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Abstract

:

More countries and regions are joining the bandwagon of smart city construction, which is an important strategy and innovative urban governance concept to solve the problem of rapid urbanization. This paper examines whether smart city innovation is able to ameliorate the traffic congestion faced by a large number of cities. Using panel data for 187 prefecture-level cities in China from 2008 to 2017, this paper tests the effect of implementation of a smart city on urban traffic congestion with the difference-in-difference method. The results show that, firstly, the construction of smart cities have significantly reduced the degree of urban traffic congestion and improved the quality and capacity of public transport. Secondly, information technology and urban innovation are the main mechanisms for smart city implementation to improve urban traffic problems. Thirdly, the improvement effect of smart city implementation on traffic management shows an increasing marginal effect over time. By overcoming the estimation bias in previous studies, this study accurately analyzes the positive role and dynamic effect of smart city construction on traffic improvement. It augments the literature of program evaluation and assessment of smart city implementation. By examining how to improve traffic congestion, it offers some insights that could inspire governments to build smarter cities with better traffic.
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1. Introduction


Urbanization is an inevitable trend of social development. It not only brings potentiality, new sources for the accumulation of social wealth, and the improvement of public life quality, but it also promotes great changes in human production patterns and lifestyles [1]. Although different countries across the world have taken different urban development paths to propel urban modernization forward based on their own national conditions, they cause analogical urban crowding results, which has broken out a series of urban diseases. According to a United Nations publication, 55% of the world’s population lives in urban areas, a proportion that is expected to increase to 68% by 2050 [2]. It is undeniable that urbanization has greatly promoted the development of society, economy, science, and technology, but it has also brought great challenges to the sustainable development of human beings at the same time. Rapid economic growth and increasing urbanization has dramatically increased the size and proportion of China’s urban population [3]. Problems concomitant to rapid urban growth, mainly urban traffic congestion, have also become increasingly serious. In China, the number of private cars has increased from 70 million in 2010 to 320 million in 2018. Fifty-eight cities have more than one million cars [4], and seven cities have more than three million. The sprawling growth of cars, large population, and lagging road infrastructure construction continue to exacerbate urban carrying loads and road traffic burdens, causing a large number of cities in China to experience traffic congestion. Taking Beijing as an example, the average daily congestion duration in 2017 was 2.6 hours, while it was only 0.9 hours in 2009 [5]. Inrix, an American traffic data analysis company, released the global traffic scorecard. According to the survey, the United States accounts for 11 of the 25 most congested cities in the world. Car owners in Los Angeles spend an average of 104 hours in traffic jams every year during peak hours. The estimated direct or indirect economic losses caused by traffic jams to American car owners reach $300 billion, with an average of $1400 per driver [6]. Countries (led by Thailand, Colombia, and Indonesia) also have serious traffic congestion problems in the process of urbanization. Some studies have pointed out that urban traffic congestion not only wastes public road resources, but also increases the probability of traffic accidents. In the long run, it will also seriously reduce the efficiency of urban production and operation, affect the development of the urban business environment, and restrict rapid economic development. Meanwhile, increasing energy consumption and exhaust emissions have exacerbated the damage to urban ecologies [7,8,9]. Therefore, investigating the factors causing traffic congestion, seeking ways to reduce traffic congestion, and strengthening the research on the mechanisms of improving urban traffic congestion are not only of important theoretical significance, but also of policy guidance value, to help the government formulate traffic policies, promote economic growth, and increase public welfare.



At present, a large number of scholars have discussed the causes of urban traffic congestion from different perspectives. Studies indicate that increasing traffic demand, changes in travel modes, rapid population growth, unexpected catastrophic weather, delayed urban traffic planning, lack of traffic management, and imbalances in supply and demand for public transport are all important causes of urban traffic congestion [10,11,12,13]. Considering the current situation of traffic congestion in China in light of this research, the imbalance between the rapid urbanization process and the development of various social systems is one of the main factors that exacerbate urban traffic congestion in China. Feng et al.’s empirical analysis of panel data from cities in China shows that urbanization has an inverted U-shaped relationship with traffic density in surrounding cities; thus, causing serious regional traffic congestion [14]. Anthony Downs argues that urban development measures that rely solely on increasing road supply to combat congestion are also inefficient, because new road infrastructure will cause new traffic flows, backward urban traffic planning and design, along with poor traffic management mode, which will also exacerbate traffic congestion [15]. Meanwhile, urbanization also attracts a large number of migrants, leading to a continuous increase in population concentration and road traffic density [16]. The above research points out the negative effects of urbanization on traffic congestion, but ignores the role of new urban development models and key information technologies in improving transportation. This paper will further discuss this issue based on previous studies. We cannot help but think, can the vicious cycle of urban development and traffic congestion be broken through the deployment of innovative technologies and the reform of governance models, given that traditional urban development models have failed to address the traffic congestion cycle?



A "smart city"—a new urban governance model and governance concept—promises to make full use of information and communication technologies (ICTs) to sense, analyze, and integrate the core systems of urban operations, and make intelligent responses to activities, such as people’s livelihood, environmental protection, public safety, and urban services, creating better urban life for mankind [17]. With the introduction of the concept of a smart city, more countries and regions have joined the bandwagon of smart city planning and construction, integrating the dual innovations of technology and governance models. In 2005, the European Union (EU) officially implemented the "i2010" strategy and launched the construction of a smart city network in Europe. At the same time, the UK issued the "Digital Britain" plan, while Germany launched the "smart bay" project. In Asia, through the "smart country" plan, Singapore uses information and communication technology to achieve a high degree of integration of government, enterprises, individuals, and infrastructure, delegating the blueprint of a data driven smart country. Japan puts forward the concept of "Society 5.0", emphasizes the advanced fusion of cyberspace and physical space, and makes a detailed layout of urban development and technological innovation. In the United States, the White House Smart Cities Initiative, released by the federal government, has adopted 25 innovative technology collaborations to solve problems, such as traffic congestion, urban crime, and fighting slow economic growth and lagging urban services. The Chinese government first proposed the smart city construction plan in their national policy in 2012. The plan clearly defined the application areas of a smart city, including the Internet of Things (IOT), and launched the smart city pilot program, setting off a wave of innovation in China’s urban governance model. As a city development strategy in the new era, smart city differs from traditional urban governance modes by the characteristics of thorough perception, deep interconnection, and intelligent applications, so as to solve urban diseases through social governance reform and technological innovation and development, providing new ways to improve urban traffic congestion [17,18].



Have smart city initiatives over the past decade effectively reduced urban traffic congestion? Has the problem of traffic congestion in various cities been alleviated by the technological changes and government innovations brought by smart cities, thereby, promoting sustainable development of cities? So far, scholars have mainly studied the positive effects of smart cities from the perspective of energy consumption and environmental protection [19,20], or analyzed the application of smart cities in the field of transportation through typical application cases [21,22], but few scholars have conducted empirical tests on the ability of the "smart city" to solve traffic congestion.



This paper uses the Difference in Difference (DID) approach and China’s urban panel data to study the improvement and influence mechanism of a smart city on traffic congestion. The main contributions of this paper are as follows: first, through scientific research methods, this paper identifies the impact mechanism and increasing marginal effects of smart cities on traffic improvement, filling a gap in the literature on smart city impacts and providing guidance to governments to build smart cities. Second, it utilizes new panel data from Chinese cities in the past 10 years and uses Propensity Score Matching (PSM) to overcome drawbacks of previous research, such as estimation bias; thus, improving the robustness of the conclusions.



The remainder of the paper is structured as follows. In the second part, we elaborate the background and theoretical hypothesis of the smart city policy. The third part introduces the research design, data, variables, etc. The fourth part reports the process and results of empirical testing. The fifth part summarizes the findings and relevant policy implications.




2. Policy Background and Research Hypotheses


2.1. Smart City and China’s Smart City Pilot


The concept of the smart city is derived from the smart earth concept proposed by International Business Machines (IBM) [23]. It embeds sensors and smart sensors in every corner of the city, forms the Internet of Things, and integrates relevant information through supercomputers and cloud computing. The smart city promises to realize the deep integration of industrialization, informatization, and urbanization, alleviate urban problems, strengthen urban management, and improve the quality of urban life. Since the inception of the concept, scholars have been exploring the theoretical and practical implications of the smart city. Along with similar concepts, such as the intelligent city, digital city, and information city, the smart city highlights the commonality and diversity of its conceptualizations [24,25,26]. For one thing, the smart city uses advanced ICTs to intelligently transform urban infrastructure to interconnect and integrate urban infrastructures and manage them more effectively [27]. For another, the smart city is characterized by innovation. It does not visualize a purely technical solution to urban problems; it seeks to achieve efficient decision-making and resource integration through new forms of urban management, social organization, and public participation [28,29].



Along with the tide of smart city programs initiated in the United States, the United Kingdom, Germany, Japan, and other countries around the world, local governments in China too have explored smart city plans and a number of smart cities have emerged [30]. However, due to the lack of thoughtful design and the blind pursuit of new concepts, the development of Chinese smart cities has been slow with little effect. In 2012, in order to promote the healthy development of smart cities, the Chinese government initiated a pilot program of a national smart city construction, and promulgated the "Interim Measures for the Administration of National Smart City Pilots" and "National Smart City (District, Town) Pilot Indicator System." Collectively, these two documents seek to provide development plans for local governments through technical standards, industry standards, and financial support. Since then, a number of smart city programs have been implemented in China, promising a significant and profound impact on all aspects of China’s urban development.




2.2. Research Hypotheses


From a technical point of view, the smart city mainly uses data, networks, intelligent algorithms and transportation infrastructure to alleviate urban traffic problems [31]. First, it mines and utilizes traffic data resources through road network monitoring facilities, high-definition cameras, bus cards, Electronic Toll Collection (ETC), and other transportation infrastructure. A full range of information such as people flow, vehicles, and roads, can be recorded in real time, directly, accurately, and continuously so as to realize the automatic monitoring of urban traffic operation status, which in turn enables a series of smart applications [32,33]. Second, the construction of the network and cloud platform provides a platform for accessing digital resources. The network technology, represented by the Internet of Things (IOT), helps to gather data information from all sides of the city; coupling these database networks is the key to achieving maximum data utilization. The rapid development of 5G networks, high-speed data transmission will provide further opportunities for more smart city applications [34]. Third, intelligent algorithms based on artificial intelligence are the core force to improve traffic congestion in smart cities. Through intelligent algorithm analysis, the dynamic changes of urban traffic can be monitored through visualization. Abnormal changes in traffic patterns are noted in real-time, assisting the government in making traffic management decisions, providing road guidance tips to citizens, and improving the efficiency and resilience of urban traffic. For example, Vehicular Ad Hoc Network (VANET), an intelligent system, can maintain the dynamic timing of traffic signals by sensing traffic density, realize vehicle shunting without manual intervention, and minimize traffic congestion with sensors supporting the IOT [35,36].



The construction of smart city facilitates innovation at all levels, from individual behavior to government re-structuring and institutional planning [37]. For example, with effective, real-time visualization of traffic patterns, public travel no longer relies on paper maps or personal memories, but instead on the optimized routes suggested by electronic navigation systems, avoiding roads or areas with heavy traffic. Meanwhile, the construction of smart cities has also expanded the channels for citizens to participate in traffic governance. For example, traffic accidents or road conditions can be reported through traffic apps, so that the government can allocate repair and rescue resources in a timely manner [38,39,40]. In addition, in order to fully utilize the technological applications and risks brought by the construction of smart cities, the organization of government also needs to adapt to innovation and reform. The organizational structure of government departments may be changed to strengthen the cross-department sharing of data and information, as well as the cooperation between departments [41]. Finally, smart city traffic intelligent applications may need to be integrated into the existing urban traffic governance systems to ensure the legality of traffic governance and citizens’ privacy rights. For example, innovative systems, such as the Internet of Vehicles, may collect data, such as vehicle speed and vehicle operations, using Global Positioning System (GPS) and sensors located in the car. This information is transmitted to the urban traffic brain through Internet technology to monitor road traffic conditions and intelligently adjust the cycle of signal lights (to better serve to alleviate traffic congestion) [42,43,44,45,46,47]. However, this information can also be used to assess driver insurance risks, with adverse consequences for privacy rights. Systems and protocols for the use of such information may need to be developed.



Based on the above discussion, the following hypotheses are proposed:



Hypothesis 1 (H1):

smart city construction improves urban traffic congestion.





Hypothesis 2a (H2a):

smart city construction improves urban traffic congestion through technological change.





Hypothesis 2b (H2b):

smart city construction improves urban traffic congestion through innovation effect.





We further analyze the dynamic effect (time trend) of smart city construction on traffic improvement. First, the construction of a smart city is a complex system project that involves a wide range of fields. Municipal governments may choose to emphasize a certain field according to the current state of urban development and production structure. Therefore, smart transportation may not be the first choice for all cities [48]. Second, after being established as a smart city pilot, the city will need to initiate a series of planning and infrastructure construction, which may require some time for the optimal effect to be achieved.



Just as fiscal or industrial policies have effects that manifest only over the long-term, smart city programs, too, may impact traffic congestion only over time [49]. However, as smart city construction proceeds, massive amounts of valuable traffic data are collected, as well as intelligent application terminals, and infrastructure represented by artificial intelligence and IoT are deployed. With the continuous accumulation and iteration of data and technology, and as the corresponding facilities and industrial operations continue to mature, the marginal utility of smart cities will gradually increase, with cumulative impacts on traffic management. Therefore, the following hypothesis is proposed:



Hypothesis 3 (H3):

the improvement effect of smart city construction on urban traffic congestion has a dynamic effect, and it gradually increases over time.





Next, we consider the heterogeneity analysis of the urban development characteristics of the smart city. The construction of a smart city mainly relies on emerging information technologies, such as IOT, big data, cloud computing, and artificial intelligence to enhance the ability to sense, integrate, analyze, and apply social environmental data. However, the construction of a smart city to alleviate traffic congestion through the above technical capabilities is not accomplished independently by a single system, but must be the integrative result of the systemic operation of the whole city based on the combination of urban development characteristics and resource endowments.



First, we take the impact of human capital on smart city construction into consideration. The development of new, high-tech industries driven by smart city innovation depends to some extent on a higher level of human capital. A workforce with higher education and technical skills can better transform knowledge into productivity and production results; thereby, promoting the impact and effectiveness of smart cities. At the same time, a public with better education and technology literacy can actively and quickly adapt to changes in traditional lifestyles brought about by new ICTs, such as ETC, route optimization navigation, and face recognition. The data resources generated by these technologies can accordingly improve the accuracy of smart city algorithms [50]. Therefore, human capital level will better support the construction of smart city, and then strengthen its effect on improving urban transportation.



Second, the effect of smart city construction also depends on public travel needs. In some studies, heterogeneity analysis is generally based on the size of the urban population. However, among the factors that cause traffic congestion, the imbalance of occupation and residence has been generally accepted, that is, the spatial separation of places of employment and residential areas in cities. In other words, the excessively large number of workers in the process of commuting to and from their residence and their workplace creates an overloaded and flexible commuting demand for urban traffic, resulting in congestion during rush hours. As a result, the size of the working population tends to better reflect the travel needs of a city. Therefore, in cities where public travel demand is high, the government is under much pressure to build a smart city, which in turn promotes the improvement of traffic congestion.



Finally, we analyze the impact of the development level of urban public transportation on the improvement effect of smart city transportation. Public transportation is the foundation of a sound urban public transport system, and is one of the common strategies to alleviate urban traffic congestion [51]. A well-developed public transportation system provides opportunity for the transportation departments to use information technology, such as IOT, big data, and cloud computing to collect and analyze real-time urban public transportation operations and public travel conditions [10,52,53]. In other words, relying on urban public transportation to build a smart city can promote the intelligent dispatch of urban public transportation, improve the level and efficiency of public transportation operation services; thus, be more conducive to improving urban traffic congestion. Therefore, the presence of a sound public transportation system can strengthen the impact of smart city construction on urban transportation problems.



Based on the above discussion, the following hypotheses are proposed:



Hypothesis 4a (H4a):

for cities with high level of human capital, smart city construction will have a stronger effect on improving urban traffic congestion.





Hypothesis 4b (H4b):

for cities with large public travel needs, smart city construction will have a stronger effect on improving urban traffic congestion.





Hypothesis 4c (H4c):

for cities with better public transportation, smart city construction will have a stronger effect on improving urban traffic congestion.







3. Data and Empirical Strategy


3.1. Econometric Strategy


In order to test the improvement effect of smart city pilots on urban traffic quality, we can compare the differences of urban traffic quality before and after the smart city pilot to judge the mitigation effect of this policy on traffic congestion (Single-Difference method). However, the conclusion of this method may be inaccurate, because there are many other factors that will ease urban traffic congestion. For example, other national policies issued in the same period may also enable those cities that have never carried out the construction of smart cities to obtain traffic development; thus, improving the urban traffic congestion to a certain extent. However, if cities with smart city pilots are regarded as the experimental group and the non-pilot cities as the control group, the direct comparison between the experimental group and the control group will make the improvement effect of smart city on traffic congestion overestimated. Therefore, the effect of a smart city pilot needs to be evaluated under a more scientific difference-in-difference method (DID).



Heckman first proposed the DID model, which is to identify the processing effect of public policy by using the dual differences of horizontal units and time series brought by exogenous public policy [54]. China carried out the first National Smart City pilot in 2012, which provided a quasi-natural experiment to carry out a DID analysis. A quasi-natural experiment utilizes the exogenous impact of policy to eliminate the endogenous problems in the research process. If the selection of cities for smart city pilots are completely exogenous, then the quasi-natural experiment based on the pilot can solve the endogeneity problem well. Indeed, the selection of pilot cities is based on the overall eligibility of the city based on a long list of criteria, not on the urban traffic quality alone. However, as we show later, pilot and non-pilot cities had the same level of traffic congestion problems when evaluated at the pre-implementation baseline, which largely eliminates our concern that cities with less traffic congestion are more likely to enter the pilot list. Based on the above analysis, this paper uses the DID method to test the impact of smart city construction on urban traffic congestion using the opportunity for the quasi-natural experiment provided by China’s smart city pilot in 2012.



According to the DID model, we take the city with the smart city pilot as the treated group, while the one without the pilot as the control group. By comparing the differences in traffic congestion levels of all samples before and after the smart city pilot, and comparing the differences between the treated and the control group, we can get the net effect of the smart city pilot on urban traffic congestion. If the urban traffic quality of the experimental group is higher than that of the control group after the pilot, then we have reason to think that the construction of smart city improves the urban traffic quality. Following the literature, we defined the average treatment effect of urban traffic on the smart city pilot as:


    TP   it   =  β 0  +  β 1    Treat  i  ×   Post  t  + γ   Ctr   it   +  η i  +  υ t  +  ε  it    



(1)







In this specification, TP stands for the traffic congestion level of the city (i) and year (t). Ctr represents a set of control variables at the city level, including foreign direct investment, the degree of industrialization, economic development, etc. Treat is a city dummy variable equal to 1 if the observation is a pilot smart city, while Post is a time dummy variable equal to 1 after the year 2012. The key parameter that we need to estimate is β1, which is the net effect of the smart city pilot on the improvement of urban traffic congestion. If β1 is significantly positive, the level of urban traffic congestion in the treated group is higher than that in the control group, and the construction of a smart city promotes the improvement of urban traffic congestion. η denotes city fixed effect, which is used to control the characteristic variables of the city that does not change with time, such as the geographical characteristics of the city. ν denotes time-fixed effect, which is used to control the characteristic variables of the time that does not change with the city, such as the impact of the national macro policy. The term ε is the error component.




3.2. Variable and Data


Dependent variable (TP). The measurement of urban traffic congestion has always been a hot issue in the academic field. Different scholars have proposed different measurement standards and models, but mainly combining urban road network density, total population, traffic flow, road occupancy, number of buses, and other indicators [55,56]. From the perspective of road supply and demand, we regard road area and bus quantity as the supply items of urban traffic (positive indicator), while urban population as the demand item (negative indicator). This paper measures urban traffic congestion level by dividing traffic supply by demand. The larger the value, the less congestion of urban traffic. The smaller the value, the more serious the urban traffic congestion. As a validity check, this indicator was compared to the urban traffic congestion index published by Amap and the two were found to be highly correlated [57].



Control variables (CTR). In order to avoid the endogenous influence caused by the omission of important explanatory variables, we add a group of control variables that may have an impact on the traffic congestion in Equation (1). It includes: (a) economic activity (ECO). The level of urban economy will directly affect the government’s investment in transportation infrastructure. The per capita GDP of the city is used to measure economic activity; (b) science and technology expenditure (STE). This index represents the proportion of government investment in science and technology projects, since the availability of scientific and technical skills may aid the implementation of smart city projects; (c) foreign direct investment (FDI). We use the proportion of FDI in GDP to measure the level of FDI in cities; (d) industrialization (IND). The proportion of the added value of the secondary industry to GDP is used to measure the degree of industrialization of the city, in order to capture the industry structure; (e) human capital level (EDU). The human capital with higher education may manage to learn ICTs faster, and may adapt to the changes of social life brought by modern technology. We use “the number of students in colleges and universities/total urban population” to measure this variable; (f) population density (POP). This paper uses "total population / urban area" to measure this quantity; (g) public transportation (BUS). Public transportation can serve a large proportion of public travel, which can alleviate the current situation of urban congestion. Therefore, we use "total bus and trolley passenger traffic/total urban population" to measure.



The following variables will also be used in the further study: (a) innovation effect (INN). The data from "China’s urban and industrial innovation report" is used to measure the degree of urban innovation and development; (b) public travel demand (EMP). The public travel demand is largely derived from the morning and evening commutes of urban employees, and traffic congestion also funnels into the morning and evening peak period. Therefore, the total working population is used to measure public travel demand; (c) technical effect (TECH). The technology effect is generally reflected by the number of broadband users.



Panel data on 187 Chinese prefecture level cities in 2008–2017 is utilized in this study. Compared to the county and township levels, more complete and reliable datasets are available for prefecture level cities. Since China’s prefecture level cities are highly urbanized, a large number of smart city pilots are also concentrated at this level. Research data are collected from China Urban Statistical Yearbook, the China Urban and Industrial Innovation Report, and relevant regional statistical bulletins. Table 1 presents the descriptive statistics of each variable.





4. Empirical Results


4.1. Preliminary Analysis


The results from DID estimating Equation (1) of a smart city pilot and urban traffic congestion are presented in Table 2. Column (1) is the benchmark test without adding any control variables after controlling for the city fixed effect and the year fixed effect. The estimation coefficient of treat × post is significantly positive at the level of 1%, which indicates that the traffic congestion improvement in the pilot smart cities is significantly better than in the non-pilot cities. In order to further eliminate the endogenous impact of missing variables, control variables are added in column (2), and the estimated coefficient of treat × post is significantly reduced, but the result is still significantly positive (β1 = 8185.145, p < 0.05), which indicates that smart city construction significantly reduces traffic congestion. Thus, H1 is verified.



Column 3 in Table 2 presents the results of the DID estimation with a sample generated through Propensity Score Matching (see Section 4.2 below). Column 4 shows the results that include dynamic effects (see Section 4.4 below).




4.2. PSM-DID Analysis


Ensuring the accuracy of the above model estimation, we need to assume that the government’s decision (on which cities to execute a smart city policy) is based on complete randomness. Namely, there should be no selection bias between the treatment group and the control group in the overall characteristics of the city. If the government chooses the more developed areas to become the pilot smart cities, it will inevitably overestimate the improvement effect on traffic congestion of smart cities since the degree of informatization and overall development may make smart city programs easier to implement.



To further test the accuracy of the estimation in the context of possible selection bias, the propensity score matching (PSM) technique is used. The implementation of PSM requires a set of variables that are unaffected by treatment, which should be included in the matching model. As indicators of general urban development, we choose economic level (ECO), science and technology expenditure (STE), foreign direct investment (FDI), industrialization level (IND), human capital level (EDU), population size (POP), public transportation (BUS), and innovation effect (INN). Together, these variables indicate whether pilot selection depended on urban economic development, industrial structure, public finance, the city’s science and technology investment, population scale, traffic demand, etc. Through PSM, we can select the control group matching the situation of the treatment group before the smart city policy appeared on the stage, reducing the endogeneity problem caused by non-random selection [58]. The pairwise comparisons in Table 3 illustrate why we undertake a matching approach when comparing these two groups. Column 1 presents the bias in the variable means before the matching process. As expected, the pilot smart cities have higher indicators on most variables, such as economic level and science and technology expenditures, except for industrialization where the two groups are roughly comparable. Outperformance on these indicators lays a strong foundation to promote the implementation of smart city in the pilot cities. Thus, directly comparing unmatched cities is unlikely to provide an accurate estimate of the impact of the smart cities on traffic congestion. To counter this, we implement a matching procedure that relies on nearest neighbor matching. As shown in column 2, the matching process reduces the standard bias of most variables to less than 10% after matching. The results of t-test do not reject the null hypothesis that there is no systematic difference between the treated and control group.



Columns 3 and 4 present the results of two logistic regressions (pre- and post-match) with a binary dependent variable indicating whether or not a particular city is pilot smart city. Models are estimated on a cross section of 58 pilot cities (treatment) and 129 non-pilot cities (control) with non- missing data for all of the variables included in the specification. The pre-match model (column 3) shows that several variables (STE, EDU, INN) significantly predicted that cities will be selected as pilots. However, in the post-match model (column 4), none of the factors have statistically significant differences after matching, and the size of estimated coefficients has declined. Thus, PSM reduces the differences between the treated and control group, ensuring that the parallel trend assumption is satisfied [59]. The result of the matching process is a treatment group consisting of 37 pilot cities and a control group of 96 non-pilot cities.



The third column in Table 2 presents the results of the DID estimation using the matched sample. Note that there is no need for additional control variables since the treated and control cities are already matched, nonparametrically, on all of the relevant observable characteristics. It can be seen from the regression results that after reducing the endogeneity caused by non-random selection of the treatment group, β1 is still significantly positive, which shows that smart city construction can indeed ease the traffic congestion issue and improve the overall traffic level of the city. The results are qualitatively similar to column (2) of Table 2.




4.3. Mechanism Analysis


The previous test provided support the hypothesis that a smart city strategy does give impetus to the improvement of traffic congestion. However, we also need to explore how smart cities work and question, what is the realization path? As discussed earlier, one of the pathways may be through the innovation and technology promotion that smart city programs bring to the city.



We use the bootstrap program to estimate the intermediary effect of innovation and technology, respectively, using 1000 Monte Carlo replications [60]. The results show that the deviation correction confidence interval of innovation effect at 95% level is [965.25, 4423.22], which does not contain 0, so there is intermediary effect; the deviation correction confidence interval of technology effect at 95% level is [1638.89, 3909.03], which does not contain 0, so there is an intermediary effect. The above mechanism analysis suggests that the construction of smart city gives full play to the policy dividend. Through the innovation effect and technological change, smart cities ultimately ease urban traffic congestion. H2a and H2b verified.




4.4. Dynamic Effect Analysis


The construction of a smart city is a long-term and complex systemic project, so its effect may be gradually enhanced with the passage of time. Our paper constructs an estimating model as shown in Equation (2), and tests the dynamic effect of smart city construction on urban traffic congestion. PostK indicates that in year K, the value is 1; otherwise, it is 0. The estimation coefficient βk measures the dynamic effect of smart city pilot on urban traffic congestion.


    TP   it   =  β 0  +   ∑   K =  2012   2017     β  1 k     Treat  i  ×   PostK  t  + γ   Ctr   it   +  η i  +  ν t  +  ε  it      



(2)







According to the regression results in column (4) of Table 2, the estimated coefficients of Treat × Post2012 and Treat × Post2013 failed to pass the significance test, while the estimated coefficients of Treat × Post2014, Treat × Post2015, Treat × Post2016 and Treat × Post2017 gradually increased, and all passed the 5% significance test.



It can be seen that the capacity of smart city pilots to improve urban traffic congestion does not manifest immediately at the beginning of policy implementation. However, the improvement effect is gradually enhanced in the following years; thus, verifying H3. As our dataset extends only up to 2017, we cannot observe the dynamic impact of smart city pilot on traffic congestion improvement after 2017. However, the regression results show, to some extent, that the policy effect of smart city pilots is long-term, and gradually increases as time goes on.




4.5. Heterogeneity Analysis of Urban Characteristics


The implementation of smart city policies in the field of transportation requires certain human capital, as well as the support and promotion of public travel demand and traditional public transport infrastructure construction. Only in this way can we give full play to the role of smart cities in improving traffic congestion. Therefore, the analysis of these urban development characteristics can directly provide guidance for policy design.



Accordingly, we estimate the impact of human capital, public travel demand and public transportation level on urban traffic congestion in smart city construction, in the following equation:


    TP   it   =  β 0  +  β 2    Treat  i  ×   Post  t  ×  F  it   + γ   Ctr   it   +  η i  +  ν t  +  ε  it    



(3)







In Equation (3), F represents the characteristic variables, such as human capital (EDU), public travel demand (EMP), and public transport level (BUS).



The heterogeneity analysis results in Table 4 show that there are obvious differences in the construction of smart cities with different urban characteristics and resource endowments; thus, verifying the H4a, H4b, and H4c in our paper.



The first column of Table 4 examines the impact of smart city construction on traffic congestion under different urban human capital levels. The estimated coefficient of Treat × Post × EDU is significantly positive, indicating that the higher the education level of urban population, the more significant the traffic improvement effect of smart city construction. The foundation of smart city is modern information technology, but the acquisition and application of these technologies necessitate certain human capital endowments. It is relatively easy for a highly educated labor force to learn and apply the new generation of information technology, so as to better carry out the construction of smart city. In addition, in cities with a high level of public education, the public’s compliance with traffic rules and maintenance of traffic order also helps avoid the urban traffic congestion caused by accidents.



The second column examines the impact of smart city construction on urban traffic congestion level under different urban public travel demand. The coefficient of Treat × Post × EMP is positive at the significance level of 1%, indicating that the greater the public travel demand, the greater the traffic improvement effect of the smart city. Public travel demand reflects the demand degree of urban population for road traffic. The traffic congestion at the morning and evening peak is mostly caused by commuters traveling to and from their homes and workplaces. Therefore, for cities with a large working population, the government urgently needs to manage urban traffic through smart information technology solutions.



The third column examines the impact of smart city construction on urban traffic congestion under changes in the availability of urban public transportation. The coefficient of Treat × Post × BUS is significantly positive, suggesting that the higher the supply of public transportation, the better the effect of smart city on traffic congestion. For cities with better public transport infrastructure, the addition of ICTs and other technologies can greatly improve the process of public ticket purchase and check-in, the arrival times of buses and subway trains can be checked in real time, and the transportation operations department can make optimum scheduling through intelligent means to alleviate local congestion and enhance the city’s commuting ability.




4.6. Geographical Heterogeneity Analysis


Due to the vast scale of China, there are great differences among cities. In addition to the added control variables, local governments—while implementing the smart city construction plan—will also combine the resource advantages, political advantages, and cultural advantages brought by their geographical location to choose the policy tendency and core industry layout of smart city construction. This will, to a certain extent, affect the effect of smart city measures in alleviating urban traffic congestion. Chinese cities gradually show obvious common differences according to geographical location and local culture in the long-term urbanization development process. The Chinese government and researchers habitually divide the Chinese cities into three parts: the East, the Middle, and the West. Due to the geographical, cultural, economic, and other reasons, the three parts have formed different paths and characteristics in the process of urbanization. Therefore, according to this classification method based on geographical location, we carry out DID analysis, and find that it is more suitable for different types of cities.



For the eastern region, relying on the coastal advantages, the cities have played a huge role in the opening up, and have successively formed the urban agglomerations represented by Beijing-Tianjin-Hebei region, Yangtze River Delta, Guangdong-Hong Kong-Macao Greater Bay Area, etc. Meanwhile, the eastern cities are densely populated and the industrial innovation speed is rapid, which have become the core area to drive the sustained and rapid growth of the national economy. For the middle region, it mainly forms the grain production base and the key areas of energy and raw material supply. Although the development of central cities and urban agglomerations in the middle region lag behind that in the eastern, the urban structure system is gradually improved. With the rapid development of transportation infrastructure and control system, many cities have become national transportation hubs, connecting eastern, middle and western cities in China. For the western region, although the urbanization rate has been gradually increased through the implementation of the western development strategy, it still lags behind the eastern and central regions. There are also serious urban-rural differences in western cities. Moreover, the development gap between the western cities is quite large, and the regional core cities, such as Chengdu and Chongqing, are obviously superior to the surrounding cities in economy, public service, and social governance. In addition, the ethnic diversity of western cities also limits the development of social economy, to a certain extent.



In order to test whether the urban development differences brought about by different geographical locations have an impact on the smart city policy in terms of traffic governance, we use Equation (1) to conduct a double difference analysis, according to the eastern, middle, and western cities, and the results are shown in Table 5.



The results show that after the implementation of smart city policy in the eastern and middle regions, the urban traffic congestion has improved significantly, but the improvement effect of western cities is not obvious. Moreover, the construction of smart cities in the eastern region has a stronger traffic congestion alleviating effect than that in the middle region. Combined with the practice of three regions, it is found that the eastern cities have always been the core area of China’s social and economic development due to their open cultural atmosphere and coastal advantages, providing sufficient human and financial support for the promotion and implementation of the smart city policy; thus, achieving obvious governance effect. Specifically, relying on the urban transportation big data center, Beijing optimizes the signal timing with big data, realizes the construction of green belt road, and improves the overall traffic speed of the road network. Thanks to the strong technical support of the Internet industry, such as Alibaba, Hangzhou took the lead in proposing the urban brain system, which takes the traffic field as a breakthrough, senses the dynamic changes of urban traffic through various sensors, and realizes the intelligent calculation of traffic accident disposal strategies and the number of police. Although the cities in the middle region are not dominated by science and technology innovation and information development policies, they are close to the eastern cities, greatly affected by the diffusion of policy innovation. In addition, they are the transportation hub linked to the east and west of China, which have complete transportation infrastructure. Therefore, the pilot cities represented by the urban agglomerations in the middle reaches of the Yangtze River and the Central Plains have made great achievements in the construction of smart cities. However, the construction of smart cities in the western region has not had a positive impact on the alleviation of traffic congestion. Firstly, although some cities in the western region have been included in the national list of pilot construction of smart cities, local governments have not issued specific construction plans and programs in time, which makes the policy effect difficult to reflect in the short term. Xi’an, Chongqing, and other regional core cities, as representatives, have successively launched the overall plan of smart city construction in 2015. Secondly, although the western region is actively learning from the construction of smart cities in the eastern region, its urban infrastructure is difficult to meet the construction needs. The unbalanced and inadequate development of the cities in the province is obvious. It is difficult to integrate the information system of western cities, which hinders the collection, sharing, analysis, and application of data to some extent. Thirdly, the western region actively explores its own potential and finds the development path suitable for the current situation. Thus, some cities have not fully carried out intelligent construction in the field of transportation. For example, Chengdu focuses on the development of digital economy, playing the node city function of “Belt and Road Initiative”. Due to the transfer of financial resources and the focus of research and development, Chengdu’s construction of transportation intelligent decision-making system is far behind Hangzhou, Beijing, and other eastern cities. Therefore, the traffic congestion alleviating effect of Chengdu through a smart city is not significant.





5. Discussion


Through the empirical analysis, it can be found that the construction of a smart city significantly alleviates urban traffic congestion after overcoming the estimation deviation, and mainly drives the solution of traffic problems through the application of information technology and innovative development. These results are similar to recent studies. Through summarizing the applications of intelligent devices in the field of urban traffic, Toh points out that congestion, accidents, exhaust emissions, and other problems will be solved under the construction of smart city [61]. Vakula deeply analyzed the information development of the public transport system and proposed the positive role of an intelligent public transport system in ameliorating congestion [62]. Meanwhile, the research results also echo a good deal of literature in the introduction and hypothesis sections, and support the theoretical analysis of that literature from an empirical level.



It is essential to consider a few potential limitations in the present study. One limitation is the data limitations. It is difficult to characterize the level of traffic congestion through direct variables, such as peak average speed, average congestion time, etc. Although we draw lessons from previous studies and construct the urban traffic congestion level through key variables, the explanation of urban traffic congestion status is still limited. In addition, Bauza has proposed to detect the travel behavior of the cars in real time through big data modeling to provide prediction and measurement of the possibility of traffic congestion [63]. However, for our study, it is difficult to trace the traffic situation before the construction of smart city, so it is impossible to obtain the early level of traffic congestion through modeling. With the development of the third-party assessment organization based on the field of urban traffic, it may provide more accurate urban traffic data for related study.



The second limitation of our study comes from the structure of urban road network. In the process of urbanization, in addition to the growing population and vehicles, the inherent urban road network structure will also cause traffic congestion. However, this variable is difficult to control reasonably in the study. In the Chinese cities selected, the road network of each city is very complex. Most cities represented by Beijing and Xi’an continue the ancient road model of China. The internal road structure is mainly formed by the horizontal and vertical crossing grids, and the circular radial road network spreads outward. In Chongqing, Guizhou and other mountainous cities, multi group road network structure is often used for road layout. Moreover, some small and medium-sized cities mainly adopt the strip road network structure because of river channel, and gradually connect the surrounding cities during urbanization, forming a mixed road network structure of strip and multi group road network. Although it is of great practical significance to analyze the improvement of traffic congestion in smart city construction based on the road network structure, it is difficult to accurately classify the urban road network, so we does not specifically analyze the heterogeneity based on the road network structure.




6. Conclusions and Implications


As a new type of city development strategy relying on information technology, smart city construction promises to reform the traditional urban organization and management model, so as to promote the effective allocation of data and resources and solve the problems of urbanization. However, the current literature has not effectively studied the traffic amelioration impacts of the smart city. To remedy this gap in the literature, this paper used panel data from 187 prefecture-level cities in China from 2008 to 2017 to verify whether smart city construction can alleviate urban traffic congestion by using the difference-in-difference method.



The results show that the construction of smart cities significantly reduces the level of urban traffic congestion and improves the quality of urban traffic; the effect remains valid after a robustness test based on PSM-DID. The mechanism verification shows that smart city construction not only regards information technology as a way to manage traffic problems, but also reduces urban traffic congestion through overall urban innovation. Additionally, the improvement effect of smart city construction on transportation accelerates over time, which also shows that the effect of smart city construction cannot be seen overnight, but requires continuous government investment in construction. Heterogeneity research shows that the level of human capital, labor population, and public transportation can significantly enhance the improvement effect of smart cities on traffic congestion.



The research conclusions of this paper have important practical significance for supporting the construction of smart cities and alleviating urban traffic congestion. First, as an important "policy experiment" in China, the smart city pilot provides a solution for the increasingly serious problems of urbanization in the rapid development of cities. In view of the positive improvement effect of smart cities on urban transportation, the government should make full use of this “policy pilot,” spare no effort to further promote the construction of smart cities. In addition, the government may further explore its wide use in other public services and urban governance, promoting the resolution of other social problems, such as environmental pollution, resources shortages, and urban poverty.



Second, the government may seek to improve the effect of urban governance through technological revolution, transform urban governance through innovation, and give full play to the policy dividends of smart city construction. Information technologies such as IOT, big data, cloud computing, and artificial intelligence are the technological foundations of smart city construction. Strengthening technological research and development has important strategic advantages. In addition, as an innovation policy, smart city also requires the overall innovation of urban governance and development models to provide a facilitative environment for innovation. From the perspective of traffic governance, building a traffic flow data big data platform can comprehensively depict the real-time congestion of urban roads, and provide a scientific basis for intelligent decision-making. Meanwhile, the wide application of technological innovation products such as Internet of Vehicles and driverless vehicles can not only emphasize the convenience and low cost of travel services, but also reduce energy consumption and mitigate congestion. On the other hand, government transportation agencies need to cooperate with technological changes to establish innovative management framework, establish a smart transportation group or information group, introduce staff with technical thinking and innovative ideas, and (orderly and rationally) transition traditional transportation management methods to new transportation governance mode.



Thirdly, as a complex systemic project, the construction of a smart city requires not only long-term investment, but also targeted construction of related fields according to the development characteristics and resource endowments of each city. Due to the huge difference in various aspects of economic and social development among cities, the requirement of "one size fits all" for all cities to comprehensively promote the smart city construction is unrealistic and inefficient. In terms of traffic congestion, for cities with small urban population density and mild traffic congestion, vigorously developing smart transportation will make the cost exceed the benefit. For congested cities where traditional traffic governance has gradually become inefficient, the development of smart transformations focusing on public transportation and road infrastructure can fully realize the potential of smart cities to maximize governance efficiency.
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Table 1. Summary statistics of the main variables for 187 prefecture level cities, 2008–2017.






Table 1. Summary statistics of the main variables for 187 prefecture level cities, 2008–2017.





	Variable
	Units
	Number
	Mean
	Standard Deviation
	Minimum
	Maximum





	TP
	/
	1868
	22,781.38
	74,785.43
	78.03
	1,132,569.11



	ECO
	Yuan
	1870
	59,636.6
	49,872.75
	4410.09
	506,301.3



	FDI
	%
	1862
	0.39
	0.45
	0
	5.62



	STE
	%
	1870
	1.72
	1.69
	0.01
	23.12



	IND
	%
	1870
	50.01
	11.89
	9.74
	87.97



	EDU
	%
	1865
	4.70
	4.09
	0
	24.09



	POP
	/km2
	1870
	1024
	945
	13
	11,449



	BUS
	‱
	1869
	119.48
	113.57
	1.96
	1591.57



	INN
	/
	1870
	12.48
	55.66
	0.01
	1061.37



	EMP
	10,000 people
	1870
	38.77
	84.49
	1.14
	923.3



	TECH
	%
	1869
	2.32
	1.89
	0.09
	12.14
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Table 2. Analysis Result.
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	Variable
	(1)
	(2)
	(3)
	(4)





	Treat × Post
	20,758.97 ***

(7249.77)
	8185.15 **

(2693.60)
	6171.89 ***

(2151.50)
	



	Treat × Post2012
	
	
	
	1896.05

(1047.98)



	Treat × Post2013
	
	
	
	1878.63

(1311.29)



	Treat × Post2014
	
	
	
	4214.61 **

(1733.03)



	Treat × Post2015
	
	
	
	6249.28 **

(2883.74)



	Treat × Post2016
	
	
	
	5768.90 **

(2568.24)



	Treat × Post2017
	
	
	
	6720.25 **

(3090.22)



	ECO
	
	0.56 **

(0.28)
	
	0.16 ***

(0.04)



	FDI
	
	1705.17

(1422.60)
	
	−533.14

(1073.91)



	STE
	
	−1028.96

(1083.25)
	
	319.21

(408.80)



	IND
	
	−229.11

(162.30)
	
	−41.22

(55.45)



	EDU
	
	−69.35

(720.12)
	
	812.59 **

(403.40)



	POP
	
	3.16

(2.10)
	
	0.76

(1.17)



	BUS
	
	−13.92

(13.83)
	
	4.41

(5.37)



	City fixed effect
	Yes
	Yes
	Yes
	Yes



	Year fixed effect
	Yes
	Yes
	Yes
	Yes



	R-square
	7.41%
	53.58%
	10.28%
	44.79%



	Number of observations
	1868
	1854
	1328
	1327



	Number of groups
	187
	187
	133
	133







Note: Cluster standard errors in parentheses; *, **, and *** represent 10%, 5%, and 1% significant levels, respectively.













[image: Table] 





Table 3. Propensity Score Matching Diagnostics.
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Variable

	
Sample

	
Pairwise Comparisons

	
Logistic Regression




	
(1)

%bias

	
(2)

T-diff

	
(3)

	
(4)






	
ECO

	
Pre-match

	
93.3

	
6.71 ***

	
0.000011

(8.76 × 10−6)

	




	
Post-match

	
0.2

	
0.01

	

	
0.0000103

(8.99 × 10−6)




	
STE

	
Pre-match

	
103.3

	
7.27 ***

	
0.38 *

(0.21)

	




	
Post-match

	
−21.8

	
−1.07

	

	
0.33

(0.22)




	
FDI

	
Pre-match

	
63.2

	
4.01 ***

	
0.52

(0.54)

	




	
Post-match

	
−29.2

	
−1.14

	

	
0.40

(0.55)




	
IND

	
Pre-match

	
−4.2

	
5.61

	
0.0270702

(0.0256062)

	




	
Post-match

	
−21.4

	
0.11

	

	
0.0111385

(0.0274755)




	
EDU

	
Pre-match

	
83.7

	
5.76 ***

	
0.15 **

(0.07)

	




	
Post-match

	
29.5

	
1.43

	

	
0.11

(0.08)




	
POP

	
Pre-match

	
52.3

	
3.52 ***

	
2.40

(2.07)

	




	
Post-match

	
18.9

	
0.77

	

	
2.22

(2.02)




	
BUS

	
Pre-match

	
81.8

	
5.61 ***

	
−0.002301

(0.0030153)

	




	
Post-match

	
2.6

	
0.11

	

	
−0.0018178

(0.0030399)




	
INN

	
Pre-match

	
60.3

	
4.85 ***

	
0.1140133 **

(0.0492923)

	




	
Post-match

	
3.0

	
1.27

	

	
0.0666959

(0.0560165)




	
Tech

	
Pre-match

	
51.1

	
3.53 ***

	
−0.37

(0.41)

	




	
Post-match

	
14.3

	
0.77

	

	
−0.2135741

(0.4584026)








Note: Cluster standard errors in parentheses; *, **, and *** represent 10%, 5%, and 1% significant levels, respectively.
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Table 4. Heterogeneity Analysis Results.
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	Variable
	(1)
	(2)
	(3)





	Treat × Post × EDU
	9.29 ***

(3.21)
	
	



	Treat × Post × EMP
	
	197.87 ***

(35.56)
	



	Treat × Post × BUS
	
	
	48.92 ***

(12.73)



	Control Variables
	Yes
	Yes
	Yes



	City fixed effect
	Yes
	Yes
	Yes



	Year fixed effect
	Yes
	Yes
	Yes



	R-square
	44.03%
	50.71%
	46.94%



	Number of observations
	1327
	1328
	1327



	Number of groups
	133
	133
	133







Note: Cluster standard errors in parentheses; *** represents 1% significant level.
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Table 5. Regression results based on geographical location.






Table 5. Regression results based on geographical location.





	Variable
	East
	Middle
	West





	Treat × Post
	11,353.41 **

(4865.92)
	4191.57 **

(1972.54)
	10,261.04

(5619.64)



	Control Variables
	Yes
	Yes
	Yes



	City fixed effect
	Yes
	Yes
	Yes



	Year fixed effect
	Yes
	Yes
	Yes



	R-square
	56.80%
	55.78%
	39.57%



	Number of observations
	917
	490
	447



	Number of groups
	92
	49
	46







Note: Cluster standard errors in parentheses; ** represents 5% significant level.
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