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Abstract

:

The wave of government data opening has gradually swept the world since it rose from the United States in 2009. The purpose is not to open government data, but to release data value and drive economic and social development through data accessibility. At present, the impact of academic circles on government open data mostly stays in theoretical discussion, especially due to the lack of empirical tests. Using the multistage difference-in-difference (DID) model, this paper analyzes the panel data from 2009 to 2016 by taking two batches of Chinese cities with open data released in 2014 and 2105 as samples to test the impact of government data opening on urban innovation ability. The results show that the opening of government data significantly improves urban innovation abilities. After considering the heterogeneity and fixed effects of urban characteristics, the opening of government data still significantly improves urban innovation ability and shows a greater innovation driving role in cities with high levels of economic development, human capital, and infrastructure. Based on this, this paper believes that we should continue to promote the opening of government data, release the value of data, and pay attention to the Matthew effect between cities that may appear in the era of big data.
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1. Introduction


In the process of managing national affairs and social public affairs, a government will accumulate and produce a large amount of data. These data contain great value and can become the driving force to promote economic development and social innovation. For a long time, a large amount of data was controlled within government and not disclosed to the public. Government data openness has been a consensus for a long time, which can be traced back to the rise and development of the open government movement in the 1950s and 1960s. The open-source software movement rising at the end of the 20th century made people realize that “open data” is an efficient organization model with huge potential. Until the era of big data, people’s ability to acquire, manage, and use data has been improved, and they have a deeper understanding of the value of data. The openness of government data has gradually become the consensus of all countries and put it into practice.



The global practice of data openness can be traced back to 2009 when the United States opened the prelude to government data openness which has since gradually affected countries all over the world. By 2020, 153 countries in the world have open data portals [1]. By April 2021, the number of Chinese government data open platforms has reached 174, including 18 provincial-level urban platforms and 156 sub-provincial and prefecture-level urban platforms. In addition to local independent exploration, the central government is also actively promoting data opening from top to bottom, trying to build a unified and open platform for national government data.



Government data openness should ultimately end with the release and utilization of data value because data openness is not the purpose. The fundamental purpose is to release data dividends and create value through data openness. Attard comprehensively summarized the main values of government data openness, including political transparency, releasing social and commercial values, and improving the participation of government activities [2]. In recent years, scholars began to evaluate the impact of government data opening. The main attempts include constructing the value evaluation framework and its index system [3], investigating the practical cases of government data opening, and exploring its effectiveness [4]. Unfortunately, research on this aspect is relatively rare and flawed. On the one hand, the perspective of discussion at the theoretical level is scattered and has not yet formed a consensus and system; on the other hand, the research considering the government data opening practice project mostly adopts a single sample or small sample, fails to give a general conclusion, and rarely considers complex factors such as control variables, which weakens the robustness of the research conclusion.



Governments have devoted a lot of political attention to the promotion of government data openness. However, openness means the pursuit of transparency in a bureaucratic system with many obstacles, resulting in constraints from systems and mechanisms in the process of data openness in practice [5]. To continue government data opening, countries need to make greater efforts in system and mechanism reform and resource restructuring; however, there is no clear answer regarding the impact of government data opening over the long term. Does government data openness really drive economic and social innovation? Both theoretical exploration and practical promotion call for a reflection and response.



Based on the above theoretical and practical background, this paper attempts to test the impact of government data opening on urban innovation ability with a multi-stage double difference model. Compared with the existing research, this paper has the following innovations: (1) in the research field of the impact of government data opening, this paper gives an empirical test conclusion based on the China situation, which enriches the relevant research in the field. (2) Using the multistage double difference method, we pay attention to the opening time of government data and other control variables in different cities and obtain a more accurate conclusion. (3) It provides new enlightenment for the theoretical discussion on the impact of government data opening and the practice of government data opening.




2. Policy Background and Literature Review


2.1. Government Data Opening and China’s Policy Action


According to The Open Data Charter [6], open data is digital data that is made available with the technical and legal characteristics necessary for it to be freely used, reused, and redistributed by anyone, anytime, anywhere. The Open Data Charter puts forward six principles that government data openness should follow, including open by default, timely and comprehensive, accessible, usable, comparable, and interoperable, for improved governance and citizen engagement and inclusive development and innovation.



In September 2011, eight countries including Brazil, Mexico, Norway, South Africa, the United Kingdom, and the United States jointly signed the “open data statement”, giving birth to the “open government partnership” (OGP). As of October 2021, OGP has 79 national and regional members [7]. In 2014, the EU issued the “data driven economic strategy”, and its activities in big data mainly involve two aspects: (1) research on the strategic plan of data value chain; (2) fund research and innovation activities in the fields of “big data” and “open data”. In November 2017, the U.S. House of Representatives passed the “open government data act”, which pointed out that the federal government should open government data in a standardized and machine-readable way, and local governments responded one after another [8]. In 2017, the U.K. Department for Digital, Culture, Media and Sport issued the “UK digital strategy”, which pointed out that the U.K. should cultivate citizens’ digital literacy and release data value through world-class digital infrastructure to promote U.K. economic development [9]. In 2017–2018, to promote the release of government data value, the Australian government launched the Australian public sector cooperative investment project to maximize the utilization and value of government data assets. With the promulgation of data openness policies by governments and the efforts of international data openness organizations, data openness has been further developed.



In order to promote the opening of government data, Qingdao, China, promulgated the “Notice of the general office of Qingdao Municipal People’s Government on further strengthening government information disclosure” in 2014, which puts forward clear requirements on the carrier form of government data opening [10]. In the same year, a total of 12 cities in China explicitly mentioned the work related to promoting government data opening for the first time in the policy text. In 2015, the number of cities explicitly mentioned in the policy text to promote the opening of government data reached 44. The outline of China’s government data opening policy has basically taken shape, covering data opening infrastructure construction, talent and technology investment, measures and specifications, implementation plan, data security, and other aspects. The Shanghai Public Data Open Platform [11] is one of the earliest government data open platforms built in China, and the construction level has always been in the forefront of the country. The data fields opened by Shanghai Public Data Open Platform include economic construction, citizen service, urban construction, resources and environment, education and science, and technology, and provide two types of data resources: data interface and data products. Since its completion, the Shanghai Public Data Open Platform has directly generated 54 innovative application projects and encouraged society to carry out innovative application of open data in the form of competition, stimulated the enthusiasm of the whole population for the development and utilization of open data, and created a benchmark demonstration for the realization of the value of open data [12].



In general, the government’s data opening policy covers basically all aspects, including infrastructure paving and the construction of an institutional environment. However, the construction of the policy system related to the data opening of the Chinese government is still in the exploratory stage, which is specifically reflected in the single preference for policy tools, weak policy pertinence, and imperfect systems.




2.2. Literature Review


Relevant research on government data openness has been carried out for many years, and the research contents show a diversified trend, including concept discrimination [13], data opening practices [14,15], policies and regulations [16], institutional mechanisms [17], standards and norms [18], privacy protection [19], collaborative research between data openness and e-government [20], and smart cities, etc. There are few studies focusing on the impact of data openness.



The opening of government data is not the original intention, but the ultimate goal is to release the value contained in massive data and let government data opening inject power into economic and social development. This has been the consensus of academic circles and has always been the core issue in the research field of government data opening. At present, the most common approach in relevant research is to classify and discuss the impact of government data opening. Many scholars agree that government data opening can bring value in different dimensions. For example, Harrison described the impact of government data opening from multiple dimensions such as economy and politics, society and management, quality of life, and spiritual culture [21]. At the same time, scholars have paid considerable attention to the driving effect of government data opening on economy and society. Jztzek pointed out from the perspective of participation and economy that government data opening can improve social efficiency and effect, and enable business innovation [22]. However, most studies infer the value of government data opening from the perspective of theoretical analysis, and there are few empirical tests. Some scholars also try to explore the impact of government data openness by constructing the value evaluation framework and its index system or investigating practical cases. A. A. García proposed the “meloda” model to evaluate the use and value of open government data around the four dimensions of technical standards, access, legal considerations, and data model [3]. Zuiderwijk used interviews to understand the phased achievements of government data opening in 156 countries and regions and found the role of government data opening in improving decision-making efficiency [4]. C. Alexopoulos proposed a multi value model based on two stakeholder groups of data users and data providers, as well as three value dimensions of efficiency, effect, and future behavior of users [23]. In addition, some international organizations have also assessed the impact of data openness. For example, the EU’s evaluation of open data which focuses more on E-government, implants the indicators of open data into digital public services, and regards data openness as a means to improve digital public services [16]. It is worth noting that the data does not bring all positive value. As a new and powerful business model, the platform operates with huge data from users as raw materials, binds stakeholders such as manufacturers, suppliers, and consumers together, and expands rapidly relying on low marginal costs [24], resulting in negative externalities, monopoly, and infringement of labor rights and interests [25]. Zuboff explained that under the temptation of interests, some large companies use big data to predict and monitor citizen behavior, which damages democracy and public interests, and further summarized this phenomenon as surveillance capital marked by extreme concentration of knowledge and free from democratic oversight [26]. In general, the existing empirical research is not only scarce, but also has some limitations, such as single sample or too small sample size, and insufficient attention to complex conditions such as control variables, urban feature heterogeneity, and so on.





3. Data and Empirical Strategy


3.1. Econometric Strategy


Considering that each city in the sample implemented government data opening at a different time period to, this paper will use the multistage difference-in-difference (DID) model to test the impact of government data opening on urban innovation ability. Specifically, referring to Heckman [27] and Beck [28], the following multistage difference-in-difference (DID) model is constructed.


   Y  it   =  α 0  +  α 1  +   Open   it   +  α 2   C  it   +  μ i  +  ρ t  +  ε  it   ,   Open   it   =   Post  t  ×   Treat  i   



(1)







In Equation (1), i represents the city, t represents the year, and Yit represents the city’s innovation ability. Treat represents the dummy variable between groups, indicating whether the city has opened government data. If yes, treat = 1 represents the experimental group; if not, treat = 0 represents the control group. Postt is a policy dummy variable, and its value depends on the year in which the sample city implements the government data opening. The value of the year in which the government data opening is implemented, and subsequent years, is assigned as 1, and the value of other years is taken as 0. The value of openit depends on the values of postt and treati. If the sample city I implements government data opening in year t, the value of openit is 1, otherwise the value is equal to 0. It can be seen from the model in this paper that the core coefficient of this paper is α 1. It is the key result after double difference and represents the net effect of government data opening on urban innovation ability. If the performance of cities in the experimental group is better than that in the control group, that is, government data opening can promote the improvement of urban innovation ability, then α 1 the coefficient should be significantly positive.



In order to avoid the endogenous problem caused by the omission of important variables in the estimation process, according to the research of Zeleti [29] and Magalhaes [30], this paper adds a series of control variables to the Model (1) and uses CIT to represent the factors that may affect the urban innovation ability, including economic environment (EE), scientific research environment (RE), infrastructure environment (IE), human resource environment (HE), open environment (OE), and population environment (PE). See Table 1 for specific meanings.



μi is the individual fixed effect, which can control the individual characteristics that do not change with time. In this paper, it refers to the differences between different cities, such as the differences between urban geographical characteristics; ρt is the time fixed effect, which is used to control the time characteristics that do not change with individual differences, and εit is a random error term.




3.2. Variable and Data


In this paper, two groups of cities that began the political mobilization of government data opening in 2014 and 2015 are defined as the experimental group, and the other cities are defined as the control group. The author conducted policy retrieval in Peking University Law and policy database [31] and regarded the cities that explicitly mentioned “data openness” or “government data openness” in the policy text for the first time as the cities that began to deploy government data openness. According to the academic definition of government data openness [32], some policies that refer to government data openness but do not conform to its academic meaning were eliminated. In addition, the following operations were carried out in the setting of the experimental group and the control group: (1) samples were selected from cities at prefecture level and above (excluding municipalities directly under the central government). (2) Based on the availability of data and the feasibility of empirical analysis, the time range is 2009–2016. At the same time, in order to ensure the accuracy of the estimation results, a number of cities that began the political mobilization of data opening in 2016 and cities with serious lack of data were excluded. After the above operations, 171 cities were finally included in the sample, of which the experimental group included 32 cities in 2014 and 82 cities in 2015, and the rest were the control group.



In terms of data sources, this paper selects the panel data of 171 prefecture level and above cities in China (excluding municipalities directly under the central government) from 2009 to 2016. The data of each control variable comes from the China City Statistical Yearbook [33], and the missing value is supplemented by the average growth rate method. The variable type, name, description, and data source are shown in Table 1.



The data of the dependent variable comes from Appendix A, the urban innovation capability index in the Report on City and Industrial Innovation in China released by the research team of the Industrial Development Research Center of Fudan University, published annually from 2002 to 2017. The Report on City and Industrial Innovation in China aims to measure the innovation capability of cities and industries, calculate the innovation capacity index through the number and value of patents, and express the innovation capability of cities. The report innovates the method of measuring urban innovation capability, and points out that it has its advantages to measure innovation by innovation input-end indicators such as (R&D) expenditure and R&D personnel, however, it will lead to the problem of double calculation, and it is difficult to explain how the input is transformed into innovation, while using innovation output indicators such as patents to measure innovation is very direct and concise [34]. Compared with the China City Statistical Yearbook, it is more micro, considers the patent renewal behavior and quality differences, and can more accurately grasp the urban innovation capability. Specifically, the report points out that it is more reasonable to measure innovation capability with innovation output rather than innovation input, so it uses the patent data to measure innovation output rather than the traditional data of innovation input such as R&D expenditure and the number of R&D personnel. At the same time, considering the value differences of different patents, the report points out that there will be a large error in using the number of patents to represent the innovation power of cities or industries. Pakes’s [35] patent renewal model is used to estimate the average value of each type of patent, and the innovation index is calculated on this basis. Therefore, this paper adopts the data of the Report on City and Industrial Innovation in China and adds the construction method of the innovation index to Appendix A. The descriptive analysis results are reported in Table 2.





4. Empirical Results


4.1. Preliminary Analysis


The empirical analysis results are reported in Table 3. The columns in Table 3 gradually add control variables from left to right and report the basic regression results in detail. Column (1) is the basic result without adding control variables and fixed effects. The estimated coefficient of Treat × Post is positive at the significance level of 1%, indicating that the opening of government data can significantly improve the urban innovation capability. In order to reduce the interference caused by endogeneity, Column (2) takes into account the control variables designed in this paper and finds that the estimated coefficient of treat × post is still positive at the significance level of 1%, but it can be seen that the coefficient value decreases significantly, which indicates that if the control of some conditions is not considered, the conclusion will overestimate the impact of government data opening on urban innovation capability. Based on the results of Column (2), Column (3) and Column (4) gradually add time fixed effect and urban fixed effect. The results show that the estimated coefficients of treat × post are significant at the level of 1% and 5%, respectively. After adding time fixed effect and urban fixed effect, there is no significant difference in coefficient size and significance level. This shows that the addition of control variables and city and time fixed effects can more accurately estimate the impact of government data opening on urban innovation capability and shows that the estimation results are robust.



Among all regression results in Table 3, the regression coefficients of treat × post are positive and significant, which shows that the opening of government data can indeed improve the innovation capability of cities. The regression results in Column (4) show that the impact of government data opening on urban innovation capability is about 13.62. Compared with the control city, the innovation capability of the experimental city has increased by 13.62. In addition, the results in Column (4) show that the estimated coefficient of EE is positive at the significance level of 1%, which indicates that cities with higher economic development level have strong innovation capability. In cities with more developed economy, there is a greater probability of having strong data users and better open data platforms, as well as greater demand for open data, which maximize the value of government open data. The estimated coefficient of IE is positive at the significance level of 10%, which indicates that the more popular the Internet infrastructure is, the stronger the innovation capability is. This is because the information infrastructure, as the basis of the operation of the information society, can enable innovation activities.




4.2. Parallel Trend Test


There are a series of preconditions for the application of the multistage difference-in-difference (DID) model. Next, this paper will test it to ensure the accuracy of the conclusion.



In the application of the double difference method, in order to ensure the estimation results are not affected by the difference between the processing group and the control group, the parallel trend test should be paid attention to. If the parallel trend hypothesis holds, there should be no significant difference between the treatment group and the control group before the policy time point. The parallel trend test can generally use two methods: drawing time trend chart and event research method. This paper uses the event research method for testing because compared with the former, which needs to manually observe the judgment results of the time trend chart, the event research method can accurately judge whether there is significant difference between the treatment group and the control group before the policy impact in a statistical sense. Based on the practices of Ashenfelter [36] and Jacobson [37], this paper constructs the following test model:


   Y  it   =  α 0  +   ∑   k = − 4  2   β k  ×  D  i , t + k   +  α 2   X  it   +  μ i  +  η t  +  ε  it    



(2)







In Equation (2), Di,t + k is a dummy variable before and after the opening of government data and political mobilization. k represents time. The year before the impact year is negative and the year after the impact year is positive. In this paper, the range is—4 to 2, representing each year before and after the impact year. In order to identify the difference between the experimental group and the control group before the impact year, this paper will pay attention to βk. As shown in Figure 1, between—4 and—1, the estimated coefficient of β is not significantly different from 0 on the 95% confidence interval, indicating that there is no significant difference between the experimental group and the control group before the government data is opened and political mobilization, that is, the parallel trend hypothesis, is established [38].




4.3. PSM-DID Analysis


In this paper, the PSM-DID method is used to further optimize the estimation results, reduce the estimation deviation of the double difference method, and further prove the robustness of the results. In this paper, the k-nearest neighbor matching method (k = 5) is adopted, and the virtual variable of treat is used to express whether it has experienced policy impact, and logit regression is carried out with the control variable to obtain the tendency score value. The city with the closest score is taken as the paired city of the experimental group, to reduce the systematic difference between the experimental group and the control group. After 38 failed samples were deleted by propensity score matching, 409 and 921 samples in the experimental group and control group were successfully matched, respectively. Table 4 reports the balance test results of PSM matching. After propensity score matching, the absolute value of standard deviation of all matching variables is less than 5%, indicating that the matching variables and matching methods selected in this paper are reasonable. At the same time, the t-test results are not significant, indicating that the original hypothesis of the test “there is no significant difference between the matched experimental group and the control group” is valid.



After reanalyzing the samples following propensity score matching, there is no significant difference in symbol, significance level, and coefficient value between the results in Table 3 and Table 5, which shows that the estimation results in this paper are robust. At the same time, the estimated coefficient of the treat × post of each column in Table 5 has decreased compared with Table 3, indicating that the analysis results after propensity score matching avoid overestimating the policy effect and present more accurate estimation results.




4.4. Heterogeneity Analysis


To further explore the heterogeneity of the impact of government data opening on urban innovation capability in different urban characteristics, this paper tested the heterogeneity from the perspective of urban characteristic heterogeneity and discusses the impact of government data opening on urban innovation capability in cities with different levels of economic development, human capital, and infrastructure. After the opening of government data, data users interact based on the value attribute of open data, follow the value to form a link, release the open value of government data, and finally promote economic and social development. This shows that a large amount of data does not produce value once it is opened, but needs corresponding environmental conditions to work, that is, the utilization of data depends on certain basic resource conditions, and the effect of government data opening to promote urban innovation depends on the initial resource endowment of the city to a certain extent. Therefore, this paper takes into account the level of economic development [39], human capital [40], and infrastructure [41]. The level of economic development, human capital, and infrastructure are expressed in per capita GDP (yuan), the number of college students per 10,000, and the number of Internet broadband access users (10,000). In this paper, each index value is sorted from large to small and then divided into three equal parts. The two groups of samples with high value are identified as high-level samples, and the group of samples with low value are identified as low-level samples.



After regression of cities with different levels of economic development, human capital and infrastructure, the results are shown in Table 6. Columns (1) and (2) in Table 6 show the driving effect of government data opening on urban innovation capability under different economic development levels. It can be seen that in cities with high economic development level, government data opening can play a greater role in promoting urban innovation capability. This is because economically developed regions often have a larger data utilization group and strong data utilization demand, such as the demand from scientific research, big data industry, and government governance, which can promote the utilization of open data on the demand side and play its innovation driving role. Columns (3) and (4) report the impact of government data opening on urban innovation capability under different human capital levels. It can be seen that in areas with high human capital level, government data opening can play a greater role in promoting urban innovation capability. This is because human resources can bring intellectual support to the utilization of open data and make use of open data utilization achievements with more output and higher quality to realize the innovative utilization of data [42]. In cities with low overall human capital level, the role of government data openness in promoting urban innovation is very limited, and it is even difficult to measure the positive effect of government data openness on urban innovation. Columns (5) and (6) report the impact of government data openness on urban innovation capacity under different infrastructure levels. The results show that a higher level of Internet infrastructure can make government data opening play a greater role in promoting urban innovation. As the technical support for the development of digital society, Internet infrastructure is the basic threshold for enterprises, governments, and individuals to obtain and utilize open data. A good level of Internet infrastructure can undoubtedly provide basic material conditions for the acquisition, exchange, and sharing of open data and the release of value [43].





5. Discussion


The results of this paper show that under the strict hypothesis test and robustness test, government data opening does promote the improvement of urban innovation capability. Empirical evaluation of the impact of government data opening has always been the focus of the core issues in the field of government data opening, however, existing research is rare. Compared with the existing relevant research [3,4,21,22,23], the results of this paper affirm the academic theoretical judgment on the innovation value brought by government data opening and point out that government data opening plays a significant role in promoting urban innovation. It is a response and reflection on the theoretical discussion in the field and enriches the research on the value of government data opening. At the same time, it is rare to empirically test the value brought by government data opening. This paper selects a more comprehensive sample for the empirical test, and uses the multi-stage DID model to pay attention to the opening time of government data and other control variables in different cities in order to make the conclusion more accurate.



In addition, this paper provides the results of heterogeneity analysis, which shows that the innovation effect produced by government data opening is different in cities with different resource endowments, which pays attention to the parts that have been neglected in the existing studies. Some literature has shown that government data openness does not always produce positive value [24,25,26]. In the social sciences there is a wide debate that points out that government data openness could produce relevant results in terms of market values but could at the same time reduce workers’ rights, basing the production of value on processes of information extraction, surveillance policies [26], and limitation of individual freedoms. As argued by many scholars, technologies can be used to expropriate the knowledge and information of citizens with the aim of creating value solely for large corporations [25,44,45], reducing both the role of democratic representation within public authorities and the common good [24,46]. Government data openness means that data can easily enter the hands of some large private companies, and the situation of using public data to serve private interests may appear, thus damaging democracy and public interests, which is contrary to the original intention of government data openness in pursuit of public value. The heterogeneity analysis results of this paper further point out that the positive value release of government data openness can be better under some conditions, which provides a new exploration idea for existing research. Future research can start with the heterogeneity analysis results of this paper to study why different levels of economic development, human capital, and infrastructure lead to different data value release results. For example, from the perspective of digital democracy, a high level of human capital may mean a better level of digital democracy, which makes big data play a positive role [45]. In addition, the role of the relationship between the digital divide and the level of human capital in the process of releasing data value is also worthy of attention [47]. Finally, subject to the differences in the level of digital democracy, the value released by data in cities is not necessarily public value, but also private value that only benefits some digital enterprises and interest groups. Therefore, future research can explore the differences between urban development models driven by government data openness.



Due to some subjective and objective conditions, there is still room for improvement in this paper. The opening of government data in China has not been promoted for a long time, coupled with the limitations of statistical data, which limits further access to the data in this paper. Changes in conclusions should be observed again in rich data. In addition, future research can enrich the existing conclusions of this paper after further improvement of theoretical research in the field. For example, future research can further consider how the intercity proximity effect [48] and political pressure transmission mechanism affect the government data opening behavior and its results in each administrative division.




6. Conclusions and Implications


This paper finds that the opening of government data promotes the improvement of urban innovation capability. After passing the strict hypothesis test and robustness test, this conclusion is still valid. Heterogeneity analysis shows that the innovation effect of government data opening is different in cities with different resource endowments. In cities with high levels of economic development, human capital, and infrastructure, government data opening can play a greater innovation driving role.



Combined with the actual situation of government data opening and the conclusion of this paper, the author puts forward the following suggestions. Firstly, the basic regression results of this paper affirm the driving role of government data opening in urban innovation, which shows that China’s government data opening is turning the theoretical expected value into reality. However, the current government data opening work is facing various obstacles, such as some data are still hidden under the cloak of confidentiality, poor synergy within the government makes the opening process slow, poor data quality leads to limited data value release, etc. [49,50]. At present, the world is exploring new urban forms under the background of the digital age. As a means to release the value of data elements, government data opening should be further valued and promoted to help the transformation of urban forms towards a more intelligent and democratic direction [51,52,53]. Secondly, government data openness is playing a significant role in cities with better resource conditions, which reminds us that the gap between cities in the era of big data is widening in an unobtrusive way. Cities with better resource conditions will generate better innovation performance under the enabling of open data, and further improve the overall level and quality of the city. On the contrary, they will not get the dividend of data opening, that is to say, it will produce the Matthew effect between cities. If this phenomenon does not attract enough attention, it may make the decline of small- and medium-sized cities more rapid and further increase the gap with big cities.
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Appendix A


This appendix will introduce the calculation method of innovation index in detail. The innovation index is mainly calculated in two steps:




	(1)

	
Drawing on the patent renewal model of Pakes & Schankerman (1984), using all expired invention patents filed in 1987–1997 to estimate the value, and then simulating the distribution of patent value based on the estimated parameters, and further calculating the average value of different age patents, which is used as the value weighting coefficient of the corresponding patent (because as of the end of 2016, it can be seen that all the legal status of all invention patents applied for in 1987 and 1997 have been updated during the life cycle, and the patent applications are still being updated dynamically, so the updated data of this part of the patent is censored) to ensure the robustness of the estimation results, this report only uses the invention patents filed in 1987–1997 for estimation. However, the invention patents applied for in 1985 and 1986 only have a maximum protection period of 15 years, therefore, the data of these two years are not used. In the results of the patent update model in this report, we found that there is no significant difference in the distribution of patents filed in each year, so we can use this estimation result as the value weighting coefficient of all patents.




	(2)

	
Take the end of the year (31 December) as the observation point of each year and select the invention patents still valid at the observation point (which have been authorized and are still in the period of duration), and finally the patent value of different cities (or industries) is summed up to obtain the patent value stock. Then, the total value of national patents in 2001 was standardized to 100, and the urban innovation index and industrial innovation index from 2001 to 2016 were calculated.









Next, the patent renewal model will be introduced in detail. The patent value calculated in this report refers to the private value of the patent to the holder, which is defined as the present value of the income generated by the patent during its lifetime. We use the patent update model of Pakes & Schankerman (1984) to estimate the value of Chinese invention patents. Its core idea is assuming that the patentee’s update decision-making method is forward looking, that is, when they first apply for a patent, they clearly know the revenue stream that the patent will bring in each year in the future. The right holder’s decision-making problem is to maximize the discount value of the patent’s net income and select the optimal lifespan based on this principle, that is, when to stop paying the annual fee and terminate the patent right. The maximization problem of the patentee can be expressed as:


    V     T ∈  [  1 , 2 , …  T ¯   ]      m a x               ( T )  =   ∑   t = 1  T   (   R  t j   −  C  t j    )    ( 1 + i )   − t      



(A1)







Among them, T is the patent age when the patentee stops paying the annual fee,   T ¯   is the maximum period of patent protection stipulated by law, and i is the discount rate. j represents the year of patent application, and we group the patents applied for in the same year into a cohort. t is the age of the patent from the date of application. Rtj and Ctj respectively represent the benefits of the patent to the patentee and the annual fee paid by the patentee when the patent is at the age of t, and (Rtj − Ctj) represents the net income. As the patent age t increases, the income Rtj is non-increasing, while the Ctj annual fee is non-decreasing, so it can be assumed that the net income (Rtj − Ctj) does not increase with t. When the net income is greater than zero, the patentee will choose to continue to pay the annual fee to update the patent to maximize V(T). The optimal update rule is:


   R  t j   ≥  C  t j    



(A2)







When Rtj − Ctj < 0, the patent reaches the optimal lifespan T *, if when T =   T ¯  , Rtj ≥ Ctj, then T * = T.



Due to differences in the initial revenue R0j of different patents in the same group and considering issues such as obsolescence and increased market competition, the initial revenue of patents will decay year by year. Therefore, we make the following assumptions: (i) assuming that the initial patent income R0j obeys a certain distribution F (R0j; θj), the probability density function of the distribution is f (R0j; θj), and θj is the characteristic parameter of the distribution; (ii) the decay rate δj of the initial patent income is a constant that does not change with time. Therefore, according to assumption (ii):


   R  t j   =  R  0 j     ∏   τ = 1  t   (  1 −  δ  τ j    )  =  R  0 j     ( 1 −  δ j  )  t   



(A3)







Combining (A2) and (A3) two formulas can be obtained:


   R  0 j   ≥  C  t j     ( 1 −  δ j  )   − t   ≡  Z  t j    



(A4)







According to hypothesis (i), the update rate of patent group j at age t is:


   P  t j   =  ∫   Z  t j    ∞  f (  R  0 j   ;  θ j  ) d  R  0 j   = 1 − F  (   Z  t j   ;  θ j   )   



(A5)







Once the specific functional form of the patent initial income distribution F (R0j; θj) is given, then Equation (A5) gives the relationship between the theoretical prediction value of the update rate and the unknown distribution parameters, and the estimation problem then becomes to make the theoretical prediction update rate as close as possible to the real observation update rate by selecting reasonable parameter values. With reference to the existing literature, the distributions most likely to conform to the actual observation data include Weibull, Pareto–Levy, and lognormal. This report uses the lognormal distribution generally accepted in the existing literature (Schankerman and Pakes, 1985; Lanjouw, 1998; Huang, 2012). Lowercase letters are used to represent the logarithm, that is, r0j = InR0j, then r0j obeys a normal distribution, that is, r0j~N (μj, σj). Then, (A4) can be written as:


     r  0 j   −  μ j     σ j    ≥    c  t j   − t ∗ ln  (  1 −  δ j   )  −  μ j     σ j     



(A6)







The left side of Equation (A6) obeys the standard normal distribution, and the two Equations (A5) and (A6) can be combined together to obtain:


   P  t j   = 1 − Φ  (     c  t j   − t ∗ ln  (  1 −  δ j   )  −  μ j     σ j     )   



(A7)







Furthermore, by taking the inverse function of the standard normal cumulative distribution function, a generalized patent update model can be obtained:


   y  t j   =  Φ  − 1    (  1 −  P  t j    )  =    c  t j   − t ∗ ln  (  1 −  δ j   )  −  μ j     σ j       



(A8)







Next, we divide the patent groups according to the “application year group-age” dimension, use Model (A8) to estimate the patent value, and to solve the heteroscedasticity problem, use the generalized nonlinear least squares method (FNLS) to estimate.



After estimating the distribution parameters μj and σj and the attenuation rate δj through the Model (A8), the total value of each patent is calculated based on the following equation:


  V  ( T )  =  ∑  t = 1    T *    [  R  0 j    (  1 −  δ j   ) t  −  C  t j    ]    ( 1 + i )   − t      



(A9)







Specifically, the Monte Carlo simulation method is used to extract 50.000 (pseudo-random variables) from the estimated lognormal distribution to obtain 50.000 realized values of the random variable R0j, and then bring in Equation (A9) to calculate the corresponding total patent value V. These 50.000 Vs represent the value distribution of patents in a certain group. By calculating the average value of patents of different ages in this group, the value weighting coefficient of patents of different ages can be obtained, that is, the average value of patents at different ages.



Table A1 shows the simulation results of the patent renewal model. It can be seen from the table that the longer the renewal time is, the more average value it brings to the patentee. It is worth mentioning that when constructing the innovation index in this report, since most of the patents are still in duration, we do not know their future update status when observing at the end of each year, so we take the conditional average value of patent distribution as the value weighting factor of each patent, that is, in our simulation results, the average value of all surviving patents in the i year (I = 1,…,20) is used as the value weighting coefficient of patents whose age is equal to i. The result is the last column in Table A1.
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Table A1. Average value of patents at different ages. (Constant price in 2015, unit: Yuan, CNY).
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	Age
	Average Value (CNY)
	Value Weighting Coefficient





	1
	95
	450.793



	2
	407
	452.679



	3
	1850
	455.238



	4
	3966
	468.616



	5
	6274
	477.967



	6
	15.589
	490.603



	7
	27.534
	563.326



	8
	34.399
	589.103



	9
	61.208
	616.682



	10
	98.896
	790.207



	11
	119.245
	850.168



	12
	182.929
	917.842



	13
	270.778
	1.245.859



	14
	321.917
	1.369.379



	15
	439.699
	1.505.161



	16
	596.466
	1.993.970



	17
	698.724
	2.210.248



	18
	826.101
	2.451.988



	19
	986.346
	2.774.235



	20
	3.155.261
	3.155.261








Finally, the value of the invention patents (which have been authorized and are still in duration) that are still valid at the end of each year (31 December) are added up according to different cities or industries to obtain the annual patent value stock of each city or industry (because after the invention patent is applied for and published, a substantive examination is required, and it may not necessarily be authorized in the end, so we choose those invention patents that have been authorized at the end of the year). Finally, the total value of national patents in 2001 is normalized to 100, and the urban innovation index and industrial innovation index from 2001 to 2016 are calculated.
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Figure 1. Parallel trend test. Note: the circle in the figure indicates the estimated value of β, indicated by the dotted line on the circle β 95% confidence interval. 
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Table 1. Variables and data source.






Table 1. Variables and data source.





	
Variable Type

	
Variable Name

	
Description

	
Data Sources






	
Control variable

	
EE

	
Per capita GDP (yuan)

	
China City Statistical Yearbook 2009–2016




	
RE

	
Proportion of science and technology academic expenditure in public financial expenditure (%)




	
IE

	
Number of Internet broadband access users (10,000 people)




	
HE

	
Number of college students per 10,000 people (person)




	
OE

	
Proportion of foreign direct investment in GDP (%)




	
PE

	
Population density (person/km2)




	
Dependent variable

	
Innovation ability (Y)

	
China urban innovation index

	
Report on China’s urban and industrial innovation 2009–2016
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Table 2. Descriptive statistical result of innovation.






Table 2. Descriptive statistical result of innovation.





	
Variable

	

	
Mean

	
Std. Dev.

	
Min

	
Max

	
Observations






	
Innovation capability (Y)

	
Overall

	
9.42

	
36.99

	
0.01

	
694.05

	
N = 1368




	
Between

	
32.40

	
0.05

	
368.77

	
N = 171




	
Within

	
18.01

	
−252.98

	
334.70

	
T = 8
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Table 3. Basic regression results.






Table 3. Basic regression results.





	
Variable

	
(1)

	
(2)

	
(3)

	
(4)




	
Innovation Capability (Y)

	
Innovation Capability (Y)

	
Innovation Capability (Y)

	
Innovation Capability (Y)






	
Treat × Post

	
24.68 ***

	
12.40 ***

	
13.08 ***

	
13.62 **




	

	
(7.3057)

	
(3.6458)

	
(3.5998)

	
(4.2164)




	
EE

	

	
0.000192 ***

	
0.000174 ***

	
0.000218 ***




	

	

	
(0.0000)

	
(0.0000)

	
(0.0001)




	
RE

	

	
1.069

	
0.966

	
1.032




	

	

	
(1.0119)

	
(1.0181)

	
(1.0424)




	
IE

	

	
0.139 *

	
0.133 *

	
0.140 *




	

	

	
(0.0682)

	
(0.0710)

	
(0.0780)




	
HE

	

	
0.0016

	
0.00194

	
0.00169




	

	

	
(0.0014)

	
(0.0019)

	
(0.0020)




	
OE

	

	
−0.275

	
−0.121

	
−0.0792




	

	

	
(0.3464)

	
(0.5191)

	
(0.5299)




	
PE

	

	
0.0396

	
0.0605

	
0.0614




	

	

	
(0.0287)

	
(0.0490)

	
(0.0492)




	
Time-fixed effect

	
No

	
No

	
No

	
Yes




	
City-fixed effect

	
No

	
No

	
Yes

	
Yes




	
cons

	
7.350 ***

	
−27.82

	
−35.68

	
−35.29




	

	
(1.8592)

	
(14.7094)

	
(25.0065)

	
(24.5122)




	
Number of observations

	
1368

	
1368

	
1368

	
1368




	
Adjusted R²

	

	

	
0.3143

	
0.3153








Note: Cluster standard errors in parentheses; *, **, and *** represent 10%, 5%, and 1% significant levels, respectively.
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Table 4. PSM balance test results.






Table 4. PSM balance test results.





	
Variable

	

	
Mean

	
%Bias

	
%Reduction of Bias

	
t-Test




	
Experimental Group

	
Control Group

	
T

	
p > |T|






	
EE

	
Pre-match

	
60.159

	
36741

	
74.2

	

	
13.93

	
0.000




	

	
Post-match

	
58.381

	
59144

	
−2.4

	
96.7

	
−0.32

	
0.750




	
RE

	
Pre-match

	
2.1652

	
1.1893

	
73.2

	

	
13.33

	
0.000




	

	
Post-match

	
2.1231

	
2.1854

	
−4.7

	
93.6

	
−0.51

	
0.607




	
IE

	
Pre-match

	
116.66

	
49.701

	
70.9

	

	
14.26

	
0.000




	

	
Post-match

	
110.93

	
106.54

	
4.6

	
93.4

	
0.58

	
0.563




	
HE

	
Pre-match

	
375.5

	
146.52

	
29.9

	

	
6.32

	
0.000




	

	
Post-match

	
335.1

	
321.33

	
1.8

	
94.0

	
0.28

	
0.781




	
OE

	
Pre-match

	
2.8069

	
1.4587

	
43.4

	

	
8.81

	
0.000




	

	
Post-match

	
2.5665

	
2.5073

	
1.9

	
95.6

	
0.41

	
0.683




	
PE

	
Pre-match

	
540.06

	
367.93

	
62.0

	

	
11.08

	
0.000




	
Post-match

	
529.86

	
523.89

	
2.2

	
96.5

	
0.31

	
0.760
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Table 5. PSM-DID analysis results.
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Variable

	
(1)

	
(2)

	
(3)

	
(4)




	
Innovation Capability (Y)

	
Innovation Capability (Y)

	
Innovation Capability (Y)

	
Innovation Capability (Y)






	
Treat × post

	
17.78 ***

	
8.500 ***

	
7.294 ***

	
9.503 ***




	

	
(1.4591)

	
(1.4276)

	
(1.7644)

	
(1.5935)




	
Time-fixed effect

	
No

	
No

	
No

	
Yes




	
City-fixed effect

	
No

	
No

	
Yes

	
Yes




	
cons

	
7.343 ***

	
−18.50 ***

	
−17.02 ***

	
−17.25 ***




	

	
(1.9223)

	
(2.2696)

	
(1.8805)

	
(2.8586)




	
Number of observations

	
1330

	
1330

	
1330

	
1330




	
Adjusted R²

	
0.1612

	

	

	








Note: Cluster standard errors in parentheses; *** represents 1% significant levels.
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Table 6. Results of heterogeneity analysis.






Table 6. Results of heterogeneity analysis.





	
Variable

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)




	
High Level of Economic Development

	
Low Level of Economic Development

	
High Level of Human Capital

	
Low Level of Human Capital

	
High Infrastructure Level

	
Low Infrastructure Level






	
Treat × Post

	
13.14 **

	
0.0147

	
15.41 **

	
−0.145

	
14.12 **

	
3.812




	

	
(4.9905)

	
(0.3189)

	
(5.1340)

	
(0.2511)

	
(4.9098)

	
(2.9426)




	
Cons

	
−51.06

	
−0.333

	
−51.48

	
−4.364

	
−45.6

	
−4.364




	

	
(32.5519)

	
(0.3694)

	
(34.3587)

	
(4.9287)

	
(31.2676)

	
(4.9287)




	
City-fixed effect

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Time-fixed effect

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Number of observations

	
912

	
456

	
912

	
456

	
912

	
456




	
Adjusted R²

	
0.3444

	
0.5557

	
0.3498

	
0.5649

	
0.3256

	
0.5649








Note: Cluster standard errors in parentheses; ** represent 5% significant levels.
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