, yt+1)

ρt
j(xt, yt)

×
ρt+1

j (xt+1, yt+1)

ρt+1
j (xt, yt)

= TFPCH (13)
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Furthermore, Fare et al. decomposed the Malmquist index into technical change
(TECH) and technical efficiency change (EFFCH) based on the premise of constant returns
to scale (CRS), as shown in Table 3.

Table 3. Decomposed Maimquist index.

Abbreviation Formula Number

TFPCH

EFFCH × TECH (14)

ρt+1
j (xt+1, yt+1)

ρt
j(xt , yt)

×
√

ρt
j(xt+1, yt+1)

ρt+1
j (xt+1, yt+1)

×
ρt

j(xt , yt)

ρt+1
j (xt , yt)

(15)

EFFCH
ρt+1

j (xt+1, yt+1)
ρt

j(xt , yt)
(16)

TECH
√

ρt
j(xt+1, yt+1)

ρt+1
j (xt+1, yt+1)

×
ρt

j(xt , yt)

ρt+1
j (xt , yt)

(17)

By analyzing the formulas in Table 3, when TFPCH > 1, the Malmquist index is
greater than 1, it indicates that the total factor productivity from period t to t + 1 shows
a positive growth and productivity improvement [48]. When TFPCH ≤ 1, productivity
remains unchanged or decreases. When TECH > 1, the production front is moving outward,
and technological innovation is making progress. When TECH = 1, the production front
has not moved, and the production technology has not changed. When TECH < 1, the
production front is moving backward, and the technology has regressed. When EFFCH > 1,
it indicates an improvement in technical efficiency and a narrowing of the gap between the
decision-making unit and efficiency frontier. When EFFCH = 1, the technical efficiency of
two adjacent periods is the same. When EFFCH < 1, it indicates a decrease in technical
efficiency and an increase in the gap between the decision-making unit and efficiency frontier.

2.4. Spatial Equilibrium Analysis of Urban Resilience Based on Dagum Gini Coefficient

The Gini coefficient is mainly used to reflect the overall balance of a region because
it can characterize the degree of spatial imbalance of variables. However, this method is
limited to a holistic perspective. It cannot further decompose regional disparities, making it
difficult to describe the balance of each subregion and determine the source of differences.
To solve this problem, Dagum proposed a new approach that divides the Gini coefficient
into three components: the contribution of the gap within the subregion (Gw), the contribu-
tion of the super variable net value gap between subregions (Gnb), and the contribution of
the super variable density between subregions (Gt). The decomposed variables satisfy the
relationship formula:

G = Gw + Gnb + Gt (18)

The decomposed Gini coefficient can reflect the degree of balance in subregions and
analyze the sources of difference by comparing the contribution level of three variables.
Therefore, this method is widely used to study regional differences [49–51], and this study
uses it to analyze regional differences in resilience. Its research formulas are as follows [52]:

G =
∑k

j=1 ∑k
h=1 ∑

nj
i=1 ∑nh

r=1

∣∣ρji − ρhr
∣∣

2n2ρ
(19)

ρ =
k

∑
j=1

nj

∑
i=1

ρji

n
(20)

In the above formulas, G is the overall Gini coefficient, and the smaller its value, the
higher the level of resilience spatial equilibrium in the study area; ρ is the average resilience
level of all cities; n represents the total number of cities in the study area; and k is the
number of subregions. Taking subregion j as an example, the number of cities within it
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is nj, and the resilience level of the i-th city is recorded as ρji
(

j = 1, 2, 3; i = 1, 2, · · · , nj
)
;

Subregion h is the same, h = 1, 2, 3; r = 1, 2, · · · , nh.

ρh ≤ · · · ρj ≤ · · · ρk (21)

When decomposing the Gini coefficient, the average resilience of each subregion
should be ranked first, where ρj = ∑

nj
i=1

ρji
nj

. Then, calculate each decomposition part using
the formulas in Table 4.

Table 4. Related parameters of Gini coefficient.

Attribute Abbreviation Formula Number

Gini coefficient of subregion j Gjj
1

2ρj
∑

nj
i=1 ∑

nj
r=1|ρji−ρjr|
n2

j

(22)

Gw
k
∑

j=1
Gjj pjsj (23)

Extended Gini coefficient between subregion j and h Gjh ∑
nj
i=1 ∑

nh
r=1|ρji−ρhr|

njnh(ρj+ρh)
(24)

Gnb
k
∑

j=2

j−1
∑

h=1
Gjh(pjsh + phsj)Djh (25)

Gt

k
∑

j=2

j−1
∑

h=1
Gjh

(
pjsh + phsj

)
(1 − Djh) (26)

Relative impact of unit resilience levels between subregion j and h Djh
djh−pjh
djh+pjh

(27)

Proportion of cities in subregion j pj
nj
n (28)

Proportion of total urban resilience efficiency in subregion j sj
njρj
nρ

(29)

djh
∞∫
0

dFj(ρ)
ρ∫

0
(ρ − x)dFh(x) (30)

pjh
∞∫
0

dFh(ρ)
ρ∫

0
(ρ − x)dFj(ρ) (31)

2.5. Dynamic Evolution Analysis of Urban Resilience Based on Markov Chain

In order to achieve dynamic development prediction of resilience, this study intro-
duced the Markov chain. Markov chain is a random prediction model that can predict the
probability of a target transitioning from one state to another under the given historical data
of a time series and consider the resilience changes in different periods [53]. Therefore, its
results depend on the probability of state transition. This study introduced a state transition
probability matrix that overlaps the dynamic evolution process of urban resilience over
time with the probability of changes in adjacent periods [54], thereby reflecting the dynamic
development characteristics of urban resilience.

In this model, the state transition probability Pij represents the probability of belonging
to the resilience level i at time t to belonging to the resilience level j at time t + 1. The
calculation formula is as follows:

Pij =
nij

ni
(32)

In the above formula, nij represents the total number of cities that have transitioned
from the resilience level i at time t to j at time t + 1; and ni represents the total number
of cities belonging to resilience level i in all years of transfer. Furthermore, based on the
resilience is divided into five levels, corresponding to a 5 × 5 state transition probability
matrix [55], as shown in Table 5, where 0 ≤ Pij ≤ 1 and ∑5

j=1 Pij = 1 [56].
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Table 5. State transition probability matrix.

t\t + 1 Low Medium-Low Medium Medium-High High

Low P11 P12 P13 P14 P15
Medium-Low P21 P22 P23 P24 P25

Medium P31 P32 P33 P34 P35
Medium-High P41 P42 P43 P44 P45

High P51 P52 P53 P54 P55

3. Case Study
3.1. Calculation Results of the Urban Resilience Level

Based on the Super-SBM model described in Section 2.2, the resilience efficiency of
105 large Chinese cities from 2017 to 2021 was calculated using the software MaxDEA (v12.1).
Figure 6 shows their scatter plot distribution. It can be seen that target cities’ resilience
efficiency is concentrated in the (1,1.2) range, and fewer cities have high or low resilience.
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In order to more intuitively present the development of resilience during the research
period, as well as the difference between cities, ArcGIS was used to visualize the resilience
levels of each year. According to the natural fracture point method, 105 cities are divided
into five levels, and their distribution is obtained as shown in Figure 7.

Figure 7 shows a significant difference in the number of cities with different resilience
levels. The overall distribution of resilience follows an olive-shaped structure, with most
cities having moderate resilience. The number of cities with medium-high and medium-low
resilience is similar. In contrast, the number of cities at the top and bottom is relatively
small, resulting in a relatively healthy distribution structure. Specifically, no city’s resilience
consistently decreased during the research period. Qiqihar, Nanjing, Taizhou, Yueyang, and
Xining have consistently improved resilience, indicating that they have made tremendous
progress in their past socio-economic development and urban transformation. With time,
they may achieve further balanced development of various elements of urban resilience
in the future [48]. Among the other cities, the resilience of most cities, such as Xiangyang
and Guangzhou, has not changed much; they are basically in a continuous fluctuation state
with no significant improvement in resilience.
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According to the calculation results, Figure 8 shows the efficiency changes of the top
and bottom five cities in terms of comprehensive resilience level from 2017 to 2021. The top
five cities are Haikou, Xianyang, Jinjiang, Cixi, and Kunshan. In comparison, the bottom
five cities are Liaocheng, Wuhu, Yueyang, Wuxi, and Yichang. Only Haikou has a higher
administrative level and great resilience.
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Figure 8. Top and bottom five cities with resilience from 2017 to 2021.

Liaocheng and Wuhu are the two cities with the lowest resilience, with an average
efficiency of only 0.598 and 0.609, respectively. There is a large gap between them and
other cities. They are located in eastern China, with a relatively developed economy and
proximity to provincial capitals or central cities. Their lower resilience may be due to the
lack of coordinated development between various aspects, including economy, society,
and environment, or may be influenced by the siphoning effect of neighboring central
cities [56], which disrupt urban development and make positioning problematic. Tail cities’
resilience changes are more stable than the top cities, and the trend tends to be consistent.
This indicates that they currently lack the motivation to improve resilience significantly.

3.2. Calculation Results of the Dynamic Level

Based on Formulas (11) to (17), the dynamic evolution of comprehensive resilience and
the Malmquist decomposition index in each city was calculated. The average Malmquist
decomposition index of all cities in each year is shown in Table 6, and the dynamic evolution
is shown in Figure 9.

Table 6. Decomposition of the Malmquist index during the research period.

Period EFFCH TECH TFPCH

2017–2018 0.998 0.982 0.974
2018–2019 1.041 1.020 1.044
2019–2020 1.017 1.200 1.228
2020–2021 1.018 0.909 0.923

Land 2024, 13, x FOR PEER REVIEW  15  of  24 
 

 

Figure 9. Dynamic evolution of the Malmquist index during the research period. 

Table 6 and Figure 9 show that the Malmquist decomposition index remained stable 

during the study period, showing a trend of first increasing and then decreasing, and the 

results of each index are distributed around 1. Overall, the average total factor productiv-

ity is 1.042, indicating a slow  improvement  in comprehensive urban resilience, with an 

average annual growth rate of 4.2%. The mean values of technological efficiency change 

and technological change are 1.018 and 1.028, respectively, with an average annual growth 

rate of 1.8% and 2.8%, respectively. The contribution of technological change is slightly 

more  outstanding  than  technological  efficiency  changes. This  result  indicates  that  the 

overall resilience of large Chinese cities shows a healthy situation; their development is 

full of vitality but not yet mature [46]. 

From the time series perspective, the Malmquist index in 2017–2018 and 2020–2021 

is smaller than 1, while that in 2018–2019 and 2019–2020 is greater than 1. During the pe-

riod of increasing total factor productivity, the Malmquist index was highest in 2019–2020, 

with a comprehensive efficiency increase of 22.8%. The decomposed technical efficiency 

and technical changes are 1.200 and 1.017, respectively, indicating that the resilience im-

provement in that year mainly depends on changes in technical efficiency. The impact of 

technical changes is relatively small. In addition, the number of cities with a Malmquist 

index greater than 1 in each period is 38, 66, 86, and 35, with the highest number in 2019–

2020 and the lowest number in 2020–2021, even less than half of the previous year. In cities 

with a Malmquist index greater than 1 in 2019–2020, the average values of EFFCH and 

TECH are 1.048 and 1.225,  indicating  that productivity  improvement mainly  relies on 

technological progress. In cities with a Malmquist index greater than 1 in 2020–2021, the 

average values of EFFCH and TECH are 1.128 and 0.966, indicating a technological de-

cline. However, the contribution of technological efficiency has further increased. Hence, 

the improvement of productivity mainly depends on technological efficiency. This indi-

cates that in the field of urban resilience, technological progress has a significant impact 

on total factor productivity. The significant gap between the adjacent 2 years is that the 

impact of technological progress on urban resilience is gradually decreasing. Compared 

to improving technological efficiency, the promoting effect of technological progress on 

urban resilience is more prominent. 

3.3. Calculation Results of the Spatial Equilibrium 

In order to further analyze the regional difference in the resilience of 105 large cities, 

this study uses the principle of the Dagum Gini coefficient and Formulas (18) to (31).    This 

study  groups  105  large  cities  into  eastern,  central,  and  western  regions.  The  Gini 

Figure 9. Dynamic evolution of the Malmquist index during the research period.

Table 6 and Figure 9 show that the Malmquist decomposition index remained stable
during the study period, showing a trend of first increasing and then decreasing, and the
results of each index are distributed around 1. Overall, the average total factor productivity
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is 1.042, indicating a slow improvement in comprehensive urban resilience, with an average
annual growth rate of 4.2%. The mean values of technological efficiency change and
technological change are 1.018 and 1.028, respectively, with an average annual growth rate
of 1.8% and 2.8%, respectively. The contribution of technological change is slightly more
outstanding than technological efficiency changes. This result indicates that the overall
resilience of large Chinese cities shows a healthy situation; their development is full of
vitality but not yet mature [46].

From the time series perspective, the Malmquist index in 2017–2018 and 2020–2021 is
smaller than 1, while that in 2018–2019 and 2019–2020 is greater than 1. During the period of
increasing total factor productivity, the Malmquist index was highest in 2019–2020, with a
comprehensive efficiency increase of 22.8%. The decomposed technical efficiency and tech-
nical changes are 1.200 and 1.017, respectively, indicating that the resilience improvement
in that year mainly depends on changes in technical efficiency. The impact of technical
changes is relatively small. In addition, the number of cities with a Malmquist index
greater than 1 in each period is 38, 66, 86, and 35, with the highest number in 2019–2020
and the lowest number in 2020–2021, even less than half of the previous year. In cities
with a Malmquist index greater than 1 in 2019–2020, the average values of EFFCH and
TECH are 1.048 and 1.225, indicating that productivity improvement mainly relies on
technological progress. In cities with a Malmquist index greater than 1 in 2020–2021, the
average values of EFFCH and TECH are 1.128 and 0.966, indicating a technological decline.
However, the contribution of technological efficiency has further increased. Hence, the
improvement of productivity mainly depends on technological efficiency. This indicates
that in the field of urban resilience, technological progress has a significant impact on total
factor productivity. The significant gap between the adjacent 2 years is that the impact of
technological progress on urban resilience is gradually decreasing. Compared to improving
technological efficiency, the promoting effect of technological progress on urban resilience
is more prominent.

3.3. Calculation Results of the Spatial Equilibrium

In order to further analyze the regional difference in the resilience of 105 large cities,
this study uses the principle of the Dagum Gini coefficient and Formulas (18) to (31). This
study groups 105 large cities into eastern, central, and western regions. The Gini coefficient
of large cities’ resilience from 2017 to 2021 was calculated and decomposed, and the results
are shown in Table 7.

Table 7. The Dagum Gini coefficient and its decomposition results.

Year G
Intra-Regional Difference Inter-Regional Difference Contribution Rates

East Middle West East Middle West East Middle West

2017 0.085 0.097 0.076 0.053 0.089 0.077 0.066 43.807 12.853 43.340
2018 0.077 0.074 0.088 0.059 0.084 0.068 0.077 40.713 20.555 38.732
2019 0.074 0.073 0.055 0.091 0.066 0.086 0.081 39.755 18.366 41.879
2020 0.086 0.080 0.085 0.096 0.085 0.090 0.096 39.249 22.343 38.408
2021 0.071 0.078 0.057 0.065 0.069 0.072 0.063 42.573 9.667 47.760

Table 7 shows that the overall Dagum Gini coefficient of large cities’ resilience fluc-
tuates between 0.071 and 0.086, showing an overall downward trend during the research
period. From 2017 to 2019, the overall Gini coefficient continued to decline, from 0.085
to 0.074, with an average annual decrease of 6.69%. Nevertheless, in 2020, it suddenly
rebounded, reaching a peak of 0.086, slightly higher than in 2017. Subsequently, it continues
to decline in 2021, reaching a minimum value of 0.071, lower than the level in 2019, with a
decrease of 17.44%. Overall, the decline process is not stable, and there is a tendency for
rebounds to occur with a large amplitude. However, it still maintains an overall down-



Land 2024, 13, 1133 16 of 23

ward trend. During this process, the regional difference in the resilience of Chinese cities
gradually narrowed [8].

Figure 10 further illustrates the contribution of each decomposition coefficient and
the evolution of their contribution rates. From the perspective of contribution, there are
varying degrees of changes in each part’s contribution during the research period, but
the overall contribution rate remains stable, and its changes are mainly concentrated in
Gnb. Although the continuous fluctuation of contribution changes is more pronounced, the
contribution and proportion of Gnb have always been low, less than 20% for many years.
The contribution rates of Gw and Gt are similar, reaching around 40%, indicating that the
spatial difference in large cities’ resilience mainly comes from differences within subregions
and super-density. The impact of the difference between subregions is relatively tiny.
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The analysis of the evolution process shows that Gw has generally decreased from
0.037 in 2017 to 0.030 in 2021, but there is a certain degree of rebound in 2020; Gnb fluctu-
ated repeatedly and has a large amplitude and its maximum and minimum contributions
occurred in 2020 and 2021, with a contribution rate of only 9.67% in 2021; and Gt under-
went a process of first decreasing and then continuously increasing, showing a U-shaped
development trend. Its contribution in 2021 is close to that in 2017. In addition, the change
of Gw shows a downward trend, and the contribution of difference within subregions to the
overall difference gradually decreases. Since 2019, it has been smaller than super variable
density, but their contributions are still relatively close.

Figure 11A reflects the difference and its evolution within the three subregions. The
average Gini coefficient in the eastern, central, and western subregions is 0.080, 0.072, and
0.073. The highest is found in the eastern subregion, and the central subregion is slightly
lower than the western subregion, indicating a significant difference within large cities in
eastern China. The development trajectory of the eastern region is similar to the overall
Gini coefficient, showing a slow downward trend, with an average annual decrease of
4.90%. The overall stability indicates that the internal difference between large cities in
eastern China is decreasing yearly. However, that internal difference is still significant
due to the large base and weak decline. The Gini coefficient in the central and western
regions varies significantly and exhibits completely different changes. Only the western
region has a higher difference in 2021 than in 2017, maintaining a significant annual growth
rate of 27.04% from 2017 to 2020. During this period, the difference in urban resilience
continued to increase rapidly, followed by a sudden and significant decrease of over 30%
in 2021. However, the Gini coefficient remained higher than in 2017, and the regional
difference increased. Although the central region has the slightest internal difference, its
development shows excellent instability. It remains a fluctuating state with no sustained
growth or decline during the research period.
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Based on the results, there is indeed a significant polarization phenomenon in the
eastern region. Haikou, Jinjiang, Cixi, and other cities with high-efficiency rankings and
Liaocheng, Wuhu, and other cities with low-efficiency rankings all belong to the eastern
cities, and the difference is significantly higher than that in the central and western regions.
However, central and western regions are both limited by economic and social conditions,
and there is greater uncertainty in their development. Except for the provincial capital, the
resilience development level of other cities is relatively concentrated. Hence, the difference
between cities is relatively small [57].

From the perspective of difference between subregions, Figure 11B describes the
subregional difference and evolution of resilience in large cities. The distribution curve of
the difference level between each subregion is relatively close, located in the same interval.
The average difference between the eastern-central subregion and the eastern-western
subregion is the same, all of which is 0.079. The difference between the central-western
subregion is slightly smaller, with an average of 0.077, so the difference between subregions
can be ignored. At the same time, it can also be seen that the subregional difference in urban
resilience showed an unstable trend with no complete upward or downward process. Only
the difference between central-western continued to widen from 0.066 to 0.096 in 2017–2020.
Compared to 2017, the difference between each subregion decreased in 2021, with the most
significant decrease being in the eastern-central region, reaching 22.47%. The difference
between eastern and central regions has decreased by 6.49% and 4.55%, indicating that the
difference between subregions is gradually narrowing, and the development of resilience
is showing a unified trend. From the perspective of evolution, the difference between
eastern-central and eastern-western regions shows a similar development trajectory. In
the early stage of the research phase, it gradually decreases. Then, after a brief increase,
it decreases again, all with little change. The difference between the central and western
regions maintains an average annual growth rate of 31.25% in the first 4 years. Then, it
drops to the minimum value of 0.063 in 2021.

3.4. Calculation Results of the Dynamic Evolution

Based on the definition of the Markov chain and Formula (32), the probability matrix
of resilience state transition for 105 large cities was obtained, as shown in Table 8:

Table 8. Probability matrix of resilience state transition in 105 large cities in China.

t\t + 1 Low Medium-Low Medium Medium-High High

Low 0.622222 0.211111 0.111111 0.033333 0.022222
Medium-Low 0.188235 0.376471 0.247059 0.117647 0.070588

Medium 0.084337 0.192771 0.39759 0.228916 0.096386
Medium-High 0 0.111111 0.185185 0.407407 0.296296

High 0.049383 0.049383 0.08642 0.246914 0.567901
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Table 7 shows three findings. (1) The resilience of large Chinese cities is dependent on
a strong path. The probability values on the diagonal in the matrix are significantly higher
than those on the non-diagonal, indicating that urban resilience tends to remain stable and
has good stability [58]. Among them, the probability of maintaining the same level for each
resilience level is 62.22%, 37.65%, 39.76%, 40.74%, and 56.79%. This indicates that cities
with low resilience have the highest probability of maintaining the same level, reaching
62.22% among large cities. In contrast, cities with medium-low resilience have the lowest
probability of maintaining the same level, at 37.65%. In non-diagonal probability values,
the maximum value is 0.296, indicating that the maximum probability of urban resilience
level transfer is only 29.63%. At the same time, the probability of high and low resilience
at both ends of the diagonal is higher. The lower probability in the middle indicates that
transfer is more likely to occur when the resilience level is moderate. It is easier to maintain
stability when the resilience level approaches the two poles. (2) The probability value
close to the diagonal is higher than the probability values on non-diagonal lines. This
indicates that if the urban resilience level shifts, it tends toward adjacent resilience levels,
making it more challenging to cross levels. Taking medium-high resilience as an example,
the probability of transitioning to medium and high resilience is 18.52% and 29.63%. In
comparison, the probability of transitioning to medium resilience is only 11.11%, and
the probability of transitioning to low resilience is 0. The analysis of the reasons for this
suggests that resilience construction is a long-term and continuous investment process.
A city’s resilience makes it difficult to undergo significant changes quickly, making it
challenging to transfer resilience across multiple levels. (3) The probability value on the
right side of the diagonal is generally greater than that on the left side, indicating that the
probability of resilience level shifting to higher levels is higher than that toward lower
levels. Resilience tends to improve toward higher levels. For example, the probability
of an increase from medium-low to medium resilience is 24.71%. The probability of a
decrease from medium-low to low resilience is 18.82%. However, the level of difference
is not significant. Transferring to a higher level does not have many advantages, and this
advantage may be eliminated at any time. For example, the probabilities of medium and
medium-high resilience shifting upwards and downwards are 22.89% and 19.28%, 29.63%
and 18.52%; the minimum difference is only about 3%, and the maximum difference is not
more than 15%. Therefore, it can only indicate that the overall resilience development of
large cities shows a healthy situation, but the current state is unstable.

4. Discussion

The evaluation results demonstrate that 105 large cities have achieved good results
in resilience construction, with most cities achieving DEA effectiveness and maintaining a
specific growth rate. However, resilience’s slow improvement still needs to be taken seriously.
Although resilience goals have been frequently mentioned in the planning of various cities,
there is still a lack of specific measures for urban transformation, ecological environment
protection, and industrial structure upgrading [7]. Therefore, it is recommended that the gov-
ernment and stakeholders participate in the construction together and carry out the resilience
improvement in a planned manner. In addition, the government must fully recognize the
balance between the driving force, pressure, state, impact, and response subsystems [24],
strengthen restrictions on pressure, focus on ecological improvement and social security,
analyze the demand for resilience, and improve resource investment structures.

Based on the results of the Super-SBM model, the top ten cities with the highest and
lowest average resilience were identified, as shown in Figure 12. The top ten cities with
the highest resilience mainly belong to coastal provinces, including cities of various sizes,
such as Kunshan and Shenzhen. Although their strengths differ significantly, the eastern
coastal regions are conducive to their socio-economy and resilience development. Beijing’s
high resilience has been confirmed by other studies [59]. Urumqi is vast and sparsely
populated, and its urban development is influenced by the Western Development Strategy,
which benefits its resilience construction [60]. While among the ten cities with the lowest
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resilience, specific differences exist in their sizes and types. For example, Nanjing and
Lanzhou are provincial capital cities in the eastern and western regions. Although there is a
significant difference in their urban size, their resilience is similarly low. Central cities such
as Nanjing and Qingdao have a high degree of social modernization. However, their urban
development and resilience construction may be somewhat disconnected, and population
pressure hinders the improvement of urban resilience. Small and medium-sized cities
such as Zibo and Yichang may face many problems, such as an aging population, lagging
economic structure, and ecological environment damage, which limit their resilience.
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The combined effect of technological efficiency improvement and technological progress
results in resilience gradually improving, but the process is slow. From the perspective of the
decomposition index, there is not much difference in the contribution between technological
progress and technological efficiency improvement, so more attention should be paid to
improving management planning. To maximize the potential of existing technologies and
improve resource utilization, each city could start by improving its management, updating
technology, etc. Secondly, in the face of natural disasters, cities urgently need scientific
disaster prevention and reduction plans. Community leaders should strive to popularize
emergency self-rescue methods to the public and cultivate residents’ awareness of emer-
gency safety. In addition, emergency infrastructure should be improved, and emergency
material supply channels that can respond quickly should be established.

The current narrowing of differences in resilience is a positive signal that the distri-
bution is gradually becoming more balanced. However, the internal differences among
subregions still deserve attention, with the eastern subregion having the greatest. As the
most developed region in China, there are significant differences in each eastern city. The
central city has a large concentration of transportation, education, and medical resources,
with a higher social modernization and advantages in resilience construction. Surrounding
cities are easily affected by siphons, and issues such as population outflow and environ-
mental pollution are all worth paying attention to. Therefore, from the perspective of
urban planners, it is necessary to properly clarify the positioning of cities, strengthen
interconnections, and do an excellent job at the top-level design of urban layout within
the region. The central city continues strengthening scientific innovation, optimizing the
social security system, and increasing environmental protection efforts. Surrounding cities
actively improve infrastructure, attract talents to settle in, and do a good job supporting
the central city.

The results of the Markov chain show that the resilience of large Chinese cities will
exhibit good stability in the future, with a small probability of a decrease but also a
low probability of an improvement. Larger cities occupy more resources but bear more
significant population pressure. Their infrastructure is overwhelmed due to the inability
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to match population demand. Smaller cities experience population loss, which could
make the infrastructure inadequate and outdated. Therefore, it is necessary to strengthen
infrastructure in the current stage of resilience construction. Firstly, cities should strengthen
public transportation and improve the urban transportation environment [61]. Convenient
transportation is the fundamental guarantee for strengthening urban connections and
enhancing commercial exchanges. Secondly, the infrastructure related to social security,
including education, healthcare, and other areas related to people’s livelihoods, should
be improved. Finally, the ecological sector remains a crucial focus of urban resilience.
Measures such as improving greening, increasing urban wetland areas, strictly controlling
pollution, and strengthening atmospheric governance should continue to be taken.

Based on the previous analysis and discussion, it is fully demonstrated that the
evaluation model of this study is feasible. This study accurately obtained the resilience
distribution pattern of 105 large Chinese cities. At the same time, the resilience mechanism
is deeply explored, the process of enhancing resilience is analyzed, and targeted suggestions
are proposed based on the results, which other methods do not possess.

5. Conclusions

Accurately assessing resilience and its evolution is significant for enhancing the stabil-
ity of current large cities. This study proposed a novel urban resilience assessment model,
established an evaluation indicator system based on the DPSIR-DEA model, and conducted
a case study on 105 large Chinese cities. The results indicate that this assessment model
is objective and practical. The DPSIR model can accurately depict complex behaviors of
urban resilience and construct complete logical relationships for it. The DEA model is
equally compatible with urban resilience evaluation. It provides an accurate and efficient
way to measure urban resilience.

This study measured the resilience of 105 large Chinese cities from 2017 to 2021. It an-
alyzed their dynamic evolution characteristics and regional differences. Three conclusions
can be drawn. Firstly, their overall resilience is relatively high, with a healthy olive-shaped
distribution structure, but there is a significant polarization phenomenon. Secondly, from
the perspective of dynamic evolution, comprehensive resilience has experienced a devel-
opment trend that first increased and then decreased during the research period. The
overall efficiency improvement depends on the combined effect of technological efficiency
improvement and technological progress. In future predictions, the resilience will have
good stability, and there is a certain probability that it will continue to improve. Finally,
the regional difference of 105 large cities’ resilience is gradually narrowing. Currently, the
internal difference in the eastern subregion is the largest, while the difference between the
central and western subregions is the smallest.

Due to factors including perspective selection and data limitations, only relatively
important and representative indicators were selected, and the research period was only
set from 2017 to 2021. The latest evaluation results could not be obtained temporarily;
therefore, the results may not be comprehensive. This is a limitation of this study, and it will
be the focus of the author’s further research. In the future, when establishing an evaluation
index system, the author will comprehensively consider the characteristics and elements
of urban resilience and thoroughly consider urban behavior under the influence of risks.
Future research will further expand the sample range, time, and city matrix to establish a
more comprehensive and complete urban resilience assessment model. Our research team
will conduct a comparative analysis with cities from other countries or regions by collecting
more research data.
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