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Abstract

:

With the rapid development of digital finance, the implementation of digital infrastructure is becoming increasingly significant. Broadband construction is an important part of the communication network, and can promote urban infrastructure in cities. However, whether the development of broadband can affect housing prices by affecting the urban infrastructure and the convenience of residents is a question worth addressing. In this study, using panel data regarding cities in China, we used the spatial multi-period difference-in-differences (SDID) model to investigate the utility of the Broadband China Policy (BCP) on urban house prices and the mechanism of impact. We found that the BCP can increase house prices, and that this impact has a positive spatial spillover effect. This conclusion still held after a series of tests such as parallel trend tests, placebo tests, and the exclusion of other policy effects. The BCP can increase house prices by improving urban infrastructure, promoting urbanization, and optimizing urban industrial structure. In addition, we conducted a heterogeneity analysis by taking into consideration the administrative level, economic development level, and location of cities. The findings of this paper not only enrich the research on the BCP and housing prices, they also provide policy recommendations in terms of urban land use and sustainable development.
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1. Introduction


Sustainable development in emerging economies is a growing area of investigation within the realm of urban transformation [1,2]. Enhancing the digital capacity of cities is a crucial step in achieving high-quality urban development. The construction of digital infrastructure as compared to traditional infrastructure offers a potential avenue toward sustainable urban development, as well as being a potential catalyst for economic growth [3,4].



Housing prices can be regarded as a pivotal factor in determining individual contentment and the course of society’s improvement [5,6]. The influence of various traditional policies, such as the household registration system, the education system, and the financial support system, on housing prices has been extensively debated. However, more recent infrastructure policies might also affect housing prices through their effects on industry structure, infrastructural settings, and the urbanization of land. For instance, the Broadband China Policy (BCP) has made positive contributions to the country’s digital infrastructure, industrial organization, and urban land development, all of which are likely to have an effect on housing prices [7,8].



In order to enhance the digitalization level of cities, the Chinese government has rolled out the BCP, which aims to ameliorate the digital infrastructure and promote high-quality development [9,10]. From a research perspective, the BCP provides an intriguing opportunity to examine how a new infrastructure policy affects residential property prices [11,12]. Furthermore, the enactment of the BCP would bolster cities’ digital infrastructure, which, in turn, could attract more advanced firms and facilitate the digital transition of conventional industries. Additionally, the implementation of the BCP may likely have an effect on rural areas, leading to the urbanization of such land, and further implications in respect of real estate prices.



The rapid expansion of broadband infrastructure is a key determinant of national economic growth and social development [13,14]. As such, understanding the intricacies of effective broadband policies is essential to ensuring that countries can reap the full benefits of digital transformation. China’s broadband policy, in particular, offers a unique case study that has significant implications for the broader international community. As China has the world’s largest internet user base and a rapidly evolving telecommunications landscape, its experiences with broadband policy provide valuable lessons that can be adapted to the specific contexts of other nations [15,16].



In this paper, we employ an SDID model to explore the impact of BCP on house prices, as well as the potential mechanisms driving this phenomenon. An economization matrix is constructed to capture the interregional economic relationships, and a spatial autoregressive (SAR) model is used to analyze the spillover effects of the policy based on city-level data from 2000 to 2010. We examine three potential causal mechanisms: infrastructure, land urbanization, and industrial structure. Additionally, a multitude of checks, including a parallel trends test, a placebo test, and substitution of the economization matrix with a geographical matrix, are conducted to increase the robustness of the results.



We find that the implementation of BCP can improve house prices. The potential mechanism of action is that the implementation of BCP can improve infrastructure, land urbanization, and industrial structure, which in turn improve house prices. Considering the actual effect of the policy might vary under different conditions, we divide our sample with respect to different economy levels, administrative levels and locations. Moreover, our research not only enriches the understanding of the impact of digital policy on city development.



This article provides substantial contributions to the extant literature in three respects. First, it provides comprehensive and meaningful data on the effect of new infrastructure policy on housing prices. Previous research has explored the impact of the BCP on economic expansion, the digital economy, and environmental pollution, but scant attention has been given to examining how the BCP influences housing costs [17,18]. We leverage the BCP to build up DID to evaluate its effect on house prices and explore its underlying mechanisms. Second, we aim to shed light on the spatial spillover effect of the policy on house prices by examining city collaboration in constructing new infrastructure. While prior studies have explored the impacts of certain policies on house prices, to the best of our knowledge, there is still limited research on the spatial spillover effects of the BCP on house prices [19,20].



Thirdly, we explore the relationship between house prices and how new infrastructure initiatives impact these. As we move into a new age of development, the monitoring of house prices is all the more crucial, especially in light of the increased significance of digital infrastructure. Through this paper, we seek to gain insight into how house prices may fluctuate under these new conditions.




2. Policy Background and Theoretical Hypothesis


2.1. Policy Background


With the growth of the digital economy and the rise in artificial intelligence, digital infrastructure has become increasingly prominent [21,22]. The BCP was an endeavor promulgated by the State Council in 2013, designed to increase both cities’ digital infrastructure level and innovation capability [23,24]. The BCP was divided into three consecutive stages, with an associated selection of pilot cities proposed in 2014, 2015, and 2016, respectively [25,26]. The execution of this plan was based on a top-down approach, meaning that local governments, regardless of the current economic position, were not given the possibility to refuse its induction. Furthermore, the sample of cities chosen as pilots involved a range of locations of varying development levels, including in the east, middle, and west of China [27,28].



As for the character of BCP: the implementation of the BCP focuses on transforming a city’s development approach and achieving sustainable urban development by vigorously bolstering digital infrastructure and thus fostering a digital economy [29,30]. Furthermore, the BCP places additional emphasis on the quality and efficiency of urban development. In contrast to other traditional policies, the BCP centers more around environmental responsibility and resolving challenges in the urbanization process [31,32].




2.2. Hypothesis


The implementation of the BCP brings a range of advantages. It enhances the infrastructure level of the city [33,34]. During the installation of digital infrastructure, related industries, such as construction, digital services, and some material industries, are likely to benefit immensely [35,36]. Furthermore, as digital infrastructure progresses, a greater number of digital businesses and innovative enterprises could be attracted, further augmenting house prices [37,38]. The BCP also conveys to the population the importance the state places on infrastructure and the new economy, potentially enticing more high-quality companies to a particular district [39,40]. The BCP could further alleviate numerous problems linked to rapid urbanization and industrialization. The BCP could ameliorate the income gap between metropolitan and rural areas, improve infrastructure, and ensure fair access to the benefits of development [41,42].



The prices of houses are greatly influenced by a series of systematic factors, most of which are financial and social factors. Financial ability can affect people’s loan capability, leading them to rethink their decisions when buying a house. The quality of life for the buyer is determined to a certain degree by the level of infrastructure and facilities in the vicinity of the house [43,44]. Generally, the wealthier a city is, the greater its income and purchasing power, which will also lead to an increase in the cost of housing. Industry development can directly drive up housing prices in a city on one side, while also indirectly boosting prices by attracting more highly skilled talent [45,46]. The level of urbanization is another essential factor impacting house prices, with city house prices usually higher than those in rural areas. The income prospects for residents is another factor that affects their desire to buy a house [47,48]. Government policies, such as rent-to-own models and stricter eligibility criteria for homebuyers, can help regulate housing prices to some extent [49,50]. In China, the investment potential of housing has attracted numerous professional property speculators looking to buy low and sell high, thus pushing up prices and benefiting from them. The high number of speculators has also contributed to the rapid growth of property prices and the existence of a significant property bubble. Furthermore, due to the unequal and deficient education in China, the school district of a house has become a critical factor in raising house prices [51,52].



The impact of the BCP on housing prices may take place through the land urbanization effect, industrial optimization, and the upgrading effect and infrastructure effect [53,54]. First of all, the level of urbanization of a city is an important factor affecting the price of housing [55,56]. In the process of BCP construction, a large amount of land may be transferred from the original rural land to be used for urbanization or other purposes. This will increase the level of urbanization in the pilot city, which in turn will increase the price of housing in that city [57,58]. Second, the advanced and rationalized degree of urban industrial structure will also affect urban housing prices. With the implementation of the BCP, the level of digital infrastructure of the city will be improved, which in turn can lead to the optimization and upgrade of the city’s industrial structure [59,60]. Thirdly, the higher the level of infrastructure in a city, the higher the utility of the city, which will increase the price of houses in the city [61].





3. Materials and Methods


3.1. Data Description


The BCP data for each batch in this article were derived from the policy pilot list published by the State Council, which details the pilot cities for each year. Data related to the remaining variables in this paper were sourced from the City Statistical Yearbook, where city-wide calibers are utilized, and all indicators involving money were deflated to remove the impact of inflation.




3.2. Model Setting


In considering the spillover effects of house prices, we adopted the spatial multi-period multiplicative difference method. This method combines the difference-in-difference (DID) method with spatial autoregression (SAR) models, the spatial error model (SEM), and the spatial Dubin model (SDM). The model settings are as follows.
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Equation (1) is the SAR model, Equation (2) is the SEM model, and Equations (3) and (4) form the SDM model.   ln H  p  i t     is the level of house price of city i in year t, and    λ   W N  ln H  p  i t     is the spatial lag term of the dependent variable   ln H  p  i t    .    β  D i  d  i t     denotes the smart city dummy variable,    W N    is the spatial weight matrix, and    γ   X  i t     is a set of control variables affecting house prices;     δ   i     and     μ   t     denote the city fixed effects and time fixed effects.



In this paper, the 2002 economic geography matrix is used as the spatial weight matrix. The specific construction method is as follows.




	(1)

	
Geographical distance matrix: Firstly, the actual distance between the two locations is calculated according to the latitude and longitude coordinates of the two prefecture-level cities, and the elements on the diagonal of the matrix are all taken as 0; the economic meaning is that the geographical distance of the same city is 0. Next, the non-diagonal elements are taken as the reciprocal of the geographical distance between the two locations. The matrix is then row-normalized to obtain the geographic matrix W1 required for this paper.




	(2)

	
Economic distance matrix: To construct the economic distance matrix, firstly, a representative economic indicator between two cities is selected to measure the economic closeness of the two locations, and GDP per capita is usually chosen in the relevant literature. The diagonal element of this matrix is 0, and the elements in other positions are the inverse of the absolute value of the difference between the GDP per capita of the two prefecture-level cities. Finally, row normalization is performed to obtain the economic distance matrix.




	(3)

	
Economic and social matrix: The economic matrix and the social matrix are multiplied before the two-row standardization, and then row standardization is carried out to obtain the economic and social matrix.










3.3. Selection of Variables


3.3.1. Independent Variable


The independent variable in this paper is house prices. We used the house price level of each city published by the Ministry of Housing and Urban Development, which is a more accurate record of the house price level of each city. The Ministry of Housing and Urban Development has stopped publishing house price data since 2014. We used a crawler approach to collect and collate the data from the work reports of various local governments. At the same time, to ensure the accuracy of the data, we used interpolation to fill in a small number of missing values and to shrink the tails of outliers.




3.3.2. Core Explanatory Variables


In this paper, the core explanatory variable is the BCP dummy variable. Specifically, if a city is on the list of smart city pilots promulgated by the Ministry of Housing and Construction and the Ministry of Science and Technology, then in the year of policy implementation and subsequent years,    did  i t     = 1; otherwise,    did  i t     = 0.




3.3.3. Mechanism Variables


The mechanism variables in this paper are infrastructure construction and industrial structure optimization and upgrade. In terms of infrastructure construction, we used an indicator construction approach to build an indicator system by selecting a series of indicators in the categories of environment, healthcare, and education. The entropy value method was also used to measure the infrastructure status of each city. In terms of urban industrial structure optimization and upgrade, this paper reflects the transformation and upgrading of the industrial structure of cities. We mainly used the structural hierarchy coefficient method for measurement; that is, the share of each of the three major industries in the total output value. The specific formulas are as follows:
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where   a i s  1  i t     denotes the level of sophistication of the urban industrial structure of city i in year t. This indicator reflects its ‘volume’.   a i s  2  i t     denotes the share of industry m in city i’s GDP in year t.   l  p  i , m , t     denotes the level of sophistication of the urban industrial structure of city i in year t. This indicator reflects its ‘quality’. Medium denotes the added value of industry m in city i in year t.




3.3.4. Control Variables


Following the existing literature, the control variables in this paper are economic development, urban human capital, government intervention, transport infrastructure, cultural characteristics, population density, and proportion of the secondary industry.





3.4. Description of Data


We used data for 281 cities from 2008 to 2019; the description of each variable is given in Table 1.




3.5. Spatial Autocorrelation Testing


Spatial autocorrelation tests are the basis for constructing spatial econometric models. The house prices of each city involve spatial geographical characteristics; the house prices in one location will also impact those in another area. The piloting of the BCP will not only affect the city itself, but may also impact neighboring cities. We used Moran’s spatial I index for spatial autocorrelation tests. Table 2 shows the results of global Moran’s I for house prices, and the results are significant. This indicates that there are spatial spillovers from house price. Hence, the use of a spatial econometric model is necessary.





4. Results


4.1. Baseline Regression Analysis


To effectively capture this feature, given the possibility of the inter-city correlation of house prices, we first used a spatial multi-period DID to analyze the impact of the BCP on house prices. For better comparison, we present the results of a two-way fixed effects (FE) model without the addition of a spatial lag term. As can be seen from Table 3, the coefficients of the core explanatory variables are all significantly positive at the 5% level, which indicates that the implementation of the BCP has a significant positive impact on urban house prices, i.e., it indicates that the promotion of the BCP can increase urban house prices. The robustness of the findings is illustrated by the fact that the direction of the coefficients in all models remained unchanged and the significance of the coefficients did not change significantly compared to the results without the addition of control variables. In the SAR model, the spatial lag term regression coefficient λ was significant both before and after the addition of control variables, which indicates that the house prices of neighboring prefecture-level cities have a significant impact on local house prices. In addition, the sign of the spatial lag term in the SAR model is positive, indicating that the neighboring prefecture-level BCP can drive up the house prices in the city. In the SEM model, the spatial error coefficients η are all significant at the 5% level, which indicates that other factors not considered in the model for neighboring prefecture-level cities can have an impact on local house prices. In the SDM model, the spatially lagged term regression coefficients δ are all significantly positive at the 5% level, indicating that the spatial effect remains significant. The spatial terms are significant at the 5% level in all three models, indicating the necessity of using spatial measures for the analysis.




4.2. Robustness Tests


4.2.1. Parallel Trend and Dynamic Effects Test


The spatial multi-period DID approach requires that house price levels in the experimental and control groups should have the same temporal trend before the BCP affects them. To this end, we used event analysis to conduct a parallel trend test. Based on the baseline model, the dummy variable ‘current’ was set and assigned to 1 in the year when the city was selected for the pilot list of the Broadband China Policy and 0 for all other years. The dummy variable ‘before1′ was set and assigned to 1 in the year before the selection of the pilot and 0 for all other years. The dummy variable ‘after1′ was set and assigned to 1 in the year after the selection of the pilot and 0 for all other years. The remaining years were assigned a value of 0, and so on. Because of the long period before the policy pilot, the third year before the policy pilot was set as the benchmark group.



The results of the test are shown in Table 4. The results show that there is no significant difference in the DID coefficients before the implementation of the BCP, which indicates that without the policy shock, the development trend is consistent across all cities, thus indicating that the increase in house prices is indeed significantly influenced by the BCP and satisfies the parallel trend hypothesis.




4.2.2. Placebo Test


Drawing on the ideas of the study by He and Ma (2021), we used two methods to construct a virtual treatment group and a virtual policy time for the placebo test.



First, we used the virtual treatment group. In this paper, the treatment group was swapped with the control group, and the re-regression results are shown in Table 5. It can be seen that after constructing the virtual treatment group, the driving effect of the construction of the national innovation city on entrepreneurial activity and the interaction between the two did not pass the significance test. Secondly, we used the dummy policy time.




4.2.3. Excluding Other Policy Interference


During the period under examination, the national entrepreneurial city pilot policy introduced in 2010 and the smart city construction carried out after 2012 are relevant to this study. The above policies can enhance the optimization of the city’s industrial structure, improving the city’s infrastructure and thus the city’s house prices. In light of this, in the baseline regression model, we added dummy variables for the year of implementation of the national entrepreneurial city policy and the smart city pilot policy in turn to control for the impact of the two policies on the test results.



The regression results are shown in Table 6. It can be seen that after controlling for the two types of policies mentioned above, the effect of the BCP on house prices is still significantly positive, which indicates that the BCP has a significant pulling effect on house prices, and that the effect is brought about by the policy itself rather than because of the influence of other similar policies.






5. Mechanism Analysis


The previous section demonstrated that the implementation of the BCP can raise house prices, and this section further explains through which channels the policy affects house prices. On the basis of the literature review, we argue that land urbanization and infrastructure and industrial optimization and upgrade are among the potential mechanisms, i.e., the promotion of the BCP can improve urban infrastructure, promote industrial structure optimization and upgrade, and thus increase house prices. We used SAR, SEM, and SDM models to test the mechanism and explore the potential spatial spillover effects, with the following model settings.
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5.1. Land Urbanization Effect


We examined the impact of the BCP on house prices through the land urbanization effect. The results are shown in Table 7, where columns (1)–(2) correspond to the SAR model, columns (3)–(4) to the SEM model, and columns (5)–(6) to the SADM model. The results show that the BCP can significantly improve house prices. Moreover, the BCP can promote land urbanization, indicating that the mechanism holds. The reasons might be as follows: for a pilot city, it is necessary to promote land urbanization so that the city can implement the policy more effectively. Moreover, the spillover effect is positive, indicating that the land urbanization of one city will have a significant effect on neighboring cities.




5.2. Infrastructure Improvement Effect


We examined the impact of the BCP on house prices through infrastructure improvements. The results are shown in Table 8, where columns (1)–(2) correspond to the SAR model, columns (3)–(4) to the SEM model, and columns (5)–(6) to the SADM model. The coefficient for the BCP remains positive and significant, indicating that the conclusion of the benchmark regression is still robust, i.e., the BCP can increase house prices. At the same time, the coefficient of the cross-product term is positive, indicating that the implementation of the BCP can improve urban infrastructure and thus increase urban house prices. The coefficients of all the spatial terms are significant, which indicates that there is a significant spatial spillover of the impact of the BCP on infrastructure development. This is consistent with the reality: the improvement of a city’s digital infrastructure requires not only the city’s investment; in addition, the construction involved requires the collaboration of neighboring cities. Furthermore, when the price of housing in a city is too high, this can cause some of the population to move to other cities, thus creating significant spatial spillovers.




5.3. Industry Optimization and upgrade Effect


We then examined the impact of the BCP on house prices through the optimization and upgrade of the industrial structure and hence house prices. The results are shown in Table 9, where columns (1)–(2) correspond to the SAR model, columns (3)–(4) to the SEM model, and columns (5)–(6) to the SADM model. The results show that the BCP can significantly improve house prices. Meanwhile, the coefficient of the cross-product term is positive, indicating that the implementation of the BCP can promote the optimization and upgrade of industrial structure, which, in turn, can increase urban house prices. The coefficients of all the spatial terms are significant, which indicates that there is a significant spatial spillover of the impact of the BCP on the optimization and upgrade of industrial structure. One possible reason for this is that the BCP brings in new digital industries, while they can also promote the optimization and upgrade of traditional industries. Moreover, due to the strong correlation between urban industries, the optimization and upgrade of the industrial structure in one city can also lead to the development of industries in other cities. In addition, the development of inter-city industries will in turn affect house prices.





6. Heterogeneity Analysis


6.1. Heterogeneity in the Level of a City’s Economy


The level of economic development of a city represents, to a certain extent, the strength of its policy implementation. The higher the level of economic development of a city, the more human and material resources it can provide for policy implementation. The level of economic development of a city also affects the price of housing in the city. Therefore, we used the level of GDP of a city as a criterion to classify cities into three categories: cities with high, medium, and low economic development. The specific results are as follows. For cities with medium and low economic development, the drive of the BCP has a stronger effect on the city’s house prices. One possible explanation for this is that the marginal benefit of the Broadband China construction is more significant for low and medium levels of economic development. In addition, for cities with a high degree of economic development, government control over house prices is usually greater, so instead the policy drive on house prices is stronger for cities with a medium or low degree of economic development.




6.2. Heterogeneity of Administrative Levels of Cities


Cities at different administrative levels differ markedly in terms of resource endowment, industrial status, infrastructure development, and level of economic development. Municipalities under direct jurisdiction, provincial capitals, and sub-provincial cities are stronger than other types of cities in terms of economic scale and concentration of entrepreneurial factors. In this paper, the city rank dummy variable (Rank) was introduced, and municipalities directly under the central government, provincial capitals, and sub-provincial cities were defined as central cities, and the Rank dummy variable (Rank) was assigned a value of 1, while other cities were assigned a value of 0. Furthermore, the interaction terms city rank dummy variable, policy dummy variable, and entrepreneurial activity variable were introduced into the base model for heterogeneity analysis.



The regression results are shown in Table 10, where the effect of the BCP on house prices is significantly negative at the 1% statistical level, indicating that the pulling effect of the BCP on house prices is more significant in cities with a lower administrative rank. The possible explanation is that for central cities, where house prices and the overall state of infrastructure development are more mature, the marginal effect of the pilot policy is smaller. In contrast, the innovative development of non-central cities is in the stage of development and catching up, with strong endogenous economic dynamics and sufficient development momentum, and the potential of the BCP has been fully utilized.




6.3. Heterogeneity of Urban Location Characteristics


In comparison with central and western regions, cities in the eastern region are the “pioneers” and “participants” of many pilot policies and have a natural advantage in terms of participation and implementation of policies. For this reason, we divided the sample into three regions, east, west and central, and performed group regression analysis.



The results of the regressions are shown in Table 10. For cities in the east, central and west regions, the BCP significantly increased urban house prices, suggesting that the policy itself did not differ significantly in terms of locational characteristics. Possible explanations for this are as follows. In recent years, the state has formulated and implemented the Western Development Strategy and the Central Region Rising Plan to give more preferential help policies to the central and western regions, which have achieved certain results and to a certain extent compensated for the locational disadvantages of the central and western cities, narrowing the differences in the effects of the policy pilot.





7. Discussion and Conclusions


7.1. Research Conclusions


The BCP is an important institutional exploration in the process of developing China’s digital economy and improving infrastructure construction. How to effectively promote the Broadband China Policy so that it can better serve the urbanization process, empower the real economy, and promote high-quality economic development has become an important issue of concern for the government and society, as well as a hot spot for academic research [1,2]. Meanwhile, housing prices are an important factor affecting China’s economy. In this paper, we empirically examined the effect of the BCP on urban house prices and the mechanism of its effect based on panel data in respect of Chinese prefecture-level cities, from the perspective of house prices, by adopting a spatial multi-period DID approach in the context of national innovation city construction. Studying the BCP can also provide valuable insights for policymakers in other countries as they formulate their own broadband policies [3,4]. Through a comparative analysis, we demonstrated that aspects of China’s policy framework can be adapted and implemented in different national contexts to foster more equitable, efficient, and sustainable broadband infrastructure development. By embracing the lessons learned from China’s experience, other countries can better position themselves to capitalize on the opportunities presented by the digital age. The conclusions of our study are as follows:



First, the promotion of the BCP can increase urban house prices, accompanied by a positive spatial spillover effect. The findings hold after robustness tests such as parallel trend tests, placebo tests, and controlling for shocks from other similar policies.



Secondly, the improvement of infrastructure and the optimization and upgrade of industrial structure are important mechanisms for the BCP to raise house prices, and BCP can promote the improvement of infrastructure and optimization of industrial structure in each city, which in turn raises urban house prices.



Thirdly, there is significant heterogeneity in the impact of the BCP on house prices. Policies have a weaker effect on raising house prices in municipalities directly under the central government, provincial capitals, and sub-provincial cities than in ordinary cities. The pull of policies on house prices is stronger in cities with medium and low levels of economic development. We also found that the BCP had a pulling effect on house prices in both the east and west regions.



Not only does our study examine how BCP improves house prices. We also provide valuable insights for other countries all over the world concerning the digital policy and how to achieve better and more sustainable development.




7.2. Policy Implications


The BCP offers valuable insights and lessons that can be helpful for other countries. Firstly, China has made significant strides in developing and deploying broadband infrastructure, becoming a global leader in the digital economy. With its expansive network and the world’s largest internet user base, China serves as an important case study for understanding the factors that contribute to successful broadband policy implementation [5,6]. Secondly, China’s broadband policy has been implemented at an unprecedented scale and speed. This rapid deployment provides a unique opportunity to analyze how various challenges, such as last-mile connectivity and rural–urban disparities, can be effectively addressed. Studying China’s experiences can help other countries formulate their own strategies to overcome similar obstacles [7]. Thirdly, the Chinese government has employed innovative policy instruments to promote broadband access and affordability. Examples include public–private partnerships, targeted subsidies, and regulatory frameworks that foster competition and innovation [8]. These policy tools can serve as valuable references for other countries seeking to create or refine their broadband policies. Fourthly, while China’s broadband policy is tailored to its specific context, many aspects of its approach can be adapted and implemented in other countries. By examining China’s successes and failures, policymakers worldwide can identify the best practices and strategies that are applicable to their own national contexts, fostering more equitable, efficient, and sustainable broadband infrastructure development [9,10]. The specific policy implications are as follows:




	
Investigate the multifaceted trajectory of Broadband China development and enhance the effectiveness of pilot policy execution. Cities must persist in fortifying the institutional framework encompassing digital infrastructure, industrial assistance, and talent acquisition to further refine the comprehensive urban milieu during the implementation of the Broadband China initiative.



	
Intensify housing price regulation and suppress speculative activities. Potential speculators may exploit the policy’s progress to engage in property market manipulation. Disproportionate surges in housing prices could hinder a city’s holistic growth and efficient land utilization. As urbanization advances, monitoring and controlling housing prices is imperative to fostering high-quality urban evolution.



	
Advocate for locally tailored urbanization and emphasize synchronized regional growth. Considering the industrial structure impact, infrastructural ramifications, and spatial spillover resulting from the Broadband China initiative, a dynamic and context-specific approach should be employed while promoting the policy to avoid a blanket, one-size-fits-all strategy.



	
Direct the redistribution and allocation of resource factors to invigorate urban innovation and entrepreneurship. Primarily, a more lenient talent recruitment policy should be established to attract a greater influx of innovative resources and skilled individuals, facilitating the agglomeration of a high-caliber workforce, optimizing the regional talent resource distribution, and ultimately stimulating entrepreneurial vigor.









7.3. Limitations and Further Planning


Data: The analysis was based on cross-sectional data, which limited our ability to establish causal relationships. Longitudinal data could provide more robust evidence for the claims made in this paper, and future research should consider employing such data when available. In future research, we plan to update our database and use more precise data to research similar topics.



Word count constraints: Due to the limited word count allowed for this paper, we were unable to delve into more insightful discussions and explore additional dimensions of the topic. In future research, we plan to expand on these aspects and provide a more comprehensive analysis, further enriching our understanding of the subject matter.
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Table 1. Descriptive statistics for each variable.






Table 1. Descriptive statistics for each variable.





	Variable Name
	Average
	Standard Deviation
	Min
	Max
	N





	did
	0.3058
	0.2015
	0.0000
	1.0000
	3372



	hp
	2.4460
	7.1286
	0.0464
	64.0385
	3372



	industry
	0.1760
	0.1131
	0.0374
	0.4333
	3372



	land
	48.1854
	8.7020
	28.3300
	66.4100
	3372



	manufacture
	1.2886
	0.5895
	0.4380
	3.3208
	3372



	science
	0.0133
	0.0113
	0.0016
	0.0424
	3372



	finance
	1.3300
	1.2034
	0.4697
	9.6221
	3372



	fdi
	0.0105
	0.0133
	0.0000
	0.0613
	3372



	edu
	0.0405
	0.0736
	0.0009
	0.4277
	3372



	den
	0.0401
	0.0329
	0.0011
	0.1185
	3372
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Table 2. House price global Moran’s I index.






Table 2. House price global Moran’s I index.














	Year
	2009
	2010
	2011
	2012
	2013
	2014



	Moran I
	0.064 ***
	0.066 ***
	0.052 ***
	0.052 ***
	0.051 ***
	0.052 ***



	Year
	2015
	2016
	2017
	2018
	2019
	



	Moran I
	2015
	0.043 ***
	0.038 ***
	0.046 ***
	0.050 ***
	







Note: Moran’s I bilateral test; *** indicates significance at the 1%, respectively.













[image: Table] 





Table 3. Baseline regression results.






Table 3. Baseline regression results.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)

	
(7)

	
(8)




	
Variables

	
lnhp

FE

	
lnhp

FE

	
lnhp

SAR

	
lnhp

SAR

	
lnhp

SEM

	
lnhp

SEM

	
lnhp

SDM

	
lnhp

SDM






	
DID

	
0.275 **

	
0.528 ***

	
0.251 **

	
0.534 ***

	
0.234 **

	
0.542 ***

	
0.221 **

	
0.492 ***




	

	
(2.33)

	
(3.61)

	
(2.22)

	
(3.70)

	
(2.11)

	
(3.79)

	
(2.03)

	
(3.39)




	
City FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Control FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Year FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Rho

	

	

	
0.186 ***

	
0.139 **

	

	

	
0.157 ***

	
0.117 **




	

	

	

	
(3.43)

	
(2.52)

	

	

	
(3.10)

	
(2.29)




	
Lambda

	

	

	

	

	
0.179 ***

	
0.121 **

	

	




	

	

	

	

	

	
(3.29)

	
(2.15)

	

	




	
Observations

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372




	
R-squared

	
0.033

	
0.108

	
0.041

	
0.054

	
0.048

	
0.061

	
0.001

	
0.011




	
Number of city

	
281

	
281

	
281

	
281

	
281

	
281

	
281

	
281




	
City FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Year FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES








Note: *** and ** indicate significance at the 1%, and 5% levels, respectively.
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Table 4. Parallel trend results.






Table 4. Parallel trend results.











	
	(1)
	(2)
	(3)





	did
	0.1110
	0.1956
	0.0880



	
	(0.5676)
	(1.0675)
	(0.5028)



	rho
	−0.4845
	−1.8648
	0.5587



	
	(−0.1238)
	(−0.4939)
	(0.1566)



	_cons
	−3.0603
	−3.4299
	−6.7852



	
	(−0.2920)
	(−0.3454)
	(−0.6825)
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Table 5. Placebo test.






Table 5. Placebo test.











	
	(1)
	(2)
	(3)





	did
	0.2640
	0.5156
	0.4356



	
	(0.2165)
	(0.4346)
	(0.3283)



	rho
	0.1514
	0.1551
	0.1256



	
	(1.1052)
	(1.2605)
	(0.9157)



	_cons
	−2.9614
	−3.1950 *
	−2.6348



	
	(−1.4312)
	(−1.7116)
	(−1.2489)
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Table 6. Excluding other policy interference.






Table 6. Excluding other policy interference.











	
	(1)
	(2)
	(3)





	water1
	0.4061 **
	0.1213 *
	0.1256 *



	
	(1.9954)
	(1.8152)
	(1.7323)



	_cons
	−4.1901 *
	−2.8734
	−3.2898



	
	(−1.9492)
	(−1.5569)
	(−1.4766)







Note: ** and * indicate significance at the 5% and 10% levels, respectively.
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Table 7. Land urbanization mechanism.






Table 7. Land urbanization mechanism.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)

	
(7)

	
(8)




	
Variables

	
lnhp

FE

	
lnhp

FE

	
lnhp

SAR

	
lnhp

SAR

	
lnhp

SEM

	
lnhp

SEM

	
lnhp

SDM

	
lnhp

SDM






	
DID

	
0.196 ***

	
0.151 ***

	
0.199 ***

	
0.130 **

	
0.138 ***

	
0.115 **

	
0.199 ***

	
0.130 **




	

	
(3.58)

	
(2.71)

	
(3.50)

	
(2.29)

	
(2.64)

	
(2.22)

	
(3.50)

	
(2.29)




	
Land

	
0.014

	
0.019 *

	
0.017

	
0.021 *

	
0.019 *

	
0.020 *

	
0.026 **

	
0.031 ***




	

	
(1.33)

	
(1.78)

	
(1.62)

	
(1.95)

	
(1.81)

	
(1.88)

	
(2.41)

	
(2.70)




	
City FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Control FE

	
NO

	
YES

	
NO

	
YES

	
NO

	
YES

	
NO

	
YES




	
Year FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Rho

	

	

	
0.186 ***

	
0.139 **

	

	

	
0.157 ***

	
0.117 **




	

	

	

	
(3.43)

	
(2.52)

	

	

	
(3.10)

	
(2.29)




	
Lambda

	

	

	

	

	
0.179 ***

	
0.121 **

	

	




	

	

	

	

	

	
(3.29)

	
(2.15)

	

	




	
Observations

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372




	
R-squared

	
0.036

	
0.112

	
0.043

	
0.047

	
0.051

	
0.056

	
0.006

	
0.007




	
Number of city

	
281

	
281

	
281

	
281

	
281

	
281

	
281

	
281




	
City FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Year FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES








Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.
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Table 8. Infrastructure improvement mechanism.






Table 8. Infrastructure improvement mechanism.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)

	
(7)

	
(8)




	
Variables

	
lnhp

FE

	
lnhp

FE

	
lnhp

SAR

	
lnhp

SAR

	
lnhp

SEM

	
lnhp

SEM

	
lnhp

SDM

	
lnhp

SDM






	
DID

	
0.512 ***

	
0.789 ***

	
0.153 ***

	
0.020 *

	
0.026 **

	
0.031 ***

	
0.013 ***

	
0.019 *




	

	
(0.016)

	
(0.021)

	
(0.016)

	
(1.88)

	
(2.41)

	
(2.70)

	
(1.74)

	
(1.81)




	
Land

	
0.174 ***

	
0.019 *

	
0.117 **

	
0.021 *

	
0.019 *

	
0.020 *

	
0.026 **

	
0.031 ***




	

	
(1.99)

	
(1.78)

	
(2.29)

	
(1.95)

	
(1.81)

	
(1.88)

	
(2.41)

	
(2.70)




	
City FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Control FE

	
NO

	
YES

	
NO

	
YES

	
NO

	
YES

	
NO

	
YES




	
Year FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Rho

	

	

	
0.186 ***

	
0.139 **

	

	

	
0.157 ***

	
0.117 **




	

	

	

	
(3.43)

	
(2.52)

	

	

	
(3.10)

	
(2.29)




	
Lambda

	

	

	

	

	
0.179 ***

	
0.121 **

	

	




	

	

	

	

	

	
(3.29)

	
(2.15)

	

	




	
Observations

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372




	
R-squared

	
0.036

	
0.112

	
0.043

	
0.047

	
0.051

	
0.056

	
0.006

	
0.007




	
Number of city

	
281

	
281

	
281

	
281

	
281

	
281

	
281

	
281




	
City FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Year FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES








Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.
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Table 9. Industry optimization mechanism.






Table 9. Industry optimization mechanism.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)

	
(7)

	
(8)




	
Variables

	
lnhp

FE

	
lnhp

FE

	
lnhp

SAR

	
lnhp

SAR

	
lnhp

SEM

	
lnhp

SEM

	
lnhp

SDM

	
lnhp

SDM






	
DID

	
0.084 ***

	
0.085 ***

	
0.095 ***

	
0.081 ***

	
0.024 ***

	
0.024 ***

	
0.014 **

	
0.024 ***




	

	
(3.12)

	
(2.29)

	
(1.95)

	
(1.81)

	
(1.88)

	
(3.29)

	
(3.61)

	
(2.22)




	
Land

	
0.121 **

	
0.279 ***

	
0.006 **

	
0.006 **

	
0.540 ***

	
0.680 ***

	
0.025 ***

	
0.021 ***




	

	
(0.57)

	
(1.05)

	
(0.53)

	
(0.53)

	
(2.34)

	
(2.16)

	
(1.87)

	
(1.57)




	
City FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Control FE

	
NO

	
YES

	
NO

	
YES

	
NO

	
YES

	
NO

	
YES




	
Year FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Rho

	

	

	
0.186 ***

	
0.139 **

	

	

	
0.157 ***

	
0.117 **




	

	

	

	
(3.43)

	
(2.52)

	

	

	
(3.10)

	
(2.29)




	
Lambda

	

	

	

	

	
0.179 ***

	
0.121 **

	

	




	

	

	

	

	

	
(3.29)

	
(2.15)

	

	




	
Observations

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372

	
3372




	
R-squared

	
0.036

	
0.112

	
0.043

	
0.047

	
0.051

	
0.056

	
0.006

	
0.007




	
Number of city

	
281

	
281

	
281

	
281

	
281

	
281

	
281

	
281




	
City FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Year FE

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES








Note: *** and ** indicate significance at the 1% and 5% levels, respectively.
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Table 10. Heterogeneity analysis.
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	Economy High
	Economy Middle
	Economy Low
	Administrative High
	Administrative Middle
	Administrative Low
	Eastern Region
	Central Region
	Western Region





	did
	3.6910 **
	2.6198 *
	0.4061 **
	4.2723 **
	3.3169 **
	0.3551 *
	3.5851 *
	5.4974 **
	4.8785 *



	
	(2.0712)
	(1.7283)
	(1.9954)
	(2.4334)
	(2.1166)
	(1.9106)
	(1.8244)
	(2.1536)
	(1.8857)



	rho
	0.1151
	0.1213 *
	0.1256 *
	0.4610 **
	1.5251
	0.3551 *
	0.0022
	0.2182
	0.8251 ***



	
	(1.5515)
	(1.8152)
	(1.7323)
	(2.1415)
	(0.4169)
	(1.9106)
	(0.0060)
	(0.7844)
	(2.9919)



	_cons
	−4.1901 *
	−2.8734
	−3.2898
	−2.1854
	−0.1505
	−0.5708
	0.7687
	−2.2825 **
	−2.8020 ***



	
	(−1.9492)
	(−1.5569)
	(−1.4766)
	(−1.2258)
	(−0.1011)
	(−0.3239)
	(0.4128)
	(−2.1157)
	(−2.7986)







Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively.
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