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Abstract

:

This paper explores the spatial spillover effect of shared mobility on urban traffic congestion by constructing spatial econometric models. Based on panel data of 94 Chinese cities from 2016 to 2019, this study analyses the spatial correlation of shared mobility enterprise layout and geographical correlation of urban transport infrastructure and examines their influence mechanism. From the perspective of geographic spatial distribution, congestion has positive spatial correlation among Chinese cities, and it has different directions and centripetal forces across regions. The shared mobility enterprises in a region have same direction distribution with traffic congestion, but the centripetal forces of the aggregation effect are different. The econometric results include the fact that bike-sharing has reduced congestion significantly, but the overall impact of car-sharing is not clear. Neither bike-sharing nor car-sharing can offset the traffic congestion caused by economic activities and income growth. From the perspective of spillover effects, congestion has been influenced by bike-sharing, economic development, population, and public passengers in surrounding areas. In terms of spatial heterogeneity, bike-sharing relieves congestion in the Pearl River Delta region while having no significant effect in other regions. Meanwhile, car-sharing has aggravated congestion in the Yangtze River Delta but eased traffic jams in the Pearl River Delta.
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1. Introduction


The development of intelligent urban transportation, the use of information technology and the application of artificial intelligence are transforming traffic use. In particular, shared mobility is the intelligent tool most extensively used by commuters and travelers. Various forms of shared mobility have flooded the urban roads and streets to cater to the demand for public mobility [1]. However, with the rapid growth of shared mobility, a series of undesirable problems has emerged, for example, the excessive allocation of shared bikes has caused resources to be wasted and has seriously harmed the sustainability of public transportation. As such, the reliance on shared mobility to solve traffic problems has faced challenges in large cities [2]. Whether the development of shared mobility in China can reduce urban traffic congestion and improve the sustainability of transportation is a topic worthy of discussion.



The emergence of shared mobility has been witnessed around the world in recent decades thanks to big data and internet technology. Shared mobility is an important application field that connects intelligent technology, markets, and citizens, and is considered a set of disruptive mobility services and an innovative transportation concept [3,4,5]. Bike-sharing (“BS”) and car-sharing (“CS”) are the two main shared mobility modes in China (The reasons why we excluded ridesharing are as follows. Ridesharing in China is mainly based on individual behaviors carried out on a comprehensive bilateral platform (such as the Didi platform), as a peer-to-peer transaction. The transactions involving shared bicycles and shared cars are based on a separate company, as a business-to-customer transaction. Thus, the data on ridesharing or peer to peer carsharing cannot match with the enterprise-level data on shared bicycles and shared cars. In addition, because ridesharing in China is regulated by the government and the transaction scale is relatively small, being excluded does not affect the basic conclusions of this article.). BS is committed to solving the “last mile” problem of urban commutes through offering a variety of pick-up and drop-off locations. CS provides a convenient, green, and diverse traffic mode, satisfying commuters ‘needs at a much lower cost than car ownership [6,7]. According to the statistics, shared mobility expenditure in China accounted for 11.3% of urban residents’ transportation expenditure by the end of 2020. In first-tier cities such as Beijing and Shanghai, approximately 92% of shared bikes can work in conjunction with public transportation (such as subways) faster than cars can for trips shorter than 5 km, demonstrating that BS can effectively improve the transportation efficiency of short-distance travel. In addition, the number of trips by private cars has decreased by 55% (as reported in China’s Sharing Economy Report 2021 by the National Information Centre, and the White Paper on China’s bike-sharing and urban development in 2017). However, due to the excessive expansion and discretionary allocation of CS and BS, some social problems have appeared that generate dissatisfaction and controversy. A large number of bicycles have been parked, and even discarded, without planning. Unpredictable intervals between borrowing and returning shared cars, together with difficulties finding parking space, have dented people’s enthusiasm for using these services.



As people’s willingness to use shared transport has gradually flagged in the face of so many negative issues, the outbreak of Coronavirus in 2020 seemed to have reignited people’s desire to choose this type of traffic service. Considering that coronavirus radically affected people’s travel behavior [8], some researchers found that the number of people who have continued to choose public transportation since the outbreak of Coronavirus disease 2019 (COVID-19) has dropped significantly, while shared mobility has been less affected [9]. A survey in Lahore, Pakistan showed that since the outbreak of COVID-19, people have been more inclined to choose a solo mode of travel rather than public transportation [10]. It can be seen that since the start of the pandemic, people have given new meaning to shared mobility, and they may choose this mode of travel more often.



Traffic congestion has always been the most straightforward means to reflect the efficiency of urban transportation. Continued congestion will seriously affect the sustainable development of transportation. According to the China’s Urban Transport Report 2020, (which selected 100 cities with serious traffic congestion as the research object; the list can be seen at: https://jiaotong.baidu.com/cms/reports/traffic/2020annualtrafficreport/index.htm) (accessed on 6 April 2021), 52% of Chinese cities have witnessed a significant increase in congestion that takes a toll on both individuals and society. A report released by Baidu Map in 2018 showed that the economic loss due to traffic congestion in Beijing in 2017 was 4013.31 yuan per capita, ranking first in the country (Data source: China Urban Research Report 2017. http://huiyan.baidu.com/reports/2017Q4_niandu.html) (accessed on 15 October 2020). According to statistics from the Ministry of Transport of China, the economic loss caused by traffic congestion in China is as high as 250 billion yuan every year (Data source: Shenzhen Kutuo Technology Co., Ltd., http://www.szkutuo.com/gongsixinwen/548.html, accessed on 15 November 2021). In the spirit of sharing and sustainability, it is important to alleviate traffic congestion and to promote optimization of the industrial transport structure.



Many scholars and industry experts have focused on speeding up the construction of transportation power and promoting the energy revolution in an intelligent way. Electric power has been selected as the main source of energy in the transportation industry. As China has planned to reach its carbon peak by 2030 and be carbon neutral by 2060, new methods based on smart technology and big data algorithms for transportation have appeared in recent years [11,12]. As an application of an intelligent transportation system, the question of whether shared mobility can relieve urban traffic congestion is of critical concern. Considering the impact of shared mobility on city transportation from a psycho-social aspect, it might be combined with the spatial spillover effect of the industry.



First, there is a spatial correlation between transportation industries in geographically adjacent cities. That is, the convenience of a central city will affect its own transportation efficiency as well as the efficiency of surrounding cities [13]. Therefore, it is argued that the convenience of transportation in a certain city will have an impact on its own transportation efficiency as well as that of the surrounding areas [14]. The spatial connections between cities are becoming increasingly close. Hence, there is a natural geographic linkage in transportation, especially when large cities such as Beijing and Shanghai act as transportation hubs. High-efficiency transportation will not only promote local economic growth but also boost economic development in surrounding areas through spatial spillover effects [15,16].



Second, there is a spatial correlation between the layouts of shared mobility enterprises in geographically adjacent cities. In a city both national operators (such as Harrow Bike and EVCARD) and local operators (such as Renmin shared bicycles in Xiamen city) exist, both of which provide similar shared mobility services. The layout of shared mobility enterprises exhibits spatial agglomeration in cities, especially in megacities and their surrounding areas. Operating shared car or bike enterprises in different cities may also have spatial spillover and spatial correlation. Thus, shared mobility brings about spatial changes in the overall urban transportation structure.



These spatial correlation characteristics provide the basis for the spatial measurement models in this study, which investigates whether shared mobility will affect traffic efficiency in local areas and surrounding areas through spatial spillover effects. Therefore, this paper uses a generalized spatial econometric model (“GSEM”) to examine the spatial correlation between shared mobility and urban transportation. This model will also be used to delve into the internal mechanisms that describe BS’s and CS’s influence on urban traffic congestion, in order to theorize ways to achieve more sustainable transportation. This paper’s unique contributions are as follows: (1) We have systematically collected dynamic data amassed by shared companies from 94 cities that experience heavy traffic every quarter so as to understand the operating status of shared companies in cities. (2) We explore the spatial correlations and spillover effects between traffic congestion and the number of shared mobility companies by constructing a generalized spatial econometric model, both from geographic and econometric perspectives.




2. Literature Review


The existing literature on shared mobility mainly focuses on three aspects: the changes in people’s travel patterns brought about by shared mobility, the relationship between shared mobility and urban traffic congestion, and research methods related to both of these topics.



	(1)

	
Shared mobility has impacted users’ travel choices. BS has flourished since 2015 and 2016 and provided people with brand-new green traffic modes [17], which have the potential to become an indispensable part of public transportation [18]. Yang et al. [19] found that shared bicycles can reduce transfer time and mileage; Campbell and Brakewood [20] noticed that the placement of shared bicycles along a traveler’s route reduced bus trips by approximately 2.42%; Macioszek et al. [21] utilized questionnaires to analyze the operation of shared bicycles and the factors that affected the use of shared bicycles in Warsaw, with results showing that the number of BS system users increases every year and that the users are mainly between 19–45 years old. Moreover, the use of BS is directly related to satisfaction with BS. In comparing the two travel modes (public transportation and BS), the use of BS has increased by 21–35%. People are more willing to use BS for their daily commute. Jin et al. [22], Cheng et al. [23], and Fan and Zheng [24] reached the conclusion that because BS has replaced private cars, road congestion levels around subway stations during peak hours have decreased by 4%. However, Radzimski and Dzicielski, found a positive correlation between the number of bike-sharing trips over short distances (under 1500 m) and medium distances (1500 to 3000 m) and the frequency of public transportation usage, while the number of bike-sharing trips over long distances (3000 m or more) was not related to the frequency of public transportation usage [25]. Shared bicycles emerged under the influence of new technologies and thus triggered an upgrade of the entire transportation industry. This unique mode also led people to change their travel choices to alternative, more sustainable modes of transportation [26]. Similar research has also been conducted by Noland and Ishaque [27], Fishman et al. [28], and Ahillen et al. [29].







The studies related to CS focus primarily on the cases of established enterprises. For example, Zhang and Zhang [30] found that Uber usage has a significant positive correlation with public transport passenger volume. Jochem et al. [31] analyzed the influence of shared mobility on the travel frequency of cars in 11 European countries. The results showed that one shared car led to a reduction of up to 20 private cars on the road, and this trend increased significantly with higher frequency and travel mileage of CS.



	(2)

	
In studying the impact of shared mobility on urban traffic congestion, Hamilton and Wichman [32] reported that a shared bicycle could reduce traffic congestion by approximately 4% in Washington, DC, and this effect is especially noticeable during peak hours in highly congested areas. Wang and Zhou [33] adopted a difference-in-difference model to achieve similar results by using panel data from 96 cities in the United States. However, with the rapid development of shared bicycles in China, a series of unsustainable issues have been exposed in Chinese cities, including oversupply of BS, discretionary parking and illegal cycling; and inadequate regulations and market supervision [34]. Mitra et al. [35] also found that the presence of public bicycles has not changed the mode of transportation for most people, and it is very unlikely that young people will switch from automobiles to bicycle riding. In addition, Chevalier et al. [36] found that the rapid expansion of BS improved peoples’ cycling activities but it also caused a series of public environmental problems, such as crowding of parking spaces. Therefore, the question of how BS impacts traffic congestion is as of yet unsettled.







In research on CS, Jacobson and King [37] estimated that if one passenger were added in every 10 vehicles, the potential fuel savings worldwide would be 7.54–7.74 billion gallons per year. Li et al. [38] found that from 1982 to 2014, Uber’s entry effectively lessened traffic congestion in 101 cities in US through fewer cars, less rush hour traffic and less carbon emissions. Hang et al. [39] demonstrated that the subsidies distributed by CS enterprises led to an increase in Shanghai’s comprehensive travel index by 0.068–0.078 because CS provides more convenient and economical ride services. In addition, Yuan et al. [40] utilized big data from the Didi platform and discovered that the rapid increase in the number of CS enterprises reduced travel efficiency on the road, engendering serious traffic congestion and air pollution. In general, both positive and negative effects exist concerning shared mobility and traffic congestion.



	(3)

	
With regards to research methods, most studies have adopted the traffic congestion fee model and the spatial spillover effect of congestion on the economy. Wang et al. [41] and Xu and Ou [42] analyzed the impact of traffic congestion fees on residents’ traffic demand using a traffic congestion fee model and found that congestion fees mainly encourage residents to choose public transportation. Wang and Li [43] and Li et al. [44] combined the spatial Durbin model and spatial lag model to study the spatial spillover effects of transportation accessibility on the growth of the manufacturing industry. Jia et al. [45], by calculating the Moran index, established that there has been a significant spatial spillover effect of integrated transport efficiency in recent years. Existing studies have proved that no single city is responsible for traffic congestion. The infrastructure and economic development of surrounding cities are also held accountable for congestion through spatial spillover effects, especially when economically integrated urban agglomeration is present. In China, these urban agglomerations are mainly the Beijing-Tianjin-Hebei(BTH) region, the Yangtze River Delta (YRD) region and the Pearl River Delta (PRD) region. These regions have high traffic accessibility and obvious spatial spillover effects. Meanwhile, the congestion problems in these regions are also prominent. Therefore, this paper uses these three regions as the research scope to explore the heterogeneity of relationships between traffic congestion and shared mobility in urban agglomerations.







In summary, even though CS and BS change commuting patterns for citizens, the question of whether CS and BS can alleviate urban traffic congestion has not reached a consensus in previous research. Moreover, previous research on BS and CS is primarily based on a single city or single enterprise, with few studies covering larger regions. In addition, the research on transportation by GSEM regarding the effect of change in the internal structure of the transportation industry on traffic congestion and efficiency is insufficient. Therefore, this study intends to adopt the GSEM comprehensively, to consider the operation of two types of shared mobility services, and to evaluate the spatial spillover effects of shared mobility on urban traffic congestion in Chinese cities.



Table 1 and Table 2 summarize the effects of shared mobility on traffic congestion and the research methods.




3. Materials and Methods


The main purpose of this research was:




	
analysis of the spatial characteristics of urban traffic congestion in Chinese cities.



	
analysis of the spatial characteristics of urban shared traffic enterprises.



	
research on the relationship between shared mobility and urban traffic congestion.








3.1. Variable Selection


The dependent variable reflecting traffic congestion used in this article is the congestion delay index (CDI). This index can evaluate the degree of urban congestion in cities, and it is expressed as a ratio of the actual travel time to the travel time in the free flow state. The higher the CDI, the more serious is the congestion. Figure 1 shows that the top five highest CDIs of Chinese cities all exceed 1.5, demonstrating that the commuting time of citizens is 1.5–2 times that of free flow.



The independent variable for “BS” and “CS” is the number of operating enterprises in cities, which intuitively reflects the number of shared bicycle and shared car enterprises in operation. If an enterprise went bankrupt in the sample time period, it was excluded accordingly. There are two reasons why the number of BS and CS are not used as independent variables in this paper. First, it is hard to obtain accurate allocation data at the panel level, and it is prohibitive to measure the number of and the usage time of bicycles and cars. (Shared bicycles and shared cars in China belong to independent private enterprises. Those enterprises are unwilling to share data on public platforms to avoid vicious market competition and ethical issues. The total numbers of rentals, customers and vehicles are announced once a year by each shared enterprises but the quarterly data for each city is not released). Second, there is a large discrepancy between the number of allocations and the actual usage of shared mobility, and this makes the effect on traffic congestion inaccurate (The number of allocations refers to the number of shared bicycles and shared cars that are allocated by shared mobility companies in each city; the actual usage of shared mobility means the number of bicycles and cars actually used by riders/commuters, not including the number of idle cars and bicycles). Fortunately, we can obtain the entry and exit times of each shared mobility company in different cities from the company’s official website and city networks in China, so we can assess how many shared mobility companies are in operation each city in each quarter. This is the basic data for our panel data regression.



Figure 2 shows that the number of bike-sharing enterprises increased rapidly and then declined. There are on average more than two shared bicycle enterprises in operation in each city. Shared cars started operating later than shared bicycles, but they have experienced a steady growth. At present, there are on average more than three CS enterprises in operation in each city (The sample source of the data in Figure 1 and Figure 2 is consistent with the later econometric model). It can be seen from the length of the error bar in Figure 2 that the difference in the distribution of shared cars in different cities is larger than that of shared bicycles; and shared mobility has begun to reshape the overall transportation industry in China.



For control variables, drawing on previous studies and considering the availability of data, we found that the factors that affect congestion were multitudinous and complicated. As such, we select seven control variables that have already been proved by previous research as an effective impactor on traffic congestion: (1) The gross regional domestic product (GDP) reflects the development level of the city economy; (2) the regional resident population (RRP) reflects residents’ actual mobility demand; (3) the income of employees on the job (INC) measures the income level in different cities; (4) public mobility passengers (PMP) reflects the scale of public transportation, including the passenger volume of buses, trams and rail transit (subway); (5) the regional vehicle ownership quantity (VOQ) reflects the number of private cars in the city; (6) the regional temperature (TEM) reflects the dependence of climate change on transportation; and (7) the length of the road (LEN) reflects the area’s traffic infrastructure. It is worth noting that road construction, as a kind of infrastructure, is a prerequisite for the capacity of the road network. There are many technical factors, such as road network density and control methods, which will also affect the road network capacity, but this article focuses on the change of traffic mode, so other technical factors have not been considered for the time being. We will briefly discuss these technical factors in the last chapter.



The data used in this paper are collected from China’s Urban Statistical Yearbook, Wind Database, internet news and reports. We use the list of 94 congested cities published by AutoNavi Maps (Amap—China’s leading digital map content, navigation and location service solution provider) as a cross-sectional sample, and this list covers 21 provinces, #four municipalities and three autonomous regions of China, with a time series of 14 seasons from the third quarter of 2016 to the fourth quarter of 2019. Choosing the quarter as data time unit is for the following three main reasons. First, the number of shared travel enterprise layouts changes little at a lower frequency; second, due to the limitations on research conditions, the specific city layout time disclosed by many enterprises is only accurate to the level of month or season; third, seasonal factors may affect people’s use of car-sharing and bike-sharing. For example, the frequency of bike-sharing behavior may be reduced in northern China in winter, so the quarterly frequency can reflect the time fixing effect. The total sample size is 1316. To keep the analysis consistent, a small number of missing values are processed by the moving average method. In addition, to eliminate the influence of heteroscedasticity and dimensional units, this paper performed logarithmic processing for CDI and control variables.




3.2. Model Establishment


Compared with the traditional econometric regression model, the spatial econometric model incorporates the spatial geographical relationship into the model construction and measures the influence of independent variables on the dependent variables under the hypothesis of spatial correlation. Currently, many studies have primarily used the spatial autoregressive model (“SAR”), spatial error model (“SEM”) and spatial Durbin model (“SDM”) [46]. As the spatial effect of urban transportation may have both spatial autoregressive and random error impacts, this paper adopts a generalized spatial econometric model that includes both the spatial autoregressive effect and random error effect, namely, the spatial autocorrelation model (SAC model). The SAC model is the SARAR model considering time effect. On the one hand, the model reduces endogeneity; on the other hand, it also includes the general situation that the SARAR model considers both spatial autoregressive and spatial error effects. This model comprehensively reflects the spatial effects constructed using spatial autocorrelation and spatial error terms under the condition of panel data. The SAC model is constructed as follows:


  l n C o n g  t  i t   =  β 0  + ρ W l n C o n g  t  i t   +  β 1  B  S  i t   +  β 2  C  S  i t   +  β k  l n  X  c o n t r o  l  i t   , k   +  ε  i t    



(1)






   W  i j   =       0 , i = j        1   d 2    ,   i ≠ j        



(2)






   ε  i t   = γ W  ε  i t   +  μ  i t   ,        μ  i t   ~ N   0 ,  ∂ 2   I n     



(3)







In Equation (1),  ρ  represents the spatial autoregressive coefficient that measures the spatial lag effect; and    X  c o n t r o  l  i t   , k     are k control variables. Equation (2) shows the selection of spatial weight (“   W  i j    ”). Considering that traffic congestion is greatly affected by geographical location, geographical distance is selected as the measurement for the spatial matrix and the square reciprocal of spatial geographical distance after row standardization is used as the spatial weight matrix in this paper. Equation (3) shows the generation process of the disturbance term. γ  represents the spatial error coefficient that measures the spatial correlation effect of the error term.



Typically,  B  S  i t     a n d   C  S  i t    , as the core independent variables, represent the number of brands of shared bikes and cars in operation in city i at time t. We differentiate the numbers of shared bikes and shared cars because the service forms and the influence mechanisms of the two shared mobility services on urban traffic are quite different.



In addition, we choose the spatial Durbin model (“SDM”) to reflect the spatial effect from neighboring cities, and this model can avoid endogeneity issues. Equation (4) shows the SDM, and   W  X  B S     and   W  X  C S     indicate the influence of neighbors’ shared bicycles and car enterprises. Variable    δ 1    and    δ 2    reflect the spatial proximity effect of shared bicycles and cars.


     l n C o n g  t  i t   =  β 0  + ρ W l n C o n g  t  i t   +  β 1  B  S  i t   +  β 2  C  S  i t   +  β k  l n  X  c o n t r o  l  i t   , k   +  δ 1  W  X  B S   +  δ 2  W  X  C S         +  δ k  W l n  X  c o n t r o  l  i t   , k   +  ε  i t       



(4)







To address the heteroscedasticity in this model, we adopted generalized spatial two-stage least squares to estimate the parameters so as to improve the robustness of the estimation results. Using Haussmann’s test, we selected a double fixed effects model to eliminate the estimation bias caused by individual effects and time effects.





4. Results


4.1. Descriptive Statistics


The descriptive statistics of the variables are shown in Table 3. The average value of the city’s congestion index is 1.6, indicating that the commuting time of the sample cities is generally 1.6 times that of free flow, and the highest value is 2.19. The average number of shared bikes and car enterprises is approximately two, but there is a large disparity among cities, with more than 10 times the difference for some cases.



According to the distribution agglomeration of the congested cities, we extracted variables in the BTH region, the YRD region and the PRD region from among the 94 cities and obtained descriptive statistical results in detail. The results are shown in Table 4. Compared with the BTH region and PRD region, the YRD region has the lowest congestion index, but the average value is also over 1.5. The BTH region has the highest number of shared bicycles, and shared cars are most distributed in the PRD region.



To reveal the spatial distribution of city congestion and shared mobility, we use the standard deviation ellipse method to report the differences among the BTH region, YRD region and PRD region from the perspective of geographic elements. Using the changes in the major axis, minor axis, and azimuth, this study preliminarily explored the direction, concentration, and spread of the spatial geographic distribution. Figure 3 shows the spatial distribution change of traffic congestion. From 2016 to 2019, the congestion in the three regions did not show obvious spatial changes. The congestion in the BTH region is primarily concentrated in the area of Beijing, Tianjin, and Langfang. The congestion in the YRD region is primarily concentrated in the area of Nanjing, Changzhou, Huzhou and Shaoxing. Both BTH regions of the YRD region have a strong centripetal force. The standard deviation ellipse of the PRD region has a shorter long axis that is closer to a circle, indicating that the directional concentration is not obvious when compared to that in the other two regions, and the centripetal force is weaker.



Figure 4 shows the spatial distribution change of shared mobility. The shared bicycles and cars in the BTH region are basically the same as the congestion distribution in terms of direction, but the centripetal force of the shared cars is stronger. The shared cars and bicycles in the YRD region area have changed significantly in time and space. In 2016, the distribution direction of shared bicycles was from Shanghai to Ningbo city, and the distribution direction of shared cars was from Shanghai to Hangzhou. In 2019, the distribution direction of shared bicycles and cars rotated counterclockwise, which is basically consistent with the congestion index. The distribution range significantly expanded in 2019. The distribution of shared bicycles in the PRD region is concentrated in Dongguan and Zhongshan, and the centripetal force of shared bicycles is stronger than that of shared cars.




4.2. Spatial Correlation Test


The standard deviation and ellipses discussed above show intuitive spatial relationships. Next, the spatial correlation is precisely tested before estimating parameters. Moran’s I is widely adopted to analyze the global spatial correlation, and we calculated Moran’s I of CDI in 94 cities to reflect the spatial autocorrelation. The calculation formula is as follows:


  I =     ∑   i = 1  n    ∑  i n   w  i j      Y i  −  Y ¯       Y j  −  Y ¯       s 2    ∑   i = 1  n    ∑   j = 1  n   w  i j      



(5)




where    s 2   =      ∑   i = 1  n       Y i  −  Y ¯     2   n    is the sample variance;  n  indicates the total number of samples;    Y i    represents the traffic CDI of cityi, and    w  i j     represents the spatial weight matrix. The results show that the estimated values of the Moran Index for traffic congestion in various cities in China from the third quarter of 2016 to the fourth quarter of 2019 are all positive and pass the 1% significance test, indicating that traffic congestion in Chinese cities has a significant positive spatial autocorrelation, that is, a significant spatial dependence feature (Table 5).



To further explore the spatial agglomeration near a single city, we select the second quarter of 2018 with the highest concentration in the global Moran Index as a representative and draw a Moran scatter plot of urban traffic congestion in the second quarter of 2018, as shown in Figure 5. Traffic congestion has significant spatial agglomeration, and cities are primarily concentrated in the first quadrant (HH) and third quadrant (LL), which also intuitively proves that there is an obvious positive spatial correlation among traffic congestion in various cities in China. Specifically, the cities located in the first quadrant (HH) include Zhanjiang, Yinchuan, Chongqing, Liuzhou, Nanning, Lanzhou, Xianyang, Xian, Qingyuan, Foshan, Guilin, et al. These cities are mostly located in China’s Sichuan Basin, Yunnan-Guizhou region, showing a spatial agglomeration of high–high positive correlation. The cities located in the third quadrant (LL) include Nantong, Yancheng, Zhenjiang, Huzhou, Taizhou, Suzhou, Wuxi, Xiamen, Chuzhou, Quanzhou, Shaoxing, Hangzhou, Jiaxing, Wuhu. These cities are mainly located in the eastern region of China, demonstrating a spatial agglomeration of low–low positive correlation. In addition, a few cities are located in the second and fourth quadrants, such as Sanya, Baoding, Deyang, Zhaoqing, and Ordos.



Before we determine the final estimation method of the model, LM and robust LM are used to test whether the model has a spatial lag effect and spatial error effect statistically. As shown in Table 6, both the spatial lag effect and the spatial error effect passed the significance test, which proves the feasibility and rationality of selecting the SAC model and SDM.




4.3. Results Discussion


4.3.1. Overall Analysis


The regression results are shown in Table 7. The significant spatial lag effect (  ρ   in the SAR model) reflects that traffic congestion in a city will be badly influenced by the congestion level in the surrounding area. The significant spatial error effect (  γ   in the SEM model) means that traffic congestion in a city also has a spatial spillover effect on the surrounding area. The result of the SAC model shows that the more congested the surrounding cities are, the greater congestion a city will experience. At the same time, the spatial spillover effect caused by its own congestion shows a negative polarization effect. The SDM results illustrate that the layout of shared bicycles in a city will affect the traffic congestion in itself and the surrounding cities.



In these four models, the regression results of BS and CS are always stable, which indirectly proves the robustness of the model construction. Among them, BS has significantly alleviated traffic congestion in the city, and each additional bicycle-sharing company layout will cause a 0.2% reduction in traffic congestion. However, the CS currently operated in each city has no significant impact on traffic congestion.



For control variables, economic development and population growth will always aggravate traffic congestion, and its influence coefficient is higher than that of shared bicycles. This result indicates that the use of shared bicycles does not sufficiently compensate for the traffic congestion caused by economic development. In particular, cities with more public transport passengers have less traffic congestion, so encouraging the use of public transport is a good move. Comparing the results of our study and the literature, we have found that some control variables have consistent influence on traffic congestion, such as GDP, RRP, and LEN. Meanwhile, VOQ [39] and INC in the literature [33,38] have a significant positive effect on traffic congestion, while the coefficients are not significant in our research. PMP and TEM have no significant effect on traffic congestion in the literature, but these two variables have significant negative effect on traffic congestion in our study.




4.3.2. Decomposition of Spatial Effect


To evaluate the spillover effect of shared mobility on CDI, we decomposed the total spatial effect into direct effects and indirect effects by using the SAC and SDM models. The results are shown in Table 8. The coefficient of car sharing does not pass the test, which is consistent with the above results.



The model results of SAC and SDM both show that the direct effect of shared bicycles is negative, but the indirect effect is positive, which indicates that shared bicycles alleviated the traffic congestion in the local city to a certain extent, but significantly increased the congestion in adjacent areas, which is consistent with the WX-BS parameter in SDM (Table 7). According to LeSage and Pace (2009) [47], the direct effect represents the influence of the independent variable in one local area on the dependent variable of the same area, while the indirect effect represents the influence of the independent variable of the neighboring area on the dependent variable in the local area. From Table 7 and Table 8, the traffic congestion in a local region will be reduced because of the layout of bicycle-sharing enterprises in that region, but shared bicycles in this area will increase traffic congestion in neighboring areas through spatial spillover effects, while shared bicycles in neighboring cities will in turn increase traffic congestion in the area. This finding is very interesting. Considering China’s transportation industry development, it may be explained by the following reasons: (1) when a city deploys shared bicycles to effectively alleviate traffic congestion, surrounding cities may follow suit; (2) in order to expand market share quickly, shared bicycle companies will also choose the strategy of rapid expansion to the surrounding cities. Therefore, it is risky to launch shared bicycles considering the above two reasons, as cities tend to over-supply transportation resources because of inadequate assessment of their own traffic situation, and these idle resources will bring about many problems. Many Chinese cities have witnessed city streets covered with piles of dusty idling bikes that blocked the way of crosswalks. This not only fails to take technical advantage of shared bicycles, but also exacerbates the inefficiency of transportation. The coefficient of car-sharing does not pass the test, which is consistent with the above results.



In terms of the control variables, the direct effect coefficient of the urban economic development level is 0.013, and the indirect effect coefficient is −0.004. GDP has significantly increased traffic congestion in the local city, but the negative coefficient indicates that it will play a certain role in alleviating congestion in adjacent areas through the spatial spillover effect. A city with a relatively high GDP will increase the traffic operation burden of the local city, but the adsorption effect may reduce the population and industrial activity of the surrounding cities to a certain extent, thereby reducing the traffic pressure on the city and reducing the traffic jams in surrounding cities. Population growth has a similar effect to GDP.



The passenger volume of public transportation can directly alleviate traffic congestion in the area, and at the same time it has a slight positive spatial spillover effect on the surrounding area. The more passenger traffic in urban public transportation, the more people are willing to use public transportation to travel in the city, thereby alleviating traffic congestion directly. However, cities with highly developed transportation systems gather a large amount of technology and resources, which may lead to the relatively backward development of public transportation systems in surrounding cities and inevitably increase the current pressure on roads, causing congestion. Therefore, in the future, government should attach great importance to the linkage of urban transportation infrastructure and the driving effect on surrounding areas to prevent excessive absorption of resources in a central city and negative impact on surrounding cities.



Under the SAC model, the spatial decomposition effects of the four variables of INC, VOQ, TEM, LEN are not significant.




4.3.3. Heterogeneity Analysis of Spatial Effects


The above analysis has verified the effect of shared mobility on reducing urban traffic congestion from the perspective of the entire region. However, according to the standard deviation ellipse in Figure 3 and Figure 4, and the scatter plot distribution in Figure 5, the characteristics of spatial dependence are significantly different in various regions, and the economic development level of different urban areas in China is also diverse. Therefore, in this sector, the weight matrix of the spatial geographical distance is further divided into three regions to analyze the spatial heterogeneity of the impact of shared mobility on traffic congestion. The results are shown in Table 9.



BS performed best in the PRD region and significantly reduced the congestion problem in the region. However, this effect was not significant in the YRD region and BTH region. CS has no significant impact on the BTH region, but it has aggravated congestion in the YRD region and eased congestion in the PRD region. These results show that there are large differences in the performance of shared cars in different regions.



In addition, the congestion in the YRD region and PRD region presents a significant spatial lag effect, which means that it is greatly affected by traffic congestion in the surrounding area.





4.4. Robustness Test


To verify the robustness of the results, we adopted two methods, i.e., replacing the spatial matrix, and tailing test.



The spatial weight matrix W changes from the reciprocal matrix of the distance squared to the spatial adjacency matrix. That is, using the city as the unit, if the cities are adjacent or bordering, the value of the unit is 1, otherwise, it is 0; row standardization is also conducted. In the tailing test, we narrowed the tail to 98% to judge the influence of the outlier’s value.



Due to the limited space of this paper, we use SDM as an example to report the robustness results. The adjusted SDM model results are shown in Table 10. It can be seen that the coefficient and significance level of shared bikes and cars exhibited little change, and the coefficient and significance level of other control variables also experienced a small change range in two robust tests. These observations prove the robustness of the aforementioned results.





5. Conclusions and Recommendation


5.1. Conclusions


Based on the spatial linkage of shared mobility and transportation, this paper aims to examine the relationship between shared mobility and traffic congestion, expanding the scope of previous studies from a single city or a single service to 94 cities in China. According to references [32,33], bike sharing has a mixed effect on traffic congestion, and Uber, as a shared car enterprise, significantly decreases traffic congestion [38]. Our research has different findings. In addition, previous research investigates perspectives on the spatial mobility of transport itself [13,14,15,16]. However, the spatial relevance of economic development between different cities directly depends on the local transport infrastructure. As such, this paper fully considers the spatial linkage of regional traffic congestion and the spatial layout of shared mobility enterprises.



The conclusions are as follows:




	
Traffic congestion has significant spatial agglomeration, and there is an obvious positive spatial correlation in various cities in China. The congestion in different regions is primarily concentrated in different directions and centripetal forces, and it did not show obvious spatial changes from 2016 to 2019. The shared bicycles and cars in the same region are basically the same as the congestion distribution in terms of direction, but the centripetal force of the shared cars and shared bicycles are different in each region.



	
Of the two primary services of shared mobility, only shared bicycles currently play a significant role in alleviating traffic congestion in Chinese cities. However, this positive effect of bike sharing is not strong enough to offset the congestion problems caused by rising incomes and flourishing economic activities. Hence, there is still considerable room for improvement in regard to shared mobility. Although the car sharing services have relied on new energy vehicles, internet technology and big data algorithms, the spirit of sharing is not fully embodied if there is no essential difference between shared cars and private cars, taxis and other traditional rental cars.



	
As for direct and indirect effects, the brand layout of bike sharing has a significant spillover effect. Thus, traffic congestion in cities is affected not only by local bike sharing itself but also by the layout of bike sharing in the surrounding area. GDP and RRP significantly aggravate traffic congestion in local areas, while to some extent reducing significantly the traffic congestion in adjacent areas through the spatial spillover effect. The passenger volume of public transportation can directly alleviate traffic congestion in the area, and at the same time it has a slight positive spatial spillover effect on the surrounding area.



	
From the viewpoint of spatial heterogeneity, bike sharing performed best in the PRD region and helped to alleviate the congestion in the region, but this effect was not obvious in the YRD region and BTH region. Car sharing has aggravated congestion in the YRD region and eased congestion in the PRD region. These results demonstrate that there are disparities in the performance of shared cars among different regions. In addition, the congestion of the YRD region and PRD region presents a significant spatial lag effect, which means that it is greatly affected by traffic congestion in the surrounding area.









5.2. Recommendation


In light of the status quo of shared mobility, the following recommendations are proposed according to the conclusions of this study:




	(1)

	
For the sustainable development of the shared mobility industry, it is imperative to avoid the over-supply of shared bicycles and cars. The effective operation of shared transport tools relies on new energy vehicles and internet technology to refine the transportation structure. Shared transportation enterprises are suggested to put greater emphasis on improving the quality of shared services and offering reliable user-experience for customers.




	(2)

	
To regulate the shared mobility industry, governments can issue mandates for the healthy growth of shared bicycles and cars in order to optimize the layout of the sharing company. If cities and regions have inadequate transportation infrastructures, the rapid growth of shared transport tools will worsen transportation congestion, which will take a toll on the traffic efficiency of a city. This study proves that the emergence of shared bicycles has effectively reduced urban congestion within a certain range, which also helps surrounding areas. Therefore, it is suggested that governments establish a targeted entry barrier based on the development of cities in various regions and promote the orderly operation of the shared industry to utilize its advantages of convenience and green-economy.




	(3)

	
More attention in traffic efficiency should be given to the links between neighboring regions, and efforts should focus on strengthening technical cooperation among cities. Because of the existence of multiple spatial correlations in neighboring cities, governments in neighboring cities can make joint plans to alleviate traffic congestion and further promote green and coordinated development among cities. The cities in central and western urban regions should strengthen cooperation with the eastern regions and learn from their advanced experience.









This study takes the initial step in elucidating the spatial effect of the number of shared mobility enterprises at the city level and exploring the overall impact mechanism and regional heterogeneity of shared mobility on traffic congestion using the SAC and SDM models. The results provide a basis for the optimal layout and sustainable development of the shared mobility industry and offer references for local government. The spatial econometric method used in this article can also potentially be replicated and applied to other sustainable transportation issues. As a new type of transportation form based on artificial intelligence and the Internet, shared mobility is a topic of global concern. Therefore, managers of other cities can also analyze the spatial relationship between shared mobility and traffic congestion to find new spatial planning paths for the green and sustainable development of the local transportation industry.



From a technical perspective, the capacity of a road network depends on the network density, the redundancy of the network, the frequency of signal lights, the density of bus and streetcar lines, etc. For example, Wang and Kwan found that increase in road network density shortened the average length of road section and the overall driving distance [48]; Maecki and Iwan and Krylato, Puzach and Shatalova found that adjusting the operation cycle of urban traffic lights greatly improved the utilization efficiency of road network capacity [49,50,51]. These factors make measuring the relationship between congestion and shared mobility more difficult, so we hope that these technical factors will be addressed in future research.



One of the major limitations of this article is that data have not been obtained from all Chinese cities, and the number of shared mobility companies cannot fully reflect the scale of shared mobility. Because shared bicycles and shared cars in China belong to independent private enterprises, the services they provide are classified as a kind of business-to-customer transaction. The total numbers of rentals, customers and vehicles are announced once a year, but the quarterly data for each city is not released. These enterprises are unwilling to release data to public platforms for fear of competition. We hope to use personal behavioral data in future research on shared mobility, such as ridesharing orders, shared bicycle use times, shared car mileage, etc.
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Nomenclature




	Symbol
	Explanation
	Quantity



	BS
	The number of bike-sharing enterprises
	number



	CS
	The number of car-sharing enterprises
	number



	COVID-19
	Corona Virus Disease 2019
	-



	GSEM
	Generalized spatial econometric model
	-



	BTH region
	Beijing-Tianjin-Hebei region
	-



	YRD region
	Yangtze River Delta region
	-



	PRD region
	Pearl River Delta region
	-



	CDI
	Congestion delay index
	-



	GDP
	Gross regional domestic product
	100 million yuan



	RRP
	Regional resident population
	Ten Thousand of people



	INC
	Income of employees on the job
	RMB yuan



	PMP
	Public mobility passengers
	Ten Thousand of people



	VOQ
	Regional vehicle ownership quantity
	number



	TEM
	Regional temperature
	°C



	LEN
	Length of the road
	kilometer



	SAR
	Spatial autoregressive model
	-



	SEM
	Spatial error model
	-



	SDM
	Spatial Durbin model
	-



	SAC
	Spatial autocorrelation model
	-
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Figure 1. Congestion Delay Index (CDI) of top 5 congestion cities in China (Data source: Wind database in China). 
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Figure 2. Operating trends of shared mobility enterprises in Chinese city. 
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Figure 3. (a) Standard deviation ellipse of traffic congestion in BTH Region; (b) Standard deviation ellipse of traffic congestion in YRD region; (c) Standard deviation ellipse of traffic congestion in PRD region, In this paper, the three base maps of BTH region, YRD region, and PRD region are all extracted from the entire map of China. The map of China comes from the standard map service website of the National Bureau of Surveying, Mapping and Geographic Information of China. The standard map service website is: http://bzdt.ch.mnr.gov.cn/ (accessed on 15 November 2021); the data used to draw the maps of BTH region, the YRD region, and the PRD region are all derived from the total data. 
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Figure 4. (a) Standard deviation ellipse of shared mobility in BTH Region; (b) Standard deviation ellipse of shared mobility in YRD region; (c) Standard deviation ellipse of shared mobility in PRD region (Note: The BTH Region and the PRD region do not form an elliptical distribution because most of the data in 2016 are 0). 






Figure 4. (a) Standard deviation ellipse of shared mobility in BTH Region; (b) Standard deviation ellipse of shared mobility in YRD region; (c) Standard deviation ellipse of shared mobility in PRD region (Note: The BTH Region and the PRD region do not form an elliptical distribution because most of the data in 2016 are 0).



[image: Sustainability 13 14065 g004]







[image: Sustainability 13 14065 g005 550] 





Figure 5. Scatter plot of local Moran Values of CDI 2018q2. 
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Table 1. References to Bike-sharing and Car-sharing’s influence on traffic congestion.
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	Effects
	Bike-Sharing
	Car-Sharing





	Positive
	[34,35,36]
	[39]



	Negative
	[32]
	[37,38]



	Mixed/Unsure
	[33]
	-
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Table 2. Summary of model methods in the literature.
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Classification

	
Specific Methods

	
References






	
Econometric empirical research

	
Spatial regression model

	
[19,25,35,43,44,45]




	
General regression model

	
[20,22,23,24,30,32,33,37,38,39]




	
Other quantitative researches

	
[26,29,31,40,42]




	
Other methods

	
Case study

	
[21,27,28,36]




	
Qualitative analysis

	
[17,18,34,41]
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Table 3. Descriptive statistics of variables.
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	Symbol
	Quantity
	Mean
	Standard Deviation
	Minimum
	Maximum





	CDI
	%
	1.60
	0.13
	1.27
	2.19



	BS
	number
	2.08
	1.92
	0
	15



	CS
	number
	2.30
	2.65
	0
	12



	GDP
	100 million yuan
	1629.69
	1582.64
	95.14
	10,705.73



	RRP
	Ten Thousand of people
	719.60
	451.02
	75.30
	3124.32



	INC
	RMB yuan
	19,522.33
	4377.05
	11,059.25
	61,366.00



	PMP
	Ten Thousand of people
	17,433.31
	30,360.04
	665.25
	183,738.30



	VOQ
	number
	386,985.80
	265,213.80
	38,424.50
	1,475,800.00



	TEM
	°C
	17.34
	8.94
	−13.20
	29.90



	LEN
	kilometer
	2466.54
	2251.64
	316.04
	14,027.95
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Table 4. Descriptive statistics by regions.
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Regions

	
Variable

	
Sample

	
Mean

	
Standard Deviation

	
Minimum

	
Maximum






	
BTH region

	
CDI

	
126

	
1.60

	
0.12

	
1.40

	
2.00




	
BS

	
126

	
2.99

	
2.72

	
0

	
15




	
CS

	
126

	
2.79

	
3.48

	
0

	
12




	
YRD region

	
CDI

	
294

	
1.51

	
0.11

	
1.27

	
1.86




	
BS

	
294

	
2.10

	
2.03

	
0

	
12




	
CS

	
294

	
2.19

	
2.30

	
0

	
9




	
PRD region

	
CDI

	
126

	
1.62

	
0.12

	
1.38

	
1.93




	
BS

	
126

	
2.55

	
2.10

	
0

	
9




	
CS

	
126

	
3.47

	
3.14

	
0

	
12
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Table 5. Global Moran Index Values of CDI from 2016 Q3 to 2019 Q4.
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	Time
	Moran’s I
	Time
	Moran’s I





	2016Q3
	0.216 ***
	2018Q2
	0.287 ***



	2016Q4
	0.131 ***
	2018Q3
	0.247 ***



	2017Q1
	0.148 ***
	2018Q4
	0.267 ***



	2017Q2
	0.266 ***
	2019Q1
	0.221 ***



	2017Q3
	0.239 ***
	2019Q2
	0.218 ***



	2017Q4
	0.207 ***
	2019Q3
	0.170 ***



	2018Q1
	0.184 ***
	2019Q4
	0.223 ***







Note: *** means significant at the levels of 1%, p value less than 0.01.
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Table 6. LM and Robust LM Test of spatial econometric model.






Table 6. LM and Robust LM Test of spatial econometric model.





	
Test Method

	
Test Method

	
Statistic

	
p Value






	
LM test

R-LM test

	
LMERR

	
303.146

	
0.000




	
LMLAG

	
440.759

	
0.000




	
R_LMERR

	
5.825

	
0.016




	
R_LMLAG

	
143.438

	
0.000











[image: Table] 





Table 7. Results of Spatial Econometric Models.






Table 7. Results of Spatial Econometric Models.





	Variable
	SAR
	SEM
	SAC
	SDM





	BS
	−0.002 *
	−0.002 **
	−0.002 **
	−0.002 **



	CS
	0.0006
	0.0006
	0.0005
	−0.0003



	GDP
	0.010 *
	0.011 *
	0.012 *
	0.014 **



	RRP
	0.080
	0.121 *
	0.130 *
	0.092



	INC
	0.009
	0.004
	−0.001
	−0.024



	PMP
	−0.021 **
	−0.022 **
	−0.021 **
	−0.025 ***



	VOQ
	0.004
	0.004
	0.0009
	−0.004



	TEM
	−0.001 **
	−0.001 **
	−0.0008
	−0.0003



	LEN
	−0.004
	−0.002
	−0.003
	−0.003



	WX-BS
	-
	-
	-
	0.006 **



	WX-CS
	-
	-
	-
	0.0004



	  ρ  
	0.169 ***
	-
	−0.426 ***
	0.161 ***



	  γ  
	-
	0.195 ***
	0.538 ***
	-



	R2
	0.004
	0.001
	0.002
	0.116



	N
	1316
	1316
	1316
	1316



	Log-L
	2515.857
	2517.104
	2523.183
	2542.2110



	AIC
	−5009.713
	−5012.208
	−5022.365
	−5044.422



	BIC
	−4952.707
	−4955.202
	−4960.177
	−4940.775







Note: *, **, *** are significant at the levels of 10%, 5% and 1%, respectively, and the following Table 8, Table 9 and Table 10 are the same.
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Table 8. Spatial effect decomposition based on SAC model.






Table 8. Spatial effect decomposition based on SAC model.





	
Variable

	
SAC

	
SDM




	
Direct Effect

	
Indirect Effect

	
Total Effect

	
Direct Effect

	
Indirect Effect

	
Total Effect






	
BS

	
−0.002 **

	
0.0007 **

	
−0.001 **

	
−0.002 **

	
0.008 **

	
0.006 *




	
CS

	
0.0004

	
−0.0001

	
0.0003

	
0.0002

	
0.003

	
0.003




	
GDP

	
0.013 **

	
−0.004 *

	
0.009 **

	
0.014 **

	
−0.023

	
−0.009




	
RRP

	
0.133 **

	
−0.041 *

	
0.092 **

	
−0.023

	
−0.686 ***

	
−0.682 ***




	
INC

	
−0.001

	
0.0003

	
−0.0007

	
0.006

	
0.121 *

	
0.127 *




	
PMP

	
−0.021 ***

	
0.007 **

	
−0.015 **

	
−0.026 ***

	
−0.04

	
−0.066 **




	
VOQ

	
0.0009

	
−0.0002

	
0.0007

	
0.002

	
0.103 **

	
0.105 **




	
TEM

	
−0.0008

	
0.0002

	
−0.0006

	
0.001

	
−0.003 *

	
−0.002 ***




	
LEN

	
−0.002

	
0.001

	
−0.001

	
−0.006

	
0.0001

	
−0.006




	
  ρ  

	
−0.426 ***

	
0.161 ***




	
  γ  

	
0.538 ***

	
-








Note: *, **, *** are significant at the levels of 10%, 5% and 1%, respectively.
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Table 9. Spatial heterogeneity analysis based on SAC and SDM model.






Table 9. Spatial heterogeneity analysis based on SAC and SDM model.





	
Model

	
Region

	
Variable

	
Direct Effect

	
Indirect Effect

	
Total Effect

	
   γ   

	
   ρ   






	
SAC

	
BTH region

	
BS

	
−0.004

	
0.001

	
−0.003

	
−0.272

	
0.023




	
CS

	
0.0007

	
−0.0002

	
0.0005




	
YRD region

	
BS

	
0.002

	
0.0002

	
0.002

	
0.028

	
−0.174




	
CS

	
0.004 *

	
0.0003

	
0.004




	
PRD region

	
BS

	
−0.010 ***

	
0.001

	
−0.009 ***

	
−0.107

	
−0.256




	
CS

	
−0.006 *

	
0.0005

	
−0.005 *




	
SDM

	
BTH region

	
BS

	
−0.004

	
0.003

	
−0.0001

	
−0.135

	
-




	
CS

	
0.002

	
0.0001

	
0.002

	
-




	
YRD region

	
BS

	
0.002

	
0.010 **

	
0.012 **

	
−0.302 **

	
-




	
CS

	
0.003

	
−0.011 **

	
−0.008

	
-




	
PRD region

	
BS

	
−0.007 ***

	
−0.004

	
−0.011 ***

	
−0.329 **

	
-




	
CS

	
−0.005

	
0.021 **

	
0.015 *

	
-








Note: *, **, *** are significant at the levels of 10%, 5% and 1%, respectively.
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Table 10. Robustness test of SDM model.






Table 10. Robustness test of SDM model.





	
Variable

	
SDM with 0–1 Matrix

	
SDM with 98%Tailing Test




	
Direct Effect

	
Indirect Effect

	
Total Effect

	
Direct Effect

	
Indirect Effect

	
Total Effect






	
BS

	
−0.002 *

	
0.005 ***

	
0.003 *

	
−0.002 **

	
0.008 ***

	
0.006 *




	
CS

	
0.00001

	
−0.001

	
−0.001

	
0.0005

	
0.002

	
0.003




	
GDP

	
0.019 ***

	
−0.021 ***

	
−0.002

	
0.010 *

	
−0.023

	
−0.013




	
RRP

	
−0.021

	
−0.343 ***

	
−0.364 ***

	
0.012

	
−0.724 ***

	
−0.712 ***




	
INC

	
0.003

	
0.006

	
0.009

	
−0.015

	
0.207 **

	
0.192 *




	
PMP

	
−0.024 **

	
−0.001

	
−0.025 *

	
−0.022 **

	
−0.017

	
−0.038




	
VOQ

	
0.003

	
0.018

	
0.022

	
0.002

	
0.104 **

	
0.106 **




	
TEM

	
−0.0002

	
−0.001 ***

	
−0.001 **

	
0.0001

	
−0.002

	
−0.002 ***




	
LEN

	
−0.007

	
−0.01

	
−0.017

	
−0.011

	
−0.008

	
−0.019




	
  ρ  

	
0.135 ***

	
0.174 ***








Note: *, **, *** are significant at the levels of 10%, 5% and 1%, respectively.
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