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ABSTRACT. This paper addresses the question of a
causal link between climate and urban sprawl by fo-
cusing on the role local climate plays in determining
household behavior regarding housing decisions. We
consider the hypothesis that under warmer climates,
households exhibit “sprawling behavior”: they locate
in larger plots, farther away from city centers. This
hypothesis is tested empirically on household data by
controlling for sample selection in simultaneous
equations for housing size and distance to city center.
We find evidence that such sprawling behavior is re-
lated to climate, suggesting that global warming and
urban sprawl reinforce each other. (JEL C34, R14)

I. INTRODUCTION

The primary environmental concerns as-
sociated with urban sprawl are excessive con-
sumption of land resources and increased
greenhouse gas emissions due to the com-
mutes associated with diffuse and uncoordi-
nated patterns of urban expansion (IPCC
2014). Both of these concerns link urban
sprawl to contributions to climate change.
Here, we explore a different link: the relation-
ship between climate and the spatial organi-
zation of cities, specifically the effect of cli-
mate on urban sprawl. If this effect is
demonstrated, a second conclusion emerges,
namely, that global warming and urban
sprawl, which have emerged as two major en-
vironmental concerns, are linked in a vicious
circle: the latter contributes to the former, and
vice versa.

The primary causes of urban sprawl have
been well identified in the economic literature.
Rising incomes and auto-driven changes in
transportation costs are the fundamental driv-
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ers of sprawling development (Glaeser and
Kahn 2004), and the movement of the middle
class to the suburbs has been in part a re-
sponse to fiscal and social problems in urban
centers (Nechyba and Walsh 2004). The at-
traction of environmental amenities found
outside of urban areas has also been found to
play a role (Roe, Irwin, and Morrow-Jones
2004; Wu 2006; Irwin, Jeanty, and Partridge
2014).

Environmental concerns associated with
urban sprawl include its indirect effects on cli-
mate change. A number of studies have ana-
lyzed the links between sprawl-induced in-
creases in energy use and consumption of
green space, and increases in the concentra-
tion of greenhouse gases in the atmosphere
(e.g., Bart 2010). The well-known figure by
Newman and Kenworthy shows a strong re-
lationship between urban density and energy
consumption: slack North American cities are
more energy intensive than dense Asian cities
(Newman and Kenworthy 1999). But what
about the reverse link, namely, the effect of
climate on the extent of urban sprawl? To our
knowledge, only a few papers account for that
relationship and do so only incidentally. For
example, Burchfield et al. (2006) and Patac-
chini and Zenou (2009) find that climate is a
significant determinant of the extent of urban
sprawl. However, the contribution of climate
to urban sprawl is not a focus of these studies;
rather, they use regional climate as a control
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variable in cross-sectional analyses of urban
area-level measures of sprawl. Moreover, the
potential link between a warming climate and
urban sprawl is widely ignored. Cavailhes et
al. (2014) are the only authors who use indi-
vidual data in an empirical model with micro-
economic foundations. On the whole, how ur-
ban growth patterns may respond to a
changing climate is generally left unstudied
(Irwin et al. 2009).

In this paper, we focus on the role local
climate characteristics play in determining
some aspects of urban sprawl. We empirically
test if, in milder climates in France, house-
holds’ preferences for large plots are stronger
and if easier driving conditions lead to resi-
dential locations more distant from city cen-
ters. Our analysis uses data from weather sta-
tions on temperature and days of precipitation,
and detailed household-level survey data to
account for differences in households’ char-
acteristics. France, which has a temperate cli-
mate, does not experience extreme climatic
variation. Nevertheless, due to the variable in-
fluences exerted by the Mediterranean, Atlan-
tic Ocean, and a varied terrain, substantial
variation in temperature and precipitation is
observed across the country, providing an ap-
propriate setting in which to study the ques-
tion of interest.

To test the relationship between climate
and urban sprawl, we model residential loca-
tion choices represented by distance to city
center and residential lot size, as a function of
household and urban characteristics and local
climate. The latter is expected to influence
distance to city center, as well as preferences
for outdoor space, and therefore lot size. As
characterized by Smith, Rosen, and Fallis
(1988), every household is assumed to belong
to a submarket that is differentiated by loca-
tion, dwelling type, type of tenure (i.e., owner
or renter), age, quality, and financing. Our
analysis considers the behavior of a particular
submarket that plays a prominent role in de-
fining patterns of urban sprawl: owner-occu-
pants outside of the central cities of urban ar-
eas. This sample restriction may introduce
sample selection bias if the distribution of the
selected sample is not random. Therefore, we
adopt an estimation strategy to simultaneously
predict the distance to the city center and the
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residential plot’s size using a simultaneous-
equation procedure suggested by Gouriéroux
(2000).! We find evidence that households’
residential decisions are related to climate
conditions, suggesting that under a warmer
climate, households’ preferences for sprawl-
ing forms of development will increase.

I1. IS CLIMATE A DETERMINANT OF
URBAN SPRAWL?

A number of papers advance a synthetic
analysis of the causes of sprawl.2 According
to Glaeser and Kahn (2004) (among others),
the automobile is the primary driver of urban
sprawl. Brueckner (2000) underlines the role
of improved transportation infrastructure in
lowering commuting costs, as well as increas-
ing incomes, in driving urban growth. In an
analysis of urban sprawl in Europe, the Eu-
ropean Environment Agency synthesizes the
determinants of sprawl, connecting it with
new lifestyles outside the inner city (European
Commission 2006). The report also discusses
the role of improved transportation links and
personal mobility in allowing individuals to
live in more and more distant locations, and
identifies several determinants of urban
sprawl: for example, micro- and macro-socio-
economic trends, land prices, individual pref-
erences, demographic trends, and land use
planning policies.

Climate is a well-known driver of human
behavior, and the literature on its effects on
population migrations has a long history (e.g.,
Graves 1976, 1980; Graves and Linneman
1979). Cheshire and Magrini (2006) have
shown its effect on the growth of urban pop-
ulations in the south of each European country
(the southern borders blocking migration be-
yond). However, the relationship between cli-
mate and urban sprawl is studied by very few
authors. As previously stated, Burchfield et al.
(2006) and Patacchini and Zenou (2009) show

! This specification controls for two sources of bias: (1)
sample selection bias resulting from plot size being observed
only when a household locates in a house (as opposed to an
apartment), and (2) bias resulting from our measure of dis-
tance being censored at zero for households living within a
central municipality (a limitation of our data).

2 See Glaeser and Kahn (2004), Brueckner (2000), and
Irwin et al. (2009) for literature reviews.
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that urban sprawl is greater where the weather
is warmer, but do not investigate climate as a
driver of sprawl.

Cavailhes et al. (2014) build an urban eco-
nomic model in which the residential location
choice of the household depends on the cli-
mate in three ways: (1) the household directly
consumes a climatic amenity (as in Roback
1982), (2) household preferences depend on
climate such that demand for an outdoor way
of life is greater where the climate is warm,
and (3) travel conditions are influenced by cli-
mate (higher transportation costs when winter
weather is cold and damp). In that theoretical
model, warm climate fosters urban sprawl.
Two assumptions underlie the formulation of
the empirical model:

*  Where the climate is milder, people locate far-
ther into the countryside for two reasons. First,
commuting is easier than in a cold region,
where winter driving is difficult due to, for ex-
ample, fog, glare, snow, and ice. Second, in re-
gions where the summer is warm, locating out-
side of city centers is a means of avoiding the
heat-island effects of cities.

* Where the climate is milder, people live on
larger plots, because they spend more time us-
ing a larger residential lot (‘“pursuing an outdoor
lifestyle™); for example, it may provide space
for a swimming pool, a barbecue, a garden, or
an outdoor game area.

To test these assumptions we model house-
holds’ residential behavior in terms of their
choices of lot size and distance to city center.
Next, we define urban sprawl and our measure
of sprawling residential behavior.

I11. DEFINITION AND MEASURE OF
URBAN SPRAWL

Although “urban sprawl” is a well-recog-
nized term, it lacks a definition that is precise
and generally accepted. Brueckner (2001) de-
fines urban sprawl as the “spatial growth of
cities that is excessive to what is socially de-
sirable,” reflecting the negative connotations
that typically accompany discussions of urban
sprawl. Others are more circumspect about its
desirability, finding that it has increased
households’ well-being due to the higher
household consumption of land and housing
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it has enabled (Glaeser and Kahn 2004; Nech-
yba and Walsh 2004). While the multifaceted
nature of urban sprawl does not lend itself to
any particular quantitative measure, economic
analyses of sprawl tend to focus on the di-
mensions of density and centrality.? In gen-
eral, these studies measure the degree of
sprawl in terms of the distribution of jobs and/
or residential population relative to a metro-
politan city center, and defined by density gra-
dients (e.g., Anas and Arnott 1997; Glaeser,
Kahn, and Chu 2001; Glaeser and Kahn 2004;
Mieszkowski and Mills 1993).4

From a microeconomic perspective, sprawl
is clearly an outcome of residential behavior.
But the sprawling behavior of households
choosing their residential locations remains a
black box in economic studies. At best, statis-
tical correlations are established between the
characteristics of urban area populations and
variables measuring geographic settlement
patterns. In the present paper, we open the
black box by empirically analyzing residential
choices using individual household data rather
than urban area—level metrics. The metrics we
focus on in the present paper are residential
lot size and commuting distance. The choice
of residential lot size and commuting distance
as variables to represent urban sprawl is rela-
tively novel to the economic literature. In em-
pirical analyses, economists have tended to
use urban area-level statistics rather than
household-level choices as dependent vari-
ables.

Table 1 reports descriptive statistics on cli-
mate (temperature) and housing characteris-
tics, obtained from the housing survey con-
ducted in 2006 by the French National
Institute of Statistics and Economic Studies
(INSEE 2006a). Regarding the consumption
of residential goods, Table 1 shows that the

3 Geographers also tend to consider the dimensions of
fragmentation (i.e., the spatial organization of density) and
the level of accessibility to jobs, shopping areas, and trans-
portation (Galster et al. 2001).

4 A few more recent studies have measured urban sprawl
in terms of the degree of scatteredness of urban development
(Burchfield et al. 2006), using urban area—level indicators
related to built-up areas, continuity of residential areas, and
population density (Kasanko et al. 2006), and by the varia-
tion over time of urban land use and population density (Pa-
tacchini and Zenou 2009).
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TABLE 1
July Temperature and House Characteristics

July Temperature Swimming Pool

Terrace Size (m2) Plot Size (m?) Floor Space/Lot Size

Below median 1.30%

Above median

6.40% 10.2

1,128 0.34
1,453 0.26

Source: 2006 housing survey (INSEE 2006a), sample individual household, excluding Paris metropolitan

area.

TABLE 2
Temperature in January and Commuting Time

Commuting Time (Individual Declaration/Expert Calculation)

January Temperature All Households Executives Blue Collar Workers
Below median 0.978 0.977 0.977
Above median 0.933 0.915 0.930

Source: 2006 housing survey (INSEE 2006a), sample individual household, excluding Paris metropolitan

area, and authors’ computations.

proportion of homes with swimming pools in-
creases with temperature in July. Similarly,
yard size increases by 20% (from 8.5 to 10.2
m?2) for the houses in climates that are warmer
than average. The overall lot sizes of these
homes is almost 36.4% higher in the warmer
half of the country (about 1,500 m3 vs. 1,100
m?3), and the ratio of floor area to the area of
the plot is about one-third in the colder half
of the country and about one-quarter in the
warmer half. These patterns illustrate the out-
door way of life enjoyed in French regions
with warmer climate.’

The direct comparison of commuting times
in different climates requires controlling for
both regional variation in urban structure and
road networks, and we present descriptive sta-
tistics from two data sources. First, the 2006
housing survey by the INSEE provides travel
time reported by the household (denoted “re-
ported time”). To estimate her reported com-
muting time, the worker takes into account all
the characteristics necessary to optimize it:
the road network (motorways, windings, etc.)
and urban structure (congestion, etc.), as well

5 A more general comparison of lifestyle and welfare
according to climate is beyond the scope of this paper and
would require a more advanced econometric analysis. In
cold regions, living area is slightly larger (+1%), the price
of housing is smaller (Cavailhes et al. 2014), and so forth.
Other differences may occur in the way of life, and it is
impossible to make a balance.

as climate. As the residential and work places
are known in this housing survey, the second
source is the calculation of commuting time
for the same journey using the algorithms in
Odomatrix, a numerical tool used to compute
the shortest route between two places, and the
corresponding time required to traverse that
route (denoted “computed time”).6 This sec-
ond source controls for geographic and traffic
conditions, but it does not take into account
the effect of climate on commuting time. We
calculate the ratio between the reported time
and the computed time for 6,697 observations
where the head of household goes to work in
a private motor vehicle. For the whole coun-
try, the reported time is on average 4.0%
lower than the computed time. Table 2 shows
that among households located in areas where
the temperature in January is below the me-
dian, the times reported by households are on
average 2.2% lower than computed times.
Among households where the temperature in
January is above the median, the reported
times are 6.7% lower than computed times. In
other words, when the winter weather is

6 The Odomatrix tool (INRA-CESAER) uses the road
network “route500(r)” from the Institut Géographique Na-
tional. It takes into account the geographic surroundings (al-
titudes, slopes, agglomerations, countryside, etc.) and traffic
conditions (off-peak and peak hours). The tool chooses the
itinerary that minimizes the transport time (Hilal 2010).
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colder, the worker takes longer to get to work
because she drives slower and/or provides a
margin of safety because of weather. Our hy-
pothesis is that this difference is due to more
difficult driving conditions in cold and rainy
regions in the winter.

While the difference between the com-
puted and reported times is roughly the same
whether the head of household is an executive
or blue collar worker where January is cold
(2.4%), the difference is more pronounced for
executives (9.3%) than for blue collar workers
(7.5%) in the warmer parts of the country.
This suggests that the commute times of the
executives are more strongly influenced by
cold winters. A similar calculation for lot size
shows that in comparison to regions with be-
low-average July temperatures, lot size in-
creases more for blue collar workers (35%)
than for executives (21%). These descriptive
statistics illustrate one of the advantages of
working on individual data. It allows one to
compare the behavior of households accord-
ing to socioprofessional status, as we have just
done for commuting time. Of course, a well-
specified econometric model has to be de-
signed to test for such relationships.

IV. EMPIRICAL STRATEGY

Following Cavailhes et al. (2014), we as-
sume that the size of the residential good and
the distance from the city center (or leisure)
are simultaneously chosen by each household,
leading to endogenous variables in the model.
Therefore, we characterize a household’s
choice as the simultaneous equations in sys-
tem [1]. The introduction of covariates is to
control for (part of the) observed heteroge-
neity in households and urban areas:

{S =f(D,W,(ll,C1,Y1)+81 [1]
D= g(S,W,G,z,Cz,Y2)+ 82’

where S is the size of the residential plot, D
is distance to the center of the urban area, w
is the income of the household, oy and a., are
vectors of household characteristics, C; and
C, are vectors of climate variables, and Y
and Y, are vectors of local variables specific
to urban areas.
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We distinguish between two spatial levels
used to define the local variables in Y: the ur-
ban area in which the residence is located and
the local community with which the residence
is associated. The French urban area definition
is similar to that of metropolitan statistical ar-
eas in the United States, but the population
thresholds are lower.” We have associated ru-
ral communities, which are beyond the urban
area border, to their nearest urban area. There-
fore, all location decisions (in urban as well
as rural destinations) are considered. The lo-
cal-community grid of France comprises
35,565 communes (similar to townships or
municipalities in the United States) that we
associate with 354 urban areas.

The household socioeconomic data are
from housing surveys conducted by INSEE in
1984, 1988, 1992, 1996, 2002, and 2006
(INSEE 1988, 1992, 1996, 2002, 2006a),
which are stacked and merged with spatial
data (including periodic INSEE censuses and
the delineation of urban areas) and climatic
data.® Table 3 presents definitions of the
household, local, urban area, and climate vari-
ables used in our sample.

Model Specification and Estimation
Methods

We assume each household has freely cho-
sen its location and the characteristics of the
parcel (in particular, its size) in a competitive
market without imperfections or failures. The
competition between numerous development
companies operating across the entire country
makes such a competitive market assumption
plausible.® Residential lot sizes may be dif-
ferent from those defined by the market equi-
librium, due to zoning restrictions. Neverthe-

7 In the French statistical definition created by INSEE,
an aire urbaine (urban area) consists of a unité urbaine (cen-
tral city and suburbs defined by the continuity of the built-
up area and the hosting of at least 5,000 jobs) and a periurban
belt (municipalities with discontinuous built-up land where
at least 40% of active residents commute to work outside
the local community, but within the urban area).

8 We thank INSEE for providing us with the computing
and technical facilities required for econometric modeling
on a remote secured data server.

9 Average land price (calculated at the urban-area level)
helps control for local market variations.
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TABLE 3
Definition of Variables and Statistical Sources
Variable Source? Definition

Endogenous Variables

Lot size
Distance

Household Characteristics
In(Income)
Age

Children
Socioprofessional status

Housing survey
Authors’ computation

Housing survey
Housing survey

French national census

Urban Area and Land Market Characteristics

Average land price
Average price index

Urban area population

Urban center/urban area
Local Characteristics

Forest rate
In(Local income)

Coastal community

Climate Variables

In(Temperature July)

In(Temperature January)

In(Rainy days January)

Solicitors’ data

Conseil Général de
I’Environnement et du
développement durable

French national census

French national census

Corine Land Cover database
French national census

Institut Géographique

National

Méteo-France and specific
intrapolation®

Size of the lot for houses

Driving time in minutes to the closest urban center via
the road network; defined at the community level (the
smallest level of French administrative delimitation),
this distance equals zero if a household is located in
the central local community of an urban area

Total household income (in log), deflated by the GDP
index (year 2006).

Age of the head of household

Dummy variable for the presence of children (yes/no)

Executive, Blue collar worker, Office worker, and Other
are dummy variables indicating the occupation of the
head of household; Intermédiaire® being the reference

Average land price in the urban area
Annual housing price index of the year of dwelling
purchase (national trends in the housing market)

Dummy variables indicating that the size of the
household’s aire urbaine is in one of the following
classes: < 50,000 inhabitants, 50,000 to 100,000
inhabitants, 100,000 to 200,000 inhabitants, 200,000 to
500,000 inhabitants, and > 500,000 inhabitants

Share of the surface of the urban area covered by the
urban center

Share of municipality area covered by forest

Average per-capita income of the local community (in
log)

Dummy variable indicating that the local community is
located on a coastline

Average temperature (in log) over the period 1971-2000
in the household’s local community during the month
of July (centigrade degrees)

Average temperature (in log) over the period 1971-2000
in the household’s local community during the month
of January (centigrade degrees)

Average number of days of rain (in log) over the period
the 1971-2000 in the household’s local community
during the month of January

2 Housing survey: ISEE 2006a; French national census: INSEE 2006b; Solicitors” data: INSEE 2015; Conseil Général de 1’Environnement
et du développement durable: CGEDD 2015; Corine Land Cover database: European Environment Agency 2015; Institut Géographique National:
www.ign.fr; and Méteo-France and specific intrapolation: Joly 2011.

b There is no satisfactory translation to English for this category, which includes intermediate professions in education, health, public service,
and corporate administration, as well as technicians, foremen, and supervisors.

¢ These data are recorded by a network of weather stations, and interpolation is used to reconstruct a spatial continuum of weather data using
a GIS (Joly et al. 2011). Regressions between temperature/rainfall and explanatory variables suggested by climatology (altitude, land cover,
orientation, etc.) were estimated, followed by kriging of residuals from the regressions. As the models and parameters estimated are not identical
over an area of the size of France, interpolation is done for small polygons including the 30 closest stations. The predicted values are computed
for each French municipality.
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less, 66% of French municipalities did not
have any zoning as of 1988, and fewer than
50% did as of 2003 (Lecat 2006). Moreover,
where zoning restrictions exist, the effect on
plot size is likely to be limited. As demon-
strated by a large survey of the literature by
Lecat (2006), zoned plot sizes tend to follow,
more or less, the market.

We assume that it is the households who
move that drive the size and the location of
new development. In other words, households
are price takers because they are small agents,
but they are quantity makers because the high-
est bidder in the market can choose her de-
sired residential plot size. It is among these
households that we are able to observe a resi-
dential location decision that reflects prefer-
ences for proximity and indoor/outdoor space.

While our research question could in prin-
ciple be addressed by analyzing all residential
development in France, it would be inappro-
priate to apply our model to the entire housing
market for a number of reasons. First, the
housing market consists of newly constructed
and older dwellings. The locations of older
buildings depend on outdated circumstances,
whether in terms of transportation technology
(particularly the widespread adoption of the
automobile) or historical disruptions (e.g., re-
building in inner cities after the damages of
the Second World War in the cold north, or
accommodating repatriation from Algeria in
1962 in exurban areas of the warm south). The
period of time since 1974 is relatively stable
along both of these dimensions. Therefore, we
focus on contemporaneous location mecha-
nisms by selecting developments constructed
since 1974.19 Second, we consider that renters
and owner-occupants belong to separate resi-
dential markets, with different preference
structures and budget constraints, and restrict
our analysis to the behavior of owner-occu-
pants. Third, we limit our analysis to house-
holds that have recently moved (in relation
to the household survey date). Indeed, the sur-
vey gives contemporaneous information on

10 As a robustness check, we estimate our model on all
housing stock, regardless of date of construction. The results
are very comparable to those obtained for new develop-
ments; in particular, the impact of climate follows the same
profile. Results are available from the authors upon request.
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households. If we consider all households re-
gardless of moving date, the observed char-
acteristics of many households will be differ-
ent than they were when the location decision
was undertaken. Fourth, we exclude farmers
and retired people from consideration because
they do not have the same relationship to the
central cities of urban areas (in terms of prox-
imity to job centers) as other households. Fi-
nally, we exclude the urban area of Paris, the
scale of which is very different from every
other urban area (it contains approximately
one-fifth of the French population) and would
be difficult to accommodate under a single
econometric model. Under these restrictions,
the surveyed population of interest utilized in
our analysis consists of 16,947 households.

The Selection Problem

The selection process associated with de-
fining the population of interest should not in-
troduce selection bias, as all criteria are in-
tended to delineate a specific market.
However, we encounter two major econo-
metric issues related to the definition of the
two dependent variables, residential plot size
(S) and distance (D). The first issue is that
residential plot size is equal to zero for a sig-
nificant number of dwellings in the population
of interest. These dwellings are generally
apartments, and the interpretation of =0 is
not the same for a house and an apartment.
Moreover, some unobserved factors may in-
fluence the household’s choice between flat
and house that are also related to the selection
of lot size and distance. As such, we introduce
a selection equation explaining a household’s
choice between a house and an apartment, and
then compute a selection correction term to
control for the potential bias. The dependent
variable in this equation (H) equals 1 if the
household lives in a house, and O otherwise.
The second issue arises from the measurement
of distance. Due to the software computing
distance as travel time in minutes from the
center of the household’s commune to the cen-
ter of the urban area, it censored at zero for
all households located in the community that
is the central city of its aire urbaine (see the
definition of distance in Table 3).
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Among the 16,947 observations in the
population of interest, 1,775 (10.4%) are
households living in apartments (H =0) and
2,718 (16.0%) are in the central municipalities
of their respective urban areas. A total of
13,377 (78.9%) households reside in houses
(H =1) outside of urban area city centers.

Standard econometric procedures exist to
deal jointly with sample selection and cen-
sored-observation mechanisms. In a single-
equation setting, parametric or semiparame-
tric procedures are available to correct for
endogenous selection under a variety of
model specifications and with weak assump-
tions on the distribution of errors. However,
when multiple sources of selection are pres-
ent, estimation techniques entail more in-
volved numerical methods such as simulation-
based integration, or require simplifying
restrictions such as joint normality of error
terms and/or independence of selection equa-
tions (see, e.g., Yen, Lin, and Smallwood
2003; Lacroix and Thomas 2011).

The fact that our model consists of simul-
taneous equations with selection requires an
estimation strategy to deal with selection bias,
censored observations, and simultaneity bias
(endogeneity of some explanatory variables).
One possibility is to estimate the model in re-
duced form while accounting for selection and
the censored dependent variable, and solve for
the structural parameters. However, this indi-
rect least squares approach requires the model
to be exactly identified (Gouriéroux 2000),
which reduces the number of exogenous re-
gressors that can inform the size and distance
equations. Another possibility is to construct
the likelihood functions based on the normal-
ity assumption and perform maximum-likeli-
hood estimation, which is likely to be cum-
bersome given the multiple sources of
selection and the large number of observa-
tions. We adopt a simpler approach that cor-
rects for the selection and censoring bias in a
multistep procedure based only on probit and
three-stage least squares (3SLS) estimators.

Estimation Strategy
Given equation [1], the underlying econo-

metric structural model can be written as a
system of equations:
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{lnS=X]ﬂ1+lnDy1+£] [2]

InD= X2ﬂ2+lnSy2+£2’

where § is the size of the residential plot, D
is the driving distance in minutes to the central
city, and & and &, are random terms. X and
X, are two vectors of observed explanatory
variables. The corresponding reduced-form
model is

{IHS=X17[11+X272'12+M1 [3]
InD= Xlﬂ'21 +X27T22+ Mz’

where (uj,up) are assumed jointly normal
N(0,, X), with 0, and X, respectively, indi-
cating a rank-2 vector of zeros and a rank-2
variance-covariance matrix.

As mentioned above, we need to control
for selection bias affecting both equations,
and censored observations (affecting distance
D only). Consider the selection of the type of
housing first. In terms of observed variables,
the following condition applies to the first
equation of the reduced form:

{H* =X3B3+& (4]
H=1 if H >0;0 otherwise’

where H™ is a latent variable representing the
willingness to choose a house (as opposed to
an apartment), and X3 is a vector of observed
explanatory variables. Because H™ is unob-
served, we assume without loss of generality
that it is positive when the observed choice is
H=1.

The conditional expectation of plot size
(S) corresponding to the subsample of obser-
vations in houses (H =1) is

E(nS| &> —X3f;) =
X711+ Xomo+Euyl 65> — X383). (5]

The treatment of the second equation is
more involved, as we have to deal with the
selection condition above, as well as censored
observations on distance:

lnD=X17T2]+X277.'22+M2,
H"=X3B3+¢&3,

H=1 if H">0,0 otherwise,
InD=InD" if D*>0 and H* >0.
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Within a linear regression framework such
as 3SLS, we need to evaluate the following
conditional expectation:

E(nD| 3> = X3B5.u> — X 1) — Xo7m20) =
X1+ Xom+E(ua| 3> — X3B3,up>
=X m; — Xom), [71]

where (u1,u),€3) are jointly normal N(03,X).

The two sources of bias (sample selection
and censored observations) are controlled for
as follows. In a first step, we estimate a bi-
variate probit model on H =1 (explained by
the covariates in X3) and D* >0 (explained
by X and X3,). We use three variables as in-
struments in the house equation: a variable in-
dicating the household undertook energy-con-
serving renovations; a variable indicating the
home loan did not cover 100% of the invest-
ment; and a variable indicating the household
received social help to pay the loan. We find
no correlation between these variables and the
size of the lot or distance to the city center.
As expected, the bivariate probit (House =
1,D" >0) exhibits a strong correlation: the
decisions to live in a house and to locate out-
side of the central city of the urban area are
positively correlated (p =0.62, with p-value
0.02).

In a second step, we build the bivariate se-
lection term as follows:!!

E(uyl &3> — XaBa,ur> — Xy myy — Xomp) =
0141+ 6 A, (8]

where
A= d(X383) X O(Z])/D(X383.X 1 21 + X2 722.),

Ao = d(Xmp1 +Xo7mp2) X
D(Z3)/ (X383, X1 31 + X0 m22,0),

Zi = [(Xy o1+ Xo7m20) — p(X383)]1{(1 = p*),
25 = [XaB3— p(Xy a1 +Xamap)|1J(1 = pP).

Also, ¢(-)and ®(-) are, respectively, the den-
sity and the cumulative distribution function
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of the normal distribution N(0,1); ®5(-,-,-,)
is the bivariate cumulative distribution func-
tion (probability estimated from the bivariate
probit); p is the correlation coefficient be-
tween &3 and u) (obtained from the bivariate
probit); and 6; and 6, are parameters to be
estimated. We then can finalize the estimation
of the simultaneous equation model in two
steps, by including the inverse Mills ratio and
bivariate selection terms (see Ham 1982).
Standard errors are estimated using the boot-
strap method.

V. RESULTS

Results of the last estimation step are pre-
sented in Table 4. Lot size and distance are
positively linked and simultaneously deter-
mined, with larger lot sizes associated with
locations more distant from the city center.
The inverse Mills ratio is insignificant in the
lot size equation: we do not find evidence of
a selection process in which people who
choose to live in a house have unobserved
characteristics that lead them to choose a
larger lot size. In the distance equation, A; and
A, are positive and significant, controlling for
the fact that people who choose to live outside
the city center have unobserved characteris-
tics associated with a preference for houses
(vs. apartments) and more distant locations.
Due to the selection treatments, estimated pa-
rameters cannot be interpreted as elasticities.
The computation of elasticities is straightfor-
ward in the case of the lot size equation, but
quite cumbersome in the case of the distance
equation, as the parameter values A; and A,
must be derived. Therefore, elasticities are
computed (over the whole sample) only for
the climate variables.!?

Control Variables

Most of the variables controlling for house-
hold characteristics have the expected sign.
Wealthier households locate on larger plots
and closer to the center of the urban area,
which is consistent with the behavior of

11 For details about the derivation of these correction
terms, see Ham (1982) and Gouriéroux (2000).

12 Details of the computation are available from the au-
thors upon request.
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TABLE 4

Structural Equation Estimates

Estimate Bootstrapped Std. Err.
Lot Size Equation
In(Distance) 0.463 0.141
In(Income) 0.266 0.025
Age 0.002 0.001
Single (yes) 0.026 0.090
Couple, no children (yes) —0.026 0.029
Children Reference Reference
Blue collar worker —0.037 0.018
Office worker —0.060 0.022
Intermédiaire worker Reference Reference
Executive 0.036 0.021
Self-employed 0.098 0.028
Mean land price —0.005 0.30E3
Land price trend —0.170 0.065
Urban area population < 50,000 Reference Reference
Urban area population 50,000 to 100,000 —0.056 0.029
Urban area population 100,000 to 200,000 —0.160 0.021
Urban area population 200,000 to 500,000 —-0.232 0.052
Urban area population > 500,000 —0.331 0.091
In(Local income) 0.157 0.022
Coastal community —0.216 0.033
Forest rate 0.198 0.076
Urban pole/urban area —0.511 0.061
In(July temperature) 0.538 0.117
Inverse Mills ratio 0.081 0.157
Intercept 0.135 0.650
Distance Equation
In(Lot size) 0.108 0.030
In(Income) —-0.137 0.015
Age —0.002 0.001
Single (yes) —0.072 0.048
Couple, no children (yes) —0.001 0.017
Children (yes) Reference Reference
Blue collar worker 0.066 0.014
Office worker 0.004 0.015
Intermédiaire worker Reference Reference
Executive —0.026 0.016
Self-employed 0.068 0.019
Urban area population < 50,000 Reference Reference
Urban area population 50,000 to 100,000 0.162 0.019
Urban area population 100,000 to 200,000 0.170 0.020
Urban area population 200,000 to 500,000 0.300 0.021
Urban area population > 500,000 0.544 0.029
Forest rate 0.577 0.040
Urban pole/urban area —0.210 0.039
In(January temperature) 0.069 0.010
In(January rainy days) 0.025 0.020
Lambda 1 0.150 0.076
Lambda 2 0.179 0.063
Intercept 3.245 0.204

Note: System of equations estimated on 13,373 observations.
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French households (see Brueckner, Thisse,
and Zenou 1999). A household’s socioprofes-
sional status adds supplementary information:
as expected, blue collar workers locate on
smaller lots and at greater distances than ex-
ecutives and office workers (also consistent
with French characteristics). Lot size in-
creases with the age of the head of household,
and distance to the city center slightly de-
creases. In interpreting the results, keep in
mind the age distribution in our sample: only
10% of the heads of household are younger
than 30, and 80% are between 30 and 53; as
a result, the parameter for age is small. Older
(i.e., senior) households presumably have in-
come allowing them to locate closer to central
cities. The parameters related to household
composition are also small. Concerning lot
size, income effects seem to dominate, and re-
garding the distance to the city center, the only
differentiation occurs between single and non-
single households, the former choosing closer
locations than the latter. However, household
composition appears to play a major role in
the first step of the modeling, where we con-
trol for the joint choice of house/apartment
and urban center/out of the center (see appen-
dix). Indeed, we show that being single or liv-
ing as a couple without children sharply de-
creases the probability of living in a house.
Being single also increases the probability of
living in the urban center.

Variables controlling for regional and local
characteristics concerning population of the
urban area, urban structure, and housing and
land markets behave as expected. To capture
the effect of developable land availability on
the location decision, we introduce the share
of the urban area covered by the central city
of the urban area (which is relatively dense).
Lot sizes decrease with the populated share of
the urban area because greater densities lead
to higher land values and smaller plots. Dis-
tance to the center of the urban area increases
with urban area population: the more popu-
lous the urban area, the more distant its edge
is from its center.

Regarding land market effects, higher ur-
ban area land prices are associated with
smaller lot sizes. Lot size is positively linked
with the average income of the local com-
munity inhabitants, which may be due to min-
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imum-lot-size zoning regulations designed to
exclude poorer households from affluent mu-
nicipalities. The functioning of the land mar-
ket is also represented by the share of forest
in the local community area and a dummy
variable distinguishing coastal municipalities.
Lot size and distance increase with forest cov-
erage (a proxy for land availability), and as
expected, lot size is smaller in coastal com-
munities, which tend to have very attractive
natural amenities and higher prices.

Climate Variables

The empirical results are consistent with
our hypotheses: (1) warmer summer tempera-
tures correspond with larger lot sizes, and (2)
lower winter temperatures correspond with lo-
cation closer to city centers.!3

To explore these mechanisms further, we
calculate the elasticity of lot size and distance
in response to a change in climate for a rep-
resentative household, defined by average val-
ues (continuous variables) and reference cate-
gories (discrete variables).!* A 10% increase
in average July temperature (2°C) corresponds
with a 7.2% increase in lot size (65 m? on
average). For example, lot sizes in locations
with temperatures at the 90th percentile, as in
Nice (23°C), are predicted to be 18% larger
(an increase of approximately 162 m? on av-
erage) than those at the 10th percentile (18°C),
as in most locations north of the Paris-Stras-
bourg line of latitude.!> A 10% increase in
average temperature in January (0.5°C) leads
to a 0.4% increase in distance to the urban
center. The variation in average January tem-
peratures in France is substantial: the average
temperature in January is 3°C in Strasbourg
(in the northeast of France) and 10°C in Nice
(in the Mediterranean south of France). The
Nice climate applied to Strasbourg leads to a

13 We do not find a significant relationship between the
number of rainy days in January and distance.

14 Age =38; Children=yes; Urban area popula-
tion = 50,000 to 100,000; Average July temperature = 20°C;
Average January temperature =5°C; Rainy January
days = 11. Formulas are available from the authors upon re-
quest. Standard errors are bootstrapped.

15 Applying the correction for selection to the parameter
on average July temperature in the lot size equations leads
to a slight increase of the elasticity.
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TABLE 5
Climate Variable Parameters on Blue Collar and Executive Subsamples

July Temperature January

January Rainy

in Lot Size Temperature in Days in Distance Distance Lot Size
Equation Distance Equation Equation (on Lot Size) (on Distance)
Blue collar workers 0.589 (0.194) 0.049 (0.017) 0.163 (0.471) 0.939 (0.309) 0.041 (0.025)

Executives 0.677 (0.308) 0.117 (0.028)

—0.091 (0.050) 0.273 (0.150) 0.256 (0.083)

Note: Bootstrapped standard errors are in parentheses.

13.2% increase in distance to the city center
for our representative household (a bit less
than 3 minutes at the median distance of 21
minutes). The insignificant effect of precipi-
tation may be due to the small variation across
the French territory in January. Indeed, 80%
of localities record between 9 and 13 rainy
days in January, and more than 40% of the
local communities record approximately 12
days.

An advantage of using household-level
data is that it allows predictions according to
the individual characteristics of the house-
holds. Many possibilities may be explored
and may be extensions for future work: for
example, examination of younger versus older
households, or single households versus fam-
ilies with children. To illustrate these possi-
bilities we estimate the system of equations
for two specific social categories: households
with a blue collar worker as head-of-house-
hold and those with an executive head-of-
household (see Table 5).

No significant difference appears between
executives and blue collar workers concerning
the impact of temperature in July: both choose
larger lot sizes where the weather in July is
warmer. However, the behavior of executives
seems to be more heavily influenced by winter
weather than is the behavior of blue collar
workers. First, the former choose to locate
closer to the city center than the latter when
the temperature in January in colder. Second,
the executives locate closer to the city center
when the number of rainy days increases,
whereas blue collar workers are not respon-
sive to this climate variable.

Various mechanisms may explain this pat-
tern of behavior, but further investigations are
needed to rigorously identify them. Neverthe-
less, we will mention an initial interpretation.
As noted by Wheaton (1974), “With an in-

come inelastic land demand and noticeably
greater commuting costs for the wealthy,
greater income leads to more central loca-
tions. If land demands are income elastic and
commuting expenses are relatively fixed, in-
come should increase with distance from
work”™ (p. 620-21). Indeed, this pattern of lo-
cation behavior has been shown to occur in
France (Brueckner, Thisse, and Zenou 1999).
If harsher winter climates correspond with in-
creased transportation costs, we might expect
higher-earning households to choose more
central locations in such conditions.

Robustness Checks

As previously noted, distance increases
with urban-area population, and lot size de-
creases. On average, lot size (distance) is 20%
smaller (larger) in urban areas with at least
200,000 inhabitants than in urban areas with
less than 200,000 inhabitants. To test if the
mechanisms driving preferences for lot size
and proximity differ with the size of urban
areas, we estimate models using two subsam-
ples defined by population level. Results are
presented in Table 6.

Selection mechanisms in the two subsam-
ples behave as in the whole sample, with the
exception of the inverse Mills ratio in small
urban areas (which controls for the fact that
we select households that choose to live in a
house vs. an apartment), which is (weakly)
significant. In the small urban areas, lot size
appears to be driven less by market constraints
than by household preferences. While wealth-
ier households do locate on larger lots in both
subsamples, the influences of other household
characteristics become significant in the sub-
sample restricted to small urban areas, with
larger families locating on larger lots. The ef-
fect of distance on lot size behaves in the same
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TABLE 6
Structural Equation Estimates for Small and Large Urban Areas
Population < 200,000 Population > 200,000
Inhabitants Inhabitants
Bootstrapped Bootstrapped
Estimate Std. Err. Estimate Std. Err.
Lot Size Equation
In(Distance) 0.345 0.210 0.612 0.118
In(Income) 0.261 0.034 0.269 0.030
Age —0.4E3 0.001 0.006 0.001
Single (yes) —0.236 0.141 0.060 0.169
Couple, no children (yes) —0.074 0.038 —0.048 0.032
Children (yes) Reference Reference Reference Reference
Blue collar worker —0.043 0.023 —0.006 0.032
Office worker —0.080 0.030 —0.041 0.034
Intermédiaire worker Reference Reference Reference Reference
Executive 0.045 0.032 0.024 0.032
Self-employed 0.073 0.037 0.198 0.043
Land price —0.007 0.4E3 —0.005 0.3E3
Land price trend —0.254 0.077 —0.222 0.105
In(Local income) 0.142 0.033 0.113 0.029
Coast —0.239 0.039 —0.218 0.066
Forest rate 0.095 0.109 0.360 0.123
Urban pole/urban area —0.161 0.208 —0.857 0.738
In(July temperature ) 0.350 0.125 0.431 0.249
Inverse Mills ratio 0.533 0.322 —0.094 0.234
Intercept 1.425 1.178 —0.051 0.785
Distance Equation
In(Lot size) 0.064 0.038 0.032 0.015
In(Income) —0.134 0.021 —0.049 0.023
Age —0.002 0.001 —0.002 0.001
Single (yes) -0.073 0.082 —-0.134 0.079
Couple, no children (yes) 0.001 0.027 0.007 0.019
Children (yes) Reference Reference Reference Reference
Blue collar worker 0.064 0.019 0.053 0.019
Office worker 0.004 0.027 —0.034 0.023
Intermédiaire worker Reference Reference Reference Reference
Executive —0.016 0.028 —0.017 0.021
Self-employed 0.103 0.029 0.037 0.029
Forest rate 0.590 0.048 0.678 0.070
Urban pole/urban area —0.970 0.810 0.198 0.055
In(January temperature ) 0.046 0.014 0.179 0.019
In(January rainy days) 0.124 0.307 —0.093 0.033
Lambda 1 0.212 0.255 0.223 0.107
Lambda 2 0.235 0.090 0.074 0.079
Intercept 3.830 0.305 3.510 0.278

Note: System of equations estimated on 76,996 observations (population <200,000) and 5,674 observations

(population >200,000).

way, with a larger magnitude in the subsample
restricted to large urban areas.

Regarding the climate variables, July tem-
perature behaves in the same way in both sub-
samples, but we find some differences in the
effect of winter climate. The distance to the
city center increases with the temperature in

January in both subsamples, but at a lower
rate in the smaller urban areas. Moreover, the
distance to the city center decreases with the
number of days of precipitation in January in
large urban areas. These last two results are
consistent with the notion that commuting
conditions are of greater concern to house-
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holds in a large metropolis than to those in a
smaller city.

VI. CONCLUSION

The process of urban sprawl and its pri-
mary determinants, falling transportation
costs and rising incomes, have been well iden-
tified by urban economists’ theoretical models
and their empirical extensions. The trade-off
central to households’ residential decisions is
that between the cost of accessibility and the
cost of residential land. We consider how cli-
mate may affect this trade-off. In particular,
we hypothesize that in warmer climates, com-
muting costs are lower because the journey is
faster and less hazardous, and that the pref-
erence for outdoor lifestyles is stronger. Con-
sequently, households tend to locate farther
from urban centers and on larger plots of land
where climate is warmer. We use household-
level data from French housing surveys to
model a household’s simultaneous choice of
accessibility and lot size. In this way, we
model a household’s sprawling residential be-
havior rather than the sprawl at the level of an
urban area. This approach is consistent with
traditional definitions of sprawl (accessibility,
residential density), but it stands in contrast to
previous empirical analyses of urban sprawl,
which utilize urban-area level measures of
sprawl.

The empirical results have well-behaved
control variables that are consistent with ex-
pectations derived from urban economics
analyses. The significance of variables con-
trolling for climate in both the distance and
lot size equations suggests that climate does
influence a household’s residential prefer-
ences, and that the degree to which the urban
structure itself is more or less sprawling also
depends on climate. In particular, we find that
households occupy larger lots in warmer sum-
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mer climates and locate farther from urban
centers in milder winter climates. We also find
evidence that the behavioral effects of climate
vary with household characteristics. We look
at one type of characteristic (socioprofes-
sional status), finding that households of ex-
ecutive status are more sensitive than blue col-
lar workers to the influence of climate on
accessibility. The exploration of other factors
is potentially fertile ground for future work.
As societies face ongoing environmental
and social challenges posed by climate change
and urban sprawl, it is important to improve
our understanding of the relationship between
these two phenomena. The contribution of ur-
ban sprawl to climate change is well known.
Here, we show a reverse relationship between
climate and sprawling residential behavior:
households’ residential preferences are influ-
enced by climate conditions. Our results are
obtained in cross-section, but they can be used
as a basis for dynamic predictions:!¢ if the
French climate warms in the coming decades,
regions in the central and northern regions of
the country, where the current climate is quite
cold, may experience climates more similar to
those currently found in the southern Medi-
terranean areas. Assuming stability of house-
hold preferences, our results predict that
global warming will increase households’ de-
mand for larger lot sizes farther from urban
centers. Put another way, global warming and
sprawling residential behavior are likely to re-
inforce one another. A broader understanding
of the link between urban sprawl and global
warming will be strengthened by analyses that
build on these first empirical findings, which
are obtained through analysis of one country.

16 Our survey period (1984-2006) does not allow us to
test whether households change their expectation about fu-
ture climate. People have become aware of warming too
recently to incorporate it into their location decisions.
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APPENDIX
TABLE Al
Bivariate Probit Results
Estimate Std. Err.

House

In(Income) 0.030 0.040
Age 0.009 0.002
Marital status (single) —1.362 0.057
Couple, no child (yes) —0.520 0.041
Children Reference Reference
Blue collar worker 0.155 0.044
Office worker —0.116 0.048
Intermédiaire worker Reference Reference
Executive —0.150 0.045
Self-employed 0.057 0.054
Land price trend —0.702 0.122
Urban area population < 50,000 Reference Reference
Urban area population 50,000 to 100,000 —0.154 0.059
Urban area population 100,000 to 200,000 —0.201 0.060
Urban area population 200,000 to 500,000 —0.616 0.050
Urban area population > 500,000 —0.822 0.050
Forest rate 0.550 0.099
Coastal community —0.512 0.040
Urban pole/urban area 0.173 0.106
In(July temperature) —2.402 0.160
Energy conserving renovations 0.387 0.081
Social help for housing 0.132 0.041
Self-financing —0.223 0.050
Suburb

In(income) —0.251 0.033
Age —0.011 0.001
Marital status (single) —0.598 0.054
Couple, no child (yes) —0.040 0.037
Children (yes) Reference Reference
Blue collar worker 0.228 0.035
Office worker —0.048 0.041
Intermédiaire worker Reference Reference
Executive —0.077 0.038
Self-employed 0.209 0.046
Land price 0.001 0.4E3
Land price trend —0.191 0.109
Urban area population < 50,000 Reference Reference
Urban area population 50,000 to 100,000 0.259 0.040
Urban area population 100,000 to 200,000 0.389 0.042
Urban area population 200,000 to 500,000 0.305 0.039
Urban area population > 500,000 0.539 0.043
Forest rate 1.816 0.095
In(Local income) 0.193 0.029
Coastal community —0.704 0.038
Urban pole/urban area 0.515 0.100
In(July temperature) —1.934 0.257
In(January temperature) —0.083 0.030
In(January rainy days) —0.137 0.089
Rho 0.652 0.015

Note: Bivariate probit model estimated on 16,943 observations.
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