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Abstract 
 
China has the most extensive high-speed rail (HSR) network in the world. This study investigated 
how HSR impacted the land market in China from 2004 to 2016, including land prices, supply, and 
leasing revenue. This study applied the difference-in-differences and market access methods. The 
results indicated that HSR networks significantly impacted land market outcomes, although there 
were considerable heterogeneities depending on land use, urban hierarchies, and geographical 
locations. There was a strong spatial mismatch between population urbanization and land lease 
suburbanization. HSR increased land prices and supply of service land use, suggesting that HSR 
promoted the formation of consumer cities. Residential and service land prices and population would 
decline by 17%, 52%, and 7%, respectively, in the absence of HSR networks. These results have 
implications for policymakers and planners in evaluating the benefits of HSR development and 
understanding how HSR reshapes land market and urban growth patterns in China.  
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High-speed rail, market access improvement, and land market outcomes: Evidence from China 
 
 

Introduction 
 
High-speed rail (HSR) is a modern inter-city transportation technology that provides fast, safe, and 
punctual passenger trip services. In general, HSR is defined as a railway system in which railway 
trains operate at speeds above 250 km/h. The first modern HSR line was operated in Japan in 1962, 
and the development trends moved to European countries in the 1980s. In the early 2000s, China 
began building an HSR network. Triggered by political forces and rising inter-city travel demand, 
HSR development speed in China is particularly impressive (Chang 2021). By 2019, China built a 
35,000 HSR network, accounting for more than two thirds of the world’s stock. The rapid 
development trend continues, with the goal of connecting all Chinese cities with a population of over 
500,000 to the HSR network by 2025 (National Railway Administration of China 2016).  
 
HSR has a profound impact on the economic activities of cities. Empirical studies have found that 
HSR promotes urban growth by attracting population, employment, and investment (Chang 2021; 
Diao 2018). One channel contributing to urban growth is agglomeration economies, which refers to 
the benefits of the proximity of firms and people. Studies have found that agglomeration economies 
provide a number of economic benefits to cities, such as high productivity and wages (Duranton and 
Puga 2004; Rosenthal and Strange 2004). As proximity benefits can be regarded as commuting cost 
reduction, HSR reinforces urban agglomeration (Chang 2021). However, existing studies indicated 
that HSR favors the growth of mega cities, while the gains for those cities come at the expense of 
medium and small cities along the HSR corridors (Qin 2017). The redistributive effect of HSR 
among cities was found in Japan, the European Union, and China (Qin 2017; Sasaki et al 1997; 
Vickerman 1997; Zheng et al 2019). Accordingly, empirical literature is inconclusive regarding 
whether the gains brought by HSR are generative or redistributive from a regional perspective. 
 
As all economic activities are facilitated in space, the land and housing markets are important factors 
in understanding the spatial patterns of urban growth. Scholars have examined the impact of HSR on 
housing prices at various geographic scales in China. For instance, Zheng and Kahn (2013) found 
that HSR significantly raises city-level housing prices due to improved market potential. Chen and 
Haynes (2015) examined the impact of HSR on housing prices for cities along the Beijing-Shanghai 
HSR corridors and found that HSR increases housing prices in medium and small cities rather than in 
larger cities. Diao et al. (2017) found that if the HSR station is located in a suburban area, the 
benefits of inter-city travel are offset by prolonged intra-city travel and the housing price does not 
increase. Chang and Diao (2021) examined the impact of HSR lines on the housing market in 
Shenzhen and found that housing prices decline by approximately 12% for housing complexes 
within 2 km of HSR stations. As the HSR station is well connected to the city’s metro network, the 
overall housing price increases by approximately 7% for housing complexes located within a 1-km 
metro catchment area. Moreover, the price variation depends on the metro commuting time from 
HSR to metro stations. Overall, they found that HSR increased housing prices in Shenzhen, although 
there was a great redistribution effect. 
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Studies on housing market responses to HSR largely estimate the extent to which accessibility 
benefits can be capitalized to housing prices. In other words, HSR is regarded as an amenity to cities. 
A similar approach can be applied to land markets. For instance, Huang and Du (2021) found that 
HSR increases land prices, particularly for commercial use, with a greater effect for highly dense 
cities. Chen et al. (2020) found that HSR can induce structural changes in the Chinese land market. 
Nevertheless, compared to housing market studies, research on the impact of HSR on the land 
market is relatively rare. 
 
Unlike most Western countries, the land market in China is a public leasehold system rather than a 
free hold system (Murakami and Chang 2018). The public sector owns land, and land use rights can 
be auctioned through the open market. Land leasing revenue is the most important fiscal source for 
urban growth (Chang 2014; Chang and Murakami 2019). Although land leasing prices are largely 
determined by the market, the decision of land supply is on the government side. Land supply has 
become an instrument for the public sector to shape and guide urban growth patterns. Several studies 
have evaluated the impact of HSR on land prices; however, it is not clear how HSR affects land 
supply and leasing revenue of the public sector. This has implications for understanding the spatial 
patterns of urban growth and local public finance.  
 
As HSR can facilitate more economic activities and raise land values, many local governments 
launched the so-called HSR new town program to initiate large-scale real estate development 
projects and obtain the land revenue windfall (Chang 2021). In new town developments, HSR and 
land supply were used as instruments to attract developers and consumers. Although some new 
towns were successful, many others remained empty for years due to a lack of public facilities and 
remote locations and became known as “ghost towns” (Chen et al. 2019; Dong et al. 2021). The HSR 
new town program implies suburbanization development by increasing land supply, while HSR 
generally promotes the movement of the population from suburban to urban districts. Population 
urbanization and land lease suburbanization indicate a spatial mismatch of land leases, which could 
explain the ghost town phenomenon.  
 
In sum, this study aimed to quantify the causal impact of HSR development on land market 
outcomes in China. We investigated land market responses to HSR extensions, including land price, 
supply, and leasing revenues. Most extant studies on HSR focused on the city level (Borusyak and 
Hull 2021; Lin 2017; Qin 2017), while this study examined the county level, as counties have fiscal 
and administrative autonomy and local governments can decide the land leasing pattern. 
Methodologically, we employed the difference-in-differences (DID) method and the market access 
(MA) approach to evaluate the causal impact of HSR shock on the land market.  
 
This study made several contributions to existing literature. First, existing studies mainly focused on 
the impact of HSR on land prices (Chen et al. 2020; Huang and Du 2021), whereas the present study 
investigated the response of land supply and leasing revenue, which is useful for understanding 
government decision-making and extending the dimensions of existing literature. Second, this study 
was conducted at the county level and encompassed all of China. The extended research scope can 
yield more implications for the heterogeneous effects of HSR on land market responses. Third, most 
existing studies adopted the DID method as a causal inference tool, whereas this study employed the 
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most frontier MA approach (Donaldson and Hornbeck 2016), which is a general equilibrium 
approach and helps improve understanding of the underlying mechanisms. In addition, this study 
conducted a contrafactual estimation to evaluate the benefits of HSR on land values. Furthermore, 
this study provided significant policy implications for the public and private sectors. 
 
This study is related to several broader categories of literature. First, it relates to the literature on 
HSR development and urban growth. Examining land market outcomes can reveal why HSR 
networks have different impacts on urban growth, industrial activities, and the housing market 
(Chang and Diao 2021, Chang and Zheng 2020; Zheng et al. 2019). Second, it relates to the literature 
on new town development and broader place-based policies. In China, the local government 
launched many programs to stimulate economic growth, and the HSR new town program is one such 
policy. Other policies include industrial park policies and special economic zones (Lu et al. 2019, 
Zheng et al. 2017). Some place-based programs are successful, while many others are not (Glaeser 
and Gottlieb 2008). This study provided a new perspective to understand government intervention 
and market responses from HSR development and the land market perspective. Third, this study is 
related to the literature on the land market and the public finance system. There are many studies on 
the land market system from institutional, economic, and asset price perspectives (Cai 2016; Liu et 
al. 2014; Wu 2019). This study examined how the inter-city transportation system can affect the land 
market structure and leasing revenue, which provided a novel angle that contributes to the land and 
public finance literature.  
 
 

Background 
 
Over the past decade, China has developed the most extensive HSR network in the world. HSR 
development in China has followed two stages: an experimental period from 2003 to 2007 and a 
large-scale construction period from 2008 onward. The former was marked by the operation of the 
Qinhuangdao–Shenyang Passenger Dedicated Line in 2003 with an operation speed of 160 km/h. Its 
implementation accumulated technical and operational experience for subsequent HSR construction. 
In 2008, a new HSR line between Beijing and Tianjin with a higher speed of 350 km/h was put into 
operation, kicking off China’s large-scale implementation of the HSR network. The rapid expansion 
of the HSR network was attributed to rising railway travel demand, political forces, and the four 
trillion RMB stimulus package implemented during the Great Recession of 2008 (Chang 2021).  

 
The plan to develop a HSR network dates back to the early 1990s, when the railway service capacity 
could not satisfy the rising demand due to rapid urbanization. In 2004, the State Council made 
China’s mid-to-long-term railway development plan, which was revised in 2008 and 2016 to 
accommodate rapid HSR development. According to the 2016 Development Plan (National Railway 
Administration of China 2016), the HSR network will connect all cities with a population of over 
500,000 by 2025. The interregional travel time between nearby metropolitan areas will be reduced to 
one to four hours, and the intra-regional travel time will be half an hour to two hours within 
metropolitan areas. As the fare rate of Chinese HSR is affordable compared to many other countries, 
reduced passenger travel cost stimulates railway ridership. According to the Chinese Statistical 
Yearbook (2020), the share of ridership by railway in all transportation modes increased from 5% in 
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2012 to 20.8% in 2019, largely due to the operation of HSR (National Bureau of Statistics of China 
2020).  

 
In the Chinese local public finance system, governments receive budgetary and extra budgetary 
revenue. Budgetary revenue is largely composed of tax revenue, which is shared between central and 
local governments. However, extra budgetary revenue, such as land leasing revenue, can remain and 
be used entirely at the local level (Chang 2014). The land leasing revenue is a lump sum fee that 
developers pay to local governments to obtain the use rights of land parcels for real estate 
development. The early transaction of land parcels between local governments and developers is 
based on negotiation, which involves the corruption and abuse of land resources (Ding 2003). In 
2004, the State Council established a law requiring all land parcels to be auctioned in the open 
market through three types of methods: public auction, bidding, and listing (Cai et al 2013). Since 
then, the land leasing process has become relatively transparent, and the value of parcels through 
public auctions largely reflects its market value. Accordingly, land leasing revenue has increased 
substantially and has become the most important revenue source for local governments to finance 
urban development. Table 1 summarizes annual local government revenues since 2010. This shows 
that the amount of land leasing revenue increased from 2.91 trillion RMB in 2010 to 8.41 trillion 
RMB in 2020. On average, this contributes to approximately 35% of the total local revenue. In 
general, the contribution of land revenue is relatively low for cities in the east coast region, which 
have more tax-based income. In contrast, land revenue plays a key role in urban development for 
medium and small cities, especially in less-developed regions that do not possess much budgetary 
revenue. 
 
Table 1: Local government revenue and land leasing income (Trillion RMB) 

  Total Revenue Budgetary Extra- Budgetary Land Revenue  Land Revenue /Total Revenue 

2010 7.32 4.06 3.26 2.91 39.76% 

2011 9.07 5.24 3.82 3.32 36.59% 

2012 9.53 6.11 3.42 2.85 29.93% 

2013 11.70 6.90 4.80 4.13 35.26% 

2014 12.59 7.59 5.00 4.26 33.85% 

2015 12.12 8.30 3.82 3.25 26.85% 

2016 12.96 8.72 4.24 3.75 28.89% 

2017 14.91 9.14 5.76 5.21 34.92% 

2018 16.93 9.79 7.14 6.51 38.46% 

2019 18.16 10.11 8.05 7.42 40.87% 

2020 19.01 10.01 8.99 8.41 44.27% 

Note: The data is from the multiple reports of annual government revenue from Ministry of Finance of the People’s Republic of China. 

http://www.mof.gov.cn/gkml/caizhengshuju/ 

 
The annual amount of land leasing revenue has fluctuated. Chang (2014) raised the concern that the 
land leasing revenue may not be sustainable as the land resources could be exhausted in urban areas 
and the land revenue is affected by the real estate market, which is heavily regulated by the central 
government. Indeed, land resources in urban areas have become scarce owing to rapid urbanization 
in the past decade. Local governments are eager to find new revenue sources, and HSR provides such 
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an opportunity.  
 
The rising HSR ridership brings many economic opportunities to cities along the HSR corridors. 
Local governments fiercely compete for HSR access, and the entire process of HSR planning and 
implementation involves bargaining and negotiation among different levels of government. Three 
main players are involved in HSR planning and implementation. China Railway creates an overall 
HSR network plan and construction. When HSR networks are across one jurisdiction, they discuss a 
detailed implementation plan with local authorities. The provincial government prefers to have more 
HSR access to their localities. The prefecture governments see HSR as an opportunity to boost the 
local economy and obtain land revenue windfall. Many local governments prefer to build HSR 
stations in new development areas where land resources are abundant, and the cost of land 
acquisition and assembly is low. In addition, China Railway is willing to build HSR stations in new 
development areas, as they are concerned with development speed and radius requirements. 
Accordingly, many HSR stations in China are built in new development areas far away from the city 
center, unlike Japan and the European Union, which build HSR in urban centers. 

 
To leverage the spatial spillover benefits of HSR stations, many local governments launched massive 
real estate development projects for areas close to HSR stations in new development areas, referred 
to as the HSR new town program. It is common to see high-rise buildings around HSR stations. 
However, the performance of new HSR towns varies. Some towns are successful in their economic 
growth, while many others become “ghost towns” and remain vacant for years (Woodworth and 
Wallace 2017). Zheng et al. (2019) found that nighttime light satellite images increased by 
approximately 27% for areas within the 4 km radius of HSR stations, suggesting a strong spatial 
spillover effect of HSR for local development; however, this effect was weak for small cities and 
stations far from the city center. Similarly, Chen et al. (2019) noted that many new HSR towns 
become ghost towns due to their remote location and lack of basic living facilities, such as schools 
and public transportation services. Dong et al. (2021) used satellite imagery data to track the 
development of new HSR towns and found that location and local market access were key 
determinants of success for new towns. 
 
Nevertheless, HSR development has a profound impact on the Chinese land market. Local 
authorities may strategically lease more land to facilitate new HSR towns and urban redevelopment, 
which have implications for land supply, local land leasing revenue, asset prices, and the spatial 
patterns of settlements.  
 
 

Methodology 
 
In China, most provinces are composed of nearly one dozen prefecture cities. Each prefecture city is 
composed of a few adjacent urban districts and multiple counties or county-level cities. Urban 
districts are directly controlled by the prefecture government; therefore, the adjacent urban districts 
can be regarded as one observation unit. The counties are considered suburban/rural areas; however, 
they enjoy a large degree of administrative and fiscal autonomy compared to urban districts. 
Administratively, counties and urban districts are on the same level. As the scale of HSR new towns 
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is comparable to the county scale (Zheng et al 2019), this study focused on the land market at the 
county level. To explore the causal effect of HSR on China’s land market, two different empirical 
methods were used to quantify the magnitude and mechanism of the HSR shock on land leasing 
prices, volume, and values: the DID method and the MA approach.  

 
DID method 
 
Existing literature argues that HSR development can be regarded as a quasi-experimental shock, 
particularly for intermediate cities (Ahlfeldt and Feddersen 2018; Qin 2017). HSR development is 
intended to reduce interregional travel time, particularly for large cities; however, HSR lines must 
pass through several intermediate cities. For intermediate cities, HSR shock is largely exogenous. 
Literature called the quasi-experimental shock of transportation system the “inconsequential places 
approach” (Redding and Turner 2015). Chang et al. (2021b) argued that the inconsequential places 
approach is more attractive at the county level, even for terminal mega cities. The idea is that 
policymakers may decide to build HSR to connect two mega cities. However, the location choice of 
HSR stations within a prefecture city is not initially determined. As both counties and urban districts 
have incentives to obtain HSR access, the decision-making process involves many lobbies and 
negotiations among different layers of government. Given the uncertainty embodied in the decision-
making process, which county can obtain HSR access and when is largely undetermined ex ante.  
 
Following existing studies, the DID model was utilized, including all counties and urban districts in 
the empirical analysis. The DID method is one of the most popular causal inference methods and has 
been widely used in empirical studies and policy evaluations (Chang et al 2021a; Chang et al 2021c; 
Chang and Li 2018; Chang and Li 2021). In this study, counties that received HSR access were 
defined as the treatment group, while the others were defined as the control group. As multiple 
counties opened their HSR service in different years, this study adopted the standard two-way fixed 
effect DID model, as shown in the following equation: 
 

𝐿𝑎𝑛𝑑 = 𝑎  + 𝑎 𝐻𝑆𝑅  +  𝑎 Trend + 𝜇 + 𝜏  + 𝜀             (1) 
 
where 𝐿𝑎𝑛𝑑  is the land market outcome at county i in year t. 𝐻𝑆𝑅  is the time-varying dummy 
variable, which equals 1 if county i opened HSR service in year t, and 0 otherwise. Trend controls 
the specific time linear trend for each province. 𝜇  is the county fixed effect that absorbs 
unobservable time-invariant variables. 𝜏  is the year fixed effect that absorbs the time-varying 
variable for all counties. 𝜀  is the error term. The coefficient 𝑎  shows the causal impact of HSR 
on land market outcomes. Given the concern of serial correlation of the land market outcomes within 
counties, the standard errors in all regressions are clustered at the county level, following Bertrand et 
al. (2004).  
 
The DID method does not require that the HSR shock be exogenous to the treated area. However, the 
prerequisite of a valid DID is that the outcome variables in the treatment and control groups are 
comparable in the pre-HSR period. In other words, the trends of the outcome variables should be 
parallel before the HSR shock. Event studies have been conducted to verify the parallel tends 
assumption (Chang et al 2021a). The formula for an event study is: 
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𝐿𝑎𝑛𝑑 = 𝑏  + ∑ 𝐵 𝐻𝑆𝑅 × 𝟏[𝑖 = 𝑇]  +𝑏 Trend + 𝜇 + 𝜏  + 𝜀        (2) 

 

where 1[𝑗 = 𝑇] is an event-time dummy variable for each year. The year before the HSR (j=-1) is 
omitted and used as a reference year. The coefficients (𝐵 ) in other years indicate the effect of HSR 
on the land market outcomes in that year relative to the reference year. If the coefficients are not 
significantly different from 0 in the pre-HSR periods, there is no significant difference in the land 
market outcomes between the treatment and control groups relative to their difference in the 
reference year (one year before HSR access). A non-significant coefficient in the pre-HSR period 
indicates that the parrel-trend assumption largely holds. In general, existing studies use a graph with 
a 95% confidence interval to demonstrate a parallel trend.  
 
Market access approach 
 
Although the DID method is popular and convenient, it has some drawbacks. First, the DID method 
provides a reduced-form estimation without a theoretical foundation, which makes it difficult to 
understand the underlying mechanisms. Second, DID is a partial equilibrium approach that shows the 
relative outcomes between the treatment and control groups by assuming that the control group is not 
affected by the HSR shock. This assumption is unlikely to be true, as counties close to the treatment 
group could be indirectly affected (Chang and Zheng 2020). Third, the partial equilibrium approach 
makes it difficult to estimate counterfactuals and overall welfare implications. As an alternative, 
scholars have started to build a general equilibrium model to capture the overall effect of 
transportation networks on economic outcomes.  
 
Donaldson and Hornbeck (2016) studied the historical impact of railroads on the US agriculture 
sector in 1890. They derived the MA approach from the general equilibrium trade theory. A county’s 
MA will increase due to the development of the railway system as it becomes cheaper to trade with 
other counties. Their model shows that the MA summarizes all direct and indirect impacts of the 
transportation network for each county. Following Donaldson and Hornbeck (2016), this study 
measured the market access of counties in each year. The MA of a region is determined by the 
convenience of its connection with other regions and economic outcomes of the regions to which it is 
connected and has no relation with the local economic performance. Specifically, MA is calculated 
as: 
 

𝑀𝐴 =  ∑ 𝑇 × 𝑝𝑜𝑝                       (3) 

 

where MAit is the market access of county i in year t, which is calculated by the weighted travel cost 
and market size at destination region i. The variable 𝑇  is the travel time in hours from county i to 
county i in year t along the HSR network. 𝑝𝑜𝑝  represents the population of destination county i 
in year t.  is the power decay parameter, which is the elasticity of commuting. As the population is 
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affected by transportation development, the literature generally sets the population in early years to 
estimate the MA.  

 
In general, the value of  depends on the setting. In the trade literature,  was set to 8.28 and 
interpreted as trade elasticity (Donaldson and Hornbeck 2016; Eaton and Kortum 2002). Hornbeck 
and Rotemberg (2019) used the same railway network data as Donaldson and Hornbeck (2016) to 
estimate the impact of railways on the development of manufacturing in the US and found  it to be 
approximately 2.75. In the present setting,  indicates commuting rather than trade elasticity, and this 
number should be significantly lower than 8.28, as the commuting/trade cost should be much lower 
in China compared to the levels among countries. Tsivanidis (2019) established a spatial structure 
model to estimate the welfare effect of TransMilenio (the largest bus rapid transit system in the 
world) to Bogota and found that  was approximately 2.7 for high skill workers and 3.3 for low skill 
workers in the city. Given the existing literature, this study set  as 3 in the baseline estimation, and 
the other values of  were adopted as robustness checks. 

 
The calculation of MA requires the construction of a travel time matrix (𝜏 ) at the county-pair level. 

This study treated each county as a centroid point and predicted the county-to-county lowest travel 

time based on the operational speed of the HSR network as well as geospatial distance. Specifically, 

the travel time of each county pair consisted of three segments, as illustrated in Figure 1: the travel 

time from the origin county to its closest HSR station, the travel time along the HSR network by 

HSR, and the travel time from HSR network to destination county. O1 and D1 are the origin-

destination counties, and Sk is the HSR station, which provides access to the HSR network. 

 
Figure 1 Travel time for a county pair 

 

 

The three segments were associated with different travel speeds. Specifically, the centroid-to-

network travel time (O1 to S1 and S3 to D1) was predicted by a car or a low-speed train, and the 
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station-to-station travel time along the network (S1 to S3) was based on the actual HSR travel speed. 

As China built an extensive highway network by 2007 (Faber 2014), most counties are connected by 

either highways and/or low-speed passenger trains in the baseline year (2007). To calculate the 

centroid-to-network travel time, this study calculated the Euclidean distance by using GIS with a 

travel speed of 60 km/h in the baseline estimation, and 40-100 km/h as robustness checks.1 For the 

station-to-station travel time, this study used the actual HSR network distance with a speed of 250 

km/h to calculate the travel time between two HSR stations. Finally, this study calculated the MA 

based on two travel time matrices (𝜏 ) at the county-pair level in 2007 and 2016.2 Following 

Borusyak and Hull (2021), the MA in 2007 and 2016 was calculated using the population of 2000 in 

counties.  

 

To estimate the effect of MA growth on cities, we use the following first-difference regression in the 

case of two time periods, as shown in equation (4):  

 

Δln(Vipt) = p + Δln(MAipt) + Xip + ip                 (4) 

 

where Vipt is the land market outcome variable of county i in province p at time t. p is the province 

fixed effects. MAipt measures the market access of county i in province p at time t. Xip is a vector of 

county location variables, including the distance to three metropolitan areas (Beijing, Shanghai, and 

Guangzhou), latitude, and longitude. Since China’s HSR network started to operate in 2008, outcome 

variables for 2007 and 2016 were chosen and their log changes were calculated. To mitigate the 

influence of outliers, the regressions were weighted by the counties’ outcome variable in 2007, 

following the approach of Donaldson and Hornbeck (2016). 

 

One caveat for equation (4) is that the MA could be endogenous, as policymakers may employ a 
strategic placement of railway lines favoring large cities. To address non-random route placement, 
this study constructed a hypothetical least-cost path spanning tree network (LCPST) following Faber 
(2014). This study calculated the hypothetical MA based on LCPST and used it as an IV for the 
actual MA. The process to construct the LCPST is quite technical (descriptions available in the 
Appendix).  
 

 
1 A speed of 60 km/h was considered a reasonable non-HSR travel speed for two reasons. First, statistics from the Ministry of 
Transport of China show that the average travel speed of China’s conventional passenger train was 65.7 km/h in 2004 and the average 
driving speed of highways was 71 km/h. Second, this study compared the Euclidean straight-line distance with the actual conventional 
road distance between counties along the China’s national trunk highway and railway, and the distance conversion ratio was 
approximately 1.1-1.41 depending on the routes. To get a similar travel time between a county pair, the travel speed on the Euclidean 
distance should be slightly lower than the actual travel speed on highways or conventional railways. 
2 For 2007, the travel time of county-pair was predicted by the centroid-to-centroid distance and speed of car/conventional passenger 
train. For 2016, this study first calculates the travel time by using the HSR network for all county pairs. For some closer county pairs, 
taking HSR may not be the most efficient option. The minimum commuting time between the travel time with/without HSR for all 
county pairs was chosen. 
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As the LCPST network is mechanically generated through an algorithm, it is exogenous to county-

level outcomes and can be used as an instrument for an actual HSR network. Similarly, the MA 

generated by LCPST can be used as an instrument for the actual MA growth. This study followed the 

standard two-stage least squares (2SLS) regression procedure to estimate the causal impact of MA 

growth on a county’s outcomes, using the following formula:  

 

Δln(Vipt) = p + Δln(MAipt) + Xip + ip 

 

Δln(MAipt) = p + Δln(MA_LCPipt) + Xip + ip                (5) 

 

where MA_LCPip is the instrument variable and measures the MA of county i in province p in year t 

generated by the LCPST network. The other variables are similar to Equation (4).  

 
 

Data sources and stylized facts 
 
Data sources 
 
The data used in this project were obtained from multiple sources. The first dataset was the HSR 
network data from the China Railway website (www.12306.cn). The China Railway website 
summarizes all rail train schedules, including the HSR. Based on the name of each station, opening 
time was searched. There are three types of HSR trains running at different speeds: G, D, and C 
series. G-series trains connect all mega/provincial capital cities at a speed of 300–350 km/h. D-series 
trains mainly run on upgraded railway systems, connecting less developed to regional hubs. They run 
at a speed of approximately 250 km/h. C-series trains run within an urban cluster at a speed of 200–
250 km/h. HSR lines with a planned speed of at least 250 km/h were chosen. Data excluded Hainan, 
Taiwan, Hong Kong, and Macau, as these regions are not well integrated with the HSR network in 
Mainland China. As HSR lines opened at different months within a year, the HSR dummy was 
defined as equaling 1 if the station opened in November of the previous year to October of the 
current year. The assumption was that HSR lines open in November and December impact the land 
market in the following year, rather than the same calendar year. Figure 2 shows the HSR network in 
2016, which covers all developed and less-developed regions.  
 
Figure 2: HSR network in 2016 
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Note: HSR lines in Hainan and Taiwan are not included 

 
Land transaction data were obtained from the landchina.com, which records over 2.5 million land 
parcel transactions since 2000. Each record contains information on location, size, land use type, 
auction methods, transaction time and price, floor area ratio (FAR), and more. Land parcel 
transactions from 2004 to 2016 were extracted. Raw data included over 30 types of land uses, such 
as roads and utilities. This study chose the most commonly used type, including residential and 
service.3 This study excluded industry land, as local governments set up low asking prices to attract 
firms and investments, and industry land leasing patterns are affected by industry policies, such as 
industrial parks. Land parcels were transacted through different auction methods, including open 
public auctions. As introduced in the previous section, land parcels transacted though public auctions 
can reflect their market value, while the price of parcels transacted through other methods, such as 
negotiation, is usually significantly lower than their market value. Table 2 summarizes the total 
number, area, and land values of public auctions. Land parcels transacted through public auctions 
account for approximately 49% of the total number of parcels; however, they account for 
approximately 82% of the area and 96% of the market value. Only land parcels through public 
auctions were included, as they accounted for a significant amount of land supply and market value.  
 
Table 2: Land leasing through public auction, 2004-2016 

Public Auction Total land Residential land Service land 

Number of Parcels 
439069 273573 165496 

48.91% 42.92% 63.59% 

Area (10,000 m2) 
1226987  841697  385290  

82.30% 83.91% 79.00% 

Value (hundred billion Yuan) 
277.77  210.61  67.16  

95.73% 97.74% 89.92% 

 
3 The service type of land use included commercial and finance, commercial service, retail, catering, and accommodation. 
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As this analysis is at the county level, transacted parcels for each type of land use were aggregated in 
each county. This study calculated the annual average land price for each type of land use. Ideally, 
land price indices, such as housing price indices, should be constructed using repeated sale methods 
or hedonic regression (Wallace and Meese 1997). However, each land parcel is only transacted once, 
and some land attributes, such as street level location and FAR, were missing for many transactions. 
Given these limitations, land price indices could not be constructed based on existing methods. 
Instead, this study used the average land price (total value/total size) to present the land price level. 
This study assumed that the average land price reflected the overall land price trend. Finally, county-
level socioeconomic data were obtained from multiple Chinese statistical yearbooks. Many variables, 
such as wage and employment, were not available for most counties, and this study mainly used 
annual population statistics.  
 

Chinese cities can be classified by a hierarchical tier system. The 1st and 2nd tier cities are the most 

economically and politically important cities including most provincial capital cities. In this study, 

we defined the 1st and 2nd tier cities as top tier cities, while low tier districts are defined for counties 

in other low rank cities. Table 3 provides variable definitions and summarized statistics for all 

counties, urban districts, rural counties, top-tier districts, and low-tier districts. As land transactions 

in many counties, such as Xinjiang, Tibet, and Inner Mongolia, were missing, this sample covered 

2070 counties from 2004 to 2016. Panel A summarizes the county-level land price, area, and value 

for the three types of land use (all, residential, and service). Panel B summarizes the HSR dummy 

and market access for 2007 and 2016. On average, 6.2% of the counties had an HSR station during 

the sample period. Urban districts and districts in top-tier cities had more HSR access than those in 

suburban districts and districts in low-tier cities. Similarly, the MA was relatively high in urban 

districts and districts in top-tier cities compared to the levels in suburban districts and districts in 

low-tier cities.   

 

Table 3: Variable definition and summarized statistics 

Variable Description 
Mean and standard deviation     

Full Sample Urban Suburban Top Tier Low Tier 

Panel A: Economic outcomes 

Price_total Unit price of total land transaction (Yuan/m2) 
1255.25 2139.53 1097.84 2685.17 1010.01 

(1910.97) (3583.64) (1361.05) (3967.37) (1081) 

Area_total Total area of land transaction (10 thousand m2) 
50.44 154.34 31.95 124.97 37.66 

(117.39) (244.45) (57.75) (228.72) (77.84) 

Value_total Total transaction amount (million Yuan) 
1035.3 4401.94 436.01 4470.22 446.2 

(4873.57) (11606.19) (1277.06) (11886.64) (1108.62) 

Price_resident Unit price of residential land (Yuan/m2) 
1436.05 2299.43 1270.53 2932.89 1161.06 

(1956.42) (3115.16) (1590.96) (3695.93) (1238.81) 

Area_resident Total area of residential land(10 thousand m2) 
38.47 113.52 24.08 91.89 28.66 

(90.09) (183.82) (43.7) (177.52) (56.56) 
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Value_resident 
Transaction amount of residential land(million 

Yuan) 

816.77 3197.54 360.34 3252.12 369.36 

(3477.94) (7923.25) (1043) (8163.47) (888.06) 

Price_service Unit price of service land (Yuan/m2) 
1163.42 2060.09 984.93 2416.62 939.2 

(2375.21) (4599.31) (1537.25) (4939.38) (1398.57) 

Area_service Total area of service land (10 thousand m2) 
17.79 46.47 12.08 40.33 13.76 

(45.61) (85.97) (28.76) (77.11) (35.8) 

Value_service Transaction amount of service land (million Yuan) 
335.87 1367.08 130.6 1480.78 131.02 

(2084.23) (4859.94) (504.68) (5116.23) (403.6) 

Population Number of population in counties (thousand) 
616.3 1396.32 497.23 1199.5 528.03 

(787.14) (1784.09) (348.37) (1786.23) (413.86) 

Panel B: HSR status 

HSR 
Dummy, 1 for regions after operation of HSR, 0 

otherwise 

0.062 0.19 0.043 0.17 0.046 

(0.24) (0.39) (0.2) (0.37) (0.21) 

MA_2007 Market access in 2007 
18535.96 24452.07 17632.38 31383.7 16590.19 

(19636.38) (26126.77) (18286.96) (29027.78) (16970.64) 

MA_2016 Market access in 2016 
244129.47 636114.18 184261.12 724888.9 171319.58 

(1533100.44) (3038014.71) (1130146.94) (2294189.03) (1368065.34) 

MA_LCP_2007 Market access generated by LCPST in 2007 
18535.96 24452.07 17632.38 31383.7 16590.19 

(19636.38) (26126.77) (18286.96) (29027.78) (16970.64) 

MA_LCP_2016 Market access generated by LCPST in 2016 
42528.45 365168.21 465871.1 1562895.89 284365.9 

(3429293.09) (1149719.02) (3654390.89) (7201642.07) (2344534.96) 

County Number of counties 2070 274 1795 272 1797 

Observation Number of observations 26897 3562 23335 3536 23361 

Note: The MA is calculated by using the population in 2000.  

 
Stylized facts 
 

After county-level land and HSR network data were compiled, they were combined to exhibit 
several stylized facts. First, the relationship between the land market and the HSR network was 
demonstrated, as shown in Figure 3. Figures 3 (a) and (b) show the land price in 2007 and its growth 
rate from 2007 to 2016. Similarly, Figures 3 (c) and (d) show the land supply in 2007 and its growth 
rate from 2007 to 2016. In general, the land price and supply were high for the east coast region and 
relatively low for the northeast region in 2007. Land price and supply in the central and western 
regions were somewhere in the middle. However, a relationship was revealed between HSR network 
extensions and land market changes. It seems that the land price and supply along the HSR corridors 
grew at a faster pace from 2007 to 2016.  
 
Figure 3: Land market changes and HSR network, 2007-2016 
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Note: These figures show the pattern for all land. The unit price is calculated by the (total land value)/(total land area) in each county. 

 

We further explored the relationship between the HSR network and MA changes. Figure 4 shows the 

spatial distribution of market access with/without HSR networks using the population in 2000 to 

calculate the MA. Figure 4 (a) shows the distribution of MA in the baseline year (2007), when there 

was no HSR line. Counties with high MA were mainly concentrated on the east coast and central 

China. This indicates that a high MA is associated with a central location (geography) and economic 

growth levels, as suggested by Equation (3). Figure 4 (b) shows the MA distribution after the 

introduction of the HSR network, which shows that the counties with large growth of MA were 

concentrated along HSR corridors.  
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Figure 4 The market access growth with HSR network 

Notes: The decay parameter is set as 3, and the centroid-to-network travel speed is 60 km per hour. The market access growth is defined as the (2016 MA 

– 2007 MA)/2007 MA. 

 
These figures indicated that HSR was positively correlated with MA and land market outcomes, 
which suggests that MA could be an important trigger for land market transformation. As the stylized 
facts cannot reveal the causal relationship between HSR network extension and land market 
outcomes, a regression analysis and conduct causal inferences were conducted.  
 
 

Empirical results of DID estimation 
 
The stylized facts demonstrate evidence of the impact of HSR on the land market. This section 
explored the impact of HSR on land market outcomes by employing the DID method in Equation 1. 
The baseline results were presented and several heterogeneities were explored.  
 
Baseline regression results 
 
Table 4 shows the baseline results, including patterns for total, residential, and service land use. For 
each type of land use, three dependent variables were chosen in the form of natural logarithms: the 
average land price, land lease area (land supply), and land values (or government land leasing 
revenue). The standard errors for all regressions were clustered at the county level.  
 
Table 4: DID baseline results 

  Total land Residential land Service land 

 Unit Price Area Value Unit Price Area Value Unit Price Area Value 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

HSR 0.0796*** -0.0312 -0.0341 0.0504* -0.0193 -0.0225 0.0791** 0.123** 0.108 

 (0.0274) (0.0421) (0.0542) (0.0271) (0.0449) (0.0589) (0.0325) (0.0489) (0.0678) 

          

County fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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Province linear trend Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.364 0.296 0.474 0.41 0.207 0.387 0.212 0.19 0.333 

Number of counties 2040 2040 2040 2015 2015 2015 2037 2037 2037 

Observation 20581 20581 20581 18872 18872 18872 17547 17547 17547 

Note: The dependent variables are in the form of natural logarithms. Standard errors are in the parentheses. ***, **, * indicate the significant level at 1%, 

5% and 10% respectively.  

 
Columns (1) to (3) show the patterns for total land. Prices increased by approximately 8% after a 
county was connected to the HSR. In contrast, land supply and land revenue declined slightly, 
although the results were not significant. For residential land, the pattern was similar to the patterns 
of total land, as shown in columns (4) to (6). For service land use, all coefficients were positive, and 
the coefficients of land price and land supply were significant, as shown in columns (7) to (9). The 
results for the booming service land market were consistent with existing literature, which indicated 
that HSR promoted the development of the service sector (Chang and Zheng 2020; Dong 2018).  
 
The prerequisites of a valid DID regression depend on the parallel trend assumption during the pre-
treatment period. By employing Equation 2, event studies were conducted for all regressions in Table 
4. Figure 5 plots the results for the land outcomes of total land with a 95% confidence interval. The 
parallel trends were satisfied. A similar exercise was conducted for residential and service land use 
types, and all the results satisfied the parallel trend assumption. In summary, the parallel trends 
between the treatment and control groups confirmed that the DID estimation was valid.  
 
Figure 5: Results of event study for total land 

 
Figure 5 (a): Unit price  
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Figure 5 (b): Area  

 

Figure 5 (c): Value  

 
Urban and suburban heterogeneities  
 
Table 4 shows the average effect of HSR on the land market, whereas the pattern could differ 
between urban districts and suburban counties. To examine the heterogeneous effect between urban 
and suburban areas, urban and suburban indicators were allowed to interact with HSR dummies by 
applying Equation 1. The results are presented in Table 5. 
 
Table 5: Urban VS Suburban 

  Total land Residential land Service land 

 Unit Price Area Value Unit Price Area Value Unit Price Area Value 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

HSR×Urban 0.143*** -0.189*** -0.215*** 0.109*** -0.18** -0.196** 0.111** 0.193** 0.127 

 (0.0395) (0.0653) (0.076) (0.0389) (0.0733) (0.0863) (0.0479) (0.0775) (0.0957) 

HSR×Suburban 0.039 0.0702 0.0823 0.0111 0.0885* 0.0939 0.0567 0.0729 0.0938 

 (0.0356) (0.0515) (0.07) (0.0356) (0.053) (0.0751) (0.041) (0.0596) (0.0893) 

          

County fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Province linear trend Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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R2 0.364 0.296 0.474 0.41 0.207 0.388 0.212 0.19 0.333 

Number of counties 2040 2040 2040 2015 2015 2015 2037 2037 2037 

Observation 20581 20581 20581 18872 18872 18872 17547 17547 17547 

Note: The dependent variables are in the form of natural logarithms. Standard errors are in the parentheses. ***, **, * indicate the significant level at 1%, 

5% and 10% respectively. 

 
Column (1) shows that the land unit price increased by approximately 14.3% in urban areas after 
HSR connection. The coefficients of the suburban counties were slightly positive, although not 
significant. Columns (2) and (3) show that land supply and land revenue declined by approximately 
20% in urban districts, and the results were statistically significant at the 1% level. The coefficients 
of land supply and revenue in suburban areas were positive, although not significant. In addition, the 
impact of HSR on residential (columns 4-6) and service land use types (columns 7-9) was explored. 
For residential land use, the pattern was similar to the patterns of total land. For service land use, 
coefficients of land price and supply in urban districts were significantly positive, although all other 
coefficients were not significant. 
 
One concern regarding the results presented in Table 5 was the difference in land leasing between 
residential and service land use. The unit price in both types increased significantly in urban districts; 
however, the land supply patterns were quite different. For the service type of land, land supply 
increased by approximately 20% after HSR (column 8, Table 5). For the rising unit price of service 
land (column 7, Table 5), the demand for service space must be even higher than the land supply. As 
existing studies suggest that HSR can strengthen the agglomeration benefits for cities by bringing 
more passengers, the results regarding rising supply and unit price for service land were consistent 
with the expectations. For residential land use, the unit price in urban areas increased by 
approximately 11%; however, land supply declined by approximately 18% (columns 4 and 5, Table 
5). The price hike of residential land use could be due to either the rising demand for residential 
space or shrinking land supply.  
 
If HSR brings more passengers to cities, the demand for residential land should be high. However, 
land supply declined in urban districts. This could be due to the fact that local governments leased 
more residential land during HSR construction periods, as they could obtain land leasing revenue to 
finance HSR new town developments during the construction period. In addition, developers were 
willing to bid on land before the operation of the transportation infrastructure at a relatively cheaper 
price (Chang and Murakami 2019). If this is true, the land supply after HSR operation could become 
low, as most residential land parcels were leased out during the construction period. To verify this 
channel, DID regressions were conducted by adding a construction period dummy, and three time 
windows were chosen, namely, two, three, and four years prior to HSR opening, to examine whether 
local governments increased the land supply for residential land during the construction period. The 
results are presented in Table 6.  
 
Table 6: Land supply for residential land use 

  Construction Period 

  Before 2 years Before 3 years Before 4 years 

Before 0.0157  0.0369  0.0377  
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 (0.0448)  (0.0468)  (0.0474)  

HSR -0.0127  0.00254  0.0084  

 (0.0521)  (0.0572)  (0.06)  

Before x Urban  -0.0244  0.0308  0.0887 

  (0.071)  (0.0779)  (0.0822) 

HSR x Urban  -0.187**  -0.161*  -0.119 

  (0.0843)  (0.0943)  (0.101) 

Before x Suburban  0.0381  0.0382  0.00515 

  (0.0562)  (0.0571)  (0.0565) 

HSR x Suburban  0.103*  0.111*  0.0945 

  (0.0609)  (0.066)  (0.0689) 

County fixed effects Yes Yes Yes Yes Yes Yes 

Year fixed effects Yes Yes Yes Yes Yes Yes 

Province linear trend Yes Yes Yes Yes Yes Yes 

R2 0.207 0.207 0.207 0.207 0.207 0.207 

Number of counties 2015 2015 2015 2015 2015 2015 

Observation 18872 18872 18872 18872 18872 18872 

Note: The dependent variable is log(Area_R). Standard errors are in the parentheses. ***, **, * indicate the significant level at 1%, 5% and 10% 

respectively.  

 
The first two columns show the results for whether the land supply increased within two years of the 
pre-HSR period. Column (1) shows that the coefficient in the pre-HSR period was approximately 
1.6%; however, this was not significant. Column (2) explores the pattern of the construction effect in 
urban and suburban districts. The coefficients in the construction periods for urban and suburban 
districts were small and not significant. The land supply in urban districts declined by 18% and 
increased by approximately 10% in suburban counties, which was consistent with the results 
presented in Table 5 (column 5). Columns (3) to (6) followed a similar exercise with different 
construction periods, and similar results were obtained. In sum, there was no evidence that local 
governments increased residential land supply during the construction period. In addition, a similar 
regression was conducted for service land and similar results were obtained for service land supply 
during the construction period.  
 
Another explanation for the declining urban residential supply was local governments’ intention, 
which could guide the population into suburban areas and promote the HSR new town program by 
increasing suburban residential land supply. HSR makes it feasible for residents to live in suburban 
areas and work in urban districts. Land supply and HSR have become instruments to support 
suburbanization and HSR new town programs. The rising service land supply in urban areas could be 
another reason for the declining residential land supply (column 8, Table 5). Local governments 
seem to allocate more land resources to build services and commercial centers for urban districts. 
 
Heterogeneities by urban hierarchies  
 
The HSR network was built to connect all types of cities, while the effect of the HSR on land market 
outcomes could differ depending on urban hierarchies. Chinese cities are ranked in a hierarchical tier 
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system. To explore the heterogeneous effects of urban hierarchies, the indicators of urban hierarchies 
was allowed to interact with HSR dummies. The results are presented in Table 7. 
 
Table 7: Heterogeneities by urban hierarchies  

  Total land Residential land Service land 

 Price_T Area_T Value_T Price_R Area_R Value_R Price_S Area_S Value_S 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

HSR x Top tier 0.0935* -0.238*** -0.336*** 0.0542 -0.175** -0.263*** 0.15** 0.109 0.067 

 (0.0565) (0.073) (0.0937) (0.0544) (0.0773) (0.0984) (0.0607) (0.0877) (0.121) 

HSR x Low tier 0.073** 0.066 0.108* 0.0486 0.0545 0.0919 0.0442 0.129** 0.127 

 (0.0294) (0.0484) (0.0615) (0.0298) (0.0526) (0.0691) (0.0359) (0.0567) (0.0785) 

          

County fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Province linear trend Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.364 0.296 0.475 0.41 0.207 0.388 0.212 0.19 0.333 

Number of counties 2040 2040 2040 2015 2015 2015 2037 2037 2037 

Observation 20581 20581 20581 18872 18872 18872 17547 17547 17547 

Note: The dependent variables all take the natural logarithm form. Top tier cities are defined as the 1st and 2nd tier cities in China. Low tier cities are 

defined as cities in 3rd tier and below. Standard errors are in the parentheses. ***, **, * indicate the significant level at 1%, 5% and 10% respectively. 

 
The first three columns show the results for the total land. The total land price increased for cities in 
all tiers. However, land supply and revenue decrease significantly for top-tier cities, while these 
coefficients are positive for other tier cities. Columns (4) to (6) show the patterns of residential land 
for districts with different ties. Land supply and revenue decreased significantly in top-tier cities, 
while HSR had no effect in low-tier cities. Columns (7) to (9) present the results for service land use: 
the price increased by approximately 15% for top-tier cities, while the land supply increased by 
approximately 13% for low-tier cities. To understand the heterogeneities more clearly, urban 
hierarchy dummies were allowed to interact with urban indicators. The results are presented in Table 
8. 
 
Table 8: Heterogeneities by urban and suburban with city hierarchies  

  Total land Residential land Service land 

 Price_T Area_T Value_T Price_R Area_R Value_R Price_S Area_S Value_S 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) 

HSR x Top tier x Urban 0.186** -0.29*** -0.363*** 0.115 -0.243** -0.337*** 0.22** 0.288** 0.233 

 (0.0785) (0.112) (0.121) (0.0738) (0.12) (0.128) (0.0914) (0.138) (0.169) 

HSR x Low tier x Urban 0.118*** -0.132* -0.132 0.106** -0.146 -0.119 0.0464 0.136 0.0628 

 (0.0414) (0.0784) (0.0935) (0.0435) (0.0915) (0.111) (0.0496) (0.0908) (0.112) 

HSR x Top tier x Suburban 0.0201 -0.197** -0.316** 0.00483 -0.12 -0.205 0.0891 -0.0484 -0.0795 

 (0.0781) (0.0937) (0.136) (0.0776) (0.0981) (0.143) (0.0778) (0.107) (0.166) 

HSR x Low tier x Suburban 0.0467 0.181*** 0.247*** 0.0137 0.177*** 0.221*** 0.0426 0.124* 0.168 

 (0.0381) (0.0579) (0.0758) (0.0382) (0.0601) (0.0843) (0.0473) (0.07) (0.103) 

County fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Province linear trend Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.364 0.297 0.475 0.41 0.208 0.388 0.212 0.19 0.334 

Number of counties 2040 2040 2040 2015 2015 2015 2037 2037 2037 

Observation 20581 20581 20581 18872 18872 18872 17547 17547 17547 

Note: The dependent variables all take the natural logarithm form. Top tier cities are defined as the 1st and 2nd tier cities in China. Low tier cities are 

defined as cities in 3rd tier and below. Standard errors are in the parentheses. ***, **, * indicate the significant level at 1%, 5% and 10% respectively. 

 
Column (1) shows that the unit price for total land increased in urban districts for both top- and low-
tier cities. Column (2) shows that land supply declined significantly in urban and suburban areas of 
top-tier cities. However, land supply in the suburban districts of low-tier cities increased by 
approximately 18%. Column (3) reports changes in land revenue with respect to HSR, with similar 
results to the patterns of land supply. The results presented in columns (2) and (3) demonstrate that 
both land supply and revenue increased significantly in suburban counties of low-tier cities. This was 
consistent with the HSR new town development pattern in new development areas. This indicates 
that the HSR new town program was successful (from the local government perspective) for medium 
and small cities, as the overall land revenue in the suburban area of low-tier cities increased by 
approximately 25% (column 3).  
 
Columns (4) to (6) show the results for residential land. These are similar to the total land pattern: 
the land supply and revenue significantly decreased in urban districts of top-tier cities; however, it 
significantly increased in suburban areas of low-tier cities. Finally, columns (7) to (9) report the 
results for service land use. Service land supply increased by approximately 29% in urban districts of 
top-tier cities, while unit prices increased by approximately 22%. However, land prices and supply 
for the urban districts of low-tier cities demonstrated no changes. These findings further suggest that 
HSR can help large cities develop service and commercial space and activities, which contributes to 
the development of consumer cities (Glaeser et al. 2001). In addition, the land supply of service land 
use increased by 12.4% in the suburban counties of low-tier cities (column 8). This is further 
evidence of HSR’s new town development.  
 
Population movement trends 
 
The previous section presented evidence that land supply and revenue increased significantly in 
suburban counties of low-tier cities, which suggests that the HSR new town program was successful 
from a local government perspective. Furthermore, this indicates that developers were willing to bid 
on land parcels in these new towns. The question is whether new town projects were attractive to 
consumers. To explore this question, a similar DID regression was conducted to examine how HSR 
networks affected the spatial distribution of the population. Table 9 summarizes the results. 
 
Table 9: HSR and population movement trends 

  Population 

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

HSR 0.022***    

 (0.0083)    
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HSR × Urban  0.108***   

  (0.0178)   

HSR × Suburban  -0.0308***   

  (0.0059)   

HSR × Top tier   0.0431***  

   (0.0166)  

HSR × Low tier   0.0126  

   (0.0093)  

HSR x Top tier x Urban    0.128*** 

    (0.0313) 

HSR x Low tier x Urban    0.0974*** 

    (0.0214) 

HSR x Top tier x Suburban    -0.0213* 

    (0.0116) 

HSR x Low tier x Suburban    -0.0346*** 

    (0.0066) 

County effects Yes Yes Yes Yes 

Year effects Yes Yes Yes Yes 

Province linear trend Yes Yes Yes Yes 

Number of counties 2069 2069 2069 2069 

R2 0.119 0.14 0.12 0.14 

Observation 26897 26897 26897 26897 

Note: The dependent variable is the log(population). Standard errors are in the parentheses. ***, **, * indicate the significant level at 1%, 5% and 10% 

respectively. 

 

 
Column (1) shows that the population grew by approximately 2.2% on average for districts with 
HSR access. Column (2) indicates that the number of people increased by approximately 11% in 
urban districts and declined by approximately 3.1% in suburban counties. Column (3) demonstrates 
that the population increased by approximately 4.3% in top-tier cities with no changes in low-tier 
cities. Column (4) presents the population movement trend in the urban and suburban districts of top-
tier and low-tier cities. The population increased significantly in urban districts in top- and low-tier 
cities. In contrast, the population declined in suburban counties, particularly in low-tier cities. 
Overall, population movement trends suggest that HSR promoted population urbanization as people 
moved to urban districts from suburban areas. This effect was strongest in top-tier cities. These 
findings were consistent with literature on HSR, which favors the development of large cities at the 
expense of small and nearby cities (Chang 2021; Qin 2017). However, this suggests a strong spatial 
mismatch in HSR new town development, as more land parcels were leased to suburban counties of 
low-tier cities, where the number of people declined most significantly. 
 
 

Results of market access approach 
 
The results of the DID method demonstrated that HSR increased land prices in urban districts, 
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particularly for service land usage in top-tier cities. The market access improvement caused by HSR 
appeared to have a large impact on land market transformation of large cities. As the DID method 
shows the relative changes in the land market between treatment and control counties, it is difficult 
to evaluate the overall effect. Instead, the MA approach can illustrate the overall impact of HSR 
networks on land market outcomes. This section summarizes the empirical results of the impact of 
HSR on land market outcomes through the MA approach, including the patterns of total, residential, 
and service land uses.  
 
Baseline estimation 
 
For each type of land use, changes in land price, area, and values for counties between 2007 and 
2016 were investigated. The results of the ordinary least squares (OLS) regression using Equation (4) 
are summarized in Table 10.  
 
Table 10: Results of OLS regression  

  Total land Residential land Service land 

3 Unit Price Area Value Unit Price Area Value Unit Price Area Value 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

ln(Market Access) 0.0506** -0.0203 0.0302 0.0434 -0.018 0.0254 0.154*** -0.00458 0.149** 

 (0.025) (0.0450) (0.0544) (0.0283) (0.0497) (0.0631) (0.0382) (0.0673) (0.0726) 

 

Controls 
Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Province fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Year fixed effects Yes Yes Yes Yes Yes Yes Yes Yes Yes 

R2 0.414 0.278 0.219 0.389 0.301 0.215 0.456 0.29 0.273 

Observation 1663 1663 1663 1399 1399 1399 1164 1164 1164 

Note: All dependent variables are log changes in 2007 to 2016. All regressions control for the shortest distance to the metropolitan areas 

(Beijing, Shanghai, and Shenzhen), latitude, and longitude. The standard errors are reported in parentheses. *, **, and *** refers to the 

statistical significant at 10%, 5% and 1% respectively. Following the work of Donaldson and Hornbeck (2016), all regressions are 

weighted by counties’ outcomes of land market in 2007. In the calculation of market access, the decay parameter is set to 3, and the 

travel speed is 60kph. 

 
Changing land prices and revenue for all land use types were positively correlated with the changing 
MA, and the results were relatively robust. However, land supply demonstrated no relationship with 
MA. The results of the OLS regression were likely biased, as the HSR lines were selected to connect 
mega cities, where the MA was relatively high. To address the concern of endogenous strategic 
placement of HSR, an IV approach based on the first-difference regression was applied, utilizing 
Equation (5). Table 11 reports the first- and second-stage regressions.  
 

Table 11 Responses of land market to market access (2SLS estimates) 

Change in Log 

Outcomes 

(2007 to 2016) 

Total Land Residential land Service land 

Unit 

Price 
Area Value 

Unit 

Price 
Area Value 

Unit 

Price 
Area Value 
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(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Panel A: Land transaction (Second stage regressions) 

Δ ln(MA) 
0.256*** 0.0992 0.355** 0.182** 0.232* 0.414** 0.559*** 0.165 0.724*** 

-0.0856 -0.113 -0.14 -0.0881 -0.138 -0.169 -0.149 -0.163 -0.214 

Panel B: Market Access in 2016 (First stage regressions) 

Δ ln(MA with 

LCP) 

0.318*** 0.318*** 0.318*** 0.308*** 0.308*** 0.308*** 0.29*** 0.29*** 0.29*** 

-0.0526 -0.0526 -0.0526 -0.0529 -0.0529 -0.0529 -0.0525 -0.0525 -0.0525 

F-statistics 31.68 31.68 31.68 37.74 37.74 37.74 40.25 40.25 40.25 

R2 0.303 0.258 0.101 0.341 0.235 0.078 0.196 0.268 0.043 

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Province fixed 

effects 
Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Observation 1663 1663 1663 1399 1399 1399 1164 1164 1164 

Notes: All dependent variables are log changes in 2007 to 2016. All regressions control for the shortest distance to the metropolitan areas 

(Beijing, Shanghai, and Shenzhen), latitude, and longitude. The standard errors are reported in parentheses. *, **, and *** refers to the 

statistical significant at 10%, 5% and 1% respectively. Following the work of Donaldson and Hornbeck (2016), all regressions are 

weighted by counties’ outcomes of land market in 2007. In the calculation of market access, the decay parameter is set to 3, and the 

travel speed is 60kph. 

 

The first-stage estimations show that the MA growth generated by the LCPST was strongly 

correlated with actual MA growth. The coefficients were all significant at the 1% level, with a 

magnitude of approximately 0.3. Meanwhile, the F-statistics were reasonably large, which rules out 

the weak IV problem (Stock et al. 2002). The second stage demonstrated that MA had a substantial 

positive impact on land prices and land value, particularly for service land use. On average, for every 

1% increase in MA in a county, the land price increased by approximately 0.26%, 0.18%, and 0.56% 

for total, residential, and service land uses, respectively. The coefficients of land supply were 

positive, though not significant. The patterns of land value were all significant, ranging from 0.36% 

to 0.72%. The results demonstrated that residential and service land use were very responsive to MA 

growth.  

 
Robustness check  
 

The estimation in this study was based on a few assumptions. The 2000 census population was used 

to calculate MA, assuming the power decay parameter () is 3 with a travel speed of 60 km/h. A 

robustness check was conducted by changing these assumptions. First, the predetermined population 

in 2000 was changed to the actual population in 2007 and 2016 and MA was recalculated. Table 12 

shows the second-stage results. The coefficients remained statistically significant and the magnitude 

was very similar to the result in Table 11.  

 
Table 12: Robustness check by using 2007 and 2016 population 
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Change in Log 

Outcomes 

(2007 to 2016) 

Total Land Residential land Service land 

Unit 

Price 
Area Value 

Unit 

Price 
Area Value 

Unit 

Price 
Area Value 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Panel A: Land transaction (Second stage regressions) 

Δ ln(MA) 
0.293*** 0.133 0.426*** 0.228** 0.261 0.489*** 0.543*** 0.271 0.813*** 

(0.0894) (0.127) (0.155) (0.0924) (0.160) (0.189) (0.154) (0.175) (0.238) 

Panel B: Market Access in 2016 (First stage regressions) 

Δ ln(MA with 

LCP) 

0.309*** 0.309*** 0.309*** 0.296*** 0.296*** 0.296*** 0.292*** 0.292*** 0.292*** 

(0.055) (0.055) (0.055) (0.0556) (0.0556) (0.0556) (0.0574) (0.0574) (0.0574) 

F-statistics 44.82 44.82 44.82 52.07 52.07 52.07 52.71 52.71 52.71 

R2 0.253 0.247 0.043 0.295 0.223 0.02 0.21 0.231 0.39 

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Province fixed 

effects 
Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Observation 1663 1663 1663 1399 1399 1399 1164 1164 1164 

Notes: This table uses the 2007 and 2016 actual population to calculate the MA changes. All dependent variables are log changes in 

2007 to 2016. All regressions control for the shortest distance to the metropolitan areas (Beijing, Shanghai, and Shenzhen), latitude, and 

longitude. The standard errors are reported in parentheses. *, **, and *** refers to the statistical significant at 10%, 5% and 1% 

respectively. Following the work of Donaldson and Hornbeck (2016), all regressions are weighted by counties’ outcomes of land market 

in 2007. In the calculation of market access, the decay parameter is set to 3, and the travel speed is 60kph. 

 
 

Second, the power decay parameter () was replaced with other values, including 1, 2, and 8.28. The 

2SLS results are summarized in columns (1)–(4) of Table 13, which show that the signs and 

significance levels of the estimated coefficients were consistent with different . The coefficients 

became smaller when  became larger. Lastly, the centroid-to-network travel speed was changed to 

other values, including 40, 80, and 100 km/h. Estimations with different travel speeds are 

summarized in columns (5)–(8) of Table 13. The signs and significance levels of the coefficients 

were largely consistent with the baseline estimates in Table 11. If the non-HSR travel speed 

increased, the coefficients (absolute value) slightly increased.  
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Table 13: Robustness check by changing and travel speed 

Dependent variables 

  Travel time=60kph =3
 (1) (2) (3) (4) (5) (6) (7) 8 

  =1 =2 =3 =8.28 40kph 60kph 80kph 100kph 

Change 

ln(Total_Land_P) 

Δ ln(MA) 
2.721*** 0.586*** 0.256*** 0.0659*** 0.204*** 0.256*** 0.310*** 0.368*** 

(0.844) (0.194) -0.0856 (0.0224) (0.0690) -0.0856 (0.104) (0.127) 

Obs 1663 1663 1663 1663 1663 1663 1663 1663 

R2 0.349 0.312 0.303 0.317 0.299 0.303 0.309 0.315 

Change 

ln(Residential_Land_P) 

Δ ln(MA) 
2.000** 0.403** 0.182** 0.0511** 0.147** 0.182** 0.217** 0.253** 

(0.947) (0.201) (0.0881) (0.0229) (0.0730) (0.0881) (0.103) (0.121) 

Obs 1399 1399 1399 1399 1399 1399 1399 1399 

R2 0.369 0.351 0.341 0.342 0.335 0.341 0.349 0.356 

Change 

ln(Service_Land_P) 

Δ ln(MA) 
5.188*** 1.246*** 0.559*** 0.137*** 0.457*** 0.559*** 0.658*** 0.752*** 

(1.782) (0.359) (0.149) (0.0354) (0.120) (0.149) (0.180) (0.215) 

Obs 1164 1164 1164 1164 1164 1164 1164 1164 

R2 0.238 0.195 0.196 0.271 0.186 0.196 0.208 0.222 
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MA and population 1 

 2 

DID regression was applied above and evidence was presented that HSR promoted land lease 3 

suburbanization and population urbanization. This section provides evidence on the impact of HSR-4 

induced MA on demographic changes. By employing Equation (5), the impact of MA changes on 5 

population movement trends is shown in Table 14, including both the average effect and the 6 

heterogeneous effect among cities. 7 

 8 

Table 14 The effects on demographic (IV estimates) 9 

Change in Log 

Outcomes 

(2007 to 2016) 

Population 

(1) (2) (3) 

Δ ln(MA) 
0.087***   

(0.0247)   

Δ ln(MA) × Urban 
 0.074***  

 (0.0220)  

Δ ln(MA) × Suburban 
 -0.0163  

 (0.0317)  

Δ ln(MA) × Top tiers 
  0.08*** 

  (0.0259) 

Δ ln(MA) × Low tiers 
  0.0537 
  (0.0441) 

R2  0.204 0.062 

Controls Yes Yes Yes 

Province fixed effects Yes Yes Yes 

Observation 2068 2068 2068 

Notes: All regressions control for the shortest distance to the metropolitan areas (Beijing, Shanghai, and Shenzhen), latitude, and 10 

longitude. The standard errors are reported in parentheses. *, **, and *** refers to the statistical significant at 10%, 5% and 1% 11 

respectively. Following the work of Donaldson and Hornbeck (2016), all regressions are weighted by counties’ outcomes in 2007. In the 12 

first stage regressions, all coefficients of instrument pass the 1% significant test, and the F-statistics are significantly greater than 10, 13 

although their coefficients are not reported. In the calculation of market access, the decay parameter is set to 3, and the travel speed is 14 

60kph. 15 

 16 

Table 14 shows the impact of HSR-induced MA on the population. On average, a 1% increase in MA 17 

increased the population by approximately 0.087%, and the results were statistically significant at the 18 

1% level (column 1). However, this effect was remarkably different between urban districts and 19 

suburban counties, and between top- and low-tier cities. MA growth only favored population growth 20 

in urban districts (column 2) and top-tier cities (column 3). The coefficients in the suburban counties 21 

and low-tier cities were not significant. Overall, the results suggest that HSR facilitated population 22 

urbanization as people moved to the urban areas of top-tier cities from suburban counties. 23 

 24 

Counterfactual estimation 25 

 26 
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One advantage of employing the MA approach is the ability to conduct a contrafactual estimation. 1 

Drawing on the estimated impacts of HSR-induced MA in China, land market and demographic 2 

impacts were considered by removing the HSR network in 2016. Following Donaldson and 3 

Hornbeck (2016), county populations were assumed to be fixed at predetermined levels in 2000 in 4 

the baseline counterfactual scenario, while this assumption was later relaxed. First, the decline in MA 5 

for each county in the absence of an HSR was calculated. The median loss in MA by removing all 6 

HSRs was approximately 33%. Following this, changes in outcome variables were estimated in each 7 

county under the counterfactual scenario given the elasticity estimated in 2SLS regressions (Table 8 

11). Finally, the overall welfare loss was estimated by summarizing the average national decline in 9 

the absence of an HSR network.  10 

 11 

Table 15 presents the results of the counterfactual analysis. The results of the baseline counterfactual 12 

scenario are shown in column (1). The land price growth of residential and service land use in 2007-13 

2016 was predicted to decline by 17.08% and 52.2%, respectively. These results were consistent with 14 

Donaldson and Hornbeck (2016), who argued that the total value of U.S. agricultural land would 15 

have decreased by 29.1%-60.1% in the absence of railroads in 1890. Furthermore, population growth 16 

in the period between 2007 and 2016 was estimated to decline by 7.21%.  17 

 18 

Table 15 Counterfactual impacts on outcomes 19 
 Estimated Decrease without HSR network (%) 
 (1) Population in 2000 (2) Population in 2007 (3) Population in 2016 

Residential land price 
17.08 16.28 16.11 

(23.91) (24.28) (24.32) 

Service land price 
52.2 49.79 49.29 

(72.73) (73.87) (74.06) 

Population 
7.21 6.81 6.72 

(10.71) (10.87) (10.89) 

Notes: This table shows the estimated impacts on growth of counties’ outcomes without HSR network in 2007-2016.  20 

The standard errors are reported in parentheses. In the calculation of market access, the decay parameter is set to 3, and the travel speed 21 

is 60 km per hour. 22 

 23 

The assumption in the baseline scenario that counties’ populations are fixed at the 2000 level was 24 

relaxed. Columns (2) and (3) in Table 15 report the counterfactual estimation under alternative 25 

scenarios by fixing the total population in 2000 by the population distribution for counties following 26 

the patterns of 2007 and 2016. These two alternative estimates are similar to the baseline estimates in 27 

column (1), although with slightly smaller values, suggesting that population redistribution explained 28 

a small part of the land market and demographic changes. 29 

 30 

 31 
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Conclusions 1 

 2 

This study evaluated the causal impact of HSR network extension on land market outcomes in China 3 

utilizing the DID and MA approaches from 2004 to 2016. The DID analysis revealed that HSR 4 

increased land prices for all types of land usage, particularly in urban districts of top-tier cities. 5 

However, the overall land supply through public auction in urban districts and top-tier cities 6 

declined. For residential land use, the land supply decreased in urban districts but increased in 7 

suburban counties due to HSR access, which reflected the suburbanization development in the HSR 8 

new town program. In addition, the land supply of service land increased, especially in urban areas 9 

and other tier cities. In contrast, land leasing revenue declined significantly in urban districts and top-10 

tier cities, suggesting that raising land prices cannot offset shrinking land supply. Land revenue 11 

increased in other tier cities, which indicated that the HSR new town program was successful, at least 12 

from the local government perspective, particularly for medium and small cities.  13 

 14 

The results from the MA approach showed a consistent pattern. The land price, supply, and revenue 15 

were all positively correlated with the growth of MA, although the price effect was particularly 16 

robust for service land use. In addition to land market outcomes, the impact of HSR-induced MA 17 

growth on demographic changes was examined. HSR promoted population urbanization: the 18 

population grew the most in urban districts, particularly top-tier cities. Finally, a counterfactual 19 

analysis was conducted, which demonstrated that land prices and population decline substantially in 20 

the absence of HSR network development.  21 

 22 

In sum, the results have important policy implications for understanding how HSR shape and guide 23 

land market transformation. The spatial mismatch of population urbanization and residential land 24 

lease suburbanization could explain the skyrocketing housing prices in 1st and 2nd tier cities and the 25 

ghost town phenomenon in suburban counties in less developed regions. The rising service land price 26 

and supply demonstrated the role of HSR in the formation of consumer cities. The contrafactual 27 

estimation could provide a useful benchmark for evaluating the cost-benefit of HSR network 28 

development in cities.  29 

 30 

Lastly, several analytical challenges for future research should be considered. First, this study used 31 

the average price of land parcels to calculate land price, which differs from price indices. Future 32 

studies should obtain better land price data to estimate the impact of HSR on the land market. 33 

Second, an MA was constructed based on the framework of Donaldson and Hornbeck (2016), which 34 

estimated the impact of railway development on the agriculture sector in the US, with a trade model 35 

more appropriate for estimating the benefits of reducing trade costs for cargo. HSR reduces the travel 36 

cost for people rather than transportation of goods, which is unlike the setting of Donaldson and 37 

Hornbeck (2016). Borusyak and Hull (2021) and Dong et al. (2021) use different ways to construct 38 

an MA to estimate the impact of HSR on urban employment and new town development in China. 39 

However, their approaches to constructing MA were ad hoc. A theoretical framework to build an MA 40 

for passenger travel is required. Third, local governments in medium and small cities were relatively 41 

successful in raising land leasing revenue by launching the HSR new town program. However, the 42 

population moved to large cities after HSR system operation. If most new towns remain empty, 43 

developers may default on bank loans, which raises concerns regarding financial sustainability for 44 
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banks. Lastly, the HSR system construction is expensive. Although a contrafactual estimation was 1 

provided to evaluate land prices and demographic changes in the absence of an HSR network, it is 2 

unclear whether the benefits from improving market access offset the costs of development. There is 3 

currently no systematic cost-benefit analysis to evaluate the HSR network in China, although this is 4 

an important subject. 5 

 6 

 7 

Appendix: 8 

 9 

Hypothetical HSR lines were generated by the LCPST network, which required setting up target 10 

cities to be connected and cost raster (Faber 2014). In China, cities are ranked using a hierarchical 11 

tier system. The 1st and 2nd tier cities are the largest and most important cities for Chinese economies, 12 

including four centrally directed municipalities and most provincial capital cities. These were chosen 13 

as target cities, which must be connected by the LCPST,4 as shown in Figure A1(a). These terminal 14 

cities are consistent with China’s national railway network development plan (2016-2030), which 15 

proposed that the HSR network would connect metropolitan areas, major provincial capitals, and 16 

other large cities with a population of more than 500 thousand (National Railway Administration of 17 

China 2016).  18 

 19 

Figure A1: The construction of LCPST  20 

 21 

The cost raster is used to identify the difficulty of crossing a pixel of land and reflects the 22 

construction cost. According to a report by the World Bank5 (Lawrence et al. 2019) and interviews 23 

with HSR construction engineers, the factors determining the unit cost are mainly natural 24 

geographical conditions and the cost of land acquisition. When generating the cost grid, only natural 25 

 
4 Considering technology and cost, Lhasa was not a target city for HSR connection, where average altitude is approximately 4,000 
meters. 
5 https://openknowledge.worldbank.org/handle/10986/31801 License: CC BY 3.0 IGO. 
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geographical conditions related to engineering difficulty, including topography, landform, and 1 

surface fluctuation, were considered (Faber 2014). The factor of land acquisition was not taken into 2 

account as no relevant data were present, and land acquisition costs were relatively small in the 3 

entire construction cost.  4 

 5 

Three steps were followed to construct the LCPST network. First, a digital elevation model (DEM) 6 

was constructed based on geographic remote sensing data obtained from the Geospatial Data Cloud.6 7 

The region of China was extracted and resampled to a 500m*500m grid, and hydrology, slope, and 8 

fluctuation of each cell in the raster were calculated. Second, hydrology, slope, and fluctuation were 9 

weighted to generate a national cost raster. Following Faber (2014), the construction cost of each cell 10 

was calculated as follows: 11 

 12 

Costi = 0.3*Wateri + 0.4*Slopei + 0.3*Fluctuationi           (A1_1) 13 

 14 

where Costi is the cost of crossing a cell of land i, and Wateri is a dummy indicating whether cell i is 15 

covered by water. Slopei and Fluctuationi are the slope and fluctuation of cell i in a 3×3 cell window. 16 

However, Equation A1_1 does not fit well with the true construction cost. According to Equation 17 

A1_1, there is no cost of crossing a water-free and absolutely flat (slope and fluctuation of 0) cell, 18 

which is unrealistic. Therefore, according to the cost range of HSR construction in China, an 19 

intercept term was added to the fixed construction cost, as shown in equation A1_2. The final cost 20 

raster was: 21 

 22 

   Costi = 0.7+ 0.3*Wateri + 0.4*Slopei + 0.3*Fluctuationi            (A1_2)7 23 

 24 

Finally, based on the target cities and national cost raster, the hypothetical HSR network with the 25 

lowest construction cost was produced using the algorithm of the least-cost path spanning tree, as 26 

shown in Figure A1(b). Some routes along the actual HSR network were different from the LCPST 27 

network, although other routes overlapped.  28 

 29 

 30 
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