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Abstract

:

The fast-paced growth of the logistics industry has contributed significantly to China’s high-quality economic development. However, the growth of the logistics industry is frequently accompanied by high levels of pollution, carbon emissions, and energy consumption. How to increase low-carbon logistics capacity has emerged as a research hotspot under the dual carbon goals. This study used entropy weight TOPSIS to evaluate the low-carbon logistics capacity and dynamic fuzzy-set qualitative comparative analysis (fsQCA) to shed light on the antecedent conditions that influenced low-carbon logistics capability by using panel data from 30 Chinese provinces between 2008 and 2021. Based on the empirical results, several conclusions are drawn: (1) The comprehensive score show that while province low-carbon logistics capacity varies, most of them exhibit a general growing tendency in most provinces, where Beijing, Shanghai, Tianjin, Guangdong and Zhejiang rank among the top five. (2) Three configurations, digital empower capital intensive type, digital empower labor intensive type, and green ecology plus technology innovation type that lead to better low-carbon logistics capacity. Related policy recommendations are proposed, including strengthening the synergistic development of the digital economy and the logistics industry, promoting research and development of green and innovative technologies, and reinforcing the constraints of the dual-carbon target.
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1. Introduction


China’s logistics industry has experienced fundamental changes from its beginning to rapid development after more than 40 years of reform and opening up, and its incredible accomplishments have garnered attention worldwide [1]. Currently, China has the greatest logistics industry in the world, topping all other nations in terms of cargo transport volume and number of shipments, with a total revenue of 12 trillion yuan ($1.74 trillion) in 2021, according to the National Development and Reform Commission. It is apparent that the logistics sector in China has developed into a fundamental and pillar industry, acting as an essential supporter in the growth of the country’s economy.



Despite its rapid development, the logistics sector still faces significant obstacles like high operating costs, inefficient production, high energy consumption, and emissions of carbon and air pollutants. The United Nations Environment Programme reported that the logistics industry accounts for about 10% of total global carbon emissions, with transportation as the largest source of logistics emissions [2]. Furthermore, according to data from the National Bureau of Statistics, China’s logistics industry (transportation, storage, post, and telecommunication) consumed 413.09 million tons of Standard Coal Equivalent (SCE) in 2020, accounting for about 8.29% of the overall energy usage. Obviously, the logistics sector is now a major cause of high energy consumption and serious environmental pollution [3]. Therefore, the intertwined connections between logistics activities and environmental impacts are undeniably significant. As a developing country with the world’s largest carbon emission, China has been committed to carbon reduction. At the 75th session of the United Nations General Assembly in 2020, China formally proposed the goal of achieving carbon peaking by 2030 and carbon neutrality by 2060. Under the background of “dual carbon goals,” promoting the modernization and transformation of the logistics sector, staying away from the current high energy consumption and extensive development, and striving to create eco-friendly, effective low-carbon logistics have all become necessary decisions for the long-term sustainability of the sector.



Building low-carbon logistics capacity, fostering high-quality development of the logistics industry, and protecting the environment have all steadily come under the spotlight in the context of the low-carbon constraint. As one of the important means to mitigate climate change mitigation, low-carbon logistics capacity refers to the integration of environmental sustainability into logistics activities to maintain competitiveness while reducing carbon emissions [4]. By reviewing the literature, several kinds of factors that influence low-carbon logistics capacity can be summarized as economic growth, urbanization, transportation capability, labor force, energy consumption, and governance [5,6,7,8,9]. It is observed that the effects of factors on low-carbon logistics capacity are diverse and may be mutually interactive [4]. A convergence of economic development, energy structure, scientific and technical innovation, and other influencing elements has led to the creation of green logistics [10]. However, there is currently little research that has looked into the interactions and combined effects of multiple factors (especially three or more) [11,12]. Additionally, previous research typically applied techniques like structural equation modeling, econometric models, data envelop analysis, and other quantitative or qualitative methods to examine the key factors affecting low carbon logistics capacity. Traditional quantitative approaches that aim to investigate marginal effects, such as multiple regression analysis, interpret the multiple causations between various variables. On the other hand, obtaining interaction effects for more than three variables is arduous [13]. Likewise, these methods are limited in their ability to deal with causal complexity on a holistic level as well as uncover individual variation observed in reality [14]. Therefore, for these reasons, this paper attempts to overcome these restrictions by using the dynamic fuzzy-set qualitative comparative analysis (fsQCA) approach, which emphasizes correlations between sets of antecedents and the outcome while also making explicit the configuration of factors [14].



In his book, Ragin [15] provided a thorough explanation of fuzzy-set qualitative comparative analysis (fsQCA), including a discussion of the problems that come with using a set-theoretic approach, which was considered a new path for management research [16]. Recently, fsQCA has been used in logistics research to explore the configurational paths that influence the growth of the logistics industry [17,18]. The main data used in mentioned studies was cross-sectional data, which excluded temporal influences. Some fsQCA analyses have been performed to take into account the time dimension by utilizing a method known as panel data fsQCA or dynamic fsQCA, which was created by Garcia-Castro and Ariño [19]. Consequently, dynamic fsQCA is used to analyze the joint effect of determinants on low-carbon logistics capacity, not only in the assessment of the stability of configurational paths for an outcome but also in the degree of fluctuations in the path associated with different provinces over time and the antecedents that make up these paths [20].



The rest of this paper is structured as follows. A literature review and a description of the metrics for low-carbon logistics capability are provided in Section 2. The research setting and the methodology are illustrated in Section 3. The empirical findings are discussed in Section 4, and the conclusions, limitations, and future research are covered in Section 5.




2. Literature Review


2.1. Factors Affecting Carbon Emission in Logistics Industry


Four basic categories can be drawn from previous research on the factors affecting carbon emissions in the logistics sector. The first is in terms of energy inputs directly consumed by logistics, including energy structure, energy intensity, energy efficiency, and energy prices [21,22,23,24]. Secondly, it is from macroeconomic factors, including industrial structure, economic scale, urbanization rate, cargo turnover, environmental regulation, and financial support [22,24,25,26]. Thirdly, it is considered from the logistics industry content, including logistics transportation structure, logistics transportation intensity, logistics industry labor productivity, logistics industry science and technology innovation capacity, logistics industry output scale, employee scale, and logistics enterprise average scale [22,24]. Finally, in terms of industry management degree, including the economic development of the service industry, the use of low-carbon technology in various sectors of the economy, and industry efficiency [27].




2.2. Factors of Low-Carbon Logistics Capacity


Given that the expansion of the logistics sector unavoidably worsens greenhouse gas emissions and endangers ecological sustainability while fostering economic growth. Therefore, as a potential remedy for the realistic dilemma facing the logistics industry, low-carbon logistics capacity enhancement and assessment index development have received a lot of attention in recent years. To examine the role of low-carbon logistics development in promoting low-carbon economic growth, Wang [28] constructed a regional low-carbon logistics capacity index system with a low-carbon logistics environment, low-carbon logistics strength, and low-carbon logistics potential as elements and empirically analyzed a regional sample using the fuzzy matter-element method. Li et al. [29] constructed an evaluation system of regional logistic low-carbon competitiveness from three aspects, including low-carbon logistics competitive environment, service capability and development level and measured the degree of influence of each index on regional logistics low-carbon competitiveness by projection pursuit method. Similarly, Wang et al. [4] used the entropy technique to assess regional low-carbon logistical development capacity in terms of infrastructure capacity, environmental protection capacity, business expansion capacity, and low-carbon ecological level. Zhou et al. [7] created a sequential parametric index system with infrastructure support capacity, information system guarantee capacity, operation management and operation capacity, and low-carbon ecological development capacity as elements with the intention of analyzing the interaction status between regional low-carbon logistics capacity subsystems and the degree of coordination between them, who came to the conclusion that the coordination level of each subsystem index fluctuates significantly over time. Correspondingly, from previous studies, each factor not only affects low-carbon logistics capacity but also interacts with other factors to have an impact as a whole. Additionally, due to the time shift, their impact on low-carbon logistics capacity will fluctuate.




2.3. fsQCA in Logistics Issues


Fuzzy-set qualitative comparative analysis (fsQCA) is one the widest and most emerging research technique to analyze the combined impact along with correlation to identify the configurations [11,30]. Asymmetry equations and causal complexity in the context of fsQCA lead to multiple paths leading to the same outcome with various combinations [31]. Therefore, fsQCA is widely applied in the analysis of logistics issues. Hartmann et al. [32] used fsQCA to explore how drivers at multiple levels interact to shape the fleet decisions in one of Europe’s leading third-party logistics providers operating a large, multi-country road transportation network. The study of Vlachos [33] was to empirically study the necessary and sufficient antecedents of customer loyalty to logistics service providers (LSPs) by using fsQCA. Moreover, the fsQCA was applied to identify the causal configuration relations for higher values of economic development by considering the influence of logistics competitiveness and logistics cost [34]. Despite the fact that fsQCA has been utilized extensively in previous research, the data it uses do not take into account temporal impacts [35]. As a result, some academics have lately begun to take these impacts into account by inventing dynamic fsQCA and using it to conduct research in the field of environmental pollution [14], entrepreneurial attitudes [35], and R&D intensity [36].




2.4. Entropy Weight TOPSIS


Entropy weight TOPSIS, which combines entropy and TOPSIS, is a thorough evaluation technique. An objective weighting approach to give weights to each index is the entropy weight method, which introduces the idea of information entropy [37]. The term “entropy” comes from physics and describes the level of intrinsic chaos in a system. Using the concept of information entropy, the more chaotic a system is, the greater the degree of uncertainty, the less information it can carry, and the lower its weight [38]. Compared to the weighting methods such as AHP, ANP, and DEMATEL, which require expert scoring to determine the weights, the entropy weighting method is more objective. Furthermore, some novel methods were proposed in the last decade to assign a weight, such as BWM, CILOS, and IOCRIM [39]. Entropy uses the information carried by the entropy value of the data itself to calculate the weights, according to the level of numerical dispersion across indicators, to provide a basis for the comprehensive evaluation of multiple indicators and make the research findings more unbiased and fair.



The TOPSIS (Technique for Order Preference by Similarity to an Ideal Solution) method is a comprehensive distance-based evaluation method, first proposed by Hwang and Yoon in 1981, which is known as the “superior-inferior solution distance method” [37]. The method uses the proximity of the evaluation alternative to the idealized target to rank the merits of each evaluation alternative [40]. Among the evaluation methods of PROMETHEE, VIKOR, and Fuzzy AHP, TOPSIS has a relatively simple calculation algorithm, that can analyze quantitative data and fully use data information [41]. Entropy weighting, combined with the TOPSIS method, has been widely used in various evaluation-based studies [42,43]. In addition, with reference to the logistics context, entropy weight TOPSIS was applied to the issue related to the regional logistics industry’s high-quality development level measurement and green logistics partner selection [44,45].



To sum up, according to the analysis of the above three parts, there are numerous pieces of literature on the low-carbon logistics capacity with different influencing factors and methods. Nonetheless, there are relatively few studies on the multi-factor interaction and low-carbon logistics capacity. Additionally, the temporal effects are absent from the causal combination of the variables affecting low-carbon logistics capacity using fsQCA. In light of this, an entropy weight TOPSIS is used to assess the provinces’ capacity for low-carbon logistics. Besides, this paper uses dynamic fsQCA to examine the causal complexity of low-carbon logistics capacity at the province level incorporating temporal effect and offering low-carbon development paths for the logistics industry.





3. Methodology


Low-carbon logistics capacity evaluation is a typical multi-criteria decision-making (MCDM) issue, which utilizes multiple measurement indicators for assessing provincial low-carbon logistics capacity. As a generally used MCDM method, the technique for order preference by similarity to an ideal solution (TOPSIS) is a methodology used to sort finite evaluation objects according to their proximity to the ideal solution, which has been widely used to evaluate concerns [42,46]. In order to highlight the varying degrees of importance of various indicators in the evaluation index, this paper employs the entropy method to calculate the weights for multiple indicators and then combines the TOPSIS model to evaluate and rank the low-carbon logistics capacity [47,48]. Further, in order to identify the multifactor combination influencing the effect of regional low-carbon logistics capacity, this paper will use the dynamic fsQCA model to conduct a comparative analysis of low-carbon logistics capacity and put forward corresponding countermeasure suggestions to accelerate the process of regional low-carbon logistics capacity construction with high quality. This study next illustrates the entropy weight TOPSIS model and the dynamic fsQCA model, respectively.



3.1. Entropy Weight TOPSIS


In the traditional TOPSIS method, the assumption that each indicator weight is equivalent by default contradicts reality. To that end, this paper employs the entropy weight TOPSIS approach to assess low-carbon logistics capability, which is a hybrid of the entropy and TOPSIS methodologies and can effectively leverage both. To overcome the arbitrariness of subjective assignment, this paper gives weights to various indicators and quantifies them using the entropy weight approach. Furthermore, the TOPSIS technique analyzes and ranks the distance between each object and the best object, allowing the findings to fully reflect the true scenario. The specific steps of the method are as follows:



Step 1: Assume that there are m evaluation objects and n evaluation indicators for each object, and create an evaluation matrix of regional low-carbon logistics capacity level.


  X =    (   x  i j    )    m n   ,  (  i = 1 ,   2 ,   3 , … , m ; j = 1 ,   2 ,   3 , … , n  )   



(1)







Step 2: Normalization processing of the raw matrix data. The benefit attributes indicate that all the chosen attributes are of benefit (the higher, the more preference). The cost attributes, on the other hand, are the opposite, indicating that the higher, the worse.


  Benefit   attributes :    x  i j  ′  =    x  i j   − min  (   x  i j    )    max  (   x  i j    )  − min  (   x  i j    )    ;    



(2)






  Cos t   attributes :    x  i j  ′  =   max  (   x  i j    )  −  x  i j     max  (   x  i j    )  − min  (   x  i j    )    .    



(3)







Step 3: Calculate the information entropy    H j    and weight    w j   .


  k =  1  ln m   ;    



(4)






   p  i j   =    x  i j  ′      ∑   i = 1  m   x  i j  ′    ;    



(5)






   H j  = − k   ∑   i = 1  m   p  i j   × ln  p  i j   ;    



(6)






    w j  =    (  1 −  H j   )      ∑   j = 1  n   (  1 −  H j   )      ,   0 ≤  w j  ≤ 1   ,   and     ∑   j = 1  n   w j  = 1 .     



(7)







Step 4: Calculate the normalized evaluation matrix based on the weights and determine the positive-ideal solution (PIS)    Y j +    and negative-ideal solution (NIS)    Y j −   .


  Y =  y  i j   =  w j  ×    (   x  i j  ′   )    m n   ,  (  i = 1 ,   2 ,   3 , … , m ; j = 1 ,   2 ,   3 , … , n  )   



(8)






    Y j +  = max  (   y  1 j   ,  y  2 j   ,  y  3 j   , … ,  y  n j    )    ,    Y j −  = min  (   y  1 j   ,  y  2 j   ,  y  3 j   , … ,  y  n j    )    



(9)







Step 5: The Euclidean distance between the object of study and the optimal and worst solutions.


    D i +  =     ∑   j = 1  n     (   Y j +  −  y  i j    )   2      ,    D i −  =     ∑   j = 1  n     (   Y j −  −  y  i j    )   2      



(10)







Step 6: Calculate the comprehensive evaluation score    Z i    based on the distance values of Equation (10).


    Z i  =    D i −     D i +  +  D i −      ,    Z i  ∈  [  0 , 1  ]  .     



(11)







Here, the closer    Z i    is to 1, the stronger the low-carbon logistics capacity of province i.




3.2. Dynamic QCA


To analyze the combination effect exerted by determinants on low-carbon logistics capacity, the fuzzy-set qualitative comparative analysis (fsQCA) was used. In the book titled Redesigning Social Inquiry: Fuzzy Sets and Beyond, Ragin [15] provided a thorough explanation of fsQCA, along with information on its associated set-theoretic approach. Its use as a method is growing in the fields of business and the social sciences [20,49], particularly in the study of logistics and sustainable development [11,14,50,51]. The analysis is based on set theory, and it uses Boolean minimization, fuzzy-set theory, and combinatorial logic to identify the combinations of case conditions that might be necessary or sufficient to result in an outcome [52]. As a result, fsQCA employs an inductive methodology to identify the configurational relationships between conditions and outcomes [53].



As a technique, fsQCA has also undergone development, particularly in regard to its proper application to panel data [19]. The dynamic fsQCA, considering the temporal effect and cross-sectional effect simultaneously, recognizes the intrinsic panel data structure and suggests a new set of generic descriptive metrics for assessing set-theoretic relationships for such panel data. Despite the fact that the dynamic fsQCA deviated from the central ideas of consistency and coverage, Garcia-Castro and Ariño [19] proposed guidelines for assessing how stable the consistencies and coverage are across cases (within consistency and coverage) and over time (between consistency and coverage). Consequently, three alternative forms of consistency are proposed by dynamic fsQCA: pooled consistency (POCONS), between consistency (BECONS), and within consistency (WICONS). Specifically, BECONS evaluates the cross-sectional consistency for each year, WICONS measures the consistency of the relations across time for each case, and POCONS assesses the consistency of each causal combination [36]. In addition, distance is the key to be taken into account in the dynamic fsQCA. The distances between BECONS and POCONS represent how stability a consistency has held over time. As a result, the smaller the distance, the more stable the consistency. If it is high, it is important to assess the temporal effect on the panel. The distances between the WICONS and POCONS were also computed to assess how the WICONS vary between cases [35].



According to the prior studies, the basic steps in dynamic fsQCA are shown in Figure 1. Calibration is the first step after data collection, which determines the degree of membership for conditions and the outcome in the set they represent. In the following, a truth table should be generated, which is a data matrix for necessity and sufficiency analyses. Any condition that should be present or absent in order to achieve the outcome can be found in the necessity analysis, with a consistency criterion over 0.9 [54]. Thereafter, the sufficiency analysis examines every possible logical combination of causal conditions that could result in the outcome, which uses a raw consistency benchmark of sufficiency analysis above 0.8 accompanied by a benchmark for proportional reduction in inconsistency (PRI) score of over 0.65 [55]. Finally, the causal configuration analysis can be drawn according to the complex, parsimonious, and intermediate solutions.





4. Variables Selection and Data Collection


4.1. Variables Selection and Measurement


Considering the previous literature review and referencing Che et al. [6], Zhou et al. [7], and Xiang et al. [47], this paper selects the outcome variable and antecedent conditions accordingly. The outcome variable is the low-carbon logistics capability (LCL). This concept comes from the low carbon economy, with the goal of low energy consumption, low pollution and low emissions. This variable represents the ability to apply energy efficiency technologies, renewable energy technologies, and greenhouse gas reduction technologies to minimize carbon emissions and environmental pollution from logistical activities [7,9]. The interpretation of the outcome is that the presence of the outcome indicates a high level of low-carbon capacity, while the absence denotes a low one. Based on the antecedent conditions, each provincial low-carbon logistics capacity score is calculated using the entropy weight TOPSIS.



The antecedent conditions used are FIX, EMP, RND, TEL, MOB, CAB, STE, ENI, and COI. FIX is the fixed assets investment in the logistics industry, which is represented by the total amount of fixed assets investment. Since extending the scale of the logistics industry and enhancing infrastructure might result in better resource utilization [3,56], so a high fixed assets investment would typically result in low-carbon logistics.



EMP assesses how many practitioners are employed in the logistics industry as a percentage of all practitioners. As an essential measure of low-carbon logistics development, the ratio can show the status of talent pools for industrial development, reflecting the level of logistics production technology [56,57].



The cornerstone for logistics services is road network density (RND), which means that the greater the RND, the greater the transportation capacity [58]. Moreover, a denser road network makes it easier to meet the demand for logistics services, which lowers the chance of traffic congestion and boosts the logistics industry’s environmental efficiency [7]. This variable is calculated as the ratio of paved road length to paved road area in each province.



The first three factors are related to the infrastructure support capabilities of low-carbon logistics, and the advancement of information technology also favors the growth of low-carbon logistics capacity. The digital economy has grown significantly in recent years, and it also encourages the transformation of the logistics industry to low-carbonization [59]. Therefore, the total amount of telecommunication services (TEL), the mobile telephone services (MOB), and the cable line length (CAB), which are all indicators of information technology, may raise the level of provincial information development, which in turn can reduce the environmental impact of the logistics industry while also boosting the industry’s effectiveness [60,61,62]. These three factors are measured by the total amount of telecommunication services, mobile telephone users as a percentage of the resident population, and the length of long-distance fiber-optic cable lines, respectively.



Scientific and technological advancements assist technological growth, and technological advancements result from financial investments in them. For the logistics industry to enhance low-carbon logistics capability and transition to low-carbonization, low-carbon technology development is essential [63]. It is also inextricably linked to spending on science and technology. As a result, promoting low-carbon logistics was more advantageous as a greater expenditure in low-carbon science and technology [64]. Hereof, with reference to the study of Zhou et al. [7], per capita science and technology expenditure (STE) is used to indicate the level of science and technology.



Energy consumption is a major contributor to carbon emissions. Similarly, energy use in the logistics industry contributes significantly to carbon emissions [65,66]. The logistics industry’s energy consumption intensity (ENI) is one of the elements influencing the low-carbon logistics capacity under the low-carbon constraint. Therefore, ENI measures the energy consumption per unit of output value, indicating the degree to which the logistics industry uses energy in economic activities.



The COI stands for the logistics industry’s carbon emission intensity, which indicates the amount of carbon emitted per unit of GDP. The COI is determined by dividing the total carbon emissions from the logistics industry by the industry’s value added. In general, the COI decreases as logistical carbon resource utilization increases and low-carbon ecological capability increases [7].



Within this framework, the configuration of nine driving factors that may lead to low-carbon logistics capacity is shown in Figure 2.




4.2. Data Collection


This paper, constrained by data availability, used panel data from 30 Chinese provinces between 2008 and 2021 (with the exception of Tibet, Taiwan, Hong Kong, and Macao). The logistics industry in this paper includes transportation, storage, and post industries, so the data required in this paper are adopted from these three industries. All data of selected variables come from China Statistical Yearbook and Provincial Statistical Yearbooks.



The statistics for the remaining seven of the nine antecedent conditions, with the exception of the energy consumption intensity and carbon emission intensity, can be obtained directly or easily derived from the aforementioned statistical yearbooks. After converting the energy consumption of the logistics sector into Standard Coal Equivalent (SCE) for each province using the conversion factors for each type of energy, the industry’s overall energy consumption can be determined. Table 1 lists the conversion factors.



Additionally, the many sorts of energy consumed in logistical activities result in carbon emissions. Therefore, using the method outlined in the 2006 IPCC Guidelines for National Greenhouse Gas Inventories, Equation (12) can be used to determine the carbon emissions from the logistics sector.



In addition, carbon emissions from logistics activities originate from emissions caused by the various energy consumed in logistics activities. Therefore, the carbon emissions from the logistics industry can be calculated by Equation (12) according to the method in the 2006 IPCC Guidelines for National Greenhouse Gas Inventories.


  Q =   ∑   i = 1  n   Q i  =   ∑   i = 1  n   E i  · N C  V i  · C E  F I  · C O  F i   



(12)




where Q is the total carbon emissions; i is the energy type; Ei is the consumption of the ith energy source; NCVi represents the average low calorific value of the fuel item i; CEFi represents the carbon content per unit calorific value of the fuel item i; COFi represents the carbon oxidation rate of the fuel item i; NCVi⋅CEFi⋅COFi is the factors of carbon emission from fossil gas energy, which is shown in Table 2.





5. Empirical Study


5.1. Low-Carbon Logistics Capability Evaluation


Since assessing low-carbon logistics capacity is a common MCDM problem, TOPSIS, in combination with entropy weight, is used to create a complete score of provinces’ low-carbon logistics capacity in China. Raw data needs to be normalized for the subsequent computation processes in accordance with the prior computation steps. Except for the energy consumption intensity and carbon emissions intensity, all of the outcome variables and antecedent conditions are benefit attributes. Table 3 then contains the average weights and sub-year weights of the antecedent conditions. In accordance with the entropy weight method, the top three most influential of the nine influencing factors are STE, TEL, and MOB, whereas the last three are RND, ENI, and COI. A data-driven approach reveals that improving low-carbon logistics capacity requires the development of technology and information system. Conversely, the provinces continue to drive the development of the logistics industry using a crude growth approach that is defined by high energy consumption, high pollution, and high emission. Future logistics industry growth should be mindful of restrictions on energy consumption and carbon emissions in order to meet the dual carbon goal.



Consequently, Table 4 displays the comprehensive scores of the province low-carbon logistics capacity by using TOPSIS, in combination with entropy weight.



From this result, we can draw three conclusions as follows. First, the low-carbon logistics capacity of each province fluctuates over the sample period. Second, Beijing, Shanghai, Tianjin, Guangdong, and Zhejiang rank in the top five of each province, while Guizhou, Jilin, Guangxi, Shanxi, and Gansu rank last. Finally, based on the scores, the 30 provinces and cities can be divided into three major categories. One part is the provinces whose trends remain largely unchanged, including Beijing and Tianjin; the other part is the provinces with declining trends, including Shanghai and Liaoning. The rest are provinces with an upward trend.




5.2. Dynamic QCA Analysis


5.2.1. Data Calibration


Following the basic steps outlined above, the original data should be calibrated to a fuzzy-set membership degree ranging from 0 to 1, which represents the membership of a variable [15]. As described by Woodside [13], full membership, crossover (neither in nor out), and full non-membership are denoted by 0.95, 0.5, and 0.05, respectively. Table 5 displays the calibration values and fuzzy value descriptive statistics for each condition and outcome.




5.2.2. Necessity and Sufficiency Analyses


According to the analysis of the necessary requirements, a necessary condition must be present in every occurrence of an outcome [15]. Alternatively, the outcome occurs when that condition occurs, even though the outcome occurs under other conditions [36]. The consistency must be larger than 0.9 in order to qualify as a required condition [54]. The overview of antecedent conditions for low-carbon logistics capability is shown in Table 6. There is no essential condition because, as in this study, none of the conditions have a consistency higher than 0.9.



After the necessary conditions were examined, the sufficient conditions were analyzed. To offer all theoretically feasible configurations of variables in 2k rows (k = number of variables), a truth table should be built, where each row represents a particular configuration. The truth table lists all possible logical combinations as well as cases that satisfy each combination. Logical reminders that contained no cases were not included in the analysis. As stated by Misangyi and Acharya [55], the raw consistency benchmark of sufficiency analysis should be more than 0.8 and be followed by a standard for PRI (proportional reduction in inconsistency) score of over 0.65 in order to avoid “simultaneous subset” relations of configurations in both the outcome and its absence [14,67]. The cut-off consistency and PRI in this study are 0.9 and 0.75, respectively.



As the intermediate solution meets the theoretical justifications and includes simplifying assumptions, this paper focuses on the intermediate solution accompanied by a parsimonious solution. The overall findings for the full panel are shown in Table 7. The recommendation given by Schneider and Wagemann [68] is that the solution consistency should be greater than 0.75. Additionally, the coverage should range from 0.25 to 0.65 [15]. In terms of this paper, the results met the standards for consistency and coverage, which are 0.967 and 0.469, respectively.



In Table 7, there are three configurations that illustrate the possible causal relationships that led to high low-carbon logistics capacity. The configuration with higher coverage (0.377) and considerable consistency (0.978) is FIX*~EMP*RND*TEL*MOB* STE*~COI. This configuration is preferable in terms of road network density, telecommunication service, and mobile phone services but worse in terms of carbon emission intensity. The configuration can be labeled as digital empower capital intensive type because it includes two core conditions that represent the advancement of information technology and one core condition that represents infrastructure support, along with fixed asset investment and science technology expenditure as edge conditions. The representative provinces are Guangxi, Guizhou, and Qinghai, which are located in the western region. In order to increase the level of low-carbon logistics capacity, this configuration offers a traditional path that encourages infrastructure development through the growth of the digital economy.



The second configuration, ~FIX*EMP*RND*TEL*MOB*~CAB*STE*~COI, has substantial coverage (0.241) and considerable consistency (0.960). Compared to the first configuration, the core and edge conditions are nearly identical, with the exception of the absence of fixed asset investment and employment as a peripheral causal condition. This configuration indicates that provinces with high employment levels have better low-carbon logistics capacity even though they spend less on fixed assets and are subject to less stringent carbon emission intensity restrictions. Consequently, this configuration is labeled as a digital empower labor-intensive type. The typical cases included Guangdong and Henan, where approximately half of all practitioners work in the logistics industry.



The third configuration is EMP*RND*TEL*MOB*~CAB*STE*ENI*COI, which has acceptable coverage (0.264) and considerable consistency (0.954). Specifically, this configuration featured low cable line length, high telecommunication services, mobile phone service, science and technology expenditure, energy consumption, and carbon emission intensity. Therefore, this paper labels the third configuration as a green ecology plus technology innovation type. Shanghai and Jiangsu, as economically advanced regions, have experienced rapid economic development leading to technological advances while reducing energy consumption and carbon emissions to support low-carbon development. Additionally, Guizhou has increased its expenditure on science and technology as a result of the setting up of the Ecological Civilization Pilot Zone and the incentives policies. This has increased the level of green technology innovation in the region and enhanced the capacity for low-carbon logistics, which is consistent with Zhang and Hu [69].




5.2.3. Analysis of Consistency and Coverage Distances


Table 8 lists the between consistency (BECONS), within consistency (WICONS), and the adj-distances of BECONS and WICONS for each configuration. The consistency analysis reveals that either the pooled consistencies (POCONS) or each year’s consistency are more than the cutoff of 0.8 [36]. There is no indication of cross-sectional or temporal impacts when the adj-distances of WICONS (0.052, 0.063, and 0.052) and BECONS (0.033, 0.050, and 0.037) are both less than the cutoff of 0.1. Despite the fact that there is no heterogeneity between or within clusters, the BECONS adj-distances are greater than the WICONS adj-distance and are not equal to zero, which causes the time effects to dominate the cross-sectional impact [19].



The analysis of BECONS reveals that they had a largely stable evolution across time, although there was some period volatility, as seen in Figure 3. The findings show that the inclusion of the logistics sector as a low-carbon pilot industry, as well as the development of related concepts and policies like the low-carbon economy and dual-carbon targets, have had an effect on low-carbon logistics capacity. These three configurations have insignificant cross-sectional effects and great consistency over time for each province in terms of WICONS. In addition, pooled coverage, i.e., POCOV (0.398, 0.274, and 0.266) and the annual between coverage (BECOV) are included in Table 8. The table can be analyzed to verify that BECOV has evolved smoothly. As a result, the coverages reflect that the configurations have an important potential to explain the low-carbon logistics capacity.





5.3. Robustness Analysis


This paper employs three different calibration values to examine the results’ validity, which are 0.90, 0.50, and 0.10, respectively. The three configurations are returned by the intermediate solution in essentially the same form. The results’ validity is thus supported by the robustness analysis.





6. Discussion and Conclusions


The rapid growth of China’s economy is increasingly being fueled by the fast-paced development of the logistics industry. However, at the same time, China, one of the carbon emission-producing industries with the quickest growth rates, also relies heavily on the logistics industry. Determining the critical elements influencing the development of low-carbon logistics and strengthening the capacity of low-carbon logistics, therefore, become the subject of this paper’s research under the constraint of the dual carbon target. In this paper, the provincial low-carbon logistics capacity in China was evaluated by the entropy weight TOPSIS and analyzed the configuration for high low-carbon logistics capacity by using dynamic fsQCA, considering the temporal and cross-sectional effects simultaneously.



In accordance with the empirical results, the following conclusions can be drawn. First of all, although the comprehensive scores show a certain fluctuation, but in general, the low-carbon logistics capacity of the provinces shows a trend of improvement yearly. However, the provinces and cities with great low-carbon logistics capabilities, are primarily located in the developed or eastern regions. The capacity for low-carbon logistics is also generally worse in provinces and cities with larger energy resource endowments, lower economic development, and industrial development as a foundation. Second, the core antecedent conditions determined by dynamic fsQCA are minor differences from the key factor derived from the entropy weighting method. Compared to the marginal analysis of some approaches, such as the regression method, fsQCA places more emphasis on multi-factor configurational effects. A multi-factor configurational analysis is therefore appropriate to use in the analysis of low-carbon logistics capacity and is also adaptable in other domains. Third, this paper finds three different combinations that lead to better low-carbon logistics capacity, which are the digital empower capital intensive type, digital empower labor intensive type, and green ecology plus technology innovation type. Overall, the findings point to three distinctive paths that may contribute to low-carbon logistics capability. To achieve high-quality development and low-carbon development of the logistics industry, provinces, and cities can choose their own paths based on the actual conditions.



The results of this study have several practical implications. First, encourage the digital economy’s high-quality growth while strengthening its impetus for the logistics industry’s carbon emission reduction. Despite the fact that China’s digital economy development is still in its infancy, there is still a need to upgrade the infrastructure. The financial, talent, tax, and regulatory support provided by governments should be increased in order to support the efficient and coordinated growth of digital industrialization and industrial digitalization. Guangdong and Jiangsu have successfully tapped into the potential of the digital economy to support the development of industrial clusters, lowering transaction costs and boosting productivity and efficiency. It is conceivable to reinforce the restrictions on energy conservation and emission reduction in the development of the logistics industry and further increase the capacity of low-carbon logistics by taking advantage of the expansion of the digital economy. Second, Low-carbon technological innovation is the key to the low-carbon development of the logistics industry. Given that research and technology expenditure have the highest entropy weight despite being a peripheral causative condition in all three configurations, technological innovation is crucial for enhancing low-carbon logistics capabilities. The majority of provinces and municipalities continue to invest in research and development because technology advancements help the logistics sector operate sustainably. More importantly, investing in research and development will be essential to advancing low-carbon and high-quality regional economic development. Third, strengthening the constraints of dual-carbon targets to achieve low-carbon logistics capabilities. In order to realize the transformation and upgrading from the perspective of the dual carbon targets, government, on the one hand, could enact the environmental regulation to effectively restrict the energy consumption and carbon emissions of the logistics industry. On the other hand, the government should increase environmental control expenditure in the logistics industry to prevent obtaining economic progress at the expense of environmental damage.



This study is one of the first to use a method such as the dynamic fsQCA in the logistics field. It analyzes the relationship between low-carbon logistics capacity and its antecedent conditions. Contribution-wise, it demonstrates that a combination of factors influences low-carbon logistics capacity, and that there are three paths that can each improve low-carbon logistics capacity. This paper has certain limitations. First, there are some examined antecedent conditions provided, but others, such location conditions and government interference, are still missing. Another drawback is that the study’s reliance on the innovative analytical approach of dynamic fsQCA, which, as the authors recognize, could lead to improvements in areas like relevant and acceptable thresholds. Dynamic fsQCA can be used in several study topics in the future research. Additionally, a sensitivity analysis can be performed to choose the appropriate threshold.
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Nomenclature









	Abbreviation
	Full context
	Definition/Measurement



	fsQCA
	Fuzzy-set qualitative comparative analysis
	



	TOPSIS
	Technique for Order Preference by Similarity to an Ideal Solution
	



	POCONS
	Pooled consistency
	The consistency of each causal combination



	BECONS
	Between consistency
	The cross-sectional consistency for each year



	WICONS
	Within consistency
	The consistency of the relations across time for each case



	POCOV
	Pooled coverage
	The overall coverage of cases



	BECOV
	Between coverage
	The yearly coverage of cases



	WICOV
	Within coverage
	The cross-sectional coverage of cases



	LCL
	Low-carbon logistics capacity
	Comprehensive scores calculated by using entropy TOPSIS



	FIX
	Fixed assets investment
	Total amount of fixed assets investment in logistics industry



	EMP
	Employment in logistics industry
	The practitioners in the logistics industry as a percentage of all practitioners



	RND
	Road network density
	The ratio of paved road length to paved road area in each province



	TEL
	Telecommunication services
	Total amount of telecommunication services



	MOB
	Mobile telephone services
	Mobile telephone users as a percentage of the resident population in each province



	CAB
	Cable line length
	Length of long-distance fiber-optic cable lines



	PSF
	Science and technology expenditure
	Per capita science and technology expenditure



	ENI
	Energy consumption intensity
	The ratio of energy consumption to value added of the logistics industry



	COI
	Carbon emission intensity
	The ratio of carbon emissions to value added of the logistics industry
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Figure 1. Basic steps for dynamic fsQCA. 
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Figure 2. Configuration analysis framework for low-carbon logistics capacity. 
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Figure 3. Variation of BECONS. 
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Table 1. Standard coal equivalent for each type of energy.
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	Energy Type
	Coal
	Gasoline
	Kerosene
	Diesel Oil
	Natural Gas
	Electricity





	SCE
	0.7143
	1.4714
	1.4714
	1.4571
	1.3300
	0.1229
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Table 2. Carbon emission factors for each type of energy.
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	Energy Type
	Coal
	Gasoline
	Kerosene
	Diesel Oil
	Natural Gas
	Electricity





	Carbon emission factors
	2.0553
	2.9848
	3.0795
	3.1605
	2.1840
	0.9439
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Table 3. Entropy weights for antecedent conditions.
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	FIX
	EMP
	RND
	TEL
	MOB
	CAB
	STE
	ENI
	COI





	2008
	0.083
	0.065
	0.083
	0.131
	0.110
	0.074
	0.372
	0.045
	0.037



	2009
	0.074
	0.060
	0.076
	0.117
	0.100
	0.069
	0.400
	0.045
	0.060



	2010
	0.075
	0.058
	0.082
	0.147
	0.078
	0.067
	0.388
	0.054
	0.051



	2011
	0.084
	0.069
	0.083
	0.114
	0.118
	0.079
	0.343
	0.058
	0.052



	2012
	0.081
	0.080
	0.069
	0.117
	0.117
	0.081
	0.350
	0.055
	0.051



	2013
	0.100
	0.081
	0.069
	0.123
	0.114
	0.099
	0.341
	0.038
	0.035



	2014
	0.096
	0.085
	0.036
	0.144
	0.118
	0.101
	0.348
	0.037
	0.036



	2015
	0.101
	0.085
	0.037
	0.154
	0.136
	0.108
	0.306
	0.038
	0.036



	2016
	0.102
	0.075
	0.038
	0.180
	0.096
	0.092
	0.341
	0.041
	0.035



	2017
	0.127
	0.084
	0.047
	0.141
	0.087
	0.098
	0.333
	0.045
	0.040



	2018
	0.133
	0.083
	0.068
	0.134
	0.104
	0.079
	0.317
	0.039
	0.043



	2019
	0.134
	0.085
	0.061
	0.120
	0.102
	0.114
	0.299
	0.039
	0.045



	2020
	0.128
	0.110
	0.070
	0.117
	0.106
	0.107
	0.295
	0.030
	0.036



	2021
	0.129
	0.116
	0.050
	0.121
	0.132
	0.106
	0.271
	0.034
	0.041



	Average
	0.103
	0.081
	0.062
	0.133
	0.108
	0.091
	0.336
	0.043
	0.043



	Ranking
	4
	6
	7
	2
	3
	5
	1
	8
	9
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Table 4. Provincial low-carbon logistics capacity.
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	Province
	2008
	2009
	2010
	2011
	2012
	2013
	2014
	2015
	2016
	2017
	2018
	2019
	2020
	2021
	Average
	Ranking





	Beijing
	0.83
	0.67
	0.83
	0.83
	0.82
	0.83
	0.80
	0.75
	0.66
	0.77
	0.77
	0.73
	0.74
	0.73
	0.77
	1



	Tianjin
	0.35
	0.26
	0.33
	0.44
	0.49
	0.53
	0.51
	0.51
	0.47
	0.42
	0.34
	0.33
	0.38
	0.31
	0.40
	3



	Hebei
	0.09
	0.07
	0.09
	0.11
	0.11
	0.13
	0.12
	0.14
	0.14
	0.13
	0.13
	0.14
	0.14
	0.16
	0.12
	16



	Shanxi
	0.08
	0.05
	0.06
	0.09
	0.09
	0.13
	0.10
	0.11
	0.07
	0.08
	0.08
	0.09
	0.10
	0.12
	0.09
	29



	Inner Mongolia
	0.10
	0.07
	0.08
	0.14
	0.13
	0.15
	0.14
	0.17
	0.13
	0.14
	0.13
	0.16
	0.16
	0.18
	0.14
	14



	Liaoning
	0.17
	0.12
	0.15
	0.20
	0.20
	0.23
	0.17
	0.14
	0.12
	0.11
	0.10
	0.11
	0.12
	0.14
	0.15
	11



	Jilin
	0.08
	0.06
	0.07
	0.09
	0.09
	0.11
	0.09
	0.12
	0.09
	0.10
	0.10
	0.10
	0.13
	0.14
	0.10
	27



	Heilongjiang
	0.10
	0.07
	0.09
	0.11
	0.11
	0.13
	0.11
	0.15
	0.11
	0.13
	0.10
	0.14
	0.16
	0.17
	0.12
	17



	Shanghai
	0.79
	0.87
	0.80
	0.83
	0.83
	0.82
	0.71
	0.67
	0.67
	0.74
	0.72
	0.65
	0.69
	0.68
	0.75
	2



	Jiangsu
	0.18
	0.15
	0.21
	0.28
	0.29
	0.31
	0.29
	0.34
	0.28
	0.31
	0.31
	0.33
	0.34
	0.36
	0.28
	6



	Zhejiang
	0.26
	0.19
	0.23
	0.27
	0.27
	0.29
	0.27
	0.34
	0.33
	0.30
	0.32
	0.39
	0.37
	0.41
	0.30
	5



	Anhui
	0.07
	0.06
	0.09
	0.11
	0.12
	0.13
	0.13
	0.16
	0.25
	0.22
	0.21
	0.27
	0.27
	0.27
	0.17
	7



	Fujian
	0.11
	0.08
	0.10
	0.13
	0.13
	0.15
	0.13
	0.17
	0.12
	0.15
	0.15
	0.16
	0.16
	0.16
	0.14
	12



	Jiangxi
	0.06
	0.05
	0.06
	0.07
	0.07
	0.08
	0.08
	0.11
	0.09
	0.13
	0.14
	0.17
	0.18
	0.18
	0.10
	24



	Shandong
	0.12
	0.08
	0.12
	0.14
	0.13
	0.16
	0.15
	0.19
	0.13
	0.18
	0.18
	0.21
	0.20
	0.22
	0.16
	10



	Henan
	0.08
	0.06
	0.08
	0.09
	0.09
	0.10
	0.11
	0.14
	0.09
	0.14
	0.16
	0.16
	0.18
	0.20
	0.12
	15



	Hubei
	0.08
	0.06
	0.07
	0.09
	0.10
	0.13
	0.16
	0.20
	0.21
	0.22
	0.22
	0.25
	0.23
	0.23
	0.16
	9



	Hunan
	0.07
	0.06
	0.06
	0.09
	0.09
	0.11
	0.09
	0.12
	0.12
	0.12
	0.12
	0.15
	0.16
	0.16
	0.11
	21



	Guangdong
	0.28
	0.21
	0.29
	0.27
	0.27
	0.33
	0.28
	0.45
	0.53
	0.45
	0.46
	0.48
	0.42
	0.41
	0.37
	4



	Guangxi
	0.07
	0.05
	0.06
	0.08
	0.08
	0.10
	0.09
	0.11
	0.09
	0.10
	0.11
	0.13
	0.14
	0.15
	0.10
	28



	Hainan
	0.07
	0.06
	0.07
	0.10
	0.09
	0.11
	0.09
	0.11
	0.09
	0.09
	0.12
	0.15
	0.19
	0.18
	0.11
	22



	Chongqing
	0.07
	0.05
	0.05
	0.07
	0.07
	0.10
	0.09
	0.12
	0.11
	0.12
	0.12
	0.13
	0.14
	0.16
	0.10
	25



	Sichuan
	0.09
	0.07
	0.09
	0.11
	0.12
	0.14
	0.15
	0.19
	0.18
	0.18
	0.20
	0.26
	0.25
	0.28
	0.17
	8



	Guizhou
	0.06
	0.04
	0.06
	0.08
	0.07
	0.08
	0.08
	0.12
	0.11
	0.13
	0.14
	0.15
	0.15
	0.12
	0.10
	26



	Yunnan
	0.06
	0.04
	0.06
	0.07
	0.06
	0.10
	0.09
	0.13
	0.10
	0.15
	0.15
	0.18
	0.18
	0.19
	0.11
	19



	Shaanxi
	0.07
	0.05
	0.05
	0.09
	0.08
	0.09
	0.10
	0.14
	0.13
	0.13
	0.13
	0.13
	0.13
	0.15
	0.11
	23



	Gansu
	0.05
	0.04
	0.04
	0.06
	0.06
	0.07
	0.06
	0.09
	0.06
	0.07
	0.08
	0.09
	0.10
	0.10
	0.07
	30



	Qinghai
	0.09
	0.07
	0.06
	0.09
	0.11
	0.13
	0.12
	0.15
	0.11
	0.12
	0.13
	0.14
	0.16
	0.17
	0.12
	18



	Ningxia
	0.09
	0.06
	0.08
	0.11
	0.12
	0.12
	0.11
	0.16
	0.14
	0.18
	0.21
	0.18
	0.17
	0.17
	0.14
	13



	Xinjiang
	0.10
	0.06
	0.08
	0.12
	0.12
	0.14
	0.11
	0.13
	0.10
	0.10
	0.11
	0.11
	0.12
	0.13
	0.11
	20
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Table 5. Calibration values and statistics.






Table 5. Calibration values and statistics.





	

	
N

	
Calibration Values

	
Fuzzy Values Descriptive




	
95%

	
50%

	
5%

	
Mean

	
Std.

	
Min.

	
Max.






	
Outcome

	

	

	

	

	

	

	

	




	
LCL

	
420

	
0.695

	
0.130

	
0.060

	
0.431

	
0.268

	
0.022

	
0.980




	
Conditions

	

	

	

	

	

	

	

	




	
FIX

	
420

	
3859.687

	
1013.060

	
216.752

	
0.464

	
0.296

	
0.030

	
0.992




	
EMP

	
420

	
7.633

	
4.988

	
3.312

	
0.469

	
0.300

	
0.019

	
0.991




	
RND

	
420

	
65.567

	
51.266

	
40.912

	
0.481

	
0.289

	
0.005

	
0.996




	
TEL

	
420

	
4746.240

	
669.015

	
123.177

	
0.441

	
0.281

	
0.033

	
1.000




	
MOB

	
420

	
13,238.414

	
9387.230

	
4511.992

	
0.495

	
0.305

	
0.018

	
0.999




	
CAB

	
420

	
5.791

	
3.140

	
0.360

	
0.483

	
0.285

	
0.038

	
1.000




	
STE

	
420

	
937.172

	
149.886

	
42.496

	
0.445

	
0.284

	
0.032

	
0.999




	
ENI

	
420

	
2.167

	
1.083

	
0.527

	
0.470

	
0.302

	
0.011

	
0.993




	
COI

	
420

	
4.974

	
2.560

	
1.313

	
0.480

	
0.308

	
0.015

	
0.996
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Table 6. Necessary conditions.






Table 6. Necessary conditions.





	Condition
	Consistency
	Coverage





	FIX
	0.739
	0.686



	~FIX
	0.650
	0.523



	EMP
	0.672
	0.617



	~EMP
	0.704
	0.572



	RND
	0.703
	0.631



	~RND
	0.688
	0.571



	TEL
	0.736
	0.720



	~TEL
	0.680
	0.524



	MOB
	0.867
	0.754



	~MOB
	0.569
	0.486



	CAB
	0.675
	0.602



	~CAB
	0.747
	0.623



	STE
	0.896
	0.869



	~STE
	0.620
	0.481



	ENI
	0.579
	0.531



	~ENI
	0.796
	0.648



	COI
	0.581
	0.521



	~COI
	0.793
	0.658
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Table 7. Configuration for high low-carbon logistics capacity.






Table 7. Configuration for high low-carbon logistics capacity.





	

	
Configuration 1

	
Configuration 2

	
Configuration 3






	
FIX

	
   ●   

	
   ⊗   

	




	
EMP

	
   ⊗   

	
   ●   

	
   ●   




	
RND

	
●

	
●

	
   ●   




	
TEL

	
●

	
●

	
●




	
MOB

	
●

	
●

	
●




	
CAB

	

	
   ⊗   

	
⊗




	
STE

	
   ●   

	
   ●   

	
●




	
ENI

	

	

	
●




	
COI

	
⊗

	
⊗

	
●




	
Consistency

	
0.978

	
0.960

	
0.954




	
Raw coverage

	
0.377

	
0.241

	
0.264




	
Unique coverage

	
0.182

	
0.010

	
0.037




	
Typical provinces

	
Guangxi, Guizhou, Qinghai

	
Guangdong, Henan

	
Shanghai, Jiangsu, Guizhou




	
Solution consistency

	
0.967




	
Solution coverage

	
0.469








Note: ● = Core causal condition (present);   ●   = Peripheral causal condition (present); ⊗ = Core causal condition (absent);   ⊗   = Peripheral causal condition (absent). Blank spaces indicate “do not care.”













[image: Table] 





Table 8. Consistencies and coverages for each configuration.






Table 8. Consistencies and coverages for each configuration.





	
BECONS Adj-Distance

	
Between

	
BECONS

	
BECOV




	
1

	
2

	
3

	
1

	
2

	
3

	
1

	
2

	
3






	
0.033

	
0.050

	
0.037

	
2008

	
1.000

	
1.000

	
1.000

	
0.228

	
0.279

	
0.252




	

	

	

	
2009

	
0.906

	
0.916

	
0.914

	
0.384

	
0.447

	
0.418




	

	

	

	
2010

	
0.944

	
0.936

	
0.937

	
0.409

	
0.379

	
0.359




	

	

	

	
2011

	
0.999

	
0.997

	
0.999

	
0.348

	
0.248

	
0.276




	

	

	

	
2012

	
0.977

	
0.988

	
0.969

	
0.411

	
0.263

	
0.303




	

	

	

	
2013

	
0.997

	
0.994

	
0.995

	
0.388

	
0.289

	
0.265




	

	

	

	
2014

	
0.969

	
0.963

	
0.952

	
0.469

	
0.331

	
0.317




	

	

	

	
2015

	
1.000

	
1.000

	
1.000

	
0.398

	
0.274

	
0.285




	

	

	

	
2016

	
0.925

	
0.879

	
0.901

	
0.422

	
0.277

	
0.307




	

	

	

	
2017

	
0.979

	
0.933

	
0.964

	
0.424

	
0.251

	
0.281




	

	

	

	
2018

	
0.953

	
0.898

	
0.967

	
0.421

	
0.281

	
0.266




	

	

	

	
2019

	
0.983

	
0.903

	
0.969

	
0.41

	
0.265

	
0.224




	

	

	

	
2020

	
0.977

	
0.968

	
1.000

	
0.439

	
0.272

	
0.213




	

	

	

	
2021

	
1.000

	
1.000

	
1.000

	
0.347

	
0.159

	
0.156




	
WICONS Adj-distance

	
Within

	
WICONS

	
WICOV




	
1

	
2

	
3

	
1

	
2

	
3

	
1

	
2

	
3




	
0.040

	
0.032

	
0.036

	
Beijing

	
1.000

	
1.000

	
1.000

	
0.050

	
0.465

	
0.326




	

	

	

	
Tianjin

	
1.000

	
1.000

	
1.000

	
0.143

	
0.249

	
0.067




	

	

	

	
Hebei

	
1.000

	
1.000

	
1.000

	
0.276

	
0.237

	
0.066




	

	

	

	
Shanxi

	
0.937

	
0.925

	
0.937

	
0.577

	
0.587

	
0.577




	

	

	

	
Inner Mongolia

	
0.975

	
0.946

	
0.946

	
0.178

	
0.080

	
0.08




	

	

	

	
Liaoning

	
1.000

	
0.835

	
1.000

	
0.401

	
0.596

	
0.46




	

	

	

	
Jilin

	
0.817

	
0.749

	
0.808

	
0.591

	
0.679

	
0.627




	

	

	

	
Heilongjiang

	
1.000

	
1.000

	
1.000

	
0.308

	
0.292

	
0.292




	

	

	

	
Shanghai

	
1.000

	
1.000

	
1.000

	
0.047

	
0.310

	
0.227




	

	

	

	
Jiangsu

	
0.997

	
1.000

	
1.000

	
0.728

	
0.108

	
0.151




	

	

	

	
Zhejiang

	
1.000

	
1.000

	
1.000

	
0.698

	
0.038

	
0.32




	

	

	

	
Anhui

	
1.000

	
1.000

	
1.000

	
0.159

	
0.156

	
0.14




	

	

	

	
Fujian

	
0.970

	
1.000

	
1.000

	
0.742

	
0.155

	
0.284




	

	

	

	
Jiangxi

	
0.951

	
0.948

	
0.941

	
0.576

	
0.476

	
0.469




	

	

	

	
Shandong

	
1.000

	
1.000

	
1.000

	
0.582

	
0.144

	
0.221




	

	

	

	
Henan

	
1.000

	
1.000

	
1.000

	
0.152

	
0.151

	
0.152




	

	

	

	
Hubei

	
0.999

	
0.997

	
0.998

	
0.634

	
0.304

	
0.415




	

	

	

	
Hunan

	
0.992

	
0.992

	
0.992

	
0.426

	
0.405

	
0.423




	

	

	

	
Guangdong

	
0.999

	
1.000

	
1.000

	
0.820

	
0.123

	
0.131




	

	

	

	
Guangxi

	
0.951

	
0.933

	
0.946

	
0.720

	
0.517

	
0.645




	

	

	

	
Hainan

	
1.000

	
0.988

	
1.000

	
0.192

	
0.556

	
0.202




	

	

	

	
Chongqing

	
0.956

	
0.958

	
0.950

	
0.473

	
0.561

	
0.594




	

	

	

	
Sichuan

	
1.000

	
1.000

	
1.000

	
0.429

	
0.070

	
0.071




	

	

	

	
Guizhou

	
0.951

	
0.980

	
0.960

	
0.670

	
0.350

	
0.633




	

	

	

	
Yunnan

	
0.971

	
0.962

	
0.943

	
0.564

	
0.202

	
0.283




	

	

	

	
Shaanxi

	
0.944

	
0.944

	
0.941

	
0.353

	
0.353

	
0.337




	

	

	

	
Gansu

	
0.833

	
0.826

	
0.833

	
0.840

	
0.840

	
0.84




	

	

	

	
Qinghai

	
1.000

	
1.000

	
1.000

	
0.100

	
0.104

	
0.1




	

	

	

	
Ningxia

	
1.000

	
1.000

	
1.000

	
0.051

	
0.059

	
0.051




	

	

	

	
Xinjiang

	
0.867

	
0.926

	
0.930

	
0.513

	
0.414

	
0.409




	

	

	

	
Pooled

	
POCONS

	
POCOV




	

	

	

	
1

	
2

	
3

	
1

	
2

	
3




	

	

	

	
0.974

	
0.951

	
0.968

	
0.398

	
0.274

	
0.266
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