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Abstract

We estimate an equilibrium model of residential sorting with endogenous traffic congestion to evaluate the

efficiency and equity impacts of urban transportation policies. Leveraging fine-scale data on household

travel diaries and housing transactions with home and work locations in Beijing, we jointly estimate travel

mode and residential location decisions. Incorporating heterogeneity in housing attributes and gender-

specific random preferences for work commute in housing decisions greatly improves model fit. Coun-

terfactual simulations show that while different policies can attain the same level of congestion reduction,

their impacts on residential sorting and social welfare are drastically different. First, a driving restriction

induces income-based displacement where high-income households move closer to the subway and work

places. Distance-based congestion pricing reduces the spatial separation between residence and workplace

across income levels, while subway expansion does the opposite. Second, sorting strengthens the effec-

tiveness of congestion pricing but undermines that of the driving restriction and subway expansion. Third,

the driving restriction distorts travel choices and is welfare-reducing. Congestion pricing could improve

welfare for all households when revenues are appropriately recycled back to households. Finally, con-

gestion pricing combined with subway expansion delivers the largest congestion relief and efficiency gain

and, at the same time, achieves self-financing where the cost of subway expansion can be fully covered by

(a fraction of) the revenue from congestion pricing.
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1 Introduction

Transportation plays a crucial role in urban spatial structure and the organization of economic activity (Allen

and Arkolakis, 2019; Tsivanidis, 2019; Heblich et al., 2020; Gorback, 2020). In most fast-growing developing

countries, rapid urbanization and motorization, together with poor infrastructure, have created unprecedented

traffic congestion with severe consequences for economic outcomes (Akbar et al., 2018; Harari, 2020).1 Se-

vere congestion exacerbates air pollution, reduces time allocation efficiency, and negatively affects the quality

of urban life (Kahneman and Krueger, 2006; Anderson et al., 2016).

To address these challenges, local governments around the world have implemented a suite of policies, in-

cluding driving restrictions, public transit investment, congestion pricing, and gasoline taxes. In the short

term, the effectiveness of these policies on alleviating congestion crucially hinges on the substitutability

among travel modes and the sensitivity of travel demand to changes in commuting costs. In the medium

to long run, these policies are likely to have broader impacts on the urban spatial structure through residential

location adjustment, which, in turn, could mediate the effectiveness of these policies on congestion reduc-

tion. In addition, many policy approaches to address congestion entail important distributional consequences:

imposing costs on low income households who spend a larger share of their income on transportation could

intensify equity considerations (Akbar, 2020; Eliasson, 2016). This paper aims to understand the efficiency

and equity impacts of urban transportation policies while accounting for the interaction between these policies

and residential location decisions. To do so, we jointly model residential locations and travel mode choices in

an equilibrium sorting framework with endogenous congestion.

The empirical context of our study is Beijing, which has a population of 21.5 million and has been rou-

tinely ranked as one of the most congested and polluted cities in the world. Beijing’s municipal government

has adopted several policy interventions to aggressively combat traffic congestion and air pollution. It has

implemented a driving restriction policy since 2008 that restricts vehicles from driving one weekday per

week based on the last digit of the license plate. It also invested a staggering $100 billion in transportation

infrastructure between 2007 and 2018. The 16 newly-added subway lines with a total length of 523 kilome-

ters, together with more than 200 additional bus lines, constitute a major upgrade of Beijing’s public transit

network.

Beijing’s policies to combat congestion – driving restrictions and subway expansion – together with its

proposed policy on congestion pricing embody three general approaches to regulating unpriced externalities:

command-and-control, supply-side, and market-based approaches, respectively. To understand the primary

channels by which these policies affect congestion via changes in the travel mode and residential locations,

we proceed in several steps. We first develop a stylized theoretical model based on LeRoy and Sonstelie (1983)

1Based on real-time GPS traffic data in 403 cities from 56 countries in 2018, the TomTom Traffic Index shows that the ten most
congested cities were all from developing and emerging economies. The top five cities were Mumbai, Bogota, Lima, New Delhi, and
Moscow. Drivers in Mumbai spent 65% more commuting time on average than they would have under the free flow condition, while
drivers in Beijing (the number 30 on the list) spent 40% extra time on the road. Four cities in China were among the top 30 on the
list. Los Angeles, the most congested city in the US, was ranked 24th with a congestion index of 41%. The full ranking based on the
TomTom Traffic index 2018 is available at https://www.tomtom.com/en_gb/traffic-index/ranking.
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and Brueckner (2007) and account for endogenous congestion and heterogeneity in income and commuting

technologies. The model illustrates the differential impacts of urban transportation policies on the spatial

pattern of residential locations and highlights countervailing forces at play between travel mode choices and

housing locations. It also suggests that transportation policies often create both efficiency and distributional

consequences in the housing market. Lastly, the model highlights the ambiguity in qualitative comparative

statics even for simple models with two income types and two commuting technologies, demonstrating the

need for subsequent empirical analyses to understand how these factors play out in an actual urban setting.

Our empirical analysis leverages fine spatial resolution from two unique data sources that allow us to

jointly model residential locations and commuting choices. The first is the Beijing Household Travel Survey

(BHTS) from 2010 and 2014, a large representative survey that records households’ home and work loca-

tions, trips made in a 24-hour window and other demographic and transportation-related information. We

complement this data set by constructing all feasible commuting choices from home to work using histor-

ical Geographical Information System (GIS) maps and the Application Programming Interface (API) from

online mapping services. This exercise allows us to compile the commuting route, distance, travel time and

pecuniary travel cost for each trip-mode combination (walking, biking, bus, subway, car, or taxi). The sec-

ond data set contains housing transactions from a major government-run mortgage program and provides a

large representative sample of Beijing home buyers. Critical to our analysis, the housing data report not only

home locations but also work locations of both the primary and secondary borrowers. Using this information,

we construct over 13 million hypothetical work-commute and travel-mode combinations for all primary and

second borrowers using the same GIS and API procedure as was done for the travel survey data. To our

knowledge, these data sets constitute the most comprehensive data on work-commute travels and housing

transactions ever used in the context of equilibrium sorting models.

We then build and estimate an equilibrium model of residential sorting with endogenous congestion that

incorporates preference heterogeneity and allows for the general equilibrium feedback between housing and

commuting decisions through congestion. In the model, households choose both a residential property and

travel modes for their commuting trips. A key consideration in a household’s choice of a residential prop-

erty is the location’s ease-of-commute for both working members of the household. This ease-of-commute

attribute is an equilibrium object that crucially depends on congestion, which varies across locations and is

determined by all households’ travel choices and residential locations. Once estimated, the model allows us to

conduct counterfactual simulations to predict new equilibrium outcomes for different policy changes in terms

of travel mode choices, household locations, the congestion level and housing prices, as well as the welfare

implications.

We use a two-step strategy to estimate the equilibrium sorting model. The first step recovers heteroge-

neous preferences for travel time and cost (therefore the value of time) using household travel surveys and

information on the time and pecuniary cost of all hypothetical commuting trips. We utilize the estimated

parameters from this step to construct the ease-of-commute attribute for all properties in a buyer’s choice set.

It accounts for preference heterogeneity and takes into consideration the commuting distance, proximity to
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public transit, level of traffic congestion in different parts of the city, as well as upgrades in the transportation

system at the time of home purchase. We include a separate ease-of-commute attribute for the primary and

secondary borrower (which primarily correspond to husband and wife in our setting), allowing us to recover

gender-specific preferences for the ease of work commutes.

The second step of our estimation procedure recovers preferences for housing attributes using observed

purchases. The ease-of-commute index is included as an observed buyer-specific house attribute. The key

estimation challenge is the potential correlation between unobserved housing attributes and the housing price

as well as the ease-of-commute index. The latter two variables are equilibrium outcomes determined by

observed and unobserved housing attributes. To address this challenge, we construct three sets of instrumental

variables in the spirit of Berry et al. (1995) and Bayer et al. (2007). These instruments include the number

of houses sold in a two-month window around the sales date within a reasonable distance from a given

property, the average housing and neighborhood attributes for these properties, and the time-varying odds

of winning a license lottery to purchase a vehicle. The first and second sets of instruments proxy for the

extent of competition faced by a given house (the number and attributes of alternative properties that buyers

could consider). The third set of instrument reflects exogenous policy-induced shifts in demand for houses

in premium locations, such as places that are close to subways or in the city center. We allow both observed

and unobserved preference heterogeneity, control for property fixed effects, and estimate parameters through

maximum-likelihood estimation with a nested contraction mapping that is combined with the IV approach

(Train and Winston, 2007).

Utilizing these estimates, we then simulate equilibrium residential sorting and transportation outcomes

based on the three policies of interest in our study: the license plate-based driving restriction, subway expan-

sion, and congestion pricing. Since the first two policies were enacted during the sample period, we begin with

a no-policy counterfactual and compare the no-policy baseline with different policy outcomes. We demon-

strate the relative importance of various margins of adjustment in the total welfare effects from transportation

policies. Different past empirical studies consider different combinations of these adjustments whether ex-

plicitly or implicitly. First, we compare welfare effects that occur from commuting mode choice changes in

response to the direct policy costs (changes commuting costs or mode availability), but do not change con-

gestion. Second, we allow for changes due to reduced-form speed responses (as is common in much of the

empirical literature. Third, we allow for partial equilibrium responses in speed given fixed roadway capacity.

Fourth, we allow for general equilibrium effects due to residential sorting induced by the preceding three ef-

fects. Fifth, we allow for adjustment in housing supply due to housing price changes from residential sorting.

Lastly, we show how migration to Beijing in response to our policies would affect our results. We are un-

aware of any prior work in the urban economics literature that combines a structurally estimated model with

simulations to decompose all of these responses.

Our policy simulations yield four key findings. First, while all three policies are designed to reduce con-

gestion, they exhibit different and sometimes opposite impacts on the spatial patterns of residential locations

and the equilibrium housing prices. Both the driving restriction and congestion pricing increase the price
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premium of houses near the city center and subway stations, as high-income households outbid low-income

households for these desirable locations. Nonetheless, under driving restrictions that limits the usage of faster

travel modes (cars), low-income workers are displaced by high-income workers as the latter have higher value

of time and choose shorter commutes in response to the policy. In contrast, congestion pricing, which is

distance-based, provides stronger incentives for both income groups to reduce the distance to their corre-

sponding workplaces. In comparison, subway expansion leads to more noticeable price appreciations in areas

that have experienced a greater extent of subway expansion and are typically far from the city center. Sub-

way expansion also reduces disproportionately travel costs of suburbs and leads to longer commutes for both

income groups. These results highlight the value of a unified framework: it allows us to decompose channels

underlying the aforementioned transportation-based gentrification that are well documented in the reduced-

form literature, including the value of time, the income elasticity of housing demand and of commuting costs

(Wolff, 2014; Goldszmidt et al., 2020; LeRoy and Sonstelie, 1983; Glaeser et al., 2008).

Second, different policies could either exacerbate or alleviate economic inequality (Waxman, 2017; Ak-

bar, 2020). High-income households’ welfare is higher under congestion pricing (in the absence of revenue

recycling), and low-income households’ welfare is higher under a driving restriction. Without recycling,

congestion pricing is regressive, which creates a significant impediment to its adoption in practice. With ap-

propriate revenue recycling, low-income households can also be better off under congestion pricing than with

no policy.

Third, residential sorting can either strengthen or undermine the congestion-reduction potential of trans-

portation policies, corroborating our theoretical analysis in Section 2. In addition, the welfare evaluation of

different transportation policies can be off significantly had we not incorporated residential sorting. Sorting

enhances congestion pricing’s efficacy in reducing congestion because households are incentivized to live

closer to work locations and drive less throughout the city. It also magnifies the welfare benefits of congestion

pricing by 23%. On the other hand, sorting in response to subway expansion would lead to a further separa-

tion between residential and work locations, damping the congestion reduction effect and welfare gains from

infrastructure investment. Residential sorting responds strongly to both congestion pricing and subway ex-

pansion but modestly to driving restrictions. This is because the former two policies generate heterogeneous

impacts across locations (and resident-location pairs) and encourage households to sort to better-matched

properties. In contrast, the effect of driving restriction is relatively homogeneous (and leads to approximately

level shifts in the average utilities of all houses).

Finally, transportation policies generate different aggregate welfare implications. Beijing’s rapid subway

expansion increases consumer surplus and aggregate welfare despite modest congestion reduction. In contrast,

driving restriction is welfare reducing in spite of a larger congestion reduction. Congestion pricing and subway

expansion in tandem deliver the largest improvement in traffic speed and welfare gain. In addition, the revenue

from congestion pricing could fully finance the capital and operating costs of subway expansion, eliminating

the need to resort to distortionary taxes. These results showcase the sorting model’s strength in capturing

various adjustment margins and its ability to evaluate different policy scenarios in a unified framework that
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accounts for general equilibrium welfare effects with preference heterogeneity.

Our study makes three main contributions to the literature. First, while quantitative spatial economics has

made considerable advances to explore the role of transportation in urban systems (see Redding and Rossi-

Hansberg (2017) for a review), there has been limited attempt in the empirical urban literature to explore

the role of preference heterogeneity and congestion externalities in mediating the welfare effects of different

transportation policies. Our framework accounts for rich observed and unobserved preference heterogeneity

that goes far beyond the approach in the QSE literature tractable distributional assumptions (i.e., Fréchet)

and simple differentiation based on college education.2 This heterogeneity matters for evaluating equilibrium

responses to policy and welfare: we show that removing unobserved preference heterogeneity from the model

results in modeled choice outcomes and welfare estimates that are qualitatively different. In addition, we are

able to present rich welfare decompositions across observed household income distributions which bridges

recent work concerned about unequal economic opportunities across locations (Chetty et al., 2014) with ear-

lier work examining the winners and losers from urban transportation policies (LeRoy and Sonstelie, 1983;

Glaeser et al., 2008; Brueckner et al., 1999).

Second, sorting models have been used to study consumer preferences for local public goods and urban

amenities (e.g., air quality, school quality, and open space) and evaluate policies that address economic, social

and environmental challenges (Epple and Sieg, 1999; Kuminoff et al., 2013).3 Our analysis contributes to

this literature by incorporating endogenous work commuting decisions in residential location choices. Most

existing papers treat both the distance to work and the level of congestion as exogenous attributes. Recent

advances include the quantitative spatial analyses (Allen and Arkolakis, 2019; Fajgelbaum and Schaal, 2020)

that explicitly model endogenous congestion with an increasing marginal external cost (Anderson, 2014).

Different from these studies, our estimation is based on individual commuting decisions from large surveys.

Another approach is Kuminoff (2012), which models household decisions in both the work and housing

markets and endogenizes the commuting distance while keeping congestion as exogenous. Our paper is,

to our knowledge, the first in the empirical equilibrium sorting literature that explicitly models household

residential locations and travel mode choices jointly and how these choices simultaneously determine both

congestion and distance to work in equilibrium. We show that by accounting for endogenous changes in

congestion and travel mode choices, aggregate welfare changes are qualitatively different and we are able to

explain which endogenous margins of adjustments matter more under each policy.

Third, our paper bridges a gap in the transportation policy evaluation literature between short- and long-

2An important exception is Couture et al. (2020), who examine the welfare effects of US urbanization in a quantitative spatial
model that allows for significant heterogeneity. However, the model necessarily abstracts from exploring general equilibrium effects
between housing, labor and transportation markets that are at play in this paper.

3See for example Bayer et al. (2007); Ferreyra (2007); Epple and Ferreyra (2008); Epple et al. (2012) on school quality, Sieg et
al. (2004); Bayer et al. (2009); Kuminoff (2009); Tra (2010); Bayer et al. (2016) on air quality, Timmins and Murdock (2007); Walsh
et al. (2007); Klaiber and Phaneuf (2010) on open space and recreation, Bajari and Kahn (2005); Bayer et al. (2007); Bayer and
McMillan (2012); Hwang (2019) on racial and ethnic composition, Calder-Wang (2020) on the distributional impacts of the sharing
economy in the housing market, and Couture et al. (2020) on income growth and endogenous amenity quality across neighborhoods.
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run responses (Parry et al., 2007).4 Studies in this literature commonly focus on short-run effects of trans-

portation policies on travel choices, traffic congestion, and air pollution. Other studies examine longer-run

partial equilibrium effects and find substantially different effects (e.g., Duranton and Turner (2011b)). As

pointed out by Gallego et al. (2013), little has been done to understand the set of adjustments and their

relative magnitudes that happen in the transition from short- to long-run. Understanding these adjustments

is useful from a policy perspective since municipalities often need to plan for infrastructure provision and

address development concerns over this medium-run. By characterizing the underlying travel and housing

choices, our equilibrium sorting framework provides a micro-foundation for linking the responses between

short- and long-run reduced-form impact evaluation studies. More importantly, the unified framework offers

a common yardstick to evaluate actual and counterfactual policies over a wide range of outcomes including

congestion reduction, urban spatial structure, social welfare, and distributional consequences. Another ap-

proach in the literature allows for the general equilibrium feedback effects between the transportation and

housing sectors in a calibrated computable general equilibrium framework without estimating the underlying

consumer preferences (Anas and Kim, 1996; Langer and Winston, 2008; Parry and Small, 2009; Basso and

Silva, 2014). Compared with these studies, our framework is internally consistent in that the estimation of

structural parameters and the policy simulations are based on the same model.

Section 2 uses a stylized model to explain the key forces underlying the interaction between housing and

transportation. Section 3 describes the data and provides reduced-form evidence on the effect of Beijing’s

driving restriction on the housing market to motivate and ground subsequent analysis. Section 4 lays out

the equilibrium sorting model and the estimation strategy. Estimation results are presented in Section 5.

Section 6 conducts simulations to examine the impacts of transportation policies and compare their welfare

consequences. Section 7 concludes.

2 Theoretical Framework

We motivate our setup with a graphical presentation of the welfare effects of two transportation policies that

are examined in our empirical analysis: congestion pricing and driving restrictions. There are two dimensions

of this effect captured: that in the primary market for commuting reflecting the direct effect of an unpriced

externality on the marginal social cost of driving, and a secondary effect on a related market, housing, where

changes in commuting costs are capitalized into housing prices and can induce changes in commuting mode

choice and housing location.5

Figure 1 illustrates the welfare effects of these two policies in the primary “market” for vehicle road

4Various policies have been evaluated. See Parry and Small (2005); Bento et al. (2009); Knittel and Sandler (2013); Li et al.
(2014) on gasoline taxes, Bento et al. (2005); Parry and Small (2009); Duranton and Turner (2011a); Anderson (2014); Basso and
Silva (2014); Li et al. (2019); Severen (2019); Gu et al. (2020) on public transit subsidies and expansion, Davis (2008); Viard and Fu
(2015); Carrillo et al. (2016); Zhang et al. (2017) on driving restrictions, and Langer and Winston (2008); Anas and Lindsey (2011);
Hall (2018); Yang et al. (2019); Kreindler (2018) on congestion pricing.

5Following Roback (1982), there is also a capitalization in the labor market but this lies outside the scope of our study.
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traffic. Here, the economic cost induced by congestion can be demonstrated in terms of the level of traffic

volume, V as the difference between marginal social cost (MSC) and Average Social Cost (ASC) and the

unpriced externality created by the marginal external cost of congestion (MEC). Both congestion pricing and

a driving restriction result in a reduction of traffic volumes from the unregulated level, V 0, to the socially

optimal level, V ∗. However, congestion pricing reduces the trips with the lowest marginal benefit while the

driving restriction, due to the fact that its design does result in sorting based on differences in the value of

time, could reduce trips with various levels of marginal benefit.6 If the length of commuting trips are reduced

in a random manner, the driving restriction will lead to welfare loss equivalent to the blue triangle in Figure 1.

The size of the triangle is positively related to the degree of heterogeneity in the marginal benefit of trips. The

figure illustrates that while congestion pricing leads to welfare gain, the welfare impact of a driving restriction

is ambiguous.

However, Figure 1 is only a partial equilibrium analysis that does not take into account the potential impact

of transportation policies on proximate markets. It also tells us little about differences in these incomes across

individuals. To understand these additional effects, consider a monocentric city model where households with

different incomes sort into different locations in response to transportation policies based principally on their

deterministic preferences for housing, other goods and time.7 This model includes three key components of

recent applied work in urban economics: endogenous congestion, mode choice, and residential sorting. We

fully develop this model in Appendix A including presenting key comparative statics building on the approach

from Brueckner (2007), but here we summarize some key properties, standard in this class of models, and

elaborate on a set of stylized outcomes that illustrate heterogeneous welfare effects via capitalization.

Model Primitives The key model primitives include:

• The monocentric city is linear with a fixed population (N) of rich, NR, and poor, NP, residents.

• All residents work at the urban center (CBD) at location 0, where wage income for the rich is larger:

yR > yP. A location is denoted as x, which is also the distance to the urban center. 8

• The rest of urban space is occupied by homes with lot sizes normalized to 1 and where land rents are

remitted to absentee landlords.

• Households maximize utility via housing and non-housing consumption subject to a budget constraint

that includes commuting costs and varies between rich and poor based on their value of time (higher

for the rich).

• Housing consumption (in square meters) is provided by perfectly competitive developers.

6In this sense, driving restrictions correspond to classic command-and-control or mandate-based quantity restriction form of
environmental policy. On the other hand, congestion pricing corresponds to a traditional market-based approach. We use these
designations interchangeably in this paper.

7In our empirical analysis, we will relax assumptions of monocentricity and allow for random utility.
8Given the linear structure of the city, we assume roads take up no space and all land goes towards housing.
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• Beyond the residential area is agricultural land, which returns rental value pa.

Commuting Technology Several key features characterize the nature of commuting technology:

• Two commuting modes exist in the city: personal vehicles with higher fixed costs and lower variable

costs relative to the alternative commuting mode, subway.

• Variable costs, denoted wd,m(x) for mode m = car,subway and group d = R,P, include time and pecu-

niary costs.

• Travel time is monetized by the value of time (VOT): νR > νP.9

• We begin by assuming that the subway network covers the entire urban area and then relax this assump-

tion when considering the role of public transportation infrastructure.

• Car commuting suffers from endogenous congestion determined by the commuting choices of all other

households in the city. We ignore the role of congestion in public transportation and focus solely on its

effect on car travel.

• The model is a closed-city model with intracity, but not intercity migration.10

A feature of the model that usefully simplifies the analysis is that changes in commuting cost will not

affect the overall size of the city as reflected by the location of the urban boundary, x̄, since the population is

fixed and land use per household is also fixed.

Equilibrium Properties Given a mass of rich and poor households residing and working in the city, a

spatial equilibrium is determined by a bid rent function p∗(x) that is the envelope of individual willingness-

to-pay for housing based on mode and housing type at each point, x, in the city,11 keeping the utility for each

income type fixed at ūd , d = R,P:

p∗(x) = max
d,m

{
p(yd−θm−wd,m(x), ūd)

}
d = R,P;m = car,subway. (1)

For subway commuters, who are assumed to experience no congestion, the slope of the bid rent function

does not change. In residential regions with car commuting, moving from right to left across the region means

adding additional car commuters, further increasing per kilometer commuting time costs and steepening the

bid rent function.
9We also assume that fixed commuting costs are larger but variable costs (without congestion) are lower for car relative to subway.

10Public transit congestion and closed-city assumptions could be relaxed without affecting the key predictions of the model.
Brueckner (1987) provides an analysis of a monocentric city model with a perfectly competitive supply side for both cases of a
closed and open city.

11The full set of market clearing conditions are presented in the Appendix A.
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Model Calibration and Policy Analysis In the Appendix A, we explain and show the result of calibration

yielding the urban configuration presented in Figure 2: rich subway commuters live closest to the CBD, then

poor subway commuters, then rich car commuters, then poor subway commuters. This outcome is not unique

and is purely illustrative to yield a pattern of sorting that roughly approximates the qualitative pattern for

Beijing described in section 3.12

In Figure 2, we show the effect of two transportation policies, congestion pricing and a driving restriction,

on the equilibrium bid-rent envelope corresponding to (1). Colored lines in Figure 2 reflect the gradient of

housing prices in equilibrium after the indicated transportation policy, where the colors correspond to the

bid-rent for the group of commuters indicated below the horizontal axis. Gray lines in both panels reflect the

same no-policy baseline price gradient.

The additional welfare effects of transportation policies in the housing market is reflected by the areas

between these envelopes. A key principle in urban economics underlying the Rosen (1974) and Roback

(1982) approach as well as the Henry George Theorem is that investments in public goods or reductions in

negative externalities should be capitalized into housing values and so comparing differences in the sum of

housing values can be used to approximate welfare changes under housing and land markets characterized by

perfect competition.

Key Model Takeaways In Figure 2, we can see two principal effects of both congestion pricing and driving

restrictions on rents and therefore the capitalization of transportation policies: one, the value of proximity to

the CBD (i.e., workplace) rises for those nearby (specifically subway commuters), while for those farthest

away, it falls. Capitalization gains are larger than losses for congestion pricing (where revenues are recycled

lump-sum) because wealthy drivers gain from time savings net of tolls, while the poor who move to the

subway commuting area benefit from revenue recycling and shorter commutes net of higher housing costs.13

Two, rent losses for longer commutes are larger under the driving restriction. This is because those who would

ordinarily drive are forced to take the subway for very long commutes on restricted days of the week.

In summary, while the primary effect of transportation policies on commuting costs in the market for

driving is straightforward, the secondary effect on housing via price capitalization can be large and depends on

relative differences in the marginal cost of commuting, income heterogeneity and preferences for housing and

time. While illustrative, this simple model ignores a host of important features important for understanding the

economic effects of transportation policies in Beijing such as polycentricity of the city, travel modes beyond

driving and subway, and variation in the availability of housing across the city. For these reasons, we now

turn to our equilibrium sorting model to empirically evaluate these policies.

12In reality, Beijing does not have a single CBD and there are varying patterns of proximity of relatively wealthy to relatively less
wealthy across Beijing.

13Panel (a) shows a small, but negligible loss of rents for poor car commuters reflecting the fact that given low values of time,
congestion reduction may not fully compensate for the fee.
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3 Policy Background, Data Description and Reduced-form Evidence

3.1 Policy Background

The central and municipal governments in China have pursued a series of policies to address the high level of

urban traffic congestion. In Beijing, these policies include a driving restriction, a vehicle purchase restriction,

and an investment boom in subway and rail transportation infrastructure. The driving restriction started as

part of Beijing’s effort to prepare for the 2008 Summer Olympics.14 It initially restricted half of the vehicles

from driving on a given weekday based on their license plate. After the Olympics concluded, the restriction

was relaxed to one weekday per week depending on the last digit of the license plate number. Acquiring a

second vehicle to avoid the restriction is difficult, since Beijing also put in place in 2011 a quota system that

caps the number of new vehicle sales in an attempt to curb the growth in vehicle ownership. About 20,000

new licences were distributed each month through non-transferable lotteries from 2011 to 2013. The monthly

quota was reduced to 12,000 after 2013. Winning the lottery became increasingly difficult: the winning odds

decreased from 1:10 in early 2012 to nearly 1:2000 in 2018 as the pool of lottery participants increased while

the number of licenses fell over time (Xiao et al., 2017; Li, 2018; Liu et al., 2020). Such time-series changes

in winning odds provide useful exogenous variation for the housing demand analysis.

Along with these demand-side policies, the Beijing municipal government also invested heavily in public

transportation infrastructure. From 2007 to 2018, 16 new subway lines were built with a combined length

of over 500km (See Appendix Figure A1 for subway maps over time). By the end of 2019, Beijing has the

world’s longest and busiest subway system with a total length of nearly 700km and daily ridership over 10

million. Such an expansion echos the boom in the infrastructure investment across many regions in China.

The number of cities with a subway system in mainland China increased from four to over 40 from 2000 to

2019, and the total urban rail network reached over 6,700 kilometers by the end of 2019. These expansions

are partially designed to slow the growth of personal vehicle use by making public transportation more acces-

sible. See Anderson (2014); Yang et al. (2018); Gu et al. (2020) for recent analysis on the impact of subway

expansion on traffic congestion.

Despite these policy efforts, traffic congestion continues to be a pressing issue: the average traffic speed

in 2019 was 24.6km/h during peak hours (7-9am and 5-7pm) according to the 2020 Beijing Transportation

Report. From a neoclassical microeconomic perspective, the aforementioned policies fail to directly address

the root cause of traffic congestion: the mispricing of road capacity. The Beijing municipal government

recently announced a plan to introduce road pricing in the near future while soliciting feedback from experts

and the general public (Yang et al., 2019).15

14Athens, Greece implemented the first driving restrictions in 1982. Since then, a dozen other large cities in the world have adopted
similar policies including Bogotá, Mexico City and New Delhi. The impacts of these policies on reducing congestion and air pollution
have been mixed (Davis, 2008; Viard and Fu, 2015; Carrillo et al., 2016; Zhang et al., 2017).

15Despite being continuously advocated by economists, congestion pricing has limited adoption in practice largely due to technical
feasibility and especially political acceptability. During the last 15 years, several European cities (London, Milan, Stockholm, and
Gothenburg) have successfully implemented various congestion pricing schemes. After several proposals, New York State legislature
recently approved a congestion pricing plan for New York City. Pending approval by the Federal Highway Administration, New York
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3.2 Data Description

We rely on two main data sets for our analysis: Beijing Household Travel Survey in 2010 and 2014 and

housing mortgage data over 2006-2014 with detailed information on household demographics as well as

work addresses of home buyers. Online appendix G provides more detail on the data construction.

Geography of Beijing Beijing’s spatial structure is characterized by a high population density at the center,

with a set of concentric ring roads encircling the city center. The 2nd ring road largely traces out the contour

of the old Beijing prior to the 1980s, from which the city has subsequently expanded outward. We focus on

the geographical areas within the 6th ring road, which separates the city from its suburbs. Appendix Figure

A2 and Figure A3 map out the city contour and various ring roads, commercial centers (and density of job

opportunities), subway lines, districts, as well as amenities including signature elementary schools and parks.

Beijing is not perfectly monocentric. There are several large work clusters across the city, such as the

financial cluster between the 2nd and 4th ring roads on the east side of the city, and a high-tech cluster towards

the northwest between the 3rd and 5th ring roads. The city has 65 signature schools that are designated by

the municipal government as the ‘key’ elementary schools. These schools have better resources and better

student performance. Signature schools are concentrated within the 4th ring road while the parks are more

dispersed across the city.

Beijing has a total of 18 districts, each containing on average eight jiedao (or neighborhoods). A jiedao

is an administrative unit that is similar to a census tract where homes share similar observed and unobserved

amenities. The average size of a jiedao is 15.7 square kilometers. For transportation planning purposes,

Beijing is also divided into roughly 2,000 Traffic Analysis Zone (TAZs), which are standardized spatial units

based on residential and employment density. They are one square kilometers on average and smaller when

they are closer to the center of Beijing. Most of the maps in this paper use TAZs as the spatial units.

Beijing Household Travel Survey We utilize two rounds of the Beijing Household Travel Survey (BHTS)

that are collected in 2010 and 2014 by the Beijing Transportation Research Center (BTRC), an agency of the

Beijing municipal government. The survey is designed to inform transportation policies and urban planing.

It includes individual and household demographic (e.g., income, household size, vehicle ownership, home

ownership, age, gender) and occupations, availability of transportation options (vehicles, bikes, etc.), and

a travel diary on all trips taken during the preceding 24 hours. Trip information includes the origin and

destination, the departure and arrival time, the trip purpose and mode used.

Our analysis focuses on 73,154 work commuting trips (home-to-work and work-to-home). Work trips

account for the majority of travel distance and time: they constitute 62% and 75% of total travel distances and

53% and 59% of weekday trips among the working-age respondents in 2010 and 2014, respectively.

Table 1 provides summary statistics for variables used in the analysis by the survey year. Household

City will become the first city in the US to enact congestion pricing.
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income increased dramatically from 2010 to 2014, with the share of the lowest income group (< 50k annually)

decreasing from 48% to 18%.16 Vehicle ownership increased from 44% to 62%. Both the share of respondents

living and the share of those working within the 4th ring road (which proxies for the city center) decreased

by about 10 percentage points from 2010 to 2014, reflecting the increased spatial dispersion of housing and

work locations.

To understand commuters’ travel mode choices, we construct attributes for all travel modes in their choice

set. We focus on six travel modes: Walk, Bike, Bus, Subway, Car, and Taxi, as other modes (motorcycles,

company shuttles, and unlicensed taxis) collectively account for less than 4% of all trips. Appendix Figure

A4 and A5 illustrate the procedures used to calculate mode-specific travel time and monetary cost. We use

Baidu API to calculate the travel time and distance for walking, biking, car and taxi. Baidu map incorporates

predicted congestion level based on the time of day and day of week in its estimated trip duration. We query

Baidu API at the same departure time as that recorded in the travel survey (e.g., 7am) to capture within-day

variation in congestion (peak vs. off-peak hours). To account for changes in the average congestion between

the survey year and the year we query Baidu API, we adjust the predicted travel time based on the annual

traffic congestion index in Beijing.

We use Gaode Map API for the travel time by bus because Gaode reports the number of transfers and walk-

ing time between bus stops and delivers more accurate estimates. To take into account the subway expansion

in our sample period, we use historical subway maps and an GIS software to reconstruct the historical subway

network. The subway travel time is calculated based on the published time schedules of subway lines. Our

calculation assumes that commuters use the subway stations that are closest to their trip origin and destination

and incorporates the walking distance and walking time to the subway stations in the total trip distance and

duration. We validate these constructed trip-mode attributes (e.g., duration) using information from reported

trips in the travel survey. Appendix G.1 provides more details on the full procedure.

Figure 3 plots each travel mode’s observed share of commuting trips, as well as the constructed travel

time, cost, and distance. Panel (a) contrasts travel patterns in 2010 with those in 2014 and presents several

notable patterns. First, walking accounts for a significant share of all commuting trips: 15.0% and 13.5% in

2010 and 2014, respectively. These trips take 51 and 40 minutes on average with a distance of 4.9 and 3.7

kilometers. Second, from 2010 to 2014, the shares of walk, bike, and especially bus have decreased while

the share of car (i.e., driving) and subway have increased, reflecting the rising vehicle ownership and the

expansion of the subway network. Third, walking and subway trips are the longest in duration, while subway

and car trips are the longest in distance. Car trips have slightly longer duration and distance than taxi trips and

are cheaper. Overall, the trade-off between time and cost is clear: trips by walking are the slowest but also

cheapest. Car and tax trips are faster but more expensive than other modes.

Panel (b) of Figure 3 contrasts the travel patterns between the high- and low-income groups. High-income

households are more likely to drive, use subway, take taxis and are less likely to use other modes. As a

16Household income is reported in bins across both surveys, from which we use bin midpoints to infer approximate household
income.
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percentage of the hourly wage, car and taxi trips are much more expensive for low-income households than

for high-income households. There is little difference in travel distance across the two income groups except

for car trips. This echos the housing data below that there are no strong income-delineated residential sorting.

Housing Transactions Data Data on housing transactions come from a major government-sponsored mort-

gage program in Beijing from July 2006 to July 2014. As is reflective of the housing supply in urban China,

most housing units are within housing complexes equivalent to condominiums in the U.S. The interest rate for

this mortgage program is subsidized and more than 30% lower than the commercial mortgage rates for eligible

borrowers. Virtually all home buyers apply for mortgages through this program before getting commercial

loans. There are no refinancing activities and each mortgage represents a housing transaction.

The final data set includes 77,696 mortgage transactions.17 Table 2 provides summary statistics of the

data. The mortgage data include information on household demographics including income, age, marital

status, residency status (hukou), and critically for our analysis, the work address for the primary borrower and

that of the co-borrower if present. The data also contain information on housing attributes such as the size,

age, street address, transaction price, and date when the mortgage was signed. We geocode home and work

locations and match them to nearby amenities. The mortgage data represent a subset of housing transactions

(not all buyers apply for mortgages) and may be subject to selection issues. Hence, we re-weight the mortgage

data to match the population distribution of housing price, size, age, and distance to the city center using

entropy balancing (Hainmueller, 2012). We use the weighted sample in our benchmark analysis and the

original unweighted sample in robustness checks. Appendix G.2 discusses the re-weighting procedure in

more detail and describes additional data patterns, such as differences in the commuting distance by gender.

Figure 4 shows the spatial pattern of housing and household attributes based on the mortgage transactions

from 2006 and 2014, with a warmer color representing a higher value. Housing prices tend to be higher

and distance to work is shorter near the city center. The outskirts of Beijing have larger homes with a lower

unit price, reflecting the classic distance-housing size trade-off illustrated in the monocentric city model in

Section 2. There are also exceptions. For example, the high-tech center in the northwest corner of the city that

is outside the 5th ring road (the city center) has high housing prices and short commutes that are comparable

to those in the city center. The northern parts of the city have better amenities (schools and parks) and

more work opportunities and attract high-income households. While household income is generally higher in

northern Beijing than in southern neighborhoods, households with different income levels tend to mix together

throughout most parts of the city.

Our equilibrium sorting model examines households’ residential choices given traffic conditions. In the-

ory, a home-buyer’s choice set could potentially consist of all properties listed on the market and researchers

need to construct hypothetical commuting attributes of different travel modes for all properties in a buyer’s

choice set. However, this is technically infeasible because the number of potential home-work-mode com-

17We remove transactions with missing or zero reported price, price lower than Y5,000/m2 (the average price is Y19,800/m2),
buyers with no reported income, and addresses outside of the 6th ring road.
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binations exceeds hundreds of billions. The issue of large choice sets is a common empirical challenge in

the housing demand literature. To reduce the associated computational burden, we follow an approach used

by Tra (2010): a choice-based sampling strategy18. The choice set for a household in the mortgage data is

assumed to include the purchased home and a one percent sample of houses randomly chosen from those

sold during a two-month window (30 days before and after) around the purchase date. Beijing’s real estate

market is fluid during our data period: the median days-on-market for a home seller is only 8 and 13 in 2013

and 2014, respectively, with the average being 22 and 38 days. Section 5 conducts robustness analyses using

different choice sets and finds little impact on our estimates. For each property in a household’s choice set, we

construct the travel mode attributes for both the primary borrower’s and co-borrower’s work commute, based

on their respective work locations. The construction of the travel mode attributes involves over 13 million

route-mode combinations.

3.3 Reduced-form Evidence

Before proceeding to the structural model, we present reduced-form evidence for the capitalization of trans-

portation policies into housing prices and for residential sorting. Specifically, we examine the housing market

response to the car driving restriction policy (CDR) that began in July 2008.

Figure 5 shows scatter plots of home prices in Y1,000/m2 against the distance to the nearest subway

station before and after the CDR.19 The top panel uses raw data, while the bottom panel shows residualized

plots after controlling for year-by-month and neighborhood fixed effects. The price gradient becomes steeper

post CDR, suggesting that homes close to subways command a higher price premium after the policy. Con-

sistent with theoretical predictions, the driving restriction increases the price premium of homes near subway

stations. Appendix Section B provides an event study analysis, a falsification test and additional evidence.

We next examine residential sorting by regressing the distance between home and the nearest subway

station (and that between home and work) on the interaction between the CDR dummy and household income.

As shown in Table A2, the driving restriction policy induced a much larger reduction in the distance to subway

and distance to work for high-income households than for low-income households. This provides suggestive

evidence that high-income households sorted closer to premium locations and low-income households sorted

away, potentially because they were priced out.

The reduced-form analysis above confirms the importance of housing market capitalization and sorting in

response to transportation policies. To disentangle the role of different transportation policies and to quantify

the underlying mechanisms and margins of adjustment (changes in commuting modes vs. changes in resi-

dential locations), we now turn to an equilibrium sorting model that features preference heterogeneity and

endogenous congestion.

18Choice-based sampling for differentiated demand has been demonstrated to yield consistent results in McFadden (1978), Wasi
and Keane (2012), and Guevara and Ben-Akiva (2013)

19We focus on two years before and two years after the starting date of the program to balance the trade-off between the sample
size and potential confounding changes in the housing market and transportation sector.
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4 Empirical Sorting Model

The sorting model characterizes individual commuting choices and residential location decisions. It also

specifies the joint equilibrium conditions for the transportation sector and the housing market. On the one

hand, residential locations determine households’ commute distances and affect the driving demand and hence

traffic congestion. On the other hand, traffic congestion affects the attractiveness of different residential

locations and consequently the housing demand. For example, high congestion levels increase demand for

premium locations (places close to subways and the city center). The equilibrium nature of our sorting model

allows for counterfactual simulations and provides direct comparative statics of housing prices, residential

locations, and congestion levels across different policies.

The model assumes that work locations are determined ex ante and examines housing choices given work

locations. In practice, these decisions could be made either simultaneously or sequentially. Our assumption

is motivated by three observations. First, for many households, the choice of work location is likely to

be the outcome of a longer-term process of labor supply and migration decisions.20 Second, employment

opportunities in the same industry tend to be clustered in Beijing. Hence, switching jobs may not entail

meaningful changes of work locations. Third, while the mortgage data provide rich information on housing

locations and current employment, they do not report alternative job opportunities that were available to each

household. In addition, adding the labor market component would significantly complicate the empirical

analysis with rich individual-level observed and unobserved preference heterogeneity.

Our approach contrasts with the emerging literature that uses quantitative spatial models (QSE) to evaluate

the joint processes of work and residential locations. We cannot analyze whether changes in the transporta-

tion system translate to higher labor productivity (e.g., through better allocation of time and labor market

matching), thus a limitation.21 On the other hand, our approach has several advantages. First, QSE models

use observed worker flows and wages to recover iceberg commuting costs via gravity equations and origin-

destination-specific dis-amenities. Recent studies (Fajgelbaum and Schaal, 2020; Allen and Arkolakis, 2019)

allow for endogenous congestion, but still rely on gravity equations to describe commuting flows rather than

individual choices. In contrast, we estimate commuting costs directly through observed individual commut-

ing choices and explicitly model the externality of endogenous congestion. Our framework therefore predicts

the equilibrium congestion level explicitly as a result of changes in individual travel mode choices and lo-

cation decisions. Second, some structural parameters in QSE models are not directly linked to behavioral

responses that have been well studied in the empirical microeconomics literature, such as the value of time.

Such disconnect matters because these parameters often present a transparent way to validate estimates from

20Among households who purchased properties, 4-5% changed jobs per year. More than 40% of households never changed jobs
throughout the sample period from 2006 to 2014.

21In addition, our analysis does not model agglomeration forces. Diamond (2016) is a micro-founded study that bridges this gap
by incorporating housing and labor markets into the evaluation of the heterogeneous welfare consequences of worker movements
between US cities, although it does not endogenize congestion from the transportation sector. We also abstract from dynamic consid-
erations. For recent papers on dynamic models on the housing market, see Almagro and Domínguez-Iino (2020); Han et al. (2018);
Murphy (2015); Wang (2020).
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structural models. Lastly, in contrast to the flexible observed and unobserved heterogeneity in our setting,

unobserved preference heterogeneity in QSE models is often limited to Frechet draws for analytic tractability,

with homothetic preferences for ease of aggregation.22 We allow for rich observed and unobserved pref-

erence heterogeneity in both commuting decisions and residential choices. The ability to flexibly specify

non-homothetic preferences have important welfare implications, as we document in Section 6 below.

4.1 Housing Demand

We specify a characteristics-based housing demand model, where preferences over housing units are pa-

rameterized as a function of both observed and unobserved property attributes and household characteristics

(Lancaster, 1971; McFadden, 1978; Berry et al., 1995). Our data are longitudinal, but we suppress time t

to ease exposition. Conditioning on work locations, the utility for household i choosing housing unit j is

specified as:

max
{ j∈Ji}

Ui j = αi p j +x jβi +∑
k

φikEVi jk(v)+ξ j + εi j, (2)

where Ji is the choice set for household i, p j denotes home price, and x j denotes a vector of observed housing

attributes such as size and the number of bedrooms. Variables in bold denote vectors. Household members

with commuting needs are denoted by k ∈ {Primary borrower,Co-borrower}. EVi jk(v) is the expected utility

for member k in household i that is derived from the best commuting alternative. It depends on congestion and

hence driving speeds in different areas of the city, v, and characterizes the attractiveness of home j in terms of

member k’s work commute. As we discuss in detail in section 4.2, this commuting utility is the key innovation

relative to traditional residential sorting models. In our setup, transportation policies can generate differential

impacts on the commuting utility of housing locations through a variety of channels: endogenous congestion,

households’ heterogeneous commuting preferences, and changes in households’ commuting modes as a result

of the policy. The variable ξ j represents unobserved housing attributes, and εi j is an i.i.d. error term that

reflects the unobserved preference over each housing choice.

The household-specific price coefficient αi is related to the log of household income yi:

αi = α1 +α2 ∗ ln(yi).

Household preferences over housing attributes are denoted as βi, which consists of an household-specific

22In addition, welfare improvements in QSE models only result from changes in real income due to gains from trade via an
increase in market access. This benefit is directly mediated through import elasticity with respect to variable trade costs (Arkolakis et
al., 2012). In the context of urban transportation, this seems potentially limiting because spatial mismatch and wasteful commuting
due to pre-existing distortions, like congestion, may leave open opportunities for Pareto improvements without a change in the level
of market access.
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component and a population average. For each element s in βi:

βis = β̄s + ziβs,

where zi are household demographics, such as age and income. Preference for ease-of-commute φik differs

across household members and is characterized by random coefficients:

φik = φ̄k +φkνik,k ∈ {Primary borrower,Co-borrower},

where νik is i.i.d. normal. In subsequent formulations, we suppress subscript k for the ease of exposition and

use EVi j to denote the commuting utility for both household members ∑k φikEVi jk.

The probability that household i chooses home j is denoted by:

Pi j(p,v) = h(EVi(v),p,X,ξξξ ,zi), (3)

where EVi(v) is a vector of the ‘ease-of-commute’ utility for all potential home locations given household i’s

work locations. We have made it explicit that the ease-of-commute utility depends on driving speed v. The

following triplet, p, X, and ξξξ , is the vector form of p j,x j,ξ j and denotes prices, observed housing attributes,

and unobserved housing quality for all homes in household i’s choice set, respectively.

4.2 Travel Mode

Utility-maximizing individuals within a household choose from six commuting modes – Walk, Bike, Bus,

Subway, Car, and Taxi – based on the time and financial cost. The travel survey reports the travel mode

choices for each commuting member within a household.23 In this subsection, we use i to denote an individ-

ual within a household rather than the whole household for simplicity of notation. Preferences vary across

individuals, such as the enjoyment of driving a car, perceived “greenness” of using public transportation, and

health benefits of biking and walking. We include mode-specific random coefficients to account for these

considerations. Individual i’s utility of commuting from home j to work using mode choice m is specified as:

max
m∈Mi j

ui jm = θim + γ1i · timei jm(v)+ γ2 · costi jm/yi +wi jmη + εi jm, (4)

where Mi j is the set of transportation modes available to individual i commuting from home j. Variable timei jm

denotes the commute duration between i’s work location and home j via mode m. Note that driving time

(timei j,car and timei j,taxi) is affected by the congestion level, an endogenous outcome as discussed above.24

23We treat the mode choices of different individuals within a household as independent in the absence of information on the joint
decision process. We also abstract away from trip-chaining, which is unlikely to be of first-order importance for home buyers.

24Road congestion affects travel times for buses in addition to driving and taxi. However, this effect is more complicated as it
depends on the local characteristics of the roadway, the design of bus schedules, and location of bus stops. For the purpose of our
analysis, we treat buses as if they were in dedicated lanes unaffected by congestion, which may result in an over-prediction of bus
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The monetary cost of the trip is denoted as costi jm. Finally, variable wi jm captures mode-commuter specific

controls (such as the driving dummy interacted with commuter’s gender) and εi jm is the i.i.d. error term.

We allow for a mode-specific random coefficient, θim, that has a normal distribution with mean µm and

variance σm. The mode-specific random coefficient for walking is normalized to zero. These random co-

efficients capture heterogeneous mode-specific (dis)amenities, scheduling or inconvenience costs that vary

across individuals but do not scale with the time or distance traveled. Time preference γ1i follows a chi-square

distribution with three degrees of freedom and mean µγ . The chi-square distribution allows all individuals to

have a positive value of time. An individual’s sensitivity to the monetary costs of commuting is assumed to

decrease in income: γ2/yi.

Our utility specification makes it straightforward to calculate the value of time (VOT), which is γ1i
γ2
·yi. This

measure scales with income following the canonical approach of Becker (1965), which linked the valuation of

time to the hourly wage. VOT is the most important preference parameter for transportation decisions (Small,

2012a). In addition, Small et al. (2005) demonstrate the importance of modeling rich preference heterogeneity

in order to recover accurate estimates of VOT and evaluate transportation policies. Section 5 shows that our

estimates accurately reflect the preferences of Beijing commuters.

Conditional on home location j, the probability that individual i chooses mode m for work commute is

defined as:

Ri jm(v) = r(costi j/yi, timei j(v),wi jm;θ) (5)

where costi j/yi and timei j(v) denote the vector of travel cost (as a share of individual i’s hourly wage) and

travel time from home j to work location i for all travel modes, respectively. Vector wi jm captures all other

individual-trip mode specific characteristics and θ denotes all relevant parameters in travel mode choices:

θ = {{θm}m,γ1i,γ2,η}.
The commuting utility is defined as:

EVi j(v) = Eεi jm

(
max
m∈Mi j

ui jm(v)
)
, (6)

where the expectation is over the set of i.i.d. draws εi jm across travel modes. Once we obtain the expected

commuting utility for all commuting members within a household, we aggregate it to the household level and

use it to measure property j’s ease-of-commute in equation (2) given household members’ work locations.

4.3 Market Clearing Conditions and the Sorting Equilibrium

The equilibrium market clearing conditions for the housing market and the transportation sector are interre-

lated in our model. In the housing market, choices of individual households aggregate to the total housing

demand and housing prices adjust to equate demand and supply (housing supply is specified in Section 6.1).

In the transportation sector, the equilibrium congestion level and hence driving speed is jointly determined by

mode shares in simulations with worse congestion levels.
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driving demand through all individuals’ travel mode choices and road capacity. These two markets interact

in two dimensions: the spatial locations of households affect the distance of work commutes and the travel

mode, hence equilibrium outcomes in the transportation sector. At the same time, the level of traffic conges-

tion that is determined in the transportation sector affects the attractiveness of residential locations through

the commuting utility as discussed above, which in turn shapes the spatial distribution of households. We

discuss these market clearing conditions below.

Housing Market The aggregation of households’ choice probabilities Pi j gives rise to the aggregate housing

demand:

D(p,v)≡
{

D j(p,v) = ∑
i

Pi j(p,v),∀ j
}

Note that the aggregate housing demand depends on both housing prices p and driving speed v (through the

commuting utility).

Transportation Sector Demand for driving is determined by both housing locations and travel mode choices.

Intuitively, mode choices determine the extensive margin (whether to drive or not), while housing locations

determine the intensive margin (the commuting distance). Total driving demand and hence traffic density

is the aggregation of all households’ location and commuting decisions, which ultimately depends on the

housing price p and driving speed v:

Dv(p,v)≡∑
i

∑
j

Pi j ·
{
[Ri j,car ·disti j,car]+ [Ri j,taxi ·disti j,taxi]

}
(7)

where Pi j is the probability that household i chooses location j, Ri j,car and Ri j,taxi are the probability for

household i living in location j to drive and to commute via taxi, respectively, and disti j,car and disti j,taxi are

the commuting distance by car and taxi.

Sorting Equilibrium A sorting equilibrium is defined as a vector of housing prices, p∗, and a vector of

driving speed, v∗, such that:

1. The housing market clears, where the aggregate demand is equal to the aggregate supply:

D j = ∑
i

Pi j(p∗,v∗) = S j,∀ j. (8)

2. The travel sector clears, where the aggregate traffic demand at driving speed v∗ is equal to the road

capacity that can sustain v∗:
Dv (p∗,v∗) = Sv(v∗) (9)

Our model follows the class of equilibrium horizontal sorting models with local spillovers studied in

Bayer and Timmins (2005) and more closely in Bayer et al. (2004), where the local spillover we model is
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traffic congestion from personal vehicles. In those class of models, residential location sorting is influenced

by endogenous spillovers proximate to housing location: school quality, crime, environmental quality and

neighborhood demographic composition. If the error terms in both the housing equation (2) and the commut-

ing mode choice equation (4) are from continuous distributions (such as the type I extreme value distribution),

then the equation system (3), (7), (8), and (9) is continuous. The existence of such a sorting equilibrium fol-

lows Brouwer’s fixed point theorem. Intuitively, a unique vector of housing prices (up to a scalable constant)

p∗ solves the system of equations defined by equations (3) and (8), conditional on a set of observed and unob-

served housing attributes (X and ξξξ ) as well as EV s. At the same time, (7), (9) implicitly define traffic speed v
as a continuous mapping of a compact and convex set. Any fixed point of this mapping determines EV s and

is associated with a unique vector of housing prices p∗.25 The equilibrium housing choice probabilities and

travel choice probabilities directly follow from the sorting equilibrium.

4.4 Estimation Details

This subsection discusses how we estimate the model presented in Section 4.1 and Section 4.2.

Choice Set of the Housing Demand Computational and data limitations often require restrictions on the

number of alternatives included for empirical estimation. While it may be logical to restrict the choice set to

a set of affordable or nearby homes, Banzhaf and Smith (2007) shows that this approach may unnecessarily

bias estimation due to unobserved heterogeneity in the choice set definition. Instead of restricting the choice

set based on attributes, we rely on choice-based sampling by taking a 1% random sample from houses sold

during a two-month window around the purchase date of the chosen home. The consistency of choice-based

sampling methods in multinomial logit and mixed logit models is formalized in McFadden (1978), Wasi and

Keane (2012), and Guevara and Ben-Akiva (2013). The average size of the choice set is 27. As discussed

below, a robustness check using a 0.5% random sample yields very similar results.

Estimation of Travel Mode Choices We assume that the error terms in both the housing equation (2) and

the commuting mode choice equation (4) have the type I extreme value distribution.

Estimation of the parameters specified in the housing demand and travel model choices follows a two-

stage process. In the first stage, we use simulated maximum likelihood estimation (MLE) and household

travel surveys to estimate parameters in mode choices. The key parameters of interest are preferences for time

25In this class of sorting models, the presence of a negative spillover due to traffic congestion leads to a unique equilibrium.
In the simplest example when the driving speed is uniform across all locations (though the speed level negatively depends on the
density of cars), this is a traditional demand system with a unique allocation (choice probabilities), as shown in Berry (1992).
With heterogeneous congestion effects that differ across space, one can show that the equation system (3), and (8), (7), (9) remains a
contraction mapping, and hence accommodates a unique fixed points (i.e., a unique equilibrium). A proof of existence and uniqueness
is provided in Appendix C. The proof follows Bayer and Timmins (2005). It is worth noting that if there are positive spillovers (e.g.,
agglomeration effects), uniqueness is not guaranteed. Sufficiently strong positive spillovers could alter the rank-order of the location
choices and give rise to multiple equilibria. With positive spillovers, the equilibrium uniqueness is more likely to arise with strong
consumer heterogeneity, weak spillover effects, or a larger number of choices.
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and monetary costs. We include mode-specific random coefficients to control for mode-specific (dis)amenities

or qualities that do not scale with the time or distance traveled. The model also includes mode-specific fixed

effects interacted with year fixed effects, district fixed effects, and demographics (such as commuters’ income

and age). These interactions control for a rich set of time-varying and location specific unobservables by

travel mode.

We assume that the error term εi jm in equation (4) is uncorrelated with commuting trips’ time and mon-

etary costs. This assumption would be violated if, for example, the route-specific quality of public transit

service (e.g., in terms of congestion, delay, comfort, or safety) is correlated with the route-specific monetary

cost or travel time. Monetary costs are likely to be exogeneous because the public transit is run by Beijing’s

transportation bureau which sets bus and subway fares uniformly across all routes. Although some bus or sub-

way routes are more congested than others, fares do not vary by the level of congestion or quality of service.

In addition, travel time is likely to be uncorrelated with the residual εi jm, because real-time traffic apps are not

widely used during our sample period (2010 and 2014). People are likely to make travel decisions based on

ex-ante estimate of travel time, which is orthogonal to the realization of traffic shocks on a particular day.

Once we have estimated parameters from travel mode choices, we construct the ease-of-commute utility

EVi j using Equation (6). The calculation of EVi j is computationally intensive and requires us to construct the

travel time and cost for all available travel modes for every house in households’ choice set (as described in

Section 3.2).

Estimation of Residential Locations The estimated EV i j in the first stage enters the second-stage housing

choices as an observed housing attribute. While the application of this two-stage approach to residential

sorting is new to our knowledge, similar approaches of nesting the logsum values from random utility models

have been used by Capps et al. (2003) and Phaneuf et al. (2008) in healthcare and recreational demand,

respectively.26

The parameters in housing demand themselves are estimated using a two-step procedure, with the first

step being a simulated MLE with a nested contraction mapping and the second step being a linear IV/GMM.

The two-step strategy follows Berry et al. (1995) and Bayer et al. (2007) in order to address unobserved

housing attributes that could be correlated with housing prices. Unobserved attributes ξ j in Equation (2)

(e.g., quality) could render the price variable endogeneous and bias the price coefficient toward zero. The

contraction mapping algorithm that is nested in the simulated MLE inverts unobserved housing attributes,

which permits the usage of the IV strategy to address price endogeneity in the second step. Following the

literature, we re-organize Equation (2) into a sum of household-specific utility µi j and population-average

26A key assumption underlying our approach is that, after accounting for location and demographic differences, commuters’ pref-
erences that are estimated from the travel surveys are representative of the commuting preferences for home buyers in the mortgage
data. A large literature in environmental economics considers conditions under which the approach of transferring preferences for
non-market amenities is valid (Boyle and Bergstrom, 1992; Rosenberger and Loomis, 2003).
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utility δ j (or alternative-specific utility, which absorbs the unobserved housing attribute ξ j):

Ui j = µi j(θ1)+δ j(θ2)+ εi j (10)

µi j(θ1) = α2ln(yi)p j +x jziβ +∑
k

φikEVi jk (11)

δ j(θ2) = α1 p j +x jβ̄ +ξ j. (12)

Further details about the estimation can be found in Appendix D.

Once θ1 are estimated and {δ j} j inverted from observed data, we then use three different sets of instru-

ments to estimate preference parameters (θ2) in population-average utility δ j as specified in Equation (12).

The first set of instruments includes the average housing and neighborhood attributes (excluding prices and

commuting utility EVj) among properties within 3 kilometers of a given house j that are outside the same

complex and sold within a two-month window. These attributes are exogenous. They are correlated with

housing price p j because the availability of desirable properties in close proximity of house j intensifies com-

petition and exerts downward pressure on price p j. The second set of instruments includes the interaction

between the first set of IVs and the winning odds of the vehicle licence lottery. The winning odds have de-

creased dramatically from 9.4% in Jan. 2011 to 0.7% by the end of 2014. The interaction terms capture the

likely impact of the license lottery on the nature of housing market competition and price setting. Decreasing

winning odds push up demand (and hence prices) for houses in desirable locations, such as places close to the

subways or the city center. The third set of IVs is the number of homes sold in the two-month window and

within 3 kilometers outside the same complex of a given home, which is also a proxy for competition in the

housing market.

5 Estimation Results

We first present results for travel mode choices, followed by those for housing demand.

5.1 Commuting Mode Choice

Table 3 presents parameter estimates for six specifications of travel demand.

the multinomial logit model based on work commutes from household travel surveys in 2010 and 2014.

The first three specifications do not have random coefficients and the heterogeneity comes only from the

interaction between the travel cost and income. The last three specifications include random coefficients on

travel time to capture unobserved consumer heterogeneity. The value of time is represented as the percentage

of the hourly wage, and is defined by the ratio of the parameter on travel time and that on travel cost.

Column (1) begins with interactions between year dummies (2010 or 2014) and mode-specific constants

(car, taxi, bus, subway, walking, and biking). The implied VOT from the ratio of cost and time parameter es-

timates is 75.7% of the hourly wage. Column (2) adds the interactions between mode-specific constants and
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trip characteristics including trip distance and ring road dummies of the trip origin and destination. Including

these sets of interactions dramatically affects the coefficient estimate on the travel cost variable, resulting

an implied VOT at 34.2% of the hourly wage. We believe these controls account for several important at-

tributes of travel demand. Although our model does not directly account for it, the transportation literature

has highlighted the fact that drivers may highly valuable the reliability of transportation travel (Brownstone

and Small, 2005; Small et al., 2005; Tseng et al., 2009). Uncertainty in travel time, however, will likely scale

with the distance of a trip, which is controlled for in this specification. Ring road dummies for trip origin and

destination are also likely to capture differences in the frequency or quality of the public transit.

Column (3) adds further interactions of model-specific constants with household demographics including

age, gender, education, vehicle ownership, the number of workers, and household size. Adding these vari-

ables improves the fit of the model significantly and better captures the heterogeneity in mode choices across

demographic groups. The VOT estimate is 33.9% of hourly wage. Columns (4) to (6) use a chi-square distri-

bution with three degrees of freedom to approximate heterogeneous preference on travel time following Petrin

(2002).27 In addition to the random coefficient on travel time, Column (5) also allows a random coefficient

on the mode of driving. Column (6) further incorporates random coefficients for each of the five travel modes

(with walking as the reference group).

Our preferred specification is Column (6). The preference heterogeneity for different travel modes cap-

tures the impact of unobserved demographics on mode choices. For example, some commuters choose driving

or taxi not because of their high VOT but because of scheduling constraints. Others choose walking or biking

for their exercise benefit. The dispersion on the preference parameters for all transit modes is quite large,

suggesting significant heterogeneity for different modes. Adding these random coefficients leads to a much

stronger consumer sensitivity to travel costs. In Appendix Table A10, we exclude random coefficients from

estimation and simulation and find net welfare effects in our counterfactual simulations that are, in some

cases, an order of magnitude different. The average (median) VOT estimate is 95.6% (84.6%) of hourly wage

and these estimates are within the range typically found in the recent literature.28

27We winsorize the top and bottom 5% of the distribution to bound the distribution and to minimize the impact of extreme random
draws. The three degrees of freedom provide the best model fit.

28Appendix Figure A10 depicts the histogram of the VOT estimate in our sample. The empirical estimates of VOT in the literature
vary as they come from different contexts and methodologies. In the context of travel demand, the estimates typically range between
30% and 100% of hourly income (Small et al., 2007; Small, 2012b). The US Department of Transportation recommends 50% of
the hourly income as VOT for local personal trips (e.g., work commute and leisure but not business trips) to estimate the value of
travel time savings (VTTS) for transportation projects (USDOT, 2015). Using a discrete choice framework similar to ours, Small
et al. (2005) estimate the median VOT at 93% of the hourly wage for commuters in Los Angeles based on data from both travel
surveys and choice experiments. Leveraging the tradeoff between vehicle driving speed and gasoline usage, Wolff (2014) estimates
the average VOT of 50% of hourly wage based on traffic speed data in eight rural locations in Washington State. Buchholz et al.
(2020) use the tradeoff between wait time and price among users on a large ride-hail platform in Prague and find the average VOT
to be equal to users’ wage during work hours. Goldszmidt et al. (2020) find an average (median) VOT of 75% (100%) of hourly
(after-tax) wage based on a large-scale field experiment by the ridesharing company Lyft in 13 US cities by leveraging the random
variation in customer wait time and fare.
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5.2 Housing Location Choice

We now turn to the estimation results of the housing demand model described in Section 4.1. We first construct

the ease-of-commuting (EVi j) for each member within household i based on parameter estimates from the

travel choice model:

EVi jk =Eεi jk

(
max

m∈Mi jk
ui jkm

)
= log

(
∑

m∈Mi jk

exp
[
θim + γ1iktimei jkm + γ2costi jkm/yi +wi jkmη

])
,k∈{Male,Female}.

» You are right. We generate EV for all borrowers (male primary borrowers and male co-borrowers are

grouped into male borrowers, female primary and female co-borrowers are grouped into female borrowers.)

(61% of the main borrowers) should be (61% of male borrowers we construct are the main borrowers). «

For each house in household i’s choice set, we generate this measure separately for male (61% of the main

borrowers) and female (39% of the main borrowers) members based on their work locations.29 These two

variables enter the housing demand as additional household-specific attributes. We first present the MLE

estimates of household-specific preference parameters and then discuss the IV estimates for coefficients in the

mean utility.

Table 4 reports the estimates of heterogeneous preference parameters for three specifications: without the

EV terms, with the EV terms, and with random coefficients on the EV terms. The coefficient estimates from

these three specifications are by and large similar, except for the coefficient on the interaction between age

great than 45 and distance to key schools. Housing price is interacted with household income, which is used

as a proxy for household wealth.30 As expected, high-income households tend to be less price sensitive.

The EV terms for both household members in the second and third specifications have positive and signif-

icant coefficients estimates. The log-likelihood value increases substantially from Column (1) to Columns (2)

and (3), indicating strong explanatory power of the EV terms. Households prefer homes with better ease-of-

commute measures, i.e., more convenient for work trips, for both family members. The coefficient estimates

in our preferred specification (3) suggest that an average household is willing to pay Y18,000 (21,000) more

on a home to save Y1 in the male (female) member’s work commute, or Y185,000 (219,000) more to shorten

the male (female) member’s work commute by 10 minutes. The coefficient estimate on the EV term for the

female member is 18% larger than that for the male member, suggesting that households prioritize the female

member’s ease-of-commute in housing choices. This is consistent with the descriptive evidence that females

tend to live closer to their work locations (Appendix Figure A6). In addition, there is significant preference

heterogeneity across households on the EV terms, e.g., due to unobserved household demographics. The

interquartile willingness to pay to save Y1 in the male (female) member’s work commute is Y5,800-30,000

(Y5,700-36,000).

We interact the age group dummies with the distance to the nearest signature elementary school. Enroll-

29We set EVi jk = 0 for unemployed family members, effectively ignoring their commuting needs in the house purchase decision.
30The interaction itself only captures part of the consumer price sensitivity since housing price also enters the mean utilities

(household-invariant utilities).
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ment to these top schools is restricted to the residents in the corresponding school district, and houses in these

districts command a high premium. The baseline group is those with the primary borrower younger than age

30. The interaction coefficients in all specifications are negative and highly significant, though borrowers

between age 30 and 45 exhibit the strongest preference for proximity to key schools, as they are most likely

to have school age children.

We do not observe the household size. To capture preference heterogeneity on home size due to variation

in household size, we use the age of the primary borrower as a proxy and interact age group dummies with

property size. Older households have stronger preference for large houses. The group with age over 45 has the

strongest preference, potentially consistent with the presence of both children or elderly grandparents living

in the household, a common household structure in China.

Estimates for coefficients in the mean utility are reported in Table 5. Columns (1) and (2) use OLS, while

columns (3)-(6) are from IV regressions. All regressions include the interaction of the month-of-sample and

district fixed effects to capture time-varying changes in market conditions and amenities that could vary across

the 18 districts in Beijing. Columns (2)-(6) also include 158 neighborhood (or jiedao) fixed effects to capture

unobserved time-invariant neighborhood amenities. We use the three sets of IVs for housing prices that are

discussed in Section 4.4: the average attributes of the homes within 3km outside the sample complex sold in

a two-month time window of a given home; the interaction between the first set of IVs and the winning odds

of the vehicle licence lottery; the number of homes sold in a two-month window. Our preferred specification

is Column (6) with all instruments. The first stage F- statistics is 14.22, and the over-identification test cannot

be rejected at the 10% level.

Across all columns, the price coefficient estimate is negative and statistically significant. The IV estimates

are larger (in magnitude) than the OLS estimates, consistent with the findings in the demand literature that

unobserved product attributes bias OLS estimate toward zero. The average price elasticities vary from -1.34 to

-1.94 in Columns (4)-(6), suggesting elastic housing demand.31 The coefficient estimates from IV regressions

in columns (3) to (6) are all intuitively signed. Households prefer larger properties and houses closer to the

signature schools, but dislike older buildings and places that are far away from parks.

Based on parameter estimates from the last columns in Tables 4 and 5, the sample average of the implied

income elasticity of housing demand and the income elasticity of variable driving costs is 0.10 and 0.78,

respectively. To our knowledge, these are the first estimates of the two elasticities based on data from China.32

Our estimate of the income elasticity of demand for housing size is somewhat smaller than those based on

the US data while the elasticity of marginal driving cost is largely consistent with the literature. Using 2003

American Housing Survey, Glaeser et al. (2008) find the elasticity of lot size to be from 0.25 to 0.5 and they

31To evaluate the impact of ignoring the work commuting attribute (the EV terms) on price elasticities, Appendix Table A7 reports
the second-stage regression results based on the first specification without the EV terms in Table 4. The price coefficient estimates
and the price elasticities are smaller in magnitude, consistent with the downward bias due to unobserved attributes. Timmins and
Murdock (2007) find a 50% downward bias in the estimation of consumer welfare from recreation sites when congestion on site is
ignored in demand estimation.

32To calculate these elasticities, we increase household income, resolve the equilibrium for the dual markets – the housing market
and transportation sector (holding housing supply fixed), and calculate the changes in housing size and driving costs.
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argue that these estimates likely provide an upper bound on the true income elasticity of land demand with

respect to housing prices. In addition, our elasticity of housing demand is with respect to the (condo) interior

size rather than the lot size.

To examine the robustness of our results with the choice sampling method, we performed a robustness

check where we use 0.5% instead of 1% random sample to construct choice sets. The results from these two

sampling schemes are both shown in Appendix Tables A3 and A4. The implied average price elasticity is

-1.64 from the 0.5% random sample and -1.44 from the 1% random sample. The implied willingness to pay

for housing attributes are quite similar from the two samples. In our analysis below, we use the parameter

estimates from the 1% random sample.

6 Counterfactual Simulations

We now apply our structural estimates of commuting mode choice and residential location choice demand

parameters to simulate counterfactual housing and transportation outcomes in Beijing.

We examine five policy scenarios: the driving restriction, congestion pricing, subway expansion, and

their combinations. The first two are demand-side policies while the third is a supply-side policy. The last

two counterfactual analyses examine combinations of different policy mix. The driving restriction scenario

follows the actual policy employed in Beijing during our sample: a vehicle is prohibited from driving in

one of the five working days. Under congestion pricing, which is hypothetical, we choose a distance-based

congestion charge to achieve the same level of congestion reduction as the driving restriction to facilitate

comparison. The key difference between these two policies is that driving restriction is a command-and-

control approach while congestion pricing is a market-based policy that affects the price that drivers pay. The

subway expansion simulation compares the subway network in 2008 and 2014. During this period, the length

of the subway network increased from 100km to 486km, with 8 new lines opened for operation. We described

implied commuting responses in the Section 6.1. The details of the simulation approach are provided in

Appendix E, but we now provide a broad outline.

To close the transportation sector, we solve for speeds that balance car commuting demand to road capac-

ity. We allow speeds to adjust to driving demand conditions following the empirical speed-density relationship

for Beijing roads whose estimates are presented in Appendix Table A5. This means that speeds adjust by the

same proportion across the city but still vary in space.33 Baseline speeds in the model are calculated from

observed Baidu Maps driving times and distances and then adjusted to match historical congestion using Bei-

jing’s Travel Congestion Index (TCI). Demand for car commuting, corresponding to traffic density, comes

from predicted model choices in equation (7).

For a fixed road capacity, the driving speed v decreases in traffic density, which is determined by car

33We also relax this assumption in Appendix Table A10, where speed adjustments are allowed to vary between ring roads.
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commuting demand following equation (9):34

v = f (Sv)

The supply of roadway capacity, Sv is assumed to be fixed in our simulations, and we use data from Beijing

roadway speed and density detectors described in Yang et al. (2018) to estimate the elasticity of speed and

density, assumed to be -1.1 in our baseline simulations. As driving demand changes, we use these estimates

to adjust driving speeds. Commuting travel times by car and taxi are then calculated based on the ratio of the

distance between individual i’s work location and home location j and the endogenous driving speed , vi j. We

describe this approach in more detail in Appendix E.

To provide insight into the decompositions we will explore in the following analysis, it is instructive to

consider the effect of a change of commuting costs on household welfare, defined as:

Wi j = max{αiprice j +θiEVi j (vi j, ti j + εi j)≡U (p,v, t) (13)

Taking a total derivative and rearranging, yields:

dU
dt

=
dU
dt

∣∣∣∣
v=v0, p=p0︸ ︷︷ ︸

direct policy effect

+
dU
dv

∂v
∂ t︸ ︷︷ ︸

speed effect

+
∂U
∂v

∂v
∂ t

∣∣∣∣
∑i ∑ j disti jRi j= f (v)

− ∂U
∂v

∂v
∂ t︸ ︷︷ ︸

equil. speed effect
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∂U
∂ p

∂ p
∂ t

∣∣∣∣
∑ j Pri j=1︸ ︷︷ ︸

equil. sorting effect

+
∂U
∂ p

∂ p
∂ t

∣∣∣∣
∑ j Pri j= f (p)

− ∂U
∂ p

∂ p
∂ t

∣∣∣∣
∑ j Pri j=1︸ ︷︷ ︸

housing supply effect

These five effects are decomposed from our simulation results, and provide insight into the margins of ad-

justment that lead to baseline and counterfactual equilibrium outcomes for Beijing. The direct effect allows

commuters to change travel mode directly in response to travel costs without changing traffic speeds. The

speed effect allows individuals to change mode based on speed changes from a reduced-form adjustment be-

tween driving demand estimated in Appendix Table A5 and described in Appendix E, but without allowing

feedback effects from requiring equilibrium in the transportation sector, which will tend to over-predict speed

responses. The equilibrium speed effect allows further adjustments from imposing those equilibrium con-

ditions in the transportation market. The equilibrium sorting effect allows for residential location sorting in

response to changes in the “ease-of-commute,” while the housing supply effect further allows housing supply

to adjust to changes in housing prices. We initially describe simulation results in the absence of housing

supply responses, but incorporate them afterwards. This helps to better understand equilibrium effects in both

housing and transportation markets. It also helps to understand how barriers to housing development (e.g.,

regulation) could impact equilibrium outcomes in the model. The government finances subway construction

34This gives rise to a congestion externality, because the driving decisions of others reduce the driving speed for household i.
Figure 1 depicts the congestion externality and how the equilibrium congestion level is determined.
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cost and collects congestion tolls and subway fares. To balance government expenditures with revenues, we

allow surplus to be redistributed lump sum evenly across households in our sample and finance deficits via a

uniform head tax. Our welfare analyses take into consideration the subway and bus fares, though they account

for a negligible fraction of the total welfare.35

Before we present simulation results, we first validate the structural model by comparing its predictions for

endogenous variables to their analogues in the mortgage data. To do so, we simulate the market equilibrium

under the 2008 subway network with and without the driving restriction. Then we examine the effect of the

driving restriction on the housing price gradient with respect to the subway access using the model’s predicted

equilibrium housing price. The results are reported in Appendix Table A8. Consistent with the reduced-form

evidence in Table A1 based on observed data, the driving restriction steepens the price gradient with respect to

subway access. The coefficient estimate on the interaction between subway distance and the driving restriction

policy dummy is -0.01 compared with -0.023 (with a standard error of 0.013) in the regression with observed

data, reflecting that the difference is not statistically meaningful. This suggests that our model predictions can

generally replicate the pattern of equilibrium price outcomes observed in the raw data.

6.1 Travel and Housing Choices, and Equilibrium Prices

We now turn to examine simulation results for key endogenous outcomes under different transportation pol-

icy scenarios. We begin by considering simulations with residential sorting in Table 6 (results without sorting

are presented in Appendix Table A9). Here we allow households to re-optimize their housing locations in

response to transportation policies and their impact on various endogenous variables (e.g., congestion, avail-

ability of different modes, housing prices). We solve for the new market equilibrium under each policy

scenario. The first three columns report outcomes under the 2008 subway network, while the next three show

the effect of simulating an expansion of the subway network from its 2008 to 2014 level. Column (1) shows

the values for key outcomes from the baseline no-policy counterfactual. Columns (2) to (6) present the dif-

ferences relative to column (1). Panel A reports changes in the share of mode choices and equilibrium traffic

speed under each scenario, Panel B displays key housing market outcomes, and Panel C presents the welfare

results. The results are shown separately for two income groups: households with income above the median

(rich) and those with income below the median (poor) to reflect distributional considerations following Sec-

tion 2. We now turn to describe the mechanisms at play underlying simulated responses across each policy

scenario.

6.1.1 Congestion Reduction & Mode Choice

Driving Restriction To interpret simulation outcomes under Beijing’s driving restriction, it is helpful to

disentangle two countervailing forces that interact under a driving restriction. On the one hand, the Bei-

35For example, the subway fare is Y2 per ride. Total lifetime subway fares paid by a household is roughly Y1,500 (2 rmb/ride* 5%
likelihood to ride * 500 rides/year * 30 years). In comparison, net welfare is larger than Y50,000 per household.
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jing driving restriction forces households to use slower (subway, bus, bike, walk) or more expensive (taxi)

commuting modes during days when they cannot use their personal vehicle. This incentivizes households to

relocate so as to shorten these high travel time or cost commutes. This relocation shortens the distance vehi-

cles travel to commute creating an additional congestion reduction on top of that simply removing certain cars

from the road on certain days. On the other hand, there is an endogenous response to the congestion reduction

from the driving restriction since less congestion induces some households to drive more. This equilibrium

driving response disproportionately increases driving among those with a long commute, a kind of “rebound

effect,” mitigating congestion reduction.

Congestion Pricing In contrast, congestion pricing is modeled here on a per kilometer basis, which means

that it increases the cost of driving for both the intensive (how far to drive based on home location) and exten-

sive (whether to drive or take an alternative mode) margins. We calibrate the congestion charge (Y0.92/km)

so that both congestion pricing and driving restrictions achieve the same level of congestion reduction under

the 2008 subway network. Congestion pricing, like the driving restriction, induces a reduction in driving,

but there are two key differences. First, congestion pricing imposes a higher monetary cost (as opposed to

travel time cost), which lower income, and thus lower value of time, households are more sensitive to. These

households reduce driving much more than higher income households. The opposite is the case for a driving

restriction, which imposes, on the whole, higher time penalties than monetary ones. A second distinction is

that under congestion pricing, a larger share of commuters drive than under a driving restriction even though

aggregate congestion reduction is simulated to be the same. The reason for this difference is that under con-

gestion there is a stronger incentive for households that still want to drive to live closer to work. Thus under

congestion pricing, there are comparably fewer long commutes by car.

Subway Expansion Despite the immense scale at which subway stations and lines were expanded in Beijing

over 2008-2014 and the corresponding increase in subway usage, we find subway expansion, as a transporta-

tion policy on its own, leads to the smallest congestion reduction relative to a no-policy baseline. Column

(4) of Table 6 is labeled “No Policy” actually, but reflects the effect of subway expansion from the 2008 to

the 2014 network. It shows that traffic speed increases only 7 percent with sorting, about 40% of that for the

driving restriction and congestion pricing. This result points to the limited policy relevance of many recent

empirical studies that focus on the much larger short-run impact of the subway system on traffic congestion

(Anderson, 2014; Yang et al., 2018; Gu et al., 2020).36 The reason for the mitigation of congestion relief

beyond the short-run is the central focus of our study: residential sorting. In Figure 6, we can see that both

high- and low-income households move farther away from work and commute longer distances as the subway

36Using a regression discontinuity (in time) approach, Anderson (2014) finds that a 35-day transit strike that shut down subways
in Los Angeles resulted in a 47% increase in highway traffic delays during peak hours. Yang et al. (2018) shows that the subway
expansion in Beijing from 2009 to 2015 reduced traffic congestion by 15% on average using a 120-day window surrounding subway
opening. Using a difference-in-differences framework, Gu et al. (2020) estimate that one new subway line increases traffic speed by
4% during peak hours on nearby roads based on 45 subway lines opened across 42 Chinese cities during 2016 and 2017.
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network expands. This result is consistent with prior findings that A) with sufficient time, induced travel

demand increases one-for-one with capacity expansion (Downs, 1962; Vickrey, 1969; Duranton and Turner,

2011a), and B) subway expansion itself specifically lowers the cost of distance between workplace and home

increasing urban sprawl (Gonzalez-Navarro and Turner, 2018; Heblich et al., 2020).

Nonetheless, the expansion dramatically increased subway access in terms of the distance to the nearest

subway station from home by the same amount, about 80%, for both income groups. Subway ridership

also increases by a comparable amount, 51% and 56%, among high- and low-income groups, respectively.

Subway expansions reduce the share of all other travel modes, though to a larger extent for taxi and bus. This

substitution is more pronounced for low-income households. Despite the increase in subway use, the reduction

in the car commuting from subway expansion is smaller than under driving restriction or congestion pricing,

about 43%. It is not surprising, then that, congestion reduction is also smaller.

Policy Combinations We now consider the effect of combining transportation policies. This serves two

purposes, one to identify the overall welfare impact of Beijing’s actual transportation policy choices in 2014

(subway expansion and a driving restriction). In addition, it allows us to compare this outcome to the alterna-

tive of subway expansion and congestion pricing. Congestion pricing imperfectly approximates a Pigouvian

pricing approach, internalizing congestion externalities. Subway expansion, on the other hand, lowers the cost

of using an alternative mode. The empirical question at hand is the extent to which a market-based demand

policy (congestion pricing) exhibits stronger complementarity in increasing welfare than the command-and-

control policy (driving restriction) when combined with a supply-side policy (subway expansion). The end

result is that pricing is more effective in moving people off the road and subway expansion increases the

accessibility of alternative modes.

Column (5) of Table 6 presents the results from the combination of subway expansion and driving re-

striction while column (6) shows the combination of subway expansion and congestion pricing. The impacts

on driving under each of these two columns are similar to the sum of the impacts from the two individual

policies. There are two countervailing forces at play under the combination of supply-side and a demand-side

policies. Under either the supply-side or the demand-side policy, the same driving trips are disincentivized

leading to a smaller aggregate impact than the sum of the impacts from individual policies. Indeed, both the

driving restriction and congestion pricing lead to a larger substitution from driving to subway under the 2014

network than the 2008 network.

It is instructive to compare these results to those without sorting that are presented in Appendix Table

A9.37 It is noteworthy that removing sorting means a less substantial reduction in congestion from congestion

pricing, but a larger congestion reduction from subway expansion. In other words, residential sorting can

amplify congestion reduction of some policies and mitigate it for others.

37The congestion price is kept at Y0.92/km as in Table 6 with sorting to facilitate comparison.
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6.1.2 Spatial Distribution of Households

Given the potential for transit-based gentrifcation from the policies modeled here, we now consider the impact

of transportation policy on the spatial distribution of households based on income. A key finding from Panel

B of Table 6 is that a driving restriction has an asymmetrical effect on driving distances to work between high

and low income households, decreasing the former and increasing the latter. Congestion pricing, however,

has a symmetric response across income since it reduces commuting distances for both high and low income.

This differntial between the policies is despite the fact that both reduce congestion. To better understand the

mechanisms behind the differential responses by transportation policy, it is helpful to consider two effects

from a given policy.

The direct effect reflects the cost imposed by the policy on driving to work, while the indirect effect is

the equilibrium impact of the policy on driving speeds, and therefore the time cost of driving. For a driving

restriction, the direct effect restricts households from driving during one out of five workdays, increasing their

commuting time on that day when they have to use an alternative mode. Congestion pricing has a direct effect

on the monetary cost of driving that scales with the distance traveled. For both policies, the direct effect

induces households to live closer to their workplace. The indirect effect, however, can have the opposite

effect, since it lowers driving travel times. For a driving restriction, the indirect effect just barely dominates

the direct effect in our simulations, so average commuting distances slightly increase. The dominance of

the indirect effect is the result of heterogeneity in commuting distances and individual preferences. 38 In

contrast, congestion pricing induces both high- and low-income groups to move closer to work, which can be

understood as the result of the distance-based charged.

Figure 6 shows how a driving restriction leads to small changes in commuting distance and often in

opposite directions across neighborhoods. Congestion pricing, on the other hand, nearly uniformly leads to a

larger reduction in commuting distances relative to the no-policy scenario. In terms of subway access, both

driving restrictions and congestion pricing make high-income households move closer to the subway while

low-income households move further away from the subway compared to the baseline scenario. This can be

understood as transit-based gentrification, where lower income households are priced out of locations closer

to the subway.

Lastly, Figure 7 shows how the policies affect housing prices across Beijing. Both a driving restriction

and congestion pricing increase the prices of homes that are closer to work centers, but the impact is stronger

under congestion pricing.39 Subway expansion has opposite spatial impacts on housing prices: the increase

is mainly observed among homes farther away from the city center (where the public transportation is poor

38A good illustration of the indirect effect is that, on average, the driving restriction saves 12 minutes for a trip with both origin
and destination outside 4th ring road while saving only 6 minutes for other trips. The driving restriction disproportionally benefits
long distance trips: the correlation between the driving probability and the driving distance increases from 0.28 to 0.33 after driving
restriction.

39Under congestion pricing, housing prices in northwest parts of the city (near work centers) would increase by about 2,000 Y/m2

while those in some parts of the southeast that are far from work centers and public transit would decrease by 2,000 Y/m2 (from a
baseline average price at 24,022 Y/m2).
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prior to the expansion) or along the new subway lines in Panel (c).40 With both the subway expansion and

congestion pricing, the price impacts of subway expansion dominate those from congestion pricing (Panel

(d)). This is because the effect of subway expansion is local and uneven across households: it primarily

affects the commuting cost for households that used to be far away from but are now close to the subway

stations. In contrast, congestion pricing affects the commuting cost of all households who drive.41

Housing Supply Adjustment Finally, we perform the same set of simulations with mode choice adjust-

ment and residential location sorting but also allow the housing supply to adjust in Table 7. Housing supply

is modeled as a constant elasticity function of local home prices.42 To fix ideas of how housing supply adjust-

ment affects our previous findings, consider a home whose price increases after a given transportation policy.

This price increase induces a proportional housing supply increase, which mitigates the overall price effect.

In addition, the availability of additional housing in high price locations magnifies sorting effects by inducing

further relocation. Since we show in Figure 7 that price increases from driving restrictions and, particularly,

congestion pricing can be high around employment centers, this is where housing supply increases in our sim-

ulations, allowing more people to live closer to work, lowering congestion and decreasing commuting travel

times. Driving speeds increases relative to baseline under congestion pricing go up from 3.83 km/h to 3.97

km/h in the presence of housing supply adjustment.

On the other hand, subway expansion increases prices and new housing away from the city center and

around new lines, inducing many to live farther away from work. As a result speed increases from subway

expansion attenuate with housing supply responses from 1.49 km/h to 1.13 km/h. This attenuation does not

come with a meaningful change in the probability of driving, suggesting that it is relocation rather than mode

choice changes that impact speeds from housing supply responses. 43

40Home prices increase by as much as 4,000 Y/m2 in some southwest parts of the city, where the subway expansion is greatest and
historical prices have been the lowest.

41To understand the differential impact of subway access has on home prices, Appendix Figure A11 plots the housing price
gradient with respect to the subway distance for 2008 subway network, and 2014 subway network, respectively. The bid-rent curve
is steeper under the 2014 network (-Y1900/m2 per km) than 2008 network (-Y700/m2 per km) because the 2014 network is larger
and hence the proximity to this network is more valuable to commuters. The bid-rent curve under the 2014 network shifts down,
reflecting the composition change of the homes whereby the subway expansion reaches to cheaper homes farther away from the city
center. Similarly, from Figure A12, we find change in the subway price gradient from congestion pricing is larger (-Y80/m2 per km)
than that from driving restriction (-Y10/m2 per km). We have calculated changes in the ease-of-commute index ∆EV for all three
policies. The standard deviation of ∆EV is highest for subway expansion (0.18), followed by congestion pricing (0.08) and driving
restriction (0.03). While the driving restriction makes homes close to the subway more attractive for everyone, congestion pricing,
being a distance-based policy, makes homes close to subways more attractive for those who live far from work, and for those who are
sensitive to a cost increase. The differential impact across households from congestion pricing therefore steepens the bid-rent curve
more. We also find that the increase in the price premium from subway proximity due to congestion pricing is smaller under the 2014
network than that under the 2008 network under either policy. As the subway network becomes more attractive, fewer commuters
use driving as the travel mode under 2014 network, implying less competition for the homes close to the subway.

42We set the elasticity to be 0.52 following Wang et al. (2012)’s estimates on housing supply elasticity in Beijing.
43With varying housing supply, distance to work under congestion pricing further decreases relative to the case where the supply

is fixed (from -0.19 km to -0.32 km for high-income male members and from -0.07 km to -0.22 km for low-income male members),
while the distance to work under subway expansion increases relative to the case where the supply is fixed (from +0.33 km to +0.76
km for high-income male member and from +0.15 km to +0.61 km for low-income male member).
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6.2 Welfare Analysis

To calculate net welfare, we make several key assumptions. We assume the government budget balances:

Subway construction and operation are funded by a head tax while the revenue from congestion pricing is

recycled back to households via a uniform lump sum. While we incorporate public transit fares in the mon-

etary commuting costs, we ignore their role in the government’s budget constraint, particularly in financing

subway expansion. We do this because subway expansions are not paid for, in Beijing and more generally

elsewhere, from fare revenues but usually other sources such as debt and fares typically go to cover operation

and maintenance. In addition, we find that the impact on fare revenues from expanding the subway network

(and therefore an increased number of subway commuters) is less than 1% of the direct economic benefit

from its use in terms of improved ease-of-commuting. We also ignore the implementation cost of congestion

pricing because the cost is unknown as congestion pricing has yet to be implemented. Singapore’s implemen-

tation of a satellite-based road pricing system in 2021 provides a back of envelope calculation on the cost of a

congestion toll system. The system costs the Singaporean government around $400 million, which is roughly

what would cost Beijing to adopt a similar system. This cost translates into around Y1,000 per household in

Beijing, likely to be negligible in our welfare analysis (under optimal pricing, one-year operation of conges-

tion pricing will create Y3,000 toll revenue per household, already enough to cover the cost).44.To reflect the

durability of subway infrastructure, we assume a 30-year repayment period of the capital cost. The choice of

the time span matters for the magnitude of the welfare but does not qualitatively affect the comparison across

the policy scenarios. To be conservative, we assume that households only benefit from commuting trips and

ignore utilities they derive from non-commuting trips.45 Since housing prices enter utility directly in (11)

rather than rental prices, consumer surplus should be considered as a discounted lifetime utility over a period

of 30 years.46

There are several key findings. First, despite its congestion reduction, a driving restriction reduces con-

sumer welfare by Y130,000. This effect is much larger for high-income households (Y227,000).47 There are

two opposing effects as illustrated in Figure 1. On the one hand, the policy alleviates congestion and reduces

the deadweight loss that is associated with the negative externality (+ Y93,000). On the other hand, the policy

removes the choice of driving from households’ choice set one day a week (equivalent to shifting the driving

demand curve downward) and lowers consumer surplus (-Y223,000). Comparing our main welfare results

with the second row of Panel A of Table 8, which shows the welfare impacts of our model where residential

sorting does not occur, sorting actually improves welfare slightly for low income households and reduces it

44For more information on Singapore’s road pricing system, refer to https://www.zdnet.com/article/
singapore-readies-satellite-road-toll-system-for-2021-rollout/

45Work trips account for about 60% of all trips and 75% of the total travel distance in the 2014 travel survey.
46Our parameter estimates suggest a much larger marginal utility of housing price than the marginal utility of travel costs. Equal-

izing these two marginal utilities would imply 600 trips per year for the male borrower and 700 trips for the female borrower over a
30-year housing tenure. The implied number of trips appears plausible.

47Average household income in Beijing is about Y167k in 2014. The average is Y204k and Y110k for high- and low-income
groups, respectively.
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for high income households.

Second, low income households see a larger consumer surplus increase from congestion pricing with rev-

enue recycling. Relative to the driving restriction policy and before revenue recycling, congestion pricing has

a larger impact on low-income households as can be seen from the Y-73.1 versus Y-32.7 thousand welfare

impacts. This reflects the fact that these households are more responsive to increases in monetary costs from

congestion pricing than they are to higher time costs from having to take alternative modes on restricted days

under a driving restriction. However, when the revenue is uniformly recycled across income groups, con-

gestion pricing leads to welfare gains for both groups. This highlights the role that revenue from congestion

pricing can play in abating welfare costs of congestion pricing. Residential sorting enhances the welfare gain

from congestion pricing (an additional Y10,000 per household from sorting, a 23% increase), consistent with

Langer and Winston (2008), which is based on a cross-section analysis for 98 US cities.

The congestion price of Y1.13 per km is set to generate the same congestion reduction as the driving

restriction, but Figure 9 shows the welfare gain from different levels of congestion pricing under different

assumptions. The consumer surplus maximizing congestion price is slightly higher: Y1.6 per km and Y1.4

per km under the 2008 and 2014 subway networks, respectively.48 At the optimal levels of congestion pricing,

sorting would increase consumer welfare by 20%-30%, and supply adjustment contributes to another 10%-

20%.

Third, while subway expansion from 2008 to 2014 results in limited congestion reduction relative to the

two other policies, it leads to a larger increase in consumer surplus. Much of this increase comes from the

greater access to the subway network since we can see from the second row of Panel A in 6 that subway

trips increased by more than 50% due to the expansion. However, after taxing households to pay for subway

expansion, net welfare is almost halved for high-income and is negative for low-income households. In

reality, subway expansion is almost never financed by a uniform tax, so this result may change to the extent

that subways are financed in a progressive manner with limited distortionary taxation.

Fourth, the combination of congestion pricing and subway expansion achieves the largest congestion

reduction and the largest welfare gain across five policy scenarios. The results in Column (6) of Table 6

also show that the revenue from congestion pricing (Y128,000 per household) could fully cover the costs of

subway expansions (Y103,000 per household). We believe this finding has broader applicability outside of the

context of Beijing in the design of urban transportation infrastructure.49 While it is distinct from prior work in

transportation on the role of self-financing tolled roads (Mohring and Harwitz, 1962; Winston, 1991; Verhoef

and Mohring, 2009), its implications for welfare improvement may be greater given the relative magnitude

of congestion externalities in many large cities. Indeed, a broader implication is that welfare gains from

improvements in market access from public transportation can be mitigated by induced congestion. Pairing

these investments with pricing instruments that address pre-existent and induced congestion is critical for

48Since the congestion pricing is distanced based, it is not necessarily equivalent to first-best Pigouvian pricing. Such pricing
would also incorporate pollution and accident externalities.

49As an example, transportation funds allocated through the U.S. American Reinvestment and Recovery Act of 2008 required
several pilot pricing projects to reuse toll revenues for enhancements on affected corridors, including public transit (GAO, 2012).
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successful cities.

Welfare Decomposition Finally, we decompose welfare in aggregate by various margins of adjustment to

understand their relative contribution following equation (14). Figure 8 shows that under subway expan-

sion, the (lifetime) welfare gain is Y6,400 per household due to the direct policy effect which increases the

accessibility of the subway network while holding fixed driving speeds. Welfare values are cumulative, incor-

porating preceding margins of adjustment, and incorporates taxation to pay for infrastructure. The second bar

shows the welfare effect from the reduced form driving speed reduction as commuters switch from driving to

subway, increasing consumer welfare by Y77,000 per household and overall welfare becomes Y84,100 per

household. The third column reports welfare where speeds and driving shares are set in partial equilibrium for

the transportation sector following equation ((9)). The welfare shrinks to Y59,400. The fourth column allows

residential sorting, while the fifth incorporates housing supply responses which result in cumulative welfare

increases of Y57,100 and Y43,300, respectively.

The direct policy effect of a driving restriction, on the other hand, is very large and negative, Y226,800

since it significantly distorts commuting choices. This welfare loss is subsequently mitigated to Y129,300 by

all of the aforementioned margins of adjustment, particularly the response of reduced form driving speeds and

endogenous traffic.

Congestion pricing, on the other hand, has a comparably smaller direct policy welfare reduction of

Y30,000. The reduced-form speed effect is positive and much larger, but is itself mitigated in equilibrium to

Y41,800. This decomposition helps to illustrate the potentially limited usefulness of reduced-form estimates

of speed responses to congestion pricing:welfare could be overestimated by 30%- 50% without allowing for

endogenous congestion. Moreover, the exercise shows that the importance of residential sorting depends on

the extent to which marginal commuting costs change across space to a policy. Sorting explains 5% to 20%

of overall welfare changes for subway expansion and congestion pricing but its effect is negligible under the

driving restriction.

Further Robustness Checks Panel B of Table 8 presents simulation results on traffic speed and welfare

under three different sets of robustness checks. First, our baseline model assumes a fixed urban population

to close the housing market, while, in reality, Beijing is growing in population. To account for the role

of in-migration on our results, we assume 5% net in-migration under subway expansion and 5% net out-

migration under the driving restriction and congestion pricing. These choices are somewhat arbitrary, but

could reflect upper bound estimates of policy-induced migration. Our results show that subway expansion

speed improvement and welfare gains are attenuated with migration. The opposite is true for the driving

restriction and congestion pricing. Importantly, the qualitative findings remain the same as the baseline results

in Panel A. A separate concern with our main model is that it does not incorporate endogenous availability

of consumption services (e.g., restaurants, shopping and theaters) to changes in the transportation network

despite considerable evidence for their existence. While we are not able to measure consumption access
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across Beijing, Miyauchi et al. (2021) and Rao (2021) use QSE models to show that the welfare impact of

consumption access is about one-third of that through job access in Tokyo and Beijing. If we are to assume

a similar uniform increase in welfare in our model, the second row in Panel (B) of Table 8 incorporates

these effects by adjusting welfare by that same proportion (up for subway expansion and down for a driving

restriction or congestion pricing). The third robustness check generalizes our approach to adjusting endogeous

speeds. Rather than assuming a constant speed-density elasticity across Beijing of -1.1, we estimate separate

elasticities by region within Beijing in Table A6. We use an elasticity of -0.54 for trips with both origin

and destination being outside the 5th ring roads. This less elastic speed response reflects the fact that roads

more distant from the city center are less capacity constrained since they are newer and wider roads. Not

surprisingly, the improvement in speed under all three policies is smaller relative to the baseline results.

Nevertheless, the welfare impacts are qualitatively the same.50

7 Conclusion

Transportation plays a critical role in determining residential locations, while at the same time, the pattern

of residential locations affects the efficiency of the transportation system and policies. This study provides,

to our knowledge, the first unified equilibrium sorting framework with endogenous congestion to empirically

evaluate the efficiency and equity impacts of various transportation policies taking into account the interaction

between the transportation system and the housing market. Our empirical analysis leverages spatially disag-

gregated data on travel behavior and housing transactions with information on residential and work locations

in Beijing from 2006 to 2014. We first estimate a flexible travel mode choice model and then construct mea-

sures of ease-of-commuting for different homes based on the job locations of each working member. This

home-work pair-specific measure is determined by traffic congestion and transportation infrastructure and en-

ters the housing demand model as an observed housing attribute. Based on the estimates of model parameters,

we conduct counterfactual simulations to examine the impacts and welfare consequences of various trans-

portation policies from both the demand- and supply- sides: a driving restriction, congestion pricing, subway

expansion, and combinations of demand-side and supply-side policies.

The parameter estimates from the flexible travel mode choice model imply the average value of time is

close to the equivalent hourly wage. The estimates from housing demand illustrate the importance of incor-

porating work commute in the model: doing so improves the model fit dramatically and affects preference

estimates on other housing attributes. An average household is willing to pay 20% more in exchange for an

easier work commute for the female member than for an equivalent improvement for the male member. The

optimal congestion pricing taking into account sorting and supply-side responses is estimated to be Y1.6/km

and 1.4/km under the 2008 and 2014 subway network, respectively. Allowing for equilibrium sorting could

have significant implications on welfare estimates of urban transportation policies: sorting accounts for over

20-30% of the welfare gain from optimal congestion pricing. Endogenizing congestion has even larger welfare

50The full results for this robustness check are presented in Appendix Table A10.
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consequences.

While different policies can be designed to attain the same level of congestion reduction, they lead to

different spatial patterns of residential location. A driving restriction leads to an income-stratified structure

that favors high-income households with respect to access to subways and work, which could disadvantage

low-income households in the long run. Congestion pricing incentivizes residents to live closer to their work

locations and the equilibrium sorting leads to a more compact city with shorter commutes to work for both

income groups. Subway expansion does the opposite by increasing the separation of residence and workplace.

In addition to residential locations, different policies generate drastically different efficiency and equity

consequences. While the driving restriction reduces social welfare due to the large distortion in travel choices,

congestion pricing is welfare improving for both income groups with a uniform recycling of congestion rev-

enue. A driving restriction generates a larger welfare loss among high-income households, while congestion

pricing hurts low-income households more in the absence of revenue recycling, pointing to the underlying

difference in political acceptability between the two policies. These results underscore both the distributional

concern and the efficiency gain from congestion pricing relative to the driving restriction. The combination

of congestion pricing and subway expansion stands out as the best policy among all policy scenarios from

congestion reduction, social welfare, and fiscal perspectives. With the congestion pricing of Y0.92/km and

the observed subway expansion from 2008 to 2014, the policy mix generates the largest improvement in both

traffic speed (about 25%) and welfare (Y93,000 per household). In addition, the policy mix is self-financing

in that the revenue from congestion pricing could fully cover the cost of the subway expansion.

Our analysis does not consider the potential impacts of policies on the labor market and the location

of firms. Both could be additional margins of adjustments that affect traffic congestion and urban spatial

structure. Future research could relax these assumptions to capture even broader general equilibrium effects.

Incorporating these channels in our current framework with rich heterogeneity and endogenous congestion

would necessitate additional data and computational resources. Nevertheless, such a framework would allow

the existence of both congestion and agglomeration forces, which could affect the nature of the interaction

between transportation policies and urban spatial structure.
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Figure 1: Traffic under Congestion Pricing and Driving Restriction
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Note: The figure illustrates the welfare impacts of optimal congestion pricing and driving restriction. The x-axis denotes traffic

volume (measured by the number of cars per hour passing a location). The marginal private benefit MPB curve represents the

demand curve for driving (willingness to pay for driving). The marginal private cost MPC curve reflects the private cost of

driving, while the marginal social cost MSC curve reflects changes in the aggregate commuting costs by all drivers when there

is an additional driver on the road. The difference between the private cost MPC and the social cost, MSC, is the congestion

externality (or the marginal external cost of congestion, MEC). In the absence of any intervention, equilibrium occurs at V 0.

The social optimal level of traffic volume is V ∗. The shaded red area shows the deadweight loss due to excess congestion. A

Pigouvian tax (congestion pricing), τ , can be imposed to achieve the optimal level V ∗. Alternatively, a driving restriction can

be adopted to achieve the same level of congestion reduction, but it would incur a welfare loss denoted by the shaded blue area

assuming that the reduction of trips is random among all privately beneficially trips. Therefore, the welfare impact of the driving

restriction is ambiguous a priori. We abstract away from potential income effects that arise from the Pigouvian tax, which can

be offset by recycling the toll revenue.
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Figure 2: Welfare Effects of Transportation Policies with Sorting
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Note: This figure illustrates the capitalization of commuting cost changes into the housing market with sorting. A full exposition of the individual bid-rent curves in the diagram is

provided in the Appendix as well as the underlying assumptions and equilibrium conditions. The left panel shows the effect of a distance-based congestion charge. Colored lines refer

to the equilibrium bid rent functions lying along the envelope corresponding to rich subway, poor subway, rich driving, poor driving moving from the CBD to the urban boundary.

Grey lines correspond to the no-policy baseline bid-rent envelope. The boundaries marked with a prime indicate the change in spatial structure induced by sorting, namely that fewer

rich and more poor take the subway. The area between the policy and no-policy bid-rent envelopes reflects the capitalization effect of transportation policies, which corresponds to

net welfare improvement. Congestion pricing induces a welfare increase for subway commuters, based largely on the effect of recycled revenues. It also induces a improvement

in welfare for rich drivers reflecting the impact of lower congestion net of the cost of the congestion fee. It also induces an almost negligible decrease in welfare for poor drivers

reflecting their smaller values of time. In contrast, the driving restriction in the right panel shows how the rich are induced to increase subway commuting and the poor do, albeit

by a trivial amount. The driving restriction induces a gain for subway commuters, but a larger loss for those driving because of the time costs associated with using subway on long

commuters during restricted days.
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Figure 3: Travel Patterns for Commuting Trips from Beijing Household Travel Survey

(a) 2010 vs. 2014

(b) High-income vs. Low-income

Note: This figure plots trip share, time, and costs by different modes for work commuting trips in the Beijing Household Travel

Survey of 2010 and 2014. There are six main trip modes: walk, bike, bus, subway, car, and taxi. For bus and subway trips, they could

include segments with other modes but we characterize them as the bus and subway trips. Trips using both bus and subway are rare

(less than 3% in the data and we drop them in the analysis.) The mode shares are based on chosen modes in the data. Travel time,

cost (defined as % of hourly wage), and distance are constructed as shown in Appendix G.1. The numbers in the figures are for the

chosen modes. High-income households are defined as households whose income level is greater than the median in the survey year.
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Figure 4: Housing and Household Attributes from Housing Mortgage Data

(a) Housing Price (Y/m2) (b) Housing Size (m2)

(c) Distance to Work (m) (d) Monthly Household Income (Y)

Note: This figure plots the averages of key housing and household attributes by Traffic Analysis Zone (TAZ) based on mortgage data

from 2006 to 2014. TAZs are standardized spatial units based on residential and employment density and are used by transportation

planners to characterize travel activity patterns. They are one to two square kilometers on average and smaller closer to the center

of Beijing. There were 2050 TAZs in Beijing in 2014. The values are the averages across homes in the TAZ from the mortgage

data during the data period. Distance to work is the driving distance to work for all borrowers in the data (including primary and

secondary borrowers when both are present). Monthly household income is based on the income of the households at the time of

purchase in the given TAZ. Values are classified into five quintiles: the red color corresponds to larger values while the blue color

for low values. The white color represents no observations in the TAZ.
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Figure 5: Reduced Form Evidence: Housing Price Gradient before and after Driving Restriction
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Notes: These binned scatterplots show housing price per square meter against distance to subway before and after the driving
restriction goes into effect in Beijing. The sample spans 24 months before and after the policy starting point (July 2008). The top
panel is the binned scatter plot based on the raw data of price per m2 and the distance to the nearest subway station. The bottom
panel controls for neighborhood fixed effects, and year by month fixed effects. The slopes denoted on the figure are based on
quadratic fits.
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Figure 6: Changes in Commuting Distance from Simulated Policies (in meters)

(a) Driving Restriction (b) Congestion Pricing

(c) Subway Expansion (d) Subway Expansion+ Congestion Pricing

Note: This figure illustrates simulated changes in commuting distance under different counterfactual policy scenarios (relative to

the baseline scenario of no policy). The results are based on the simulations in Table 6. Each cell represents a TAZ. A warm color

corresponds to an increase in distance while a cold color represents a decrease. Cells in white have no observations in the simulation

sample period in the TAZ. Green lines represent new subway lines from year 2008 to 2014.
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Figure 7: Changes in Housing Prices from Simulated Policies (Y/m2)

(a) Driving Restriction (b) Congestion Pricing

(c) Subway Expansion (d) Subway Expansion+ Congestion Pricing

Note: This figure illustrates simulated changes in home prices under different counterfactual policy scenarios (relative to the baseline

scenario of no policy). The results are based on the simulations shown in Table 6. Each cell represents a TAZ. Warmer colors

corresponds to an increase in price while a cold color represents a decrease. Cells in white have no observations in the simulation

sample period in the TAZ. Green lines represent new subway lines from year 2008 to 2014.

52



Figure 8: Welfare Decomposition on Policies (2008 subway system)

Notes: This figure shows the decomposition of (lifetime) welfare changes per household. Congestion pricing is at Y1.13 per
kilometer to achieve the same road speed as the driving restriction policy. Subway costs and toll revenues have been accounted in
calculating the welfare. For each policy scenario, These bars show the welfare changes by cumulatively incorporating model ele-
ments/choice margins. The direct policy effect only reflects how policy directly affects travel model choices and hence consumer
welfare but not accounting for any effect on driving speed and the housing market. The driving speed effect allows the driving
speeds to respond to each policy, but without imposing any equilibrium conditions on congestion or housing. The endogeneous
congestion effect imposes the congestion equilibrium condition. The sorting effect incorporates changes in housing locations and
imposes the equilibrium condition in the housing market. The supply-response effect shows welfare changes when the housing
supply adjusts in response to demand changes.
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Figure 9: Optimal Congestion Pricing under 2008/2014 Subway Network

(a) 2008 Subway Network

(b) 2014 Subway Network

Note: The plot shows the welfare change with respect to congestion pricing under 2008/2014 subway network, without sorting (PE

scenario, yellow dotted line), with sorting (GE scenario, orange solid line), or with sorting and supply adjustment (blue dashed

line). Without sorting, the optimal congestion pricing is Y1.4/km for 2008 subway system and Y1.2/km for 2014. Sorting shifts the

optimal toll to the right. The optimal congestion pricing is Y1.6/km for 2008 subway system and Y1.4/km for 2014 under sorting.

The difference of "with sorting" and "without sorting" welfare shows the welfare gain from household sorting. The difference of

"with sorting" and "without sorting and supply adjustment" welfare shows the welfare gain from supply adjustment.
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Table 1: Summary Statistics of Household Travel Survey

2010 2014
N Mean SD N Mean SD

Respondent characteristics
Income: <50k 14780 0.48 0.50 20573 0.18 0.38
Income: [50k, 100k) 14780 0.39 0.49 20573 0.44 0.50
Income: >=100k 14780 0.13 0.34 20573 0.38 0.49
Having a car (=1) 14780 0.44 0.50 20573 0.62 0.49
Female (=1) 14780 0.44 0.50 20573 0.43 0.50
Age (years) 14780 37.59 10.28 20573 38.47 9.84
College or higher (=1) 14780 0.61 0.49 20573 0.64 0.48
Home within 4th ring (=1) 14780 0.51 0.50 20573 0.41 0.49
Workplace within 4th ring (=1) 14780 0.59 0.49 20573 0.50 0.50
Trip related variables
Travel time 30334 0.87 1.06 42820 0.74 0.98
Travel cost 30334 2.47 5.55 42820 3.83 6.96
Distance<2km 30334 0.25 0.43 42820 0.24 0.43
Distance within 2-5km 30334 0.27 0.45 42820 0.26 0.44

Note: The table reports respondent and trip characteristics of all work commuting trips within the 6th ring road from 2010 and
2014 Beijing Household Travel Survey.Travel time and travel cost variables are those associated with the chosen modes, and are
constructed as shown in Appendix G.1. Distance<2km and Distance within 2-5km denotes straight-line distance and captures short
to medium-distance commuting trips. The travel mode shares are shown in Figure 3.

Table 2: Summary Statistics of Housing Data

Mean SD Min Max

Housing attributes
Transaction year 2011 1.89 2006 2014
Price/m2 (Y’000s) 19.83 9.56 5.00 68.18
Unit size (m2) 92.68 40.13 16.71 400.04
Household annual income (Y’000s) 159.71 103.34 6.24 2556.90
Primary borrower age 33.99 6.62 20.00 62.00
Housing complex attributes
Distance to key school (km) 6.05 5.61 0.03 23.59
Complex vintage 2004 8 1952 2017
Green space ratio 0.32 0.06 0.03 0.85
Floor to land area ratio 2.56 1.12 0.14 16.00
No. of units 1972 1521 24 13031
Home-work travel variables
Walking distance (km) 14.10 9.51 0.00 62.92
Driving distance (km) 16.13 10.87 0.00 85.22
Home to subway distance (km) 2.13 2.31 0.04 28.37
Subway route distance (km) 15.17 10.70 0.00 68.40

Note: This table reports statistics from the mortage dataset over 2006-2014. The number of housing transactions is 77,696,
all of which are within the 6th ring road. The dataset is weighted to match the statistics of real-estate listings. Housing
complex is defined as a group of building in the same development. Distance to key school is the distance of home to the
nearest elementary school with a key school designation. Distance to park is the distance to the nearest park or green space.
Home-work travel variables are constructed following the same method as outlined in the household travel survey. Home to
subway distance is the distance from home to the nearest subway station. Subway route distance is the distance between the
two subway stations that are closest to home and work locations.
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Table 3: Estimation Results of Travel Mode Choices

Logit Random coefficient

(1) (2) (3) (4) (5) (6)

Travel time (γ1) -1.194 -0.270 -0.191
(0.082) (0.006) (0.006)

Travel cost/hourly wage (γ2) -1.578 -0.788 -0.565 -1.411 -1.424 -2.531
(0.324) (0.028) (0.034) (0.041) (0.052) (0.065)

Random coefficients on travel time (µγ )
Travel Time -0.955 -0.885 -0.931

(0.008) (0.008) (0.012)
Random coefficients on mode-specific constants (σm)
Driving 3.394 3.391

(0.049) (0.054)
Subway 4.470

(0.142)
Bus 3.851

(0.056)
Bike 3.887

(0.054)
Taxi 4.203

(0.353)

Mode*year FE Yes Yes Yes Yes Yes Yes
Mode*trip related FE Yes Yes Yes Yes Yes
Mode*demographic FE Yes Yes Yes Yes
Log-likelihood -116287 -109929 -91119 -87353 -85099 -77706

Implied mean VOT 0.757 0.342 0.339 1.760 1.615 0.956
Implied median VOT 0.757 0.342 0.339 1.557 1.429 0.846

Note: The number of observations are 73,154. All six specifications include a rich set of fixed effects interacting with mode-specific
constants (travel model dummies). Trip related FE includes trip distance bins and the origin and destination dummies (e.g., if the
origin is within 2nd ring row). Demographics FE includes respondent’s age, gender, education, and car ownership. The first three
specifications are multinomial logit while the last three add random coefficients to the model. 200 randomized Halton draws are
used to estimate the random coefficients in the last three specifications. The distribution of the preference on time in the last three
specifications is specified as a chi-square distribution (winsorized at 5th and 95th percentile) with degrees of freedom equals three:
µγ χ2(3) so as to capture the long tail of VOT distribution. The estimates of µγ are provided in the table. The random coefficients on
travel mode dummies (driving, subway, bus, bike, and taxi) are assumed to have normal distribution (walking is taken as the baseline
group). The estimates of σm of those normal distributions for each travel mode are provided in the table. The last row provides the
implied median value of time for each specification. Standard errors clustered at the respondent level are below estimates: ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 4: Housing Choices - Nonlinear Parameters

No EV With EV EV and random coef.
Para SE Para SE Para SE

Demographic Interactions
Price (in 1 million RMB)*ln(income) 0.965 0.007 1.005 0.008 1.030 0.016
Age in 30-45*ln(distance to key school) -0.329 0.004 -0.391 0.005 -0.420 0.010
Age > 45*ln(distance to key school) -0.074 0.009 -0.111 0.010 -0.123 0.021
Age in 30-45*ln(home size) 1.343 0.014 1.443 0.015 1.486 0.029
Age > 45*ln(home size) 2.394 0.028 2.665 0.031 2.746 0.061
EVMale 0.709 0.026 0.755 0.006
EVFemale 0.833 0.026 0.893 0.006
Random Coefficients
σ (EVMale) 0.379 0.013
σ (EVFemale) 0.482 0.012

Log-likelihood -206829 -170057 -168808

Note: The estimation uses weighted mortgage data from 2006-2014. The number of observations is 77,696. The results are from
MLE. The first specification does not include EV (ease-of-commuting); the second specification does; the third specification further
controls random coefficients on EV terms. EV is constructed by taking observed household demographics into travel model estimates
(Column 6 of Table 3).

Table 5: Housing Choices - Linear Parameters

OLS OLS IV1 IV1+IV2 IV3 All
(1) (2) (3) (4) (5) (6)

Price (million RMB) -2.240 -2.191 -6.283 -6.454 -7.091 -6.596
(0.186) (0.184) (0.867) (0.583) (1.640) (0.534)

Ln(home size) -3.648 -3.797 3.331 3.631 4.721 3.879
(0.257) (0.261) (1.505) (1.022) (2.927) (0.969)

Building age -0.043 -0.029 -0.125 -0.129 -0.144 -0.132
(0.007) (0.006) (0.020) (0.014) (0.040) (0.013)

Floor-to-Area ratio -0.006 -0.009 -0.023 -0.023 -0.019 -0.023
(0.034) (0.025) (0.032) (0.033) (0.036) (0.034)

Ln(dist. to park) 0.210 0.074 -0.389 -0.408 -0.475 -0.424
(0.069) (0.057) (0.117) (0.101) (0.222) (0.103)

Ln(dist. to key school) 0.950 0.782 0.323 0.304 0.210 0.288
(0.080) (0.137) (0.139) (0.121) (0.213) (0.118)

Year-Month-District FE Yes Yes Yes Yes Yes Yes
Neighborhood FE Yes Yes Yes Yes Yes

First-stage F (Kleinberg-Paap) 10.5 14.2 9.9 14.2

Avg. price elasticity 2.96 2.96 -1.04 -1.34 -1.94 -1.44

Note: The number of observations is 77,696. The dependent variable is the mean utilities recovered from the first stage (Column of
“EV and random coef.” in Table 4). The first two columns are from OLS and the last four are from IVs. The floor-area ratio of the
complex, a measure of complex density, is the size of the total floor area over the size of the parcel that the complex is located on.
Distance to key school is the distance to the nearest key elementary school. Column (3) and (4) use IV1 as price instruments, i.e. the
average attributes of homes (building size, age, log distance to park, and log distance to key school) that are within 3km outside the
same complex sold in a two-month time window from a given home. Column (4) and (6) additionally use IV2, i.e. the interaction
between the distance related instruments defined in Column (3) and the winning odds of the vehicle licence lottery as instruments.
The winning odds decreased from 9.4% in Jan. 2011 to 0.7% by the end of 2014. Column (5) uses number of homes transacted in
the three-month time window in the real estate listings dataset. Standard errors are clustered at the neighborhood-year level.
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Table 6: Simulation Results: with Sorting

2008 Subway Network 2014 Subway Network
(1) (2) (3) (4) (5) (6)

No Policy Driving restriction Congestion pricing No Policy Driving restriction Congestion pricing
Baseline levels ∆s from (1) ∆s from (1) ∆s from (1) ∆s from (1) ∆s from (1)

Income relative to the median High Low High Low High Low High Low High Low High Low

Panel A: travel outcomes
Drive 41.65 21.44 -7.17 -3.40 -3.48 -5.39 -2.14 -1.66 -8.52 -4.62 -5.20 -6.40
Subway 9.02 10.77 1.29 0.70 0.84 0.96 4.62 6.06 5.79 6.44 5.24 6.83
Bus 22.44 30.47 1.78 0.60 0.57 1.24 -1.54 -2.53 0.31 -1.57 -0.76 -1.03
Bike 15.96 24.01 1.60 0.80 0.77 1.78 -0.80 -1.64 0.52 -0.94 -0.13 -0.13
Taxi 2.20 1.32 1.19 0.55 0.63 0.57 -0.16 -0.11 0.89 0.36 0.39 0.36
Walk 8.74 11.99 1.31 0.74 0.67 0.83 0.02 -0.13 1.01 0.32 0.46 0.37
Speed 21.49 3.83 3.83 1.49 5.08 5.29

Panel B: housing market outcomes
Male’s distance to work (km) 19.45 18.88 0.01 0.01 -0.19 -0.07 0.33 0.15 0.39 0.14 0.11 0.08
Female’s distance to work (km) 17.54 11.95 0.01 0.01 -0.15 -0.05 0.39 0.21 0.44 0.20 0.20 0.17
Distance to subway (km) 5.33 4.30 -0.03 0.03 -0.03 0.03 -4.14 -3.44 -4.14 -3.44 -4.14 -3.44

Panel C: welfare analysis per household (thousand Y)
Consumer surplus (+) -227.1 -32.7 -98.2 -73.1 220.3 100.0 -14.0 64.0 108.7 28.7
Toll revenue (+) 137.4 137.4 127.7 127.7
Subway cost (–) 103.0 103.0 103.0 103.0 103.0 103.0
Net welfare -227.1 -32.7 39.2 64.3 117.3 -3.0 -117.0 -39.0 133.4 53.4

Note:Simulated results based on estimated model parameters in Column (6) of Table 3, Column of “EV and random coef.” in Table 4, and Column (6) of Table 5. The simulation
shows counterfactual results for 2014 sample households and homes. The detailed simulation procedure can be found in E. This table shows results with sorting and supply adjustment.
In particular, we allow housing supply to adjust with a price elasticity of two (implying that a Y1,000 price increase would induces a 0.12% increase in housing supply on average).
Column (1) shows the baseline results while columns (2) to (6) shows the differences from column (1). Driving restriction prohibits driving in one of five work days. Congestion
pricing is Y1.13 per km to generate same reduction as driving restriction. High-income household are those with income above the median household income. Subway cost per
household includes the construction cost and the 30-year operating cost equally shared among 7.2 million households. We apportion 100% of it to work commute in our welfare
analysis. Toll revenue is the revenue per household from congestion pricing during a 30-year period (to keep a balanced government budget, the toll revenue is recycled uniformly to
each household). Net welfare is consumer welfare per household after revenue recycling or tax-funded subway construction and operation.
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Table 7: Simulation Results: with Sorting and Housing-Supply Response

2008 Subway Network 2014 Subway Network
(1) (2) (3) (4) (5) (6)

No Policy Driving restriction Congestion pricing No Policy Driving restriction Congestion pricing
Baseline levels ∆s from (1) ∆s from (1) ∆s from (1) ∆s from (1) ∆s from (1)

Income relative to the median High Low High Low High Low High Low High Low High Low

Panel A: travel outcomes
Drive 41.65 21.44 -7.19 -3.41 -3.49 -5.37 -2.32 -1.80 -8.61 -4.69 -5.32 -6.53
Subway 9.02 10.77 1.31 0.73 0.87 1.02 5.00 6.57 6.17 6.97 5.52 7.25
Bus 22.44 30.47 1.79 0.61 0.52 1.13 -1.52 -2.48 0.31 -1.53 -0.76 -1.00
Bike 15.96 24.01 1.59 0.79 0.76 1.74 -0.86 -1.78 0.42 -1.12 -0.19 -0.25
Taxi 2.20 1.32 1.19 0.55 0.63 0.58 -0.20 -0.15 0.86 0.31 0.38 0.33
Walk 8.74 11.99 1.31 0.73 0.71 0.90 -0.10 -0.36 0.86 0.05 0.37 0.19
Speed 21.49 3.83 3.97 1.13 4.68 5.09

Panel B: housing market outcomes
Male’s distance to work (km) 19.45 18.88 0.02 0.02 -0.32 -0.22 0.76 0.61 0.86 0.63 0.41 0.42
Female’s distance to work (km) 17.54 11.95 0.02 0.02 -0.26 -0.16 0.76 0.60 0.84 0.62 0.46 0.46
Distance to subway (km) 5.33 4.30 -0.05 0.01 -0.11 -0.07 -4.13 -3.45 -4.14 -3.44 -4.14 -3.45

Panel C: welfare analysis per household (thousand Y)
Consumer surplus (+) -226.9 -31.6 -85.1 -70.7 187.4 105.3 -42.7 71.8 86.8 34.4
Toll revenue (+) 136.4 136.4 128.9 128.9
Subway cost (–) 103.0 103.0 103.0 103.0 103.0 103.0
Net welfare -226.9 -31.6 51.4 65.7 84.4 2.3 -145.7 -31.2 112.7 60.3

Note:Simulated results based on estimated model parameters in Column (6) of Table 3, Column of “EV and random coef.” in Table 4, and Column (6) of Table 5. The simulation
shows counterfactual results for 2014 sample households and homes. The detailed simulation procedure can be found in E. We allow housing supply to adjust with a price elasticity
of two (implying that a Y1,000 price increase would induces a 0.12% increase in housing supply on average). Column (1) shows the baseline results while columns (2) to (6) show
the differences from column (1). The driving restriction prohibits driving in one of five workdays. Congestion pricing is Y1.13 per km to generate the same reduction as the driving
restriction. High-income household are those with income above the median household income. Subway cost per household includes the construction cost and the 30-year operating
cost equally shared among 7.2 million households. We apportion 100% of it to work commute in our welfare analysis. Toll revenue is the revenue per household from congestion
pricing during a 30-year period (to keep a balanced government budget, the toll revenue is recycled uniformly to each household). Net welfare is consumer welfare per household
after revenue recycling or tax-funded subway construction and operation.
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Table 8: Extensions and Robustness Checks

Scenarios
Subway expansion Driving restriction Congestion pricing

∆Speed ∆Wel f are ∆Speed ∆Wel f are ∆Speed ∆Wel f are
Income relative to the median High Low High Low High Low

Panel A: Different margins of adjustment
With sorting (baseline results) 1.49 104.7 -3.0 3.83 -227.1 -32.7 3.83 39.2 64.3
Without sorting 1.76 117.3 14.0 3.82 -227.3 -31.0 3.61 28.1 55.6
With sorting but without endogeneous congestion 2.36 43.7 -17.2 5.47 -383.5 -62.8 5.62 -143.5 26.7
With sorting and supply response 1.13 84.4 2.3 3.83 -226.9 -31.6 3.97 51.4 65.7

Panel B: Robustness checks
With migration 0.73 80.3 -10.2 4.65 -197.7 -26.9 4.63 72.7 71.3
With consumption access 1.49 190.7 30.3 3.83 -302.0 -43.5 3.83 52.2 85.5
With alternative speed-density relationship 1.11 100.2 -6.9 2.88 -260.3 -41.2 2.81 -0.2 54.9

Note: This table shows counterfactual simulation results under different sets of assumptions. All results are the relative changes compared to the baseline (2008 subway) scenario. The
unit of speed is the kilometer per hour, and the baseline speed is 21.49km/h. The unit of (lifetime) welfare is in Y1,000. Congestion pricing is fixed at Y1.13 per km under different
scenarios. “Without sorting” holds housing choices fixed hence assumes away housing market clearing conditions. “With sorting but without endogenous congestion” assumes away
traffic market-clearing conditions (hence no rebound effects), and the welfare under this scenario is calculated at the old speed. “With sorting and supply response” allows the housing
supply to change in different communities but fix the aggregate housing supply. Panel (B) extends the first row in Panel (A). “With migration” assumes 5% more vehicles under
subway congestion and 5% fewer vehicles under restriction and pricing. “With consumption access” incorporates additional welfare changes through consumption access (changing
consumer welfare by 1.33 times). “With alternative speed-density relationship” specifies a different speed-density elasticity for trips outside the 5th ring roads (-0.54). This elasticity
estimate from OLS in Table A6, likely a lower bound (in magnitude).
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Online Appendices

A Theoretical Model Details

A.1 Spatial Structure

This appendix provides the details for the monocentric city model used to provide illustrative comparative

statics for housing market capitalization of transportation policies in Section 2. We consider a monocentric,

linear city with a fixed population (N) of rich, NR, and poor, NP, residents. All residents work at the urban

center (CBD) at location 0, where wage income for the rich is larger: yR > yP.51 The rest of urban space

is occupied by homes with lot size normalized to 1 and where land rents are remitted to absentee landlords.

Housing consumption (in square meters) is provided by perfectly competitive developers facing constant

returns to scale. Beyond the residential area is agricultural land, which returns rental value pa. The model

is a closed-city model with intracity, but not intercity migration. Both of these assumptions could be relaxed

without affecting the key predictions of the model.52 A key feature of the model then is that changes in

commuting cost will not affect the overall size of the city as reflected by the location of the urban boundary,

x̄, since the population is fixed and land use per household is also fixed.

A.2 Household Utility Maximization and Housing Demand

Households consume two goods: a numeraire good, c, with unitary price, and housing, q(x), which varies in

quantity depending upon the distance from the CBD x. Households seek to maximize utility given income

yd , fixed (θm) and variable commuting cost (wd,m), which vary by mode m ∈M and by household income via

differences in the value of time:

ud = max
cd,m,qd,m

u(cd,m, qd,m) s.t. cd + p(x) ·qd = yd−θm−wd,m(x), d = R,P. (A1)

The solution to (A1), {c∗d,m,q∗d,m}d=R,P, determines the pattern of residential locations as well as household-

level mode choices, which both helps to determine and, in turn, is affected by the pattern of endogenous

congestion that enters the budget constraint via wd,m based upon where car commuters choose to locate. We

demonstrate the nature of this endogenous congestion in the next subsection.

A.3 Travel Mode Choice

Two commuting modes exist in the city: personal vehicles with fixed cost θC and variable (per-kilometer)

cost wd,C, and subway with fixed cost θS and variable cost wd,S. Variable costs include time and pecuniary

costs and travel time is monetized by the value of time (VOT): νR > νP.53 We begin by assuming that the

51Given the linear structure of the city, we assume roads take up no space and all land goes towards housing.
52Brueckner (1987) provides an analysis of a monocentric city model with a perfectly competitive supply side for both cases of a

closed and open city.
53We also assume that fixed costs are larger for car commuting but that variable costs (without congestion) are lower.
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subway network covers the entire urban area and then relax this assumption when considering the role of

public transportation infrastructure. We ignore the role of congestion in public transportation and focus solely

on its effect on car travel.

Car commuting is subject to congestion. Congestion at a given location x depends on the flow of vehicles

nC(x) of rich and poor from the urban boundary to that location:

nC(x) =
∫ x̄

x
1{m =C}R(s)ds+

∫ x̄

x
1{m =C}P(s)ds. (A2)

What this equation makes clear is that congestion at x depends on the total number of car commuters who

live between x and the urban boundary. The indicator function 1{m = C}d(x) is equal to one if a household

of type d = R,P uses a car as commuting mode (i.e., m = C) for commute from location x. The flow of car

commuters, nC(x), determines the congestion at point x measured in travel time per unit of travel distance and

unit commute cost:

td,C(x) = νdC (nC(x)) , d = R,P (A3)

where νd is the value of time for income group, d, and C (·) is a congestion function with positive first and

second derivative.

Another integral is required to calculate total commuting costs for a commuter living at point x as it

includes the level of td,C(x) at everyone point between x and the CBD:

wd,C(x) =
∫ x

0
td,C(s)ds. (A4)

A.4 Market Clearing Conditions and Spatial Equilibrium

Given a mass of households N = NP+NR residing and working in the city, a spatial equilibrium is determined

by a bid rent function that is the envelope of individual willingness-to-pay for housing based on mode and

household type, keeping the utility for each income type fixed at ūd , d = R,P

p∗(x) = max
d,m

{
p(yd−θm−wd,m(x), ūd)

}
. (A5)

Equations (A1) - (A4) make clear the simultaneous determination of housing location and traffic conges-

tion across the city. Solving for congestion at any location x in the city requires knowing the distribution of

car users at all points in the city. To understand the shape of the bid rent functions, it is helpful to express the

slope, which is the derivative of wd,C
qd,m(x)

with respect to x:

p′d,C(x) =
td,C(x)
qd,m(x)

.

Subway commuters do not experience congestion. The slope of their bid rent function is constant. In

residential regions with car commuting, moving from right to left across the region means adding additional
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car commuters, further increasing per kilometer commuting time costs and steepening the bid rent function.

We now define the spatial behavior of housing prices that a household is willing to pay while maintaining a

utility level ūd for d = R,P. The conditions for a spatial equilibrium are: 1) city population of rich and poor is

equal to the length of the city section that they occupy (given fixed lot size for housing), 2) the equilibrium bid

rent and the agricultural rent equate at the urban boundary, 3) budget constraints for each household type and

travel mode hold, 4) the equilibrium traffic congestion experienced at each location x in the city is determined

by the number of car commuters from x to x̄ via nc(x), and 5) the boundary of residential patterns of rich and

poor households using car or subway is determined by the intersections of respective bid rent functions, and

the location of these bid rents along the envelope equilibrium bid rent function. The full analytical exposition

of these conditions is:

The market clearing conditions for a spatial equilibrium in our model to exist are:

1. All N households are housed within the city, which given fixed unitary lot size per household means

that the sum of the subway and car commuting areas yields the total population for rich and poor as:

NR = xA + xC− xB and NP = xB− xA + x̄− xC.

2. Following from the previous condition, since there is fixed lot size per household, the total size of the

city, x̄ is equal to the total population N, and so the equilibrium bid-rent at the urban boundary p∗ (x̄)

must adjust to equate to the agricultural rent, pa.

3. Households choose to live in location x so that no alternative location would return higher utility, and

given identical preferences, all households in the same income group attain the same level of utility, ūd :

u(cd , q∗d (x)) = ūd for allx ∈ [0, x̄] , d = R,P.

4. The market clearing bid-rent function is the envelope of bid-rent functions across all income and com-

muting groups:

p∗(x) = max{pd,m(x)}, d = R,P, m =C,S.

5. Bid rents equate between income and commuting types at some xi ∈ (0, x̄) , i = 1, ...,6:

pR,S(x1) = pP,S(x1)

pR,S(x2) = pR,C(x2)

pR,S(x3) = pP,C(x3)

pP,S(x4) = pR,C(x4)

pP,S(x5) = pP,C(x5)

pR,C(x6) = pP,C(x6),

where commuting boundaries between each group are defined by intersections that lie along the enve-

lope equilibrium bid-rent function, p∗(x). There must be at least 1 and at most 3 intersections for a
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spatial equilibrium to exist.

6. Congestion from car commuting at each location x ∈ [0, x̄] is determined by the density of car commut-

ing between x and x̄:

nC(x) =
∫ x̄

x
1{m =C}R(s)ds+

∫ x̄

x
1{m =C}P(s)ds

The uniqueness of an equilibrium is not guaranteed, and, in particular, the configuration of rich, poor,

subway- and car-commuting households will depend upon the relative size of fixed costs of commuting rel-

ative to the variable costs, differences in the value of time, and household preferences for housing reflecting

the income elasticity of commuting cost and housing demand.

In equilibrium, the bid rent function p∗(x), the housing demand function q(x), the utility level ū, and

the urban boundary x̄ are determined endogenously based on the level of commuting cost t, incomes yd ,

population size N, and agricultural rent pa.54 Many urban configurations are possible, though we now focus

on a specific baseline one. Given sufficiently high fixed costs for driving relative to subway, high variable

costs for subway relative to driving, and large enough differences in the value of time between rich and

poor, a spatial configuration as in Figure A14 may emerge where a mass of rich households live closest to

the CBD commuting by subway. Beyond this group, a mass of poor households also commute by subway,

followed by a mass of rich households commuting by car that consume more housing than their subway

commuting counterparts (qR,S < qR,C) to compensate for longer commuting. Finally a mass of car commuting

poor households live at the urban boundary given their lower value time, but also consume more housing than

their subway commuting counterparts (qP,S < qP,C). Bid rents are steeper for rich households than their poorer

counterparts for each respective commuting mode because the rich have higher value of time.

Bid-Rent Functions under Heterogeneous Commuting Technology

The functional forms for bid rent functions illustrated in Figure A14 are described below. The bid rent

functions for each transportation technology evaluated at the CBD (x = 0) are:

p0
d,m =

1
qd,m

[yd−θm− cd ] , d = R,P; m =C,S,

where yR
qR,S

is sufficient large compared to yP
qP,S

that p0
R,S > p0

P,S. Similarly, the fixed costs of driving are

sufficiently high that yR−FCC
qR,C

> yP−FCC
qP,S

so p0
R,C > p0

P,C, and both are smaller than those for subway.

The bid-rent function for subway riders is:

pd,S(x) =
1

qd,S

[
yd−θS− cd−

νd

ξ
· x
]
, d = R,P,

where ξ is the average subway speed.

54Endogenous determination of the urban boundary, x̄ comes mechanically through the fixed population size and lot size: lot size
multiplied by population yields the boundary where the envelope bid rent function is equal to agricultural rents.
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The bid rent function for drivers is:

pd,C(x) =
1

qd,C

[
yd−θC− cd−νdC

(∫ x̄

x
1{m =C}R(s)ds+

∫ x̄

x
1{m =C}P(s)ds

)]
, d = R,P,

where C () is an increasing, convex congestion function of car commuting.

Appendix Figure A13 shows the effect of an exogenous increase in vehicle traffic congestion (e.g., due

to road conditions that affect the relationship between traffic density and speed) to illustrate the equilibrium

pattern of bid rent functions, housing density and mode choices. The bid rent functions are drawn taking into

account congestion, reflecting the fact that the slope and curvature of the car commuting bid-rent functions

adjusts based on the extent of car commuting across the city. To make this clear, consider the derivative of the

rich, car commuting bid-rent function at a small, arbitrary distance ε to the right of xB, the boundary between

poor subway commuting and rich car commuting:

p′R,C(xB + ε) =
tR,C(xB + ε)

qR,C
=

νR

qR,C
[C (nC (xB)− ε))]

≈ νR

qR,C

[
C (nC (xB))− εC ′ (nC (xB))

]
> p′R,C(xB),

where ε also corresponds to the mass of commuters living along that distance given the assumption of fixed

lot size at 1, and where qR,C is fixed as mentioned above. The second line is then an approximation to the

change in the bid-rent, which is comprised of the congestion from the mass of all car commuters (rich and

poor) at the modal boundary, xB where commuting switches from car to subway (moving from right to left)

less the congestion from the mass of rich car commuters living between xB and xB+ε . This demonstrates that

a change in endogenous congestion in the model has two effects: it steepens the bid rent curve overall, and

the curve itself gets steeper after passing through residential areas with car commuters as the flow of vehicles

onto the roadway builds up.

A.5 Policy Approaches

We consider the effect of a set of transportation policies on the urban structure described above to motivate

our empirical work (see Appendix 3.1 for the specific policies adopted in Beijing). While there are many

potential equilibrium spatial configurations for the city laid out depending on model parameters, we calibrate

the parameters of the model to a case in which the rich taking the subway to work live closest to the CBD, the

poor taking the subway live in the next area, then the rich taking cars, then the poor taking cars and finally

agricultural land beyond the urban boundary as can be seen in panel (a) of Figure A14.55 LeRoy and Sonstelie

(1983) demonstrate that the urban configuration can be explained, in part, by the relation between the income

elasticity of commuting costs relative to the income elasticity of housing demand. The figure is consistent

55The bid rent curve is convex in the standard monocentric city model where the travel cost is assumed to linear in distance: prices
do not need to fall as fast as the increase in travel cost to keep residents indifferent since they are compensated by living in a larger
home the further they live away from the city center. The bid rent curve becomes concave only if the travel cost is sufficiently convex
in distance. To ease exposition, we draw linear bid-rent curves in the figures.
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with the case where the income elasticity of commuting costs is larger than the income elasticity of housing

demand. therefore the rich outbid the poor to live close to the city center to save commuting costs.

Congestion Pricing. First we consider a typical first-best approach: a per-kilometer congestion charge. The

optimal level would be equal to the marginal external cost of congestion and can be derived from differentiat-

ing (A4) with respect to nC(x) giving the increased cost from one additional car commuter. Multiplied by the

number of car commuters, this yields:

τC(x) =
(

νR
nR,C(x)
nC(x)

+νP
nP,C(x)
nC(x)

)
C ′ (nC(x)) . (A6)

The revenue from congestion pricing can then be recycled lump sum to each resident of the city. Panel (b) of

Figure A14 shows the effect of the congestion pricing on spatial equilibrium in this hypothetical city. Due to

the recycling of the revenue, the bid rent curves shift up for subway users. Under the uniform recycling of

the revenue, the shift is larger for the poor than for the rich due to the smaller home size among the poor (the

denominator of the intercept) as shown in Appendix A. The intercept of the bid rent curves for car users moves

up as well. For poor drivers, the slope of the bid rent curve steepens as the congestion toll defined above would

be larger than the savings from improved speed (due to their low VOT), hence leading to a higher travel cost

per unit of distance (the numerator of the slope). For richer drivers, the bid recent curve would be flatter as

the congestion toll would be smaller than the savings from improve speed (due to high VOT). However, the

curve to the right of x′B becomes steeper as it moves to x′B from the right. This is due to the fact that congestion

worsens as it is closer to x′B from the right, leading to an increasing unit travel cost.

There are two competing forces at work that affect the spatial pattern of residential locations. First,

congestion pricing increases the unit travel cost and incentivizes residents to move closer, hence bidding up

home prices near the city center. Second, the reduction in congestion leads to time savings and reduces the

travel cost. However, due to the differences in VOT, the time saving is more valuable to the rich than to the

poor. That is, the second force is relatively stronger compared to the first force for the rich than for the poor.

Given the initial spatial configuration, congestion pricing results in some poor residents shifting away from

driving to subway while moving their residence from the outer ring to the inner ring. At the same time, some

rich residents move out of the inner ring and switch to driving while living in larger homes. If congestion

pricing or the cost of driving increases enough, the poor may occupy the city center as in the case when

driving is prohibitively expensive for the poor (LeRoy and Sonstelie, 1983).

Subway Expansion. Panel (a) of Figure A15 considers subway expansion. This can be incorporated into

this theoretical framework by making subway costs approach infinity beyond a desired distance x. While the

choice of reference point is arbitrary, consider the effect of constraining transit to x̄B in panel (a) of Figure

A15. Given the fixed supply of housing, the constraint of public transit from xB in panel (a) of Figure A14

to x̄B shifts the mass of poor subway commuters x̄B− xB to the poor car commuting region. This increases

congestion to the left of xB for all car commuters, steepening the slope of the bid rent curves to the left of xB
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more for the rich than for the poor due to the high VOT among the rich. In the extreme case of removing all

subway from the city, the bid rent curve for the rich would become even steeper as it gets closer to the city

as the congestion worsens. Only the rich will occupy the city center. The results are consistent with Glaeser

et al. (2008) which calibrates this class of models to corroborate the narrative that in the United States better

public transportation leads more poor to live in the city center.

Driving Restriction. Finally, we consider the effect of raising the cost of driving via a driving restriction.

In practice, the driving restriction only bans a portion of the cars from driving each day. We assume that

during those days, residents need to take the subway to work. This would imply that the car commuters would

need to pay the fixed cost of two modes, while the variable cost would be a weighted sum of the two modes.

Panel (b) of Figure A15 shows the effect of the driving restriction. Due to the increase in the fixed cost for

car commuters, the intercept of the bid rent curves shifts down, more so for the poor than for the rich (the

denominator being larger for the rich). The change in the slope for the car commuters is subjects to two

countervailing forces. On the one hand, the added variable cost (due to the higher variable cost when using

the subway) will increase the slope. On the other hand, congestion reduction to the left of x′B will reduce the

slope, more so for the rich than for the poor. The first force likely dominants.

The impact of the policy is that the rich reduce car commuting (x′A− xA) by more than the poor (x′C− xC).

Welfare. Given the stylized nature of this model the welfare implications from this stylized example are

probably less informative to real world policy applications than the empirical exercises performed in Section

6.1. That said, Figures A14 and A15 yield an important observation: key welfare effects follow the movement

up and down of equilibrium bid rent functions from capitalization of changes in the transportation system. Put

simply, an approximation to total welfare is the sum of equilibrium rents paid:56 ∫ x̄
0 p∗(s)ds.

This can be visualized as the area under the equilibrium bid rent envelope in the figures: when the envelope

is lower than the baseline under a given policy scenario, then aggregate rents (and thus welfare) is lower, and

visa versa. Considering Figure A15 panel (b), the effect of the driving restriction seems to lower the sum

of rents by more than it is increased as the envelope is lower beyond x′B. This accounts for a larger area

than the increase in the level of the equilibrium bid-rent to the left of x′B. In contrast, the overall effect of

congestion pricing in Figure A14 panel (b) is to increase the equilibrium bid-rents envelope at all points in

the city because congestion reduction flattens bid rents and the redistribution of the toll revenues increases

their value for subway commuters. This points to an important general equilibrium effect of transportation

policies in cities, where their benefits are capitalized into the housing market and provide additional welfare

56To be precise, this provides the sum of willingness-to-pay. Changes in the transportation system may induce changes in con-
sumption with cost implications. If this is provided by perfectly competitive markets, we may assume that equilibrium prices reflect
these costs. This logic, the Henry George Theorem, underlies the approach of using changes in land values to uncover the benefits of
public good investments (Stiglitz, 1977; Arnott and Stiglitz, 1979). If transportation policies create or remove welfare reducing dis-
tortions, this will be reflected in relative changes in bid rent curves. Albouy and Farahani (2017) show that the value of infrastructure
could be underestimated using this approach and argue for a more broad method to incorporate imperfect mobility, federal taxes, and
non-traded production.
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gain relative to a driving restriction beyond a partial equilibrium framework on the transportation sector alone

as shown in Appendix Figure 1. Our simulations suggest the welfare impacts of these capitalization effects

(and subsequent sorting) may be larger than the direct effects on transportation choice itself.

B Reduced-form Evidence

This section presents reduced-form evidence of the impact of the car driving restriction policy (CDR) on the

housing market. We examine the price gradient with respect to subway proximity as well as household sorting

behavior.

Price Gradient w.r.t. Subway Proximity This section provide further details on the reduced form results on

the effects of Beijing’s driving restriction policy on housing price gradients depicted in Figure 5. A number of

confounding factors could undermine identification of the causal relationship between housing price gradients

and the driving restriction policy. For example, if amenities improve over time in locations near subway

stations more than in locations that are farther away from subway stations, this would result in a larger price

increase for homes close to subway stations, leading to an overestimation of the true impact of the policy.

On the other hand, if the changes in dis-amenities such as congestion or noise follow the aforementioned

pattern, we would underestimate the impact of the policy. Causal identification requires an assumption that

the housing price gradient with respect to the distance to the nearest subway station would be unchanged in

the absence of the driving restriction policy. We test the plausibility of this assumption by examining trends

in price gradients in the periods leading up to the policy based on an event study framework:

ln(Price) jt =
24

∑
k=−24

βk× ln D jt ×1(t = k)+x′jtγ + ε jt (A7)

where j denotes a home and t denotes a month. The outcome variable is the logarithm of theunit price (Yper

m2). We allow the slope of the price gradient β ’s to vary over time. The regression includes a flexible

set of controls (x jt) that include neighborhood fixed effects, year by month fixed effects, and complex-level

attributes.57 Standard errors are clustered at the neighborhood level to allow for correlations among the homes

in the same neighborhood (e.g., due to unobservables).

Appendix Figure A8 shows the coefficient estimates of βk with the coefficients varying by quarter. There

does not appear to have a pre-existing trend before the policy, alleviating the concern of the time-varying

and location-specific unobservables discussed above. While there is not a clear relationship between subway

proximity and housing price before the policy, there is a clear downward shift in the slope of price gradient.

Moreover, the negative relationship between subway distance and housing price becomes stronger over time.

The increasingly larger impact over time after the policy could be driven by the fact that the uncertainty in

terms of the policy is reduced over time and that the enforcement has been tightened over time.

57Complex-level attributes include complex age, floor to area ratio, green space ratio, land area of the complex, home management
fee (HOA fee), the number of units in the complex, and the number of buildings in the complex.
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One additional concern for identification is that subway expansion may result in network externalities so

that the benefit of a new station occurs not just to those living or working nearby but to all who may use that

station. Subway construction usually starts 2-3 years before the opening and the announcements are even

earlier. If our results are driven by the subway expansion, there should have been a steepening of the slope

before the driving restriction. To further address this issue, we include in the regressions a measure of subway

density and it is constructed as the inverse distance weighted number of subway stations from a given location

following Li et al. (2019). This measure can be considered as the number of subway stations per unit area

centered around a given housing unit and it increases as the subway network expands.

Appendix Table A1 provides the regression results for six specifications. The parameter of interest is

the interaction between subway distance and the policy dummy. The third column corresponds to the spec-

ification with the event study graph in Appendix Figure A8. Adding neighborhood fixed effects to control

for neighborhood amenities significantly changes both coefficient estimates from column (1) to column (2).

However, adding the rich set of complex-level variables barely changes the results. The fourth column is a

weighted regression in order to make the result more representative of the universe housing transactions. We

re-weight the sample based on the large data on real estate listings and new home registrations to match the

price distribution the homes using entropy balancing (Hainmueller, 2012) as described in section 3.2. The last

two columns include the subway density measure as an additional control. The coefficient estimates on them

are positive but not precise. The results from the last five columns are all qualitatively the same: the driving

restriction policy increases the price premium for homes that are closer to subway.

Appendix Figure A9 provides a falsification test by randomizing treatment status (before or after the

driving restriction policy) of each transaction while keeping the share of post-policy transactions fixed.58 The

figure shows the histogram of the coefficient estimates of the interaction term between distance and treatment

dummy from 500 iterations. The estimate from the true sample (-0.019) lies outside of 99 percentile of the

distribution. This further alleviates the concern that the estimated impact might be driven by unobservables.

Evidence for Household Sorting The change in the housing price gradient with respect to subway prox-

imity highlights the impact of the policy on household location choices. To understand the underlying sorting

process and how the policy impact differs by income groups, we examine household location choices relative

to subway and work locations. Appendix Table A2 provides two sets of regressions. The dependent variable

in the first three columns is the distance of the home to the nearest subway station while that in the last three

columns is the distance of the home to the work location of the borrower(s). The key explanatory variables are

household income and its interaction with the policy dummy. The coefficient estimates on the interaction term

in the first two columns suggest that after the policy, high-income households tend to purchase homes that are

closer to subway than before the policy. The third column is a weighted regression which produces imprecise

58We take random draws from a uniform distribution and replace the draws with an indicator variable so that the indicator variable
has the same mean as the treatment variable. This indicator variable is the new treatment variable in the estimations. This effectively
randomizes the transaction date for the homes.
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estimates but with the same directions as the first two columns. The last three columns examine the impact on

housing choices with respect to work location. The coefficient estimates suggest that high-income households

live further away from where they work compared to low-income households. After the policy, high-income

households tend to choose homes closer to work locations relative to before the policy. The results are robust

to using the distance to the work location of the primary borrower only.

C Proof of Sorting Equilibrium

Here we abstract from uniqueness associated with endogenous housing prices. Propositions 1 and 2 of Bayer

et al. (2004) demonstrate that given the assumptions laid out below regarding the functional form of utility

and the error term, a unique vector of prices clears the market and results in a unique sorting equilibrium. The

form of that proof applies Brouwer’s Fixed Point Theorem as below, but on the basis of an element-by-element

inverse of the demand function for prices. The sufficient condition for uniqueness is that the sum of the partial

derivatives of inverse demand function with respect to prices are bounded by (−1,1). The unique set of

prices then implies a unique set of choice probabilities that imply a unique sorting equilibrium. We proceed

to demonstrate existence and uniqueness of the equilibrium in the presence of endogenous congestion.

We assume utility from housing as:

Ui j = x jβi +φiEVi j + εi j, (A8)

where x j = are exogenous attributes of housing location j, and EVi j is the ease-of-commuting for housing

location j for household i.59 EVi j is constructed as the logarithm as the sum of indirect utility from each

commuting mode:

EVi j = log

(
∑

m∈Mi j,m6=car
exp{Ymλi}+ exp

{
Ycarλi + γ1

disti jcar

v̄i jcar · v(Rcar)

})
(A9)

Ym = are exogenous attributes of individuals and driving modes m in the mode choice set (cost, alternative

specfic constants, and demographic characteristics), Mi j of household i at housing location j. The second

exponentiated term is the indirect utility from driving, which depends on exogenous attributes and endogenous

travel time, which is the ratio of driving distance to baseline travel speeds from Baidu, vi jcar.60

Here the term v(Rcar) is a single-valued speed adjustment factor that depends on the share of households

in Beijing choosing driving as their commuting mode, Rcar. Travel times therefore adjust in response to

changes in the share of drivers.

59As noted in the preceding paragraph, we omit the housing price from this equation although the results hold with endogenous
housing prices by the logic laid out there.

60The coefficient vector λi here nests the parameters other than those account for travel time in equation (4) of the sorting model.
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Each exogenous attribute, k varies by individuals

βik = β̄k + ziβk, λik = λ̄k + ziλk,

where zi is a vector of household i’s attributes.

Assumptions

• Coefficient on driving travel time γ1 terms and on travel time (which is determined by speed) is the

same across individuals

• Unobserved vector of preferences εi observed by all other homebuyers through a static, simultaneous-

move game following Nash Equilibrium concept

• Continuum of individuals with observed characteristics zi to allow for integration out

• Speed changes from changes in the number of drivers affect congestion in every part of the city by the

same factor v(Rcar)

• ε is drawn from a continuous, well-defined distribution function

Probability of choosing car,

Ri jcar = ri j(zi,Yi jm, v̄i j,v(Rcar);λ ,γ1) ∀ i, j (A10)

is a function of household demographics, mode attributes including baseline speed, and the endogenous speed

adjustment factor.

Aggregating these probabilities across individual car commuters yields:

Rcar = ∑
j
∑

i
ri j(zi,Yi jm, v̄i j,v(Rcar);λ ,γ1) (A11)

Definition 1. A sorting equilibrium is a set of location and commuting decisions that are optimal given the
location and commuting decisions of all other individuals in Beijing.

(A11) defines a single-valued function R that maps [0,1] into itself and therefore a fixed point allowing

the following proposition.

Proposition 1. If Ui j is defined as in (A8), a sorting equilibrium exists for all i, j.

Proof. The equations above show how (A11) is a continuous mapping of a closed and bounded interval onto
itself. The existence of a fixed point follows from Brower’s Fixed Point theorem. Any fixed point R∗ is
associated with a unique set of choice probabilities of driving in (A10) that satisfy the conditions for a sorting
equilibrium. The existence of this fixed point implies the existence of a sorting equilibrium.

To define uniqueness of the equilibrium, it is helpful to define an implicit function of A11

Φ(zi,Yi jm, v̄i j,v(Rcar);λ ,γ1) = Rcar− r(zi,Yi jm, v̄i j,v(Rcar);λ ,γ1) (A12)
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Proposition 2. If Ui j is defined as in (A8), and γ1 < 0 a sorting equilibrium is unique.

Proof. Proof of uniqueness is simplified by the fact that (A11) is a single-valued function of R onto itself. So
long as a solution exists, it must be unique.

D Estimation Details

Here we elaborate on the simulated maximum-likelihood approach to estimating housing demand discussed

in section 4.4. The utility function is re-written as a sum of household-specific utility µi j and mean utility (or

alternative-specific constants) δ j which absorb variation from unobserved housing attributes ξ j. The simulated

MLE with a nested contraction mapping estimates household-specific parameters (θ2) and mean utilities (δ j).

The log-likelihood function is defined as

lnL (θ2,δ j) = ∑
i

∑
j
I

i
jwilnPi j(θ2,δ j), where

Pi j(θ2,δ j) =
exp[µi j(θ2)+δ j]

∑h exp[µih(θ2)+δh]
. (A13)

I
i
j is an indicator function being one when household i chooses housing j, wi is the weight of household i, and

Pi j is the choice probability. Berry et al. (2013) show that under reasonable assumptions, for a given vector

of θ2, there exists a unique vector of δ j that can perfectly match the predicted market shares and observed

market shares:61

Therefore, δ j can be estimated through the nested contraction mapping by matching observed and pre-

dicted market shares by inverting shares in each iteration d:

δ
d+1
j = δ

d
j + lnσ j− ln σ̃ j(θ2,δ

d
j ),

σ j =
1
N ∑

i
Pi j(θ2,δ j),

where σ j on the left hand side is observed market share for housing choice j and right hand side is the

predicted share. N is the number of potential buyers on the market, which varies over time.62 By controlling

for unobserved housing attributes ξ j using housing fixed effects δ j, the estimation can produce consistent

estimates on household specific parameters θ2 including the coefficients on price and the EV term, both of

which could be correlated with unobserved housing and neighborhood attributes.

61In our case, since we do not have an outside good option, we need to normalize the mean utility of a random home to be zero.
62In practice, the market share of each housing choice is 1/N times the housing weight and the contraction mapping matches

the aggregate choice probabilities to a vector of housing weights, which is essentially the first order condition of the log-likelihood
function with respect to δ j as shown in Bayer et al. (2007).
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E Simulation Approach

In the benchmark simulations, we assume Beijing is a “closed city” with no change in population and a fixed

housing supply consisting of the units in our sample. While this assumption clearly runs counter to the reality,

it helps us to isolate the direct effects of transportation policies on current Beijing residents as distinct from

effects that are mediated by in-migrantion of new residents. We also assume that the transportation network is

fixed apart from the expansion of subway network. In the robustness check in Table 7, we allow the housing

market supply to adjust to housing prices. This is done by assuming a constant price elasticity of supply of

two following Saiz (2010); Wang et al. (2012). We use observations from 2014 to conduct simulations and

set the baseline policy scenario the counterfactual outcome without a driving restriction, congestion pricing,

and the expansion in Beijing’s subway between 2008 and 2014 (i.e., we fix the network to the 2008 system).

To allow driving congestion levels to respond to changes in the pattern on commuting as households

change mode and residential location, we first estimate the relationship between traffic speed and density

following Yang et al. (2019). This approach leverages the plausibly exogenous variation in traffic density

induced by the driving restriction policy in Appendix Table A5.63 Based on hourly traffic speed and density

data from all major roads (freeways and expressways, but not the secondary roads), the elasticity of traffic

speed with respect to density is estimated to be -0.62 within the 6th ring road during peak hours. Because the

data does not cover secondary roads where traffic congestion tends to be worse, this estimate is likely a lower

bound for the elasticity in the whole city. We restrict the sample to observations with traffic density larger

than 35 (cars/lane-km), the elasticity estimate becomes -1.1. The average speed among these observations is

about 30km/h, close to the city-wide average speed during peak hours. Hence we use -1.1 as the speed-density

elasticity in our simulations.64

We now describe the simulation algorithm used to simulate outcomes under the baseline and other policy

scenarios. The simulation algorithm starts with an initial observed housing price vector and road congestion

factor, which are endogenously determined by the algorithm in each iteration. Each iteration has an inner

loop to solve for housing location choices. When solving for housing location, the algorithm takes the ease-

of-commuting measure for each of the two household workers (borrower and co-borrower), EVi j defined in

equation (6) as given and solves for housing market clearing prices. In our setting of a closed city (without

outside options), housing prices are only identified up to a constant. As a result, we fix the average price

of all homes to be the same so as to partial out price changes as asset shock for all consumers to simplify

welfare calculations. Next, the outer loop takes residential location choices as given and solves for the level

63The policy restricts some vehicles from driving one day per week during weekdays depending on the last digit of the license plate
number. The policy follows a preset rotation schedule in terms of which pair of numbers (1&6, 2&7, 3&8, 4&9, 5&0) is restricted
on a given day, and it is not adjusted based on traffic conditions. The policy generates exogenous variation on traffic density due to
the fact that the distribution of vehicles is not uniform with respect to the last digit of plate numbers. Vehicles with the license plate
ending with number 4 only account for about 2% of all vehicles because the number 4 is considered an unlucky number in Chinese
culture. Therefore, when numbers four and nine are restricted, more vehicles are on the road, and congestion tends to be worse than
other days.

64In practice, there could be route-specific congestion responses from commuters. We conduct a robustness check to allow trips
outside the 5th ring road to follow a smaller elasticity in magnitude (-0.54) following Table A5. The qualitative results are the same.
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of congestion given optimal commuting choices.

Under the driving restriction, we calculate EVi j by assuming driving is not an option one in five days. This

would make the driving mode to be less attractive and homes that are closer to subway or work centers more

attractive. Congestion pricing enters EVi j by increasing the monetary cost of driving.

A step-by-step simulation algorithm is illustrated below.

We observe the baseline traffic density d0 and driving speed v0. The elasticity of traffic speed with respect

to density is denoted by e, and the estimation procedure is described above. We calculate the speed under each

scenario by assuming the elasticity equal to e and linearly expand at the d0 and v0.. Within the algorithm, we

recalculate the density on each iteration of the outer loop based on the pattern of demand for car commuting

across the city. The demand for driving, in turn, comes from the relative probability of car commuting based

on equation 4.

Demand parameters whose estimation is described in Section 4 are: {γ1,γ2,η ,β ,α,φ ,θ ,ξ}. p is the

observed baseline price vector. Household-trip characteristics {w} and housing attributes {X} are observed.

We also know the travel distance, time, and cost information for different modes of each house-working place

pair. Housing choice sets C (i) are fixed in simulations (constant housing supply). We also fix sets of random

draw vr,r = 1, ...R, and wq,q = 1, ...Q. (We use the same random draw as in the estimation. R=200, Q=100.)

For each counterfactual scenario:

1. Guess an initial traffic density level d0 (e.g., baseline density d0).

2. Based on density level dt for iteration t (= d0 for first iteration):

(a) Compute driving speed vt = v0

(
1+ e

(
dt

d0
−1
))

;

(b) Update each member k (borrower and co-borrower) in household i’s new commuting time to each

house j in household i’s choice set based on new driving speed timet
i jk,drive =

disti jk,drive
vt

i jk
(as well as taxi speed

timet
i jk,taxi);

(c) Given timet
i jk calculate expected ease-of-commuting measure value of home-work commute for mem-

ber k conditional on home j :

EV t
i jk (time) =

1
R

R

∑
r=1

log
(

∑
m

exp
(

costi jk,m

hourly wageik
γ1 + timet

i jk,mγ2r +wi jk,mη +θmr

))
and member k’s probability for driving:

R(drive|i, j,k) =
1
R

R

∑
r=1

exp
(

costi jk,drive
hourly wageik

γ1 + timet
i j,driveγ2r +wi jk,driveη +θmr

)
∑m exp

(
costi jk,m

hourly wageik
γ1 + timet

i jk,mγ2r +wi jk,mη +θmr

)
If we allow sorting, continue with step (d)-(e). Otherwise skip them and move to step (f);

(d) Given the new expected commuting values, calculate a new home price vector pt such that (1) housing
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demand= housing supply, (2) weighted mean housing prices are kept the same as the baseline level:

1
Q

Q

∑
q=1

∑
i∈C−1( j)

wi

exp
(

∑k φkqEV t
i jk +αi pt

j +X jβi +ξ j

)
∑s∈C(i) exp

(
∑k φkqEV t

isk +αi pt
s +Xsβi +ξs

) = f (w j, p j) , ∀ j ∈ J

and mean
(
pt) = mean(p)

if we keep the supply of housing constant, then

wt
j = f (w j, p j) = w j

if we allow housing supply to adjust, we assume that it adjusts based on the follwing rule:

wt
j = f (w j, p j) = w j

(
1+ ew,p

( pt
j

p̄ j
−1
))

(e) Given new pt ,EV t , calculate the new housing choice probability

Pr( j|i) = 1
Q

Q

∑
q=1

exp
(

∑k φkqEV t
i jk +αi pt

j +X jβi +ξ j

)
∑ j∈C(i) exp

(
∑k φkqEV t

isk +αi pt
s +Xsβi +ξs

)
(f) Update the new traffic density:

d̃ = ∑
i

∑
j

Pr( j|i)

[
∑
k

R(drive|i,k, j)×disti jk,drive

]

3. If
∥∥d̃−dt

∥∥< εtol where εtol is a pre-set tolerance level, stop. Otherwise, set dt+1 = ϕdt +(1−ϕ) d̃ for

some ϕ ∈ (0,1) and return to step 2.

A-15



F Figures & Tables

Figure A1: Subway Network Expansion from 2000 to 2020 in Beijing

(a) 09/28/1999 (b) 07/19/2008

(c) 12/28/2014 (d) 12/28/2019

Note: Subway expansion from 1999 to the end of 2019 in Beijing expanded from 2 lines to 22 lines. From 2007 to 2018, 16 new

subway lines were built with a combined length of over 500km. By the end of 2019, the Beijing Subway is the world’s longest and

busiest subway system with a total length of nearly 700km, and daily ridership over 10 million.
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Figure A2: Job Density

High-Tech Center

Financial Center

Far from work

Note: This figure plots work density by TAZ based on counts of work locations from the mortgage data in our

sample. Darker colors/taller shapes indicate greater work density.
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Figure A3: Housing, Amenities and Transportation Network

5th Ring Road

Note: The figure shows the home locations in the mortgage data overlaid with ring roads (black lines), sub-
way lines in blue (as of 2015), government-designated key schools denoted by red stars(65), and government-
designated parks denoted in green.
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Figure A4: Construction of the Travel Choice Set
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Note: Travel time and distance using walk, bike, car, and taxi are constructed using Baidu Maps API based on the departure time

and the day of the week. Travel time and distance are constructed using Gaode Maps API because it provides the number of

transfers and walking time between bus stops. Walking time and distance to and from the subway station are provided by Baidu

Maps API while the distance from the first station to the last station are calculated using GIS based on the subway network in

2010 and 2014. The corresponding subway time table is used to construct station-to-station travel time. The data queries for car

and bus trips are based on the same time and day-of-the-week as the survey. The travel time for bus, car and taxi are adjusted

based on the traffic congestion condition on the day of the travel, relative to that on the day of API query.

Figure A5: Sample Routes

Note: For illustrative purposes, the figure shows travel time and cost of six routes for a particular trip that started from 7:09am

on 9/12/2010. The chosen mode was subway. The left panel shows the the straight-line direction of travel, while the right

panel shows the sets of routes, time and monetary costs and distance for routes constructed by Baidu API, Gaode API and GIS

across six modes.
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Figure A6: Distance to Work

(a) Distance to Work for By Gender

(b) Borrower’s Share of Distance to Work with respect to Borrower’s Share of Income

Note: Panel (a) shows how the average distance to work by year for male and female members, separately. The green bars are for

males while the red bars are for females, the whiskers denote 95% intervals. Male borrowers have a longer commute than female

borrowers. The distance has increased over time reflecting the expansion of the city and transportation infrastructure. Panel (b) is the

binned scatter plot showing that the male member’s relative income share has a weak negative relationship with his share of distance

to work (the male member’s distance to work over household’s total distance to work).
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Figure A7: Comparing Mortgage and Real Estate Listings after Weighting

(a) Resales

(b) New Homes

Note: The graphs gauge the representativeness of the mortgage data by comparing homes in the re-weighted mortgage data set

with homes in a much larger real estate listing database in terms of prices per square meter, home size, home age, and distance to

Tian’anmen Square. The upper panel shows comparisons of resales (58,718 obs in mortgage dataset and 160,836 obs in real estate

listings) and the bottom panel shows comparisons of new sales (18,529 obs in mortgage dataset and 309,256 in real estate listings).

Solid lines represent the mortgage dats and dashed lines represent real estate listings. As shown in the figure, after the weighting,

homes in these two data sets are well balanced.
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Figure A8: Event Study of the Price Gradient Estimates
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Note: This figure shows estimates from the event study of Beijing’s driving restriction on the slope of the housing price gradient

shown in Figure 5. Blue dots report the estimates by month relative to the start of the driving restriction in 2008, shaded areas

report 95% confidence intervals, green lines indicate the average value of the coefficient before and after the policy, and the

dashed line shows the location of zero.

Figure A9: Falsification Test on Price Gradient
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Note: This figure reports the distribution of coefficient estimates from placebo tests with randomized event time. Dashed

vertical lines indicate the 95% confidence interval, while the solid vertical line indicates the estimate from our event study.
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Figure A10: Implied Value of Time Distribution from Mode Choice Estimation

Note: The figure plots the distribution of the implied value of time (VOT) is based on the last specification of our mode choice

model in Table 3. The preference on travel time has a winsorized (at 95th and 5th percentile) chi-square distribution with degrees

of freedom equal to three while the preference on travel cost is inversely proportional to income. The value of time is in terms of

hourly wage. The red line shows the mean VOT (51.1% of hourly wage). The median VOT is 57.1% of hourly wage.

Figure A11: Price Gradient under 2008 and 2014 Subway Network

Note: This plot shows the simulated bid rent curve with respect to subway distance under the 2008 and 2014 network, respectively.

The results are based on specifications as shown in 6. The gradient of the bid rent curve 2014 subway system (-Y1900/m2 per km)

is steeper than 2008 subway system (-Y700/m2 per km). This reflect people’s higher WTP for proximity to subway stations. The

level shifts down under 2014 system as well, which reflects that subway expansion reaches to cheaper homes farther away from the

city center.
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Figure A12: Change in Price Relative to the Baseline
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Note: The plot shows the changes in the price gradient (with respect to subway distance) as a result of driving restriction

and congestion pricing relative to the price gradient under the no policy scenario. The top graph is under the 2008

subway network and the bottom graph is under 2014 network.
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Figure A13: Exogenous Increase of Congestion in Monocentric City Model
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Note: The x-axis denotes the distance to city center and the y-axis is the rental price. Concentric circles show the equilibrium pattern

of housing location where the linear city is drawn as radially symmetric. Commuters are in two income groups (Rich, R, indicated

with solid lines, and Poor P, indicated with dashed lines) and choose from two modes: car (C, in red) and subway (S, in blue). The

model is calibrated to generate an urban configuration as indicated. Bid-rent curves are steepest for the rich because of their higher

value of time. Bid-rent curves are flatter for car commuting because the variable time cost is assumed to be smaller. Values indicated

by p0
d,m are the value of bid-rent curves at the origin, while those with a ′. Gray curves reference the baseline configure in panel (a)

of Figure A14. Here we consider the effect of an exogenous increase in congestion through a decrease in capacity throughout the

city. This steeps the bid rent curves for driving, for the rich more than the poor. It also changes the slope of the subway bid-rent

curves by an increase in the fixed demand for housing for the rich subway commuting and a small decrease in the fixed demand of

housing for poor subway commuters. The result is to shift more of the rich to subway commuting and small share of the poor are

induced to car commuting given changes in housing prices.
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Figure A14: Spatial Equilibrium with Two Modes & Income Heterogeneity: Baseline & Congestion Pricing

(a) Baseline Configuration
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(b) Congestion Pricing
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Note: The x-axis denotes the distance to city center and the y-axis is the rental price. Concentric circles show the equilibrium pattern of housing location where the linear city is

drawn as radially symmetric. Commuters are in two income groups (Rich, R, indicated with solid lines, and Poor P, indicated with dashed lines) and choose from two modes: car (C,

in red) and subway (S, in blue). The model is calibrated to generate an urban configuration as indicated. Bid-rent curves are steepest for the rich because of their higher value of time.

Bid-rent curves are flatter for car commuting because the variable time cost is assumed to be smaller. Values indicated by p0
d,m are the value of bid-rent curves at the origin, while

those with a ′. Gray curves, dashed lines and text in panel (b) reference the baseline configuration in panel (a). Panel (b) shows the effect of congestion pricing in a per-kilometer

basis. It increases the y-intercept through lump-sum remittance of toll revenue back to all households. For car commuting, there are offsetting effects: congestion is lower with the

toll because there are fewer car commuters, but longer commutes face larger total tolls, making bid rent curves steeper.
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Figure A15: Spatial Equilibrium with Two Modes & Income Heterogeneity: Subway & Driving Restriction

(a) Subway Restricted to X̄B
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(b) Driving Restriction
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Note: The x-axis denotes the distance to city center and the y-axis is the rental price. Concentric circles show the equilibrium pattern of housing location where the linear city is

drawn as radially symmetric. Commuters are in two income groups (Rich, R, indicated with solid lines, and Poor P, indicated with dashed lines) and choose from two modes: car

(C, in red) and subway (S, in blue). The model is calibrated to generate an urban configuration as indicated. Bid-rent curves are steepest for the rich because of their higher value of

time. Bid-rent curves are flatter for car commuting because the variable time cost is assumed to be smaller. Values indicated by p0
d,m are the value of bid-rent curves at the origin,

while p0′
d,m, are the new values at the origin after the policy change. Gray curves reference the baseline configure in panel (a) of Figure A14. Panel (a) shows the effect of restricting

the subway network to x̄. Comparing this panel to panel (a) of Figure A14 shows the effect of expanding the subway network from x̄B to xB. There is no effect of expansion on the

bid rents for subway except that they do not extend beyond x̄B in panel (a) of Figure A14 because the subway has not been built that far. Because expansion allows a larger share of

commuters to use the subway, here only from the poor, it induces lower congestion, flattening out the bid-rent curves for driving, for the rich more than the poor because of value of

time differences. Panel (b) considers a driving restriction policy, which induces increases in both the fixed and variable costs of driving not remitted to households (unlike congestion

pricing). Car commuters will need to incur the fixed cost of both driving and and using subway, and when they cannot drive, they will have to use subway which has a higher variable

cost due to time. The bid rent curves for car commuters move down and become steeper because of the change in fixed cost and variable cost of commuting, respectively. The

increase in commuting costs is larger for the rich due to their high VOT than for the poor, leading to a larger movement of the rich away from driving to subway.
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Table A1: Effect of CDR on Price Gradient w.r.t. Subway Proximity

(1) (2) (3) (4) (5) (6)

ln(Subway Distance) -0.111∗∗∗ -0.005 -0.004 -0.000 -0.001 0.003
(0.015) (0.016) (0.015) (0.016) (0.015) (0.017)

ln(Subway Distance) × CDR -0.002 -0.018∗ -0.019∗∗ -0.023∗ -0.019∗∗ -0.023∗

(0.013) (0.009) (0.009) (0.013) (0.009) (0.013)
ln(Subway Density) 0.004 0.007

(0.007) (0.008)
YearxMonth FE Y Y Y Y Y Y
neighborhood FE N Y Y Y Y Y
Complex-level Controls N N Y Y Y Y
Weighted N N N Y N Y
Observations 9640 9634 9634 9634 9634 9634
Adjusted R2 0.236 0.522 0.534 0.688 0.534 0.688

Note: Sample spans 24 months before and after the car driving restriction policy (CDR). The dependent variable is log(price
per m2). Subway distance is the distance (in km) from the housing unit to the nearest subway station. Subway density
is constructed at the TAZ level as the inverse distance weighted number of subway stations from the centroid of an TAZ.
Standard errors clustered at the neighborhood level are in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Weights
are constructed based on a data set of housing translations which accounted for about 17% of total housing transactions in
Beijing during 2006 to 2014.

Table A2: Effect of CDR on Household Sorting

ln(Distance to Subway) ln(Distance to work)
(1) (2) (3) (4) (5) (6)

Ln(Household Income) 0.041∗ 0.026 0.012 0.203∗∗∗ 0.227∗∗∗ 0.214∗∗∗

(0.021) (0.020) (0.027) (0.039) (0.048) (0.044)
Ln(Household Income)× CDR -0.039∗ -0.041∗ -0.017 -0.122∗∗∗ -0.109∗∗ -0.125∗∗∗

(0.024) (0.023) (0.027) (0.042) (0.042) (0.046)
YearxMonth FE Y Y Y Y Y Y
neighborhood FE Y Y Y Y Y Y
Complex-level Controls N Y Y N Y Y
Household Demographics N Y Y N Y Y
Weighted N N Y N N Y
Observations 9634 9634 9634 9634 9634 9634
Adjusted R2 0.833 0.837 0.790 0.229 0.254 0.213

Note: Sample spans 24 months before and after CDR. Standard errors clustered at the neighborhood level are in paren-
theses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Weights are constructed based on a data set of housing translations which
accounted for about 17% of total housing transactions in Beijing during 2006 to 2014.
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Table A3: Housing Choices - Nonlinear Parameters: Alternative Sampling

0.5% Sample 1% Sample
Para SE Para SE

Demographic Interactions
Price (in 1 million RMB)*ln(income) 1.153 0.018 1.030 0.016
Age in 30-45*ln(distance to key school) -0.459 0.011 -0.420 0.010
Age > 45*ln(distance to key school) -0.122 0.024 -0.123 0.021
Age in 30-45*ln(home size) 1.681 0.034 1.486 0.029
Age > 45*ln(home size) 3.011 0.070 2.746 0.061
EVMale 0.831 0.064 0.755 0.006
EVFemale 0.976 0.069 0.893 0.006
Random Coefficients
Sigma(EVMale) 0.333 0.154 0.379 0.013
Sigma(EVFemale) 0.408 0.142 0.482 0.012

Log-likelihood -128976 -168808

Note: The estimation uses weighted mortgage plan data from Year 2008-2014. The number of observations is 77,696. The results
are from MLE. The first specification uses 0.5% of all houses in choice sets to construct random choice set in estimation; the second
specification use 1% sample. EV is constructed using by taking observed household demographics into travel model estimates
(Column 6 of Table 3).

Table A4: Housing Choices - Linear Parameters: Alternative Sampling

Variables 0.5% Sample 1% Sample
(1) (2)

Price (in 1 million RMB) -7.417*** -6.596***
(0.590) (0.534)

Ln(property size) 4.355*** 3.879***
(1.073) (0.969)

Building age -0.139*** -0.132***
(0.014) (0.013)

Complex FAR -0.019 -0.023
(0.037) (0.034)

Ln(dist. to park) -0.442*** -0.424***
(0.114) (0.103)

Ln(dist. to key school) 0.321** 0.288**
(0.128) (0.118)

Year-Month-District FE Y Y
Neighborhood FE Y Y

First-stage F 14.22 14.22
J Statistics 7.48 7.39
P value: overidentification test 0.18 0.18
Avg. Price elasticity -1.64 -1.44
Avg. Price elasticity CI [-2.83, -0.44] [-2.52, -0.35]

Average implied WTP (in Y1,000) for:
1 m2 increase in size 30.6 31.1
1 year younger in house age 85.0 92.0
1km closer to key school 10.9 11.9
100m closer to parks 48.3 52.8
Y1 saved in commuting 18.0 18.2

Note: The number of observations is 79,894. The dependent variable is the mean utilities recovered from the first stage. Column (1)
show results with 0.5% sample. Column (2) show results with 0.5% sample. Complex density is measured by the floor-area ratio
of the complex, the size of the total floor area over the size of the parcel that the complex is located on. Distance to key school is
the distance to the nearest key elementary school. We use three sets of instruments as in Column (6) of 5. The first set are price
instruments, i.e. the average attributes of properties (building size, age, log distance to park, and log distance to key school) that are
within 3km outside the same complex sold in a two-month time window from a given property. The second set of instruments are
the interaction between the distance related instruments and the winning odds of the vehicle licence lottery as instruments. The third
set of instruments are number of houses transacted in the three-month time window in the real estate listings dataset. Standard errors
clustered at the neighborhood-year level are in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table A5: The Elasticity of Speed w.r.t. Traffic Density

(1) (2) (3) (4) (5) (6)
ln(density) 0.032 -0.173∗∗∗ -0.683∗∗∗ -1.018∗∗∗ -1.099∗∗∗ -0.620∗∗∗

(0.026) (0.037) (0.076) (0.066) (0.089) (0.030)
Observations 393,634 386,717 412,556 243,302 156,670 1,592,879
Density (cars/lane-km) < 8 ≥ 8 & < 14 ≥ 14 & < 23 ≥ 23 & < 35 ≥ 35 All
Average speed (km/h) 65.3 70.9 63.8 50.0 30.3 60.5

Note: Each column reports results from a 2SLS regression where the dependent variable is ln(speed in km/h) and the key explanatory variable

is log(traffic density in the number of cars/lane-km). The unit of observation is road segment by hour during peak hours within 6th ring roads

in 2014. The first five columns are based on the observations in each of the quintiles: column (1) is for observations in the first quintile of the

density distribution, and column (5) is for observations in the fifth quintile. The last column is for all observations. The IVs are constructed based

on the driving restriction policy which has a preset rotation schedule for restricting certain vehicles from driving one day per week based on the

last digit of the license plate number. We construct a policy indicator being 1 for the days when vehicles with a license number ending 4 or 9 are

restricted from driving. We interact this variable with ring road and hour-of-day dummies. The control variables include temperature (Co), wind

speed (km/h), visibility (km), dummies for (16) wind directions, and dummies for (5) sky coverage at the hourly level. See Yang et al. (2019) for

details on data construction and the variables. The time fixed effects include day-of-week, month-of-year, hour-of-day, holiday fixed effects. The

spatial fixed effects include road segments (or monitoring stations) fixed effects, and the interactions between ring road dummies (e.g., inside

2nd ring roads, between 2nd and 3rd ring roads) with hour-of-day (Ring roads ×Hour). Parentheses contain standard errors clustered by road

segments. Significance: *p < 0.05, **p < 0.01, and ***p < 0.001.

A
-30



Table A6: The Elasticity of Speed w.r.t. Traffic Density across Regions

2-3 Ring 3-4 Ring 4-5 Ring 5-6 Ring All
Log of Density (IV) -1.250∗∗∗ -1.185∗∗∗ -1.287∗∗∗ -1.099∗∗∗

(0.148) (0.111) (0.417) (0.089)
Log of Density (OLS) -0.583∗∗∗ -0.645∗∗∗ -0.362∗∗∗ -0.542∗∗∗ -0.554∗∗∗

(0.065) (0.046) (0.043) (0.048) (0.027)
Observations 45152 49351 29241 32926 156670
Density (cars/lane-km) ≥ 35 ≥ 35 ≥ 35 ≥ 35 ≥ 35
Average speed (km/h) 28.00 30.39 32.86 31.20 30.3

Note: Each column reports results from a 2SLS regression where the dependent variable is ln(speed in

km/h) and the key explanatory variable is log(traffic density in the number of cars/lane-km). The unit

of observation is road segment by hour during peak hours within 6th ring roads in 2014. The data only

includes roads with car density in the fifth quintile. We further break the data down to 4 groups, each

representing a road in different rings. The IVs are constructed based on the driving restriction policy

which has a preset rotation schedule for restricting certain vehicles from driving one day per week based

on the last digit of the license plate number. We construct a policy indicator being 1 for the days when

vehicles with a license number ending 4 or 9 are restricted from driving. We interact this variable with

ring road and hour-of-day dummies. We do not report IV results for 5-6 ring road trips since vehicles

are not restricted from driving so there is no variation in the instruments. The control variables include

temperature (Co), wind speed (km/h), visibility (km), dummies for (16) wind directions, and dummies

for (5) sky coverage at the hourly level. See Yang et al. (2019) for details on data construction and the

variables. The time fixed effects include day-of-week, month-of-year, hour-of-day, holiday fixed effects.

The spatial fixed effects include road segments (or monitoring stations) fixed effects, and the interactions

between ring road dummies (e.g., inside 2nd ring roads, between 2nd and 3rd ring roads) with hour-of-day

(Ring roads ×Hour). Parentheses contain standard errors clustered by road segments. Significance:

*p < 0.05, **p < 0.01, and ***p < 0.001.
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Table A7: Sorting Model Estimates Without EV Terms - Second Stage

Variables OLS OLS IV1 IV1+IV2 IV3 All
(1) (2) (3) (4) (5) (6)

Price (in 1 million RMB) -2.073*** -2.062*** -4.224*** -5.031*** -7.101*** -5.356***
(0.180) (0.176) (0.535) (0.432) (1.646) (0.418)

Ln(home size) -3.590*** -3.657*** 0.104 1.512** 5.102* 2.079***
(0.248) (0.251) (0.932) (0.761) (2.937) (0.765)

Building age -0.032*** -0.026*** -0.076*** -0.095*** -0.144*** -0.103***
(0.006) (0.006) (0.012) (0.010) (0.040) (0.010)

Floor to Area Ratio 0.017 0.001 -0.007 -0.009 -0.009 -0.009
(0.031) (0.023) (0.021) (0.025) (0.036) (0.027)

Ln(dist. to park) 0.167*** 0.052 -0.196*** -0.285*** -0.513** -0.321***
(0.059) (0.054) (0.073) (0.075) (0.225) (0.081)

Ln(dist. to key school) 0.631*** 0.555*** 0.312*** 0.223** -0.034 0.187**
(0.060) (0.091) (0.086) (0.089) (0.213) (0.091)

Year-Month-District FE Y Y Y Y Y Y
Neighborhood FE Y Y Y Y Y

First-stage F 10.48 14.22 9.88 14.22
J Statistics 7.62 8.30 15.75
P value: overidentification test 0.01

Avg. Price elasticity 3.09 3.10 0.94 0.13 -1.94 -0.19

Note: The number of observations is 79,894. The dependent variable is the mean utilities recovered from the first stage (without
including EV in the first stage). The first two columns are from OLS and the last four are from IVs. The floor-area ratio, a measure
of complex density, is the size of the total floor area over the size of the parcel that the complex is located on. Distance to key school
is the distance to the nearest key elementary school. Column (3) and (4) use IV1 as price instruments, i.e. the average attributes of
homes (building size, age, log distance to park, and log distance to key school) that are within 3km outside the same complex sold in a
two-month time window from a given home. Column (4) and (6) additionally use IV2, i.e. the interaction between the distance related
instruments defined in Column (3) and the winning odds of the vehicle licence lottery as instruments. The winning odds decreased
from 9.4% in Jan. 2011 to 0.7% by the end of 2014. Column (5) uses the number of homes transacted in the three-month window in
the real estate listings dataset. Standard errors clustered at the neighborhood-year level: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

Table A8: Model Fit: Effect of CDR on Price Gradient

(1) (2) (3)

ln(Subway Distance) -0.175*** 0.011
(0.015) (0.036)

ln(Subway Distance) × CDR -0.010*** -0.010*** -0.010***
(0.002) (0.002) (0.002)

Neighborhood FE N Y N
home FE N N Y
Adjusted R2 0.329 0.400 0.999

Note: The analysis is based on the homes sold in 2014 in the mortgage data with 7,136 observations. We simulate the
equilibrium prices under the 2008 network for two scenarios: with and without the car driving restriction (CDR). We then
estimate regressions as in Table A1. The dependent variable is log(price per m2). Subway distance is the observed distance
(in km) from the housing unit to the nearest subway station (based on 2008 network). Standard errors clustered at the
neighborhood level are in parentheses: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01. The driving restriction steepens the price
gradient with respect to subway access consistent with the result in Table A1 based on the observed data.
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Table A9: Simulation Results: without Sorting

2008 Subway Network 2014 Subway Network
(1) (2) (3) (4) (5) (6)

No Policy Driving restriction Congestion pricing No Policy Driving restriction Congestion pricing
Baseline levels ∆s from (1) ∆s from (1) ∆s from (1) ∆s from (1) ∆s from (1)

Income relative to the median High Low High Low High Low High Low High Low High Low

Panel A: travel outcomes
Drive 41.02 21.02 -6.49 -2.99 -2.87 -5.01 -1.26 -1.07 -7.68 -4.08 -4.69 -6.11
Subway 9.43 11.24 0.83 0.26 0.45 0.54 3.61 5.08 4.73 5.47 5.11 6.77
Bus 22.31 30.07 1.88 0.98 0.77 1.65 -1.35 -2.03 0.51 -1.05 -0.63 -0.60
Bike 16.08 24.08 1.48 0.73 0.64 1.72 -0.81 -1.57 0.55 -0.85 -0.32 -0.31
Taxi 2.17 1.32 1.24 0.55 0.65 0.57 -0.08 -0.07 0.99 0.41 0.40 0.34
Walk 8.98 12.26 1.06 0.47 0.37 0.53 -0.10 -0.34 0.91 0.09 0.13 -0.08
Speed 21.49 3.82 3.61 1.76 5.39 5.09

Panel B: housing market outcomes
Male’s distance to work (km) 19.45 18.88
Female’s distance to work (km) 17.54 11.95
Distance to subway (km) 5.33 4.30 -4.13 -3.45 -4.13 -3.45 -4.13 -3.45

Panel C: welfare analysis per household (thousand Y)
Consumer surplus (+) -227.3 -31.0 -110.7 -83.2 207.7 117.0 -32.2 82.1 83.2 37.2
Toll revenue (+) 138.8 138.8 127.9 127.9
Subway cost (–) 103.0 103.0 103.0 103.0 103.0 103.0
Net welfare -227.3 -31.0 28.1 55.6 104.7 14.0 -135.2 -20.9 108.1 62.1

Note: Simulated results based on estimated model parameters in Column (6) of Table 3, Column of “EV and random coef.” in Table 4, and Column (6) of Table 5. The simulation
shows counterfactual results for 2014 sample households and homes. The detailed simulation procedure can be found in E. This table shows results without sorting, hence households’
housing choice decisions are fixed but we allow travel mode decisions to adjust to clear traffic market. Column (1) shows the baseline results while columns (2) to (6) show the
differences from column (1). The driving restriction prohibits driving in one of five work days. Congestion pricing is Y1.13 per km to generate the same reduction as the driving
restriction without sorting in Table 6. High-income household are those with income above the median household income. Subway cost per household includes the construction
cost and the 30-year operating cost equally shared among 7.2 million households. We apportion 100% it to work commute in our welfare analysis. Toll revenue is the revenue per
household from congestion pricing during a 30-year period (to keep a balanced government budget, the toll revenue is recycled uniformly to each household). Net welfare is consumer
welfare per household after revenue recycling or tax-funded subway construction and operation.
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Table A10: Simulation Results with an alternative speed-density elasticity

2008 Subway Network 2014 Subway Network
(1) (2) (3) (4) (5) (6)

No Policy Driving restriction Congestion pricing No Policy Driving restriction Congestion pricing
Baseline levels ∆s from (1) ∆s from (1) ∆s from (1) ∆s from (1) ∆s from (1)

Income relative to the median High Low High Low High Low High Low High Low High Low

Panel A: travel outcomes
Drive 41.83 21.58 -7.66 -3.79 -4.03 -5.78 -2.38 -1.85 -9.14 -5.09 -5.91 -6.88
Subway 8.98 10.75 1.37 0.74 0.94 1.00 4.68 6.10 5.96 6.56 5.43 6.94
Bus 22.35 30.40 2.02 0.80 0.82 1.44 -1.43 -2.44 0.57 -1.36 -0.47 -0.82
Bike 15.89 23.95 1.79 0.99 0.97 1.96 -0.71 -1.56 0.74 -0.74 0.11 0.08
Taxi 2.22 1.34 1.12 0.49 0.57 0.51 -0.18 -0.13 0.80 0.28 0.31 0.28
Walk 8.73 11.98 1.36 0.77 0.72 0.86 0.04 -0.12 1.07 0.35 0.52 0.40
Speed 21.31 2.88 2.81 1.11 3.78 3.92

Panel B: housing market outcomes
Male’s distance to work (km) 19.45 18.88 -0.03 0.02 -0.23 -0.06 0.31 0.15 0.33 0.14 0.05 0.10
Female’s distance to work (km) 17.56 11.95 -0.03 0.02 -0.19 -0.04 0.37 0.21 0.40 0.21 0.16 0.18
Distance to subway (km) 5.34 4.30 -0.04 0.04 -0.04 0.04 -4.14 -3.44 -4.15 -3.44 -4.15 -3.44

Panel C: welfare analysis per household (thousand Y)
Consumer surplus (+) -260.3 -41.2 -135.9 -80.8 203.2 96.1 -54.1 54.2 62.5 19.5
Toll revenue (+) 135.7 135.7 125.2 125.2
Subway cost (–) 103.0 103.0 103.0 103.0 103.0 103.0
Net welfare -260.3 -41.2 -0.2 54.9 100.2 -6.9 -157.1 -48.8 84.7 41.7

Note: We use two different elasticities of traffic speed with respect to traffic density for this table. The elasticity is -1.1 for trips within 5th ring road. The elasticity is -0.54 for
trips outside 5th ring road (the OLS estimate in Column “5-6 Ring” of Table A6.) The simulation shows counterfactual results for 2014 sample households and homes. The detailed
simulation procedure can be found in E. This table shows results with sorting, hence we allow households’ housing choice decisions and travel mode decisions to adjust to only
clear housing market and traffic market. Column (1) shows the baseline results while columns (2) to (6) show the differences from column (1). The driving restriction prohibits
driving in one of five work days. Congestion pricing is Y1.13 per km to generate the same reduction as the driving restriction without sorting in Table 6. High-income household are
those with income above the median household income. Subway cost per household includes the construction cost and the 30-year operating cost equally shared among 7.2 million
households. We apportion 100% it to work commute in our welfare analysis. Toll revenue is the revenue per household from congestion pricing during a 30-year period (to keep a
balanced government budget, the toll revenue is recycled uniformly to each household). Net welfare is consumer welfare per household after revenue recycling or tax-funded subway
construction and operation.
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G ONLINE APPENDIX: Data Construction

G.1 Travel Survey Data

Commuting Mode Choice Set Construction Here we describe the details of choice set construction for

commuting mode introduced in Section 5.1. We define the choice set to include six modes for a commuting

trip: Walk, Bike, Bus, Subway, Car, and Taxi. In principle, a traveler could take one of the six modes alone

or any combination of them, which would expand the choice set significantly. For subway and bus, we allow

commuters to walk to and from subway stations and bus stops. For the other four modes, we eschew multi-

mode commuting to make the number of alternatives tractable and because single-mode trips account for over

95% of all trips in our data. The construction of the travel time and travel distance via API or GIS for each

mode is illustrated in Appendix Figure A4.

The same procedure was used to construct the travel choice set for home-work commutes in the housing

data. Given the rapid expansion of the subway network during our data period, we construct the subway

time and hence EVi j term using the subway network two-year ahead in our baseline analysis. The subway

construction needs to go through a long process including the approval from the central government, impacts

evaluation, construction, and testing Yang et al. (2018); Gu et al. (2020). It takes 2-5 years from the start

of the construction to the operation. The public announcement of subway station locations can be a few

months ahead of the construction. We also conduct a robustness check using a one-year projection window in

constructing subway time. Appendix Figure A5 shows travel time and cost of six routes for a particular trip

based on the procedure.

The size of the choice set varies across commuters and trips based on household demographics and trip

characteristics. Car mode is available for a given household member only if the household owns a vehicle and

the member has a driver’s license.65 Walk, bike, and taxi modes are available for all trips. Bus availability

is determined by the home and work locations and the mode is removed from the choice set if Gaode Maps

API fails to provide any bus route, indicating the lack of the public bus service in the vicinity. We allow the

subway to be available for each traveler based on the nearest station and assuming that they walk to/from the

nearest subway stations to the origin and the destination.

We construct the monetary travel cost for each mode as follows. The monetary cost for walking is zero.

For biking, the cost is zero for households who own a bike. For non-bike owners, the cost of biking is the

rental price (free for the first hour and then Y1 per hour with Y10 as the maximum payment for 24 hours).

The bus fare is set based on municipal bus rates at 0 for senior citizens, Y0.2 for students, Y0.4 for people

with public transportation cards, and Y1 for people without public transportation cards. The baseline subway

cost per trip is set by the public transport authority at Y2 and adjusted by the type of public transportation

card the traveler holds. Fuel cost is a major component of the monetary cost associated with driving. Based

on the average fuel economy reported by vehicle owners in BHTS, we use 0.094 liter/km (10.6 km/liter) for

2010, and 0.118 liter/km (8.5 km/liter) for 2014. Gasoline prices are Y6.87/liter in 2010 and Y7.54/liter in

65Car rental is not common in Beijing and the mode share of using rental car is nearly zero.
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2014. The taxi fee is based on the following rules: in 2010, Y10 for the first 3 km, and then additional Y2 per

km and Y1 as the gasoline fee; and in 2014, Y13 for the first 3 km, and then additional Y2.3 per km plus Y1

as the gasoline fee.

Travel Survey Address Geocoding & Commuting Routes Here we describe the process used to clean the

BHTS data, geocode home and work addresses, and construct commuting routes for counterfactual trips in

the BHTS data and hypothetical trips in the mortgage data.

The 2010 survey contains 46,900 households, 116,142 individuals, and 253,648 trips, while the 2014

survey contains 40,005 households, 101,827 individuals, 205,148 trips. We dropped trips with the origin or

destination that could not be geocoded (40%), trips on weekends and holidays (10%), trips of non-working

aged respondents (age> 65 or age <16, 12%), trips using mixed travel modes among subway, bus, and driving

(3%), and trips with implausible trip distance and travel time (3%). The remaining sample includes 78,246

trips by 29,770 individuals in the year 2010 and 98,730 trips by 38,829 individuals in the year 2014.

BHTS is made to be representative using a multistage cluster sampling of households in Beijing. In the

first stage, BTRC randomly selects a subset of Traffic Analysis Zones (TAZs) from the entire city. TAZs

are one to two square kilometers on average and their size is inversely proportional to the density of trip

origins and destinations: smaller TAZs are closer to the center of Beijing. For the first stage of sampling,

BTRC selected 642 out of 1,191 TAZs in 2010 and 667 out of 2050 TAZs in 2014, respectively. In the second

stage, about 75 and 60 households were randomly selected for in-person interviews for each TAZ. The sample

locations are shown in Appendix Figure A16.

Geocoding addresses was performed using Baidu’s API because the quality of Chinese character string

matches from addresses was better relative to alterantive APIs such as Google Maps. We found that Baidu’s

Geocoding API performed best for home addresses and its Place API performed best for work addresses. In

order to validate geocoding results, we compared the traffic analysis zone (TAZ) for the geocoded home or

work location to the TAZ reported in the BHTS. In 2010, 36% of respondents had a home or work address that

did not generate a valid geocoding and were dropped from our sample. For 2014, 44% of respondents were

dropped for this reason. In addition, we drop observations with the same origin and destination, multimode

trips, walking trips over 10km, biking over 25km, driving over 50km, and trips between 11pm and 5am.

For route construction for the BHTS sample, we used the departure time for work commutes reported in

the survey to determine the timestamp for Baidu and Gaode API driving time predictions. As discussed in the

text, driving and taxi travel times were adjusted from the present to the relevant year using historic levels of

Beijing’s Travel Congestion Index (TCI) to reflect changes in the average level of congestion across the city

over time. The TCI values vary between ring roads of the city.

For subway commuting, we identified the nearest subway stations to home at work using ArcGIS maps

of the historical subway station. For the BHTS travel survey data, maps correspond to the date the trip was

taken, but for the hypothetical trips being considered by home buyers in the mortgage data, we assume buyers

are forward-looking and use the subway network two years after the household purchases a home. We used

A-36



Baidu’s API to calculate walking distances from home and work to the nearest subway station, and then used

historical subway time tables to calculate travel times between origin and destination stations. We account for

additional time when transferring lines.

The constructed travel distances and reported travel distances of chosen modes in the final dataset are

highly correlated (correlation= 0.81). 66

G.2 Mortgage Data Details

Appendix Figure A6 shows the distance to work by gender and how the boxplots of the distance to work by

year for males borrowers and female borrowers, separately. On average, female borrowers have a slightly

shorter commute than for male borrowers The average distance to work has increased from about 10km to

12km over time, reflecting the expansion of the city and transportation infrastructure.

As part of the social safety net, the mortgage program aims to encourage home ownership by offering

prospective homeowners mortgage with a subsidized interest rate. Similar to the retirement benefit, employees

and employers are required to contribute a specific percentage of the employee’s monthly wage to a mortgage

account under this program. The savings contributed to this account can only be used for housing purchases

and rental during the employment period with the employer. As discussed above, only for those with formal

employment were eligible for the government-backed mortgage program upon which our data are based.

Although the mortgage data may have a good representation of the middle-class in Beijing it under-represents

the two ends of the income distribution: low-income households without employment and rich households

who do not take loans to finance purchases. To increase the representativeness of the mortgage data, we re-

weight them based on two larger data sets we believe to be more representative. These data include resales

from real estate listings and new sales from home registrations.

This larger data set includes about 40% of all transactions in Beijing’s second-hand market during our

data period from the largest real estate brokerage company, Lianjia, present throughout the city and across

housing segments. The larger data set also includes all new residential home sales based on real home reg-

istration from Beijing Municipal Commission of Housing and Urban-Rural Development.67 Different from

the mortgage data, the housing transactions in this larger data set do not include information on the work

location of the owners, therefore preventing us from using it for the main empirical analysis. To improve the

representativeness of the mortgage data, we match the distributions of housing price, size, age, and distance

to city center of the mortgage data to those in the larger housing data using entropy balancing (Hainmueller,

2012).

Resales data come from the largest real estate brokerage company that has a 40% market share in the resale

market during our sample period. New sales data, accounting for about 90% new home sales, are from real

66Correlation is highest among walking trips (0.99), followed by bicycle trips (0.98), subway trips (0.94), bus trips (0.88), car trips
(0.61), and taxi trips (0.49).

67The new sales data include “commercial residential properties”, accounting for about 90% of all new home sales. The data do
not include transactions for employer-provided or subsidized housing.
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home registration records from Beijing Municipal Commission of Housing and Urban-Rural Development, a

government agency that records housing transactions.68 New sales and resales account for 43% and 57% of

the Beijing housing market, respectively during our sample period. Within the 6th ring road, the two shares

are 37% and 63%. In the mortgage data, the sales of new homes account for about 29% of all sales throughout

the city and 25% within the 6th ring road. To calculate weights based on these dataets, we apply an entropy

method following Hainmueller (2012), which solves the following constrained optimization problem to match

sample moments between the mortgage data and these other two, more representative datasets:69

min
wi

H (w) = ∑
i

h(wi) = ∑
i

wi log(wi) (A14)

subject to balance and normalizing constraints:

∑i∈new homes wicri (Xi) = mr,registration data

∑i∈resales wicri (Xi) = mr,listing data

∑i wi = total number of new homes + resales

wi ≥ 0 for all i.
∑i∈new homes wi

∑i∈resales wi
= true new home-resale ratio.

mr,registration data and mr,listing data is our matching objective, the true rth covariate moments from registration

data and real-estate listing datasets. cri(Xi j) = (Xi j−µ j)
r is the rth order moment function of each matching

covariate j across each i home. Matching covariates include housing prices, sizes, building ages, and distances

to city center. We match first two moments (mean and variances). The third constraint normalizes the sum of

weights equal to the total number of homes in the mortgage dataset. The fourth constraint requires positive

weights. Fianlly, we impose a condition such that the ratio of new homes to resales is the same as what

we have for the Beijing housing market in the same period provided by Beijing Municipal Commission of

Housing and Urban-Rural Development. We solve for optimal weights, w∗i using the entropy package in

STATA.

To further gauge the representativeness of the re-weighted mortgage data, Appendix Figure A7 compares

re-weighted the mortgage data with registration and real-estate listings dataset. For both resales and new

sales, homes in the mortgage data have a good match with the data in registration data and real-estate listings.

Hence in all the analysis, we reweight the mortgage data based on the two larger data sets to improve the

representativeness of our sample.

68The new home sales data do not include transactions for employer-provided/subsidized housing.
69The objective function, h, is a special case of a Kubelock divergence function, where the base weight, which wi within the

logarithm is divided by, is set to 1.
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Figure A16: Beijing Household Travel Survey Samples

(a) 2010 BHTS

(b) 2014 BHTS

.
Note: The figures show the home locations of 2010 and 2014 Beijing Household Travel Survey with the 6th ring road,

the focus of our analysis. The shaded areas are sampled TAZs. The success rates of geocoding for the home addresses

are 97% and 98% for the two years.
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