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Abstract

:

Urban rail transit facilities play a critical role in citizen’s social activities (e.g., residence, work and education). Using panel data on housing prices and urban rail transit facilities for 35 Chinese cities for 2002 to 2013, this study constructs a panel data model to evaluate the effect of rail transit facilities on housing prices quantitatively. A correlation test reveals significant correlations between housing prices and rail transit facilities. Empirical results demonstrate that rail transit facilities can markedly elevate real estate prices. Quantitatively, a 1% increase in rail transit mileage improves housing prices by 0.0233%. The results highlight the importance of other factors (e.g., per capita GDP, land price, investment in real estate and population density) in determining housing prices. We also assess the effects of expectations of new rail transit lines on housing prices, and the results show that expectation effects are insignificant. These findings encourage Chinese policy makers to take rail transit facilities into account in achieving sustainable development of real estate markets.
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1. Introduction


In recent decades, residential conditions have been a critical factor of the formation of sustainable cities [1]. Vast price bubbles in real estate markets increase the risk of bubbles bursting, which may damage the sustainable urban development. Meanwhile, urban rail transit facilities play an important role in alleviating traffic pressures [2] and promoting sustainable urban development [3], which may expand city boundaries. Accordingly, it is of enormous interest to ask whether urban rapid rail transit affects housing prices.



Starting in the early 2000s, a housing boom coupled with strong economic growth emerged in China. However, affected by the global financial crisis of 2008, the Chinese housing market dipped into a short recession. Following the institution of a series of economic stimuli (e.g., expansionary fiscal and monetary policies), China’s real estate market quickly recovered. Recently, whether a bubble in China’s housing market exists has been discussed by Shen [4], Ren et al. [5], and Feng et al. [6]. Economic fundamentals [7,8], regional productivity [9], monetary [10], demographic [11,12], and behavioral factors [13] are recognized as major determinants of housing values. More recently, impacts of transit factors on real estate values have attracted broad interest from transportation researchers and policymakers around the world.



At present, however, whether urban rail transit plays a critical role in determining housing values still remains controversial, though some case studies [14] provide supporting evidence. Zhang et al. [14] examine the capitalization of transit access in Beijing and find that the premium of metro rail transit is 248.31 yuan/m2 for every 100 m closer to a metro station. Similar results are presented by Hewitt and Hewitt [15], Jun [16], Kim and Lahr [17] and Chatman et al. [18]. However, Seo et al. [19] claim that proximity to a light rail transit station has both positive (i.e., accessibility to a rail transit station) and negative effects (i.e., air pollution and noise).



Urban rail transit in China has entered a phase of rapid expansion since the start of this century, during which the real estate market has experienced a golden era. Although some case studies provide supporting evidence for impacts of urban rail transit on housing prices, this issue has not been researched adequately, especially for China, where urban rail transit facilities and economic growth have boomed over the past decades. As of today, however, little panel data evidence exists on the relationship between rail transit facilities and housing prices at the city level. In this paper, we propose a theoretical framework and employ a panel model to examine the impacts of urban rail transit on housing prices. Our work contributes to the existing literature in several ways. First, we collect annual rail transit mileage records for operations of each sampled city, and we conduct a correlational analysis of rail transit facilities and housing prices in China. Second, we extend existing research on this relationship using panel data at the city level (Rail transit mileage refers to the length of rail transit that has been in service.). More specifically, we employ a panel model to assess the significance of the effects of rail transit on real estate prices. Third, we study the influence of rail transit expectations on housing booms. Fourth, we compare the effects of various factors (e.g., economic fundamentals, demographic factors, educational resources and urban rapid transit) on housing prices.



The remainder of the paper is organized as follows. Section 2 reviews existing literature related to the determinants of urban housing prices. Section 3 presents a brief description of the development of urban rail transit systems in China and a correlational analysis of housing prices and rail transit facilities. Section 4 describes model and data used. Section 5 estimates the panel data model and discusses the results. Section 6 provides the study’s conclusions and implications.




2. Literature Review


Our study touches on two strands of literature: micro- and macro-level studies on determinants of housing prices. Micro-level studies are typically conducted by case studies, which are usually based on a hedonic house modelling and estimated by cross-sectional micro-level data. In contrast, macro-level studies, in most cases, focus on economic determinants of average urban housing prices, which are usually conducted by panel data model or time series model.



2.1. Micro-Level Studies on Housing Prices


In regard to the first strand of literature, a number of studies have focused on whether and how transportation, amenity, education, building structure and distance to the central business district (CBD) affect housing markets. For the literature on transportation, some studies assess the effects of subway, light rail transit and other transportation facilities on housing prices. For example, Andersson et al. [20] assess the implicit housing price of a new high-speed railway line (HSR) that connects seven metropolitan areas in Taiwan using a hedonic price function. Their results show that HSR accessibility has at most a minor effect on house prices. Zhang et al. [14] study the capitalization of transit access in Beijing. In their study, they divide urban mass transit into three categories: bus rail transit (BRT), light rail transit (LRT) and metro rail transit (MRT). These researchers’ results demonstrate that MRT has the highest premium on housing prices, that LRT has a moderate premium, and that BRT has the lowest premium. Similar studies include Lewis–Workman and Brod [21], Zheng and Liu [22], Zhang et al. [23], Zhang [24], Hewitt and Hewitt [15] and Kim and Lahr [17].



Using an approach similar to De Vany [25], Seo et al. [19] construct a theoretical model on how amenity and disamenity should decay differently from links and nodes of rail and road networks. The authors thus examine the effects of nodes and links on housing prices. Their study shows that proximity to transport nodes is significantly and positively associated with housing prices. As a function of distance from highway exits and LRT stations, distance-band coefficients are found to form an inverted-U pattern consistent with positive longer-range distance-decay accessibility effects minus smaller, shorter range distance-decay disamenity effects.



For the case of China, educational resources, among the various factors that influence real estate prices, are a key consideration for home buyers, which differs from the case of other countries due to the “school district” policy for primary school students (In China, primary school students are limited to attend school near their residence, and the district owns high-quality primary schools known as a “school district house”). As a result, “school district house” has become a focal social issue and has conjured heated discussions between economics and sociological scholars. Wen and Jia [26] construct a hedonic model that included 15 housing feature variables. Their results show that the proxy variables of school and kindergarten have insignificant effects on housing prices. Feng and Lu [27] conduct a case study on Shanghai using panel data on 52 regional distributions of high schools. Their findings provide sufficient evidence that housing prices to some extent depend on one’s distance from a high school and on the quality of nearby schools. Wen et al. [28] conduct a more detailed case study on Hangzhou, China and find that educational facilities have positive capitalization effects on housing prices. In addition, some studies have revealed significant links between housing prices and structural characteristics of real estate markets (e.g., vacancy rates, construction permits, and building ages) [3,28,29].




2.2. Macro-Level Studies on Housing Prices


Macro-level studies on determinants of housing prices are quite extensive. According to the existing literature, the major macro determinants of housing price can be divided into two categories: economic fundamentals and demographic factors. Related empirical studies initially focused on economic factors. Fortura and Kushner [30] find a significant positive correlation between income and housing prices. Quigley [29] assesses the effects of per capita income, employment, and other variables on housing prices. The model shows that these factors can explain 10%−40% of housing price variations. The model also suggests that the lagged housing price can be served as an important factor in determining housing price. Zou and Chau [31] claim that the consumer price index (CPI) is a long-term determinant of house prices. At the national level, business cycles, industrial production levels and employment rates are also the main factors which contribute to the change in housing prices [32,33,34]. More recently, monetary variables such as monetary supplies and interest rates have been found to be associated with housing prices [10,35].



As a component of housing costs, land prices are considered to be significantly associated with housing prices. Yang [36] and Bao [37] claim that the rise in land prices has increased housing prices. Wen and Goodman [38] construct a simultaneous-equations model to examine the interplay between housing and land prices. Their model was estimated using sample data on 21 provincial cities in China from 2000 to 2005, and their results show that housing and land prices are endogenously interrelated. Du et al. [39] employ a Granger causality approach to test this relation. Their results suggest the presence of unidirectional Granger causality between housing and land prices.



Demographic factors are recognized as major determinants of urban housing prices [11,40,41]. Parker [11] and Jud and Winkler [40] claim that population growth is significantly correlated with the housing market. Takáts [41] notes that that demographic dividend serves as an important driving force behind housing prices. Zhang et al. [12] use a panel vector autoregression (PVAR) model to assess direct and indirect mechanisms of the demographic dividend that cause real estate price escalation. Their results show that the demographic dividend can increase housing prices though both direct and indirect channels.



In summary, we can examine determinants of housing prices from two perspectives: micro and macro perspectives. Micro-level studies focus on determinants of housing prices in a certain community or a district, while macro-level studies focus on determinants of average housing prices in the city or province levels. From both micro- and macro-level studies, we can conclude that factors that affect housing prices are quite extensive and micro-level factors such as building structure, distance to CBD, etc., are less important in macro-level studies. Hence, it is necessary for us to control as many factors as possible to assess the effect of rail transit on housing prices. However, most of the existing studies on the effect of transportation on housing prices have been conducted by case study on the base of micro-level data. To our knowledge, no studies have based on panel data at the city level. We thus conduct a study using city-level panel data and select an available proxy for rail transit facilities. To accurately assess impacts of urban rail transit services on housing prices, we consider possible factors based on previous studies. More specifically, we use selected factors as “control” variables in our panel data model.





3. Urban Rapid Rail Transit in China


3.1. Rapid Rail Transit Development in China


Beijing is home to the oldest metro rail transit system in China (established in 1969). It was initially developed as the capital’s defence system for transporting troops when necessary. Management rights over the line were then transferred to a local transit company in 1977 and thereafter for public transit purposes. In China, rail transit line development has always constituted a major objective for city administrators. Through Chinese rail transit construction history; however, two setbacks occurred. Due to economic conditions and construction techniques employed at the time, the State Council suspended the approval of new rapid rail transit projects by publicizing the Notice of suspension for the approval of rapid rail transit projects in 1995. Prior to October of 2002, a number of cities published rail transit network plans and prepared for urban rail construction. To curb this new wave of rail transit construction, the State Council decided to freeze metro projects in certain cities (Hangzhou, Qingdao, and Xi’an, among others).



After improvements were made to the rail transit project approval process, the urban rail transit system in China entered a phase of rapid expansion. As shown in Table 1, more and more cities opened rail transit lines after 2004. By the end of 2013, 23 cities had created rail transit lines, and more than 35 cities had published rail transit plans. Notably, cities that own rail transit networks are concentrated in eastern regions of China, implying that economic levels are a major determinant of rail transit construction. Along with the rapid development of urbanization in China, mass transit, and urban rail transit in particular, will certainly enter another golden era.




3.2. The Correlation between Rail Transit Facilities and Housing Prices


To achieve a basic understanding of the relationship between rail transit facilities and housing prices, we present temporal trends for the two variables (see Figure 1). Both total rail transit mileage levels and average housing prices have rapidly increased from 2002 to 2013. In regards to housing prices, the year 2008 can be considered the start of more significantly increasing housing price trends. In contrast, the turning point for rail transit mileage levels occurred in 2009. Similar characteristics for the two variables imply that there may be a high correlation between them.



Table 2 presents Spearman correlational coefficients between rail transit mileage levels and housing prices for the cities that own metro lines. Overall, correlational coefficients in most of the cities are close to 1, and especially for larger cities, such as Beijing, Shanghai and Guangzhou, denoting a high correlation between rail transit facilities and housing prices. Next, we conduct a further analysis using an econometric model.





4. Methodology and Data


4.1. Econometric Model Specification


In light of the highly possible positive effect of rail transit facilities on housing prices, we use rail transit mileage as the main independent variable and economic fundamentals, demographic factors and educational resources as “control” variables. These variables are listed in Table 3. Our empirical model is described by the following equations:


     ln h o u s i n g  p  i t   =   c +  β 1  ln g d p  p  i t   +  β 2  u n e m p l o  y  i t   +  β 3  p o p g r o w t  h  i t   +  β 4  ln p o p d e n s i t  y  i t        +  β 5  ln l a n d  p  i t   +  β 6  ln i n v e s  t  i t   +  β 7  ln c o l l e g  e  i t   +  β 8  ln p r i m a r  y  i t        +  β 9  ln b o o  k  i t   +  β  10   ln h o s p i t a  l  i t   +  β  11   ln r a i  l  i t   +  α i  +  ε  i t       



(1)




where the subscript i indexes cities, αi denotes an individual specific effect term and εit the error term. Panel data are also called cross-sectional time-series data. A panel data set contains n entities or subjects, each of which includes T observations measured at 1 through t time period. Thus, the total number of observations in the panel data is n × T. Cross-sectional data set is a type of one-dimensional data set and refers to a data set collected by observing subjects (such as individuals, firms or countries/regions at the same point of time. Panel data model and cross-sectional data model are econometric models estimated by various methods based on panel data set and cross-sectional data set, respectively. As noted above, the local government typically publishes rail transit network plans and construction periods a few years in advance. Thus, rail transit expectations may have unique effects on housing prices. We thus apply special specifications to the sample data by using the lnrail variable for the n (n = 1, 2, 3) period when estimating the models.




4.2. Data and Descriptive Statistics


Data for this study were gathered from the Royal Flush iFind Database [42], China Real Estate Statistical Yearbook [43], the China City Statistical Yearbook [44] and the China Statistical Yearbook [45], which includes data on 35 major Chinese cities for 2002 to 2013. To eliminate impacts of inflation on the economic variables, we treat 2000 as a base year and make price adjustments to the variables. We also use natural logarithms for the variables with the exception of those for unemployment and popgrowth. If one city does not own a metro line, variable values remain at zero.



This study models housing prices as a function of eleven explanatory variables (listed in Table 3). Table 4 shows the descriptive statistics for the variables used in this paper. The average housing price is 5,238.803 yuan/m2 for the sample period. The highest and lowest housing prices are 24,402 and 1464 yuan/m2, respectively, denoting the existence of major housing price variations in different cities for the sample period. The per capita GDP level is 43,184.61 yuan. To compare the difference in the development of urban rapid rail transit between cities, we report the descriptive statistics for rail transit for the 35 cities and for the cities that have a rail transit system respectively. The means and standard deviations of rail transit for different groups are significantly distinguishing, which indicates a huge imbalance in the development of urban rail transit in China. On average, land prices are lower than housing prices and are more volatile than housing prices. It can be concluded that there are significant variations between the variables for the sample period.



To avoid estimation errors caused by a multicollinearity issue, we conduct a VIF (variance inflation factor) test and a correlational coefficient test. Table 5 and Table 6 report the test results of VIF and correlational coefficient based on the pooled sample, respectively. From Table 5, we can observe that all VIF values are lower than 10 and the mean VIF is as low as 2.05, suggesting there doesn’t exist a serious collinearity issue among the variables. In addition, the test results of correlational coefficients support the conclusion of the VIF test.





5. Results and Discussion


5.1. Effects of Urban Rail Transit Facilities on Housing Prices


The empirical analysis consists of two parts: the direct effects and the expectation effects of rail transit facilities on housing prices. First, we use a panel data model to assess the direct effect of rail transit facilities on housing prices. We use the average commercial housing prices (housingp1) as the explained variable. The coefficient on rail transit facilities is estimated when the effects of other variables listed in Table 3 are controlled. To check the robustness, we also use the residential housing prices (housingp2) as the explained variable instead of the average commercial housing prices. In China, commercial house refers to buildings used to reside or to generate a profit, either from capital gain or rental income. Residential house refers to commercial house with living space less than 144 square meters. Thus, the term commercial house has a larger scope than a residential house.



Table 7 reports the regression results. Models 1 and 2 are estimated by an ordinary least squares (OLS) estimator using a pooled sample. Random-effect models are shown in the fourth and fifth columns, respectively. Fixed-effect estimates are listed in the last two columns. For the case of this study, the functional form of fixed-effect model is    ln h o u s i n g  p  i t   = ( c +  α i  ) +  X  i t  ′  β +  ε  i t     , while the functional form of random-effect model is    ln h o u s i n g  p  i t   = c +  X  i t  ′  β + (  α i  +  ε  i t   )   , where     X  i t  ′     denotes the explanatory variable vector, and     α i     is a fixed or random effect specific to individual (group) or time period. Error variances in fixed-effect model are constant, and intercepts are varying across group or time. In contrast, error variances in random-effect model are randomly distributed across group or time, and intercepts are constant. If we put all the panel data together and do not make any distinction between cross section and time series, we can of course run a regression over all the data using ordinary least squares. This is called a pooled OLS regression. Pooled OLS is often used as a rough and ready means of analyzing the data. It is a simple and quick benchmark to which more sophisticated regressions can be compared. The Hausman test for models with lnhousingp1 as the explained variable suggests that fixed-effect models exhibit better performance than the random-effect models. In contrast, the Hausman test for models with lnhousingp2 as the explained variable suggests that random-effect models exhibit better performance than fixed-effect models. According to the F statistic, we fail to reject the null hypothesis of coefficients being zero at the 1% level. The adjusted R2 of each model are greater than 0.85. In particular, the adjusted R2 for the suggested model (Model 3a) by Hausman test is as high as 0.8636, which indicates that all the independent variables can explain the housing prices variation by 86.36%. Overall, most of the coefficients on the “control” variables in the fifth column are significant at the 5% level or better and have the expected signs.



We shift focus to the impact of urban rail transit facilities on housing prices. The significance of the coefficient on lnrail in Model 3a precisely verifies our previous deduction. The sign on the coefficient, as expected, is positive, which is consistent with the findings in the case study documented by Seo et al. [19]. The magnitude of the coefficient is 0.0233, which means that each one-degree increase in rail transit mileage improves housing prices by 0.0233%. The coefficient, as one would expect, is much smaller in value than most of the other variables, such as per capita GDP, land price, completed investment and population growth, indicating that urban rapid trail transit generates relatively small but significant impact on housing prices. These findings suggest that economic factors such as income, population growth and employment are major determinants of housing prices.



The significant impact of urban rail transit facilities on housing prices suggests that the development of urban rail transit network plays an important role in house price increases in China during the past decade. Consequently, how the rail transit facilities influence the housing price is what we are interested in. There exist two possible channels (direct and scale effects) through which urban rail transit facilities affect housing prices. As previous case studies have shown, one’s proximity to transportation nodes is significantly and positively associated with housing prices, and we refer to this as a direct effect. Compared to other transportation instruments (e.g., bus rail transit systems), metro rail transit systems have an entirely different impact on human activities and even on economic growth patterns. That is, metro rail transit systems extend the boundaries of urban functions due to their speed advantages relative to other mass transit systems, resulting in the convergence of suburban housing prices to central areas. From a microeconomics perspective, metro line system expansions may result in scale effects on housing prices. First, rail transit network developments create extra amenities that may lead to the development of additional accessibility premiums. Second, in terms of ripple effects, rail transit network expansion causes housing prices farther from stations to rise.



Some other findings are noteworthy. First, economic fundamentals such as per capita GDP and unemployment rate exhibit strong effects on the property values. Meanwhile, land price, as the cost proxy, shows strong impact on housing prices, which supports the view that cost drives housing prices [9,29,30]. Theses findings are consistent with the view that economic fundamentals are the major driving factors in determining housing prices [31,32,33,34]. Second, the coefficient on population is significant and presents the expected sign, which indicates that the demographic factors play an important role in forming housing price bubbles.



Third, housing market factors show strong effects on housing prices. Completed investment in housing markets demonstrates a notable effect, which, to some extent, reflects the developers’ expectations of housing prices. Fourth, scientific resource measured by books per capita generates a significantly positive impact on housing prices. In contrast, the effect of health facility per capita is insignificant. Fifth, the variable primary school per capita generates a significantly negative effect on housing prices, while the effect of the variable colleges per capita is insignificant. These findings imply that the scarcity of primary educational resource may increase housing prices, which is remarkably different from the effects of health facility per capita and scientific resource per capita. From the data set, we observe that the variable primary school per capita shows a diminishing trend with the population growth, which is opposite to health facility per capita and scientific resource per capita. Indeed, if the primary educational resource per capita is scarcer, the houses near the primary school are more expensive in China, which is more obvious in large cities.




5.2. Rail Transit Expectation Effects on Housing Prices


Real estate developers in China are keen to broadly advertise metro housing facilities from the planning of a rail transit line to its opening. While a metro line generally takes approximately 3–4 years to construct, overall transit network plans may be designed a few years earlier. As a result, the public is well informed of plans and of expected opening dates, resulting in differences between this variable and other endogenous variables. Thus, it is of enormous interest to investigate premiums of rail transit facilities on housing prices from the perspective of expectation.



To assess the impact of the expectation of new metro lines on housing price, we estimate different models with different expectation specification. Table 8 reports the estimates with fixed-effect specification. From the estimates of Model 5, the coefficient on lnrail is not significant at any significant levels, indicating that expectations of new metro lines 1 year prior to opening cannot generate significant effects on housing prices. Similar situations can be found in Models 6 and 7. Furthermore, coefficients on lnrail present a diminishing trend form Model 4 to Model 7, which seems to show that, with the planning of new lines, rail transit facilities generate more and more effects on housing prices, although most of the coefficients are insignificant.





6. Conclusions


The purpose of this study is to measure effects of urban rail infrastructure on housing values using a panel data model on 35 Chinese cities for 2002 to 2013. Previous studies have focused on relationships between urban transit systems and housing prices (e.g., between housing prices and high speed railway systems [20], road and rail systems [20], rail accessibility levels [46,47,48], and highway and light rail accessibility levels [49]. However, nearly all of the studies presented above are case studies. To our knowledge, no city-level panel data have been used to assess urban rail transit system impacts on housing prices. During estimation, numerous independent variables selected based on the existing literature were included to control and measure rail transit effects.



The main results of the study show that the rail transit facilities have significantly positive effects on housing prices. Quantitatively, each 1% increase in rail transit mileage improves housing prices by 0.0233%. As one would expect, such effects are smaller than those of some other variables such as per capita GDP, land price, real estate investment and population growth, which are recognized as fundamental determinants of housing price. We also determine whether rail transit expectations have significant effects on housing prices and use various sample specifications to test expectation effects. The expectations of new rail transit lines cannot generate statistically significant effects on housing price. It can be concluded that urban rail transit systems play an indispensable role in determining housing prices.



This study is of practical significance, as it provides relative information for policy makers to use when applying regulatory powers to improve urban functions while stabilizing real estate prices. First, the central government should take utmost precautions to mitigate economic fluctuations. Second, local governments should increase or reduce the supply of urban land to affect land prices and the cost of development according to changes in real estate market conditions. Third, in order to mitigate real estate bubbles in big cities with highly-concentrated resources like Beijing, Shanghai, Guangzhou and Shenzhen, the central government should allocate more infrastructure spending, education and human resources to small cities. Fourth, the urban governor should take measures to control demographic growth, which contributes to stabilize housing prices and to increase the infrastructure per capita. The results of this study may also help home buyers select reasonable times and locations in making beneficial housing purchases. As China’s real estate bubble is at risk of bursting, it is necessary for policy makers to take the endogenous factors such as urban rail transit into account and to diminish such threats to the housing market. The findings of this study can help home buyers and investors reasonably evaluate the value of rail accessibility.
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Figure 1. Total rail transit mileage records and average housing prices for 35 cities. Source: Royal Flush iFind Database [42] and China Real Estate Statistical Yearbook [43]. 
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Table 1. Overview of urban rapid rail transit systems in China (by the end of 2013).







Table 1. Overview of urban rapid rail transit systems in China (by the end of 2013).







	
City

	
Length (km)

	
Lines

	
Opening Year

	
City Location

	
City

	
Length (km)

	
Lines

	
Opening Year

	
City Location






	
Beijing

	
465.0

	
17

	
1969

	
Eastern

	
Wuhan

	
72.1

	
4

	
2004

	
Central




	
Tianjin

	
142.6

	
4

	
2004

	
Eastern

	
Guangzhou

	
263.9

	
9

	
1997

	
Eastern




	
Shenyang

	
55.1

	
2

	
2010

	
Eastern

	
Shenzhen

	
173.1

	
5

	
2004

	
Eastern




	
Dalian

	
87.0

	
3

	
2002

	
Eastern

	
Chongqing

	
169.9

	
5

	
2004

	
Western




	
Ha’erbin

	
27.3

	
1

	
2013

	
Eastern

	
Chengdu

	
50.5

	
2

	
2010

	
Western




	
Shanghai

	
567.4

	
14

	
1993

	
Eastern

	
Kunming

	
38.5

	
3

	
2012

	
Western




	
Nanjing

	
108.6

	
2

	
2005

	
Eastern

	
Xi’an

	
45.5

	
2

	
2011

	
Western




	
Hangzhou

	
48.0

	
1

	
2013

	
Eastern

	
Changchun

	
47.9

	
5

	
2002

	
Eastern








Source: Royal Flush iFind Database and Baidu Encyclopedia.
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Table 2. Correlational coefficients for large cities.







Table 2. Correlational coefficients for large cities.







	
City

	
Spearman

	
City

	
Spearman

	
City

	
Spearman






	
Beijing

	
0.9296 *** (7.9759)

	
Wuhan

	
0.8005 *** (4.2231)

	
Nanjing

	
0.9497 *** (9.5991)




	
Tianjin

	
0.8503 *** (5.1098)

	
Guangzhou

	
0.9736 *** (13.5017)

	
Changchun

	
0.8753 *** (5.7254)




	
Dalian

	
0.8849 *** (6.007)

	
Shenzhen

	
0.9406 *** (8.7651)

	

	




	
Shanghai

	
0.9555 *** (10.2445)

	
Chongqing

	
0.9841 *** (17.5579)

	

	








Spearman correlation coefficients were calculated using Eviews 6.0. *** denotes significance at the 1% level. t-statistics are reported in parentheses below correlational coefficients.
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Table 3. Definitions of variables.







Table 3. Definitions of variables.







	
Catalogue

	
Variable

	
Description






	
Dependent variable

	
Housing price (housingp)

	
This variable represents an average price for all commodity house types




	
Economic factors

	
GDP per capita (gdpp)

	
This variable measures per capita GDP




	
Unemployment rate (unemploy)

	
This variable presents the unemployed population as a proportion of labourers




	
Land price (landp)

	
This variable represents the urban land price




	
Demographic factors

	
Population growth rate (popgrowth)

	
This variable represents the annual ratio of natural demographic increase to the current average population




	
Population density (popdensity)

	
This variable measures population density within a area of one square kilometre




	
Housing market factors

	
Completed investment in real estate market (invest)

	
This variable measures the annual investment spending that has completed in the real estate market, which differs from the planned investment spending




	
Educational factors

	
Colleges per capita (college)

	
This variable measures the number of colleges and universities per capita




	
Primary schools per capita (primary)

	
This variable measures the number of primary schools per capita




	
Books per capita (book)

	
This variable is a proxy of scientific resource and indirectly measure the level of science, technology and education in a certain city




	
Health facility

	
Hospitals per capita (hospital)

	
This variable measures the number of hospitals per capita




	
Rapid transit factor

	
Rail transit (rail)

	
The variable measures the operation mileage of rail transit systems
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Table 4. Descriptive statistics.







Table 4. Descriptive statistics.







	
Variable

	
Obs

	
Mean

	
Std. Dev.

	
Min

	
Max






	
Housing price

	
420

	
5238.80

	
3544.25

	
1464.00

	
24,402.00




	
GDP per capita

	
420

	
43,184.61

	
25,982.08

	
6027.00

	
153,206.00




	
Unemployment rate

	
420

	
2.9816

	
1.3016

	
0.4295

	
8.1423




	
Population growth rate

	
420

	
5.0762

	
3.5636

	
−3.31

	
19.80




	
Population density

	
420

	
701.82

	
599.21

	
123.95

	
3809.08




	
Land price

	
420

	
3685.84

	
3922.92

	
492.00

	
21,395.00




	
Completed investment in real estate market

	
420

	
530.82

	
584.20

	
14.83

	
3483.41




	
Colleges per capita

	
420

	
5.83 × 10−6

	
2.28 × 10−6

	
9.31 × 10−7

	
1.20 × 10−5




	
Primary schools per capita

	
420

	
1.74 × 10−4

	
8.46 × 10−5

	
4.32 × 10−5

	
4.37 × 10−4




	
Books per capita

	
420

	
1.2631

	
1.2189

	
0.1252

	
9.3724




	
Hospitals per capita

	
420

	
5.99 × 10−5

	
7.21 × 10−5

	
2.26 × 10−5

	
7.28 × 10−4




	
Rail transit for the 35 cities

	
420

	
29.52

	
76.31

	
0

	
567.40




	
Rail transit for the cities that have a rail transit

	
180

	
68.73

	
104.50

	
10.00

	
567.40
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Table 5. Test results of variance inflation factor.







Table 5. Test results of variance inflation factor.







	

	
VIF

	
1/VIF

	

	
VIF

	
1/VIF






	
lngdpp

	
3.26

	
0.306333

	
unemploy

	
1.32

	
0.757158




	
lnlandp

	
2.32

	
0.430743

	
lnhospital

	
1.39

	
0.721666




	
lninvest

	
3.9

	
0.256533

	
lnprimary

	
1.74

	
0.573883




	
lnrail

	
2.05

	
0.488405

	
lncollege

	
1.41

	
0.709692




	
popgrowth

	
1.38

	
0.725234

	
lnbook

	
1.99

	
0.502968




	
lnpopdensity

	
1.81

	
0.553413

	
Mean VIF

	
2.05
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Table 6. Correlational coefficients between variables.







Table 6. Correlational coefficients between variables.







	

	
lnhousingp1

	
lngdpp

	
lnlandp

	
lninvest

	
lnrail

	
popgrowth

	
lnpopdensity

	
unemploy

	
lnhospital

	
lnprimary

	
lncollege

	
lnbook






	
lnhousingp1

	
1

	

	

	

	

	

	

	

	

	

	

	




	
lngdpp

	
0.89

	
1

	

	

	

	

	

	

	

	

	

	




	
lnlandp

	
0.70

	
0.56

	
1

	

	

	

	

	

	

	

	

	




	
lninvest

	
0.77

	
0.73

	
0.66

	
1

	

	

	

	

	

	

	

	




	
lnrail

	
0.50

	
0.49

	
0.38

	
0.61

	
1

	

	

	

	

	

	

	




	
popgrowth

	
−0.10

	
−0.15

	
−0.24

	
−0.32

	
−0.33

	
1

	

	

	

	

	

	




	
lnpopdensity

	
0.53

	
0.48

	
0.57

	
0.50

	
0.43

	
−0.15

	
1

	

	

	

	

	




	
unemploy

	
−0.44

	
−0.32

	
−0.37

	
−0.26

	
−0.06

	
−0.15

	
−0.13

	
1

	

	

	

	




	
lnhospital

	
−0.38

	
−0.34

	
−0.35

	
−0.36

	
−0.28

	
0.04

	
−0.45

	
0.13

	
1

	

	

	




	
lnprimary

	
−0.34

	
−0.41

	
−0.21

	
−0.53

	
−0.17

	
0.30

	
−0.15

	
0.11

	
0.35

	
1

	

	




	
lncollege

	
0.15

	
0.23

	
−0.10

	
−0.02

	
−0.09

	
0.28

	
0.09

	
−0.01

	
0.12

	
−0.01

	
1

	




	
lnbook

	
0.52

	
0.58

	
0.33

	
0.34

	
0.39

	
−0.14

	
0.30

	
−0.13

	
−0.08

	
−0.06

	
0.30

	
1
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Table 7. Regression results of the basic models.







Table 7. Regression results of the basic models.







	
Model

	
Pooled-OLS

	
Random-Effects

	
Fixed-Effect




	
1a

	
1b

	
2a

	
2b

	
3a

	
3b






	
explained variable

	
lnhousingp1

	
lnhousingp2

	
lnhousingp1

	
lnhousingp2

	
lnhousingp1

	
lnhousingp2




	
lngdpp

	
0.4733 ***

	
0.4890 ***

	
0.3689 ***

	
0.3699 ***

	
0.2486 ***

	
0.2481 ***




	
(−16.6)

	
(−16.39)

	
(−8.99)

	
(−8.71)

	
(−5)

	
(−4.77)




	
lnlandp

	
0.1644 ***

	
0.1779 ***

	
0.2320 ***

	
0.2386 ***

	
0.3110 ***

	
0.3179 ***




	
(−9.64)

	
(−9.96)

	
(−8.6)

	
(−8.55)

	
(−9.17)

	
(−8.95)




	
lninvest

	
0.0641 ***

	
0.0588 ***

	
0.0907 ***

	
0.1070 ***

	
0.1182 ***

	
0.1392 ***




	
(−4.05)

	
(−3.55)

	
(−4.02)

	
(−4.58)

	
(−4.15)

	
(−4.67)




	
lnrail

	
0.0298 ***

	
0.0261 ***

	
0.0216 ***

	
0.0147 *

	
0.0233 ***

	
0.0163 *




	
(−4.57)

	
(−3.82)

	
(−2.69)

	
(−1.76)

	
(−2.65)

	
(−1.77)




	
popgrowth

	
0.0193 ***

	
0.0201 ***

	
0.0151 ***

	
0.0165 ***

	
0.0079 **

	
0.0097 ***




	
(−6.61)

	
(−6.58)

	
(−4.73)

	
(−4.96)

	
(−2.26)

	
(−2.64)




	
lnpopdensity

	
0.0356 **

	
0.0523 ***

	
0.0282

	
0.0326

	
0.0798 *

	
0.0727




	
(−2.08)

	
(−2.92)

	
(−0.9)

	
(−1.01)

	
(−1.8)

	
(−1.57)




	
unemploy

	
−0.0424 ***

	
−0.0452 ***

	
−0.0341 ***

	
−0.0373 ***

	
−0.0303 ***

	
−0.0334 ***




	
(−5.41)

	
(−5.51)

	
(−4.26)

	
(−4.47)

	
(−3.66)

	
(−3.86)




	
lncollege

	
−0.0147

	
−0.0132

	
0.00529

	
0.0217

	
−0.0141

	
0.00778




	
(−0.63)

	
(−0.54)

	
(−0.16)

	
(−0.62)

	
(−0.34)

	
(−0.18)




	
lnprimary

	
0.0794

	
0.0434

	
−0.202 **

	
−0.182 **

	
−0.444 ***

	
−0.394 ***




	
(−1.65)

	
(−0.86)

	
(−2.51)

	
(−2.20)

	
(−4.31)

	
(−3.66)




	
lnhospital

	
0.0104

	
−0.0102

	
0.0207

	
0.0029

	
0.0337

	
0.0163




	
(−0.49)

	
(−0.46)

	
(−0.92)

	
(−0.12)

	
(−1.45)

	
(−0.67)




	
lnbook

	
0.0442 **

	
0.0470 **

	
0.0891 ***

	
0.103 ***

	
0.103 ***

	
0.121 ***




	
(−2.52)

	
(−2.56)

	
(−4.62)

	
(−5.12)

	
(−5.06)

	
(−5.68)




	
constant

	
1.260 ***

	
0.953 ***

	
2.060 ***

	
1.768 ***

	
2.641 ***

	
2.334 ***




	
(−4.32)

	
(−3.12)

	
(−4.82)

	
(−4)

	
(−4.96)

	
(−4.19)




	
Obs.

	
420

	
420

	
420

	
420

	
420

	
420




	
F/Wald-statistic

	
281.65 ***

	
281.59 ***

	
2439.09 ***

	
2487.53 ***

	
215.31 ***

	
217.06 ***




	
Adjusted-R2

	
0.8805

	
0.8805

	
0.8575

	
0.8595

	
0.8636

	
0.8646




	
Hausman test

	
34.12 ***

	
6.36

	
34.12 ***

	
6.36

	
34.12 ***

	
6.36








t-statistics are reported in parentheses below the coefficient estimates. *, ** and *** denote significance at the 10%, 5% and 1% levels, respectively. Models a and b refer to the models with lnhousingp1 and lnhousingp2 as the explained variable, respectively.
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Table 8. Regression results of the models that consider the expectation of new rail lines.
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Model

	
4

	
5

	
6

	
7






	
lngdpp

	
0.2486 ***

	
0.276 ***

	
0.277 ***

	
0.264 ***




	
(−5)

	
(−5.19)

	
(−4.87)

	
(−3.04)




	
lnlandp

	
0.3110 ***

	
0.389 ***

	
0.446 ***

	
0.535 ***




	
(−9.17)

	
(−9.89)

	
(−9.38)

	
(−4.6)




	
lninvest

	
0.1182 ***

	
0.117 ***

	
0.103 ***

	
0.0768




	
(−4.15)

	
(−4.01)

	
(−3.24)

	
(−1.16)




	
lnrail

	
0.0233 ***

	
0.0133

	
0.0108

	
0.00875




	
(−2.65)

	
(−1.41)

	
(−1)

	
(−0.42)




	
popgrowth

	
0.0079 **

	
0.00930 **

	
0.00868 *

	
0.00574




	
(−2.26)

	
(−2.5)

	
(−1.97)

	
(−1.1)




	
lnpopdensity

	
0.0798 *

	
0.0648

	
0.0309

	
−0.024




	
(−1.8)

	
(−1.26)

	
(−0.56)

	
(−0.33)




	
unemploy

	
−0.0303 ***

	
−0.0283 ***

	
−0.0257 ***

	
−0.0197




	
(−3.66)

	
(−3.31)

	
(−2.82)

	
(−1.24)




	
lncollege

	
−0.0141

	
−0.0245

	
−0.0212

	
−2.8E-05




	
(−0.34)

	
(−0.59)

	
(−0.50)

	
(−0.00)




	
lnprimary

	
−0.444 ***

	
−0.384 ***

	
−0.414 ***

	
−0.475 **




	
(−4.31)

	
(−3.56)

	
(−3.52)

	
(−2.13)




	
lnhospital

	
0.0337

	
0.0322

	
0.0292

	
0.0331




	
(−1.45)

	
(−1.37)

	
(−1.17)

	
(−1.2)




	
lnbook

	
0.103 ***

	
0.135 ***

	
0.168 ***

	
0.195 ***




	
(−5.06)

	
(−5.89)

	
(−5.77)

	
(−3.13)




	
constant

	
2.641 ***

	
1.701 ***

	
1.524 **

	
1.462




	
(−4.96)

	
(−2.98)

	
(−2.47)

	
(−1.65)




	
Obs.

	
420

	
385

	
350

	
315




	
F-statistic

	
215.31 ***

	
190.74 ***

	
151.36 ***

	
72.82 ***




	
Adjusted-R2

	
0.8636

	
0.8609

	
0.8456

	
0.8296








t-statistics are reported in parentheses below the coefficient estimates. *, ** and *** denote significance at the 10%, 5% and 1% levels, respectively. Models 4, 5, 6, and 7 present the models based on current-period, one-period-ahead, two-period-ahead and three-period-ahead rail transit data, respectively.
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