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Abstract
We present the ﬁrst nationwide index of directly-measured land values by metropolitan area and investigate their relationship with housing prices. Construction prices and geographic and regulatory
constraints are shown to increase the cost of housing relative to land. On average, approximately
one-third of housing costs are due to land, with an increasing share in higher-value areas, implying an elasticity of substitution between land and other inputs of about one-half. Conditional on
land and construction prices, housing productivity is relatively low in larger cities. The increase in
housing costs associated with greater regulation appears to outweigh any beneﬁts from improved
quality-of-life.
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Introduction

Households spend more on housing than any other good, and the value of housing depends fundamentally on the land upon which it is built. Land values can vary tremendously, reﬂecting the
scarcity of the many heterogeneous amenities and labor-market opportunities to which land provides access. They also reﬂect opportunities for development, as land that cannot be built on generally has little private value. Land values are quite possibly the most fundamental prices examined
in spatial and urban economics.
Accurate data on land values have been notoriously piecemeal, although data on housing values are widespread. Housing values can differ considerably from land values, partly because of
the labor and material costs of producing housing structures. The topographical nature of a land
parcel’s terrain can also inﬂuence the quantities of inputs needed to produce housing structures.
Restrictions and regulations on land use can raise expensive barriers to building, which can lower
the efﬁciency with which housing services are provided to occupants, creating what is often referred to as a “regulatory tax.” While these regulations may be costly, they could also provide
beneﬁts to local residents by promoting positive neighborhood externalities, or curtailing negative
ones. Whether land-use regulations are welfare improving is perhaps the most hotly debated issue
in the microeconomics of housing.
Here, we provide the ﬁrst inter-metropolitan index of directly-observed land values that covers
a large number of American metropolitan areas, using recent data from CoStar, a commercial real
estate company. This index varies far more than a similarly constructed index of housing values;
the two indices are strongly but imperfectly correlated, with potentially informative deviations. We
use duality methods (Fuss and McFadden 1978) to estimate the cost relationship between housing output and input prices using these land and housing-value indices, together with indices on
non-land input prices and other measures. This supply-side approach to valuing housing strongly
complements the demand-side approach to studying housing prices, based on housing’s proximity
to local amenities and labor-market opportunities.
Our analysis provides a new measure of local productivity in the housing sector, which we infer
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from the difference between the observed price of housing and the cost predicted by land and other
input prices. This productivity metric is a summary indicator of how efﬁciently housing inputs are
transformed into valuable housing services within a metropolitan area. It is also a novel indicator
of local productivity in sectors that produce goods not traded across cities. This measure may
be contrasted with measures of productivity in tradeables sectors, such as in Beeson and Eberts
(1989) and Albouy (2009). Using recent measures by Gyourko, Saiz, and Summers (2008) and
Saiz (2010), we investigate how local housing productivity is inﬂuenced by natural and artiﬁcial
constraints to development arising from geography and regulation.
We ﬁnd that, on average, approximately one-third of housing costs are due to land: this share
ranges from 11 to 48 percent in low to high-value areas, implying an elasticity of substitution between land and other inputs of about 0.5 in our baseline speciﬁcation. Consistent estimation of
these parameters requires controlling for regulatory and geographic constraints: a standard deviation increase in aggregate measures of these constraints is associated with 8 to 9 percent higher
housing costs. We also examine disaggregated measures of regulation and geography and ﬁnd that
approval delays, supply restrictions, local political pressure, and state court involvement predict
the lowest productivity levels, although our estimates are imprecise.
Overall, housing productivity differences across metro areas are large, with a standard deviation equal to 23 percent of total costs, with 22 percent of the variance explained by observed
regulations. Contrary to assumptions in the literature (e.g. Shapiro 2006 and Rappaport 2007) that
productivity in tradeables and housing are the same, we ﬁnd the two are negatively correlated. For
example, the San Francisco Bay Area is extremely efﬁcient in tradable industries, and extremely
inefﬁcient in producing housing, largely because of its regulations and geography. In general, we
ﬁnd housing productivity to be decreasing, rather than increasing, in city size, suggesting that there
are urban diseconomies of scale in housing production. Additionally, we ﬁnd that lower housing
productivity associated with land-use regulation is correlated with a higher quality of life, suggesting that households may value the neighborhood effects these regulations promote. However, the
welfare costs of lower housing productivity appear to outweigh these beneﬁts.
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Our transaction-based measure differs from common measures of land values based on the
difference between a property’s entire value and the estimated value of its structure only. Davis
and Palumbo (2007) employ this “residual” method successfully across metro areas, although as
the authors note, “using several formulas, different sources of data, and a few assumptions about
unobserved quantities, none of which is likely to be exactly right.” Moreover, the residual method
attributes higher costs due to inefﬁciencies in factor usage – possibly from geographic and regulatory constraints – to higher land values. This may explain why Davis and Palumbo often ﬁnd
higher costs shares of land than we do.1
A number of studies have examined data on both housing and land values. Rose (1992) acquires
data across 27 cities in Japan and ﬁnds greater geographic land availability is associated with lower
land and housing values. Ihlanfeldt (2007) takes measures of assessed land values from tax rolls in
25 Florida counties, and ﬁnds that land-use regulations are associated with higher housing prices
but lower land values. Glaeser and Gyourko (2003) use an augmented residual method to compare
housing and inferred land values across the United States, and ﬁnd that the two differ most in
heavily regulated environments. Glaeser, Gyourko, and Saks (2005b) ﬁnd that the price of units
in Manhattan multi-story buildings exceeds the marginal cost of producing them, attributing the
difference to regulation. They ﬁnd the cost of this regulatory tax is larger than the externality
beneﬁts they consider, mainly from preserving views.2
The econometric approach we use differs in that it explicitly incorporates a cost function, which
models land as a variable input to housing production. This approach has similarities to Epple,
Gordon, and Sieg (2010), who use separately assessed land and structure values for houses in Alleghany County, PA, and ﬁnd land’s cost share to be 14 percent. We focus on variation across,
rather than within cities, which allows us to identify the cost structure from variation in construction prices, geography, and a wide array of regulations. Unlike Epple et al. and Thorsnes (1997),
1

Although hedonic methods can theoretically provide estimates of land values from housing values, these estimates
can be questioned. Using an augmented residual method based on hedonics, Glaeser and Ward (2009) estimate a value
of $16,000 per acre of land in the Greater Boston area, while presenting evidence that the market price of an acre is
approximately $300,000 if new housing can be built on it. They attribute this discrepancy to zoning regulations.
2
Other works of note that consider the relationship between land-use regulations, land values, and housing values
include Ohls et al. (1974), Courant (1976), and Katz and Rosen (1987).
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who uses data from Portland, our estimated elasticity of substitution between land and non-land
inputs is less than one, which is consistent with much of the older literature – see McDonald (1981)
for a survey – based on within-city variation in housing values.
Three recent papers also make use of the CoStar COMPS data to construct land-value indices.
Haughwout, Orr, and Bedoll (2008) construct a land price index for the period 1999-2006 within
the New York metro area, documenting many sales within the densest areas of Manhattan, as well
as in outlying areas. Kok, Monkkonen, and Quigley (2010) also document land sales throughout
the San Francisco Bay Area, and relate the sales prices to the topographical, demographic, and
regulatory features of the site. Nichols, Oliner, and Mulhall (2010) construct a panel of land-value
indices for 23 metro areas from the 1990s through 2009. They demonstrate that land values vary
more across time than housing values, much as our analysis demonstrates is true across space.
Section 2 presents our cost-function approach for modeling housing prices and relates it to an
econometric model. It also provides a general-equilibrium model for the full determination of land
values. Section 3 discusses our data and explains how we use them to construct indices of land
values, housing prices, construction prices, geography, and regulation across metro areas. Section
4 presents our estimates of the housing-cost function and how housing productivity is inﬂuenced
by geographic and regulatory constraints. Section 5 considers how housing productivity varies
across cities and is related to measures of urban productivity in tradeables and quality of life.

2

Model of Land Values and Housing Production

Our econometric model uses a cost function for housing production within a system-of-cities
model, proposed by Roback (1982), and developed by Albouy (2009). The national economy
contains many cities indexed by j, which produce a numeraire good, X, traded across cities, and
housing, Y , which is not traded across cities, and has a local price, pj . Cities differ in their productivity in the housing sector, AjY .
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2.1

Cost Function for Housing

We begin with a two-factor model in which ﬁrms produce housing, Yj , using land L and materials
M according to the production function
Yj = F Y (L, M ; AYj ),

(1)

where FjY is concave and exhibits constant returns to scale (CRS) in L and M at the ﬁrm level.
Housing productivity, AYj , is a city-level characteristic that may be ﬁxed or determined endogenously by city characteristics, such as population size. Land is paid a city-speciﬁc price, rj , while
materials are paid price vj . In our empirical work, we operationalize M as the installed structure
component of housing, so vj is conceptualized as an index of construction input prices, possibly
an aggregate of local labor and mobile capital. Unit costs in the housing sector, equal to marginal
and average costs, are cY (rj , vj ; AYj ) ≡ minL,M {rj L + vj M : FY (L, M ; AYj ) = 1}.
The use of a single function to model the production of a heterogenous housing stock is well
established in the literature, beginning with Muth (1960) and Olsen (1969). In the words of Epple
et al. (2010, p. 906)
The production function for housing entails a powerful abstraction. Houses are
viewed as differing only in the quantity of services they provide, with housing services
being homogeneous and divisible. Thus, a grand house and a modest house differ only
in the number of homogeneous service units they contain.
This abstraction also implies that a highly capital-intensive form of housing, e.g., an apartment
building, can substitute in consumption for a highly land-intensive form of housing, e.g., singlestory detached houses.3
Assuming the housing market in city j is perfectly competitive4 , then in equilibrium housing
3

Our analysis uses data from owner-occupied properties, accountiing for 67% of homes, of which 82% are singlefamily and detached.
4
Although this assumption may seem stringent, the empirical evidence is consistent with perfect competition in
the construction sector. Considering evidence from the 1997 Economic Census, Glaeser et al. (2005b) report that
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price equals the unit cost in cities with positive production:
cY (rj , vj ; AYj ) = pj .

(2)

Our methodology of estimating housing productivity is illustrated in ﬁgure 1A, holding vj constant.
The thick solid curve represents the cost function of housing for cities with average productivity.
As land values rise from Denver to New York, housing prices rise, albeit at a diminishing rate, as
housing producers substitute away from land as a factor input. The higher, thinner curve represents
the cost function for a city with lower productivity, such as San Francisco. The lower productivity
level is identiﬁed by how much higher the housing price in San Francisco is relative to a city with
the same factor costs, such as in New York.
The ﬁrst-order log-linear approximation of equation (2) around the national average expresses
how housing prices should vary with input prices and productivity, p̂j = φL r̂j + (1 − φL )v̂j − ÂYj .
ẑ j represents, for any z, city j’s log deviation from the national average, z̄, i.e. ẑ j = ln z j − ln z.
φL is the cost share of land in housing at the average, and AjY is normalized so that a one-point
increase in ÂYj corresponds to a one-point reduction in log costs.5 Rearranged, this equation infers
home-productivity from how high land and material costs are relative to housing costs:
ÂjY = φL r̂j + (1 − φL )v̂j − p̂j .

(3)

If housing productivity is factor neutral, i.e., F Y (L, M ; AYj ) = AYj F Y (L, M ; 1), then the
second-order log-linear approximation of (2), drawn in ﬁgure 1B, is
1
p̂j = φL r̂j + (1 − φL )v̂j + φL (1 − φL )(1 − σ Y )(r̂j − v̂j )2 − ÂYj ,
2

(4)

“...all the available evidence suggests that the housing production industry is highly competitive.” Basu et al. (2006)
calculate returns to scale in the construction industry (average cost divided by marginal cost) as 1.00, indicating ﬁrms
in the construction industry having no market power. This seems sensible as new homes must compete with the stock
of existing homes. If markets are imperfectly competitive, then AYj will vary inversely with the mark-up on housing
prices above marginal costs.
5
This requires that productivity at the national average obeys ĀY = −p̄/[∂cY (r̄, m̄, ĀY )/∂A].
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where σ Y is the elasticity of substitution between land and non-land inputs. This elasticity of
substitution is less than one if costs increase in the square of the factor-price difference, (r̂j − v̂j )2 .
The actual cost share is not constant across cities, but is approximated by
φLj = φL + φL (1 − φL )(1 − σ Y )(r̂j − v̂j ),

(5)

and thus is increasing with r̂j −v̂j when σ Y < 1. Our estimates of ÂYj assume that a single elasticity
of substitution describes production in all cities. If this elasticity varies, then our estimates will
conﬂate a lower elasticity with lower productivity. This is seen in ﬁgures 1A and 1B, which
compares σ Y = 1 in the solid curves, with σ Y < 1 in the dashed curves. When production has low
substitutability, the cost curve is ﬂatter, as housing does not use less land in higher-value cities.
This has the same observable consequence of increasing housing prices, although theoretically the
concepts are different.6
If housing productivity is not factor neutral, then as derived in Appendix A, equation (4) contains additional terms to account for the productivity of land relative to materials, AYj L /AYj M :
−φL (1 − φL )(1 − σ Y )(r̂j − v̂j )(ÂYj L − ÂYj M ).

(6)

If σ Y < 1, then cities where land is expensive relative to materials, i.e., r̂j > v̂j , see greater cost
reductions where the relative productivity level, AYj L /AYj M , is higher.

2.2

Econometric Model

As a starting point, we estimate housing prices using an unrestricted translog cost function (Christensen et al. 1973) in terms of land and non-land factor prices:
p̂j = β1 r̂j + β2 v̂j + β3 (r̂j )2 + β4 (v̂j )2 + β5 (r̂j v̂j ) + Z j γ + εj ,
6

(7)

Housing supply, as a quantity, is less responsive to price increases when substitutability is low, rather than when
productivity is low. While it would be desirable to distinguish the two, this would be signiﬁcantly more challenging
and require much additional data, and so we leave it for future work.
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where Z j is a vector of city-level observable attributes that may affect housing prices. This speciﬁcation is equivalent to the second-order approximation of the cost function (see, e.g., Binswager
1974, Fuss and McFadden 1978) under the restrictions imposed by CRS
β1 = 1 − β2 , β3 = β4 = −β5 /2,

(8)

where φL = β1 and, with factor-neutral productivity, σ Y = 1 − 2β3 / [β1 (1 − β1 )]. Housing productivity is determined by attributes in Z j and unobservable attributes in the residual, εj :
ÂjY = Z j (−γ) + Âj0Y , Âj0Y = −εj .

(9)

The second-order approximation of the cost function (i.e. the translog) is not a constant-elasticity
form. Hence, the elasticity of substitution we estimate is evaluated at the sample mean parameter
values (see Griliches and Ringstad 1971). The assumption of Cobb-Douglas (CD) production
technology imposes the restriction σ Y = 1, which in equation (7) amounts to the three restrictions:
β3 = β4 = β5 = 0.

(10)

Without additional data, non-neutral productivity differences are impossible to detect unless
we know what may shift AYj L /AYj M . In the context, it seems reasonable to interact productivity
shifters Zj with the difference in input prices (r̂j − ν̂j ) in equation (7). The reduced-form model
allowing for non-neutral productivity shifts, imposing the CRS restrictions may be written as:


p̂j − v̂j = β1 (r̂j − v̂j ) + β3 (r̂j )2 + (v̂j )2 − 2(r̂j v̂j ) + γ1 Z j + γ2 Z j (r̂j − v̂j ) + εj

(11)

As shown in Appendix A, γ2 Z j /2β3 = (ÂYj M − ÂYj L ) − (ÂY0jM − ÂY0jL ) identiﬁes observable
differences in factor-biased technical differences. If σY < 1, then γ2 > 0 implies that the shifter
Z lowers the productivity of land relative to the non-land input.7
7

In equation (11), non-neutral productivity implies β1 = φL + β3 (ÂY0jM − ÂY0jL ) and εj = −[φL ÂYj L + (1 −
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2.3

Full Determination of Land Values

In this section, we determine land values and local-wage levels in a model of location demand
based on amenities to households, bundled as quality of life, Qj , and to ﬁrms in the tradeable sector,
bundled as trade productivity, AX
j . Casual readers may skip this section without loss of intuition.
We posit two types of mobile workers, k = X, Y , where type-Y workers work in the housing
sector. Preferences are modeled by the utility function U k (x, y; Qkj ), which is quasi-concave over
consumption x and y, and increases in Qkj , which may vary by type. The household expenditure
function is ek (p, u; Q) ≡ minx,y {x + py : U k (x, y; Q) ≥ u}. Each household supplies a single
unit of labor and is paid wj,k , which with non-labor income, I, makes up total income mkj = wjk + I,
out of which federal taxes, τ (mkj ), are paid. We assume households are mobile and that both
types occupy each city. Equilibrium requires that households receive the same utility in all cities,
so that higher prices or lower quality-of-life must be compensated with greater after-tax income,
ek (pj , ūk ; Qkj ) = mkj − τ (mkj ), k = X, Y, where ūk is the level of utility attained nationally by type
k. Log-linearizing this condition around the national average
Q̂kj = sky p̂j − (1 − τ k )skw ŵjk , k = X, Y.

(12)

Qkj is normalized Q̂kj is equivalent to a one-percent drop in total consumption, sky is the average
expenditure share on housing, and τ k is the average marginal tax rate, and skw is the share of income
Y Y
k
from labor. Deﬁne the aggregate quality-of-life differential Q̂j ≡ μX Q̂X
j + μ Q̂j , where μ is the
Y Y
share of income earned by type k households, and let sy ≡ μX sX
y + μ sy , and (1 − τ ) sw ŵ ≡
X
Y
Y
Y Y
μX (1 − τ X )sX
w ŵj + μ (1 − τ )sw ŵj .

Unlike housing output, tradeable output has a uniform price across all cities, and is produced
X
through the CRS and CD function, Xj = F X (LX , N X , K X ; AX
is labor and K X
j ), where N

is mobile capital, which also has the uniform price, i, everywhere. We also assume that land
commands the same price, rj , within a city in all sectors. A derivation similar to the one for (3)
φL )ÂYj M ] + (1/2)φL (1 − φL )(1 − σ Y )(ÂYj L − ÂYj M )2
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yields the measure of tradeable productivity:
L
N X
ÂX
j = θ r̂j + θ ŵj ,

(13)

where θL and θN are the average cost-shares of land and labor in the tradeable sector.
To complete the model, let non-land inputs be produced through the CRS and CD function
Mj = (N Y )a (K Y )1−a , which implies v̂j = aŵjY , where a is the cost-share of labor in non-land
inputs. Deﬁning φN = a(1 − φL ), we can derive an alternative measure of housing productivity
based on wages:
ÂYj = φL r̂j + φN ŵjY − p̂j .

(14)

Combining the productivity in both sectors, the total-productivity differential of a city is
Y
Âj ≡ sx ÂX
j + sy Âj ,

(15)

where sx is the average expenditure share on tradeables.
Combining the ﬁrst-order approximation equations (12), (13), (14), and (15), we get that the
land-value differential times the average income share of land, sR = sx θL + sy φL , equals the total
productivity differential plus the quality-of-life differential, minus the tax differential to the federal
government, τ sw ŵj :
Y
sR r̂j = sx ÂX
j + sy Âj + Q̂j − τ sw ŵj .

(16)

In other words, land fully capitalizes the value of local amenities minus federal tax payments.

2.4

Identiﬁcation

Our basic econometric strategy is to regress housing costs p̂j on land values r̂j , construction prices
ŷj , and indices of geographic and regulatory constraints, Zj . We interpret the error in this regression as the unexplained component of productivity in the housing sector ÂYj 0 . Therefore, proper
identiﬁcation of the model requires that the observed determinants of land values are uncorrelated
10

with unobserved determinants of AYj in the residual, εj . As equation 16 demonstrates, in general
equilibrium land values are inﬂuenced by productivity in the housing sector. Therefore, our baseline OLS estimates technically will be inconsistent if the vector of characteristics Zj is incomplete
and ÂYj 0 = −εj = 0.
We have considered modeling the simultaneous determination of r̂j by ÂYj 0 , but this requires
Y
knowing the covariance structure between ÂX
j ,Âj , and Q̂j . A more promising approach is to ﬁnd
j
Y
instrumental variables (IVs) that inﬂuence ÂX
j or Q̂ but are unrelated to Âj . Below, we consider

two instruments for land and non-land input prices that we think are reasonable, although certainly
not unassailable. The ﬁrst is the inverse distance to the nearest salt-water coast. The second
is average winter temperature. Both coastal areas and those with mild winters have noticeably
higher land values, while these characteristics are at least plausibly unrelated to productivity in the
housing sector. We ﬁnd the IV estimates are consistent with, but less precise than, our ordinary
least square (OLS) results, and thus focus on the latter.
The geographic constraints are predetermined, so we treat them as exogenous. Finally, we have
not found a plausible strong instrument for regulatory constraints.

3

Data and Metropolitan Indicators

3.1

Land Values

We calculate our land-value index from transactions prices reported in the CoStar COMPS database.
The CoStar Group provides commercial real estate information and claims to have the industry’s
largest research organization, with researchers making over 10,000 calls a day to commercial real
estate professionals. The COMPS database includes transaction details for all types of commercial
real estate, including what they term “land.” In this study, we take every land sale in the COMPS
database provided by CoStar University, which is provided for free to academic researchers.
Our sample includes transactions that occurred between 2005 and 2010 in a Metropolitan Sta-
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tistical Area (MSA).8 It excludes all transactions CoStar has marked as non-arms length or without
complete information for lot size, sales price, county, and date, or that appear to feature a structure.
Finally, we drop observations we could not geocode successfully, leaving us with 68,757 observed
land sales.9
CoStar provides a ﬁeld describing the “proposed use” of each property, useful for our analysis.
We use 12 of the most common categories of “proposed use,” which are neither mutually exclusive
nor collectively exhaustive. Properties can have multiple proposed uses or none at all. Thus, we
also use an indicator for no proposed use.
The median price per acre in our sample is $272,838, while the mean is $1,536,374; the median
lot size is 3.5 acres while the mean is 26.4. Land sales occur more frequently in the beginning of
our sample period, with 21.7% of our sample from 2005, and 11.4% from 2010. The frequencies
of proposed uses are reported in table 1: 17.6% is for residential, including 10.7% is for singlefamily homes, 3.3% for multi-family; and 3.6% for apartments; industrial, ofﬁce, retail, medical,
parking, and commercial uses together account for 24.1%. 23.4% is being held for development
or investment, and 15.9% of the sample had no proposed use.
We calculate the metropolitan index of land values by regressing the log price per acre of each
sale, ln r̃ijt on a set of a vector of controls, Xijt , and a set of indicator variables for each year-MSA
interaction, ψjt in the equation ln r̃ijt = Xijt β+ψjt +eijt . In our regression tables we use land-value
indices, r̂jt , based on estimates of ψjt by year and MSA, normalized to have a national average
of zero, weighting by number of housing units; in our summary statistics and ﬁgures, we report
land-value indices, r̂j , aggregated across years. Furthermore, because of our limited sample size,
land-value indices derived from metro areas with fewer land sales may exhibit excess dispersion
because of sampling error. We correct for this using shrinkage methods described in Kane and
8
We use the June 30, 1999 deﬁnitions provided by the Ofﬁce of Management and Budget. The data are organized by
Primary Metropolitan Statistical Areas (PMSAs) within larger Consolidated Metropolitan Statistical Areas (CMSAs).
9
We consider an observation to feature a structure when the transaction record includes the ﬁelds for “Bldg Type”,
“Year Built”, “Age”, or the phrase “Business Value Included” in the ﬁeld “Sale Conditions.” We geocoded using the
Stata module “geocode” described in Ozimek and Miles (2011). In addition, we drop outlier observations that we
calculate as farther than 75 miles from the city center or that have a predicted density greater than 50,000 housing
units per square mile using the weighting scheme described below. We also exclude outlier observations with a listed
price of less than $100 per acre or a lot size over 5,000 acres.
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Staiger (2008), accounting for yearly as well as metropolitan variation in the estimated ψ̂jt . The
shrinkage effects are generally small, but do appear to correct for mild amounts of attenuation bias
in our subsequent analysis.
Table 1 reports the results for four successive land-value regressions. The ﬁrst regression has no
controls. In column 2, we control for log lot size in acres, which improves the R2 substantially from
0.30 to 0.70. The coefﬁcient on lot size is -0.66, illustrating the “plattage effect,” documented by
Colwell and Sirmans (1980, 1993). According to these authors, when there are costs to subdividing
parcels (e.g. because of zoning restrictions), large lots contain more land than is optimal for their
intended use, thus lowering their value per acre. Another possible explanation for this effect is that
large lots are located in less desirable areas. In column 3, we add controls for intended use raising
the R2 to 0.71. These intended uses help control for various characteristics of the land parcels,
although ultimately their inclusion has little impact on our land-value index.
The sample of land parcels in our data set is not a random sample of all lots, which raises the
concern of sample selection bias. As discussed in Nichols et al. (2010), it is impossible to correct
for this selection bias because we do not observe prices for unsold lots.10 One especially relevant
source of selection bias is that the geographic distribution of sales may differ systematically from
the overall distribution of land. For instance, we may be more likely to observe land sales on
the urban fringe, where development activity is more intense. Such land will more closely reﬂect
agricultural land values, thus attenuating land-value differences across cities.
To help readers assess the gravity of these concerns, we provide a map detailing the locations
of the observed land sales in the New York, Los Angeles, Chicago, and Houston metro areas in
Figure F. In our view, the ﬁgure demonstrates that contrary to what might be expected, land sales
are spread throughout these metro areas, and sales activity appears to be more intense nearer to
the city centers. This result mirrors the ﬁndings of Haughwout et al. (2008), who analyze the
CoStar data for the New York metro area and write: “Overall, vacant land transactions occurred
10

There is a modest literature that attempts to control for selection bias in commercial real estate and land prices, for
example, Colwell and Munneke (1997), Fisher et al. (2007), and Munneke and Slade (2000, 2001). Sample selection
generally appears to be weak in this context.
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throughout the region, with a heavy concentration in the most densely developed areas ...”. We take
this evidence as broadly reassuring that the land sales we observe are not restricted to particular
portions of the metro area.
Nonetheless, to handle possible sample selection, we re-weight our land observations to reﬂect
the distribution of housing units in the metro area. For each MSA, we pinpoint the metropolitan
center using Google Maps.11 Then, we regress the log number of housing units per square mile
at the census-tract level on the North-South and East-West distances between the tract center and
the city center, and the squares and product of these distances. We calculate the predicted density
of each observed land sale using the city-speciﬁc coefﬁcients from this regression, and use this
predicted density in column 4, which we take as our preferred speciﬁcation. The un-weighted
and weighted indices are highly correlated (the correlation coefﬁcient is above 0.99), although the
latter are more dispersed, as predicted.
Because our focus is on residential housing, we were initially concerned about using land sales
with non-residential proposed uses. Ultimately, we ﬁnd that indices constructed only from land
sales with a proposed residential use do not differ systematically from our preferred index, except
that they are less precise. Nonetheless, when we conduct our analysis below using residential-only
indices, our chief results are largely unaffected, although we lose some MSAs from our sample.
Our preferred land-value index is based on the shrunken and weighted estimators based on
all land sales, as described above. To illustrate the impact of these choices, ﬁgure A contrasts
the differences between shrunken and unshrunken indices; ﬁgure B, between weighted and unweighted indices; and ﬁgure C, between using all land and land only for residential uses. While
there are some differences between these indices, their overall patterns are rather similar.
Land values for a selected group of metropolitan areas are reported in table 2, together with averages by metropolitan population size. These values are very dispersed, with a weighted standard
deviation of 0.76. The highest land values in the sample are around New York City, San Francisco,
and Los Angeles; the lowest are in Saginaw, Utica, and Rochester, which has land values 1/35th
11

These centers are generally within a few blocks of the city hall of the MSA’s central city.
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those of New York City. In general, large, coastal cities have the highest land values, while smaller
cities in the South and Midwest have lower values.

3.2

Housing Prices, Wages, and Construction Prices

We calculate housing-price and wage indices for each year from 2005 to 2010 using the 1% samples from the American Community Survey. Our method, described in detail in Appendix B,
mimics that for land values. For each year, we regress housing prices of owner-occupied units
on a set of indicators for each MSA, controlling ﬂexibly for observed housing characteristics, including age and type of building structure, number of rooms and bedrooms interacted, and kitchen
and plumbing facilities. The coefﬁcients on these metro indicators, normalized to have a weighted
average of zero, provide our index of housing prices, p̂jt , which we aggregate across years for
display.
We estimate wage levels in a similar fashion, controlling for worker skills and characteristics.
We estimate indices for all workers, ŵj , and for the purpose of our cost estimates, workers in the
construction industry only, ŵjY . As seen in ﬁgure D, ŵjY is similar to, but more dispersed than,
overall wages, ŵj .12
Our primary price index for construction inputs is calculated from the Building Construction
Cost data from the RS Means company, widely used in the literature, e.g., Davis and Palumbo
(2007), and Glaeser et al. (2005b). For each city in their sample, RS Means reports construction
costs for a composite of nine common structure types. The index reﬂects the costs of labor, materials, and equipment rental, but not cost variations from regulatory restrictions, restrictive union
practices, or regional differences in building codes. We renormalize this index as a z−score with
an average value of zero and a standard deviation of one across cities.13
12

We estimate wage levels at the CMSA level to account for commuting behavior across PMSAs.
The RS Means index is based on cities as deﬁned by three-digit zip code locations, and as such there is not
necessarily a one-to-one correspondence between metropolitan areas and RS Means cities, but in most cases the
correspondence is clear. If an MSA contains more than one RS Means city we use the construction cost index of the
city in the MSA that also has an entry in RS Means. If a PMSA is separately deﬁned in RS Means we use the cost
index for that PMSA; otherwise we use the cost index for the principal city of the parent CMSA. We only have 2010
edition of the RS Means index.
13
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The model of housing equilibrium requires that equation (2) be satisﬁed, so that the replacement cost of a housing unit equals its market price. Because housing is durable, this condition
may not bind in cities where housing demand is so weak that there is effectively no new supply
(Glaeser and Gyourko 2005). In this case, replacement costs will be above market prices, biasing
the estimate of AYj upwards. Technically, there is new housing supply in all of the MSAs in our
sample, as measured by building permits. However, we suspect that the equilibrium condition may
not bind throughout metro areas where population growth has been low. To indicate MSAs with
weak growth, we mark with an asterisk (∗), MSAs where the population growth between 1980 and
2010 is in the lowest decile of our sample, weighted by 2010 population. These include metros
such as Pittsburgh, Buffalo, and Detroit. In Appendix C, we ﬁnd that the results are relatively unchanged when we exclude these areas, although we report their estimates of housing productivity
with caution.
The housing-price, construction-wage, and construction-cost indices, reported in columns 2, 3,
and 4 of table 2, are strongly related to city size and positively correlated with land values. They
also exhibit considerably less dispersion. The highest housing prices are in San Francisco, which
are 9 times the lowest housing prices, in McAllen, TX. The highest construction prices are in New
York City, 1.9 times the lowest, in Rocky Mount, NC.

3.3

Regulatory and Geographic Constraints

Our index of regulatory constraints is provided by the Wharton Residential Land Use Regulatory
Index (WRLURI), described in Gyourko, Saiz, and Summers (2008). The index is constructed
from the survey responses of municipal planning ofﬁcials regarding the regulatory process. These
responses form the basis of 11 subindices, coded so that higher scores correspond to greater regulatory stringency: the approval delay index (ADI), the local political pressure index (LPPI), the
state political involvement index (SPII), the open space index (OSI), the exactions index (EI), the
local project approval index (LPAI), the local assembly index (LAI), the density restrictions index (DRI), the supply restriction index (SRI), the state court involvement index (SCII), and the
16

local zoning approval index (LZAI). The base data for the WRLURI is for the municipal level;
we calculate the WRLURI and subindices at the MSA level by weighting the individual municipal
values using sampling weights provided by the authors. The authors construct a single aggregate
WRLURI index through factor analysis: we consider both the aggregate index and the subindices
in our analysis, each of which we renormalize as z−scores, with a mean of zero and standard deviation one, as weighted by the housing units in our sample. Typically, the WRLURI subindices
are positively correlated, but not always; for instance, the SCII is negatively correlated with ﬁve of
the other subindices.
Our index of geographic constraints is provided by Saiz (2010), who uses satellite imagery to
calculate land scarcity in metropolitan areas. The index measures the fraction of undevelopable
land within a 50 km radius of the city center, where land is undevelopable if it is i) covered by
water or wetlands, or ii) has a slope of 15 degrees or steeper. While this land is not actually built
on, it serves as a proxy for geographic features that may lower housing productivity. We consider
both Saiz’s aggregate index and his separate indices based on solid and ﬂat land, each of which is
renormalized as a z−score.
According to the aggregate indices, reported in columns 5 and 6, the most regulated land is in
Boulder, CO, and the least regulated is in Glens Falls, NY; the most geographically constrained is
in Santa Barbara, CA, and the least is in Lubbock, TX.

4

Cost-Function Estimates

Below, we use the indices from section 3 to test and estimate the cost function presented in section
2, and examine how it is inﬂuenced by geography and regulation using both aggregated and disaggregated measures. We restrict our analysis to MSAs with at least 10 land-sale observations, and
years with at least 5. For our main estimates, the MSAs must also have available WRLURI, Saiz
and construction-price indices, leaving 206 MSAs and 856 MSA-years.
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4.1

Estimates and Tests of the Model

Figure 2 plots metropolitan housing prices against land values. The simple regression line, weighted
by the number of housing units in our sample, has a slope of 0.59; if there were no other cost or productivity differences across cities, this number would estimate the cost share of land, φL , assuming
CD production. The convex curvature in the quadratic regression yields an imprecise estimate of
the elasticity of substitution of 0.18.14 Of course, this regression is biased, as land values are positively correlated with construction prices and geographic and regulatory constraints. This ﬁgure
illustrates how housing productivity is inferred by the vertical distance between a marker and the
regression line. Accordingly, San Francisco has low housing productivity and Las Vegas has high
housing productivity.
To illustrate differences in construction prices, we plot them against land values in ﬁgure 3A.
We use these data to estimate a cost surface shown in ﬁgure 3B without controls. As in ﬁgure 2,
cities with housing prices above this surface are inferred to have lower housing productivity. Figure
3A plots the level curves for the surface in 3B, which correspond to the zero-proﬁt conditions
(ZPCs) for housing producers, seen in equation (4). These curves correspond to ﬁxed sums of
housing prices and productivities, p̂j + ÂYj , with curves further to the upper-right corresponding
to higher sums. With the log-linearization, the slope of the ZPC is the ratio of land cost shares to
non-land cost shares, −φLj /(1 − φLj ). In the CD case, this slope is constant, as illustrated by the
solid line; with an elasticity, σ Y , of less than one, the slope of the ZPC increases with land values,
as the land-cost share rises with land prices, as illustrated by the dashed curves.
Columns 1 and 2 of table 3 present cost-function estimates using the aggregate geographic and
regulatory indices, assuming CD production, as in (10); column 2 imposes the restriction of CRS
in (8), which is barely rejected at the 5% level. The CRS restriction is not rejected in the more
ﬂexible translog equation, presented in columns 3 and 4. The restricted regression in column 4
estimates the elasticity of substitution σ Y to be 0.37. While we cannot reject the CD restriction
In levels, the cost curve must be weakly concave, but the log-linearized cost curve is convex if σ Y < 1, although
the convexity is limited as σ Y ≥ 0 implies β3 ≤ 0.5β1 (1 − β1 ).
14
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(10) jointly with the CRS restriction (8), our interpretation of the evidence is that the restricted
translog equation in column 4 describes the data best and provides fairly good evidence that σ Y is
less than one.
The OLS estimates in columns 1 through 4 produce stable values of 0.37 for the cost-share of
land parameter, φL . Furthermore, we ﬁnd that a one standard deviation increase in the geographic
and regulatory indices predict a 9- and 8-percent increase in housing costs, respectively. These
effects are consistent with our theory of housing productivity and the belief that geographic and
regulatory constraints impede the production of housing services.
Columns 5 and 6 present our IV estimates, which use inverse distance to a salt-water coast and
average winter temperature as instruments for the differentials (r̂ − v̂) and (r̂ − v̂)2 . in the restricted
equation (11) with γ2 = 0. Column 5 imposes the CD restriction, β3 = 0 and only uses the coastal
instrument. Estimates of the ﬁrst-stage, presented in table A1, reveal that these instruments are
strong, with F -statistics of 64 in column 5, and 15 and 17 in column 6. The IV estimates are
largely consistent with our OLS estimates, but less precise. The last row of table 3 reports the
Chi-squared test of regressor endogeneity, in the spirit of Hausman (1978): these tests do not
reject the null of regressor exogeneity at any standard size. The consistency of the IV estimates
requires that distance-to-coast and winter temperature are uncorrelated with housing productivity,
conditional on measures of geography and regulation. This assumption may be violated, as it may
be difﬁcult to build housing in extreme temperatures. We believe our IVs are much more strongly
related to quality of life and trade productivity than to housing productivity, and should produce
mostly exogenous variation in land values, as expressed in (16). The similarity of our OLS and
IV estimates is reassuring and so we proceed under the assumption that the OLS estimates are
consistent.
We test the assumption that the productivity shifters are factor neutral in column 7. This allows
γ2 to be non-zero in equation (11) by interacting the differential (r̂ − v̂) with the geographic and
regulatory indices. This interaction does not produce signiﬁcant estimates of γ2 and does not
change our other estimates signiﬁcantly. While this test of factor bias is imperfect, the evidence
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suggests that factor neutrality is not strongly at odds with the data.
Finally, in column 8, we use an alternative measure of non-land input prices, namely wage
levels in the construction industry. The results in column 8 are quite similar to those in column 4.
We perform a number of additional robustness checks in table A2. We split the sample into two
periods: a ”housing-boom” period, from 2005 to 2007, and a ”housing-bust” period, from 2008
to 2010. We also use alternative land-value indices, one using only residential land, a second not
controlling for proposed use or lot size, and another not shrinking the land-value index. The last
two robustness checks drop observations in our low-growth areas. The results of these robustness
checks, discussed in Appendix C, reveal that the regression parameters are surprisingly stable over
these speciﬁcations.

4.2

Disaggregating the Regulatory and Geographic Indices

As discussed above, the WRLURI regulatory index aggregates 11 subindices, while the Saiz index
aggregates two. The factor loading of each of the WRLURI subindices in the aggregate index
is reported in column 1 of table 4, ordered according to its factor load. Alongside, in column 2,
are coefﬁcient estimates from a regression of the aggregate WRLURI z−score on the z−scores
for the subindices. These coefﬁcients differ slightly from the factor loads because of differences in
samples and weights. Column 3 presents similar estimates for the Saiz subindices. The coefﬁcients
on these measures are negative because the subindices indicate land that may be available for
development.
The speciﬁcation in column 4 is identical to the speciﬁcation in column 4 of table 3, but with
the disaggregated regulatory and geographic subindices. The results indicate that approval delays,
local political pressure, state political involvement, supply restrictions, and state court involvement are all associated with economically signiﬁcant reductions in housing productivity, ranging
between 3- to 7- percent for a one-standard deviation increase. All ﬁve subindices are statistically
signiﬁcant at the 10-percent level, although only the last three are signiﬁcant at 5 percent: these
tests may lack precision because of the high degree of correlation between the subindices. None
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of the subindices has a signiﬁcantly negative coefﬁcient. The ﬁrst three subindices are roughly
consistent with the factor loading; the last two, for supply restrictions and state court involvement,
appear to be of greater importance than a single-factor model captures.
Both of the Saiz subindices have statistically and economically signiﬁcant negative coefﬁcients.
The estimates imply that a one standard-deviation increase in the share of ﬂat or solid land is
associated with a 7- to 9-percent reduction in housing costs.
Overall, the results of these regressions are encouraging. The estimated cost share of land
and the elasticity of substitution between land and other inputs into housing production in our
regressions are quite plausible, and the coefﬁcients on the regulatory and geographic variables have
the predicted signs and reasonable magnitudes. The tight ﬁt of the cost-function speciﬁcation, as
measured by the R2 values approaching 90 percent, implies that even our imperfect measures of
input prices and observable constraints explain the variation in housing prices across metro areas
quite well.
As our favored speciﬁcation, we take the one from column 4 of table 4 – with CRS, factorneutrality, non-unitary σ Y , and disaggregated subindices – and use it for our subsequent analysis.
It provides a value of φL = 0.33 and σ Y = 0.49. Using formula (5), this implies that the cost share
of land ranges from 11 percent in Rochester to 48 percent in New York City.

5
5.1

Housing Productivity across Metropolitan Areas
Productivity in Housing and Tradeables

In column 1 of table 5 we list our inferred measures of housing productivity from the favored
speciﬁcation, using both observed and unobserved components of housing productivity, i.e., ÂYj =
Zj (−γ̂)−ε̂j ; column 2 reports only the value of productivity predicted by the regulatory subindices,
ZjR , i.e., ÂYj R = −γ̂1R ZjR . The cities with the most and least productive housing sectors are
McAllen, TX and San Luis Obispo, CA. Among large metros, with over one million inhabitants the
top ﬁve, excluding our low-growth sample, are Houston, Indianapolis, Kansas City, Fort Worth,
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and Columbus; the bottom ﬁve are San Francisco, San Jose Oakland, Los Angeles, and Orange
County, all on California’s coast. Along the East Coast, Bergen-Passaic and Boston are notably
unproductive. Cities with average productivity include Phoenix, Chicago, and Miami. Somewhat
surprisingly, New York City is in this group. Although work by Glaeser et al. (2005b) suggests this
is not true of Manhattan, the New York PMSA includes all ﬁve boroughs and Westchester county,
and houses nearly 10 million people.15
In addition, we provide estimates of trade productivity ÂX
j and quality-of-life Q̂j in columns 3
and 4, using formulas (13) and (12), calibrated with parameter values taken from Albouy (2009).16
Housing productivity is plotted against trade productivity in ﬁgure 4. This ﬁgure draws level
curves for total productivity averaged across the housing and tradeables sectors, weighted by their
expenditure shares, according to formula (15).17
Our estimates of trade-productivity, based primarily on overall wage levels, are largely consistent with the previous literature.18 Interestingly, trade productivity and housing productivity are
negatively, rather than positively, correlated. According to the regression line, a 1-point increase in
trade-productivity predicts a 1.7-point decrease in housing productivity. For instance, cities in the
San Francisco Bay Area have among the highest levels of trade productivity and the lowest levels
of housing productivity. On the other hand, Houston, Fort Worth, and Atlanta are relatively more
productive in housing than in tradeables. The large metro area with the greatest overall productivity
15

See Table A3 for the values of the major indices and measures for all of the MSAs in our sample.
These calibrated values are θL = 0.025, sw = 0.75, τ = 0.32, sx = 0.64. θN is set at 0.8 so that it is consistent
with sw . For the estimates of Q̂j , we account for price variation in both housing and non-housing goods. We measure
cost differences in housing goods using the expenditure-share of housing, 0.18, times the housing-price differential p̂j .
To account for non-housing goods, we use the share of 0.18 times the predicted value of housing net of productivity
differences, setting ÂjY = 0, i.e., p̂j − ÂjY = φL r̂j + φN ŵj , the price of non-tradeable goods predicted by factor
prices alone. Furthermore, we subtract a sixth of housing-price costs to account for the tax-beneﬁts of owner-occupied
housing. This procedure yields a cost-of-living index roughly consistent with that of Albouy (2009). Our method of
accounting for non-housing costs helps to avoid problems of division bias in subsequent analysis, where we regress
measures of quality of life, inferred from high housing prices, with measures of housing productivity, inferred from
low housing prices.
17
The estimated productivities are positively related to the housing supply elasticities provided by Saiz (2010): a
1-point increase in productivity predicts a 1.94-point (s.e. = 0.24) increase in the supply elasticity (R2 = 0.41).
18
Also shown in Figure 4 is a line which depicts the bias to trade productivity estimates if land values are proxied
with housing values, assuming housing productivities are uniform across cities (see Albouy 2009). Cities along this
line would be inferred to have the same trade productivity, as cities with higher housing productivity have housing
values low relative to land values, leading to lower inferred measures of trade productivity.
16
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is New York; that with the least is Tucson.
The negative relationship between trade and housing productivity estimates may stem from
differing scale economies at the city level. While trade productivity is known to increase with city
size (e.g., Rosenthal and Strange, 2004), it is possible that economies of scale in housing may be
decreasing, possibly because of negative externalities in production from congestion, regulation, or
other sources. It may be more difﬁcult for producers to build new housing in already crowded environments, such as on a lot surrounded by other structures. New construction may impose negative
externalities in consumption on incumbent residents, e.g., by blocking views or increasing trafﬁc.
Aware of this, residents may seek to constrain housing development to limit these externalities
through regulation, lowering housing productivity.
We explore this hypothesis in table 6, which examines the relationship of productivity with
population levels, aggregated at the consolidated metropolitan (CMSA) level, in panel A, or population density, in panel B. In column 1, the positive elasticities of trade productivity with respect
to population of roughly 6 percent are consistent with those in the literature. The results in column
2 reveal negative elasticities, nearly 8 percent in magnitude. According to the results in column
3, which uses only the housing productivity component predicted by the regulatory subindices,
about half of this relationship results from greater regulation. Overall productivity, examined in
column 4, increases with population, but much more weakly than trade productivity. The results in
column 5 suggest that this relationship would be stronger if the greater regulation associated with
higher populations were held constant. As we explore in the next section, holding the regulatory
environment constant could have negative consequences for urban quality of life.

5.2

Housing Productivity and Quality of Life

The model of section 2 predicts that if the sole effects of regulations were to reduce housing productivity, then they would increase housing prices while reducing land values, unambiguously
reducing welfare (Albouy 2009). Ostensibly, the purpose of land-use regulations is to raise housing values by ”recogniz[ing] local externalities, providing amenities that make communities more
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attractive,” (Quigley and Rosenthal 2005) i.e., by raising demand, rather than by limiting supply,
giving rise to terms such as ”externality zoning.” To our knowledge, there are only a few, limited
estimates of the beneﬁts of these regulations, e.g. Cheshire and Sheppard (2002) and Glaeser et al.
(2005b), both of which suggest that the welfare costs of regulation outweigh the beneﬁts.
To examine this hypothesis we relate our quality-of-life and housing-productivity estimates,
shown in ﬁgure 5. The regression line in this ﬁgure suggests that a one-point decrease in housing
productivity is associated with a 0.1-point increase in quality of life. If we accept the relationship
as causal, the net welfare beneﬁt of this trade-off, measured as a fraction of total consumption,
equals this 0.1-point increase, minus the one-point decrease multiplied by the expenditure share of
housing, which we calibrate as 0.18. Thus, a one-point decrease in housing productivity results in
a net welfare loss of 0.08-percent of consumption. These results help to rationalize the existence
of welfare-reducing regulations, if the beneﬁts accrue to incumbent residents, who control the
political process, while the costs are borne by potential residents, who do not have a local political
voice.19
We explore this relationship further in table 7, which controls for possible confounding factors
and isolates housing productivity predicted by regulation. The odd numbered columns include
controls for natural amenities, such as climate, adjacency to the coast, and the geographic constraint index; the even numbered columns add controls for artiﬁcial amenities, such as the population level, density, education, crime rates, and number of eating and drinking establishments. In
columns 1 and 2, these controls undo the relationship, as geographic amenities are related negatively to productivity and positively to quality of life. When we focus on productivity predicted by
regulation, in columns 3 and 4, the original relationship is restored, although it is slightly weaker.
As before, if these results are interpreted causally, the impact of land-use regulations is on net
welfare-reducing.
Non-causal explanations for the relationship in table 7 are also plausible. For instance, residents
19

The net welfare loss from regulations implies that land should lose value while housing gains value. While
property owners should in the long run seek to maximize the value of their land, frictions, due to moving costs and the
immobility of housing capital, may cause most owners to maximize the value of their housing stock over their voting
time horizons.
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in areas with unobserved amenities may simply elect to regulate land-use for reasons unrelated to
urban quality of life. Alternatively, with preference heterogeneity, the quality-of-life measure represents the willingness-to-pay of the marginal resident. In cities with low-housing productivity,
the supply of housing is effectively constrained, raising the willingness-to-pay of the marginal resident, much as in the “Superstar City” hypothesis of Gyourko, Mayer, and Sinai (2006). However,
the negative relationship between productivity and quality of life appears to hold for more than a
small subset of superstar cities.

6

Conclusion

Our novel index of land values seems to contain important information not captured by typical
indices of housing prices. As theory would predict, the variation of land values is greater than that
of housing, and ultimately implies an average cost share of land of approximately one-third. The
housing-cost model performs surprisingly well at explaining housing prices despite the disparate
data sources. Our empirical model is consistent with constant returns to scale at the ﬁrm level, with
an elasticity of substitution between land and non-land inputs of roughly one-half. This implies
that the cost of share land rises from as low as 11 percent in low-value areas to 48 percent in
high-value areas.
The housing-cost function modeled above provides the previously untested hypothesis that geographic and regulatory constraints will increase the wedge between the prices of housing and its
inputs. The data strongly support this hypothesis and may provide guidance as to which regulations
have the greatest impact on housing costs at the metropolitan level. Furthermore, our parsimonious
model explains nearly 90 percent of the variation in metropolitan housing prices and our instrumental variable estimates provide reassurance that our ordinary least squares estimates are likely
consistent. In general, the plausibility of the indices and the reasonableness of the empirical results
are mutually reinforcing.
The pattern of housing productivity across metropolitan areas is also illuminating. Cities that
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are productive in tradeables sectors tend to be less productive in housing as the two appear to subject to opposite economies of scale. Larger cities have lower housing productivity, much of which
seems attributable to greater regulation. These regulatory costs are associated cross-sectionally
with a higher quality of life for residents, although this relationship is weak, suggesting that landuse regulations lead to net welfare costs for the economy as a whole.
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Appendix
A

Factor-Speciﬁc Productivity Biases

When housing productivity is factor speciﬁc we may write the production function for housing as
Yj = F Y (L, M ; AYj ) = F Y (AYj L L, AYj M M ; 1). The ﬁrst-order log-linear approximation of the
production function around the national average is
p̂j = φL r̂j + (1 − φL )v̂j − [φL ÂYj L + (1 − φL )ÂYj M ]
As both ÂYj L and ÂYj M are only in the residual, it is difﬁcult to identify them separately. The
second-order log-linear approximation of the production function is
p̂j = φL (r̂j − ÂYj L ) + (1 − φL )(v̂j − ÂYj M ) + (1/2)φL (1 − φL )(1 − σ Y )(r̂j − ÂYj L − v̂j + ÂYj M )2
(A.1)
= φL r̂j + (1 − φL )v̂j + (1/2)φL (1 − φL )(1 − σ Y )(r̂j − v̂j )2
+ φL (1 − φL )(1 − σ Y )(r̂j − v̂j )(ÂYj M − ÂYj L )
− [φL ÂYj L + (1 − φL )ÂYj M ] + (1/2)φL (1 − φL )(1 − σ Y )(ÂYj L − ÂYj M )2
The terms on the second-to-last line demonstrate that if σ Y < 1, then productivity improvements that affect land more will exhibit a negative interaction with the rent variable and a positive interaction with the material price, while productivity improvements that affect material use
more, will exhibit the opposite. Therefore, if a productivity shifter Zj , biases productivity so
that (ÂYj M − ÂYj L ) = Zj ζ,we may identify factor-speciﬁc productivity biases with the following
reduced-form equation:
p̂j = β1 r̂j + β2 v̂j + β3 (r̂j )2 + β4 (v̂j )2 + β5 (r̂j v̂j ) + γ1 Zj + γ2 Zj r̂j + γ3 Zj v̂j + εj

(A.2)

The model embodied in (A.1) imposes the restriction that γ2 = −γ3 = ζφL (1 − φL )(1 − σ Y ).

B

Wage and Housing Price Indices

The wage and housing price indices are estimated from the 2005 to 2010 American Community
Survey, which samples 1% of the United States population every year. The indices are estimated
with separate regressions for each year. For the wage regressions, we include all workers who live
in an MSA and were employed in the last year, and reported positive wage and salary income. We
calculate hours worked as average weekly hours times the midpoint of one of six bins for weeks
worked in the past year. We then divide wage and salary income for the year by our calculated
hours worked variable to ﬁnd an hourly wage. We regress the log hourly wage on a set of MSA
dummies and a number of individual covariates, each of which is interacted with gender:
• 12 indicators of educational attainment;
i

• a quartic in potential experience and potential experience interacted with years of education;
• age and age squared;
• 9 indicators of industry at the one-digit level (1950 classiﬁcation);
• 9 indicators of employment at the one-digit level (1950 classiﬁcation);
• 5 indicators of marital status (married with spouse present, married with spouse absent,
divorced, widowed, separated);
• an indicator for veteran status, and veteran status interacted with age;
• 5 indicators of minority status (Black, Hispanic, Asian, Native American, and other);
• an indicator of immigrant status, years since immigration, and immigrant status interacted
with black, Hispanic, Asian, and other;
• 2 indicators for English proﬁciency (none or poor).
This regression is ﬁrst run using census-person weights. From the regressions a predicted wage
is calculated using individual characteristics alone, controlling for MSA, to form a new weight
equal to the predicted wage times the census-person weight. These new income-adjusted weights
allow us to weight workers by their income share. The new weights are then used in a second
regression, which is used to calculate the city-wage indices from the MSA indicator variables,
renormalized to have a national average of zero every year. In practice, this weighting procedure
has only a small effect on the estimated wage differentials. All of the wage regressions are at the
CMSA level rather than the PMSA level to reﬂect the ability of workers to commute relatively
easily to jobs throughout a CMSA.
To calculate construction wage differentials, we drop all non-construction workers and follow
the same procedure as above. We deﬁne the construction sector as occupation codes 620 through
676 in the ACS 2000-2007 occupation codes. In our sample, 4.5% of all workers are in the construction sector.
The housing price index of an MSA is calculated in a manner similar to the differential wage,
by regressing housing prices on a set of covariates. The covariates used in the regression for the
adjusted housing cost differential are:
• survey year dummies;
• 9 indicators of building size;
• 9 indicators for the number of rooms, 5 indicators for the number of bedrooms, and number
of rooms interacted with number of bedrooms;
• 3 indicators for lot size;
• 13 indicators for when the building was built;
• 2 indicators for complete plumbing and kitchen facilities;
ii

• an indicator for commercial use;
• an indicator for condominium status (owned units only).
A regression of housing values on housing characteristics and MSA indicator variables is ﬁrst
run weighting by census-housing weights. A new value-adjusted weight is calculated by multiplying the census-housing weights by the predicted value from this ﬁrst regression using housing
characteristics alone, controlling for MSA. A second regression is run using these new weights on
the housing characteristics, along with the MSA indicators. The housing-price indices are taken
from the MSA indicator variables in this second regression, renormalized to have a national average of zero every year. As with the wage differentials, this adjusted weighting method has only
a small impact on the measured price differentials. In contrast to the wage regressions, the housing price regressions were run at the PMSA level rather than the CMSA level to achieve a better
geographic match between the housing stock and the underlying land.

C

Estimate Stability

We conduct several exercises in order to guage the stability of our estimates; the results of these
exercises are reported in table A2. First, we split the sample into two periods: a ”housing-boom”
period, from 2005 to 2007, and a ”housing-bust” period, from 2008 to 2010. As seen in columns
2 and 3, the regression results for the split samples are not statistically different from those in the
pooled sample, in column 1. Comparing the two split samples, the latter period does appear to
have a somewhat lower elasticity of substitution and weaker effects of geographic and regulatory
constraints. Whether this is a product of sampling error or secular changes in housing production
remains to be seen.
Second, we report results for the same regressions using three alternative land-value indices: i)
residential land values only, ii) “raw” land-value indices, iii) unshrunken land-value indicies. Land
is deﬁned as residential if its proposed use is listed as single-family, multi-family, or apartments.
Raw land-value indices are procured by regressing log price per acre on a set of MSA indicators
without any additional covariates, such as proposed use or lot size, and are not reweighted by
location, corresponding to the regression in column 1 of table 1. The unshrunken indices are
derived directly from the regression in coulmn 4 of table 1, without applying the Kane and Staiger
(2008) shrinkage technique. The results for the residential land values in column 4 are nearly
identical to those in column 1. In columns 5 and 6, the estimated land share is lower as we see
more dispersion in the land index, which appears to cause attenuation effects: the ﬁrst, due to noise
introduced by not controlling for observable characteristics; the second, from sampling error.
The results in column 7 drop observations that we deemed to have low growth, i.e. metro
areas with population growth from 1980 to 2010 in the bottom decile. The estimated cost share of
land and the elasticity of substitution using this sample is slightly lower, albeit not signiﬁcantly.
However, in a regression using our favored speciﬁcation, with all of the regulatory and geographic
subindices, not shown, the results are more similar. If, as in column 8, we instead deﬁne our lowgrowth sample using the bottom decile of MSAs in terms of the building permits issued from 2005
to 2010 relative to the size of the housing stock, the results are quite close to our base speciﬁcation.
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Houston-Galveston-Brazoria, TX

Figure F: Land Sales in Selected Metro Areas
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