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Abstract This paper introduces household-level data into hedonic models in
order to measure the heterogeneity of implicit prices regarding household
type, age, educational attainment, income, and the previous tenure status of
the buyers. Two methods are used for this purpose: a first series of models
uses expansion terms, whereas a second series applies Geographically
Weighted Regressions. Both methods yield conclusive results, showing that
the marginal value given to certain property specifics and location attributes
do vary regarding the characteristics of the buyer’s household. Particularly,
major findings concern the significant effect of income on the location rent as
well as the premium paid by highly-educated households in order to fulfil
social homogeneity.
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E-mail: yan.kestens@umontreal.ca
Fax: +1-514-4127142
M. Thériault
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1 Introduction

The analysis of house prices using hedonic modelling makes it possible to
estimate the marginal monetary contribution of property attributes and
neighbourhood externalities (Rosen 1974). In most hedonic models, one
unique coefficient is derived for each observed attribute. It is entirely possible
that this coefficient may vary according to some systematic pattern. Various
methods have been designed to handle such variation (Anselin 1988;
Brunsdon et al. 1996; Casetti 1972; Fotheringham et al. 2002; Griffith 1988).
Explicitly integrating heterogeneity—which may be spatial—should improve
the calibration of the models while enhancing the understanding of the
residential market structure.

This paper presents an empirical case study analysing the spatial and
social structure of residential property markets by combining single-family
property sales and household-level socio-economic data. Through the use of
two context-sensitive hedonic methods—the Casetti expansion method
(Casetti 1972, 1997) and geographically weighted regression (GWR)
(Brunsdon et al. 1996; Fotheringham 2000; Fotheringham et al. 2002)—and
trough the incorporation of the socio-economic profile of actual property
buyers, we have attempted to validate the following hypothesis: the vari-
ability of the implicit prices of certain property and location attributes is
partly linked to individual preferences. In a recent dissertation, Kestens
(2004) showed that the residential choice criteria—both as regards property
and neighbourhood—vary significantly with the household profile, that is,
with the type of household, age, income, educational attainment, the type of
previous tenure (first-time owner vs. former owner), and even with the sense
of belonging to the neighbourhood.

In order to investigate these questions, this paper analyses the variation
of the impact of property-specifics and neighbourhood attributes considering
household socio-economic profiles using hedonic modelling. Thereby, we
hope to contribute to Starret’s (1981) debate on homogeneity of preferences
and capitalisation. As pointed out by Tyrvainen (1997), according to Starret,
the capitalisation of an attribute is complete ‘‘if: (1) there is enough variation
within the variable’—e.g. in order to measure the effect of proximity to
power lines, it is important to account for cases where power lines are distant
enough so as to prevent any effect on house prices—and ‘‘if (2) the residents’
preferences are homogeneous. If the preferences are heterogeneous, capi-
talisation is only partial’’ (Tyrvainen 1997, p. 220). Whereas the first con-
dition can easily be controlled, the second has been the object of little
research. Thus, we hypothesize that the capitalisation is partial in that the
value given to an attribute differs with household preferences. While such an
assumption may seem to challenge the traditional interpretation of an he-
donic function and to question the identification problem addressed by
Rosen (1974), it is supported by empirical evidence about the existence of
sub-markets and the heterogeneity of hedonic prices over space (Goodman
and Thibodeau 2003). We therefore feel that for adequately measuring
through hedonic modelling the capitalisation of an attribute, residents’
preferences for this attribute have to be homogeneous, or otherwise vary in a
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systematic way. In other words, part of the non-stationarity of the value of
property and location attributes may be linked to differences among the
buyer’s household profiles. Appropriate drift-sensitive regression techniques
can be used to validate this hypothesis when data is available at the
household level. One could argue that standard hedonic models implicitly
include buyer’s household profiles. Households of similar socio-economic
profile select properties in similar locales, the characteristics of which are
accounted for by the use of housing, neighbourhood and location variables.
However, this paper explicitly tests the marginal effect of property buyer
profiles, beyond the average characteristics of the neighbourhood’s compo-
sition.

The methods presented in this paper should not be considered a valuation
tool but merely a way to better understand urban dynamics with respect to
house price formation. Results are specific to Quebec City, Canada, and to
the socio-economic conditions prevailing in its property market for the 1993–
2001 period. Vacancy rates were high and sellers abundant. In this context,
advantages in the negotiation process are granted to the buyers, which can
explain some of our findings.

Two sets of hedonic models are built using some 761 single-property
prices sold in Quebec City between 1993 and 2001. The first set uses Casetti-
type interactive terms, while the second relies on GWR. Special attention is
given to local indicators of spatial autocorrelation (LISA) (Anselin 1995), as
it is expected that the introduction of disaggregated household-level data
reduces the number of local spatial autocorrelation ‘‘hot spots’’. Section 2
discusses the hedonic modelling technique, the spatial dimensions of prop-
erty markets, and presents Casetti’s expansion method as well as the GWR.
Section 3 presents the data bank and the modelling procedure, whereas the
results are given in Sect. 4. Finally, a summary of the main findings and
further research possibilities are presented in Section 5.

2 Literature

2.1 Hedonic modelling

The hedonic framework relies on Lancaster’s consumer theory, stating that
utility is derived from the properties or characteristics of a good (Lancaster
1966). Since this theory has been extended to the residential market by Rosen
(1974), residential hedonic analysis has become widely used as an assessment
tool and for property market and urban analysis. The regression of house
prices on a variety of property specific and neighbourhood descriptors
evaluates their marginal contribution, also called implicit or hedonic prices.
In their basic form, hedonic regressions assume each parameter to be fixed in
space, which means that each identified attribute has the same intrinsic
contribution throughout the submarket under study:

y ¼ Xbþ e ð1Þ
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where y is a vector of selling prices, X a matrix of explanatory variables, b a
vector of regression coefficients, and � the error term.

However, property markets are very much tied as well as inherent in the
spatial structure of the urban landscape. In fact, although capital is mobile,
supply may be quite inelastic (Goodman and Thibodeau 1998), and a
property, once constructed, becomes immovable, or spatially ‘‘rooted’’. As a
result, the value of a property is largely defined by its location attributes, that
is, by its relative location compared with urban infrastructure and services.
Furthermore, as pointed out by Goodman and Thibodeau (1998), inelas-
ticities in both supply and demand contribute to market segmentation. As a
recent dissertation thesis has shown, the choice criteria concerning both
location and property choice vary depending on the household profile (Ke-
stens 2004). This market segmentation may lead to heterogeneous implicit
prices, which should be explicitly considered in the residential hedonic price
function. In fact, the implicit prices of the hedonic function reflect both
supply- and demand-driven forces. In an equilibrium situation, it is assumed
that these forces cannot be distinguished within a hedonic function. How-
ever, we believe that when the market conditions are not in equilibrium, but
instead those of a seller market (much supply for low demand), it becomes
possible for the buyers to influence the price they pay for an amenity. If the
conditions were reversed, that is, if it were a buyer market (much demand for
low supply), the sellers would have more power to impact upon the selling
price, and the seller’s characteristics could then be significantly linked to the
drift of the implicit prices. Therefore, we assume that the introduction of
household-level variables within the hedonic function using appropriate
methods like the Casetti expansions may make it possible to estimate the
drift in the coefficients associated with certain characteristics of the buyers.

2.2 Spatial dimensions of property markets

Can (1992) distinguishes two types of spatial effects: neighbourhood effects
and adjacency effects. The former refers to internalised values of geo-
graphical features (exogenous effects), while the latter refers to spatial spill-
over effects; that is, the impact of the characteristics of close surrounding
properties (endogenous effects). Exogenous effects can be manifold, ranging
from city-wide structural factors (e.g. location rent) to local externalities (e.g.
view on a high-voltage tower). These geographical features induce trends
into housing expenditures that have to be explicitly incorporated into the
hedonic function, if they are not removed before modelling.

Classical hedonic modelling would estimate fixed’ coefficients; however,
above-mentioned market segmentation may lead to spatial heterogeneity,
that is, to possible drifts’ in the estimated coefficients.

Independently from this contextual variation of the impact of housing
attributes, similarity of prices between close properties may also be partly
linked to spatial spill-over (endogenous effect). Spatial spill-over occurs
when characteristics of surrounding or adjacent properties are internalised in
the property value, leading to spatial dependency or association. This spatial
dependency cannot be modelled adequately using additional descriptive
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geographical variables, and necessitates the introduction of spatial autore-
gressive (SAR) terms into the hedonic function:

y ¼ Xbþ qWyþ e ð2Þ

y ¼ Xbþ aWðy� XbÞ þ e ð3Þ

where X is the matrix of explanatory variables, � the error term, Wy a
spatially lagged dependent variable, with W as the weight matrix,q anda the
spatial autoregressive parameters, that is,q the degree to which the values at
individual locations depend on their neighbouring values, anda the degree to
which the values at individual locations depend on their neighbours’ resid-
uals (Fotheringham et al. 2002 p. 23).

The SAR terms may take several forms. Most often, however, they are
weighted lagged values of the dependent variable (Eq. 2) or of the error term
(Eq. 3) (Anselin 1988; Griffith 1988; Kelejian 1995). Ordinary least squares
(OLS) is not appropriate for SAR procedures that necessitate generalised
least squares (GLS) or Maximum Likelihood (ML) estimations. However,
OLS regression presents several advantages: it ‘‘has a well-developed theory,
and has available a battery of diagnostic statistics that make interpretations
easy and straightforward’’ (Getis and Griffith 2002, p. 131). Spatially
dependent variables can also be transformed prior to modelling in their
spatial and non spatial components, using spatial filtering techniques (Cliff
and Ord 1981; Getis 1995; Getis and Griffith 2002; Griffith 1996, 2000). Of
course, combinations of these methods can be used. For example, a model
integrating geographical features accounting for the spatial drift may also
include an autoregressive term controlling for spatial dependency. However,
‘‘a two step procedure is considered to be more suitable’’ (Can 1990). That
means that SAR terms should only be included if spatial dependency is still
present after spatial heterogeneity has been fully considered.

2.3 Methods and previous results

In this paper, the spatial heterogeneity of the parameters is handled using
two methods, namely, the spatial expansion method developed by Casetti
(1972, 1997) and the Geographical Weighted Regression (Brunsdon et al.
1996; Fotheringham et al. 2002). Furthermore, we observe how the intro-
duction of detailed household-profile data helps explaining spatial hetero-
geneity while diminishing spatial dependence.

The spatial expansion method developed by Casetti has first been used to
analyse the spatial drift inherent to various geographical phenomena like
migration (Casetti 1986), labor markets (Pandit and Casetti 1989) or price
analyses before being applied to property market and price analysis (Aten
and Heston 2005, Forthcoming; Can 1990, 1992; Casetti 1997). The
parameter drift refers to the variation of the parameter value depending on
the context. In fact, this method ‘‘extends’’ fixed parameters by introducing
interactive variables that combine a previously defined (fixed) characteristic
with a (spatially) dependent variable relating to the (spatial) context:
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y ¼ ðCtðEþ IÞXÞbþ e ð4Þ

with C, a matrix of contextual variables which can be manifold (including a
vector of 1 values in the first column), E a matrix of expansion indicating
which explanatory variables are expanded by the contextual variables, and
X, a matrix of explanatory variables, each one being activated in E.

In most models’ specifications, the estimation of varying parameters is
limited to structural factors and the ‘‘contextual’’ variables mainly relate to
neighbourhood characteristics [e.g. neighbourhood quality in Can (1990)].
However, the expansion method can be applied more generally, by observing
the heterogeneity of any parameter X depending on the ‘‘context’’. This
‘‘context’’ may refer to neighbourhood attributes (quality, distance to the
city centre, etc.), but also, as is suggested in this paper, to the specific
characteristics of the buyers. The significant expansion parameters therefore
measure the variation of the implicit prices people assign to attributes. Also,
a parameter can be non significant overall, but may become significant once
contextualised. This is only a special case of Eq. (4), that is, when b 0 is null
and b 1 is not.

Can (1990) measures the drift of several property specific parameters in
relation to the neighbourhood quality for a sample of 577 single-family
houses of the Columbus metropolitan area. The two final models consider
both the spatial heterogeneity of property specifics (using spatial expansion
to neighbourhood quality) and the spatial dependence (using a spatially
lagged dependent variable). The parameters that vary significantly through
space are the following: the type of exterior, the lot size, the presence of a
two-car garage and the presence of a utility room. Recently, a model built
with single-family properties transacted during the 1990–1991 period in
Quebec City includes several expansion variables (Thériault et al. 2003).
Various property attributes are spatially expanded using indicators of rela-
tive centrality, family cycle and socio-economic status (derived from census
data) as well as using measures of accessibility to regional and local services
(computed within a GIS). In addition to age, lot size and connection to the
sewer system, three property specifics present spatial drifts: inferior ceiling
quality, kitchen cabinets made of hard wood, and the number of washrooms.
It seems important to verify whether further drifts in the implicit prices could
be related to the buyer’s household specific attributes acting on top of the
spatial drifts related to social profiles of the neighbourhoods. This research
question follows recent findings that showed that the odds-ratio of men-
tioning a property or neighbourhood choice criteria—i.e., a proxy of their
preference for certain types of attributes—is significantly linked to the
household profile (Kestens 2004). To the best of our knowledge, no research
has yet integrated household profile data into hedonic modelling.

Concomitantly with the expansion method, we ran several GWRs, which
gave additional indications on the spatial non-stationarity of the parameters.
GWR is an adaptation of moving regressions. Moving regression functions
are calibrated for every point of a regular grid, using all data within a certain
region around this point. The resulting parameters are site-specific and can
therefore vary through space. However, this method is discontinuous, as no
weighting schemes are applied to the data used for calibration.
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Geographically weighted regressions calibrate local models for every
sampling point. However, a weighting scheme (spatial kernel) is applied in
order to give greater influence to close data points. Furthermore, the spatial
kernel may be fixed (identical for all locations) or adaptive; that is, its
bandwidth may vary with the density of the data:

yi ¼ b0 ui; við Þ þ
X

k
bk ui; við Þxik þ ei; ð5Þ

where (ui, vi) denotes the coordinates of the ith point in space and bk (ui, vi) is
a realisation of the continuous function bk (u, v) at point i (Fotheringham
et al. 2002, p. 52).

Various methods can be used to derive the bandwidth that provides a
trade-off between goodness-of fit and degrees of freedom: the generalised
cross-validation (GCV) criterion (Craven and Wahba 1979; Loader 1999),
the Schwartz Information Criterion (Schwartz 1978) or the akaike infor-
mation criterion (AIC) (Akaike 1973; Hurvich et al. 1998). For further de-
tails on the spatial weighting function calibration, see Fotheringham et al.
(2002, p. 59–62). Furthermore, the stationarity of each estimated parameter
can be tested using either a Monte Carlo approach (Hope 1968) or the Leung
test (See Fotheringham et al. 2002, pp. 92–94; Leung et al. 2000).

In a GWR application on residential value analysis, Brunsdon et al.
(1999) showed that the relationship between house price and size varies
significantly through space in the town of Deal in south-eastern England.

3 Modelling procedure

All models were built with 761 single-family properties transacted between
1993 and 2001 in Quebec City, Canada (mainly between 1993 and 1996).
Property-specific variables were extracted from the valuation role. The
characteristics of the vegetation around each property were extracted from
remote-sensing data. A Landsat TM-5 image shot in 1999 was categorised
using the semi-automated ISODATA (iterative self-organising data analysis)
technique, widely used and implemented in some GIS packages (Duda and
Hart 1973). Furthermore, the Normalised Difference Vegetation Index
(NDVI), a sensitive indicator of the green biomass (Tucker 1979; Tueller
1989; Wu et al. 1997), was derived. For more details about the extraction of
vegetation data from remote sensing images and its integration into hedonic
models, see Kestens et al. (2004). NDVI is a measure of vegetation density
whereas its standard deviation indicates land-use heterogeneity. An addi-
tional variable identifies properties with more than 29 trees (according to the
number of trees mentioned by the owners during a phone survey, as de-
scribed below). Previous work by Payne identified this number as the limit
upon which the premium accorded to trees was reversed (Payne 1973).
Centrality—the mean car-time distance to the main activity centres
(MACs)—was computed within a GIS (Thériault et al. 1999). Furthermore,
a major phone survey carried out from 2000 to 2003 provided detailed
information about each buyer household. The survey concerned the house-
hold’s moving motivations and property choice criteria, and provided

Heterogeneity in hedonic modelling of house prices 67



additional data on the household profiles and on specific attributes of the
property, like the number of trees on the lot. A detailed description of the
survey and the relations between the motivation to move, choice criteria and
household profile are given in Kestens (2004). A description of the variables
is presented in Tables 1 and 2.

3.1 Expansion models

In this paper, a first group of models, referred to as global models, is built
using the expansion method. All models are in the semi-log functional form
(the dependent variable is the logarithm of the selling price) using OLS
specification. The first four models (M) omit census variables, whereas the
last three (N) include them (see Table 3). A time-drift variable was intro-
duced but did not prove significant. Concerning the M models, a basic model
(M1) contains property specifics, vegetation attributes derived from remote-
sensing data, and centrality measures, whereas homebuyers’ socio-economic
variables are added in a second step (M2). Expansion terms (all attributes
being ‘‘expanded’’ with regard to the socio-economic profile of the buyers’
households) are then added on to both model M1 (resulting in model M3)
and model M2 (resulting in model M4). The N series is distinctive in that it
contains additional socio-economic Census variables, with N1 as the basic
model (including property specifics, vegetation, centrality and Census data),
N2 including household profile variables, while expansion terms are intro-
duced in N3. In order to avoid multicollinearity, all expansion terms are built
with the previously centered original variables, thereby reflecting the
departure from the overall average market values (Jaccard et al. 1990, p. 31).

3.2 GWR models

Concomitantly, using the same dependent and explanatory variables as in
M1, M2, N1 and N2, four Geographically Weighted Regressions are built
(GWR_M1, GWR_M2, GWR_N1, and GWR_N2). The limitation of the
GWR software available, confined to a maximum of 35 variables, made it
impossible to derive further GWR versions of models M3, M4 or N3.
However, the interest of GWR relies in the possibility of deriving local
statistics and a significance test for the stationarity of individual parameters.
For a description of further local descriptive statistics that can be obtained
using the geographically weighting framework, see Brunsdon et al. (2002).
An F-statistic also indicates the significance of improvement between the
global and the GWR models. Furthermore, as M3, M4 and N3 are the
‘‘expanded’’ versions of M1, M2 and N2, they can easily be compared with
their GWR counterparts, GWR_M1, GWR_M2 and GWR_N2.

All the GWRs were computed with adaptive bi-square spatial kernels,
using all data and the AIC minimisation for calibration of the spatial
weighting function (Fotheringham et al. 2002, p. 61). The significance test
for the heterogeneity of the parameters was made using the Monte Carlo
approach (Hope 1968).
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For each model, global and local spatial autocorrelation of the residuals
are measured, using Moran’s I for the former (Moran 1950) and Getis and
Ord’s zG*I (Getis and Ord 1992; Ord and Getis 1995) for the latter.

Table 3 contains the specifications and performance of all models. The
estimated parameters, their significance and the Variance Inflation Factor
(VIF) values—indicating eventual multicollinearity—are detailed in Table 4
(M series) and Table 5 (N series).

4 Results

4.1 Performance of the global models

Each of the global models explains at least 84% of the house price variation.
The best model is N3, with an adjusted R-square of 0.889, a SEE of 10.9%,
and an F value of 161. Collinearity is well under control in all models, with
only one VIF value slightly exceeding 5 (Car time to MACs, model N1).

No model presents any significant global spatial autocorrelation at the
5% level (Moran’s I ranges from 0.034 [M4] to 0.172 [M1]). Local auto-
correlation is present, but decreases when household-level data is included,
and further more when expansion terms are introduced. The number of ‘‘hot
spots’’, that we defined as the significant zG*i statistics given a 600 m lag
(which is the most significant autocorrelation range according to the corre-
logram), drops from 90 (M1) to 61 (M2) to 41 (M3) to 24 (M4). Results are
similar for the N series that includes Census variables: the number of hot
spots is already low for N1 (46), and still decreases for N2 (35) and N3 (26).
The remaining local spatial autocorrelation in M4 and N3, as defined before,
concerns less than 5% of the sample (respectively 24 and 26 cases out of 761,
or 3.15% of all cases), and is as such not significant at the 95% confidence
level.

The basic models M1 and N1 include classic descriptors as well as several
significant variables relating to vegetation, confirming the impact of envi-
ronmental factors and surrounding land use on house values (Geoghegan
et al. 1997; Kestens et al. 2004).The percentage of trees has a global positive
impact; however, when the socio-economic condition of the neighbourhood
is considered (Census data in Model N1), the impact of vegetation within a
500 m range becomes non-significant. This stresses the links between the
socio-economic status of the neighbourhood and land use, mainly with re-
gard to vegetation. Although mature trees in the close surroundings (100 m
around the property) represent a premium, the presence of trees becomes
detrimental when exceeding a given threshold. In fact, the coefficient for the
binary variable identifying properties with more than 29 trees is significantly
negative (�5.90%, M1), in accordance with previous findings by Payne
(1973).

Accessibility to the MACs is highly significant (t value of—11.02), but the
negative effect on property prices is not strictly linear, as proved by the
presence of the squared form of the parameter (previously centered to avoid
collinearity), with a positive sign (t value 4.41). Hence, the location rent
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follows a quadratic function and takes the form of a U-shaped curve, with
positive premiums both in the city centre and in the outer suburbs, ceteris
paribus. A previous study showed that land-use and vegetation attributes
significantly explain part of these premiums, reducing the value and signifi-
cance of the squared distance term (Kestens et al. 2004). Therefore, if veg-
etation descriptors were absent, this parameter would be even higher and
more significant.

4.2 Introduction of socio-economic variables describing the household

Three variables describing the household are significant : the household in-
come and the previous tenure status (Models M2, M4, N2 and N3) as well as
the age of the respondent at transaction date (under 30) (Model M2 only).
Ceteris paribus,

– For each additional $10,000 of income, buyers pay an average premium of
1.61% (1.46–1.73%, depending on the model)

– First-time owners pay between 4.04 to 4.36% less than former owners
– Young households, under 30 years of age, pay 3.98% less than older
buyers for the same property (only model M2, and sig 0.1).

Whether Census variables—describing the socio-economic profile of the
neighbourhood at the Census-tract level—are included or not in the model,
the two household-level variables Household Income and First-time Owners
stay significant, with similar and high t values (ranging from 7.23 to 8.47 and
from 4.68 to 5.1, respectively, depending on the model). Furthermore, no
significant collinearity is detected between the two levels of socio-economic
measures (Census data and household data), the maximum VIF value among
these variables being 3.5 (Percentage of university degree holders in the
Census tract, model N2).

Concerning the dichotomous age variable (Under 30), it is present in one
model only (M2), with a low significance test (t value �1.75, sig. 0.1). Al-
though it does not present any collinearity with household income or pre-
vious tenure status as could have been expected, this variable drops out when
Census data (N2) or further expansion terms are included (M3, M4, N3).

4.3 Adding expansion terms: controlling for heterogeneity

In a last step, we introduced expansion terms allowing for the basic
parameters [property specifics, accessibility, vegetation (M3 and M4) and
Census data (N3)] to vary with regard to the household profile. Several
expansion terms are significant, showing that the value given to certain
property specifics or location attributes is not homogeneous among buyers.
Table 6 presents the list of the parameters that are heterogeneous consid-
ering the household characteristics of the buyers.

While a majority of expansion terms (15) is significant when both Census
data and raw household profile variables are omitted (Model M3), only a few
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drop out when these are included (12 interactive variables in both models M3
and N3). Also, some parameters are only significant when their non-sta-
tionarity is considered, as NDVI 40 m, Woodlands 500 m and Agricultural
Land 100 m. These variables are not significant as such but need to be
expanded to enter the model. This shows that for some attributes, estimating
a unique coefficient for the whole area of study is not possible, and that the
spatial variability must be considered in order to properly measure their
impact.

4.4 GWR models

The variables of the four models M1, M2, N1 and N2 were introduced in
four GWRs, resulting in GWR_M1, GWR_M2, GWR_N1 and GWR_N2.
These models performed well, with R-squares ranging from 0.885 to 0.902
(see Table 3). The F-statistics of improvement between global and GWR
models, however low (values ranging from 2.51 to 3.36), are significant.

As expected, no global autocorrelation is left in the models. Some local
‘‘hot spots’’ are still significant here too, but represent less than 5% of the
sample (21–26 significant zG*i statistics for a spatial lag of 600 m.). Figure 1
shows a map of significant zG*i statistics for GWR_N2.

Geographically weighted regression gives the possibility of deriving local
regression statistics, for example the local significance of a parameter. As
GWR calculates distinct regressions for each point of the sample, the vari-
ability of the significance can be mapped. Furthermore, the non-stationarity
can be tested using a Monte Carlo approach. That is, the question is to know

Table 6 Synoptic table of significant expansion terms

The value
given to the...

...varies regarding
the buyer’s...

Age Income Household
type

Educational
attainment

Previous
tenure status

Property specifics Living area X
Living area
of a bungalow

X

Apparent age X X
Built-in oven X X
Fireplace X
In-ground pool X X
Detached garage X X X

Centrality Car-time to MACs X
Vegetation Mature trees 100 m X

Nb trees 29up X
Agricultural
land 100 m

X X X X

Woodlands 500 m X
NDVI 40 m
(greenness)

X

Neighbourhood
profile (census)

Percentage of
University
degree holders

X

Nb: The significant buyer’s household variables may vary depending on the interaction
considered. For example, Age may refer to several categories (age 30–39, age 40–49,
age 40 up, etc.). See Tables 4 and 5 for complete details.
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Fig. 1 Local spatial autocorrelation: significant zG*i statistics for N3 and geographi-
cally weighted regression (GWR)_N2
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whether the observed variation is sufficient to say that the parameter is not
globally fixed. p values testing for non-stationarity are given in Table 7. For
the parameters with non-significant p values, it is assumed that a unique
coefficient holds true. The parameters that are considered non-stationary are
therefore the following: local tax rate, apparent age (Fig. 2), Car Time to
MACs (Fig. 3), NDVI Stdd. 1 km (GWR_M1 and GWR_M2), and %
University Degree Holders (GWR_N1). Also, local R-squares give further
indication about the fit of the model depending on location. However, the
value of the local R-square is also influenced by the stationarity of the

Table 7 Non-stationarity of parameters in GWR Models (p values) and Moran’s I
statistic

Parameter p value Moran’s I
(1,500 m)

GWR-M1 GWR-M2 GWR-N1 GWR-N2

(Constant) 0.02 0.06 0.39 0.32
Local tax rate 0.00 0.00 0.08 0.10 0.66
Living area m2 0.10 0.17 0.58 0.53 0.47
Living area bung. 0.27 0.39 0.56 0.79 0.53
Ln lot size 0.07 0.10 0.16 0.11 0.94
App. age 0.01 0.02 0.27 0.40 1.10
App. age centered squared 0.50 0.49 0.60 0.77 0.98
Quality 0.24 0.32 0.49 0.38 0.04
Finished basement 0.26 0.17 0.35 0.34 0.08
Superior floor quality 0.32 0.30 0.25 0.38 0.31
Facing 51%+ brick 0.50 0.24 – – 0.44
Built-in oven 0.15 0.04 0.38 0.37 0.08
Fireplace 0.64 0.76 0.36 0.20 0.29
In-ground pool 0.88 0.90 0.45 0.62 0.07
Detached garage 0.38 0.48 0.32 0.59 0.29
Attached garage 0.90 0.67 0.71 0.40 0.02
Car time to MACs 0.00 0.02 0.17 0.32 0.78
Car time to MACs
centered squared

0.00 0.00 0.13 0.21 0.96

Highway exit – – 0.09 0.22 0.81
Mature trees 100 m 0.75 – 0.37 0.28 0.88
Mature trees 500 m 0.49 0.32 – – 1.09
Low tree density 500 m 0.15 0.08 – – 0.60
Nb trees 29 up 0.58 0.58 0.41 0.28 0.02
NDVI Standard
deviation 1 km

0.00 0.00 – – 0.95

Household income – 0.45 – 0.41 0.27
First-time owners – 0.73 – 0.97 �0.11
Age under 30 – 0.41 – – �0.05
Percentage of
University degree holders

– – 0.01 0.13 0.80

Percentage of aged 65 up – – 0.89 0.46 0.75
Developped area (Ha) – – 0.11 0.17 0.81
Percentage of
dwellings 1946–1960

– – 0.87 0.90 0.90

Percentage of
unemployed aged 15–24

– – 0.22 0.28 1.30

Nb persons per room – – 0.66 0.60 0.59

Italic entries: census data variables; Bold: buyers’ household variables
Bold numbers: significant at the 95% confidence level
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process that is modelled. Therefore, this statistic should be interpreted with
care (See Figure 4 as an example of a map of local R-squares for GWR_M2).

4.5 A comparison of global and GWR models

Although the GWR models must be compared with their global counterpart
(that is, with the global models built with the same variables, M1, M2, N1

Fig. 4 Local R-squares for Geographically weighted regression_M2

Table 8 Spatial structure of the household characteristics that explains the heterogene-
ity of parameters (expansion models)

Moran’s I (1,500 m) Probability value

Household income 0.271 0.02
Income 80 K up 0.231 0.04
Age 30–39 �0.109 0.21
Age 40–49 �0.158 0.12
Age 40 up �0.022 0.44
Household with children �0.219 0.05
Couple without child �0.053 0.35
Single household 0.145 0.14
University degree holders 0.360 0.00
First-time owner �0.105 0.22

Bold: significant at the 5% level
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and N2), it is also of interest to compare the GWRs with the expanded
versions of the global specifications. For example, let us compare the two
‘‘drift’’-sensitive versions of N2, that is N3 and GWR_N2. In both cases, the
percentage of explanation of the variance is similar (0.894 for the global
version, vs. 0.892 for the GWR), as is the global autocorrelation of the
residuals (Moran’s I values respectively 0.102 and 0.0802). Concerning the
local autocorrelation, the number of significant zG*i statistics (26) is iden-
tical, although these hot spots do not strictly match spatially (See Fig. 1). In
the end, these models are similar in terms of explanation power and for their
ability to handle spatial autocorrelation.

Let us compare more precisely how these models handle heterogeneity.
For N3, the coefficients that vary spatially are identified by the significant
expansion terms. These expansions refer to the following variables: built-in
oven, fireplace, detached garage, car time to MACs, Nb of trees 29 up,
percentage of University degree holders, NDVI 40 m (greenness) Woodlands
500 m and agricultural land 100 m. The statistical significance of expansion
terms indicates that for these variables, a single coefficient is not a valid
alternative. In fact, we know that the impact of these variables varies
according to age, income, educational attainment and type of household.
However, no local measure of significance is available.

For the GWRs, the heterogeneity of the parameters is given by the p
values measured through a Monte Carlo procedure (Table 7). According to
these p values, four parameters vary significantly at the 95% confidence level
for GWR_M1 and GWR_M2 [local tax rate, apparent age, car time to
MACs (linear and squared form) and NDVI Stdd. 1 km (heterogeneity of
land use), one for GWR_N1 (percentage of university degree holders), and
none for GWR_N2. It is interesting to note that each of these variables
identified as non-stationary is also strongly spatially structured, as indicate
the corresponding high Moran’s I statistics (Table 7, fourth column). Also,
the findings suggest that for the variables with non-significant p values, a
unique coefficient is adapted, that is, the implicit price is homogeneous
among the observations. This is a priori in contradiction with the findings of
the global models using expansion terms. One could argue that the hetero-
geneity identified in the expansion models refers to the household hetero-
geneity, and not specifically to spatial heterogeneity, as it would have been
had the attributes been expanded according to their coordinates (through the
use of trend surface analysis for example).

In fact, some of the variables describing the household profile are not
spatially structured, as indicate the Moran’s I values shown in Table 8. For
the attributes that have been expanded with these ‘‘non-spatial’’ household
characteristics, it is to be expected that they are not identified in the GWR
framework as spatially heterogeneous (although other dimensions than
household profile and preferences could be the cause of heterogeneity).
However, both the income (Household Income and Income 80 K up) and the
educational attainment of the households (University degree holders) do
present a spatial structure, with significant Moran’s I values at the 95%
confidence level. The attributes that are significantly expanded in the global
models with these two characteristics should also be identified in the GWR
models as heterogeneous, that is, with significant p values. This concerns the
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following: living area of a bungalow, in-ground pool, detached garage, car
time to MACs and percentage of University degree holders. Whereas the two
latter values are identified in the GWR as heterogeneous, the three former
ones are not.

Concomitantly, two variables are considered heterogeneous within the
GWRs, but are not significantly expanded in the global models (local tax
rate) and NDVI Stdd. 1 km [land-use heterogeneity]). We can assume that
the heterogeneity associated with these two attributes is not related to
variations in the household profiles.

Both methods yield highly interesting results. Whereas spatial expansion
makes it possible to consider both the spatial and the non-spatial hetero-
geneity of parameters, GWR provides interesting information through local
regression statistics. However, although GWR is an interesting tool to
identify and spatially describe non-stationary processes, it does not identify
the cause of the parameter drift. Spatial expansion on the contrary, although
less precise locally, makes it possible to investigate the cause of non-sta-
tionarity, thereby helping to disentangle the complex interactions influencing
property values.

4.6 Some provocative findings

4.6.1 Accessibility and income

It is worthwhile to underline the significant drift of accessibility (car time to
MACs, under its squared form) regarding household income. The car time to
MACs is negatively linked to property values: each additional minute away
from the city centre lowers the property value of 1.82%. However, this
relation is not strictly linear but rather follows a U-shaped curve form, as
shown by the significant integration of the squared form of the variable, with
a positive sign. Furthermore, this squared term significantly interacts with
the household income, with a positive sign too. This shows that the higher
the income, the higher the squared term. Therefore, the devaluation asso-
ciated with distance is more important for low-income than for high-income
households, as shown on the three-dimensional surface of Fig. 5. This tends
to corroborate the distance-cost trade-off theory, stating that high-income
households can afford additional transportation costs and are ready to pay
more for properties located in the outer-city limits. Also, the increasing
practice of telework, which particularly concerns managers and profession-
als, may have an effect on the propensity of the most highly educated people
to locate in more remote areas of the urban scene. In fact, those who can
spend some working days at home may be willing to pay more for non-
central locations, thus benefiting more from premium environments than
typical commuters. These findings lead to further investigation using 2001
Origin-destination survey for Quebec City to analyze the spatial distribution
of higher income telecommuters.
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4.6.2 Social homogeneity

As foreseen, the percentage of university degree holders in the census tract
has a global positive effect on the property value, each additional 10%
adding a premium of 4.41%. This variable is among the most significant
ones, with a t value of 9.17. Additionally, the expansion with the household-
level binary variable ‘‘Holding a university degree’’ marginally proved sig-
nificant, with an additional 1.81% premium. This shows that all things being
equal, highly educated buyers who select single-family housing are willing to
pay more in their quest for social homogeneity.

4.7 Summary and conclusions

This paper aims at understanding how the marginal value given to property
and location attributes may vary among buyers. A telephone survey was
conducted in order to obtain detailed information about 761 households that
acquired single-family properties in Quebec, Canada, during the 1993–2001
period. Household-level attributes were introduced into hedonic functions to
measure the effect of the homebuyer’s socio-economic context on implicit
prices. Both the expansion method (Casetti 1972, 1997) and GWR (Foth-
eringham et al. 2002; Fotheringham et al. 1998) are used to assess the
eventual heterogeneity of the impact of property specifics and location
attributes.

A major finding is that some characteristics of the buyer’s household have
a direct impact on property prices, namely the household income, the pre-
vious tenure status, and age. These findings must be put into the perspective
of a specific location (Quebec City) and specific market conditions, that is,
mainly a seller market with high supply and rather low demand for housing,
at least for most of the period considered. Under these particular conditions,
and using appropriate space-sensitive interaction methods, we could show
that for each additional $10,000 of income, a buyer pays a premium of
1.61% on average (+1.46 to 1.73%), all other things being equal. Also, the
marginal effect of the household income is the fifth most significant
parameter after the size (living area), the age of the property (apparent age),
the social status of the neighbourhood (percentage of university degree
holders in the Census tract), and accessibility (Car Time to MACs) (N3).
Several hypotheses can explain the parameter significance and its positive
sign. First, it is possible that the lack of descriptors defining the luxury
attributes of the higher segment of the property market may result in a
premium appearing as associated to the buyer’s income. However, as their
ability to pay is increased, high-income buyers may also be less willing to
engage in lengthy price negotiations, and may accept higher selling prices.
Concomitantly, households with more restricted financial means may take
more time to find the ‘‘best’’ deal as their budget is inflexible. While taking
more time, they may visit more houses and thereby increase their chances to
find sellers who on the contrary, have time constraints, and may want to sell
rapidly. It would be interesting to obtain information about the seller’s
profile, which can also be assumed to impact on the property sale price.
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These findings should be compared with information on the time elapsed
between the decision to look for a piece of property and the actual act of
buying one. It is probable that potential buyers who are well off may be more
prone to materialise their housing needs as budget constraints do not rep-
resent a serious impediment. Furthermore, the argument that the property
price (as well as the desire to make an investment) is a criterion for buying is
significantly more frequent on the part of low-income households (See Ke-
stens et al. 2004).

First-time owners, that is, households that were previously tenants,
‘‘save’’ an average of 4.2% (3.88–4.18%, depending on the models) com-
pared with former-owner households, all other things being equal. Again,
first-time buyers may obtain a better price by waiting longer to close a deal,
and former owners can afford a more substantial down-payment due to the
sale proceeds from the previous home.

The age variable did enter in as such in one of the models (M3), however
with a low t value. Furthermore, this criterion was dropped when additional
expansion terms or Census data were included. Some collinearity may still be
at stake here, and any direct interpretation about the direct link between age
and price is therefore risky.

The integration of numerous expansion terms shows how the implicit
prices of some property specifics and location attributes vary with the buyer’s
household profile. These findings partly complete Starret’s statement (Starret
1981). He hypothesised that capitalisation of an attribute is only complete if
the residents’ preferences are homogeneous. In fact, the significant drift of
parameters according to the household characteristics shows that the capi-
talisation of an attribute does vary according to the household profile.
Certain characteristics of the household profile are also significantly linked
to the odds-ratio of mentioning certain property or neighbourhood choice
criteria (See Kestens 2004), that is, to the household preference, as far as the
choice criteria can be interpreted as a proxy for preference. Certain choice
criteria are difficult to translate into measurable determinants of value. In
fact, among those choice criteria for which the odds-ratio of being mentioned
is linked to the household profile, few find their equivalent as expansion
terms. For example, among the neighbourhood choice criteria, the odds-
ratio of mentioning ‘‘Proximity to services’’ is significantly linked to age,
household type, or income. Educational attainment has no impact on the
propensity to mention this criterion. However, this paper suggests that the
drift of the value assigned to accessibility to the MACs is linked to educa-
tional attainment, and not age, household type, or income. Similarly, this
paper shows that the value given to vegetation in the close surroundings of
the property varies significantly with age (Nb trees 29 up expanded by age 40
and over and NDVI 40 m expanded by Age 30–39). However, the odds-ratio
to mention the presence of trees as a choice criterion is not linked to age but
to the previous tenure status and the household type (for trees in the
neighbourhood) and educational attainment and income (for trees on the
property).

Although this paper has stressed that the marginal value of certain
attributes varies with the household profile, the links between the coeffi-
cient’s drift and preference (or choice criteria) need further exploration.
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Straightforward relations between stated choice criteria and heterogeneity of
implicit prices could not be established.

More specifically, two significant expansion terms are worth underscor-
ing. The first shows that the marginal value of accessibility varies with the
household’s income. Whereas the location rent is linearly negative for low-
income households, it has more of the form of a U-shaped curve for high-
income households, which tend to add a premium to remote locations,
ceteris paribus. The recent and growing development of telework may be
part of the explanation. In the U.S., home-based telework has grown nearly
40% since 2001, concerning some 23.5 million employees in 2003 (Pratt
2003). In Canada, the 2001 Census reported some 8% of teleworkers. Fur-
thermore, a recent study showed that, out of a sample of salaried teleworkers
working at home and using information technology like the internet, 60.6%
hold a university degree (Tremblay 2003), this number being far above the
national average [22.6% (Statistics Canada 2001)]. This paper’s findings are
coherent with the hypothesis that highly-educated teleworkers are prepared
to pay a premium for remote locations, as compared with daily commuters.
While additional research is needed on this issue, this paper’s findings prove
most relevant in a context of population aging, followed by widespread
household relocation in well-serviced areas. While popular belief is to the
effect that suburban house values are doomed to fall, the rapidly expanding
trend for teleworking might slow down, and eventually reverse, this fatality.

Moreover, the insertion within the hedonic framework of origin-desti-
nation survey data, which provides detailed information on work, shopping
and leisure trips, could further our understanding of this phenomena. In fact,
the concomitant development of Information Technology and the trend
toward more balanced relations between work and family redefines our
notions and limits of space and location.

The interaction, too, between the effect of the percentage of university
degree holders in the Census tract and the educational attainment of the
buyer provides insight into social homogeneity processes. With a positive
sign, this parameter indicates that highly-educated households do pay a
premium to fulfill their quest for social homogeneity. This partially confirms
Goodman and Thibodeau’s (2003) hypothesis, that ‘‘Higher income house-
holds may be willing to pay more for housing (per unit of housing services)
to maintain neighbourhood homogeneity’’ (p. 123). This paper showed it to
be true regarding educational attainment, and not directly the household
income, although these two dimensions are correlated.

Methodologically, the two methods that were used proved efficient.
Expansion terms make it possible to analyse and to fully explain the cause of
the parameter heterogeneity, whether its structure be spatial or not. Geo-
graphically Weighted Regressions provide additional insight by measuring
local regression statistics. Some inconsistencies about non-stationary
parameters were detected and need further investigation. Interesting devel-
opments of the GWR approach may in this sense prove useful, for example
by considering spatial error autocorrelation in GWRmodels (Pàez 2002a, b).
However, we feel that both methods are complementary rather than sub-
stitutes for each other, and that the use of additional methods such as
seemingly unrelated regressions (SUR) (Knight et al. 1995; Zellner 1962)
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may further our understanding of the complexity of property markets and
urban dynamics.
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