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Abstract

:

The construction of green and smart cities is an important approach to enhancing the level of high-quality development and modern governance, in which infrastructure construction is the antecedent condition. From the perspective of green total factor productivity (GTFP), this paper adopts the SBM–GML (Slack-Based Model and Global Malmquist–Luenberger) index to measure the urban green and smart development level (GSDL) considering smart input–output factors. Based on the panel data of China’s 223 prefecture-level cities from 2005 to 2018, the dynamic impacts, temporal, and spatial differences of energy, transportation, and telecommunication infrastructure construction on the urban GSDL are discussed, and the threshold effects of urban scale are tested. The following conclusions are drawn: (1) On the whole, energy infrastructure inhibits the urban GSDL, while transportation and telecommunication infrastructures significantly promote it. There are distinct spatial and temporal characteristics among the impacts of these three infrastructures on the urban GSDL, in which the facilitating role of transportation and telecommunication infrastructures are further enhanced during the period of 2013–2018. Furthermore, the impacts of these three infrastructures on the urban GSDL all show “U” shape in terms of non-linearity. (2) Economic development level and industrial structure have significant positive effects on the urban GSDL, whereas human capital only has positive effect in the northeast and southwest regions, and government scale shows no positive impact yet. (3) There is a single threshold for the impact of urban scale on these three infrastructures, among which the impacts of energy and transportation infrastructures on the urban GSDL remain consistent before and after the threshold, while the impact of telecommunication infrastructure on the urban GSDL varies from having no significance to being positive when crossing the threshold. Thus, capital investment for infrastructure construction should be further allocated reasonably, the positive potential of human capital should be fully released, and the urban scale should be appropriately controlled in the future.
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1. Introduction


1.1. Motivation


Urbanization is an important driving force for economic growth [1], which is closely related to capital and also has great impact on the environment [2]. It is shown that the urbanization rate of China has exceeded 60% by the end of 2020 [3]. Although urbanization has promoted industrialization and economic growth remarkably, it has also resulted in serious deterioration of ecology, frequent extreme weather, and other problems, which have been accumulated over the decades [4]. As such, the traditional extensive urban development mode needs to be changed urgently. In this context, the construction of green and smart cities has been successively distributed in various prefecture-level cities with national policies implemented in China [5,6]. The construction of green and smart cities is based on the sustainable and low-carbon development and utilization of the internet, cloud computing, artificial intelligence, and other smart technologies to improve the level of urban production, social management, and public services [7] and eventually optimize the industrial structure, extensively form green production and lifestyles, and promote the urban economic development [8,9]. Faced with the development opportunities of urban green and smart construction, China’s cities actively deploy infrastructure construction related to energy, transportation, telecommunication to provide fundamental support in enhancing low-carbon emission reduction, transportation structure, comprehensive transportation network efficiency, and information resource sharing. As such, the urban GSDL would be enhanced [10,11]. However, redundant infrastructure construction is also accompanied by high energy consumption, and the adoption of infrastructures for commodity trade and production will also generate new pollution [12], which will be a bottleneck of the urban GSDL. Therefore, this paper explores the complex relationship between infrastructure construction and the urban GSDL by taking China as an example.




1.2. Literature Review and Contribution


1.2.1. Measurement of the Urban GSDL


Urban development promotes capital accumulation, which in return improves urban development by investing in infrastructure construction [13], such as Barcelona [14]. Furthermore, industrial development and infrastructure construction respond to the needs of capital expansion [14]. In this frame, the urban development modeled by capitalism has brought some distortion development models, which bring about the result that the land price becomes a determinant factor of the economic and political issues [15]. Continuous capitalist pursuit of profit-seeking has led to new speculative real estate booms, such as new office buildings and high-end residential buildings associated with infrastructure and cultural and entertainment spaces [14,16], which are less related to public needs and urban requirements [17]. As Mora and Camerin noted, urban regeneration and reconstruction projects were carried out for rent demand to achieve the goal of capital accumulation [18], which gradually damaged the architectural and urban development framework [3].



On the contrary, the construction of green and smart cities is not only an effective approach to solve urban problems but also an important decision to realize sustainable development [19,20]. Ding and Wang [21] and Du et al. [22] conducted a comprehensive evaluation index from multidimensional perspectives to evaluate the urban GSDL. Others analyzed the urban GSDL by combining PCA–GRA, entropy power, and cloud model [23]. In addition, some literature adopted GTFP (green total factor productivity) from the perspective of input–output efficiency to analyze the green productivity and innovative efficiency of China’s provinces and cities [24,25], and the spatial and temporal disparities between regions [26], which provided a new method for estimating the urban GSDL. Existing research also showed that the quality and efficiency of urban development were not only affected by the degree of green development but also related to urban smart elements. Urban smart elements could also promote the efficiency of urban governance and public services through technological innovation and facilitate resource utilization, thus promoting the GTFP and empowering high-quality development [27,28]. Jiang et al. [7] showed that the construction of smart cities provided vital support for urban green development, which promoted the urban GTFP by accelerating technological innovation. Xia and Xu [29] estimated GTFP with non-parametric methods and found that the GDP growth rate was unrelated to the GTFP, while smart city construction could significantly facilitate the green utilization efficiency of urban land [30]. These conclusions suggest that green and smart factors should be considered when we estimate the quality of urban development.




1.2.2. Relationship between Infrastructure Construction and the Urban GSDL


Infrastructure construction is considered as a prerequisite for urban economy, and the development of urban economy also accelerates infrastructure construction. Historically, urban planning and development has been deeply rooted in the process of infrastructure construction, which provides ontological foundations and operation space for cities [31]. However, infrastructure construction, which was the main way of urban regeneration for capitalist cities in the past, often ignored public needs during the process [16,17]. Since the contradiction between environmental and economic development are becoming more and more prominent, a multi-agent participation mode of social capital was adopted in infrastructure construction under the regulation of government; thus, the public welfare and service nature of infrastructure construction was achieved [32].



Literature focuses more on the relationship between infrastructure construction and urban renewal, including the impacts of infrastructure construction on the urban green development or smart development, while green and smart elements are barely taken as a unity to explore their relationship. Scholars mainly expounded the relationship between infrastructure construction and green development or smart development from the following two aspects.



On the one hand, from the perspective of the driving force for urban development, infrastructure construction is the hardware foundation to accelerate the marketability of resources and elements, which is of benefit to integrating innovators [6], accelerating economic growth [33], and enhancing the resource allocation efficiency [34]. Wei and Chen [35] noted that the transportation infrastructure played an important role in the construction of energy-saving and low-carbon cities, which was closely related to the construction of green and smart development cities [36]. Other research showed that infrastructure construction made the largest contribution to GTFP when compared with the scheme, technology, and other factors [37,38], which had a more significant effect in relatively backward areas [39]. Furthermore, infrastructure construction could not only directly affect the economy and environment but also indirectly affect the urban smart development, living quality, and low-carbon development through technological innovation [40], international trade [41], industrial, and talents agglomeration [42,43]. For example, transportation infrastructure could reduce trade costs and improve the access to the market, which strengthened the driving force of technological innovation and productivity improvement through resource importation and regional spillover effect [44,45], among which economic agglomeration and market accessibility played a mediating role [46]. Additionally, the telecommunication development was conducive to breaking regional market restrictions and reducing coordination costs of enterprises, which was crucial to regional integrated market construction and beneficial to improving production efficiency through scale and intensive economy [47]. Fully equipped telecommunication infrastructure could accelerate the evolution of production structure through talent gathering and optimization of resources, thus improving the scale and network effect of economic development and urban productivity level [48]. Moreover, due to the marketability of production elements, infrastructure construction may also promote or inhibit the development of adjacent areas [49]. For example, the transportation infrastructure would enhance urban accessibility and promote the agglomeration of innovation elements, strengthen knowledge and technology spillover effect, and, accordingly, the innovation structure among regions could be influenced [50,51]. Meanwhile, developed telecommunication infrastructure would facilitate technological innovation and knowledge-based economy, thus forming spatial preference and agglomeration characteristics by influencing the prospect of adjacent areas through spatial spillover effect [52,53].



On the other hand, infrastructure construction requires a large input of energy and other resources, which will cause consumption and pollution. Moreover, excessive infrastructure construction will also destroy environmental carrying capacity, which is harmful to the sustainable development of the economy and society; therefore, the urban GSDL will be restricted. Wang [54] adopted the GML index and threshold regression model to find that traditional energy consumption would have a negative impact on GTFP with both too much and too low degree, which depended on whether the technology level of energy transformation could meet the production requirements or not [55]. Kong et al. [56] also found that the negative effect of energy infrastructure construction on the environment was more prominent, and the large-scale production caused by the elements aggregation was prone to result in resource monopoly, which resulted in the resource allocation distortion and inefficient utilization, and then vertically deepened the negative externality of energy. Besides, by reducing logistics costs and promoting the marketability of elements, transportation infrastructure also accelerated the flow of resources to big cities, resulting in a “siphon effect” and deepening the degree of regional differentiation [57]. Furthermore, the research even demonstrated such phenomena as “short-term effects” were superior to “long-term effects” [58]. Sun et al. [59] noted that urban and rail transportation showed positive effects on reducing air pollution, while the construction of rail transportation had a negative short-term impact on air quality. In addition, the effect of infrastructure construction on GSDL would also be restricted by other factors, such as economic development level, industrial structure, energy structure, and resource endowment [60]. Particularly, the internal difference such as urban scale could also influence urban construction [61]. Jain and Tiwari [62] showed that improving bus and bicycle infrastructures could minimize equivalent CO2 emissions, while different strategies should be taken based on the urban scale.



In conclusion, the GTFP is an important criterion to evaluate the quality of economic development. The existing research has provided many important ideas and research methods, while green and smart elements are barely integrated into a unified analyticalframework to measure the urban GSDL from the perspective of total factor productivity (TFP), which could not reflect the two-wheel driving force of green and smart for urban sustainable development. Research has paid more attention to the influence of infrastructure construction on regional innovation, economic development, TFP, and GTFP, while few focused on the heterogeneous effects of infrastructure construction on the urban GSDL from the perspective of their linear and nonlinear relationships. Furthermore, the threshold effect of urban characteristics also needs to be deepened. Therefore, based on the panel data of 223 prefecture-level cities from 2005 to 2018, this paper firstly adopts SBM–GML index to evaluate the urban GSDL by considering the green and smart factors based on the GTFP accounting framework. Secondly, the linear and nonlinear effects of infrastructure construction on the urban GSDL are analyzed. Thirdly, heterogeneous effects of infrastructure construction on urban GSDL are explored from regional and temporal perspectives. Finally, the threshold effects of urban scale are explained.






2. Materials and Methods


2.1. Measure of GSDL


2.1.1. Measure Model Construction


The SBM model is an improved DEA (data envelopment analysis) model, which is developed to evaluate the efficiency of decision units with multiple input and output indicators and eliminate the estimation bias caused by the difference in radial and angle selection. Combined with the GML index, the SBM model could better describe the variation of productivity [63]. The form of non-angular and non-radial SBM model containing the unexpected output is as follows (Formula (1)):


    min ρ =   1 −  1 m    ∑  i = 1  m    s i −  /  x  i 0       1 +  1   s 1  +  s 2    (   ∑  i = 1    s 1      s r g  /  y  r 0  g  +     ∑  i = 1    s 2      s r b  /  z  r 0  g    )       s . t .   X λ +  s i −  =  x k  ,    Y g  λ −  s r g  =  y 0 g  ,    Z b  λ +  s r b  =  z 0 b      λ ,    s i −  ,    s r g  ,    s r b  ≥ 0    



(1)







In Formula (1),  ρ  is the ratio of actual input–output relative to the average narrowing and expansion of technological frontier;   m ,    s 1  ,    s 2    denote the quantity of input, expected and unexpected output respectively, and    s  −  ,    s  g  ,    s  b    are the corresponding relaxation variables.



The GML index from t to t + 1 is defined, and the specific Formula (2) is as follows:


    G M L     t , t + 1   (  x t  ,  y t  ,  b t  ,  x  t + 1   ,  y  t + 1   ,  b  t + 1   )   =   1 +  D G  (  x t  ,  y t  ,  b t  )   1 +  D G  (  x  t + 1   ,  y  t + 1   ,  b  t + 1   )   ×   1 +  D t  (  x t  ,  y t  ,  b t  )   1 +  D  t + 1   (  x  t + 1   ,  y  t + 1   ,  b  t + 1   )        ×   1 +  D G  (  x t  ,  y t  ,  b t  )   1 +  D t  (  x t  ,  y t  ,  b t  )   ×   1 +  D  t + 1   (  x  t + 1   ,  y  t + 1   ,  b  t + 1   )   1 +  D G  (  x  t + 1   ,  y  t + 1   ,  b  t + 1   )      



(2)







In Formula (2),   G M  L  t , t + 1     represents the GSDL variations of units in period t to t +1. When   G M  L  t , t + 1   > 1  , it indicates that GSDL has been improved in the current period when compared with that in previous period. The calculation Formula (3) is as follows:


    G S D L  2006  =   G S D L  2005  *   G M L  2006   



(3)








2.1.2. Indicators of GSDL Measurement


According to Du et al. [22] and Lu et al. [64], this paper adopts the SBM–GML index to measure the urban GSDL with the following indicators. The input indicators include the fixed capital stock, labor, energy, and the fiscal expenditure of science, technology, and education. The output indicators are comprised of four aspects including economic, green, smart, and undesired environmental elements, among which regional GDP indicates economic output, international internet users and patent application quantity indicate smart output, the harmless disposal rate of domes-tic garbage, sewage treatment rate and greenery coverage of urban area indicate green output, discharge of industrial wastewater, industrial smoke, and dust emissions and SO2 emissions indicate undesired environmental output. The specific indicators are shown in Table 1:



In addition, the capital stock is measured by the perpetual inventory method according to Zhang et al. [65]. Regional GDP is represented by the real GDP, which takes 2003 as the base period. The entropy value method with the time variable is adopted to calculate the expected pro-environmental output and unexpected pollution output.





2.2. Construction of Empirical Model


The construction of energy, transportation, and telecommunication infrastructure has different functions and adoptions, which may result in differentiated impacts on the urban GSDL. Therefore, this paper first tests the linear and nonlinear effects of energy, transportation, and telecommunication infrastructure construction on the urban GSDL. Then, the regional and temporal heterogeneity effects of infrastructures are further analyzed. Finally, the threshold characteristics of urban scale are explored.



2.2.1. Panel Regression Model


According to the research objectives, the static dynamic panel regression model is first constructed as follow (Formula (4)):


    G S D L   i t   =  β 0  +   ∑  n = 1  3    α n  i n  f  n t     +   ∑  i = 1  4    λ i    C o n t r o l   i t     +  ε  i t    



(4)







In Formula (4), infn (n = 1, 2, 3) represents the infrastructure construction of energy, transportation, and telecommunication, respectively. Controlit denotes economic development level, industrial structure, human capital level, and government size, respectively. The sum of αn and β1 are indicated as the regression coefficient, and εit is the random error. Based on Formula (4), the first-order lag term of the explained variable is added to explore the long-term influence between the explanatory variable and the explained variable, and the dynamic panel regression model is obtained as follow (Formula (5)):


    G S D L   i t   =  β 0  +  β 1    G S D L   t − 1   +   ∑  n = 1  3    α n  i n  f  n t     +   ∑  i = 1  4    λ i    C o n t r o l   i t     +  ε  i t    



(5)







In Formula (5), GSDLt−1 is the first-order lag term of the explained variable (L.GSDLt). In order to explore the nonlinear influence relationship between the core explanatory variable and the explained variable, the square term of the explanatory variable is introduced to Formula (5) to construct a nonlinear panel regression model which is as follow (Formula (6)):


    G S D L   i t   =  β 0  +  β 1    G S D L   t − 1   +   ∑  n = 1  3    α n  i n  f  n t     +   ∑  n = 1  3    α n  i n    f 2    n t     +   ∑  i = 1  4    λ i    C o n t r o l   i t     +  ε  i t    



(6)







In Formula (6), infn2 (n = 1, 2, 3) represents the square term of energy, transportation, and telecommunication infrastructure construction, respectively.




2.2.2. Threshold Regression Model


Previously, the dynamic panel regression model is constructed to test the influence of core explanatory variables and control variables on the urban GSDL. However, it is unable to describe the structural breakpoint of urban scale. Thus, this paper further explores the threshold effect of urban scale by adopting threshold regression model, which is constructed according to Hansen’s panel data regression theory as follow (Formula (7)):


    G S D L   i t   =  u i  +  β 1   X  i t   ⋅ 1 (  q  i t   ≤ λ ) +  β 2   X  i t   ⋅ 1 (  q  i t   > λ ) +  ε  i t    



(7)







In Formula (7), GSDL denotes the urban GSDL, Xit is the explanatory variable, qit is the threshold variable, γ is the threshold value to be estimated, and εit is the random disturbance term. On this basis, a double threshold regression model is constructed as follow (Formula (8)):


    G S D L   i t   =  u i  +  β 1   X  i t   ⋅  1 (   q  i t   ≤  γ 1  ) +  β 2   X  i t   ⋅  1 (   γ 1  <  q  i t   ≤  γ 2  ) +  β 3   X  i t   ⋅  1 (   q  i t   >  γ 2  )  



(8)







In Formula (8), the threshold value meets the requirement of γ1 < γ2.





2.3. Variable Description


Explained variable: The urban GSDL, which is calculated by SBM–GML.



Explanatory variables: Referring to Yeaple and Golub [66], infrastructures are comprised of energy, transportation, and telecommunication. In this paper, energy infrastructure (lnENER) is measured by the total amount of gas supply, transportation infrastructure (lnTRANS) is expressed by the length of urban highway, and telecommunication infrastructure (lnTELE) is represented by telecommunications revenue.



Threshold variables: Urban scale is the embodiment of regional economic development, which would aggregate resource elements and influence resource utilization efficiency [67]. As such, it is supposed to restrict the impact of infrastructure construction on the urban GSDL. The urban total population at the end of the year is applied to represent the urban scale.



Other control variables: Based on the existing research, this paper adopts economic development level (lnPGDP), industrial structure (STR), human capital level (HC), and government size (GOVER) to control the influence of external factors on the urban GSDL. Specifically, cities with high economic development levels will have greater support for technological innovation and more investment for pro-environmental issues and infrastructure construction. As consequence, the urban GSDL would be enhanced. Furthermore, industrial emissions are the main source of pollution, which directly restrict urban green development; therefore, it is necessary to enhance the urban GSDL by innovation and upgrading the industrial structure [68]. Then, the proportion of the tertiary industry is adopted to evaluate the influence of infrastructure construction on the urban GSDL. Additionally, due to the optimization of human capital elements is conducive to accelerating innovation and technology accumulation [69], this paper adopts the number of college students to represent human capital level. Furthermore, the government scale is measured by the ratio of government fiscal expenditure to GDP.




2.4. Data Source


The data of many urban patent applications before 2005 are missing and their caliber is not consistent; as well, the data in 2019 was incomplete. This paper selected samples from 2005 to 2018 to ensure the credibility of the research. Considering the integrity and continuity of panel data, the samples of cities with more missing data were excluded, and then 223 cities were selected as research samples, among which some missing data were supplemented by the linear interpolation method. As such, the panel data of 223 cities in China from 2005 to 2018 are obtained. The data of variables are mainly from “China Urban Statistics Yearbook”, “Statistical Yearbook”, and” Science and Technology Yearbooks” from 2006 to 2019 and “Statistical Bulletin” from 2005 to 2018 of provinces and cities.





3. Results


3.1. Linear Regression Analysis


Before the regression analysis, the variance inflation factor test is carried out to avoid estimation bias caused by collinearity. According to the literature, if the VIF of the test is much less than 10, it indicates that there is no colinear problem among variables. In order to overcome the influence of extreme data, all data are truncated by 1% before and after. The regression results are shown in Table 2, where column (1) represents the regression without the control variables, and column (2) to (5) represents the results after the step-by-step addition of control variables, respectively.



According to the results in Table 2, the first-order lag term of the urban GSDL is significantly positive at the 1% level, even adding the control variables, which indicates that the urban GSDL varies dynamically and continuously with self-strengthening and path-dependence effects. While the effect of lnENER on the urban GSDL has fluctuated from positive to negative. The reason is that the traditional energy consumption is still dominant, which would restrict the urban GSDL, even though China’s energy consumption structure has been optimized in recent years. The results also show that the positive effect of lnTRANS on the urban GSDL is continuously strengthened and significant at the 1% level, as well as the positive effect of lnTELE is significantly positive at the 5% level. This is mainly due to the role of traffic infrastructure in improving the flow velocity of elements and resources shared among regions. Telecommunication infrastructure can facilitate resource integration and technological innovation, which will inject the power source for urban development.



From the view of control variables, the lnPGDP and STR can strongly promote the urban GSDL at the level of 1%. This indicates that China’s policy of developing economy and adjusting the urban industrial structure is valid, which has effectively ensured the growth of urban GSDL. However, the effect of HC on the urban GSDL is only significant at the level of 10%, which shows limited influence and is not consistent with the expectation. This may be because the human capital level may be inconsistent with the urban GSDL, such as the contradiction between the structure and low equilibrium of talents possibly leading to the dilemma of “excessive competition” or “curse of talents” [70]. Moreover, the impact of GOVER on the urban GSDL is insignificant, indicating that the urban GSDL would be increased by optimizing the structure and utilization efficiency of fiscal expenditure rather than by simply expanding fiscal expenditure.




3.2. Nonlinear Regression Analysis


Based on the linear regression tested above, the explanatory variables of energy, transportation, and telecommunication infrastructures’ square term are further adopted into the dynamic regression equation to test the nonlinear impact of infrastructures on the urban GSDL. The results are shown in Table 3.



Columns (1) to (3) represent the nonlinear relationship of energy, transportation, and telecommunication infrastructure construction with urban GSDL, respectively. Table 3 shows that the coefficients of lnENER2, lnTRANS2, and lnTELE2 are all positive significantly at the 1% level, which indicates that the long-term impact of infrastructure construction on the urban GSDL has a U-shaped nonlinear effect with the trend of first inhibiting and then promoting. The reason for this is that infrastructure construction requires long-term, large invest and resource consumption, which is usually at a low level in the early stage and then reaches the inflection point after a large amount of resource input to achieve scale effect and agglomeration effect. With the improvement of infrastructure construction, network connection among regions, energy utilization, and transport efficiency, communication sharing would be enhanced, and the cost of industrial structure transformation and economic model transformation would be reduced. Eventually, innovation and productivity will be increased, and the urban GSDL will be promoted accordingly.




3.3. Heterogeneity Regression Analysis


3.3.1. Regional Heterogeneity Analysis


Due to the differences in developing speed and quality, the impacts of infrastructure construction on different regions of urban GSDL are heterogeneous. Therefore, this paper refers to the existing classification criteria and divides research samples into six regions to explore the regional differences. The specific results are shown in Table 4.



As shown in Table 4, the relationship between the first-order lag GDSL and the urban GSDL is significantly positive at the 1% level in all regions, which indicates that the urban GSDL variations are consistent in time and path-dependent among regions. The lnENER has no significant effect on the urban GSDL in central, southern, and southwest China while showing obvious inhibitory effects in other regions. The possible reason is that the resource curse phenomenon brought by the resource-based cities are mostly in north China, the large proportion of manufacturing industry in the northeast of China, and the imbalance of energy supply and demand caused by “light abandonment” and “wind abandonment” are mainly in the western region. All these problems exert a negative impact on the improvement of urban GSDL. The lnTRANS significantly improves urban GSDL in east, southwest, and northwest China at the 1% level. By contrast, the lnTELE only promotes urban GSDL in east, central, and southern China at the 5% level. This is mainly because the east and center of China are highly developed regions in China, such as Shanghai, Hangzhou, and Shenzhen, which have comparatively advanced technologies, a high level of innovation, and the strong radiation capacity to form strong motivation for the development of urban GSDL.



The influence of control variables demonstrates regional differences, as well. The lnPGDP always plays a significant role in promoting the urban GSDL, indicating that the current green economic development mode and smart city construction could promote the improvement of the ecological environment and urban operation efficiency in China. Overall, the coefficients and significance of STR are in line with expectations, which dramatically promote the urban GSDL, indicating that the function of industrial structure adjustment in China is confirmed. The impact of HC on the urban GSDL only passes the test at the 5% significance level in the northeast and southwest China. According to the estimated coefficients, the urban GSDL will increase by 1.8% and 1.2% when HC increases by 1% in northeast and southwest China, respectively. It could be attributed that adjacent regions’ human capital encourages technological innovation, which requires more energy input, resulting in more pollution emissions. The “rebound effect” induced by technology offsets the improvement effect of human capital on the urban GSDL [71]. Additionally, the role of GOVER is not significant, which may be related to the structure of fiscal expenditure. The excessive government intervention is not conducive to guiding market elements flow to the productive departments, consequently hindering the innovation of urban green production technology and the construction of smart infrastructure.




3.3.2. Period Heterogeneity Analysis


The construction of low-carbon cities and smart cities launched in 2010 and 2012, respectively, which intensified infrastructure construction consisting of energy, transportation, and telecommunication. Therefore, this paper takes 2012 as the time demarcation point to study the different impacts of infrastructure construction during 2005–2012 and 2013–2018. Specific results are shown in Table 5.



According to the regression results in Table 5, the lnENER significantly inhibits urban GSDL at the level of 1%, while the impact of lnTRANS and lnTELE on the urban GSDL is not significant from 2005 to 2012. In contrast, the negative impact of lnENER on urban GSDL is greatly reduced, while the positive impacts of lnTRANS and lnTELE are dramatically enhanced from 2013 to 2018. Furthermore, the lnTRANS and lnTELE increase by 1%, and the urban GSDL would be enhanced by 26.19% and 6.02%, respectively. The possible reason for this is that the economic crisis in 2008 brought a series of sequelae to China. In order to stimulate economic vitality, the 4 trillion Yuan expansion plan “Ten Major Industrial Revitalization Plan” was launched, which might result in the imbalance of China’s economic structure [72]. Therefore, the effective role of infrastructure in promoting capital, trade, and marginal productivity in this period was limited, and the efficiency of the scale economy was low. Afterward, the low carbon cities and smart cities construction policies were launched successively in 2010 and 2012, which further strengthened the construction of green development and enhanced the technical level and investment efficiency. As such, the innovation compensation and scale economy effect of infrastructure construction on urban development were well enhanced, and the allocation efficiency of resource elements was effectively consolidated, which all promoted the development of urban GSDL.





3.4. Threshold Regression Analysis


The threshold test can not only explore the relationship among variables but also depict breakpoint of the relationship. China has huge developing differences among regions, and this urban scale is adopted for further analysis of threshold effect on the urban GSDL, which can reflect urban characteristics to some extent. The threshold regression results are shown in Table 6.



According to the results in Table 6, the p values of the single threshold are all less than 0.1, while the p values of the double threshold are all more than 0.1, indicating that only the single threshold effect is significant. Furthermore, the lnENER and lnTRANS show a significantly negative impact on the urban GSDL both before and after crossing the threshold, while their inhibitory effect weakens after crossing the threshold. This may be due to the expansion of the urban scale, which is usually accompanied by the increase in energy consumption and waste discharge. When the urban scale is smaller than 588, the urban GSDL will decrease by 19.40% if the lnTRANS increases by 1%. While the urban scale is beyond 588, the inhibitory effect of lnTRANS on the urban GSDL would be weakened even still significant. When the urban scale is smaller than 588, the impact of lnTELE on the urban GSDL is not significant; however, the urban GSDL will increase by 5.04% for every 1% increase of lnTELE when the urban scale is greater than 588. This is because large cities are more likely to form low-lying areas where resource elements are prone to be gathered; thus, more employment opportunities would be generated, the matching efficiency of information resources under the digital economy would be improved, and, finally, the urban GSDL would be promoted.





4. Discussion


Against the background of green and smart city construction in China, it is urgent for cities to seize the opportunity and break through the shackles of the black economic development model to enhance their urban GSDL and social governance quality. Therefore, cities actively deploy energy, transportation, telecommunication, and other infrastructure construction to provide circulation conditions and sharing platforms for the urban GSDL. Based on this background, this paper develops the GTFP by adopting smart input–output factors to evaluate the urban GSDL of 223 samples in China from 2005 to 2018 and explores the linear and nonlinear effects of energy, transportation, and telecommunication infrastructure construction on the urban GSDL. The heterogeneous effects of spatial and temporal are also analyzed, and the threshold characteristics are identified from the perspective of urban scale.



Firstly, in the part of empirical analysis, this paper considers the linear and nonlinear relationships of infrastructures and adds the first-order lag term of explained variable and the square term of explanatory variables to make the research results more consistent with reality. The results show that the lnENER inhibits the urban GSDL in general, due to the incomplete transformation of energy consumption structure and the insufficient ability of energy industry technology [59]. The lnTRANS and lnTELE have significantly positive effect on the urban GSDL, which is attributed to the improvement of elements circulation and expansion of resource sharing brought by transportation infrastructure construction, as well as the technical innovation and information sharing promoted by telecommunication [73]. Secondly, this paper verifies the heterogeneous effects of infrastructure construction on the urban GSDL from spatial and temporal characteristics, which could further the existing research and provide policy reference for the urban government. Additionally, as the outbreak of COVID−19 becomes the biggest challenge of this century by far, a safer and disaster-resilient public transport is required, which can also meet the needs of private vehicle-owning individuals after the unprecedented disease [74]. In light of the background and these requirements, infrastructures are supposed to be constructed appropriately advanced. Thirdly, the threshold regression effect provides a new perspective for the government to take urban scale and other urban characteristics into consideration during the construction of green and smart cities. Urbanization has accelerated the movement of people to cities, with nearly half the world’s population now living in urban settlements. However, rapid urban growth is mostly accompanied by environmental degradation and traffic congestion, which outstrip urban service capacity [75]. Thus, the urban scale should be reasonably controlled to maximize the positive effect of infrastructure construction.



In the future, how to effectively solve the endogenous problem of the empirical model and the appropriate instrumental variables need to be further deepened. Additionally, the influence mechanism of the spatial spillover effect is also conducive to further expanding the depth of research. Finally, it is also meaningful to consider the long-term impact of civilian infrastructure on urban development, such as medical care, culture, and education.




5. Conclusions


Based on the above elaboration, this paper evaluated the urban GSDL of 223 cities in China from 2005 to 2018. Then, the dynamic impacts and temporal and spatial differences of energy, transportation, and telecommunication infrastructure construction on the urban GSDL were discussed, and the threshold effects of urban scale were tested. The main research conclusions are as follows:



(1) Transportation and telecommunication infrastructures play significant roles in promoting the urban GSDL, and the effects are further strengthened during 2013–2018, while energy infrastructure shows an insignificant effect on the urban GSDL. From the perspective of nonlinear relationships, the impact of infrastructures on the urban GSDL shows a U shape.



(2) There are regional differences in the influence of the control variables on the urban GSDL. Among them, the economic development level and industrial structure promote the urban GSDL in general, while the positive relationship between the human capital level and the urban GSDL is only significant in the northeast and southwest regions. Additionally, the government scale shows an insignificant positive impact on the urban GSDL.



(3) From the perspective of the threshold effect, there is only a single threshold effect of urban scale on the infrastructures. The impacts of energy and transportation infrastructures on the urban GSDL remain consistent before and after the threshold, while the impact of telecommunication infrastructure on the urban GSDL varies from having no significance to being positive when crossing the threshold.



In view of the conclusions, this paper puts forward the following policy recommendations. First, reasonable allocation of capital investment in infrastructure construction is crucial to achieving the dislocation of regional development. Different measures should be taken according to urban conditions to promote the ordered and high-quality quantification of infrastructure construction and form the integrated development power through the construction of energy, transportation, and telecommunication infrastructure. Second, it is obligatory to fully unleash the positive potential of elements and strengthen coordination among regions. On the one hand, industrial structure adjustment, human capital level, and urban scale should be integrated for the urban GDSL. On the other hand, the administrative barriers among regions should be broken, and those backward regions such as the central and western regions and northeast China should be encouraged to cooperate with the eastern regions through entrusted management and investment cooperation to realize complementary advantages and mutual benefits. Finally, the urban scale should be reasonably controlled, and cities can learn from the superblock model of Barcelona, which reclaims public space for people, reduces motorized transport, and promotes sustainable mobility and active lifestyles, and consequently achieve green development and mitigate the effects of climate change [76]. Governments, enterprises, and scientists should make more efforts to break through the technical difficulties of adopting renewable energy and releasing the side-effects of energy demand caused by urban population and spatial expansion. Moderate investment is also required to ensure the sustainability of new infrastructure investment and thus to avoid the low efficiency of financial investment caused by large-scale government investment.
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Table 1. Indicators of GSDL.






Table 1. Indicators of GSDL.





	
Indicator

	
Variable

	
Unit

	
Computation Method






	
Input indicators

	
Fixed capital stock

	
100 million yuan

	
Perpetual inventory method




	
Labor

	
10 thousand people

	
The number of urban employees at the end of year




	
Electricity consumption

	
10 thousand kilowatts

	
Total electricity consumption




	
Education and technology expenditure

	
10 thousand yuan

	
Financial expenditure on science, technology, and education




	
Output indicators

	
Regional GDP

	
100 million yuan

	
Regional GDP of the year




	
International internet users

	
10 thousand people

	
The number of urban international Internet users




	
Patent application quantity

	
Part

	
The number of urban patent application




	
Harmless disposal rate of domestic garbage

	
%

	
Percentage of the disposal of harmless garbage




	
Sewage treatment rate

	
%

	
Percentage of sewage disposed




	
Greenery coverage of urban area

	
%

	
Greening coverage rate in built-up areas of the city




	
Discharge of industrial wastewater

	
10 thousand tons

	
Industrial wastewater discharge volume of the city




	
Industrial smoke and dust emissions

	
Tons

	
Industrial smoke and dust emissions’ volume of the city




	
Industrial SO2 emissions

	
Tons

	
Industrial SO2 emissions’ volume of the city
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Table 2. Dynamic linear regression.






Table 2. Dynamic linear regression.













	
	(1)
	(2)
	(3)
	(4)
	(5)





	
	Urban GSDL
	Urban GSDL
	Urban GSDL
	Urban GSDL
	Urban GSDL



	L.GSDL
	0.6251 ***

(0.0149)
	0.5861 ***

(0.0149)
	0.5571 ***

(0.0155)
	0.5561 ***

(0.0155)
	0.5557 ***

(0.0155)



	lnENER
	0.0533 ***

(0.0178)
	−0.0693 ***

(0.0201)
	−0.0830 ***

(0.0201)
	−0.0832 ***

(0.0201)
	−0.0838 ***

(0.0201)



	lnTRANS
	0.1088 ***

(0.0466)
	0.1604 ***

(0.0199)
	0.1604 ***

(0.0495)
	0.1663 ***

(0.0496)
	0.1655 ***

(0.0496)



	lnTELE
	0.0783 ***

(0.0145)
	0.0232 **

(0.0148)
	0.0233 **

(0.0147)
	0.0229 ***

(0.0147)
	0.0219 **

(0.0147)



	lnPGDP
	
	0.2409 ***

(0.0200)
	0.2331 ***

(0.0199)
	0.2233 ***

(0.0206)
	0.2191 ***

(0.0211)



	STR
	
	
	0.1397 ***

(0.0227)
	0.1350 ***

(0.0228)
	0.1345 ***

(0.0228)



	HC
	
	
	
	0.0021 *

(0.0012)
	0.0022 *

(0.0012)



	GOVER
	
	
	
	
	0. 0719

(0.0738)



	CONS
	−5.0399 ***

(0.3568)
	−2.9332 ***

(0.3892)
	−2.7627 ***

(0.3875)
	−2.7434 ***

(0.3875)
	−2.6855 ***

(0.3920)







Note: The values in parentheses are standard deviations. *, **, *** indicate significance at 10%, 5%, and 1% levels, respectively.













[image: Table] 





Table 3. Nonlinear regression.






Table 3. Nonlinear regression.











	
	(1)
	(2)
	(3)





	
	Urban GSDL
	Urban GSDL
	Urban GSDL



	L.GSDL
	0.5709 ***

(0.0150)
	0.5540 ***

(0.0163)
	0.5553 ***

(0.0155)



	lnENER
	−1.6591 ***

(0.1882)
	
	



	lnENER2
	0.0589 ***

(0.0072)
	
	



	lnTRANS
	
	−1.3411 ***

(0.3899)
	



	lnTRANS2
	
	0.0649 ***

(0.0220)
	



	lnTELE
	
	
	−0.4372 **

(0.1893)



	lnTELE2
	
	
	0.0184 **

(0.0076)



	lnPGDP
	0.3601 ***

(0.0207)
	0.3147 ***

(0.0203)
	0.2556 ***

(0.0181)



	STR
	0.3722 ***

(0.0259)
	0.3789 ***

(0.0257)
	0.3849 ***

(0.0261)



	HC
	0.0003

(0.0013)
	0.0029 **

(0.0013)
	0.0020

(0.0013)



	GOVER
	0.1335

(0.0873)
	0.1007

(0.0881)
	0.0875

(0.0889)



	CONS
	8.4869 ***

(1.1943)
	4.1780 **

(1.7588)
	0.5696

(1.1481)







Note: The values in parentheses are standard deviations. **, *** indicate significance at 5% and 1% levels, respectively.













[image: Table] 





Table 4. Regional heterogeneity regression.






Table 4. Regional heterogeneity regression.














	
	North China
	Northeast China
	East China
	Central South
	Southwest China
	Northwest China





	
	Urban GSDL
	Urban GSDL
	Urban GSDL
	Urban GSDL
	Urban GSDL
	Urban GSDL



	L.GSDL
	0.5385 ***

(0.0485)
	0.5081 ***

(0.0536)
	0.5255 ***

(0.0288)
	0.5628 ***

(0.0296)
	0.5153 ***

(0.0511)
	0.5952 ***

(0.0553)



	lnENER
	−0.1223 *

(0.0656)
	−0.3265 ***

(0.0814)
	−0.0877 **

(0.0431)
	0.0119

(0.0370)
	−0.1007

(0.0634)
	−0.1085 **

(0.0468)



	lnTRANS
	0.1929

(0.2006)
	0.1247

(0.2193)
	0.2212 ***

(0.0768)
	0.0878

(0.1026)
	0.3315 ***

(0.1265)
	0.3249 ***

(0.1552)



	lnTELE
	−0.0018

(0.0623)
	0.0487

(0.0589)
	0.0331 **

(0.0278)
	0.0192 **

(0.0221)
	0.0604

(0.0447)
	0.0605

(0.0481)



	lnPGDP
	0.2679 ***

(0.0900)
	0.2350 ***

(0.0797)
	0.1883 **

(0.0404)
	0.1893 ***

(0.0370)
	0.1090 ***

(0.0353)
	0.1100 *

(0.0654)



	STR
	−0.0003

(0.0023)
	0.2590 ***

(0.0773)
	0.2475 ***

(0.0588)
	0.0598

(0.0451)
	0.2112 ***

(0.1063)
	0.1721 **

(0.0767)



	HC
	−0.0009

(0.0036)
	0.0180 **

(0.0070)
	0.0022

(0.0025)
	0.0038

(0.0021)
	0.0119 ***

(0.0046)
	−0.0004

(0.0024)



	GOVER
	0.2828

(0.8695)
	0.3113

(0.6601)
	0.1394

(0.0610)
	0.1046

(0.2405)
	−0.2219

(0.1697)
	0.2303

(0.4910)







Note: The values in parentheses are standard deviations. *, **, *** indicate significance at 10%, 5%, and 1% levels, respectively.
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Table 5. Time heterogeneity regression results.






Table 5. Time heterogeneity regression results.





	Time
	2005–2012

Urban GSDL
	2013–2018

Urban GSDL





	L.GSDL
	0.3281 ***

(0.0242)
	0.3845 ***

(0.0276)



	lnENER
	−0.1152 ***

(0.0340)
	−0.0590

(0.0375)



	lnTRANS
	0.0935

(0.0681)
	0.2619 **

(0.1104)



	lnTELE
	0.0011

(0.0188)
	0.0602 **

(0.0275)



	lnPGDP
	0.0946 **

(0.0371)
	0.1867 ***

(0.0392)



	STR
	0.1080

(0.0728)
	0.1485 ***

(0.0313)



	HC
	0.0066 ***

(0.0021)
	0.0042 *

(0.0026)



	GOVER
	0.1776

(0.1453)
	−0.0811

(0.1190)



	CONS
	−0.0023

(0.5975)
	−3.8485 ***

(1.1300)







Note: The values in parentheses are standard deviations. *, **, *** indicate significance at 10%, 5%, and 1% levels, respectively.
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Table 6. Threshold effect test.
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Single Threshold

	
Double Threshold




	

	
Urban GSDL

	
Urban GSDL

	
Urban GSDL

	
Urban GSDL

	
Urban GSDL

	
Urban GSDL






	
H0

	
No threshold

	
Has single threshold




	
H1

	
Has single threshold

	
Has double threshold




	
Threshold value

	
588

	
588

	
588

	
198.43

588

	
198.43

588

	
198.43

588




	
F statistics

	
137.21 ***

	
136.84 ***

	
136.69 ***

	
125.44 ***

	
125.17 ***

	
124.01 ***




	
p value

	
0.023

	
0.026

	
0.036

	
0.2740

	
0.2870

	
0.3800




	
Th−0

	
−1.1414 ***

(0.0235)

	
−0.1940 ***

(0.0343)

	
0.0238

(0.0176)

	
−0.1697 ***

(0.0242)

	
−0.2584 ***

(0.0367)

	
−0.0143

(0.0120)




	
Th−1

	
−0.1162 ***

(0.0235)

	
−0.1194 ***

(0.0232)

	
0.049 ***

(0.0178)

	
−0.1375 ***

(0.0234)

	
−0.2018 ***

(0.0342)

	
0.0249

(0.0176)




	
Th−2

	

	

	

	
−0.1131 ***

(0.0234)

	
−0.1678 ***

(0.0343)

	
0.0504 ***

(0.0178)




	
Conclusion

	
reject

	
reject

	
reject

	
accept

	
accept

	
accept




	
lnENER

	

	
−0.1361 ***

(0.0235)

	
−0.1360 ***

(0.0235)

	




	
−0.1378 ***

(0.0234)

	
−0.1364 ***

(0.0234)




	
lnTRANS

	
−0.1852 ***

(0.0342)

	

	
−0.1851 ***

(0.0342)

	
−0.2015 ***

(0.0343)

	

	
−0.2113 ***

(0.0347)




	
lnTELE

	
0.0299 *

(0.0176)

	
0.0296 *

(0.0176)

	

	
0.0250

(0.0175)

	
0.0249

(0.0175)

	




	
lnPGDP

	
0.3783 ***

(0.0241)

	
0.3800 ***

(0.0241)

	
0.3794 ***

(0.0241)

	
0.3858 ***

(0.0241)

	
0.3873 ***

(0.0241)

	
0.3857 ***

(0.0241)




	
STR

	
0.3927 ***

(0.0257)

	
0.3929 ***

(0.0257)

	
0.3928 ***

(0.0257)

	
0.3880 ***

(0.0256)

	
0.3886 ***

(0.0256)

	
0.3877 ***

(0.0256)




	
HC

	
0.0026 **

(0.0013)

	
0.0026 **

(0.0013)

	
0.0026 **

(0.0013)

	
0.0026 **

(0.0013)

	
0.0025 *

(0.0013)

	
0.0030 **

(0.0013)




	
GOVER

	
0.1120

(0.0875)

	
0.1107

(0.0875)

	
0.1125

(0.0875)

	
0.1116

(0.0871)

	
0.1102

(0.0872)

	
0.1168

(0.0873)








Note: The values in parentheses are standard deviations. *, **, *** indicate significance at 10%, 5%, and 1% levels, respectively.
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