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Abstract
This paper estimates the effect on housing prices from the expansion of Vancouver’s SkyTrain rapid transit network during the period 2001-2011. We extend the canonical residential
sorting equilibrium framework by modeling commute time in the household utility function.
We estimate household preferences in the sorting model with confidential micro-data and geographic information systems (GIS) data on the SkyTrain. Using these preference estimates and
observed data for 2001, we simulate the equilibrium effects from expanding the SkyTrain in the
manner that occurred over the period 2001-2011. In our counterfactual analysis the SkyTrain
expansion increases housing prices in neighborhoods where the expansion occurred, but also in
neighborhoods with access to pre-existing segments of the network. We show how these network
housing price effects depend on household commuting patterns, and discuss the implications of
our results for policies that are designed to capture the housing price appreciation stemming
from public transit investment.
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Introduction

A number of cities are considering tax policies that are designed to capture the private capital gains
from housing price appreciation that occurs as a result of public goods provision.1 The design of
this type of policy requires knowledge of how neighborhood-specific public investments affect local
housing prices, and knowledge of how the value of the investment propagates and affects real
estate prices in other neighborhoods throughout the region. This is especially true of public transit
investments, since the transit network itself provides a direct mechanism for the value of public
investment to propagate across a region. This paper estimates the equilibrium effects of a large,
publicly funded, rapid transit investment on housing price differentials between neighborhoods
within and outside of the transit corridor.
We study the expansion of the Vancouver SkyTrain rapid transit network over period 2001-2011.
This period included the ‘Millennium Line’ and ‘Canada Line’ expansions of the SkyTrain network,
public investments totaling $3.2 billion.2 We use micro-data from the Canada Censuses (2001 and
2006) and the National Household Survey (2011), which includes information on households’ place
of work and residence, and other socioeconomic variables. We combine these data with GIS data
on the expansion of the SkyTrain sourced from the South Coast British Columbia Transpiration
Authority.
Using these data, we estimate an equilibrium sorting model closely following the theoretical
and empirical methodology of Bayer and McMillan (2012).3 We extend their framework by incorporating commuting time in the households’ utility function.4 This extension adds realism to
our equilibrium analysis, and allows us to estimate the equilibrium effects of the expansion of the
SkyTrain network using counterfactual simulation.
Our counterfactual analysis uses observed data from 2001 and our household utility preferences
estimates to quantify the effect of expanding the SkyTrain in the manner that occurred over the
1

For example, both the Greater Vancouver and the Greater Toronto and Hamilton Area are exploring land
value capture (TransLink Board of Directiors and Mayors’ Council on Regional Transportation, 2017; George Hazel
Consultancy, 2013).
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The capital cost the Millennium Line was $1.2 billion (Wales, 2008) and the capital cost for the Canada Line was
was $2 billion (Partnerships British Columbia, n.d.).
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Our estimation strategy uses Berry et al.’s (1995) two-stage estimator, following the methodology developed by
Bayer et al. (2004). As discussed in section 2, Bayer et al.’s (2004) methodology for estimating sorting models has
been applied in many papers in the urban economics literature.
4
Bayer and McMillan (2012) model household utility as a function of commute distance rather than time. Because
distance is fixed and does not depend on the transit infrastructure, it is not possible to explicitly model the effects
of changes to the a public transit network using their model.
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period 2001-2011. Our results indicate that the SkyTrain expansion increased the monthly housing
cost differential between neighborhoods with and without access to the network by $4.01. Much
of this appreciation is driven by price increases in neighborhoods where the expansion occurred,
where there is an increase of $5.13 in the monthly housing cost differential relative to the rest of the
region. However, neighborhoods with access to the pre-existing SkyTrain network are also affected,
as the monthly housing cost differential between these neighborhoods and the rest of the Vancouver
region increase by $1.47.
To evaluate the importance of household sorting in response to the SkyTrain expansion we
consider two counterfactual equilibria: i) A short run equilibrium where housing prices respond
to the SkyTrain expansion but households’ residential location is fixed; ii) A sorting equilibrium
where households relocate to maximize their utility and housing prices adjust due to the transit
investment. The majority of the price adjustment occurs in the short run, whereas household
sorting induces only minor changes to the equilibrium vector of housing prices. This result implies
that the pattern of housing price appreciation is largely determined by the reductions in commute
times for households that commuted within the SkyTrain corridor before the expansion occurred.
The remainder of the paper is organized as follows: section 2 discusses the literature that is
related to this project, section 3 describes the empirical setting and data used in this paper, section
4 describes the theoretical model, estimation, and identification, section 5 presents the results of
the empirical application, and section 6 concludes.

2

Related Literature

The theoretical and empirical framework for our paper builds on the residential sorting equilibrium
literature, pioneered by Bayer et al. (2004). Their model has been used to estimate the value of
open space (Klaiber and Phaneuf, 2010), to estimate preferences for school quality (Bayer et al.,
2007), and to analyze the impact of preferences for commuting distance on residential segregation
(Bayer and McMillan, 2012). This paper contributes to this literature by integrating a model of
household commute times into the framework of Bayer and McMillan (2012). This extension allows
us to estimate the effect on housing prices from the expansion of the SkyTrain, using counterfactual
simulations that capture the observed changes in the transit network over the period 2001-2011.
Our focus on housing prices is related to the extensive literature analyzing the effects of rapid
transit lines on real estate prices with hedonic regressions. Examples from this literature include
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Dewees (1976) and Bajic’s (1983) analysis of Toronto subway lines, and Dubé et al.’s (2013) analysis
of a Montreal commuter rail line. In modeling commute times, our work is also related to BaumSnow and Kahn (2000), who also develops measures public transportation access and estimates the
effect of improving access on dwelling prices. Another paper that is closely relate to our research is
Cohen and Brown (2017), who also studies the Canada Line expansion of the SkyTrain and its effect
on the value of different types of commercial property in Vancouver. These papers largely rely on
reduced form regression analysis to identify the effect of transit investment on housing prices. We
compliment this literature by using a residential sorting equilibrium model to estimate the effects
of a rapid transit line expansion on housing prices. To our knowledge, our counterfactual exercises
provides the first equilibrium analysis of how the value of a large transit investment propagates and
affects real estate prices across neighborhoods within a city. These network effects are important,
as we show that housing prices in neighborhoods with pre-existing access to the SkyTrain network
experienced appreciation relative to the rest of the Vancouver region.

3

Empirical Setting and Data

Vancouver’s first SkyTrain rapid transit line opened in 1986 and extensions to this line opened
between 1989 and 1994. This first SkyTrain line is now called the Expo Line and is shown in
Figure 1 in black. The Millennium Line opened in segments between 2002 and 2006, and is shown
in Figure 1 in blue. The Canada Line, shown in red, opened in 2009 and connects downtown
Vancouver to the suburb of Richmond and the airport.
Our analysis includes 415 census tracts (CTs), corresponding to neighborhoods in our model,
in the Vancouver and Abbotsford-Mission census metropolitan areas (CMAs). CTs are small geographic areas with relatively stable boundaries and usually have a population of 2,500 to 8,000
persons (Statistics Canada, 2012). As population density increases, CTs are subdivided. Sixteen
percent of the 2001 CTs in these CMAs were split into multiple tracts by 2011. We create a constant geography for our analysis by using the 2001 CT boundaries to reconstitute CTs that were
subdivided in the 2006 and 2011 censuses.
Our household data comes from confidential micro-data from Statistics Canada’s 2001 and
2006 long-form Censuses and the 2011 National Household Survey (NHS). Most importantly, these
data include each household’s residential and workplace location at the CT level.5 These data
5

We refer to economic families and persons not in an economic family as households. We designate the household’s
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also include household income.6 The NHS includes households’ commute durations, but neither
the 2001 nor 2006 Censuses include these data; in Section 4.2 we describe how we address this
empirical challenge.
We calculate neighborhood characteristics from the Statistics Canada’s micro-data and Fraser
Institute school ratings.7 For each CT-year, we use the micro-data to calculate characteristics of the
representative dwelling including the percentage of dwellings in disrepair, the mean age of dwellings,
and the mean number of bedrooms. To calculate the mean monthly dwelling price, we use rent and
annual property taxes from these micro-data. Using municipal tax rates and the reported property
taxes, we infer assessed property values. To have comparable dwelling prices across owner-occupiers
and renters, we estimate the monthly user cost of housing for owner-occupiers following Bayer and
McMillan (2012).8 Using the Fraser Institute’s school performance ratings, we calculate elementary
school quality and secondary school quality based on the closest three respective schools to each
CT centroid.

4

Theoretical Model and Estimation Methodology

4.1

Theoretical Model

The theoretical framework for our analysis closely follows the sorting model of Bayer and McMillan
(2012). We consider an economy of N households that choose a neighborhood from a set of {1, ..., H}
alternatives, to solve the following utility maximization problem:
i
i
i
Xh + αInc
Inch + αPi rice P riceh + αcommute
commutei,h + ξh + ih ,
max Vhi = αX
h∈H

(1)

where Vhi is household i0 s indirect utility function; Xh is a matrix of neighborhood characteristics
that are exogenous to households’ neighborhood choice; Inch and P riceh are the average levels of
household income and housing prices in neighborhood h, which are endogenous to the equilibrium
of the model; commutei,h is the commute time required for household i to travel from neighborhood
work location as the primary maintainer’s workplace location.
6

All values are in constant 2001 dollars.
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8
Specifically, we regress the natural logarithm of monthly rent or assessed dwelling price on an owner-occupier
indicator and controls. We estimate this regression for each census subdivision; this allows appreciation expectations
to differ across census subdivisions.
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h to their workplace; ξh is the unobserved quality of neighborhood h, ih is a unobservable taste
shock that is specific to individual i and neighborhood h; and, αji is a the heterogeneous preference
parameter of individual i for attribute j, j ∈ {X, Inc, P rice, commute}. The preferences are defined
as αji = α0,j +α1,j inci , such that each household’s preferences vary with their heterogeneous income
level.
The probability that household i chooses neighborhood h depends on the households’ heterogeneous characteristics, and the full vectors of neighborhood characteristics across all H neighborhoods, Phi = fh (inci , X, Inc, P rice, commute, ξ). The functional form of this probability
function depends on the distributional assumption over the taste shock, ih . We follow Bayer and
McMillan (2012) in defining a sorting equilibrium as a pair of Hx1 vectors, P rice and Inc, and
a N xH matrix of choice probabilities, P , such that: i) Households choose the neighborhood that
P
i
maximizes utility; ii) Housing demand equals supply in each neighborhood, N
i=1 Ph = stockh , for
all h ∈ {1, ..., H}; and, iii) The set of choice probabilities, Phi , ∀i ∈ {1, ..., N } and ∀h ∈ {1, ..., H},
aggregates households’ income up to the equilibrium vector, Inc.
Our framework differs from Bayer and McMillan (2012) in that we incorporate commute times
in the household utility function, whereas they model household utility over commuting distances.
In reality, households’ disutility from commuting originates from the opportunity cost of their
time. Therefore, specifying household utility as a function of commute time rather than distance
brings the model closer to the actual economic factors that households evaluate when choosing
their residential location.
A second advantage of modeling commute times is that it provides the basis for a counterfactual
exercises that more directly capture the effects of a public transit investment.9 In section 4.2 we
propose a framework for modeling commute time as a function of commuting distance, population
density, and rapid transportation access. This framework allows us to simulate the equilibrium
effects of the expansion of Vancouver’s rapid transportation network over the period 2001–2011.
9
Bayer and McMillan’s (2012) counterfactual commuting simulations consider the equilibrium effects of reducing
household preferences for commuting distance. The authors note that these preference parameter estimates incorporate both the financial and psychic costs associated with commuting. As such, it is not possible to explicitly
partial out the effects a public transit investment using their methodology, which motivates our approach of modeling
commute time as a function of public transit infrastructure.
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4.2

Estimation

The methodology used to estimate the model presented in section 4.1 closely follows the two-step
procedure in Bayer and McMillan (2012). The first step uses maximum likelihood estimation,
with the likelihood function being defined by the assumption that the unobservable taste shock,
i,t
h,s , follows a Type I extreme value distribution. The superscript t is introduced to denote the
year of observation corresponding to the three Census years 2001, 2006, and 2011. In the first
step we estimate the heterogeneous components of households’ preference parameters, α1,j , j ∈
{X, Inc, P rice, commute} and α0,commute . We also estimate the mean indirect utility associated
with each neighborhood, δh,t , in the first step.10 In particular, δh,t is defined by the following
equation:
δh,t = α0,X Xh,t + α0,Inc Inch,t + α0,P rice P riceh,t + ξh,t

(2)

In stage two, the preference parameters α0,j , j ∈ {X, Inc, P rice} are estimated by regressing
the first-stage estimates of δh,t on the observable neighborhood-level characteristics on the right
hand side of equation (2). However, ordinary least squares (OLS) estimation of equation (2) will
produce biased estimates due to the correlation between unobserved neighborhood quality, ξh,t ,
and the endogenous neighborhood-level characteristics, Inch,t and P riceh,t . This is the familiar
endogeneity problem that arises when estimating differentiated products demand systems.
To address this endogeneity problem we use an instrumental variables (IV) identification strategy. We construct instruments using data in the censuses and NHS that indicate the census subdivisions (CSDs) where the households’ resided 5 years earlier. The instruments are constructed in
three steps. First, we define the sub-population of movers in each CT as households that reported
living in a different CSD 5 years earlier. Second, we calculate the median income and value of
housing for each CSD in Canada for each year of our data, 2001, 2006, and 2011. Third, for each
CT we calculate the average income and housing prices in movers’ former CSDs, where the averages
are calculated using the median values calculated in step two.
10

We construct household level characteristics to have mean zero so that the δh,t vector can be interpreted as
the vector of mean indirect utilities associated with each neighborhood in each year. To estimate each δh,t , we
use the contraction mapping algorithm described in Bayer et al. (2007). This contraction mapping algorithm is
defined
by the equilibrium market clearing condition that housing demand equals the housing supply in each year,
PNt i,t
i=1 Ph = stockh,t . Accordingly, the contraction mapping is implemented separately for each of the three years,
2001, 2006, and 2011. This contrasts with maximum likelihood estimation of the preference parameters, in which we
pool the three years of data. For the maximum likelihood estimation routine, we also make use of the independence
of irrelevant alternatives assumption that is implicit Bayer and McMillan (2012) and our model, which allows us to
estimate the model with a randomly selected set of ten percent of the alternatives not chosen by each household,
rather than the full choice set.
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The IV exclusion restriction requires that the unobserved neighborhood-level attributes in ξh,t
are not correlated with our instruments. This assumption is reasonable, given that the instruments
are constructed solely from the attributes of CSDs that are different from where households reside.
Our identification strategy relies on the assumption that the median characteristics of movers’
previous CSDs will be strongly correlated with the characteristics of neighborhood they relocate
to. This assumption is plausible, provided that households are motivated to choose neighborhoods
with similar characteristics when moving.
While these arguments provide support for our identification strategy, the empirical results in
section 5.2 raise concern regarding the possibility of weak identification. To address this issue, we
construct additional instruments using an approach that is motivated by Bayer and Timmins (2007).
Our approach to constructing these additional instruments leverages the equilibrium structure of
our sorting model, and involves five steps. First, we estimate equation (2) by IV using the our
original instruments (i.e. the instruments constructed from the data on movers’ former CSDs).
Second, using the first stage and second stage IV preference parameter estimates, we solve for
the equilibrium vector of prices that clears the housing market.11 Third, we calculate the average
income for each CT in each year. Fourth, we re-estimate equation (2) by IV, adding the modelderived prices and average income levels for each CT as additional instruments. Fifth, we iterate
on steps two to four until our IV estimates converge.
As previously noted, our model is distinct from Bayer and McMillan (2012) in that we incorporate commute times (rather than distances) in the household utility function. We observe commute
times in 2011 from the NHS, however commute times are not available in the Census data for 2006
and 2001.12 We therefore estimate the sorting model using predicted commute times, which are
generated from the output of the following regression model:
ln(commuteh,g,t ) = β0 + β1 ln(distanceh,g,t ) + β2 ln(distanceh,g )x1(SkyT rainh,g,t )
+β3 ln(population densityj,t ) + β4 ln(population densityk,t ) + νh + νg + uh,g,t ,

(3)

11

We follow Bayer and Timmins (2007) in setting the preference parameters associated with average neighborhood
income to zero, and by setting the vector of unobserved neighborhood characteristics ξh,t to zero. In this respect, the
equilibrium vector of prices reflects the exogenous characteristics of the CTs in households’ choice set.
12

In the 2011 NHS, we do not observe commute times for every CT pair. When estimating the sorting model, we
therefore use predicted commute times for all CT pairs in 2011, as well as for the two earlier census years (2001 and
2006).
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where (h, g) are origin-destination CT pairs; (j, k) are origin-destination CSD pairs;13 commuteh,g
is the median commute time between CTh and CTg ; distanceh,g is the Euclidean distance between
centroids of CTh and CTg ;14 1(SkyT rainh,g ) is an indicator that is equal to one if distance to
nearest SkyTrain station from the centroid of CTs h and g are each less than 2 kilometers, and is
0 otherwise; and νh and νg are origin and destination fixed effects respectively.
We estimate regression equation (3) using the observed median commute times from the 2011
NHS. While observed commute times are only available for 2011, all of the explanatory variables
in equation (3) are available for 2001, 2006, and 2011. This allows us to use the estimated coefficients and observed data to calculate predicted commute times for each CT origin-destination
pair for each of the three census years. These predicted commute times are used in the first
stage of estimating the sorting model. In our counterfactual analysis, we also use the regression
output of (3) to simulate the effects from the 2001-2011 expansions of the SkyTrain, by setting
1(SkyT rainh,g,2001 ) = 1(SkyT rainh,g,2011 ) and holding all other variables in equation (3) at their
observed values for 2001.15
Our approach to modeling commute times relies on the assumption that there are no structural
changes in model (3) over the observation period, 2001-2011. We acknowledge that this assumption
is unlikely to hold in reality and therefore we also estimate the sorting model using commute distance
in place commute time, as in Bayer and McMillan (2012). There are no qualitatively differences in
the preference estimates between the two specifications, and the quantitative differences between
two specifications vary only slightly. Given the similarities in the empirical results between our
benchmark specification and the model using commute distances, we believe that the core value
added of our approach is in the realism it adds to the counterfactual analysis. In particular, our
framework and data enables us to use the model to simulate the equilibrium effects of the SkyTrain
expansion over the period 2001-2011, by adjusting households’ access to the rapid transportation
network using the commute mode model given by equation (3).
13
CSDs are the next highest level of spatial aggregation above CTs. In our area of interest, there are 19 CSDs and
415 CTs.
14
We set distance equal to one kilometer, for commutes within a CT, distanceh,h = 1. This necessary since the
Euclidean distance between centroid CTh and itself is zero, which implies ln(distanceh,h ) = −∞.
15

ˆ
We set predicted commute times to zero for commutes within a CT, that is commute
h,g,t = 0 for h = g for all t.
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5

Estimation Results and Counterfactual Analysis

5.1

Commute Time Regression Results

Table 1 presents the OLS results for the commute time regression model given by equation (3).
The dependent variable is natural logarithm of the median reported household commute times
between CT pairs in the 2011 NHS. Our results indicate that commute times are increasing in
commute distance, however this effect is mitigated by access to the SkyTrain. A one percent
increase in distance is associated with a 0.457 percent increase in commute time for CT pairs
without SkyTrain access, compared with a 0.453 percent increase for CT pairs with access to
the SkyTrain. The population density variables are included in the model to capture congestion
effects at the more aggregated CSD level. The coefficients for the home CSD, j, population density
and destination CSD, k, population density are positive as expected. However, the coefficient
for population density in the destination CSD is much smaller and not statistically significant,
indicating that congestion in the home CSD is the more important determinant of commute times.
The commute time regression results are used to generate the predicted commute times that are
used in estimating the sorting model and in the counterfactual analysis, as per the methodology
described in section 4.2

5.2

Preference Estimates

Table 2 presents the sorting model preference estimates. The preference estimates indicate that
households with the average level of income experiences disutility from longer commutes, however
this effect is attenuated by having higher income.16 The positive coefficient on the interaction
between commute time and income is a counter-intuitive result, assuming that higher income
households have a higher opportunity cost of time. This result may be explained by related research
by Craig (2017) who models commute mode choice using a similar theoretical framework to this
paper and data from the 2011 NHS.17 In contrast with this paper, she finds that households’
disutility from commute time is increasing in income. The fact that controlling for commute mode
choice changes the sign of the interaction between commute time and income may be explained by
the fact that higher income households have more flexibility in their mode of transportation. That
16

For the remainder of this section, we refer to a “households with the average level of income” as the “average
household”.
17

Data on commute duration is included in the 2011 NHS, but not the 2001 and 2006 censuses, which prevents us
from studying commute mode choice in this analysis.
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is, higher income households may be more willing to tolerate a longer commute provided that they
can use private rather than public transportation.18
The two endogenous variables in the sorting model are average dwelling price and income.
The average household experiences disutility from neighborhoods with higher dwelling prices, although this effect is less severe for higher income households. This may arise if households with
higher income have greater disposable income to spend on housing. For the average household, the
preference estimate associated with average neighborhood income is positive, but not statistically
significant. The positive coefficient on the interaction between neighborhood and household income
is consistent with positive assertive matching based on income.
The next three variables capture the average characteristics of neighborhood dwellings: disrepair, age of housing, and the number of bedrooms. Not surprisingly, households dislike neighborhoods with dwellings in greater disrepair, and prefer neighborhoods where dwellings have more
bedrooms. These magnitude of both of these effects are intensified with income. These interaction effects may be explained by the fact that higher income households are more likely to be
homeowners, and thus are more directly affected by the costs and benefits associated with dwelling
characteristics. The positive coefficient on the age of housing may be explained by the average
household having an affinity for “character” homes. The negative coefficient on the interaction
with income may again be explained by the higher rate of home ownership amongst high income
households, and the higher repair costs associated with older homes.
The last three rows of Table 2 report the preference estimates associated with population
density and school quality. The average household prefers neighborhoods with higher population
density, presumably capturing the benefits associated with the amenities of metropolitan areas.
However the utility from population density is decreasing with income, perhaps reflecting higher
income households desire to live in residential neighborhoods with larger lot sizes. Households
prefer neighborhoods with higher primary and secondary school quality, and their preferences for
these characteristics increase with income. The large magnitude of the utility gains from secondary
school quality is consistent with research by Ries and Somerville (2010), who show that increases in
secondary school performance are associated with higher residential housing prices in Vancouver.
Table 3 reports the first and second stage IV estimates, which are generated in the second
step of estimating the sorting model. For purposes of comparison, the first column presents the
18

A related explanation maybe that higher income households prefer suburban neighborhoods located in the outskirts of the city.
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OLS estimates of equation (2). The next three columns present the IV estimates using the two
instruments derived from the characteristics of movers’ previous CSDs, as described in section
4.2. The F-Statistics for the excluded instruments are reported at the bottom of the first stage
results. For this IV specification the F-Statistics are small enough to raise concern regarding weak
identification.
Using the process described in section 4.2, we supplement the IV regression model with the two
additional instruments derived from the sorting model. The results of this second IV specification
are presented in the final three columns of Table 3. The IV diagnostic tests are sufficiently improved
by adding the additional model derived instruments. The F-statistics are sufficiently large to
soundly reject the null hypothesis of weak identification at any reasonable level of significance.
An additional benefit of the second IV specification is that the additional instruments allow us
to report the results of the test of overidentifying restrictions relating to IV exclusion restriction.
The p-value for the Hansen J-Static is reported at the bottom of Table 3, and indicates that null
hypothesis that the instruments are valid cannot be rejected at the ten percent level. The final
column of Table 3 presents the second stage IV estimates, which are the benchmark preference
estimates that are also reported Table 2.

5.3

Model Validation

Prior to performing counterfactual analysis, it is important to evaluate the ability of the estimated
model to fit the observed data. Using the estimated preference estimates, we solve the sorting
model for the equilibrium neighborhood vectors of housing prices and average income. In our
model validation exercises we regress the observed vector of housing prices on the model-derived
vector of housing prices, which we pool over the census years 2001, 2006, and 2011. Table 4 includes
two columns that correspond to an OLS and first-difference specification of this regression. The
results indicate that observed housing prices are highly correlated with the modeled prices, as the
R-squared statistic in the OLS regression is 0.98. The first difference of the model-derived prices
are also highly correlated with the observed first differenced prices, as the R-squared is 0.89. In
sum, the results in Table 4 indicate that the modeled housing prices capture the cross-sectional
and dynamic variation in the observed prices.
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5.4

Counterfactual Analysis

In this section we use our sorting model and preference estimates to study the effects of the expansion of the SkyTrain over the period 2001-2011. Each of the counterfactual exercises in this section
proceeds in four steps. First, we solve the model using the preference estimates and data on the
exogenous household and neighborhood variables for the year 2001. Second, we re-solve the model
using counterfactual predicted commute times that incorporate the 2002-2006 Millennium and 2009
Canada Line expansions of the SkyTrain. In this second step, all exogenous variables other than
SkyTrain access are held constant at their 2001 levels. Third, we normalize both modeled and
counterfactual housing price vectors to have the same mean as the observed vector of prices in
2001.19 Fourth, we examine the housing price changes of different sub-groups in order to identify
the differential impact of the transit expansion on neighborhoods on and off the SkyTrain network.
We repeat this four-step procedure in two separate counterfactual exercises. The first exercise
is a short run equilibrium analysis in which we solve for the equilibrium vector of housing prices
that clears the housing market, but fix households’ location to their observed neighborhood in the
2001 census. This short run equilibrium exercise thus examines the direct effect of the SkyTrain
expansion on housing prices, independent of equilibrium effects arising from household sorting. In
the second couterfactual exercise, we solve for the sorting equilibrium vectors of housing prices and
average income, by allowing households to optimally choose the neighborhood that maximizes their
utility given the endogenous vector of prices that clears the market housing market.
Figure 2 presents a ‘heat-map’ of the short run equilibrium change in modeled housing prices
arising from the expansion of the SkyTrain. Recall that the mean prices before and after the
expansion have been normalized to the mean of the observed prices in 2001. Therefore, modeled
prices changes that are greater than zero (orange-red) depict CTs that experience an appreciation
relative to the mean price change from the expansion. Conversely, modeled price changes less than
zero depict CTs that experienced a relative depreciation relative to the mean price change from
the expansion.
CTs with access to the Millennium and Canada Line expansions are clearly visible in Figure 2
in red, reflecting the fact that these CTs experience the largest appreciation. The fact that these
19
As in Bayer and McMillan (2012), the equilibrium to our sorting model is not unique. In particular, it can be
shown that the vector of households’ optimal neighborhood choices is invariant to adding an arbitrary constant to the
vector of equilibrium neighborhood housing prices. The implication of this characteristic of the equilibrium is that it
is not possible to quantify the mean change in housing prices from the expansion of the SkyTrain. We therefore focus
on the differential appreciation across different sub-groups of neighborhoods, while normalizing the average change
in neighborhood housing prices to zero.
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CTs experienced the largest appreciation is not surprising, since households commuting from these
CTs enjoy a shorter commute as a result of the expansion.
It is interesting that most CTs on the portion of the SkyTrain that existed prior to the expansion
(i.e. the Expo Line) also experience an appreciation in housing prices. This appreciation is due
to the fact that in 2001 there were many households that lived in CTs along the Expo Line, and
worked in CTs near the Millennium or Canada Line. In particular, 20 percent of households that
worked in CTs with access to the Millennium or Canada Line, resided in CTs with access to the
Expo line.20 Housing prices in these CTs are driven up by the reduced commute times of households
that commute to work in CTs with access to expansion lines of the SkyTrain.
Table 5 quantifies the short run equilibrium differential price changes from the SkyTrain expansion across different sub-groups of neighborhoods. The first panel of the table indicates that the
SkyTrain expansion results in an increase of $3.83 to the monthly housing cost differential between
neighborhoods with and without access to the rapid transit network. The second panel reports
a $4.72 increase in the monthly housing cost differential between neighborhoods serviced by the
expansion lines of the SkyTrain relative to other CTs in the Vancouver region. The final panel
reports a $1.56 increase in the monthly housing cost differential between neighborhoods serviced
by the Expo Line relative to other CTs in the region.
Figure 3 presents a heat-map of the sorting equilibrium changes in the modeled housing prices
arising from the expansion of the SkyTrain. The heat-map is very similar to Figure 2, indicating
that much of the appreciation is driven by lower commute times for households that resided on
the SkyTrain network prior to the counterfactual expansion. Comparing Tables 5 and 6 confirms
that there is little quantitative difference between the short run equilibrium and sorting equilibrium
price changes. This suggests that household sorting in response to the SkyTrain expansion was not
a major factor that contributed to housing price differentials across neighborhoods.
To summarize, our counterfactual sorting equilibrium analysis indicates that the SkyTrain
expansion increased the monthly housing cost differential between neighborhoods with and without
access to the network by $4.01. Much of this appreciation is driven by price increases in CTs with
access to the expansion, where there is an increase of $5.13 in the monthly housing cost differential
relative to other CTs in the region. However, CTs with access to the pre-existing Expo line
also appreciated, increasing the monthly housing cost differential between these CTs and the rest
20

Authors’ own calculation using micro data from 2001 Census. A CT is defined to have access to the SkyTrain if
its centroid is within two kilometers of a SkyTrain station, as previously defined in section 4.2.
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of the Vancouver region by $1.47. Our results suggest that the mechanism driving appreciation is
decreased commute times for households commuting to and from CTs along the SkyTrain expansion.

6

Conclusion

This paper studies the expansion of the Vancouver SkyTrain over the period 2001-2011. Our
results suggest that this public transit investment increased housing prices in neighborhoods in close
proximity to where the expansion occurred, but also in neighborhoods with access to pre-existing
segments of the network. We find that the relative appreciation of housing prices in neighborhoods
with access to pre-existing lines of the SkyTrain was 29 percent as large as the relative appreciation
experienced by neighborhoods with access to the expansion lines. To our knowledge, this is the
first quantification of the magnitude of network price effects of public transit investment.
Our results have important implications for tax policies that are designed to capture the private
housing price appreciation gains from public transit investment. We find that reductions in the
commute times of households that commuted within the SkyTrain corridor before the expansion
occurred largely account for the pattern of housing price appreciation. As such, a tax policy that
is intended to capture private gains from public transit investment should focus on how existing
commuting patterns in and out of the area of expansion may result in appreciation across the public
transit network.
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Appendix A - Figures
Figure 1: Vancouver Census Tracts and the SkyTrain Rapid Transportation Network, 2011.

Vancouver and Abbotsford-Mission Census tracts are displayed in gray, and have been re-defined to have a constant
geography over the 2001, 2006, and 2011 Censuses. Geo-spatial files for the Census tracts are sourced from Statistics
Canada. The three lines of the Vancouver SkyTrain light rail system in 2011 are displayed. The white dots define the
location of SkyTrain stations. Geo-spatial files for the SkyTrain are sourced from the South Coast British Columbia
Transportation Authority. The base map is sourced from ESRI, and uses spatial data from DeLorne, GEBCO, NOAA
NGDC, and other contributors.

17

Figure 2: Short Run Equilibrium Modeled Price Changes

Modeled price changes are calculated by authors using output from the short run equilibrium simulations of the
estimated model (see details in the text). The base map is sourced from ESRI, and uses spatial data from DeLorne,
GEBCO, NOAA NGDC, and other contributors.
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Figure 3: Sorting Equilibrium Modeled Price Changes

Modeled price changes are calculated by authors using output from general equilibrium simulations of the estimated
model (see details in text). The base map is sourced from ESRI, and uses spatial data from DeLorne, GEBCO,
NOAA NGDC, and other contributors.
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Appendix B - Tables
Table 1: Commute Time Regression Results
ln(commuteh,g )
ln(distanceh,g )
ln(distanceh,g )x1(SkyT rainh,g )
ln(population densityj )
ln(population densityk )
Constant

CT fixed effects (g and h)
Observations
R-Squared

0.457***
(0.0029)
-0.00361***
(0.0012)
0.147**
(0.060)
0.0572
(0.092)
-2.796***
(0.71)
Yes
31,925
0.54

Standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 2: Neighborhood Sorting Model Estimation Results
α0
commute
P rice
Inc
Disrepair
Age of Housing
N umber of Bedrooms
P opulation Density
P rimary Schools Quality
Secondary Schools Quality

Household Observations
Census Tracts

-1.257***
(0.001)
-6.953***
(0.45)
1.093
(2.02)
-4.217**
(1.85)
3.547***
(0.87)
2.013***
(0.33)
0.476**
(0.21)
5.525***
(0.98)
11.70***
(1.46)

α1
commute x inc
P rice x inc
Inc x inc
Disrepair x inc
Age of Housing x inc
N umber of Bedrooms x inc
P opulation Density x inc
P rimary Schools Quality x inc
Secondary Schools Quality x inc

0.194***
(0.004)
0.051***
(0.012)
5.157***
(0.043)
-1.152***
(0.125)
-0.621***
(0.042)
0.04***
(0.009)
-0.236***
(0.01)
0.894***
(0.045)
0.376***
(0.056)

249,985
415

Second-stage regression includes constant and year 2006, and 2011 indicator variables. The number of observations
has been rounded to base 5, as per Statistics Canada’s vetting regulations. Standard errors are in parentheses. ***
p<0.01, ** p<0.05, * p<0.1.
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Table 3: Neighborhood Sorting Model - Second Stage Estimation and IV Diagnostic Results
Estimator/Stage in 2SLS:
Dependent Variable:
P rice
Inc
Disrepair
Age of Housing
N umber of Bedrooms
P opulation Density
P rimary Schools Quality
Secondary Schools Quality
1(Y ear = 2006)
1(Y ear = 2011)
Constant

OLS
δ
-1.366***
(0.079)
1.665***
(0.28)
-1.914***
(0.71)
-3.194***
(0.27)
0.0875
(0.057)
-0.250***
(0.080)
-0.947***
(0.27)
1.920***
(0.37)
-0.0230
(0.064)
0.127*
(0.066)
0.917***
(0.29)

M overs Inc
M overs P rice

2SLS/1st
P rice

2SLS/1st
Inc

-0.295
(0.29)
1.223***
(0.11)
0.338***
(0.018)
0.143***
(0.032)
1.117***
(0.10)
1.682***
(0.14)
-0.237***
(0.030)
0.0908***
(0.034)
-1.797***
(0.11)
-0.478***
(0.12)
0.379***
(0.13)

-0.269***
(0.082)
0.120***
(0.030)
0.140***
(0.0052)
-0.0107
(0.0091)
0.308***
(0.029)
0.477***
(0.040)
-0.0294***
(0.0085)
0.0473***
(0.0098)
-0.267***
(0.032)
0.0338
(0.034)
0.0840**
(0.038)

1,245
0.55
2
8.336
5.910

1,245
0.68
2
8.336
5.910

2SLS/2nd
δ
-4.105***
(0.86)
4.683
(3.58)
-2.145
(1.43)
-0.293
(1.22)
0.563
(0.62)
0.136
(0.16)
1.236
(1.58)
5.120**
(2.44)
-0.500**
(0.21)
0.284
(0.29)
-3.645*
(1.99)

M odel Inc
M odel P rice
Observations
R-squared
Number of Instruments:
F-Statistic (Price)
F-Statistic (Inc)
p-value (J-Statistic)

1,245
0.43
0

1,245
-0.16
2
8.336
5.910

2SLS/1st
P rice

0.180
(0.30)
0.180
(0.14)
0.0243
(0.029)
0.0377
(0.041)
-0.0376
(0.15)
0.0377
(0.18)
-0.0676**
(0.030)
-0.0585*
(0.034)
0.0951
(0.19)
-0.161
(0.11)
0.204
(0.13)
0.705
(0.57)
0.977***
(0.071)
1,245
0.61
4
54.77
31.57
0.141

2SLS/1st
Inc

0.176**
(0.089)
0.330***
(0.043)
0.107***
(0.0086)
0.0730***
(0.012)
0.0187
(0.044)
0.248***
(0.054)
-0.0211**
(0.0089)
0.0241**
(0.010)
0.0492
(0.056)
0.0593*
(0.033)
0.0399
(0.037)
1.794***
(0.17)
-0.0294
(0.021)
1,245
0.71
4
54.77
31.57
0.141

2SLS/2nd
δ
-6.953***
(0.45)
1.093
(2.02)
-4.217**
(1.85)
3.547***
(0.87)
2.013***
(0.33)
0.476**
(0.21)
5.525***
(0.98)
11.70***
(1.46)
-1.120***
(0.18)
0.895***
(0.21)
-9.987***
(1.15)

1,245
-2.62
4
54.77
31.57
0.141

Standard errors are in parentheses and are clustered at the census tract level; *** p<0.01, ** p<0.05, * p<0.1. The
reported F-Statistics are for first stage F-tests of the excluded instruments, reported individually for each of the
endogenous variables.
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Table 4: Model Validation Regressions
P rice Observedh
P rice M odeledh

0.934***
(0.0035)

∆P rice M odeledh
Constant

84.57***
(4.67)
1,245
0.98

Observations
R-squared

∆ P rice Observedh

0.936***
(0.012)
4.306*
(2.40)
830
0.89

Standard errors are in parentheses; *** p<0.01, ** p<0.05, * p<0.1

Table 5: Differential Price Changes Across Neighborhoods - Short Run Equilibrium

Mean
Neighborhoods

Mean
Neighborhoods

Mean
Neighborhoods

1(SkyT rain) = 0

1(SkyT rain) = 1

|Dif f |

-1.26
(0.0238)
274

2.56
(0.1974)
135

3.83***
(0.1989)

1(SkyT rain) = 0 OR
1(Expansion Line) = 0

1(SkyT rain) = 1 AN D
1(Expansion Line) = 1

|Dif f |

-0.74
(0.0619)
345

3.98
(0.3207)
64

4.72***
(0.3267)

1(SkyT rain) = 0 OR
1(Expansion Line) = 1

1(SkyT rain) = 1 AN D
1(Expansion Line) = 0

|Dif f |

-0.27
(0.1286)
338

1.29
(0.0965)
71

1.56***
(0.1607)

Standard errors are in parentheses; *** p<0.01, ** p<0.05, * p<0.1
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Table 6: Differential Price Changes Across Neighborhoods - Sorting Equilibrium

Mean
Neighborhoods

Mean
Neighborhoods

Mean
Neighborhoods

1(SkyT rain) = 0

1(SkyT rain) = 1

|Dif f |

-1.33
(0.0329)
274

2.69
(0.2345)
135

4.01***
(0.2368)

1(SkyT rain) = 0 OR
1(Expansion Line) = 0

1(SkyT rain) = 1 AN D
1(Expansion Line) = 1

|Dif f |

-0.8
(0.0641)
345

4.33
(0.3936)
64

5.13***
(0.3987)

1(SkyT rain) = 0 OR
1(Expansion Line) = 1

1(SkyT rain) = 1 AN D
1(Expansion Line) = 0

|Dif f |

-0.25
(0.1441)
338

1.21
(0.0934)
71

1.47***
(0.1717)

Standard errors are in parentheses; *** p<0.01, ** p<0.05, * p<0.1
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