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Abstract: Policies have long been considered the essential driving force in promoting construction and
demolition waste (CDW) recycling. However, the policy instruments adopted in different economies
have varied greatly, which contributes to the difficulty in quantitative discernment of their effect.
This study aims to examine whether the holistic employment of policy measures determines the
development of CDW recycling around China. To accurately measure the holistic adoption of CDW
policies, this study assessed policy strength via a proposed three-dimensional evaluation model.
The spatiotemporal differences in policy strength among the 52 sample cities were further defined
using K-means clustering and the Gini coefficient. Next, the driving effect of policy on the initial
establishment of CDW recycling industry practices was examined by event history analysis (EHA).
Finally, fuzzy set qualitative comparative analysis (fsQCA) was used to analyze the sufficiency and
necessity of policy for the initial establishment of CDW recycling practices. The results indicated
that the establishment of a first CDW recycling plant is only slightly correlated with policy measures,
whereas it is highly correlated with the pilot city and per capita GDP. Furthermore, application
of policy is neither a necessary nor sufficient condition for the establishment of a CDW recycling
industry facility.

Keywords: construction and demolition waste (CDW); recycling industry; policy strength; event
history analysis (EHA); fuzzy set qualitative comparative analysis (fsQCA)

1. Introduction

Policies have long been believed by both government authorities and scholars to be
the most essential driving force in promoting construction and demolition waste (CDW)
recycling [1,2]. Thus, a variety of policy measures have been developed and enacted by
global authorities. Regulatory policies are commonly the first to be adopted, followed
by economic incentive measures [1,3]. In recent years, information-based measures have
gained increased attention since authorities believe they can change the beliefs and be-
haviors of related stakeholders, with cost efficiency [4]. However, the policy instruments
adopted in different economies have varied greatly in their economic, social, and political
contexts [5,6]. These variations contribute to the difficulty in quantitative discernment of
the actual effect of policy instruments on CDW recycling.

The above situation also appears among Chinese cities. Under pressure from Chinese
central government to establish recycling of CDW, municipal governments have responded
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with great variation [7]. A few cities such as Shenzhen, Qingdao, and Xuchang have
made full use of all kinds of policy measures, while many other cities focus only on
specific instruments or simply even adopt wait-and-see attitudes. Simultaneously, the CDW
recycling industry in China reveals seriously unbalanced states of development [8–10].
Correspondingly, it raises the research question: Does the employment of policy measures
determine the development status of CDW recycling around China?

Most previous studies focused on qualitative comparisons of CDW recycling mea-
sures [5,6,11,12], while quantitative analyses were rarely conducted. Although Li et al. [13]
used the policy measures number for quantitative analysis, the manner in which these
analyses were designed was neglected, which has a direct effect on their implementation
and outcome [14]. In addition to policy tools, other conditions such as population density
and economic development may be critical factors for the development of CDW recycling
as well [15,16]. These conditions may boost the usage of some policy measures and restrain
others. Are policies alone sufficient to motivate the development of the CDW recycling
industry? Or do their roles work best together with other conditions? These questions
remain unexplored.

Thus, this study aims to examine the actual impact of policy measures on the develop-
ment of the CDW recycling industry by taking 52 Chinese cities as examples. As shown
in Figure 1, this study first accurately measured the usage of CDW recycling policies in
each sample city. The next step was to examine whether policy measures have a significant
impact on the initial establishment of CDW recycling industry facilities across Chinese
cities using event history analysis (EHA). Finally, whether policy measures are necessary
or sufficient conditions for the initial establishment of CDW recycling plants was explored
using fsQCA.
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2. Literature Review
2.1. The CDW Recycling Policy

Policies are well recognized as an essential driving force to promote CDW recycling
in both developed and developing countries [1,17,18]. Three types of policies, including
compulsory policy, market-oriented policy, and information-based policy are most com-
monly employed [19]. Compulsory policy mainly relies on government power to regulate
CDW recycling. Complete regulations lay a vital foundation for achievement in CDW
recycling [3]. Market-oriented policy encourages enterprises involved in CDW recycling
by economic motivation such as improving charge level [20]. Information-based policy
involves certificating recycled products or providing publicity and education programs [21].
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Different authorities are inclined to employ various mixtures of instruments in con-
sideration of resource limitations or political context [22–24]. This disparity may be an
essential contributor to the unbalanced CDW recycling development [13]. However, this
issue has been overlooked by previous studies, most of which concentrated on comparing
the policy mix used in different economies on a qualitative level. Li et al. [11], for instance,
compared the policies of CDW recycling adopted in Japan, Germany, and Singapore, and
then made recommendations to Chinese authorities. Gálvez-Martos et al. [6] summarized
the best practices for the management of CDW and its application in Europe. Aslam
et al. [5] analyzed the difference in CDW management policies between China and USA.
Tam [25] analyzed the recycling effects of concrete in the construction industry in Australia
and Japan and made recommendations for recycling concrete in Australia based on the
Japanese experience; Akhtar and Sarmah [26] reviewed CDW recycling in many countries
across the world and discovered that compulsory policies and market-oriented regulations
are essential in nations with high recycling rates, such as Austria and Japan.

Several studies quantitatively evaluated the effectiveness of policy using System
Dynamic Simulation, but were only concerned with special policies in certain cities [27–31].
One of the rare studies that attempted to quantitatively compare the CDW recycling policies
adopted by various municipal authorities was reported by [13], which aimed to identify
the effective policy measures in the context of China. However, this study only considered
the number of policy tools, while the strength and the longitudinal evolution of these CDW
policy measures were all overlooked.

2.2. Measurement of Policy Strength Using Content Analysis

Content analysis is a widely used qualitative and quantitative research method in the
social sciences [32]. This method uses a preponderance of systematic description of the
elementary facts and the trends of related topics within text data [19]. Many scholars have
employed this method in policy analysis. For instance, Alves and Lee [33] applied content
analysis to uncover the aims, governance mechanisms, normative, and targeted areas of
the Belt and Road Initiative policy and speeches. Kristianssen et al. [14] analyzed Swedish
Vision Zero policy for safety by identifying the policy decision, policy problem, policy goal,
and policy measures via comparative content analysis.

Thus, theoretically speaking, this method is capable of identifying and evaluating the
manner in which a policy is developed. The critical operation is to propose the evaluation
standards. Peng et al. [34] argued that the assessment of a policy’s strength can be conducted
by considering policy hierarchy, policy goal, and policy operability. The strength of a policy
in China is tightly related to the hierarchy of the issuing departments [19]. The policy made
by the higher level of the government institution should be assigned a high score on the
index “policy hierarchy” accordingly. If the policy goal is set to address a high priority
problem, sufficient resources and support will be allocated [22]. Thus, the high level of a
policy goal will receive a high evaluation score. Otherwise, high value is allocated to the
policy measures with clear and detailed stipulations which will facilitate the operation and
ensure the effectiveness of the policy [34,35]. The values of policy hierarchy, policy goal,
and policy operability are positively related to the policy’s effect.

2.3. Event History Analysis (EHA)

EHA is a method to explain patterns and causes of the occurrence of an event at a
given time [36]. By exploring the similarities and differences encountered by different
subjects (e.g., cities), it reveals whether these disparities affect the occurrence or not of an
event [37]. With the advantages of accommodating right censoring and modeling the effect
of time-varying covariates, this approach has been widely applied to explain the diffusion of
techniques or policy. For instance, Raghoo and Shah [38] employed this technique to explore
the driver of formation and adoption of the “increasing versus decreasing balance policy”
in China. Hossain et al. [15] examined the effect of ownership and location advantages
on companies’ decisions about the level of control in international joint ventures by EHA.
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Other applications included the innovations in archaeological networks [39], recidivism of
juvenile offenders [40], employee turnover [41], and the diffusion of educational ideas [42].
However, this method is rarely used in the field of waste management. Indeed, treating
the initial establishment of the CDW recycling industry as an “event” can be helpful in
deciding whether the policy measures play a determinant role in this event.

2.4. Fuzzy-Set Qualitative Comparative Analysis (fsQCA)

The qualitative comparative analysis (QCA) method explores various configurations
of antecedent conditions that lead to the occurrence of a particular outcome [43]. Crisp-set
Qualitative Comparative Analysis (csQCA), multi-value Qualitative Comparative Analysis
(mvQCA), and fuzzy-set Qualitative Comparative Analysis (fsQCA) are the three primary
types of QCA [44]. When the variables are discrete, csQCA and mvQCA can be used to
solve the binary classification and multi-valued classification problems, respectively, but
the loss of information due to discrete variables can raise the problem of contradictory
configurations [45]. FsQCA greatly avoids this issue by allowing the outcome and predictor
variables to be classified on a fuzzy scale (continuous) with the value of different variables
between 0 and 1 [46]. This method is often used to explore multiple pathways to achieve the
outcome [47]. For instance, Zhang et al. [48] utilized fsQCA to find that market-developed
type, political link type, financial performance type, and state-owned enterprise subsidy
type have superior CSR performance from a combination of variables. Marks et al. [47] used
the approach to identify three ways for achieving various geographic regional rural water
supply continuum functions. It has been used in the fields of enterprise management [49],
environment management [50], education [51], and medicine [52], but is less used in the
CDW field. FsQCA is innovatively used to explore the antecedent condition configuration
for the establishment of the first CDW recycling plant, as it can capture case-complexity
information that varies with level or degree during classification [53].

3. Research Methods

This study is conducted according to the framework shown in Figure 1.

3.1. Sample Cities Selection and Data Collection

Considering the representativeness, a total of 52 cities in mainland China were selected
as sample cities. Firstly, 31 provincial capitals and municipalities directly under the central
government, which are commonly the economic and political centers of provinces or
regions, were included. Secondly, 35 pilot cities specified in the notice on carrying out
the pilot work of CDW treatment issued by the Ministry of Housing and Urban-Rural
Development in early 2018 were considered. As parts of cities fall into both categories, the
total number of sample cities is 52.

The policy documents related to CDW recycling issued by these 52 cities from 2005
to 2019 were collected from the relevant websites (e.g., municipal government websites)
and laws and regulations databases. Using “CDW management” and “CDW recycling” as
keywords, a total of 252 policy texts were retrieved, including laws and regulations, plans,
opinions, methods, notices, and so on. After eliminating unrelated policies by title and
content, 221 valid policy texts were used for further analysis.

According to the PEST (political, economic, social and technological) model [54],
among political context, economic development, social situation, and technique level, all
may have an impact on industry development. Economic development is normally indi-
cated by per capita GDP [55], while social conditions involve many aspects. The population
density was found to have an effect on the development of CDW recycling [15,16]. In
addition, in the Chinese context, being assigned as pilot city always strengthens the con-
cern of both public and local authorities, which will result in more positive action [56].
Thus, population density and pilot city (recorded as 1, otherwise 0) were incorporated as
social condition variables in this study. The technological level is represented by patents
in many studies. However, this variable is not considered, due to incomplete records.
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GDP per capita and population density for 2005-2019 comes from the “Chinese City Sta-
tistical Yearbook”, and the pilot city refers to The Ministry of Housing and Urban Rural
Development [57].

3.2. Measurement of Policy Strength

Instead of counting the policy number, this study measured the policy strength (PS)
using policy hierarchy, policy goal, and policy operability. Correspondingly, a three-
dimensional evaluation model was established as follows.

In each city, the PS of a policy measure was evaluated using the Equation (1). The
policies are classified into compulsory, market-oriented, and information-based measures,
marked by characters “c”, “m” or “i”. The PS of a policy keep unchanged until the policy is
abolished. At the given time t, the PS values of policy measures in force were accumulated
for the same category to calculate the total PS (TPS) as shown by Equation (2).

PSk
j =

(
Pgk

j + Pok
j

)
× Phk

j k = c, m, i (1)

TPSk
t = ∑Nt

j=1 PSk
j (2)

where, PS refers to policy strength; Pg, Po, and Ph represent policy goal, policy operability,
and policy hierarchy, respectively; j is the jth policy document; k is the type of policy
measure, with c = compulsory measure, m = market-oriented measure, and i = information-
based measure; TPSt refers to the total PS of policy at year t; Nt represents the policies’
number in force at year t.

The policy goal, issuing department, and the content of three types of measures were
identified from the policy documents using content analysis and assigned values in light of
the evaluation standards (see Table 1). This standard was adapted from the study of Peng
et al. [34] on the basis of interviews with two experts on CDW management.

Table 1. The evaluation standards of three indicators.

Indicators Evaluation Standards Value

Policy hierarchy

Issued by the Municipal People’s Congress or its Standing Committee 5
Issued by the municipal government 4

Jointly issued by 3 or more departments 3
Jointly issued by two departments 2

Issued by a single department 1

Policy goal
Aim to promote the continuous progress of the circular economy 5

Aim to promote the CDW recycling 3
Aim to promote general CDW management 1

Policy operability

Presenting requirements on CDW recycling with detailed and clear rules or guidelines, e.g.,
reward or punishment standards 5

Presenting requirements on CDW recycling but without detail and clear rules or guideline 3
Just mention to promotion of CDW recycling but without any detailed requirement 1

3.3. The Spatiotemporal Disparity Analysis

In this study, the K-means clustering and Gini coefficient were employed to reveal the
TPS spatiotemporal difference in sample cities.

3.3.1. K-Means Clustering

The k-means clustering is an unsupervised clustering algorithm [58], which iteratively
divides the data into k mutually exclusive categories by Euclidean distance to increase the
similarities in clusters and decrease the differences between clusters as possible [59]. This
study used it to classify cities in terms of their temporal evolutions of TPS.
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An index was also constructed to indicate the temporal increase of PS, as shown in
Equation (3).

TIk
s =

∑Ns
p=1

(
TPSk

p,2019 − TPSk
p,2005

)
Ns

(3)

where TIk
s is the average increase of TPSk in cluster s; TPSk

p,2019 and TPSk
p,2005 are the TPSk

value of city p at year 2019 and 2005 respectively; Ns refers to the number of cities in cluster
s; k is same as Equation (1).

3.3.2. Gini Coefficient

The Gini index is widely utilized to indicate spatial differentiation, e.g., the inequality
of education [60], and consumption level [61]. The index ranges from 0 to 1, with higher
values indicating higher inequality levels. This study employed it to measure the spatial
differentiation of CDW recycling policy. It is calculated using Equation (4).

Ginik =
∑n

p=1 ∑n
q=i

∣∣∣TPIEk
p − TPIEk

q

∣∣∣
2µ ∗ n(n − 1)

(4)

where Ginik refers to the Gini coefficient; n represents the total number of sample cities;
TPIEk

p and TPIEk
q are the evaluated TPS of city p and q; and µ is the average TPIEk of all

sample cities.

3.4. EHA

This study used EHA to explore whether the CDW recycling policy has significant
impact on the initiation of the CDW recycling industry. The event was defined as the
establishment of the first CDW recycling plant. The CDW recycling plant refers to the plant
for recycling inert CDW such as concrete, brick, and mortar. The discrete time event history
analysis was employed since the data were collected by year. It estimated the log odds of
an event occurring, controlling for the accumulated risk related with time [62]. Since the
event is binary (occurrence or nonoccurrence), the logistic regression model was used.

A specific “city-year” data set was utilized. Each city appears several times from the
time origin (2005 in this study) until the year the event occurred or the year of censoring
(i.e., 2019) [63]. The dependent variable in each city was initially set at zero. It would be
valued at 1 in the year when an initial CDW recycling enterprise was reportedly operating
(the occurrence of the event) in this city. The data was collected by searching the website
using “first CDW recycling plant” and “city name”. The independent variables included
TPSc, TPSm, and TPSi. They were measured using the method presented in Section 3.2. The
economic and social variables were also incorporated. The EHA was conducted using Stata
15.0. When interpreting the coefficients or exponentials of the coefficients, logit estimates
are effects on the log-odds scale, and exp (β) shows hazard-odds ratios [20].

3.5. FsQCA

Data analysis using fsQCA includes three main steps: data calibration, necessity
analysis, and results analysis [64].

3.5.1. Data Calibration

Data calibration is the process of converting the data into fuzzy-set membership
values [65]. In this study, the antecedent conditions (i.e., compulsory policy, market-based
policy, information-based policy, GDP per capita, population density, and pilot city) were
converted into fuzzy set membership values between 0 and 1 [66]. The membership
degree of each condition can be set by three anchors of inclusion, exclusion, and crossover
thresholds. The crossover (0.5) is the middle point that distinguishes the degree of complete
disaffiliation (0) from complete affiliation (1) [67]. The upper 25th percentiles, the 50th
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percentiles, and the lower 25th percentiles of each variable served as the threshold values
for the inclusion, crossover, and exclusion thresholds in this study [68].

3.5.2. Necessity Analysis

Necessity analysis is to determine if a single condition must always exist for an
outcome to be present (or absent) [48]. Two metrics, consistency and coverage, are derived
in this process. The consistency metric indicates the degree to which each antecedent
condition is nearly a perfect subset of the outcome variable [69]. In our case, it shows
the extent to which a certain antecedent condition always resulted in the establishment
of the first CDW recycling plant. In general, it is assumed that an antecedent condition is
necessary for the outcome to occur if its consistency is higher than 0.9 [70]. Coverage is
defined as the degree to which each antecedent condition explains the outcome variable [71],
including solution coverage, raw coverage, and unique coverage. Solution coverage is the
percentage of cases that can be explained by all conditional configurations. Raw coverage
represents the percentage of cases that this conditional configuration can explain. Unique
coverage shows how many cases can only be described by this combination path [43].

3.5.3. Sufficiency Analysis

The combination’s consistency is used to measure sufficiency, with the minimum
acceptable level being 0.75 [70]. Before performing sufficiency analysis, a truth table
was calculated which listed all possible combinations (26 = 64). The case frequency and
consistency threshold were set to 1 and 0.8, separately, based on the sample size (52 as
medium size). The complex, parsimonious, and intermediate solutions were obtained
by fsQCA 2.0. The intermediate solution outperforms parsimonious and complex ones
because it can balance parsimony and complexity through counterfactual analysis [45].
Therefore, Section 4.4 focused only on the intermediate solution. The parsimonious solution
represents the most important condition that cannot be ignored by any solution, called
the “core condition”; the condition that appears in the intermediate solution but not in the
parsimonious one was called the “edge condition” [51].

4. Results
4.1. The Statistical Results of TPS Evaluation

The TPS for compulsory policy (TPSc), market-oriented policy (TPSm), and information-
based policy (TPSi) during 2005-2019 were respectively calculated for each of 52 cities,
yielding a total of 780 values for each type of TPS. The statistic description was tabulated
in Table 2. The average TPS of compulsory policy (28.289) was the largest, and that of
information-based policy (8.220) was the smallest. During the whole studied period, TPSc

always keeps a higher value than TPSm as well as TPSi. In addition, the average TPSc

soared from 11.884 to 55.807, while the average TPSm hoisted over four times. In 2005, no
information-based policy was adopted. However, the average TPSi raised rapidly to 26.496
at the end.

Table 2. The statistical results of TPS.

Category Year Obs Mean SD Minimum Maximum

TPSc
Total 780 28.289 25.791 0 144
2019 52 55.807 37.014 4 144
2005 52 11.884 11.351 0 38

TPSm
Total 780 18.879 19.307 0 116
2019 52 37.884 27.520 0 116
2005 52 8.000 8.713 0 40

TPSi
Total 780 8.220 16.987 0 94
2019 52 27.653 26.496 0 94
2005 52 0.000 0.000 0 0
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4.2. Spatiotemporal Disparity of the CDW Recycling Policy
4.2.1. Temporal Disparity

Roughly seen from the results, three evolution trends could be identified. To accurately
divide the evolution trends, K-means cluster analysis was employed using Python 3.8.3
with the scikit-learn package. Since the TPSi in 2005 and 2006 were all zero, the data in
these two years were excluded in clustering of TPSi. The results of the cluster analysis were
presented in Figure 2. The bold black line was the clustering center line, which represents
the mean value of this category. The TI for TPSc, TPSm, and TPSi in each cluster were
calculated and tabulated in Table 3.
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Table 3. The TI index values of three clusters.

Index Cluster 1 Cluster 2 Cluster 3

TIc 77.2 56.4 20.7
TIm 61.8 36.8 11.4
TIi 68.0 58.8 17.0

c = compulsory measure, m = market-oriented measure, and i = information-based measure.

As indicated in Figure 2 and Table 3, the temporal evolutions of TPS revealed sig-
nificant differences within the three clusters. Cities in cluster 1 acted fast and positively,
keeping the leading position over the entire period. On the contrary, cluster 3 lagged far
behind clusters 1 and 2. The average total increase of TPS in cluster 1 was larger than those
in cluster 2 and far bigger than those in cluster 3.

4.2.2. Spatial Disparity

Similarly, the spatial variances of TPSc, TPSm, and TPSi were not negligible. East
China, south China, and central China generally acted positively and performed better.
Northwest China, north China, northeast China, and southwest China generally behaved
inactively, other than several economically developed regions such as Xi’an, Chengdu, and
Beijing. The Gini coefficients were presented in Figure 3. The results indicated that the
spatial disparity of information-based policy among all cities was extremely high (0.981),
far larger than those of the other two categories of policy (0.519 and 0.557) in the primary
phase. During the studied period, Gini coefficients showed a significant decline trend
for TPSi and slight downward trends for TPSc and TPSm. The final Gini coefficients for
compulsory policy, economic policy, and information-based policy were 0.361, 0.396, and
0.522, respectively.
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4.3. Event History Analysis

In 2005, no city owned CDW recycling enterprises, while a total of 46 cities had
established their first CDW recycling plants by 2019. Among the 35 pilot cities, 32 cities
achieved this goal. EHA was conducted to explore whether the huge differences among
TPS had an impact on the start-up of the CDW recycling industry in China. Two models
were constructed. Model 1 only included the economic and social variables. Model 2 added
three TPS variables. The EHA results were listed in Table 4.
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Table 4. EHA results.

Variables Model 1 Model 2

GDP per capita 1.0000 *** (6.35 × 10−6) 1.0000 *** (7.14 × 10−6)
Population density 1.0001(0.0004) 0.9998 (0.0005)

Pilot city 10.3451 *** (5.2423) 7.1951 *** (3.9166)
TPSc 0.9925 (0.0186)
TPSm 1.0082 (0.0262)
TPSi 1.0346 * (0.0194)
cons 0.0110 *** (0.0051) 0.0153 (0.0082)

Number of Obs 638 638
LR chi2 57.12 65.06

Log likelihood −120.9372 −116.9671
Prob > F 0.0000 0.0000

Pseudo R2 0.1910 0.2176
AIC 249.8745 247.9431

* p < 0.1; *** p < 0.01; St. Err is in bracket.

In model 1, the control variables, GDP per capita, and whether the location was a pilot
city, had highly significant effects on the establishment of the first CDW recycling plant.
After adding TPS variables in model 2, only TPS of information-based policy showed a
significant effect at p < 0.1. The two control variables remained significant. Pseudo R2 was
improved slightly, from 0.1910 to 0.2176.

4.4. FsQCA Analysis
4.4.1. Necessity Analysis of Individual Conditions

The necessity analysis of the calibrated antecedent conditions was conducted and
shown in Table 5.

Table 5. Analysis of necessity for establishment of the first recycling plant.

Condition
Establishment of the
First Recycling Plant

No Establishment of any
First Recycling Plant

Consistency Coverage Consistency Coverage

Compulsory policy High 0.509 0.777 0.486 0.223
Low 0.492 0.761 0.514 0.239

Market-based policy High 0.476 0.769 0.478 0.231
Low 0.524 0.770 0.523 0.230

Information-based policy High 0.487 0.786 0.443 0.214
Low 0.513 0.754 0.557 0.246

GDP per capita High 0.480 0.748 0.538 0.252
Low 0.520 0.790 0.462 0.210

Population density High 0.618 0.928 0.161 0.072
Low 0.382 0.603 0.839 0.397

Pilot city High 0.300 0.750 0.333 0.250
Low 0.700 0.778 0.667 0.222

The consistency of all the antecedent conditions did not exceed 0.9, indicating that no
condition was a necessary one for determining the initial establishment of a recycling plant.
Similarly, there were no single necessary conditions for unsuccessful establishment of CDW
recycling facilities. However, the consistency of “population density” was rated over 0.8 in
importance for unsuccessful establishment of CDW recycling plants, which indicated that
low population density was a powerful explanatory factor in individual results.

4.4.2. Configurations Analysis

The results were shown in Table 6. In this study, seven configurations were obtained,
with consistency levels for both individual configurations and overall solution values
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above the minimum acceptable value of 0.75. The seven configurations in Table 6 could be
regarded as sufficient combinations of conditions for the initial establishment of a CDW
industry plant. In other words, these combinations can all foster the establishment of CDW
recycling plants. The consistency values of overall solution and coverage were 0.937 and
0.502, respectively. It meant that 93.7% of cases that met any one of these configuration
requirements achieved the successful establishment of a CDW recycling plant, and these
seven configurations covered 50.2% of total cases.

Table 6. Configuration analysis of the first CDW recycling plant.

Condition Configuration
1 2 3 4 5 6 7

Social
Context

Economic-Social
Context Governmental-Economic-Social Context

Compulsory policy ⊗ ⊗ • ⊗ ⊗ •
Market-based policy ⊗ ⊗ • ⊗ • •

Information-based policy ⊗ ⊗ ⊗ ⊗ • • •
GDP per capita ⊗ • ⊗ ⊗ •

Population density • • ⊗ • • • •
Pilot city ⊗ • • ⊗ • ⊗

Consistency 0.899 0.995 1.000 0.899 0.984 0.945 0.902
Raw coverage 0.167 0.049 0.038 0.060 0.016 0.082 0.178

Unique coverage 0.129 0.042 0.032 0.021 0.011 0.059 0.155
Solution coverage 0.502

Solution consistency 0.937

Note: • and ⊗ denote, respectively, the presence and absence of conditions; large and small circles denote,
respectively, core and edge conditions; blanks represent conditions that may or may not exist.

The seven configurations could be classified into three contexts, i.e., social context,
economic-social context, and governmental-economic-social context. In the social context
(see configuration 1), the social conditions played the core role. High population density
alone provided sufficient conditions for the development of the CDW recycling industry
facilities. The low-level adoption of compulsory and information-based policies did not
become an impediment. The absence of economic development or assignment as a pilot
city was not an impediment. This result implied that in highly populated regions, the need
to save valuable land by deviating CDW from the landfill itself was sufficient to support
the operation of the CDW recycling plant. The consistency of this configuration was 0.899.
The unique and the raw coverage reached 0.129 and 0.167, separately. The data indicated
that 89.9% of the cases that met this condition achieved the successful establishment of
the CDW recycling plant. In addition, 16.7% of the successful cases can be explained by
this causal path and 12.9% of the cases were explained only by this path. Early in 2009,
Xuchang pioneered the first Chinese concessionary operation of the CDW recycling plant
even without the enactment of related policy measures.

In the economic-social context, the combination of economic and social conditions
supported the establishment of the CDW recycling industry even without the strong
promotion of related policies. Of these, social conditions (population density and being
a pilot city) played a critical role and economic conditions filled a supplemental role. If
the economically developed and densely populated cities were selected as pilot cities, they
were likely to establish CDW recycling plants. Of the plant-established cases, 4.9% could
be explained via this causal pathway, and 4.2% of the cases could only be explained by this
pathway. The rather high consistency revealed that the case cities that fit this configuration
all achieved this aim. These cities include Changzhou and Dongguan.

In the third context, including the last five configurations, policy instruments definitely
promoted the set-up of CDW recycling plants, but all in conjunction with other economic
or social conditions. In configurations 3, 4, and 5, only one kind of policy measure was
extensively employed, but these cases successfully initiated CDW recycling plants only
if the social conditions (dense populations or being selected as pilot cities) were met
simultaneously. Nevertheless, the cases uniquely explained by these three conditions were
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limited. In configuration 6, both economic and informational measures were widely taken,
which, however, needed the auxiliary effect of certain social conditions to motivate the
establishment of the plant. Even with all three kinds of policy instruments intensively
employed in configuration 7, the supplementary economic and social environments were
still needed to construct sufficient conditions for CDW recycling industry development. It
was noticeable that this configuration uniquely explained 15.5% of the cases.

5. Discussion

In this study, we proposed a three-dimensional evaluation model to measure the
TPS from policy hierarchy, policy goal, and policy operability. In addition to the number
of policies, the way they were designed was considered too. This evaluation provided
more accurate descriptions of the power and effects of CDW policy mix in each city,
demonstrating the authentic resolution of authority to motivate CDW recycling.

The results revealed that compulsory policy, market-based policy, and information-
based policy all maintained increment from 2005 to 2019, but with great differences. To
quantitatively determine the spatial-temporal differences of the TPS in the sample cities, k-
means clustering and the Gini coefficient were applied. With the k-means clustering method,
cities with similar temporal trends were clustered together based on Euclidean distance.
The clustering clearly identified three trends—fast, moderate, and slight increments of
TPS—for all three types of policy. This result means these sample cities had paid extensive
attention to addressing this problem. The Gini coefficient showed that the spatial disparity
remained noteworthy despite the declining trend. The active cities were mainly located in
south China, east China, and central China, the most economically developed areas. This
conclusion is consistent with Yang and Zhou [72]. Economic development usually relies
on extensive infrastructure construction and therefore generates greater pressure for CDW
disposal. To tackle this issue, the municipal governments in those regions have stronger
motivation to comprehensively and effectively design CDW recycling policy measures.

Did the enormous diversity in TPS of policy measures contribute to the variety of
stages in the establishment of the CDW recycling industry in each city? EHA was utilized to
address this problem. From the EHA results, it was found that only the TPS of information-
based policy significantly influenced the initiation of the CDW recycling industry, while
coercive and economic policy did not. This result was partly echoed by the Li et al. [13]
study, in which an information-based instrument (Green Product Label) was identified
as the most salient factor in the CDW recycling industry development in the Chinese
context. The EHA results meant that those cities emphasizing the information-based policy
were more likely to establish the CDW recycling plant. The underlying reason may be
that the CDW recycling enterprises tend to trust open and communicative governments.
Compared with those governments preferring coerciveness, the governments advocating
information-based measures are easier to communicate and cooperate with. Recycling
enterprises, after all, need grand support from governments for their raw material supply,
operation, and product promotion [17].

Unexpectedly, the policies did not act as a strong driver for CDW recycling industry
development according to EHA results. Economic development level and pilot city status
seemed to play critical roles in the EHA results. The result implied that the CDW recycling
industry can be developed under suitable market or social conditions even without pressure
from governments. It was worth noting that becoming a pilot city was a particularly
significant determiner in establishing the CDW recycling industry according to the hazard-
odds ratios (e7.1951). This conclusion is echoed by Cao et al. [73]. They found that the urban
green total factor productivity increased by about 1.24% on average after becoming pilot
cities. Population density, however, did not show a significant effect, which contrasted
with previous studies [15,16].

FsQCA results, however, revealed the different mechanisms of the political, economic,
and social factors on motivation for CDW recycling. First, it indicated that the absence of
any single condition would not cause the failure of establishment of the CDW recycling
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industry. In addition, high population density was sufficient to motivate the set-up of
the first CDW recycling plant alone, requiring minor policy support. Indeed, in several
densely populated cities such as Handan and Xuchang, the first CDW recycling company
was established without strong support from policy measures. This conclusion responds to
the above implication from EHA results. In contrast, policy measures cannot play this role
alone. They need the cooperation of economic or social condition whenever some or all
kinds of policy instruments are adopted. To our knowledge, these conclusions were never
proposed by previous studies.

6. Conclusions

Are policies the essential driving force to promote CDW recycling? Has the spa-
tiotemporal disparity of policy adoption determined the developmental stages of the CDW
recycling industry in Chinese cities? To answer these questions, this study innovatively
analyzed data on 52 representative Chinese cities via a combination of content analysis,
clustering analysis, Gini coefficient, EHA, and fsQCA. The first novelty is that the policy
strength (TPS) adopted from 2005–2019 was extensively measured using our proposed
three-dimensional evaluation model. Then, the spatiotemporal disparity of policy efficacies
was analyzed via k-means clustering analysis and Gini coefficient. Another novelty lies in
the fact that not only individual variables but also the combination of multiple variables
in the initial establishment of the CDW recycling plants were analyzed using EHA and
fsQCA, respectively.

The results revealed that the strengths of compulsory policy, market-oriented policy,
and information-based policy all increased across the sample cities within the studied
period, indicating that policies were receiving more attention and were being highlighted
by local authorities, thereby motivating development of CDW recycling. However, the sig-
nificantly varied growth-rates and high-level Gini coefficients revealed the spatiotemporal
difference of TPS cannot be ignored. According to the EHA results, only the relationship
between information-based policy and the establishment of the first CDW recycling plant
had a statistically significant effect at p < 0.1 level. The fsQCA results further demonstrated
that policy alone was not sufficient to promote the development of the CDW recycling
industry; it worked only in combination with economic and social conditions. In contrast,
the establishment of a CDW recycling plant can be facilitated by social conditions (dense
population) alone or combined with economic conditions.

These results provided valuable references for authorities to enhance CDW recycling
in the context of China or other, similar regions. Municipal governments should make
policy flexibly, considering the practical context rather than simply policymaking without
context. In developing and strengthening policy measures, the focus should be on whether
the prevailing social or market conditions at that moment are lasting.

This study has certain limitations as well. First, we did not take technological factors
into account due to data unavailability. Second, although 52 representative cities were
considered in this study, there are still numerous other cities remaining to be explored. We
hope to extend the number of cities in a future study.

Author Contributions: Conceptualization, J.L., J.Z., and Y.T.; methodology, J.L. and J.J.; software, J.L.;
data curation, J.J.; writing—original draft preparation, J.L. and J.J.; writing—review and editing, J.Z.
and Y.T.; supervision, J.Z. and Y.T.; funding acquisition, J.L. All authors have read and agreed to the
published version of the manuscript.

Funding: This research was funded by the National Social Science Foundation of China, grant
number 22BGL194.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: We have participated sufficiently in work to take public responsibility
for the appropriateness of the collection, analysis, and interpretation of the data.



Int. J. Environ. Res. Public Health 2023, 20, 4936 14 of 16

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Construction and Demolition Waste Management in Germany. Available online: http://ec.europa.eu/environment/waste/

studies/mixed_waste.htm#deliverables (accessed on 18 June 2015).
2. Wu, H.; Duan, H.; Zheng, L.; Wang, J.; Niu, Y.; Zhang, G. Demolition waste generation and recycling potentials in a rapidly

developing flagship megacity of South China: Prospective scenarios and implications. Constr. Build. Mater. 2016, 113, 1007–1016.
[CrossRef]

3. Nelles, M.; Grünes, J.; Morscheck, G. Waste Management in Germany—Development to a Sustainable Circular Economy? Procedia
Environ. Sci. 2016, 35, 6–14. [CrossRef]

4. Liao, Z.; Xu, C.-k.; Cheng, H.; Dong, J. What drives environmental innovation? A content analysis of listed companies in China. J.
Clean. Prod. 2018, 198, 1567–1573. [CrossRef]

5. Aslam, M.S.; Huang, B.; Cui, L. Review of construction and demolition waste management in China and USA. J. Environ. Manage.
2020, 264, 110445. [CrossRef]

6. Gálvez-Martos, J.-L.; Styles, D.; Schoenberger, H.; Zeschmar-Lahl, B. Construction and demolition waste best management
practice in Europe. Resour. Conserv. Recycl. 2018, 136, 166–178. [CrossRef]

7. Wang, H.; Xiong, W.; Yang, L.; Zhu, D.; Cheng, Z. How does public-private collaboration reinvent? A comparative analysis of
urban bicycle-sharing policy diffusion in China. Cities 2020, 96, 102429. [CrossRef]

8. Chai, Q.; Huang, X.; Zhang, L.; Zhang, Q.; Shao, W.; Liu, Y. Current Situation of Resource Utilization of Typical Urban Construction
Waste in China-A Case Study of Xuchang City. Energy Sav. Environ. Prot. 2019, 2, 62–64. (In Chinese)

9. Chen, Y. Comparison of policy about construction waste resource utilization in China & abroad. Archit. Technol. 2019, 50, 342–345.
(In Chinese)

10. Construction Waste Resource Treatment is Difficult. Available online: https://mp.weixin.qq.com/s/95SwUIxQD4mKb4j6y_p7KQ
(accessed on 3 March 2016).

11. Li, J.; He, G.; Zhong, X. Research on Policy Instruments Selection of Construction and Demolition Waste Recycling Management
in Japan, Germany and Singapore. Constr. Econ. 2017, 38, 87–90. (In Chinese)

12. Ma, M.; Tam, V.W.Y.; Le, K.N.; Zhu, Y.; Li, W. Comparative Analysis of National Policies on Construction and Demolition
Waste Management in China and Japan. In Proceedings of the 24th International Symposium on Advancement of Construction
Management and Real Estate, Chongqing, China, 29 November–2 December 2019; pp. 1543–1558.

13. Li, J.R.; Yao, Y.; Zuo, J.; Li, J.G. Key policies to the development of construction and demolition waste recycling industry in China.
Waste Manag. 2020, 108, 137–143. [CrossRef]

14. Kristianssen, A.-C.; Andersson, R.; Belin, M.-Å.; Nilsen, P. Swedish Vision Zero policies for safety—A comparative policy content
analysis. Saf. Sci. 2018, 103, 260–269. [CrossRef]

15. Hossain, M.U.; Wu, Z.; Poon, C.S. Comparative environmental evaluation of construction waste management through different
waste sorting systems in Hong Kong. Waste Manag. 2017, 69, 325–335. [CrossRef]

16. Duan, H.; Miller, T.R.; Liu, G.; Tam, V.W.Y. Construction debris becomes growing concern of growing cities. Waste Manag. 2019,
83, 1–5. [CrossRef]

17. Jin, R.Y.; Li, B.; Zhou, T.Y.; Wanatowski, D.; Piroozfar, P. An empirical study of perceptions towards construction and demolition
waste recycling and reuse in China. Resour. Conserv. Recycl. 2017, 126, 86–98. [CrossRef]

18. Ghisellini, P.; Ji, X.; Liu, G.; Ulgiati, S. Evaluating the transition towards cleaner production in the construction and demolition
sector of China: A review. J. Clean. Prod. 2018, 195, 418–434. [CrossRef]

19. Liao, Z.J. Content analysis of China’s environmental policy instruments on promoting firms’ environmental innovation. Environ.
Sci. Policy 2018, 88, 46–51. [CrossRef]

20. Zimm, C. Improving the understanding of electric vehicle technology and policy diffusion across countries. Transp. Policy 2021,
105, 54–66. [CrossRef]

21. True, J.; Mintrom, M. Transnational Networks and Policy Diffusion: The Case of Gender Mainstreaming. Int. Stud. Quart. 2001,
45, 27–57. [CrossRef]

22. Hood, C. The Tools of Government; Chatham House Publishers: Chatham, UK, 1986.
23. Howlett, M.; Ramesh, M. Patterns of Policy Instrument Choice: Policy Styles, Policy Learning and the Privatization Experience.

Rev. Policy Res. 1993, 12, 3–24. [CrossRef]
24. Hughes, L.; Urpelainen, J. Interests, institutions, and climate policy: Explaining the choice of policy instruments for the energy

sector. Environ. Sci. Policy 2015, 54, 52–63. [CrossRef]
25. Tam, V.W.Y. Comparing the implementation of concrete recycling in the Australian and Japanese construction industries. J. Clean.

Prod. 2009, 17, 688–702. [CrossRef]
26. Akhtar, A.; Sarmah, A.K. Construction and demolition waste generation and properties of recycled aggregate concrete: A global

perspective. J. Clean. Prod. 2018, 186, 262–281. [CrossRef]
27. Ding, Z.; Zhu, M.; Tam, V.W.Y.; Yi, G.; Tran, C.N.N. A system dynamics-based environmental benefit assessment model of

construction waste reduction management at the design and construction stages. J. Clean. Prod. 2018, 176, 676–692. [CrossRef]

http://ec.europa.eu/environment/waste/studies/mixed_waste.htm#deliverables
http://ec.europa.eu/environment/waste/studies/mixed_waste.htm#deliverables
http://doi.org/10.1016/j.conbuildmat.2016.03.130
http://doi.org/10.1016/j.proenv.2016.07.001
http://doi.org/10.1016/j.jclepro.2018.07.156
http://doi.org/10.1016/j.jenvman.2020.110445
http://doi.org/10.1016/j.resconrec.2018.04.016
http://doi.org/10.1016/j.cities.2019.102429
https://mp.weixin.qq.com/s/95SwUIxQD4mKb4j6y_p7KQ
http://doi.org/10.1016/j.wasman.2020.04.016
http://doi.org/10.1016/j.ssci.2017.11.005
http://doi.org/10.1016/j.wasman.2017.07.043
http://doi.org/10.1016/j.wasman.2018.10.044
http://doi.org/10.1016/j.resconrec.2017.07.034
http://doi.org/10.1016/j.jclepro.2018.05.084
http://doi.org/10.1016/j.envsci.2018.06.013
http://doi.org/10.1016/j.tranpol.2020.12.012
http://doi.org/10.1111/0020-8833.00181
http://doi.org/10.1111/j.1541-1338.1993.tb00505.x
http://doi.org/10.1016/j.envsci.2015.06.014
http://doi.org/10.1016/j.jclepro.2008.11.015
http://doi.org/10.1016/j.jclepro.2018.03.085
http://doi.org/10.1016/j.jclepro.2017.12.101


Int. J. Environ. Res. Public Health 2023, 20, 4936 15 of 16

28. Yuan, H.; Wang, J. A system dynamics model for determining the waste disposal charging fee in construction. Eur. J. Oper. Res.
2014, 237, 988–996. [CrossRef]

29. Tam, V.W.Y.; Li, J.; Cai, H. System dynamic modeling on construction waste management in Shenzhen, China. Waste Manage. Res.
2014, 32, 441–453. [CrossRef]

30. Hua, C.; Liu, C.; Chen, J.; Yang, C.; Chen, L. Promoting construction and demolition waste recycling by using incentive policies in
China. Environ. Sci. Pollut. Res. 2022, 29, 53844–53859. [CrossRef]

31. Wang, H.; Pan, X.; Zhang, S.; Zhang, P. Simulation analysis of implementation effects of construction and demolition waste
disposal policies. Waste Manag. 2021, 126, 684–693. [CrossRef]

32. Hsieh, H.-F.; Shannon, S.E. Three Approaches to Qualitative Content Analysis. Qual. Health Res. 2005, 15, 1277–1288. [CrossRef]
33. Alves, A.C.; Lee, S.-H. China’s BRI developmental agency in its own words: A content analysis of key policy documents. World

Dev. 2022, 150, 105715. [CrossRef]
34. Peng, J.; Zhong, W.; Sun, W. Policy measurement, policy co evolution and economic performance: An Empirical Study Based on

innovation policy. Manag. World 2008, 9, 25–36. (In Chinese)
35. Dong, F.; Liu, Y. Policy evolution and effect evaluation of new-energy vehicle industry in China. Resour. Policy 2020, 67, 101655.

[CrossRef]
36. Berry, F.S.; Berry, W.D. State lottery adoptions as policy innovations: An event history analysis. Am. Polit. Sci. Rev. 1990, 84,

395–415. [CrossRef]
37. Blossfeld, H.-P. Event History Analysis. In International Encyclopedia of Statistical Science; Lovric, M., Ed.; Springer:

Berlin/Heidelberg, Germany, 2011; pp. 466–470.
38. Raghoo, P.; Shah, K.U. A global empirical analysis on the diffusion & innovation of carbon pricing policies. J. Clean. Prod. 2022,

362, 132329. [CrossRef]
39. Amati, V.; Munson, J.; Scholnick, J.; Habiba. Applying event history analysis to explain the diffusion of innovations in

archaeological networks. J. Archaeol. Sci. 2019, 104, 1–9. [CrossRef]
40. Joo, H.J.; Jo, Y. Family, School, Peers, and Recidivism Among South Korean Juvenile Offenders: An Event History Analysis. Asian

J. Criminol. 2015, 10, 99–116. [CrossRef]
41. Iverson, R.D. An Event History Analysis of Employee Turnover: The Case of Hospital Employees in Australia. Hum. Resour.

Manag. J. 1999, 9, 397–418. [CrossRef]
42. Zapp, M.; Dahmen, C. The Diffusion of Educational Ideas among International Organizations: An Event History Analysis of

Lifelong Learning, 1990–2013. Comp. Educ. Rev. 2017, 61, 492–518. [CrossRef]
43. Mendel, J.M.; Korjani, M.M. Charles Ragin’s Fuzzy Set Qualitative Comparative Analysis (fsQCA) used for linguistic summariza-

tions. Inf. Sci. 2012, 202, 1–23. [CrossRef]
44. Du, Y.; Jia, L. Group Perspective and Qualitative Comparative Analysis (QCA): A New Path for Management Research. Manag.

World 2017, 6, 155–167. [CrossRef]
45. Kirchherr, J.; Charles, K.J.; Walton, M.J. Multi-causal pathways of public opposition to dam projects in Asia: A fuzzy set qualitative

comparative analysis (fsQCA). Glob. Environ. Change 2016, 41, 33–45. [CrossRef]
46. Mikalef, P.; Pateli, A.; Batenburg, R.S.; Wetering, R.v.d. Purchasing alignment under multiple contingencies: A configuration

theory approach. Ind. Manag. Data Syst. 2015, 115, 625–645. [CrossRef]
47. Marks, S.J.; Kumpel, E.; Guo, J.; Bartram, J.; Davis, J. Pathways to sustainability: A fuzzy-set qualitative comparative analysis of

rural water supply programs. J. Clean. Prod. 2018, 205, 789–798. [CrossRef]
48. Zhang, D.; Wang, H.; Jin, X. Element Matching and Configuration Path of Corporate Social Responsibility Performance.

Sustainability 2022, 14, 6614. [CrossRef]
49. Krassadaki, E.; Zopounidis, C.; Lemonakis, C. A fuzzy-set Qualitative Comparative Analysis Approach for the evaluation of

corporate viability. Oper. Res. 2022, 22, 3549–3570. [CrossRef]
50. Olaerts, L.; Walters, J.P.; Linden, K.G.; Javernick-Will, A.; Harvey, A. Factors Influencing Revenue Collection for Preventative

Maintenance of Community Water Systems: A Fuzzy-Set Qualitative Comparative Analysis. Sustainability 2019, 11, 3726.
[CrossRef]

51. Papamitsiou, Z.; Pappas, I.O.; Sharma, K.; Giannakos, M.N. Utilizing Multimodal Data Through fsQCA to Explain Engagement
in Adaptive Learning. IEEE Trans. Learn. Technol. 2020, 13, 689–703. [CrossRef]

52. Sheehy, T.J.; Thygeson, N.M. Physician organization care management capabilities associated with effective inpatient utilization
management: A fuzzy set qualitative comparative analysis. BMC Health Serv. Res. 2014, 14, 582. [CrossRef]

53. Pappas, I.O.; Woodside, A.G. Fuzzy-set Qualitative Comparative Analysis (fsQCA): Guidelines for research practice in Information
Systems and marketing. Int. J. Inf. Manage. 2021, 58, 102310. [CrossRef]

54. Amponsah, C.T.; Ahmed, G. New global dimensions of business excellence. Int. J. Bus. Excell. 2017, 13, 60–78. [CrossRef]
55. Lei, X.; Wang, N. Diffusion of policy innovation among local governments: A case study of Municipal solid waste classification

system. Res. Local Gov. 2019, 4, 2–19+77. (In Chinese)
56. Sun, H. An Empirical Study on the Policy Innovation Diffusion of the Prefecture Level Cities in China—A Case Study of Smart City;

Chongqing University: Chongqing, China, 2017.
57. The Notice on Carrying out Pilot Work of Construction Waste Treatment. Available online: http://www.jzlj.org.cn/Item/Show.

asp?m=1&d=6555 (accessed on 23 March 2018).

http://doi.org/10.1016/j.ejor.2014.02.034
http://doi.org/10.1177/0734242X14527636
http://doi.org/10.1007/s11356-022-19536-w
http://doi.org/10.1016/j.wasman.2021.03.056
http://doi.org/10.1177/1049732305276687
http://doi.org/10.1016/j.worlddev.2021.105715
http://doi.org/10.1016/j.resourpol.2020.101655
http://doi.org/10.2307/1963526
http://doi.org/10.1016/j.jclepro.2022.132329
http://doi.org/10.1016/j.jas.2019.01.006
http://doi.org/10.1007/s11417-015-9205-2
http://doi.org/10.1016/S1053-4822(99)00027-3
http://doi.org/10.1086/692607
http://doi.org/10.1016/j.ins.2012.02.039
http://doi.org/10.19744/j.cnki.11-1235/f.2017.06.012
http://doi.org/10.1016/j.gloenvcha.2016.08.001
http://doi.org/10.1108/IMDS-10-2014-0298
http://doi.org/10.1016/j.jclepro.2018.09.029
http://doi.org/10.3390/su14116614
http://doi.org/10.1007/s12351-021-00653-2
http://doi.org/10.3390/su11133726
http://doi.org/10.1109/TLT.2020.3020499
http://doi.org/10.1186/s12913-014-0582-5
http://doi.org/10.1016/j.ijinfomgt.2021.102310
http://doi.org/10.1504/IJBEX.2017.085794
http://www.jzlj.org.cn/Item/Show.asp?m=1&d=6555
http://www.jzlj.org.cn/Item/Show.asp?m=1&d=6555


Int. J. Environ. Res. Public Health 2023, 20, 4936 16 of 16

58. Tayfur, S.; Alver, N.; Abdi, S.; Saatcı, S.; Ghiami, A. Characterization of concrete matrix/steel fiber de-bonding in an SFRC beam:
Principal component analysis and k-mean algorithm for clustering AE data. Eng. Fract. Mech. 2018, 194, 73–85. [CrossRef]

59. Bian, H.; Zhong, Y.; Sun, J.; Shi, F. Study on power consumption load forecast based on K-means clustering and FCM–BP model.
Energy Rep. 2020, 6, 693–700. [CrossRef]

60. Dadon-Golan, Z.; BenDavid-Hadar, I.; Klein, J. Revisiting educational (in)equity: Measuring educational Gini coefficients for
Israeli high schools during the years 2001–2011. Int. J. Educ. Dev. 2019, 70, 102091. [CrossRef]

61. Kumar, A.S.; Yazir, P.; Gopika, G.G. Consumption inequality in india after liberalization: A caste based assessment. Singap. Econ.
Rev. 2018, 64, 139–155. [CrossRef]

62. Parker, D.; Holman, D. Event history analysis of dengue fever epidemic and inter-epidemic spells in Barbados, Brazil, and
Thailand. Int. J. Infect. Dis. 2012, 16, E793–E798. [CrossRef]

63. Beauchemin, C.; Schoumaker, B. Are Migrant Associations Actors in Local Development? A National Event-History Analysis in
Rural Burkina Faso. World Dev. 2009, 37, 1897–1913. [CrossRef]

64. Rihoux, B.; Ragin, C.C. Configurational Comparative Methods: Qualitative Comparative Analysis (QCA) and Related Techniques; Sage
Publications: Thousand Oaks, CA, USA, 2008.

65. Ragin, C.C. Fuzzy-Set Social Science; University of Chicago Press: Chicago, IL, USA, 2000.
66. Bouwmana, H.; Nikoub, S.; Reuvera, M.d. Digitalization, business models, and SMEs How do business model innovation

practices improve performance of digitalizing SMEs. Telecommun. Policy 2019, 43, 101828. [CrossRef]
67. Charles, R. Redesigning Social Inquiry: Fuzzy Sets and Beyond; University of Chicago Press: Chicago, IL, USA; London, UK, 2008.
68. Coduras, A.; Clemente, J.A.; Ruiz, J. A novel application of fuzzy-set qualitative comparative analysis to GEM data. J. Bus. Res.

2016, 69, 1265–1270. [CrossRef]
69. Tang, P.; Yang, S.; Yang, S. How to design corporate governance structures to enhance corporate social responsibility in China’s

mining state-owned enterprises? Resour. Policy 2020, 66, 101619. [CrossRef]
70. Schneider, C.Q.; Wagemann, C. Set-Theoretic Methods for the Social Sciences: A Guide to Qualitative Comparative Analysis; Cambridge

University Press: Cambridge, UK, 2012.
71. Ragin, C.C.; Strand, S.I.; Rubinson, C. User’s Guide to Fuzzy-Set/Qualitative Comparative Analysis; University of Arizona: Tucson,

AZ, USA, 2008; pp. 1–87.
72. Yang, J.; Zhou, J. Research on the temporal and spatial evolution characteristics and diffusion mechanism of public policy: Based

on the analysis of domestic waste classification policies in 31 provincial-level and 38 prefecture-level cities. Local Gov. Res. 2021,
78, 16–29. (In Chinese)

73. Cao, X.; Deng, M.; Li, H. How does e-commerce city pilot improve green total factor productivity? Evidence from 230 cities in
China. J. Environ. Manag. 2021, 289, 112520. [CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://doi.org/10.1016/j.engfracmech.2018.03.007
http://doi.org/10.1016/j.egyr.2020.11.148
http://doi.org/10.1016/j.ijedudev.2019.102091
http://doi.org/10.1142/S0217590817430123
http://doi.org/10.1016/j.ijid.2012.07.002
http://doi.org/10.1016/j.worlddev.2009.03.012
http://doi.org/10.1016/j.telpol.2019.101828
http://doi.org/10.1016/j.jbusres.2015.10.090
http://doi.org/10.1016/j.resourpol.2020.101619
http://doi.org/10.1016/j.jenvman.2021.112520
http://www.ncbi.nlm.nih.gov/pubmed/33865020

	Introduction 
	Literature Review 
	The CDW Recycling Policy 
	Measurement of Policy Strength Using Content Analysis 
	Event History Analysis (EHA) 
	Fuzzy-Set Qualitative Comparative Analysis (fsQCA) 

	Research Methods 
	Sample Cities Selection and Data Collection 
	Measurement of Policy Strength 
	The Spatiotemporal Disparity Analysis 
	K-Means Clustering 
	Gini Coefficient 

	EHA 
	FsQCA 
	Data Calibration 
	Necessity Analysis 
	Sufficiency Analysis 


	Results 
	The Statistical Results of TPS Evaluation 
	Spatiotemporal Disparity of the CDW Recycling Policy 
	Temporal Disparity 
	Spatial Disparity 

	Event History Analysis 
	FsQCA Analysis 
	Necessity Analysis of Individual Conditions 
	Configurations Analysis 


	Discussion 
	Conclusions 
	References

