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ABSTRACT 

 
Based on housing transaction data in Beijing 2005-2016, this thesis examines the impacts of car 

driving and purchasing restrictions on the value of subway proximity. The thesis proposes a 

heterogeneous framework for citywide subway capitalization studies by adding station fixed effects to 

the standard practice of hedonic method. Results suggest that for second-hand homes, subway 

proximity is a significant determinant of housing prices. The 2008 car driving restriction has increased 

the value of proximity for second-hand homes, but only for those within the 8km-radius of subway 

stations. The 2014 bi-monthly lottery restriction induces an unexpected but robust negative effect on 

proximity values, which probably implies that gentrification has started to take place in neighborhoods 

that are near subway stations.  

 
 



  iii 

BIOGRAPHICAL SKETCH 

 

Binzhe Wang was born in Gaomi, China 1991. Prior to her education in Applied Economics 

and Management beginning fall 2017, she was trained as a city planner, with a bachelor’s degree from 

Peking University in 2015 and a master’s degree from Cornell University in 2017.   



  iv 

ACKNOWLEDGMENTS 

 

I would like to thank my advisor, Professor Shanjun Li, for his help, encouragement and 

guidance throughout the past year. He taught me the important qualities of good research in social 

science, as well as essential qualities to become a good researcher. It was truly my honor to be a student 

of him and to work with him.   

I would also like to thank Professor Panle Jia Barwick, who serves as my committee member, 

for her insightful comments and inspiring advice.  

I would like to thank my parents, my friends, and my lovely community in Warren 442. 

Thanks for being encouraging and caring all the time.  

 



  v 

TABLE OF CONTENTS 

 

BIOGRAPHICAL SKETCH ..................................................................................................... iii 

ACKNOWLEDGMENTS ......................................................................................................... iv 

TABLE OF CONTENTS ............................................................................................................ v 

LIST OF FIGURES ................................................................................................................... vi 

LIST OF TABLES .................................................................................................................... vii 
 
 

CHAPTER 1 INTRODUCTION ................................................................................................ 1 
CHAPTER 2 BACKGROUND AND LITERATURE ............................................................... 4 

2.1 Subway expansion ............................................................................................................. 4 
2.2 Automobile related restrictions ......................................................................................... 5 
2.3 The capitalization of public transit .................................................................................... 6 

CHAPTER 3 DATA ................................................................................................................... 9 
3.1 Home transactions ............................................................................................................. 9 
3.2 Home-subway distance ................................................................................................... 10 

CHAPTER 4 EMPIRICAL STRATEGIES .............................................................................. 13 
4.1 Identification of subway proximity ................................................................................. 13 
4.2 Identification of treatment and control group ................................................................. 15 

CHAPTER 5 RESULTS ........................................................................................................... 16 
5.1 Pre-restriction patterns .................................................................................................... 16 
5.2 Temporal patterns ............................................................................................................ 18 
5.3 Spatial patterns ................................................................................................................ 19 
5.4 Restriction effects ............................................................................................................ 21 

CHAPTER 6 DISCUSSION ..................................................................................................... 25 
6.1 A conjecture on gentrification ......................................................................................... 25 
6.2 A glance at new housing market ..................................................................................... 27 
6.3 Station fixed effects ......................................................................................................... 28 

CHAPTER 7 CONCLUSION .................................................................................................. 30 
APPENDIX ............................................................................................................................... 32 
REFERENCES ......................................................................................................................... 34 

 

 

 

 



  vi 

LIST OF FIGURES 

 

 
Figure 1. Subway station openings in Beijing, 1971-2017 ................................................................ 4 
Figure 2. License quota and pool size of Automobile License Lottery ............................................. 6 
Figure 3. The geographical distribution of transactions from the original dataset .......................... 10 
Figure 4. Geographical boundary of Olympic Village Jiedao ......................................................... 14 
Figure 5. The 1957 subway plan of Beijing ..................................................................................... 14 
Figure 6. Station specific values, 10 highest values and 10 largest increases ................................. 29 

 



  vii 

LIST OF TABLES 

 
Table 1. Annual automobile ownerships and trips in Beijing, 2006-2015 ........................................ 6 
Table 2. Descriptive statistics of home resales and new sales ......................................................... 12 
Table 3. Estimates of pre-restriction value of subway proximity, 2005-2008 ................................. 18 
Table 4. Estimates of yearly proximity value, 2005-2016 ............................................................... 19 
Table 5. Estimates of proximity value with monocentric heterogeneity ......................................... 20 
Table 6. Estimates of proximity value before and after CDR, ALL and ALL2 .............................. 22 
Table 7. Estimates of proximity value with ring road heterogeneity for CDR, ALL, and ALL2 .... 24 
Table 8. Car ownership and potential effects ................................................................................... 25 
Table 9. Estimates of proximity value for new sales, individual-level vs. complex-level .............. 28 



1 

CHAPTER 1   

INTRODUCTION 

 

Since the new millennium, major cities in China such as Beijing has experienced unprecedented 

urban growth. From 2005 to 2016, Beijing’s population increased from 13.6 to 21.7 million, its GDP 

increased from 0.32 to 2.6 trillion RMB, and its built-up area increased from 490 to 1420 square 

kilometers1. By the same time of its economic growth and spatial expansion, the number of automobiles 

in increased from 1.5 to 4.8 million, and among them approximately 80% are private cars2--which is 

widely believed to be a key contributor to Beijing’s worsening road traffic and air pollution in recent 

years. To address these challenges, Beijing municipal government has intensively invested in mass 

transit, for example, in the single year of 2010, the investment in subway system was 37.3 billion, 

which was approximately 2.6% of its annual GDP. From 2001-2015, the mileage of bus service 

increased from 13k to 20k km, and the number of subway lines expanded from 2 to 18, with mileage in 

operation extended from 54 to 554 km.  

In addition to massive investment in mass transit infrastructures, the Beijing municipal 

government also implemented two major regulations to control the increasing use of private cars: one 

was the “one-day-per-week” car driving restriction (CDR) launched in October 2008, the other was 

automobile license lottery (ALL) implemented since 2011. The former regulation banned the driving of 

each private car in Beijing from one specific workday according to the last digit its plate; and the latter 

rationed the total number of automobile registrations in Beijing and allocated the ration through a 

random lottery system. The two regulations are widely acknowledged as the most stringent automobile 

interventions ever in the history of China’s urban management. In the policy design, ideally, CDR cuts 

off 1/5 of the car volume immediately during workdays, and ALL manipulates the exact number of 

annual growth of automobiles.  

                                                             
1 Beijing Statistical Yearbook & China Urban-Rural Construction Statistical Yearbook 
2 Beijing Annual Transportation Report.!
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My research question relates car driving and purchasing restrictions to the implicit price of subway 

through housing sales in Beijing. To be specific, after driving and purchasing restrictions, are people 

willing to pay more to live closer to subway? I use evidence from housing market for two reasons: first 

of all, home price has been widely used to infer the capitalization of non-market amenities, such as air 

quality, local schools, and transportation facilities; secondly, the spillover from transportation sectors to 

the real estate market is also of policy interest for mega cities such as Beijing, since housing price and 

property management are areas of primary concern for policy makers. 

Employing individual home transactions from 2005 to 2016 in Beijing, I examine whether the car 

driving and purchasing restrictions changed the value of subway proximity. Following the literature, I 

measure the quantity of subway proximity by the linear distance from home to its nearest subway 

station and model the implicit price of proximity using the hedonic price schedule. Besides standard 

spatial and temporal controls, I add the station fixed effects, with an incentive to capture the 

heterogeneity of subway service within the city. Based on observations 6-month before and after each 

restriction, I find that the earlier restrictions, namely the 2008 car driving restriction and the 2011 car 

purchasing restriction, did not significantly change the price of subway proximity for second hand 

homes. Though after dropping observations far away from subway stations, the 2008 car driving 

restriction made the proximity price higher. On the contrary, the 2014 cut-down of car purchasing ration 

significantly reduced the value of subway proximity, which is consistent over all samples. For the new 

homes market, the value subway proximity varied dramatically during the study period.  

The contribution of this study to the existing literature is firstly the proposal of station fixed effects 

in subway proximity studies. Using the resales dataset, I find that the heterogeneity of subway services 

actually exists in the context of Beijing. Suburban stations, especially in the southeastern part, tend to 

have greater station specific value.  Also, the inclusion of station fixed effects also helps to mitigate 

temporal and spatial unobservables. The second contribution is the finding of a different gentrification 

direction. Suggestively but worth further investigation, the consistent effects of the 2014 purchasing 

restriction indicate the moving-out of better off households from homes nearby subways, which may be 

another thread of the gentrification story studied by Zheng and Kahn (2008), when other policies 

interacted with the subway system.  
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This thesis is organized as follows: Chapter 2 sets up the context of the research question, and 

reviews literature; Chapter 3 describes the transaction and subway proximity data; Chapter 4 outlines 

the empirical concerns and strategies; Chapter 5 demonstrates the main results for each restriction; 

Chapter 6 discusses the gentrification scenario, features of the new home market and the heterogeneity 

of subway service. Chapter 7 concludes.   
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CHAPTER 2  

BACKGROUND AND LITERATURE 

 

2.1 Subway expansion 

The history of Beijing subway system is relatively new dating back to January 15th 1971. At its 

beginning, the system only had two subway lines: one of the lines connected the city from its west to its 

east, passing through Tiananmen Square, the center of the city; the other line went underneath the well-

known second inner ring road of Beijing, which enclosed the traditional business and administrative 

centers of the city. The subway system almost remained the same until 2001, when the bid winning of 

2008 Olympics triggered the period of ambitious expansion of the subway system. In fifteen years since 

2001, the subway system has aggressively expanded to 18 lines, 334 stations, and 554 kilometers in 

operation till the end of 20153,4.   

 

Figure 1. Subway station openings in Beijing, 1971-2017 

                                                             
3 Data from Annual Reports of Beijing Transportation Research Institute.  
4 When a station become a transit station, it is treated as another new station. !

21

 

Bid-winning 
2001 

Olympic 
Games 2008 

 



5 

2.2 Automobile related restrictions 

As early as August 2007, the Beijing municipal government has conducted a 4-day-long pilot test 

in regulating automobile use to ease the city’s traffic congestions. During the test days, only odd-

numbered (even-numbered) automobile plates could drive on odd-numbered (even-numbered) date only. 

Since October 2008, after the Olympic Games, the pilot test was formalized into a long-term a “one-

day-a-week” restriction5: each car is prohibited to drive on a specific workday according to the last digit 

of a car’s plate. CDR was widely reported by a lot of social medias to be effective. As demonstrated in 

Table 3.1, the shrinking of car use is clear: per workday car-travels dropped from 3.1 in  to 2.5 and 

further to 2.1, from 2007 to 2009.  

Without any advanced notice, in January 2011, the Beijing municipal government announced a 

new restriction on car purchase. Under a lottery mechanism, a monthly quota of approximately 20,000 

private car licenses is allocated over a pool of local applicants. Though the odds of winning has been 

increasingly intensified over the first few years (see Figure 3.3), from January 20146, the municipal 

government cut the original quota by half to a bi-monthly 20,000; and in 2016, the bi-monthly quota 

was further cut down to approximately 14,000. In the recent license lottery in October 2017, the chance 

of winning a regular private automobile license was as low as 1.16‰. The strength of the car ownership 

control was dramatic: in 2010, the annual growth rate in private car ownership is 22.7%, the rate 

dropped to 3% in 2011 and further to 2.7% in 2014 (see Table 1). Predicted by the 2010 growth rate, the 

policy approximately induced an annual reduction of 60,000 private car purchases in the first year after 

its implementation.  

Reviewing the timeline of private car restrictions, I picked up three policy points, they are: Car 

driving restriction from October 11th  2008 (CDR), Automobile License Lottery since January 1st  

2011 (ALL), and ALL’s bi-monthly adjustment since Januray 1st 2014 (ALL2). License Lottery is split 

into two periods for two reasons: first, as shown in Figure 2, changes introduced by ALL at its 

beginning  stage is marginal, but ALL2 is more dramatic; second, if ALL in 2011 was no more than a 

                                                             
5 Notice from Municipal Government of Beijing, [2008] No. 39.  http://www.gov.cn/gzdt/200904/06/content_1278637.htm   
6 In 2014, a separated quota for new energy vehicles was introduced, but the new quota does not ease the overall tension in 
supply and demand.!
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pilot policy as many other policies, then ALL2’s announcement three years later was a strong signal to 

the public that the purchasing restriction will be tougher and long-term.  

 
Table 1. Annual automobile ownerships and trips in Beijing, 2006-2015 

 

 

 

Figure 2. License quota and pool size of Automobile License Lottery 

2.3 The capitalization of public transit  

Public transits, such as subway stations, expressways and rapid bus ways are some typical local 

amenities that being capitalized into nearby properties. A rich literature of empirical studies has 

explored the impacts of transit conditions on nearby home values using evidence from various urban 

auto-ownership
 (million)

auto-travels
 (per car per workday)

atuo-mileage
(km per car per year)

2006 2.065 3.0 21768
2007 2.358 3.1 21768
2008 2.693 2.5 19766
2009 3.186 2.1 21422
2010 3.909 2.5 19596
2011 4.028 2.5 15657
2012 4.192 2.7 11803
2013 4.382 2.9 13150
2014 4.499 2.4 11301
2015 4.523 3.0 12566

Note: All statistics from small sample survey done by Beijing Transport Insititute, in
Beijing annual transportation report.
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areas (Bowes & Ihlanfeldt 2001, McMillen & McDonald 2004, Gibbons & Machin 2005, Zheng & 

Kahn 2008, Xu et al. 2015, Li et al. 2016). Following the spirit of Rosen (1974), these studies employ 

hedonic price model or related approaches to measure the implicit price for transit proximity. Though 

convenient and prevalent in property value studies, the validity of hedonic method relies on some 

stringent assumptions: first, changes in property price could explicitly capture the changes in benefits 

from non-market public goods; secondly, the mobility across the spatial unit is smooth. In addition, 

theoretically, it also requires assumptions of one homogenous market over the study area and time-

invariant functional form of price over the study period (Palmquist 2005).  

Over recent years, limitations of hedonic method were also widely discussed in literature; among 

them, omitted variables bias is probably the most common one. Kuminoff et al. (2010) focus on this 

common problem and design a Monte Carlo study to evaluate several standard practices to deal with the 

problem. They find that flexible functional form of price, spatial fixed effects, temporal fixed effects 

and the quasi-experimental identification will generate gains in accuracy in the omitted variable 

scenario. Instrumental method is another increasingly prevalent approach to overcome the problem of 

unobservables. In Chay and Greenstone’s (2005) study on the capitalization of air quality into housing 

prices, the authors designate an instrument for changes in pollution level by using whether a county was 

in “nonattainment” status. As their results suggest, estimates tend to be consistent over the choice of 

controls when instruments are applied. 

Among the hedonic literature of property values, my study is closest in context to Zheng and Kahn 

(2008), Xu et al. (2015) and Li et al. (2016), all of which explore the relationship between property 

value and subway proximity using evidence from Beijing. Zheng and Kahn (2008) used evidence from 

residential property market to test the gentrification induced by place-based public investments 

including subway system. They examine both land price and home price to study the capitalization of 

local infrastructure improvements using cross-sectional sales data. They find that capitalization of 

subway proximity takes place immediately after the construction started. Li et al. (2016) studies the 

capitalization of properties near subway stations using panel-structured household survey data. Their 

study supports a significant and positive impact on property value with respect to closer distance to 

subway stations. The authors also find that such impacts are spatially heterogeneous, with weaker 
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magnitude as the distance between property and subway increases. My research question parallels Xu et 

al.’s 2015 paper inquiring the impacts of car driving restrictions on the capitalization of subways. Using 

housing resales 6 months before and after the policy, their study demonstrates Beijing’s driving 

restriction in 2008 induced a steeper spatial gradient of housing prices, which implies rising demand for 

subway access. In their paper, in addition to the standard hedonic price regression using difference in 

difference method, the authors adopt a within-complex pseudo-repeat sale approach to mitigate the 

omitted variables problem.  

 

  



9 

CHAPTER 3  

DATA      

                           

3.1 Home transactions 

The empirical evidence for changes in subway value comes from home transaction prices in 

Beijing from 2005 to 2016. The original transaction data were sourced by three major real estate 

brokerage corporations in Beijing, LianJia, WoAiWoJia and 21 Century. The WoAiWoJia and 21 

Century transactions are all second-hand housing covering 2005-2010, while Lianjia transactions 

contain both new and second-hand housing from 2006 to 2016. The combined dataset has a pooled 

cross-sectional structure. Though each data source records different variables, all entries contain 

housing price and transaction date, basic characteristics of the housing unit (unit size, total floor and 

floor location, etc.), and detailed information of the residential complex (geographic location, floor area 

ratio, green space, etc.).  

In data preparation step, I first divide the dataset into a resales sample and a new sales sample.  

The reasoning is that in the housing market of megacities such as Beijing, new homes and second-hand 

homes are not perfect substitutes to each other. The development process of new residential projects is 

governed by strict top-down land planning and rationing, and most of the projects were only able to 

locate in suburban area due to the scarcity of available construction land in inner city areas. Secondly, I 

dropped the cheapest 0.5% units according to CPI-adjusted price respectively for each sample, since 

their unit price is unreasonably low compared with a regular market price. The highest 0.5% was also 

dropped in consideration of dataset balance. Finally, I dropped observations in Miyun, Huairou and 

Pinggu districts, since the subway network has not extended to these three suburban districts till 2016. 

The geographical distributions of the two subsamples are presented in Figure 3 (which also includes 
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observations in Miyun, Huairou and Pinggu for reference). 

 

Figure 3. The geographical distribution of transactions from the original dataset 

3.2 Home-subway distance  

To answer the question whether implementation of restrictions on private cars had shifted the 

value of subway proximity, an essential variable is the distance from home to its nearest subway station. 

In computation, the major challenge is the dynamic nature of this variable: the subway network of 

Beijing has been expanding continuously, with new lines and new stations opening each year. That is, 

two transactions in a same complex could have different distances to different nearest subway stations, 

if there was a new station opening nearby between two transaction dates.  

I first collect a full list of subway station openings as well as their locations, and then compute the 

home-subway distance of each home location (actually each complex location) using the algorithm 

follows:  

a) Slice the original home transaction dataset into 15 subsets by 14 cutoff points when there was 

any subway station opening on that day7. Then within each subset, the subway system is now 

static over the period. The ith subset contains transactions made on/after Ti-1 and before Ti ” 

                                                             
7 The 14 cutoff points in my dataset are 10/07/2007, 07/19/2008, 10/10/2008, 09/28/2009, 12/30/2010, 12/31/2011, 10/12/2012, 
12/30/2012, 05/05/2013, 12/21/2013, 12/28/2013, 02/15/2014, 12/28/2014, 12/26/2015, and each of them corresponds to some 
new station openings.  
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(the 1st  subset contains transactions made before T1, and the 15th subset contains transactions 

made at or after T14”); 

b) Generate 15 subway station datasets, each of them contains stations before the cutoff points 

identified in the previous step. The ith subset contains stations opened before Ti” (the 

openings at Ti are not included);� 

c) In ArcMap, add the ith transaction subset and the ith subway station subset, use the 

“Proximity” tool, and then “generate near table”;  

d) Merge the near table back to the transaction subset, each transaction in subset i now has the 

distance to nearest subway station, as well as the ID of the corresponding station and line. � 

e) Combine all the 15 transaction subsets from the previous step, and this should recover the 

original dataset but with three new variables—home-subway distance, nearest station ID and 

nearest line ID. 

The descriptive statistics of the resales and new sales sample are presented in Table 2. As 

mentioned earlier, the two samples have distinct features. Resales sample has higher unit price, shorter 

distance to subways and city center, and smaller unit size. Spatially, the total number of residential 

complexes in the resales sample is about 6 times larger than the new sales sample, even though total 

number of observations of new sales is greater. The spatial difference of the two sample are visualized 

in Figure 3. The resale transactions almost cover the whole urban space within the 5th ring road, while 

the new sales sparsely scatter over the urban space, leaving a lot of space out of the sampling pool. Such 

characteristics set up the ground of difference performances of the two samples in sections below.   
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Table 2. Descriptive statistics of home resales and new sales 

 

 

  

Mean Std. Dev. Min Max

price (RMB/sq.m.) 25934 12029 3377 75363
distance to nearest subway station (km) 1.36 1.41 0.01 31.02
distance to nearest Tian'anmen (km) 12.33 6.38 0.00 54.15
FAR (%) 2.55 1.23 0.01 9.90
green ratio (%) 0.33 0.07 0.04 0.90
district key school 0.08 0.28 0 1
city key school 0.02 0.16 0.0 1.0
unitsize (sq.m.) 82.85 36.53 8.48 482
no. of bedroom 1.97 0.75 1 6
topfloor 0.11 0.31 0 1
totalfloor 12.97 8.35 -1 41
transaction year
Total no. of subway stations
Total no. of complexes
Total no.  of jiedao
observations

price (RMB/sq.m.) 12637 7380 1895 46355
distance to nearest subway station (km) 5.29 7.07 0.04 53.03
distance to nearest Tian'anmen (km) 18.32 10.60 1.77 71.70
FAR (%) 2.41 1.02 0.21 9.90
green ratio (%) 0.35 0.08 0.04 0.80
unitsize (sq.m.) 111.70 48.35 3.97 1752.94
topfloor 0.03 0.18 0.00 1.00
totalfloor 19.26 7.38 1.00 35.00
transaction year
Total no. of subway stations
Total no. of complexes
Total no.  of jiedao
observations

Panel A: Resales

2005-2016
291

5,827
251

Panel B: Newsales

Notes: (a ) Unit pirce are adjusted by the CPI of Beijing in 01/2007,  and unit prices locates in top and
bottom .5% were dropped as outliers. (b) Transactions occured in Miyun, Yanqing, Pinggu are dropped
since subway system has not covered these three districts. (c) Resale transactions were sourced by three
brokerage company, 21 Century, 5I5J, and Lianjia. Newsale transactions were sourced by Lianjia.

160
473,216

274,054

2006-2014
202
931
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CHAPTER 4  

EMPIRICAL STRATEGIES 

 

4.1 Identification of subway proximity 

4.1.1 Confounding factors 

With respect to my research question whether restrictions on car driving and purchasing have 

shifted the value of subway proximity, the identifying objective is two-fold: a) the identification of 

subway proximity, and b) the identification of policy interventions. Both of them commonly suffer from 

a variety of confounding factors. For example, subway lines and stations always serve other amenities 

such as parks or schools, which also increase property values nearby. A standard practice to moderate 

such problem is adding spatial and temporal fixed effects (Kuminoff et al. 2010).  

To fix the problem, jiedao fixed effects and year-month fixed effects are adopted. Jiedao is the 

bottom-level administrative unit inside the city proper of Beijing. A jiedao in inner city districts of 

Beijing typically has a jurisdiction around 2 sq.km, with a population around 50,000. In districts in 

immediate vicinities of inner city such as Haidian, a jiedao has a jurisdiction around 6-10 sq.km and a 

population around 150,000. Thus, inside the city proper, jiedao is a relatively homogenous geographical 

unit in terms of unobserved amenities. For example, the Olympic Village is itself a jiedao, with 

administrative boundaries exactly encloses the major stadiums, malls, parks, and other attractions 

constructed for Beijing 2008 Olympics (see Figure 4). By adding jiedao fixed effects, local 

unobservables clusters around the Olympic parks disappeared after demeaning, but variations in subway 

proximity are well preserved within this unit.  

In addition to jiedao fixed effects, I also add year-month fixed effects and jiedao-specific yearly 

trend to the hedonic model. Besides controlling for other temporal unobservables in housing market, the 

first term also serves the purpose to absorb either monthly disturbance such as openings of new 

amenities, while the latter serves to absorb some continuous improvement in such amenities that is not 

included in my model.  
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Figure 4. Geographical boundary of Olympic Village Jiedao 
 

4.1.2 Reverse causality  

A second common threat in property value studies comes from inverse causality. When the 

planning of subway lines and stations are affected by local property value, home-subway proximity and 

housing price are positively correlated but the casual relationship is inversed. However, this is not likely 

to be a threat in the context of Beijing. In Beijing’s early versions of subway plan 1957 (Figure 5), some 

starting and terminal stations, transfer stations, as well as radius structure of suburban lines were 

already settled. This was almost 40 years before the commercialization of urban housing in 1994. Thus, 

the correlation could be safely interpreted as the value of subway proximity rather than the reversed 

way.  

 

Figure 5. The 1957 subway plan of Beijing8  
                                                             
8 Picture from Tencent news. https://new.qq.com/omn/20180514/20180514A1847K.html 
!



15 

4.2 Identification of policy treatment 

The dominant strategy of policy effects studies is difference-in-difference (DID). However, since 

my study is within one city and policies of interest are imposed city-wide, the control group is absent in 

this context. Instead, once policy launched, all observations are affected simultaneously by the policy. 

Thus, my identification of policy effects assumes that the policy of interest at certain point is the only 

factor that shifts the value associated with subways at this point; otherwise, the price-distance gradient 

would stay the same as the pre-policy gradient. The validity of this assumption requires that at the time 

that the policy was announced, there were no coincidental events or unobserved disturbance in housing 

market. To minimize such threat, I first add monthly fixed effect as an effort to diminish short-term 

unobservables that may interrupt property value. Secondly, I pick up observations within a short period 

before and after a certain policy to reduce the possibility of long-term disturbances. For each policy—

namely CDR in 2008, ALL in 2011, and ALL2 in 2014, observations before the implementation date is 

identified as the control group, and observations after the date are identified as the treatment group.   

In terms of driving and purchasing restrictions, household car ownership status would help to 

achieve an accurate identification of treatment. However, in my dataset of home transactions, 

information of buyers is not available. I will discuss scenarios of policy effects assuming car ownership 

information is available in Chapter 6; but before that, I will focus on the data available now and adopt 

identification strategies mentioned above.
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CHAPTER 5 

RESULTS 

 

5.1 Pre-restriction patterns 

Before approaching to any policy effect, I explore the patterns of subway proximity exploiting the 

full temporal and spatial variances of the dataset as the reference point. I use the logarithmic version of 

price as the dependent variable, based on the assumption that level changes in home-subway distance 

generate percentage changes of home price.  

I first focus on the net effects of subway proximity in a setting without any mandate of policy 

interests. For this purpose, I only keep observations before Oct 11 2008, when the first restriction on 

private car driving (CDR) was implemented as a long-term transportation policy. Based on standard 

hedonic method, the value of subway proximity is modeled by equation (1) as follows, in which β! 

captures price of subway proximity. Resales and new sales are estimated respectively.  

lnPrice!"#$ = β! + β!D!"#$ + X!"#$Θ + !! + τ! + η!" + σ! + ε!"#$                             (1) 

, where D!"#$ is the distance of a home to its nearest subway station; X!"#$ is the covariate vector directly 

related to other housing and complex characteristics; !! is jiedao fixed effects9, τ! is month fixed effects, 

η!" is jiedao-specific time trend. I also include subway station or line fixed effects, σ!, where the 

subscript s indicates the nearest subway station or line. In standard hedonic model, subway service 

across the city is assumed to be perfect homogenous, where the initial value of subway is absorbed into 

the constant β0, and β1 is the homogenous price for subway proximity. By adding σ! into the model, I 

relax the homogenous subway service assumption, allowing each station to have a specific value, but a 

common rate of depreciation as home-subway distance increases.  

Results adopting different set of controls are presented in Table 3, where column (5) includes all 

standard controls, (6) adds line fixed effects, and (7) adds station fixed effects. From Table 3, the pre-

                                                             
9 The resolution of spatial fixed effects was limited to jiedao rather than residential complex, since only 2297 out of the 5827 
complexes have home-subway distance changes in the resales sample, and 327 out of the 931 for the new sales sample. Appendix 
A-1 demonstrates the specifications with complex fixed effects for resales for readers who might interest. 
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restriction results indicate that, first of all, the capitalization of subway is different in the submarket of 

new homes and second-hand homes. The results of resales in Panel A show strong evidence that 

subway proximity was capitalized into housing price. Also, the estimated price of subway proximity is 

sensitive to the inclusion of housing attributes, complex characteristics, as well as spatial and temporal 

fixed effects, indicating that the distance to nearest subway station has a tendency to be correlated with 

other local characteristics. After adding subway fixed effects (line and station respectively), the 

estimates tend to be larger in magnitude. For new sales in Panel B, the inclusion of the full set of 

control itself explains most of the price variation, leaving subway proximity no significant contribution 

to home price at all. In Section 6, I will come back to new housing market in terms of data and 

institutional limitations, but for the rest of this chapter, the main results will only focus on the resales 

sample.  

A second major taking from the pre-restriction is the effectiveness of including subway service 

heterogeneity into the model. Compare the estimates of proximity value in the last three columns, the 

standard errors slightly increased, but the magnitude of estimates significantly increased—so overall, 

the confidence level increased. Line fixed effect (column 7) or station fixed effect (column 8) was 

seldom exploited in the existing literature of similar research interests (such as Zheng & Kahn 2008, Xu 

et al. 2015, Li et al. 2016). However, the pre-restriction results suggest that the control of such service 

heterogeneity introduce dramatic changes to the magnitude of estimates. As demonstrated from column 

6 to 8 in Panel A, compared estimates using standard control, the inclusion of line specific effects 

magnifies the estimate of proximity value by 35%, and the inclusion of station specific value magnifies 

the estimate by 55%. With the initial differences across subway services taking into consideration, 

housing value depreciates faster as home-subway distance increases. For all estimations following, I 

will keep these three specifications—standard control, standard plus line control, and standard plus 

station control.   
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Table 3. Estimates of pre-restriction value of subway proximity, 2005-2008 

 

5.2 Temporal patterns  

Based on equation (1), equation (2) allows a year-specific proximity value by adding a series of 

year indicators (Year!′s) interacting with home-subway distance. The estimates for each year are 

presented in Table 4.  

lnPrice!"#$ = β! + β!D!"#$ + φ!D!"#$ ∗ Year! !+ X!"#$Θ + !! + τ! + η!" + σ! + ε!"#$       (2) 

When 2008 was chosen as the base year, the third specification with station fixed effects, yields 

the steadiest estimates, with only three years (2005, 2009, 2014) differ from the 2008 estimate at 0.05 

significance level. In addition, the 2008 estimate of -0.031 is roughly consistent with the pre-restriction 

estimate of -0.027. Such results should not be a surprise, since station fixed effects also contain 
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temporal variation—that is, when a new station opens at a certain time, it starts to contribute a specific 

value to nearby properties.  

Another information from Table 4 is that the price-distance gradient in 2005 and 2014 are 

approximately only half of the absolute value of 2008, and in 2009 the magnitude of the gradient 

becomes slightly larger. These usually estimates and their corresponding timings serve as the 

preliminary evidence for some policy effects of CDR and ALL2 on proximity value.  

Table 4. Estimates of yearly proximity value, 2005-2016 

 

5.3 Spatial patterns  

The city of Beijing is probably one of the most famous examples of the classical monocentric 

design, with its central business as well as political districts seating exactly in the city center. 
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Monocentric heterogeneity is believed to be an underlying pattern for most urban studies in Beijing. For 

transportation networks, such monocentric features also exist. Beijing’s subway network is roughly 

arranged by rings-plus-radius, with more lines and stations placed in its city center. On the contrary, 

most suburban area only rely on one specific line such as Daxing and Changping, which is connected to 

inner city by transfer station on other major lines. To see the heterogeneity of proximity value with 

respect to the monocentric structure of Beijing, I use ring road dummies (whether a sale locates inside 

the rth ring road (RR2-RR6), which is a conventional standard for the centeredness of a home) to 

measure the the centeredness, then interact the ring road dummies with home-subway distance. The 

model is presented in equation (3).  And the results are presented in Table 5. 

lnPrice!"#$ = β! + β!D!"#$ + β!D!"#$ ∗ RingRoad! !+ X!"#$Θ + !! + τ! + η!" + σ! + ε!"#$           (3) 

Table 5. Estimates of proximity value with monocentric heterogeneity 

 

Estimates in the table above suggest that all ring road groups demonstrate significant appreciation 

with respect to subway proximity when the full set of controls are added. In column (3), when station is 

fixed, inside the 4th ring road, the magnitude of proximity value tends to decrease as houses located 

further away from city center. However, outside the 4th ring road, the magnitude increases, with 

extreme low proximity value for homes locates between 5th and 6th ring road.  Since the area between 

5th and 6th ring road is more than 2 times of the whole area within the 5th ring road (see Figure 3 for 

reference), and such huge area is only serviced by several subway stations, such slower rate of 
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depreciation indicates the larger service radius of each station in these areas. However, out the 6th ring 

road, the proximity value rebounds to high level significantly.  

5.4 Restriction effects 

Assuming housing supply is inelastic around subway station and the driving or purchasing 

restrictions are the only citywide shock to transportation during the sampling period, then any change in 

subway proximity value can be safely interpreted as a demand shock results from the automobile 

control10. However, for all these three automobile controls, the assumption is not likely to hold perfectly. 

Just one day before the implementation of CDR, 24 new stations opened. A few days earlier before the 

initial implementation of ALL, 51 new stations opened. The second stage of ALL was weakly 

influenced by such supply shock, with only 5 new stations opened prior to its implementation. The 

station fixed effect would to some extent capture part of the supply change; the short-term sampling 

strategies would also limit the room for structural market responses. 

To identify the shocks caused by the car driving and purchasing restrictions, I create separate 

short-interval samples with observations just before and after CDR, ALL and ALL2. Balancing of data 

availability and possible confounding factors, I create a 3-month before and after sample and a 6-month 

before and after sample for each of the three policy changes. Based on findings from spatial patterns, 

proximity values without and with monocentric structure are estimated separately—since the former 

demonstrates the city-wide general policy effects, the latter depicts more detailed changes across the 

city.  

5.4.1 spatially homogenous results 

Equation (4) indicates the model of proximity value with impact of single private car-related 

restriction, assuming proximity value and policy impacts are homogenous over the city. The model is 

based on equation (2), adding two interactions. The first interaction is between restriction and subway 

proximity E! ∗ D!"#$, the second is between restriction and subway station dummies denotes by σst.  

lnPrice!!!! = β! + β!D!!!! + β!!E! ∗ D!!!! + X!"#Θ + !! + τ! + η!" + σ!" + ε!"#$                (4) 

                                                             
10 This is a strong assumption in the context of Beijing. One major concern is the opening of new stations (see figure 3.1 for its 
step-wise shape), which will influence the supply of subway proximity significantly.  
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The results for each restriction, namely CDR, ALL and ALL2, are presented in Table 6.  

Table 6. Estimates of proximity value before and after CDR, ALL and ALL2 

 

All specifications and sampling intervals show a strong negative correlation between home-

subway distance and home price, though the magnitudes differ. In general, the 6-month before and after 

sample yields more moderate estimates and benefits from smaller standard errors. When station fixed 

effect are taken into consideration, in the 6-month before and after samples, proximity values are 

roughly same in the CDR sample and the ALL sample, which is between 3.5% and 3.9%.  However, the 

value dropped to 2.98% during the ALL2 period. 

For CDR and ALL in first-stage, none of the specification indicates any effects from the two 

restrictions. But when the ALL2 started, as presented in Panel C, all specifications support a significant 

effect that flatting the price-distance gradient. The 6-month before and after specification shows that, 

ALL2 implementation reduces the original depreciation rate of 2.98% to 1.4%, as home-subway 

distance increases. Such results suggest that after 2014, when car purchasing is more difficult, people 

are not willing to pay more for subway proximity. Since a flatter gradient is somewhat counter-common 
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sense, I examine the creditability of the estimates in greater detail by adding monocentric heterogeneity 

in the following section.   

For considerations that homes locate very far away from stations actually could not rely on 

subway for daily commute, I also create three supplementary samples by dropping observations that 

locate 6km, 8km, or 10km further from any subway station and estimate equation (4) using each sample 

respectively (see appendix A-2). For these samples, ALL still does not have any significant effect on 

subway proximity value. The ALL2 effects remain the same. However, the CDR seems to introduce 

positive effects on proximity value, if observations are within the 8km-radius of stations. When the 

range expands to 10km, the effects diminish.  

5.4.1 Spatially heterogeneous results 

In the spirit of equation (3), I further interact the ring road dummies with policy and distance, and 

estimate the model of equation (5). Since the results from the 6-month before and after sample are more 

conservative, I present this sample as a demonstration. Table 7 presents the heterogeneous estimates for 

proximity value.   

lnPrice!"#$ = β! + β!D!"#$ + β!!E! ∗ D!"#$ + β!,!D!"#$ ∗ RingRoad! + β!,!E! ∗ RingRoad! 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!+ β!,!E! ∗ D!"#$ ∗ RingRoad! + X!"#$Θ + !! + τ! + η!" + σ! + ε!"#$                  (5) 

Despite some differences in magnitude, the effects of the restrictions are consistent through the 

two sets of specifications from Table 6 to Table 7. For all ring-road-belts, when line or station is fixed, 

CDR and ALL do not bring out any significant change in proximity value. However, for most belts 

except the 2nd and the 5th, ALL2 does consistently introduce negative effects on proximity value. The 

inside-2nd ring road group is the only group that does not show any significant response to ALL in all 

the three specifications. And the negative effects are robust for homes inside the 3rd and 4th ring road, 

in terms of both significance and magnitude. Another interesting pattern emerged from the ring-road 

heterogeneous results is that outside the 6th ring road, home-subway distance is not a significant 

explanatory factor for housing price until the implementation of ALL2 in 2014. The importance of 

subway service for the city has been increasing as the subway system expands and the restrictions 
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accumulate. The estimates using 3-month before and after sample show similar patterns (see appendix 

A-3).  

Table 7. Estimates of proximity value with ring road heterogeneity for CDR, ALL, and ALL2, 
6-month before and after 
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CHAPTER 6 

 DISCUSSION 

 

6.1 A conjecture on gentrification 

In the context of car driving and purchasing restrictions, car ownership status is an essential 

household feature that helps to identify the exact policy effects. In Table 8, as an illustration, I 

categorize household into four types according to their current status of car ownership and future 

expectation of car ownership.  As indicates below, the driving and purchasing restrictions target at 

different household types, and trigger different responses. For each type of household, it is actually the 

trajectory of car ownerships, instead of the static status of ownership that shapes the response from 

these successive restrictions.  

Table 8. Car ownership and potential effects 

 

  
Suppose before the implementation of any restriction, there were four types of household: 

Type A:  Household owns a car and plans to buy a second car in the near future. For this type, 

driving restrictions will encourage the household to buy a second car (thus a different license number) 

as soon as possible to avoid driving restrictions. Thus, when purchasing restriction was announced three 

years later, this type of household has already evaded the purchasing restriction when responded to the 

earlier driving restriction.  
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Type B: Household owns a car but does not have any plan to buy another car. Thus household of 

this type did suffer from the driving restrictions, and may contribute partially to the rising demand of 

subway services.  

Type C: Household does not own a car, but plans to buy one. Since driving restriction partially 

reduced the utility of car, it deterred type C households from buying a car immediately but encouraged 

them to wait for further policy signals. However, the purchasing restriction later actually diminished 

their expectation of buying a car, thus made these households the major population that have to rely 

heavier on public transit.  

Type D: Household does not own a car and does not plan to buy a car. These households actually 

suffered nothing directly from either car driving or purchasing restrictions.  

Cross all types, the series of restrictions starting 2008 till 2014 has benefited type A mostly, 

preserving if not magnifying their privilege of car driving. On the contrary, type C household now lost 

the option of car driving completely and has to use public transit.  

Would the four types of household adjust their home locationing strategies after restrictions? For 

type D, probably no. These households chose their original homes with subway services into 

consideration. But for C, much likely yes. Since driving is no longer an available travel choice, they 

have to move closer to subways, with a higher willingness to pay for subway proximity. For type B, 

some sorting is likely to happen, but they can overcome the one-day-per-week inconvenience by taking 

taxi or spend more time in commuting, with relatively low cost. For type A, they have the largest 

flexibility in location choices since their car driving privilege is only slightly bothered by the series of 

restrictions. As Table 6 and 7 suggested, while types B and C continue to crowd into locations near 

subway station, type A probably move to locations further away from subway stations, selling their 

homes to those who was restricted to drive or purchase a car. This moving-out direction tends to 

dominate the moving-in direction, since price-distance gradient become shallower afte ALL2. Due to 

limitation in data availability, the gentrification scenario is only a guess from findings in the previous 

sections. When household profiles are available, the gentrification conjecture could be tested 

empirically.   
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6.2 A glance at new housing market 

At the beginning of the preliminary analysis in Section 5.1, proximity value estimates using for the 

new home transaction did not show any significance when controls are added. The data structure of the 

dataset—especially number of sales per residential complex—might be a reason for such results. From 

descriptive statistics in Table 2 and geographical distribution in Figure 3, for new sales, though the total 

number of observations is almost twice greater than the resales sample, there are only 931 residential 

complexes. Also, there are some super complexes in the new sales sample—the number of sales per 

residential complex is extremely unbalanced, with an average of 508 sales per complex but a maximum 

of 8655. Since my research question largely relies on spatial variations, the unbalanced structure of the 

new sales sample might be a problem: when each transaction is treated with equal weight, estimations 

in Table 3 assign heavy weight to complexes with thousands of transactions, and these super-complexes 

crowd out the importance of other sales. To test whether this is the reason that blurs the actual 

proximity value, I collapse the new housing observations into complex level, preserving transaction 

month and nearest subway line and station. That is, priorities are given to spatial and temporal 

variations. After collapsing, there are 16,722 complex-level observations, which is only 3.5% of the 

original individual level sample size, indicating the major variation in the original new sales sample was 

not related to temporal or spatial variables. The 6-month before and after estimates for individual-level 

sample and complex-level sample are presented in Table 9.  

Comparing the two sets of estimates, it is clear that complex-level sample benefit from smaller 

standard errors. However, even after collapsing, new sales seem to be less sensitive to subway 

proximity changes. For both individual level and complex level, estimates of subway proximity vary 

dramatically cross the three samples. Though evidence in the new housing market is more ambiguous 

than the second-hand housing market, it somehow implies the same restriction effects of ALL 2. For 

both individual and complex-level estimates, when station is fixed, only ALL2 introduces a significant 

reduction in the value of subway proximity. 
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Table 9. Estimates of proximity value for new sales, individual-level vs. complex-level 

 

6.3 Station fixed effects 

In previous discussion, I only focus on the proximity value of subways; in this section, I try to 

recover the original value subways to verify the inclusion of subway service heterogeneity in my 

hedonic model. Based on estimates of ALL2 in Table 6, I identify the 10 stations with highest station 

specific coefficient, and 10 stations with highest value increase induced by ALL2. The 20 stations are 

marked in Figure 7 below, and the list of these stations with estimates, corresponding lines and open 

dates is in appendix A-4. 

In Figure 7, 9 out the 10 highest station-specific values locate in the near-suburban areas, and 8 of 

them lie in the southeastern part of the city. The 10 stations with largest value growth after ALL2 also 

locate in the suburban area, but they are more scattered over the city except the north. Fengtai Science 

Park is in both of the categories. This is an expected pattern since rapid and mass transit such as subway 

improves the traffic condition of suburban areas most significantly—subway is the necessary or 

indispensable condition for these areas with relatively monotonous functions, either dominantly 

residential or industrial. For inner city areas, since more short-distance transit alternatives are available, 

the importance of subway stations is not as large as suburban areas in housing choice. In terms of lines, 
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line 9 and line 10 in total have 7 stations of highest value, and line 6 itself has 4 stations whose value 

increased largely after the second stage of car purchasing restriction.  

 

 
Figure 6. Station specific values, 10 highest values and 10 largest increases 
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CHAPTER 7 

CONCLUSION 

 
 

Based on housing transactions from 2005 to 2016, this thesis examines the impact of car driving 

and purchasing restrictions on the value of subway proximity. By comparing specifications with 

standard control, standard control plus subway line fixed effects, and standard control plus station fixed 

effects, this thesis proposes the inclusion of station fixed effects to capitalization studies of subway 

proximity for two reasons. First, subway service within a city is heterogeneous; suburban areas 

typically benefit more from the investment in rapid transit. Secondly, the inclusion of station fixed 

effects to some extent incorporates the temporal changes of subway expansion into the hedonic model.  

Based on estimations with station fixed effects, the first major finding is that resales and new sales 

in Beijing do not follow a general pattern of subway capitalization. For new houses, the estimate for 

value of subway proximity is sensitive to choices of sampling time, as well as sampling scale. The poor 

fit of the subway proximity model to new home market suggests that subway may be a trivial 

consideration for buyer in this market. However, for second-hand housing, subway proximity 

contributes to housing values directly, consistent in both magnitude and significance levels. The 

estimates of all samples suggest that with 1km closer to a given subway station, housing value 

appreciates by 3 to 4%. 

The second major finding is that restrictions in private car driving or purchasing do not necessarily 

result in higher value of proximity. The car driving restriction in 2008 is the only restriction that has 

positive effects on the value of subway proximity, but the effects are restricted to homes that are close 

enough to subway stations. However, evidence from various specifications supports that ALL2 in 2014, 

when car purchasing lottery was adjusted to a bi-monthly basis, has a negative effect on proximity value. 

Suggestively, the negative effect may arise because better off families with cars have incentives to 

move out of locations near subway stations.   

A major limitation of the research is the missing household profile, especially car ownership status. 

Most of the property value studies include household attributes such as income, education, age, and 
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household size as controls for the demand side. More importantly, with missing car ownership, the 

policy treatment was only loosely identified by temporal cutoffs. In addition, the household profiles is 

necessary to complete the gentrification story. As a second limitation, this research did not incorporate 

details of the timing of responses. On one hand, the information releasing of subway changes is 

complicated, including rumoring, planning, constructing and opening. On the other hand, the decision 

of home purchase is a long-term action including searching, seeing, and other shocks related. A further 

exploration of the dataset is probably how different timing schedules may introduce other dynamics into 

the value of subway proximity.   
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APPENDIX 

Table A-1. Pre-restriction estimates with complex fixed effects, resales sample 
 

 
 
 

 
 

Table A-2. Estimates of proximity value for CDR, ALL, and ALL2,  
observations within the 6km, 8km, and 10km-radius of stations, resales sample 
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Table A-3. Estimates of proximity value with ring road heterogeneity for CDR, ALL, and ALL2, 
3-month before and after, resales sample 

 

 
 

 
Table A-4. Estimates of station-specific value from ALL2, resales sample 
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0.331*** Changping 30-Dec-10
0.0874*** 10 30-Dec-12
-0.0959** 9 31-Dec-11
-0.210*** 10 5-May-13
-0.224*** 9 31-Dec-11
-0.225*** 9 31-Dec-11
-0.232*** 10 30-Dec-12
-0.238*** 9 31-Dec-11
-0.257*** 4 28-Sep-09
-0.321*** 14 5-May-13

Gonghuacheng
Gongzhufen
Liuliqiao East
Fengtai Station
Keyi Road
Fengtai Road South 
Songjiazhuang
Fengtai Science Park
Taoranting
Dawayao

10 largest station-specific increase
Daotian 0.136*** FS 30-Dec-10
Tuanjie Lake -0.572*** 10 19-Jul-08
Hujialou -0.604*** 6 30-Dec-12
Haidainwuju Road -0.619*** 6 30-Dec-12
Weigongcun -0.629*** 4 28-Sep-09
Majiapu -0.633*** 4 28-Sep-09
Rongchang Road East -0.649*** YZ 30-Dec-10
Cishousi -0.656*** 6 30-Dec-12
Fengtai Science Park -0.658*** 9 31-Dec-11
Jintai Road -0.659*** 6 30-Dec-12
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