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Abstract
The demand for housing is heavily influenced by access to employment opportunities. The cost of gasoline determines, in part, the cost of such access and therefore
the relative demand across markets with varying commuting needs. Locally exogenous gasoline price movements demonstrate the causal impact of higher fuel costs
on housing markets: a shift of market demand towards real estate markets with less
costly commutes. Higher fuel prices increase the value of real estate with shorter
commutes and easier access to driving alternatives relative to more driving dependent homes. Every incremental $1 per gallon of gasoline reduces home values by
0.143 percent for every additional mile relative to counter-factual markets, or $5,200
for the average home and commute. This translates into a discount rate of 6.4 percent, comparable to mortgage rates for the period. The findings describe an efficient
real estate market and emphasize the urgency of proper energy policy.
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Introduction

In recent decades in the United States, the rise of the automobile and the decline of real
gasoline prices has led to a decline in commuting costs and an increase in urban sprawl.
As a consequence, Americans now commute very long distances. The average commuter
takes 26 minutes to travel 15.8 miles to work, spending almost an hour a day in their
car. That equates to national lost wages of over $379 billion each year.1 Commuters
endure this because they have moved farther from their jobs to areas abundant with
space and larger, cheaper homes in the suburbs and exurbs (commuter towns, bedroom
communities). Millions appear to have chosen greater housing consumption in the form
of lower density at the cost of commuting. A large part of that cost comes from buying
enormous amounts of fuel: an average 818 gallons of gasoline a year that makes up 5
percent of household budgets.2 In this paper, I ask what, then, is the effect of changing
gasoline prices on the real estate market?
Gasoline’s relationship to housing prices is not immediately salient because large
switching costs mean commuters are unlikely to move in response to changes in commute
costs. Households will first substitute to more efficient vehicles, carpool, or take public
transit. Gas prices will still impact housing transaction values because those households
that are already relocating will face a choice between higher housing prices and higher
commute costs. The trade-off faced by active buyers will be altered by changes in gasoline prices which in turn will differentially affect the demand for housing in markets with
different commuting costs.
Herein, I empirically demonstrate and quantify this trade-off by using variation in
national gasoline prices that are exogenous to the localized relative prices and transaction
quantities for housing with long or short commutes. I focus my analysis on changes in
the slope of the relationship between housing value and commute distance (the rental
gradient).3 Put simply, I explore what happens to the price premium of short commute
1

See Table 1 for summary statistics on commuting. The U.S. Census estimated 2000 national average
earnings at $43,000 or $21.5 per hour.
2
BLS consumer expenditure survey.
3
The urban economics literature has extensively studied the cross-sectional relationship between prices

1

housing (e.g. high density urban markets) over long commute housing (e.g. suburban
low density) when gasoline prices rise and fall. I have collected housing market data
(transaction prices and quantities) with a level of detail that allows me to compare the
price differential within a given market over time, and pool the differential over many
markets in the United States.
The data show a consistently negative relationship between high commute costs and
real estate demand and that higher gasoline prices steepen the implied rental gradient
for metropolitan areas. The empirical approach differences out all factors common to a
metropolitan statistical area (“MSA”) or time period, such as business cycles or regional
economic conditions, that relate to housing demand. That is, I limit the analysis to
the interaction of time and spacial shocks, which amounts to a continuous differencesin-differences estimation. I regress home values on the interaction of gasoline prices and
several measures of commute intensity while controlling for time, market, and MSA fixed
effects.4 This is made possible by 15 years of high frequency, highly localized real estate
market metrics from Zillow.com. The empirical design assesses the impact to housing
demand driven only by gasoline costs, controlling for all commute factors such as the opportunity cost of time or the distaste for congestion. The estimation controls for spurious
relationships with period and market fixed effects and enlist several other market metrics
to address endogeneity concerns. Results are shown to be very robust to specification,
sample choice, and data formulations.
The effect is large: a $1 increase in the price of a gallon of gasoline reduces home
values by .143 percent per commute mile, or $5,200 for the average home and commute.
I then compare this asset repricing to the size of the change in the cost stream of fuel to
estimate an inter-temporal discount rate that is approximately equal to borrowing costs
during the period, 6.4 percent.
The variation at the center of this identification strategy stems from macroeconomic
and location (Atack and Margo, 1998; Bryan and Sarte, 2009) and between prices and commute (Tse and
Chan, 2003). Yet the field has largely ignored the importance of changing commuting costs in quantifying
the rental gradient and have ignored changes in the slope of the gradient shown here.
4
I subsequently regress monthly transaction quantities on the interaction to reinforce the interpretation
of results as a demand shock.
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forces that cause volatility in oil prices which in turn varies current gasoline prices. So
how do current gas prices relate to the demand for a long lived asset? Evidence from the
literature shows that gas prices follow a random walk, so the current gasoline price forms
the expectation of future gas price levels.5 Moreover, survey evidence tells us that consumer expectations of future gasoline prices are in fact consistently close to current prices,
irrespective of growth, level, or volatility (Anderson et al., 2010). Consumers consistently
report a ‘no-change’ forecast, that current prices will persist into the future.6 Prolonged
higher expenditure on gasoline because a house has a long commute will ultimately affect
the willingness to pay for that house. Consumer’s sensitivity to gasoline price movements
should therefore weigh heavily on the housing market.
This paper presents evidence overturning in part and extending in part the results
of Molloy and Shan (2013), which leverages similar variation and assumptions about gas
price expectations to study housing supply.7 Molloy and Shan use a discrete differences-indifferences model to assess the impact of gasoline prices on real estate prices for especially
long duration commutes, whereas I focus on a continuous measure of distance. Their use
of a time-based commute measure fails to find an effect of gasoline price movements on
housing prices. They conclude that the shift in housing demand is absorbed completely
by a change in the quantity of housing stock, implying that the supply of housing is
implausibly perfectly elastic.8
A lack of price effect with regards to commute time should be expected since travel time
does not well differentiate gas intensive and non-gas intensive commutes in denser urban
5

Inter-temporal movements in gasoline prices are largely driven by movements in the price of oil.
Hamilton (2009) provides the most recent econometric evidence that oil prices follow a random walk
without drift.
6
Consumers also suffer from status-quo biases (Kahneman et al., 1991) that will further induce them
to expect future gas prices to be permanent. This is not to say that consumers expected gas prices to
remain constant, but rather that their best guess of the future price is today’s price.
7
Erath and Axhausen (2010) visits this topic for very different European markets using stated preference data and simulation and conclude housing location is affected by fuel costs. Cortright (2008) also
reviews this topic using a descriptive approach which suggests a relationship between fuel prices and real
estate but does not measure or statistically test the relationship.
8
The authors also present evidence that housing stock increases in response to gas prices. Such a
supply response is consistent with supply responding to rising housing prices if the short run housing
supply curve is upward slopping.
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areas with lots of traffic congestion.9 I am able to replicate the zero effect of commute
time but I then find a significant price response for distance which is consistent with a
model of market sorting. I then extend the analysis i) by adding a public transportation
accessibility metric which provides an alternative commute cost differentiation and ii) by
adding evidence in housing transaction volume which demonstrates the shifting of demand
from long distance to short distance markets.
This paper presents evidence of the substitution effect of gasoline price shocks: demand
of already active home buyers shift from some markets to others. Sexton et al. (2011) even
argue that the income effect of a gasoline price spike led to a substantial shift out of the
housing market altogether leading up to the housing collapse in 2007. Such a response is
a natural extension of the extensive literature which has shown that demand shifts to less
fuel intensive assets in the auto market (Klier and Linn, 2010; Kahn, 1986; Gillingham,
2010). Collectively, the literature (including this work) suggests consumers can, and do,
respond to gas price changes by reducing leisure driving, buying more fuel efficient cars,
shortening their commute by choosing homes closer to employment, or even downsizing
total consumption.
The evidence presented here adds to the understanding of that trade-off by demonstrating how and where transit costs have profound impacts on real estate markets. Agarwal et
al. (2015) have shown that higher transit reduce retail real estate values, suggesting this is
a quite general response of markets. From a practical viewpoint, the demand response has
important implications for policymakers. Suboptimal energy policy, like unduly low fuel
taxes, will cause consumers to buy too far from employment. High switching costs will
cement that choice for decades into housing, underlining the need for better energy policy
now. From a broader view, the collective findings herein outline a remarkably efficient
real estate market which is populated with sophisticated agents that respond quickly and
rationally to new economic realities today and tomorrow. Such a conclusion is intriguing
9

Moreover, Molloy and Shan restrict estimation to a discrete differences-in-differences model, comparing only zip codes with an average commute of less than 24 minutes to those with longer commutes.
Discretization imposes error on the treatment group definition which attenuates estimates. The analysis herein also implements a continuous difference-in-differences approach which allows for a continuous
treatment gradient.
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when one considers actors in the real estate market are average consumers who are making
infrequent and complicated purchases.

2

Motivation for the Commute-Rental Gradient

To motivate the mechanism by which commute costs affect real estate prices, consider
the following simple stylized model of a world with two housing choices, Long commute
homes with a utility level of uLi and Short commute homes with utility uSi .10 Consider
the choice between two homes by agents that have already decided to move out of their
existing home. Agent i has some marginal disutility, θi , for commuting any distance dj
and pay some price Pj to buy a house in each location j. That is, agent i chooses the
greater of:
uLi = αL − θi dL − PL

(1)

uSi = αS − θi dS − PS
and would then choose type L if and only if uLi > uSi , implying
αL − θi dL − PL > αS − θi dS − PS
αS − αL
PS − PL
> θi +
= θi + µi
dL − dS
dL − dS
where µi is an individual’s distance adjusted utility premium (or discount) for choosing
type L. In this simple world, the price premium for the short commute (per extra mile)
must be greater than the sum of the extra cost of commuting plus the utility premium
for short commutes.
Let us next assume that the housing markets in each location have a fixed stock. A
ranking of θi + µi will then sort agents into the two markets. PS and PL (or more precisely
10

This type of hedonic sorting model is inspired by Bayer et al. (2009). It is related to the original
literature on product differentiation where demand varies along some continuous measure (distance)
because consumers have the same preferences but different incomes (Gabszewicz and Thisse, 1979) or
same income but differing preferences for that distance (Mussa and Rosen, 1978).
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(PS − PL ) ) are bid up and down so that markets clear. With a sufficiently large and
continuous distribution of consumer preferences, prices will adjust until some marginal
household (indexed k) is just willing to choose type L and Equation 2 will hold with
equality:
PS − PL
= θk + µk
dL − dS

(2)

The left hand side is the negative of the slope of the rental gradient. For the rental
gradient to be negative, we need only for θk , the cost of commuting for the marginal
agent, to be sufficiently large or for µk > 0. Then the above will be positive implying
PS > PL because dL > dS and the rental gradient will be negative.
P
PS

PS −PL
dS −dL

PL
dS

dL

d

The disutility of commuting, θk will vary with costs of commuting which includes, among
other things, gasoline prices. I then leverage the exogenous variation in θk which is a
function of gas prices. The empirics below generally test the sorting embodied in the
model above. More specifically, if θk = Pgas × β + ηk , where ηk is all other non-fuel
disutility from commuting, I quantify β, the pass-through of gasoline costs to housing
demand through the rental gradient. To accomplish this, I need gasoline prices, a way
to distinguish between long and short commutes, and the relative prices in the housing
prices for different periods when the gas prices vary.

6
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Data

The ideal data set for measuring the effects of commute costs on real estate would bring
together household level information on real estate valuation and commute costs. For
instance, a survey of every home buyer’s commute distance, time, mode, and gas expenditure that also collect the price paid for the home would allow for the identification of
the distribution of θi across consumers. Such individual data does not exist so this study
brings together the necessarily aggregated data on housing values, gas prices and housing commute characteristics. This aggregation restricts identification to a single average
marginal effect on prices and quantities, but still identifies shifting of demand within
metropolitan areas. This still requires the collection of real estate data covering a large
portion of the U.S. with enough geographic specificity to study commute patterns and
panel length to leverage gasoline price movements. I have collected housing data from Zillow.com which offers a unique and novel source for housing data. Zillow aggregates sales
data from real estate listings services (“MLS”) and local government recorders including
housing characteristics, exact location, and sales history. Zillow then makes available the
monthly median sales value and the number of sales in each locality.
In addition to tracking raw data, Zillow imputes an index of home values in each
neighborhood that uses a hedonic valuation to re-weight sales data by the observable
characteristics of the homes. This measure is cleverly marketed as a Zestimate.11 This
metric is particularly important in my setting because the type of homes that sell in any
particular month may be correlated with the general macroeconomic conditions of the
period, which will be correlated with the demand for other goods, such as commodities
like gasoline. If the observables (such as location, number of bedrooms, etc.) are indeed
the determinants of willingness to pay for home buyers, then the index provides some
protection against the selection of home sales across periods. Other indexes, such as
the popular Case-Schiller index, use repeat home sales to control for this selection bias.
11

Zillow is surprisingly accurate in predicting value: 75 percent of all actual sales are within 20 percent
of prediction and the median error is only 8.5 percent. For more information on this index (named the
Zindex), see http://www.zillow.com/wikipages/What%27s-the-Zillow-Home-Value-Index/.
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Although less efficient at controlling for selection, the hedonic Zestimate reduces the bias
while still preserving the geographic specificity that is required to measure within-MSA
commute gradients.
Proportion of Proportion of
Sold For

Market

Sales

A

B

C

2-car garage

$300,000

80%

80%

$240,000

$240,000

3-car garage

400,000

20%

20%

80,000

80,000

$320,000

$320,000

Period 0 - $2/gallon

Value Index

Sales Index

D=A*B

E=A*C

Period 1 - $3/gallon
2-car garage

296,100

80%

60%

236,880

177,660

3-car garage

394,800

20%

40%

78,960

157,920

$315,840

$335,580

To see this plainly, consider the calculation, shown above, for a hypothetical market
with a long commute which is composed of two types of homes: 2- and 3-car garages.
Let us assume that the 2-car garage homes are 80 percent of the housing base and sell
for for $300,000. The remaining 20 percent are $400,000 3-car garage homes. In Period
0, imagine that the proportion of the home sales are representative of the market: 80
percent of sales are 2-car garages. Period 0 would then show an average sales price of
$320,000, which properly reflects the value of the overall housing base. If in Period 1,
there is an increase in the price of fuel, then the 2-car garages decline in value to $296,100
and the 3-car garage homes fall to $394,800.12 Imagine, however, that the mix of home
sales in this period also reacts to the change in fuel. If more of the 3-car garage homes,
being inhabited by more commuters, are more likely to sell and relocate, then their mix
of housing sales will rise from 20 percent to, say, 40 percent. In this case, the average
recorded transaction price will be weighted by transaction quantities and will rise to
$335,580. The perceived rise in the sales index is then driven by the mix of homes on the
market. If the garage type is observable to Zillow, then the hedonic valuation will control
for this effect and properly reflect the true home value of the market housing base, which
has in fact fallen to $315,840.
12

These reflect a drop in value of 1.3 percent which are the primary results shown in Section 5.

8

The use of weighted value or observed sales is therefore a choice and both results are
presented below. Results of the analysis are qualitatively similar with recorded median
sales price and imputed home values because the index and sales price data closely correlate. This is because the temporal variation in all real estate indices is driven by sales
data. Moreover, the Zillow index and the Case-Schiller index have a historical correlation
of .95 because variation in both are driven by variation in month to month home sale
prices.13
Zillow compiles sales data and value indexes for several subcategories of homes such
as all homes, all single family homes, three bedroom homes, two bedroom homes, condominiums, and others. The analysis which follows considers all single family homes because
multi-unit housing is a small portion of the market and is usually less liquid and therefore
less responsive to market forces.14 These data are collected at the zip code level, monthly,
from 1996 through 2010. Only a selected subset of 8,801 U.S. zip codes are tracked in
the Zillow data.15 More heavily populated areas are represented so that the data cover
two-thirds of the national population but only 7,552 of these zip codes are in MSAs.16
These rich panel data provides substantial cross sectional and temporal variation in home
values, which facilitates the estimation strategy discussed below.
The important regressor, gasoline price, is taken from the U.S. Energy Information
Agency’s (“EIA”) regional data. This data, with monthly recordings for each of the 9 U.S.
Census region, provides detailed time series variation but little cross sectional value. The
ideal gasoline data would track zip code level prices at monthly intervals but no available
data covers the scope of metropolitan areas and panel length required. Metropolitan
and state level gasoline prices are available for the past several decades and is adequate
to identify the effect because the largest variation in gasoline prices is the importantly
exogenous temporal volatility which is determined largely by global macroeconomic forces
13

http://www.zillow.com/blog/2008-03-18/zillow-home-value-index-compared-to-ofheo
-and-case-shiller-indexes/
14
Results for multi-unit housing types are shown in Table A-4 of the Appendix.
15
For comparison, there are 19,000 zip codes in the census data.
16
I further exclude 6 zip codes because they have fewer than 500 persons and are assumed to be
administrative, bringing the matched sample to 7,546.
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(Borenstein et al., 1997; Hamilton, 2009).17 National gas prices range from around $1.27
per gallon in the off-season of 1996 to $4.10 in the summer of 2007.18

19

Gas prices and housing prices are naturally correlated over time because asset prices
and commodity prices are both pro-cyclical. To assess the causal effect of gas prices
on housing prices, I compare the relative change in high and low commute areas. This
comparison is shown visually in Figure 1. Gasoline is more volatile than housing prices
but exhibits some periods of general stability early in the sample followed by a period of
general upward trend culminating in unprecedented levels in 2007-2008 and a crash. The
difference in value between long (60 miles or the 95th percentile) and short (5 miles or the
5th percentile) commuting zip codes for one MSA are shown to have a similar history.
True commute profiles for each zip code will depend on more than just distance to an
arbitrary urban center. Geography, infrastructure, demographics, and industrial makeup
create substantial variation in commute needs across neighborhoods. Complete data on
all determinants of commute costs are not available at the granularity required to fully
leverage the available housing price data. The 2000 U.S. Census long form collected
data on a wide variety of revealed commute behavior, including the residence location,
workplace location, means and duration of commute. In their work, Molloy and Shan rely
on a simple dummy for long commute travel time. But this increases both with distance
needed to travel (moving miles to a suburb) and with density (moving blocks within an
urban neighborhood). Substantial variation in commuting duration exists between areas
within the same MSA that need not correlate with gasoline usage.
To better proxy for reliance on gasoline, I introduce two additional distance measures
17
The use of regional gasoline prices is not meant to imply that gasoline price shocks uniformly impact
prices within metropolitan areas. Home values in suburban areas may fall because prices rise in urban
centers or in the suburbs and in either case metro average prices are shown to rise.
18
The nominal gas price is used throughout the analysis. Adjusting gas prices for non-food and energy
inflation increases the magnitude of the primary results slightly.
19
In robustness checks, I use an alternative EIA data set which contains state level gasoline prices
which are only compiled annually so that much of the valuable temporal variation is lost, and many of
the states’ prices are imputed using state price indexes rather than directly observed gasoline prices. The
state level data are therefore valuable only as a check on the importance of the change in cross section
of national prices. Results do not vary significantly between gas data sets as discussed in the robustness
appendix.
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Figure 1: Gas Prices and Real Estate Values
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The premium for living in areas with short commutes rises and falls with gasoline prices.

derived from the 2000 Census. The Department of Transportation publishes the Census
Transportation Planning Products (“CTPP”) package which include cross-tabulations of
commuters counts by residence and workplace census tract. That is, counts are provided
for each origin and destination tract pair. I aggregate these data to the zip code level and
compute the distance traveled for each residence zip code to all workplace zip codes.20 This
provides a full distribution of the commute distance for each zip code. The specifications
below use a zip code average distance for simplicity.21
The locational sorting that drives market price movements will be driven by initial
commuting conditions, as measured by the static census data. This is done because many
commuters now travel to employment concentrations outside of the traditional central
business district (“CBD”) (Marlay and Gardner, 2010). Initial conditions may not truly
capture the commuting patterns needed, however, if there are preexisting sorting trends
that are reversed mid-period by the gasoline price hikes of the mid-2000s. For instance,
20

The aggregation is a weighted average of reported distance for census tracts in each zip code.
Computing the distance for each tract pair and then aggregating would provide a more accurate
measure of average distance, but is computationally difficult given then number of census tracts involved.
21
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consider an outlying exurb that has a high proportion of short distance commuters in 2000
but sees a massive influx of commuters in the mid 2000s which then flee after high gas
prices. Because the 2000 census data does not reflect the late arriving commuters, survey
data would make an actually large commuting area look like a low commuter district.
To completely eliminate any sorting effects in survey data, I also consider the Euclidean
distance from each residence zip code to the CBD of the zip code’s MSA. There is little
relevant guidance in the literature for identifying the CBD of each MSA so I compute the
business density of each zip code using data from the U.S. Postal Service on registered
business addresses. The most business intensive zip code is determined to be the CBD.
The Euclidean distance is computed using the coordinates for each zip code’s geographic
centroid. This distance is a rough proxy for the proximity of the zip code to the urban
center of every MSA. This measure is an alternative to CTPP reported distance travel,
but not a superior measure because many workers will not commute to the CBD, and
is therefore less complete than the CTPP tabulations. To the extent that MSAs are
polycentric, this measure represents the distance to the densest, likely the largest, of the
business districts.
Next, I extract the number of commuters by transportation mode choice from census
data and compute the fraction of commuters who drive to work for each zip code and hold
it static over the sample, preserving the ‘fixed’ built environment. This is a geographically
detailed index of revealed modal choice. This is the best proxy available to capture the
gas need of each zip code created by the local built environment. This rate of driving
is therefore an alternative measure of commute costs, the difficulty of finding driving
alternatives, and it distinguishes different neighborhood responses to changes in gas prices.
The measure is heavily skewed because most Americans drive to work; in the median zip
code, over 92 percent of commuters drive alone to work and the interquartile range is
only 6 percent. There is still ample variation in the percentage of commuters who drive:
the top 1 percentile of zip codes only see rates of 97 percent and only a handful of zip
codes are censored. The large sample size of the Census means this metric is derived
with a tremendous amount of granularity and that even small changes in this proportion
12

represents real shifting of commute behavior.
Table 1: Summary Statistics By Housing Type
Variable
Mean
Std. Dev.
N
Homes Sold
40.829
34.292
664145
Median List Price
306343.713 266489.239 206152
Median Sales Price
242299.307 189538.052 573815
Median Value
247759.234 210158.721 1068011
Gas Price
2.155
0.761
1068011
Average Actual Commute Distance (Miles)
14.387
5.64
1068011
Percent Drivers
89.282
7.998
1068011
Distance to Central Business District (Miles)
32.493
24.369
1068011
Average Drive Time (Minutes)
26.044
4.99
1068011

Table 1 shows the summary statistics for the assembled data set with three components: real estate data, gas price data, and 4 different commute measures which includes
the two new metrics (actual distance and percent drivers) as well as two conventional
measures (distance to CBD and commute duration).
The model in Section 2 demonstrates the intuition that commuting costs will encourage
homeowners to pay more for proximity to employment. With the data available, it is
possible to estimate the magnitude of that trade-off. However, such an estimation is
fraught with problems of identification. Since this value is determined in equilibrium,
this trade-off reflects many of the determinants of housing demand. Commuting means
are correlated with factors such as density, income, education, crime rates, schools, and
so on. The appendix discusses the issues involved and presents a descriptive estimation
of the gradient magnitude where the negative relationship between prices and commute
measures persists when controlling for observables.
Figure 2 displays a simple unconditional gradient by plotting price and commute
intensity, the percentage of commuters in each zip code who drive to work (a proxy for
the cost of using non-driving costs). Imposing linearity on the gradient makes the analysis
of changes in the gradient tractable and is shown in the appendix to be a reasonable fit.22
I drop the top and bottom one percent of commuting zip codes by distance from this study
22

The robustness checks in the appendix also relax this restriction with qualitatively similar results.
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Figure 2: Commute Price Gradient
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A plot of commute intensity and average housing price for each zip code in the sample demonstrates the trade-off between housing value and commute distance. This is the rental gradient
which steepens in response to higher gasoline prices.

which facilitates a linear fit of the gradient. These are unusually urban districts where
driving is uncommon and completely rural areas where commutes are erratic. Figure 2
displays the relationship between commute needs and value across all national zip codes.
This gradient fits for the proportion of commuters who drive, but such a relationship is
not observed for more precise measures of commuting distance in a national cross-section.
The proximity to value trade-off that is the rent gradient, is MSA specific. The
difference in value between urban and suburban Chicago swamps the value differences
within Youngstown, OH. Therefore, any modeling of the commute valuation must allow
for region-specific price-commute gradients. Figure 3 shows the relationship between
mean reported commuter distance and housing values. In the left pane, the national
cross-section shows a positive relationship between commuting distance and home values.
This erroneously compares zip codes across markets because it suffers a classic Simpson’s
paradox. All Youngstown zip codes will have lower values compared to Chicago but
shorter average commutes because it is a smaller town. But, within each MSA, there is
14

a negative relationship between value and commute distance. The right panel of Figure
3 shows a fit of distance and residuals from regressing value on income and MSA fixed
effects. Thus, it is clear that additional controls are needed to specify the gradient which
is changed by gas prices.
Figure 3: Changes in MSA Specific Commute to Value Profiles
Residuals
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Linear fits of data as in Figure 2 with the scatter plot omitted for clarity. The trade-off between
commute distance is erroneously positive when comparing the national sample. The right pane
accounts for MSA specific levels. Periods of high gas prices then have a steeper rental gradient.
Plot excludes top and bottom 1 percent distance outliers for presentation.
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Estimation

In the remainder of this paper I examine a plausibly-exogenous shifter of this relationship.
Gas price fluctuations will affect the desirability of living in a home in different magnitudes
within the same MSA. Figure 4 illustrates the geographic variation in the magnitude of
the housing price movements within the Boston MSA. The shading on the right pane
separates the treatment into buckets with varying degrees of treatment as segregated by
the proportion of commuters who drive. There is a strong visual correlation between zip
codes hit hardest by the housing collapse and the fraction of those zip codes with a high
proportion of households that drive to work alone. The differential effect of the treatment
15

Figure 4: Geographic Variation in Effect - Boston MSA Example
Value Decline 2007−2010
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The left map depicts each zip code’s decline in value from 2007-2010, in percentages. While
some zip codes experiences increases of 11%, some declined as much as 50%. The right map
shows the percentage of commuters in each zip code that drive to work. The largest losses are
in areas with high driving rates (low public transit use).

presents an opportunity for a differences-in-differences estimation of the effect of gasoline
prices on home prices. The treated homes are those with high driving rates over long
distances, and they are treated when gas prices are high. Note, however, that unlike a
typical differences-in-differences approach, there is no clear discrete delineation between
the treated and untreated.23
The continuous nature of commute distance means that discretization limits the interpretation of marginal effects. In a single differences model, estimates can only provide
the difference of the averages between groups. This is useful when there are clear delineations between treatment groups or when relationships are highly nonlinear. Increasing
the number of bins will allow for a more flexible fit of the data and more robustly estimate
differences between groups.
A natural extension of the discrete approach is to interact the continuous measure
of commute distance with continuous gas prices. This parametrically assumes that the
impact of gas prices varies linearly in magnitude with commuting distances. I refer to this
23

This is one of the assumptions made by Molloy and Shan (2013).
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approach as a continuous differences-in-differences model. The underlying identification
is similar to a discrete model: longer commuters will be more intensely treated by a
change in gas prices than shorter commuters. A one dollar increase in gas prices will
result in a greater decrease of home values in long commute neighborhoods than in short
commute areas. The commute measures are continuous and so the treatment effect can
also be conceptualized as a change in a continuous relationship between commute profiles
and the outcome variable. This effect is demonstrated visually by returning to Figure 3
and comparing the curves in different time periods. There is a marked steepening of the
trade-off in the period of higher gas prices in the right pane, where inter-MSA differences
are eliminated. This plot is obviously anecdotal; it represents only two points in time
and does not control for other variables that are correlated with both driving habits and
housing value. The level shift up in values is driven by the macroeconomic housing boom,
and cannot be attributed to gasoline. But it demonstrates the type of effect, a change in
trade-off, that gas prices will have.
To estimate the housing price response with the full sample of data, I regress the
log of housing value on gas prices, a measure of commute intensity, and the interaction.
The interaction is the treatment effect on the treated. To more flexibly control for crosssectional variation in housing prices, I include zip code level fixed effects (δz ). These
subsume all time-invariant variables at the zip code level, including the direct commute
measure. I then include time fixed effects (γt ) to difference out the co-integration of gas
prices and housing values. This absorbs any purely spurious temporal variation in housing
values, but does not completely subsume the gasoline base effects because it still varies
across regions providing some cross sectional identification. The logical differences-indifferences specification is therefore:
˜ tr + δz + γt + zrt
ln(M edianV alue)zrt = α + β˜1 Gastr × Commutez + β2 Gas

(3)

where β˜1 is the coefficient of interest, t indexes periods, z indexes zip codes and r indexes
census region. The coefficient is identified through zip code, month-specific deviations

17

in the housing price index and the error term, zrt , is any such variation which is not
explained by commute costs.
Note that current gasoline prices are used in accordance with expectations shown in
Anderson et al. (2010). Since Zillow records most of its data from MLS, outcomes should
reflect current gasoline prices but reporting may be delayed by up to 3 months if public
records are required and escrow periods delay reporting. The appendix therefore presents
estimates using gasoline prices lagged 1 and 3 months with nearly identical estimates
demonstrating that any recording error is not confounding the main results.
I demonstrated above that the price gradient is specific to each MSA. Inter-MSA
variation in commute distance can confound intra-MSA variation because there are large
regional differences in commuting conditions. I am interested in evaluating the effect
of commuting costs on relative prices within each MSA. The distance, Commutez , in
Equation 3 should therefore be the distance relative to other zip codes within the same
MSA. This is the residual of absolute distance after removing a base MSA mean distance
by including fixed effects µm :
Commutez = µm + RelativeCommutez
RelativeCommutez = Commutez − µm

(4)

Substituting Equation 4 into 3 gives the fully controlled specification with the interaction:
ln(M edianV alue)zrt = α + β˜1 Gastr × (Commutez − µm )

(5)

+β˜2 Gastr + δz + γt + zrt
ln(M edianV alue)zrt = α + β1 Gastr × Commutez − β2 Gastr × µm

(6)

+β3 Gastr + δz + γt + zrt
A complete specification can therefore use an absolute measure of Commutez directly.
This derivation shows that the specification need only to allow for MSA specific responses
to gas prices. In the robustness checks shown in the appendix, I replace this term with a
18

dummy for each year in each MSA (i.e. MSA-by-year fixed effects) with similar results.
This completely isolates within-MSA variation in both the left and right hand side of the
specification.
There are many sources of endogeneity to be concerned about when assessing the
effects of gas prices on real estate values. This specification eliminates all purely timeinvariant mechanisms and purely temporal mechanisms. For example, the fact that innercity areas have naturally higher real estate values and also tend to have higher gas prices
is differenced out. Recall that Commutez is held static for the entire sample, which
eliminates any sorting endogeneity. All cross-sectional levels, and therefore differences,
are isolated from the coefficients of interest. Macroeconomic cycles in asset prices and
gasoline demand are differenced out. The seasonality of gasoline demand and real estate
activity are controlled for. There are two remaining concerns: zip code specific time
trends in real estate value, and correlates of the driving metrics that also have changing
relationships with gas prices (or a correlate of gas prices). I address these and other
specification robustness concerns in the appendix.

5

Results

Table 2 shows the estimates of the model for 3 analysis that use alternative definitions
of commute ‘distance’.24 A negative coefficient on the interaction term implies that an
increase in gas prices leads to a larger drop in home values for longer commuting zip codes
than shorter commutes. The estimates demonstrate that an increase in driving cost has an
average effect on all areas with longer commutes. Both specifications include time and zip
code fixed effects as discussed above and are weighted by population levels. The weighting
better estimates a representative national coefficient.25 Adapting this coefficient for use
24

The fourth measure, distance to the CBD is shown in the appendix and is not qualitatively different
from the primary distance metric.
25
Failing to weight the regression by population results in negative but smaller and insignificant coefficients because generally more populated areas will have steeper price gradients. Estimates of price
gradients are shown in the Appendix. Larger MSAs have significantly steeper gradients with respect to
commute than smaller MSAs.
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Table 2: Main Results

Gas x Distance

(1)
-0.00143∗∗
(0.000583)

Gas x Commute Time

(2)

(3)

-0.00120
(0.000729)

(4)
0.0000283
(0.000680)
-0.000287
(0.000838)

-0.00295∗∗∗ -0.00293∗∗∗
(0.000533) (0.000536)

Gas x Percent Drivers

Gas Price

0.0883
(0.0601)

0.0866
(0.0578)

0.327∗∗∗
(0.0791)

0.330∗∗∗
(0.0740)

Constant

11.70∗∗∗
(0.0750)
YES
YES
YES
YES
7546
1068011

11.70∗∗∗
(0.0750)
YES
YES
YES
YES
7546
1068011

11.71∗∗∗
(0.0743)
YES
YES
YES
YES
7546
1068011

11.71∗∗∗
(0.0743)
YES
YES
YES
YES
7546
1068011

Time FE
Zip FE
MSA FE x Gas
Population Weights
Zipcodes
Unweighted N

Dependent variable is the log of median value of single family homes in each zip code. Longer
commuting neighborhoods see a greater drop in housing value relative to shorter commutes; a
steepening of the rental gradient in response to higher gasoline prices. Standard errors, clustered
on the state, are shown in parentheses.
∗ p < .1,∗∗ p < .05,∗∗∗ p < .01

of any given MSA should be done with caution.
Column 1 therefore presents the best estimate of the average effect of plausibly exogenous national gasoline shocks on the relationships between distance and value. A
coefficient of -.00143 can be thought of as the change in distance to value trade-off resulting from a one dollar increase in the price of gasoline. That is, a one dollar price rise
increases the size of the reduction in the value of the median home which drives an extra
mile by .14 percent. Buying a home that is one standard deviation further away from
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work (8.9 miles) then costs 1.3 percent more for every dollar per gallon increase:
β=

∆V alue
⇒ ∆V alue = β × (∆Distance × ∆GasP rice)
(∆Distance × ∆GasP rice)
⇒ ∆V alue = −.00143 × 8.913 × $1 = −0.013

For the national average median value of $229,749, 1.3 percent is $2,928. This is the
change in value when moving one standard deviation further away from work. Recall
that these estimates are relative movements in value, but if we consider the relationship
perfectly linear and fix the zero commute home values, we can gauge the effect of gasoline
price movements on average home values. With an average national commute of 15.78
miles, a $1 increase in gasoline reduces the median home value by 2.3 percent or $5,184.
To put this in context, “between 1975 and 1995, real single-family house prices in the
United States increased an average of 0.5 percent per year” (Himmelberg et al., 2005).
Columns 2 presents the estimation using commute time as an alternative intensity of
treatment indicator. Commute time is the average one way travel time to work, in minutes, for all drivers in the zip code. There is no significant response of the commute time
gradient because time does not well delineate the cost of a change in gasoline price. The
point estimate is negative just like the distance interaction and it is similar in magnitude
at freeway speeds.26 The lack of significance is due to the increased noise in using time to
measure gasoline cost impacts. Driving farther directly requires more gasoline consumption but driving longer does not require any more gas if the extra commute time is caused
by congestion. Therefore, distance is a better commute gradient for this purpose which is
why the work by Molloy and Shan incompletely models the relationship between energy
prices and real estate. There are multiple dimensions along which commute intensity
matters.
Columns 3 and 4 together reveal that the price response is dominated by areas that
have better access to alternative transportation modes. When many proxies for high
26

At 60 miles per hour, traveling one mile takes one minute and so the coefficients are directly comparable for freeway commutes.
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commute areas (i.e. time, distance, and mode) are included, only the driver percentage
interaction retains statistical significance. A negative and significant coefficient on this
term means that that an increase in gas prices leads to a larger drop in value of zip
codes that have the higher proportion of drivers. Higher gas prices increase commute
costs for longer distances but not necessarily enough to cause switching to alternative
transportation modes. I call this the extensive margin response. The proportion of the
population that drives to work best delineates gasoline’s effect on real estate values.27
Recall that the relationship between gas prices and the level of housing prices is not
identified because time fixed effects difference out all uniform level shifts. The identified
coefficients actually represent the effect of gas prices on the differential between high
and low driving neighborhoods. As depicted in the right pane of Figure 3, a level shift
is not identified, but rather the change in slope of the relationship is. A change in a
relationship is difficult to contextualize. For a coefficient of -.00293, the premium on a
home with 10 percent (almost a one standard deviation shift) fewer drivers increases by
2.9 percent for every dollar per gallon price increase. As an example, the median home
value in Rutherford, NJ (where 76 percent of commuters drive) was $106,000 higher than
Patterson, NJ (where 86 percent drive) in 2007. A one dollar rise in the price of gasoline
would increase that premium by $3,080.
This is also a fairly large movement in home prices, but additional data are needed
to conclusively prove that gasoline prices are actually shifting relative demand. To properly pin down demand movements, I collect additional real estate market outcomes from
Zillow. Table 3 presents the preferred specification for additional market outcomes: the
quantity of homes sold, median list price, and the median actual transaction price.28 Together, these help to reinforce the interpretation reiterated in Column 1 and address many
concerns about endogeneity.
The use of median housing value as the dependent variable has the advantage of
27

Driving in this context means driving alone, carpoolers are not included in the Percent Drivers
measure. The effect of a change in the price of gas on carpoolers are dampened because they share the
cost of fuel. Although it might be optimal to consider this group separately from public transit users, I
simply lump all non-solo drivers into a single control group for simplicity.
28
This table also adds the distance to the CBD because it becomes significant for the list price metric.
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Table 3: Additional Housing Market Metrics
(1)
Median Value
-0.00298∗∗∗
(0.000525)

(2)
Median Sales Price
-0.00348∗∗∗
(0.000554)

(3)
Homes Sold
-0.00256∗∗∗
(0.000446)

(4)
Median List Price
-0.00103
(0.000763)

Gas x Distance

-0.0000867
(0.000674)

0.00128∗
(0.000659)

-0.00591∗∗∗
(0.00169)

0.000314
(0.00120)

Gas x Distance to CBD

0.000202
(0.000189)

0.000210
(0.000207)

0.0000212
(0.000405)

-0.000383∗
(0.000225)

Gas x Commute Time

-0.000268
(0.000843)

-0.00208∗∗
(0.000885)

0.00590∗∗∗
(0.00164)

-0.000589
(0.000919)

Gas Price

0.335∗∗∗
(0.0743)

0.420∗∗∗
(0.0748)

0.646∗∗∗
(0.0805)

0.0428
(0.0951)

Constant

11.71∗∗∗
(0.0743)
YES
YES
YES
YES
7546
1068011

12.44∗∗∗
(0.256)
YES
YES
YES
YES
7917
663837

2.536∗∗∗
(0.102)
YES
YES
YES
YES
8082
779228

12.03∗∗∗
(0.145)
YES
YES
YES
YES
11522
318446

Gas x Percent Drivers

Time FE
Zip FE
MSA FE x Gas
Population Weights
Zipcodes
Unweighted N

Dependent variable is the log of the indicated metric for all single family homes in each zip code.
The responses to gas prices are consistent with a change in relative demand. Standard errors,
clustered on the state, are shown in parentheses. ∗ p < .1,∗∗ p < .05,∗∗∗ p < .01
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representing the total impact of gasoline on the entire market. The variation in the
Zestimate is driven by recent transactions, but the precise formulation of the value is
somewhat opaque. To ensure that the metric is properly capturing the effect, Column 2
demonstrates the results are qualitatively similar, and in fact larger in magnitude, when
actual sales values are used in place of the Zindex. Column 2 thusly shows estimates that
include the selection bias. If homes with particularly nasty commutes are passed over
by home buyers in months of large gasoline shocks, a selection effect will bias this effect
downward and explain the larger magnitude.
Column 3 shows that market transaction volume drops with both distance and driver
proportion. The current month’s sales quantity and transaction price together reflect the
conditions of the real estate market. This confirms the hypothesis that demand is shifting
away from high commuting/driving areas towards more conveniently (centrally) located
areas. This is an important piece of evidence that rules out the possibility of an omitted
variable bias caused by aggregate demand shocks. Figure 5 visualizes the implications.
High density, and thus low commuting, real estate markets tend to have lower supply
elasticities (Saiz, 2010). Aggregate demand shocks that correlate with gas price shocks
would then push out demand and raise prices faster at lower commuting neighborhoods,
introducing a negative bias into the coefficients of Column 1. But increasing demand
would increase market quantity faster for the more elastic market (longer commuters),
which would be a positive relationship between volume and the interaction term. The
likelihood of any such bias is therefore very small because the sizably negative coefficients
of Column 3 are inconsistent with an aggregate demand shock. Conversely, an aggregate
demand contraction would be consistent with quantity movements but not the price premium increase. A supply shift can be ruled out by the same logic: a shift out of supply
in only the long commute markets as assumed by Molloy and Shan (2013) would raise
relative quantity but lower relative price which is not observed. The evidence points to
a change in relative demand; demand for long commutes decrease and demand for short
commutes increase when gas prices rise.
The nature of supply response is not the focus of this paper, but Column 4 presents
24

Figure 5: Quantity Movements Evidence Relative Demand Shifts
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0

An increase in price premium PL <PS could be consistent with relative demand shock or aggregate demand shocks with certain relative supply elasticities. Taken together with evidence that
0
0
QL <QS (see Table 3), only a relative demand shift is consistent.

an opportunity to gauge how sellers respond to gasoline prices: they don’t. The list price
coefficients are very tight zeros, indicating that the median list price does not move in
response to commute costs. This is anecdotal evidence that sellers are not cognizant of
the commute needs of home buyers. The increased discrepancy between sales prices and
list prices reflects the nature of the bargaining process between buyers and sellers. Buyers
presumably lower their bids for long commuting homes in periods when commute costs
are expected to be high. This lowers the final transaction costs. This differing geographic
response in bargaining is an interesting question that shall be left to future work.
So far, I have only leveraged the full national sample, but the data allow for alternative
sample compositions which provide insight into the market forces at work. The estimation approach can identify MSA specific responses because the within MSA differences
vary in their responses to gasoline prices. While there is sufficient variation to identify
responses in many markets, the median number of zip codes in each MSA is only 22.
Therefore statistical power is weak in identifying such geographically specific estimates.
The estimates vary across MSA but are generally negative. The variance of estimates is
not surprising when the slope of the rental gradient itself varies substantial across cities
and the estimates at hand are a measure of changes in those varied gradients. A review of
the MSA level estimates reveals that gasoline response is dramatically stronger in larger
25

Table 4: Estimates by MSA
Coefficient (Std Error)
Largest National MSAs

Selected MSAs

Smallest National MSAs

-0.00368
-0.00290
-0.01614
-0.00377
-0.00133
0.00095
-0.00786
-0.00348
-0.00454
-0.00225
-0.00084
0.00113
-0.00214
-0.00137
-0.00360
-0.00124
-0.00372
0.00050
-0.00451
-0.00383

(0.00095)
(0.00070)
(0.00215)
(0.00111)
(0.00090)
(0.00199)
(0.00250)
(0.00238)
(0.00115)
(0.00154)
(0.00086)
(0.00100)
(0.00183)
(0.00229)
(0.00118)
(0.00140)
(0.00149)
(0.00202)
(0.00103)
(0.00263)

0.00120
-0.00111
0.00797

(0.00166)
(0.00267)
(0.00280)

-0.00416
-0.00236
-0.00133
0.00685
-0.00616
0.00024
-0.00127
0.00568

(0.00508)
(0.00273)
(0.00147)
(0.00152)
(0.00748)
(0.00090)
(0.00090)
(0.00260)

**
**
**
**

**
**

**
**
**

MSA
New York, Northern New Jersey, Long Island, NY-NJ-CT-PA (C)
Los Angeles-Riverside-Orange County, CA (C)
Chicago-Gary-Kenosha, IL-IN-WI (C)
Washington-Baltimore, DC-MD-VA-WV (C)
San Francisco-Oakland-San Jose, CA (C)
Dallas-Fort Worth, TX (C)
Atlanta, GA
Philadelphia-Wilmington-Atlantic City, PA-NJ-DE-MD (C)
Boston-Worcester-Lawrence, MA-NH-ME-CT (C)
Miami-Fort Lauderdale, FL (C)
Seattle-Tacoma-Bremerton, WA (C)
Denver-Boulder-Greeley, CO (C)
Cleveland-Akron, OH (C)
Minneapolis-St. Paul, MN-WI
Phoenix-Mesa, AZ
Portland-Salem, OR-WA (C)
San Diego, CA
Detroit-Ann Arbor-Flint, MI (C)
Tampa-St. Petersburg-Clearwater, FL
St. Louis, MO-IL
Merced, CA
Nashville, TN
Knoxville, TN

**

Fort Smith, AR-OK
Clarksville-Hopkinsville, TN-KY
Corvallis, OR
Dubuque, IA
Elmira, NY
Flagstaff, AZ-UT
Jackson, MI
Wheeling, WV-OH

**

**

(by population) metropolitan areas. Table 4 shows estimates of the mileage coefficient
for the largest and smallest areas. Conditional on population, MSA average income, land
area (and therefore density), home values, and commute distance are insignificantly correlated with the estimated coefficient.29 This implies that larger MSAs with their thicker
markets and steeper rental gradients are more responsive to changes in transportation
costs, which is not surprising.
I turn now to interpreting the magnitude of the effect. We can compare the coefficients to the actual cost increase of the price increase in gasoline and, with a few modest
assumptions, calculate a back-of-the-envelope implied discount rate. Table 5 outlines the
calculations: A 15.8 mile one-way commute adds up to 7,890 annual miles for a 50 week
year. For a fixed fleet mileage of 23.9 miles per gallon, that is an extra 330.13 gallons of
gasoline consumed.30 A one dollar per gallon increase then costs an additional $330.13
per year. The market prices in this increased cost by adding the $5,184 to the premium of
not having to commute. The ratio of the durable good (savings through proximity) and
29
30

Based on a descriptive regression of MSA-level coefficients on the MSA’s average demographics.
This is the fleet current mileage according to the Environmental Protection Agency.
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the consumption stream (paying for the gasoline to commute) yields an annual discount
rate of 6.37 percent.31 By comparison, the national average 30 year fixed rate mortgage
was 6.65 percent during this period, and the 15 year fixed rate was 6.19 percent.
Consumers seemed to dispassionately and efficiently factor in commuting costs when
shopping for homes. In prior work, consumers have been found to be forward-looking
when valuing durable goods that are related to energy consumption (Rapson, Forthcoming). The literature produces an enormously wide range of discount rate estimates over
a myriad of products. Hausman’s (1979) seminal work on the demand for durable goods
(household appliances) estimates discount rates of 20 percent. Busse et al. (2009) have
found substantially lower rates of 1.1 percent in auto purchases. By comparison, 6.4 percent discounting, which is in line with financing costs, is evidence of a much more rational
consumption decision. Homes stand out as the largest transaction private consumers will
likely execute and perhaps the magnitude of the purchase hones the rationality of the
consumer response.
Table 5: Calculation of Implied Discount Rate
Description

Value

Unit of Measure

Calculation

One Way Commute (National Average)
Annualized
EPA fleet mileage
Gasoline Consumed Per year
Change in Gas price
Gas Cost Increase

15.78
7,890
23.90
330.13
1.00
330.13

miles
miles
miles/gal
gal
$/gal
$

A
B=A*2*5*50
C
D=B/C
E
F=D*E

Estimated Coefficient
Percentage Change in Value
Mean Median Value
Change in Median Value

-0.00143
-0.023
229,749
-5,184

∆ln($)/miles/($/gal)
∆ln($)
$
$

G
H=A*E*G
I
J=H*I

Implied Discount Rate

6.37%

31

K=-F/J

This assumes the consumption stream persists in perpetuity because the resale value will capitalize
the cost in as well. We must assume that the commute needs of any real estate market will be fixed, at
least in expectation, for lack of any information to the contrary.
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6

Conclusion

This paper explores the implications of changing gas prices for the real estate market. A
simple, stylized model demonstrates that housing values depend on commute requirements
and that the changes in the cost of commuting will alter the relative value of housing in
different markets. Empirical evidence is explored using a novel data set from Zillow.com
using geographic heterogeneity and temporal variation in gasoline prices. These data are
far richer in both detail and coverage than previously found in the literature. It allows
for more refined definitions of commutes which turn out to be important.
The findings are twofold: First, the premium in value for housing with short commute
distances increases as gas prices rise (the intensive margin). The trade-off between a
home’s associated commute distance and its price increases. Every one dollar per gallon
reduces the value of the median home by $329 (.143 percent) for every additional commute
mile, or $5,184 (2.3 percent) on average. Second, the premium on housing with respect
to driving rates rises as gas prices rise (extensive margin effect) where driving rates are
the percentage of commuters who get to work by driving alone which proxies for access
to alternative modes of transportation.
The linkage between the choice of housing location and energy costs have some surprising implications. Higher gasoline costs will increase the desire to live in centrally located
areas and raise the values of inner city homes. But that raises the rental value and therefore the costs (opportunity or direct) of living in urban centers near work. Urbanites will
face higher costs of living because of higher gas prices, regardless of whether they drive a
car. Higher gas prices therefore raise the cost of living uniformly (across income), adding
to the evidence that gasoline taxes would be regressive even if economically efficient. The
evidence above implies that public transit alternatives increase the value of homes when
gas prices rise, and do so for even the lowest density areas.
Taken together, the findings herein paint the picture of a responsive, rational, and
efficient real estate market. It responds quickly and appropriately to changes in energy
prices, a fundamental factor in sorting between real estate markets. The response in
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market transaction quantity, sales price and listing price all confirm that the real estate
market experiences an increase in demand for housing with lighter commutes and a decrease in demand for heavier commutes. Sellers do not alter their listing prices as they
are unaffected by commute costs. Markets drive down prices of homes in areas with long
commutes and up in areas with shorter commutes. The magnitude of the price movements
compare well against the incremental cost of fuel imposed by the required commute. And
households discount at market rates, which is logical since they can easily borrow against
home values at that rate (and are considering such borrowing when the valuation is made).
Considering the complexity and consequences of large purchase like a family’s home, it is
reassuring to see economic agents respond so judiciously to changes in market conditions.
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