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This paper contributes to the existing literature that deals with the full distribution of
house prices and its decomposition (primarily McMillen, 2008) by conducting a deeper
analysis of housing price heterogeneity. Our approach differs from McMillen’s insofar as
our goal is to explain the variation in housing prices at a point in time rather than over
a period of time. The basic statistic used to summarise house price distribution is the
Gini index, which compares the actual distribution of the price per square metre (PPSM)
with a uniform distribution. We decompose the Gini index into what can be explained
for by the explanatory variables (which can also be easily decomposed into the contribu-
tion of each explanatory variable) and what remained unexplained. With a data set that
includes appraisal values for 9297 dwellings in Barcelona in 1998–2001, the part explained
by the standard OLS slopes (up to 60%) suggests a high degree of homogeneity in the
linkage between PPSM and the explanatory variables. In any event, when heterogeneity
is introduced using a quantile approach, that part of the Gini index explained for by the
regressors falls. Finally, the variable that produces the most heterogeneity is area.

� 2015 Elsevier Inc. All rights reserved.
1. Introduction

Until recently, the housing economics literature has not
dealt with the full distribution of house prices and specif-
ically the decomposition of house prices. This paper con-
tributes to the existing literature (primarily McMillen,
2008) by conducting a deeper analysis of heterogeneity
of housing prices., McMillen, 2008) analysed changes in
the full distribution of housing prices using data for sales
of single-family dwellings in Chicago between 1995 and
2005. He found that the price of dwellings at higher per-
centiles rose faster than other housing and that the 2005
distribution implied a reduction in house price inequality.
The main issue addressed by the paper is the relative con-
tribution of the variation in quantile regression coefficients
versus variation in the distribution of the variables
explaining house price distribution. This paper complents
McMillen (2008) ‘is the ction section in order to emphasize
the differences between the paper and the McMilnts
McMillen (2008), who sets out to decompose changes in
the distribution of house prices. Our approach differs from
McMillen’s insofar as our goal is to use Gini indexes to
explain the variation in housing prices at a point in time
rather than over a period of time. In this sense, unlike
McMillen’s, our paper is cross-sectional.

McMillen (2008), using a quantile approach, decom-
poses changes in the distribution of housing prices over
time into items arising from: (1) changes in the distribu-
tion of the explanatory variables; (2) changes in the
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distribution of estimated quantile coefficients of the hedo-
nic price function. Quantile Regression (QR) is frequently
used when estimation of the conditional mean cannot cap-
ture links between the dependent variable and the
explanatory variables throughout the whole distribution
of the former. The method is commonly used in other fields
of economics, particularly in connection with inequality.
QR has also recently been used in the literature on housing
economics1. The approach used by McMillen is closely
related to the literature on changes in earnings inequality.
In particular, he follows Machado and Mata, 2005.
Machado and Mata (2005), who propose a quantile
regression-based decomposition based on the estimation
of marginal wage distributions consistent with a conditional
distribution estimated by quantile regression. Recently,
Nicodemo and Raya (2012) present a relevant multi-city
analysis.

In both health economics and labour economics, greater
attention is paid to the decomposition issues addresses
here. Wagstaff et al. (2002) demonstrate how the linear
regression model can be used to decompose indices of
inequality to identify the relative contributions made by
the explanatory variables. This decomposition treats indi-
viduals’ responses as homogeneous. Jones and Lopez
(2002) demonstrate how this approach can be extended
to allow individual heterogeneity through the use of quan-
tile regression, producing an additional source of variation:
the difference in coefficients across quantiles.

Our data span only four years (1998–2001) because our
main aim is to provide a snapshot of the factors determin-
ing the housing price distribution during these years. The
basic statistic used to summarise house price distribution
is the Gini index (a universally used inequality index),
which compares the actual distribution of the price per
square metre (occasionally referred to here as PPSM for
the sake of brevity) with a uniform distribution. We ranked
housing prices from lowest to highest so we could compare
the cumulative share with the 45-degree line distribution.
We also studied inequality in the distribution of the PPSM
variable and its decomposition into what can be explained
for by the explanatory variables (which can also be easily
decomposed into the contribution of each explanatory
variable) and what remained unexplained. Our data set
covered appraisal values for 9297 dwellings in Barcelona
between 1998 and 2001. We used this to study changes
in the Gini index over this short period of time and its
decomposition into the portions due to the explained part
and the unexplained part. Finally, we used a quantile
model to capture information hidden in the unexplained
part (unobserved heterogeneity) in order to estimate the
full impact of the explanatory variables on the Gini index
at any given point in the full price distribution.

The study is structured as follows: Section 2 demon-
strates how the Gini index can be broken down into the
contributions made by the various explanatory variables,
whether these be individual, homogeneous or heteroge-
neous ones. We then present the empirical model by
1 See McMillen and Thorsnes (2006), Coulson and McMillen (2007), Zietz
et al. (2008) and Liao and Wang (2012).
introducing the econometric methods that allow this
decomposition. Section 3 presents the data and Section 4
the results. In the latter section, we also compare estimates
based on OLS and on quantile regressions. Section 5 reports
the Gini index findings and the impact of the explanatory
variables on house prices using the previous estimates.
Section 6 summarises the main conclusions of the study.

2. Methodology

The key methodology used in our study is the decompo-
sition of a measure of inequality. We use the Gini index for
price per square metre as a value for measuring housing
inequality. The relative impacts of the explanatory vari-
ables on this measure are identified by means of a linear
regression model.

The Gini index is an inequality measure that is usually
associated with a descriptive approach to inequality mea-
surement. The Gini index is named after the Italian statis-
tician Corrado Gini, who invented the measure and
published it in his 1912 paper Variabilità e mutabilità. It
is closely linked to the representation of income inequality
through the Lorenz curve2. In particular, it measures the
ratio of the area between the Lorenz curve and the equidis-
tribution line or 45-degree line (the extreme case where all
incomes are equal) to the area of maximum concentration
(the area between the Lorenz curve of an income distribu-
tion where all incomes are zero except for the last one and
the equidistribution line).

This geometrical interpretation based on the Lorenz
curve is, however, only one way to calculate the Gini index.
Another approach, which proves particularly useful below,
is to directly express the Gini index in terms of the covari-
ance between the levels of a particular variables and its
cumulative distribution (Lambert, 1993). In terms of our
objective, we consider pi to be the price per square metre
of dwelling i and Ri the cumulative proportion of dwellings
ordered according to pi up to dwelling i (relative rank).
Thus, the Gini index, G, for price per square metre is:

G ¼ 2
p

� �
covðpi;RiÞ ð1Þ

where p is the average price per square metre and Cov is
the covariance between the price per square metre pi and
the cumulative proportion of dwellings ordered according
to pi up to dwelling i.

Wagstaff et al. (2002) demonstrate how the linear
regression model can be used to decompose indices of
inequality so that one can identify the relative contribu-
tions made by the explanatory variables. Thus, following
Wagstaff et al. (2002) if pi is constructed from the follow-
ing linear regression model (where ei are the residuals):

pi ¼ b1 þ
XK

k¼2

bkxki þ ei ð2Þ
2 The Lorenz curve is a graphical representation of the cumulative
distribution function of a probability distribution; it is a graph showing the
proportion of the distribution taken up by the bottom y% of the values.
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Substituting it with pi, the Gini index of p may be
written:

G ¼
XK

k¼2

bk
xk

p

� �
Ck þ

2
p

� �
covðei;RiÞ ð3Þ

where the first term in brackets is the elasticity of p with
regard to xk evaluated in the sample mean and Ck is the
concentration index3 of xk in p:

Ck ¼
2
xk

covðxik;RiÞ ð4Þ

Thus, following Eq. (3), the Gini index can be broken
down into an ‘‘explained part’’ and an ‘‘unexplained part’’.
The first term in (3) may be understood as the part
explained by the regression. Furthermore, the explained
part may easily be broken down into the contributions
made by each explanatory variable.

The second term in Eq. (3) is the unexplained part, that
is, the covariance of the term of the residuals (the portion
of pi which cannot be explained by xk) in relation to the
position of the individual in the distribution of the variable
under consideration (Ri).

The unexplained part will be zero if the regression
model for price per square metre is specified in such a
way that there is no systematic variation in the unobserved
heterogeneity of price per square metre in relation to the
point occupied by the dwelling on the PPSM distribution.
If this is the case, it makes no difference where we look
on the price distribution – all explanatory variables weigh
equally on the dwelling price. By contrast, the unobserved
part of the decomposition of the Gini index is non-trivial if
the unexplained part is not zero. In this case, there is unob-
served heterogeneity and hence the relative impact of the
explanatory variables on the Gini index depends on the
price point on the full distribution.

Here, one should note that Jones and Lopez (2006) pro-
pose a method for dealing with this unobserved hetero-
geneity (the second term in Eq. (3)) while preserving
useful information provided by the conventional regres-
sion model. Individual heterogeneity can generally be
introduced into a regression model for price per square
metre with heterogeneous parameters. Thus, following
Jones and Lopez (2006), the regression model may be mod-
ified to yield the following result:

pi ¼ bi1 þ
XK

k¼2

bikxik ¼ X 0ibi ð5Þ

where all of the parameters in the model are individual
specific. It is worth noting that the intercept of this model
bi1 includes both the individual systematic unobserved
impact and purely non-systematic or random errors.

Substituting this last expression in (1), they obtain the
following expression for the Gini index4:
3 This measure summarises inequality and is equal to the area between
the Lorenz curve and the 45-degree line. The result is multiplied by 2 to
ensure that the result is between �1 and 1.

4 See Jones and Lopez (2002) for its complete derivation.
G ¼
XK

k¼2

bMCO
k

xk

p
Ck þ

2
p

� �XK

k¼2

X
i

xikðbik � bMCO
k ÞðRi

� 1=2Þ þ 2
p

� �
covðbi1;RiÞ þ

2
p

� �
covðei;RiÞ ð6Þ

The first term of this equation is exactly the same as in
(3), when the model (2) was estimated using OLS. The next
two terms are the result of allowing heterogeneity. The
second term in (3) is now divided into two parts, which
become the following two terms in (6). The second term
is the contribution to overall inequality of the covariance
(weighted by the values of xk) of the slope parameters with
the relative rank. This part is the gain we obtain when we
use a heterogeneous parameter model, since it is the part
of the Gini index explained by heterogeneity. The third is
simply the covariance of the intercept terms (individual
systematic unobserved effect as well as random errors)
with the relative rank, which is the only part that now
remains unexplained.

In addition to the above, the decomposition of the Gini
index contemplated in (3) allows us to identify the contri-
bution made by each variable to the index. Obtaining this
decomposition requires the linear regression model, which
is used to characterise the distribution of the dependent
variable according to its expectation value conditioned by
the explanatory variables.

The regression model offers us estimates of the homo-
geneous parameters between individuals. Its application
in the housing economics field is justified by hedonic price
theory. According to this theory (Rosen, 1974), differenti-
ated products are considered to possess various character-
istics. The implicit marginal price of such a product may be
ascertained through a hedonic price model that explains
price it terms of those characteristics.

In the context of housing it is also easy to appreciate
that the valuations individuals make of the physical char-
acteristics of their dwelling or the area where they live dif-
fer depending on whether they have dwellings with a
higher or lower price per square metre. It would therefore
be interesting to know the behaviour of the explanatory
variables over the PPSM distribution. For this, an estimator
is required that allows heterogeneous responses. The one
that fits the bill stems from the quantile regression (bi)5.

Summarising, the focus of the paper is to obtain the
PPSM Gini inequality index for a sample of dwellings in
Barcelona. Here, we wish to compare the full PPSM distri-
bution with the equidistribution (where all the prices per
square metre are equal). Furthermore, one can decompose
this Gini index into various parts. The first part covers the
explanatory variables (which can also be easily decom-
posed to yield the contribution made by each explanatory
variable). The second part is the unexplained part, that is,
the portion of pi which cannot be explained by xk. Using
a quantile approach (heterogeneous parameter model) this
part can be divided into two parts: (1) the contribution of
the covariance between the coefficients of the explanatory
variables in quantile regressions with the price per square
5 The criterion of minimum absolute deviations tends to be used as
described in Koenker and Bassett (1978).
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metre (the second term in Eq. (6)); (2) the contribution of
the covariance of the constants in the quantile regressions
in relation to price per square metre (the third term in
Expression (6)).

To obtain these results, we first estimated the hedonic
price equation (2) by OLS and (5) by quantile regression.
Second, we computed the Gini index with the OLS
information (two parts) and with the quantile regression
information (three parts). In both cases, we decomposed
the information yielded into explanatory variables.

3. Data

The sample used in this study consisted of 9297 obser-
vations of Barcelona dwellings for the period 1998–2001.
However, the sample did not constitute a data panel given
that the dwellings in each annual sub-sample were
different.

The data are from a representative annual sample
collected by TINSA, an appraisal company. They contain a
large variety of physical characteristics relating to housing,
as well as information on the city area in which the
dwelling is sited. The prices are therefore appraisal ones.
These appraisals follow the criteria set out in Statutory
Instrument ECO/805/2003 (market value) used for official
and certain financial purposes (basically, mortgage valua-
tion). The appraisal price is that at which a dwelling might
be sold through a private contract struck between a buyer
and seller on the appraisal date. One can therefore take
appraisal prices as a surrogate for market prices – some-
thing that is supported by the fact that Spain’s Ministry
of Housing uses the former to calculate the housing price
index.

Definitions of the variables employed in the study are as
follows:

Price per square metre (PPSM): total value of the dwell-
ing divided by the gross surface area (logarithmic scale).

Surface area: gross square metres including the
corresponding proportion of communal areas.

Year: dummy variables defined according to the year
each observation belongs to.

Age: seven dummy age variables in ascending order, for
the following periods: new dwellings, from 1 to 5 years
old, from 6 to 10, from 11 to 20, from 21 to 30, from 31
to 50, and finally over 50 years old.

Lift: dummy variable with value 1 or 0 according to
whether the dwelling has a lift or not.

Floor: four categories were defined with their
corresponding dummy variables according to whether
the dwelling is on the ground floor or basement, first floor,
second floor, or third floor and above.

Attic: dummy variable has a value of 1 if the dwelling is
an attic dwelling and 0 if not.

Outward facing: dummy variable has a value of 1 if the
property is outward facing and 0 if it is inward facing.

Heating: dummy variable has a value of 1 if the dwelling
has heating and 0 if not.

Condition: what state the dwelling is in. Five dummy
variables corresponding to each of the five appraisals of
dwelling condition (very bad, bad, average, good and very
good).
Renovation: time since last renovation. Four dummy
variables corresponding to the four time periods defined
for this variable: if the dwelling was renovated in the
year the sample was taken or the five previous years, if it
was renovated from 6 to 10 years previously, 11–20 or
over 20.

Areas: statistical area (248) where the dwelling is
located.

Table A.1 in the appendix shows the mean value of the
characteristics (except for area) for each year of the sam-
ple. It will be seen that the sample consists mainly of used,
recently renovated dwellings with a floor area of around 85
square metres.

Lastly, we should mention that both the data and the
specification used in the estimates correspond to the
model estimated in Garcia et al. (2006), which analysed
the factors determining housing prices in the city of
Barcelona. The main conclusions are that location accounts
for over 50 per cent of the explained variation in prices and
that education is the factor that best explains inter-area
price variability. However, unlike in our paper, Garcia
et al. (2006) do not address the full distribution and
decomposition of housing prices.

In order to simplify the results, we substituted the
dummy variables referring to location (areas) with the
variable ‘level of education’. This is justified by the fact
that Garcia et al. (2006) demonstrate how variability
related to the coefficients of the dummy variables refer-
ring to location (statistical area) is explained almost
solely by the variable ‘level of education’ (an approxi-
mate correlation of 0.9). ‘Level of education’ is measured
as the average number of years of study of the residents
of an area. According to human capital theories and the
empirical evidence available, this type of variable resem-
bles the average income of residents of the area. As
noted in Garcia et al. (2006), this strong correlation
reveals a greater willingness to pay in locations where
there is a higher level of education (or higher level of
income) and could be explained by the fact that these
variables (income or level of education) may correlate
with other types of factors that individuals prize when
choosing an area in which to live. To sum up, using ‘level
of education’ rather than dummy variables for location
means we can not only work with a much smaller
number of variables but also capture the impact of
location arising from the high correlation between the
two variables. The phenomenon known as gentrification
in the literature is based on a socio-economic classifica-
tion of city areas (see Bridge, 1995). This approach is also
supported by Gibbons and Machin (2003), who show
that education is the key characteristic when evaluating
the impact of location on housing prices’’.
4. Results

This section discusses the estimation of the 99 condi-
tional quantile functions and the conditional mean func-
tion estimated by OLS. Table 1 shows the quantile
coefficients of these variables for the quantiles 10, 25, 50,
75 and 90 (standard errors in brackets). Also shown are



Table 1
Quantile coefficients for percentiles 10, 25, 50, 75 and 90.

Percentile 10 25 50 75 90 OLS

Surface area �5.571 (0.973) �4.576 (0.678) �5.126 (0.549) �6.217 (0.618) �5.947 (0.520) �5.090 (0.398)
Surface area elasticity
50 squared metre �0.111 �0.092 �0.103 �0.124 �0.119 �0.102
100 squared metre �0.056 �0.046 �0.051 �0.062 �0.060 �0.051

Heating 0.034 (0.006) 0.021 (0.006) 0.021 (0.004) 0.025 (0.004) 0.028 (0.006) 0.027 (0.004)
Outward facing 0.002a (0.007) 0.013 (0.004) 0.015 (0.002) 0.019 (0.005) 0.023 (0.006) 0.010 (0.004)
Lift 0.091 (0.006) 0.064 (0.005) 0.055 (0.003) 0.052 (0.007) 0.052 (0.008) 0.064 (0.004)

Year (Ref.: 1998)
1999 0.256 (0.007) 0.249 (0.007) 0.239 (0.006) 0.238 (0.007) 0.242 (0.007) 0.251 (0.005)
2000 0.417 (0.009) 0.418 (0.006) 0.419 (0.004) 0.419 (0.003) 0.419 (0.006) 0.423 (0.004)
2001 0.576 (0.009) 0.581 (0.006) 0.579 (0.006) 0.575 (0.006) 0.582 (0.007) 0.585 (0.004)

Age (Ref.:>50)
New 0.275 (0.024) 0.250 (0.012) 0.237 (0.008) 0.229 (0.014) 0.217 (0.017) 0.234 (0.012)
1 to 5 years old 0.141 (0.022) 0.128 (0.012) 0.133 (0.012) 0.130 (0.021) 0.092 (0.012) 0.117 (0.012)
6 to 10 years old 0.075 (0.011) 0.104 (0.017) 0.100 (0.017) 0.098 (0.014) 0.076 (0.013) 0.083 (0.012)
11 to 20 years old 0.094 (0.009) 0.089 (0.008) 0.080 (0.006) 0.069 (0.010) 0.051 (0.010) 0.078 (0.006)
21 to 30 years old 0.082 (0.009) 0.076 (0.007) 0.069 (0.006) 0.055 (0.007) 0.046 (0.007) 0.067 (0.005)
31 to 50 years old 0.038 (0.013) 0.035 (0.007) 0.027 (0.003) 0.020 (0.006) 0.008a (0.006) 0.026 (0.004)

Condition (Ref.: very bad)
Bad 0.090 (0.021) 0.089 (0.010) 0.088 (0.007) 0.096 (0.013) 0.086 (0.012) 0.093 (0.008)
Average 0.179 (0.020) 0.166 (0.009) 0.159 (0.008) 0.161 (0.012) 0.153 (0.011) 0.172 (0.008)
Good 0.255 (0.023) 0.236 (0.011) 0.223 (0.010) 0.220 (0.013) 0.208 (0.013) 0.242 (0.009)
Very good 0.258 (0.031) 0.258 (0.014) 0.267 (0.008) 0.269 (0.015) 0.287 (0.021) 0.288 (0.013)

Floor (Ref.: ground floor)
First 0.088 (0.024) 0.064 (0.016) 0.033 (0.010) 0.018 (0.009) �0.003a (0.011) 0.037 (0.008)
Second 0.097 (0.021) 0.078 (0.016) 0.039 (0.012) 0.026b (0.008) �0.004a (0.010) 0.044 (0.007)
Third 0.108 (0.020) 0.081 (0.013) 0.041 (0.011) 0.029 (0.008) 0.006a (0.010) 0.048 (0.007)
Attic 0.113 (0.025) 0.087 (0.015) 0.056 (0.016) 0.066 (0.014) 0.050 (0.020) 0.075 (0.010)
Lift*attic 0.015a (0.020) 0.030 (0.011) 0.026 (0.015) 0.005a (0.021) �0.001a (0.026) 0.014a (0.011)

Renovation (Ref.:>20)
0–5 years ago 0.072 (0.011) 0.058 (0.007) 0.069 (0.005) 0.068 (0.006) 0.072 (0.008) 0.073 (0.005)
6–10 years ago 0.069 (0.013) 0.045 (0.008) 0.054 (0.005) 0.045 (0.007) 0.057 (0.009) 0.060 (0.005)
11–20 years ago 0.050 (0.009) 0.032 (0.007) 0.035 (0.005) 0.024 (0.007) 0.029 (0.009) 0.038 (0.005)
Level of education 0.081 (0.002) 0.084 (0.002) 0.086 (0.001) 0.091 (0.002) 0.094 (0.002) 0.088 (0.001)
Constant 10.522 (0.032) 10.662 (0.030) 10.775 (0.021) 10.815 (0.023) 10.899 (0.028) 10.720 (0.017)

Note: standard errors in brackets.
a Not significant.
b Significant at 10%, the rest significant at 5% of the level of significance.

J.G. Villar, J.M. Raya / Journal of Housing Economics 29 (2015) 59–71 63
the coefficients of the explanatory variables of dwelling
PPSM taken from the quantile regression and OLS esti-
mates, together with the upper and lower ranges of the
confidence interval at 95% of this latter estimate.

With regard to surface area, we adopt the specification

ln S
1þSh

� �
, where h is a parameter to consider and the elas-

ticity (e) of the price per square metre with respect to

the surface area is e ¼ b � 1þSh �ð1�hÞ
1þSh , b being the coefficient

of the variable ln S
1þSh

� �
. Note that the elasticity of the price

per square metre (e) is not constant, except in the case of
h = 0, in which case the model presents a logarithmic spec-
ification for the area. In our case, for h ¼ 1 it is possible to
approximate the elasticity as e ¼ b � 1

1þS �
b
S and therefore b

indicates the sign of the elasticity, whose magnitude
depends on the value of the surface area, diminishing in
absolute value as the area shrinks. One can also test for
goodness of fit given that the proposed functional form
includes the log functional form as a special case. The value
of h is estimated by maximum likelihood, we obtain a value
close to 1, that is, we reject the model with constant elas-
ticity (h = 0) and fail to reject the model with an elasticity
where area h = 1. We therefore use a more flexible func-
tional form than that usually used in the hedonic price lit-
erature (i.e. the log functional form, which implies
constant price elasticity).

We observe how floor area has a more negative effect
(coefficient) on price per square metre as we advance
towards higher quantiles. In other words, in the OLS esti-
mate (where the coefficient was constant and negative)
the price sensitivity fell in absolute terms as floor area rose.
That is, despite the fact that an increase in floor area
reduces the price per square metre of the dwelling (note
that this effect is less marked for larger dwellings).

In the case of quantile regression, we noted that b val-
ues did not remain constant and took values of between
�4.58 and �6.22. However, with the exception of per-
centiles equal to or greater than approximately 0.75, these
values are within the confidence intervals of the OLS esti-
mate. The interpretation of this result is that at the higher
percentiles, the effect of the same surface area increases
(i.e. price per square metre falls more sharply).

An example will help to illustrate this result. The price
elasticity of surface area of a dwelling measuring 50 square
metres at percentile 25 is �0.0915, whilst the price



Table 2
Slope equality test for quantile estimates for percentiles 10, 25, 50, 75 and
90.

F (4 9270) Prob > F

Surface area 2.26 0.06
Heating 2.53 0.04
Outward facing 2.60 0.03
Lift 8.19 0.00

Year (Ref.: 1998)
1999 1.46 0.21
2000 0.02 1.00
2001 0.36 0.84

Age (Ref.:>50)
New 1.35 0.25
1 to 6 years old 4.80 0.00
6 to 10 years old 1.55 0.19
11 to 20 years old 3.70 0.01
21 to 30 years old 5.61 0.00
31 to 50 years old 5.04 0.00

Condition (Ref.: very bad)
Bad 0.32 0.86
Average 0.48 0.75
Good 1.11 0.35
Very good 0.62 0.65

Floor (Ref.: ground floor)
First 3.29 0.01
Second 6.41 0.00
Third 6.63 0.00
Attic 2.00 0.09
Lift*attic 0.98 0.42
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elasticity per square metre for a dwelling with the same
surface area at percentile 75 (where the minimum value
of b is reached) is �0.124. However, the price elasticity
per square metre for a dwelling measuring 100 m2 at per-
centile 75 is �0.0621.

No clear pattern emerged regarding the impact that the
time since the last renovation has on PPSM. Properties in
the sample were generally renovated over twenty years
ago. Only some of the values of the lower percentiles (10
and 25) lay outside the confidence interval of the OLS
estimate.

The benchmark year used in the study was 1998. As far
as time is concerned, the effect of each year on the dwell-
ing’s PPSM remains constant regardless of the percentile.
In other words, after adjusting for quality, market price
rises adds equal to the PPSM of all homes. In fact, the val-
ues of the quantile estimates remained within the OLS con-
fidence interval but they almost always hovered near the
lower limit.

With regard to the effect of the age of a dwelling on
quantile regressions, it appears to have a diminishing
quantitative impact as we advance towards higher per-
centiles. In most cases, estimates of the 10th and 90th per-
centiles do not appear within the confidence interval of the
OLS estimate for the first and ninth deciles.

When compared to living on a lower floor, the price
impact of living on higher floors or even in an attic flat also
falls at higher percentiles. Quantile coefficients only appear
within the OLS confidence interval in the central interval,
which roughly runs from the first to the third quartiles.

The impact of having a lift remains constant from the
50th to the 90th percentiles, whereas it falls throughout
the first 25 percentiles. Living in an attic flat increases
the impact of a lift on the dwelling’s PPSM. This effect does
not show a clear pattern as we advance along the PPSM
distribution, although the quantile estimates do remain
within the confidence interval of the OLS estimates.

An outward-facing dwelling6 pushes up the PPSM as one
rises through the percentiles and is particularly marked at
the top end of the range. The impact of heating on price fol-
lows a U-shape, falling from the 10th to the 50th percentile
and then rising from the 50th to the 90th percentile. The
coefficient estimates for the percentiles of dwellings with
heating remain within the interval of the OLS estimate.

All other things being equal, a dwelling in better condi-
tion obviously commands a higher price per square metre
– a finding that is constant across the percentiles.
However, this variable has diminishing impact on price/m2

for dwellings in average to good condition as one rises
through the percentiles. By contrast, dwellings in very
good condition rise in price/m2 terms. For dwellings in
bad condition, quantile estimates always appear within
the OLS interval. In the case of dwellings in average, good
and very good condition, these percentile estimates basi-
cally fall outside the interval of OLS estimates for the
90th percentile.
6 Translator’s note: Barcelona flats tend to be laid out around a central
courtyard in the middle of city blocks. Outward facing flats give on to the
street, while inward facing ones give on to the courtyard.
After obtaining the coefficient estimates for the vari-
ables of the five regressions for percentiles 10, 25, 50, 75
and 90, it is important to check, as Buchinsky (1998) stres-
ses, whether they differ from one another statistically. The
results of a quantile regression belong to what is known as
a ‘normal location model’, providing the estimate of the
constant is the only statistical difference between the per-
centiles. If this case, there is no heteroscedasticity in the
model or put another way, the PPSM distribution is identi-
cal across all percentiles.

Table 2 presents statistical contrasts where the null
hypothesis is that the slopes of the percentiles are equal
for each of the variables. For example, we tested to see
whether the impact of floor area on price per square metre
is statistically equal (we cannot reject the null hypothesis
that the coefficients of the percentiles are equal) in per-
centiles 10, 25, 50, 75 and 90. The table shows that the null
hypothesis may only be rejected for location, lift, floor,
heating, outward-facing dwellings, renovation 11–20 years
earlier. Most of the dummy variables refer to the age of the
property (except in the case of new dwellings and those
from 6 to 10 years old).

To sum up, it would seem that the physical characteris-
tics of dwellings display effects that are either statistically
constant or that diminish at the higher end of the distribu-
tion (an exception here being the outward-facing variable).
This decrease is offset by the intercept of and trend in the
location variable. With regard to the intercept (which
Renovation (Ref.:>20)
0–5 years ago 1.06 0.37
6–10 years ago 2.60 0.37
11–20 years ago 3.39 0.01
Level of education 9.67 0.00
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Fig. 1. Observed and predicted values for price per square metre in OLS estimate.
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might be thought of as the price of a dwelling whose char-
acteristics match the reference case), price/m2 increases at
higher percentiles. The most plausible explanation for the
decreasing impact of physical characteristics in the upper
part of the PPSM distribution is that at higher percentiles,
physical characteristics count for far less than location.
Thus, the effect of area7 clearly increases as the percentile
rises (see Table 1). The quantile coefficients only appear
within the OLS confidence interval in the percentiles that
are close to the mean. In Table 2, we see that there is
rejection of the null hypothesis that the coefficients of the
variable ‘area’ are equal across the percentiles.

The goodness of the procedure can be assessed by com-
paring the predictions made by quantile and OLS estimates.
Figs. 1–6 display the relationship between the observed
values and the predictions for the OLS and quantile esti-
mates respectively, as well as reporting the value of the cor-
relation coefficient between these variables. The quantile
predictions were calculated by selecting the percentile pre-
diction that yielded the lowest error between the observed
and predicted values for each dwelling. The comparison
clearly favours the heterogeneous parameter model. The
correlation of the observed PPSM values versus those pre-
dicted by the model is 99% in the case of quantile regres-
sions and 89% in the case of the OLS model. Table 3 shows
that, on average, the quantile model errs by a tiny €0.14
when predicting a dwelling’s PPSM, whereas the compara-
ble figure for the OLS model is €1.69. Nevertheless, the OLS
model already includes a large part of the heterogeneity of
the data, which is detected by higher R2 around 80%. This
can be explained by the data used (we have data for four
years) and the goodness of the OLS procedure within the
framework of hedonic pricing methodology. In order to
clarify the extent to which time scale affects the data,
7 See Garcia et al. (2006), using the same data set, for more details
regarding the result of distribution of areas in a city according to residents’
social and economic characteristics.
Figs. 1–6 show the correlations of the predictions for the
values observed for the OLS and quantile estimates from
1998 and 2001, respectively. The correlations of the
observed values versus those predicted for the model range
between 81% and 83% for the OLS model and 97% for the
quantile regressions. Thus, although the R2 of the OLS
regressions drop to 66% and 69% for 1998 and 2001, they
continue at very high levels, proving that the OLS model
already captures much of the data heterogeneity, which
in turn confirms the goodness of the hedonic methodology.

As we have seen, quantile regression helps us to capture
all of the unobserved heterogeneity with higher R2 (around
99%). Furthermore, it shows us the entire distribution of
the coefficients, thereby adding to the comments made
previously.

5. Analysis of the Gini index decomposition

Having got this far, we will now use the parameters
estimated in the previous section to calculate and decom-
pose the most commonly used inequality index in the liter-
ature: the Gini index8. The Gini index is calculated by
comparing the distribution of the target variable (PPSM)
with the equidistribution or 45-degree line (extreme case
where all the prices per square metre are equal). The value
of the Gini index will tend to zero as the corresponding dis-
tribution becomes more equal.

Tables 4a and 4b present the values of the Gini index for
the years 1998 and 2001. The evidence points to differ-
ences that are of little significance for the two years stud-
ied. (the index falls slightly from 0.12374 to 0.10037). In
any event, one can appreciate how the PPSM distribution
becomes somewhat more equal (or, put another way,
dwellings exhibiting lower PPSM in 1998 show greater
price growth. This result is similar to that found in
8 Similar results are obtained when one conducts the exercise using the
Theil index.
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Fig. 3. Observed and predicted values for price per square metre in OLS estimate for 2001.
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McMillen’s paper (2008), in which the full distribution of
the price in 2005 (versus the 1995 distribution) implies
diminishing house price inequality. Both papers analyse
data from periods of rapid appreciation. However, it should
be pointed out that the values of the Gini index are low in
both cases, indicating that the distribution of price/m2 is
very similar to the distribution where all dwellings have
the same PPSM (an equidistribution).

A decomposition of the Gini index for the first and final
years of the sample (1998 and 2001, respectively) is given
below with a view to analysing inequality and trends.
Tables 4a and 4b show the results, which present this
decomposition using both OLS estimates (first row) and
quantile estimates (second row) by:

(a) The part explained by OLS. Contribution of the
explanatory variables to the Gini index.
Contribution of the product of OLS elasticities and
the concentration indices of the explanatory vari-
ables in relation to price per square metre (first term
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in expressions (3) and (6)). This part treats individu-
als as homogeneous since the effects of all the
explanatory variables (bk) are equal for all dwellings.

(b) The part unexplained by OLS and unobserved
heterogeneity captured by the quantile coefficient
estimates. Contribution of the quantile coefficient
estimates to the Gini index. Contribution of the
covariance between the coefficients of the explana-
tory variables in quantile regressions with the price
per square metre (second term in Expression (6)).
(c) The part unexplained by OLS and unobserved
heterogeneity of the quantile regression.
Contribution of the quantile intercept to the Gini
index. Contribution of the covariance of the con-
stant in the quantile regressions in relation to
price per square metre (third term in expression
(6)). This is left unexplained by the OLS because
we use the variation of the constant through the
quantiles to furnish an explanation of this part of
the Gini index.
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Table 3
Comparison of OLS and quantile predictive error.

Variable Mean Standard deviation

Price per square metre 1337.55 433.86
Absolute OLS error 11.61 190.99
Absolute quantile error 0.14 16.88

9 This percentage comes from calculating the ratio 9.25/59.35, where
59.35 is the sum, in absolute values, of the percentage contribution of all
three components of the unexplained part (9.25 + 49.50 + 0.60). This
percentage is 14.68% in 2001.

10 Translator’s note: or ‘‘elevator’’ in American English.
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(d) The part unexplained by OLS. Contribution of the
residual term to the Gini index. A residual that corre-
sponds to the covariance of the prediction errors
(of the OLS and the heterogeneous parameter model)
in relation to the price per square metre (second term
in expression (3) and last term in expression (6)).

Clearly, the value of the Gini index calculated by means
of OLS decomposition Expression (3) has to be the same as
that calculated by means of decomposing heterogeneous
slopes Expression (6). The OLS decomposition treats the
elasticities as homogeneous between individuals, just as
they are treated in the estimate.

Firstly, the contribution of OLS slopes (the part
explained by OLS and which treat individuals as homoge-
neous) are 60.35% and 64.86% for 1998 and 2001, respec-
tively. These percentages are very high compared with
the 22% obtained by Jones and Lopez (2006) in the context
of health economics and are due to the goodness of fit
shown by the OLS-estimated models used to explain the
determinants of dwelling PPSM. In other words, over 60%
of the inequality (Gini index) of the price/m2can be
explained by observed dwelling characteristics and under
40% remains unexplained.

These contributions demonstrate how variation in
the explanatory variables influences the Gini index, main-
taining parameters constant. Despite its explanatory
power, the second term of the decomposition, which uses
the heterogeneous parameter model (that is, the quantile
estimates of the coefficients), reveals how the introduction
of heterogeneity into the coefficients modifies the contri-
bution of the explanatory variables. This part is the unob-
served heterogeneity captured by the quantile coefficient
estimates (e.g. 15.58% for 19989). By taking the quantile
coefficient estimates into account, we move towards a lower
(i.e. more equal) Gini index. This shows how introducing
heterogeneity into estimates of the model’s slopes by means
of quantile regression lowers the Gini index (in our case, by
-9.25% and -7.30% for 1998 and 2001, respectively).

Tables 5a and 5b present the contributions of each of
the explanatory variables to the Gini index for 1998 and
2001. The results group the variables into blocks. Thus,
the total contribution of each of the variables to the Gini
index can be described as follows. First, let us analyse the
last column of Table 5a and Table 5b. A positive (negative)
sign in the percentage of total contribution of one variable
to the Gini index can be interpreted as an increase
(decrease) in the Gini index, that is, a more unequal
(equal) PPSM distribution. Despite this, the variable that
contributes most to increasing the Gini index is area
(level of education), which raises the index by 28.94%
and 36.28% in 1998 and 2001, respectively. The variable
‘lift’10 increases the Gini index by 4.83% in 1998 and 8.24%
in 2001, whilst heating does so by 3.45% and 4.07% in
1998 and 2001 respectively. Finally, non-consideration of
the variable ‘floor’ would raise the index by 17.04% for



Table 4a
Decomposition of the Gini index for 1998.

Index OLS Slopes Slopes Quantile Constants Quantile Residuals
Contrib % Contrib % Contrib % Contrib %

Gini = 0.12374 0.07468 60.35 0.04906 39.65
Gini = 0.12374 0.07468 60.35 �0.01145 �9.25 0.06126 49.50 �0.00075 �0.60

Table 4b
Decomposition of the Gini index for 2001.

Index OLS Slopes Slopes Quantile Constants Quantile Residuals
Contrib % Contrib % Contrib % Contrib %

Gini = 0.10037 0.06510 64.86 0.03527 35.14
Gini = 0.10037 0.06510 64.86 �0.00733 �7.30 0.04257 42.41 0.00002 0.02

Table 5a
Contribution of each explanatory variable in the decomposition of the Gini index for 1998.

Variable OLS Contrib %Contrib Quant Contrib %Contrib Total Contrib %Contrib

Surface area �0.003107 �2.51% 0.009023 7.29% 0.005916 4.78%
Age 0.010922 8.84% �0.001336 �1.09% 0.009585 7.74%
Lift 0.008155 6.59% �0.002174 �1.76% 0.005981 4.83%
Floor 0.000429 0.35% �0.021511 �17.38% �0.021082 �17.04%
Lift*attic 0.000520 0.42% 0.000246 0.20% 0.000766 0.62%
Outward facing 0.000060 0.05% 0.002675 2.16% 0.002735 2.21%
Heating 0.004521 3.65% �0.000249 �0.20% 0.004272 3.45%
Condition 0.010165 8.21% �0.046844 �37.85% �0.036679 �29.64%
Renovation 0.001239 1.01% �0.002815 �2.27% �0.001576 �1.28%
Area level of education 0.041783 33.75% �0.005967 �4.86% 0.035811 28.94%
Total slopes 0.074688 60.35% �0.011454 �9.26% 0.063234 51.10%
Constant 0.061264 49.50% 0.061264 49.50%
Total parameters 0.124498 100.60%
Residuals �0.000749 �0.60%
Total 0.123749 100.00%

Table 5b
Contribution of each explanatory variable in the decomposition of the Gini index for 2001.

Variable OLS Contrib %Contrib Quant Contrib %Contrib Total Contrib %Contrib

Surface area �0.003118 �3.11% 0.002679 2.67% �0.000439 �0.44%
Age 0.004234 4.21% �0.004116 �4.10% 0.000117 0.12%
Lift 0.009757 9.72% �0.001487 �1.48% 0.008270 8.24%
Floor 0.000708 0.70% �0.008462 �8.43% �0.007754 �7.72%
Lift*attic 0.000568 0.57% �0.000103 �0.10% 0.000465 0.46%
Outward facing 0.000009 0.01% �0.000790 �0.79% �0.000781 �0.78%
Heating 0.003669 3.66% 0.000413 0.41% 0.004082 4.07%
Condition 0.010639 10.60% �0.009742 �9.71% 0.000897 0.89%
Renovation 0.000992 0.98% �0.000210 �0.21% 0.000782 0.78%
Area level of education 0.037645 37.46% �0.001249 �1.25% 0.036395 36.28%
Total slopes 0.065102 64.86% �0.007328 �7.30% 0.057774 57.56%
Constant 0.042574 42.41% 0.042574 42.41%
Total parameters 0.100348 99.97%
Residuals 0.000020 0.03%
Total 0.100369 100.00%
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1998 and approximately 7.72% for 2001, whilst
non-consideration of the variable ‘condition’ would boost
it by 29.64% in 1998 but only by 0.89% in 2001. Lastly, we
should mention the increase in the Gini index in 1998 due
to the variables ‘surface area’ (4.78%) and ‘age’ (7.74%).

To sum up, the variable that produces the most unequal
distribution is ‘‘area’’ (level of education). The age of the
property weighs less, though still heavily in 1998, as does
having a lift (in 2001), producing a more unequal PPSM dis-
tribution. However, the floor (in both years) and the
condition (in 1998) are the variables which help to produce
a more equal PPSM distribution. Of all the variables, the one
that makes the largest biggest contribution (in this case to
inequality) is ‘‘area’’. In other words, the PPSM dispersion
increases when area is taken into consideration. The result
arises from the high explanatory power of this variable and
is not new in the literature. For instance Garcia et al. (2006)
found that location explains 53.58% of total price variabil-
ity. This result highlights a greater propensity to pay for
properties located in better areas (i.e. ones where residents
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have higher levels of income, education or both). Moreover,
higher education may be correlated with other characteris-
tics that individuals value when taking housing decisions
(parks, recreation areas, etc.).

Nevertheless, in the column showing the percentage of
contribution of the quantile coefficients, most explanatory
variables lead to a lowering of the Gini index (that is, mak-
ing it more equal) when heterogeneity is introduced into
the parameters. Thus, for 1998, with the exception of sur-
face area (which leads to a 7.29% increase in the Gini
index), the rest of the variables lead to a lowering of the
Gini index if one considers that their effects vary through-
out the PPSM distribution. The following cases stand out:
condition (�37.85%), floor (�17.38%) and level of educa-
tion (�4.86%). For 2001, with the notable exception of area,
they all lower the Gini index: condition (�9.71%); floor
(�8.43%); age (�4.10%).

The contribution of the covariance of the heterogeneous
intercepts in relation to PPSM can be interpreted as the
effect of unobserved heterogeneity, since the variation of
the intercepts along the distribution of the price cannot
be explained by any variable. If the explanatory variables
were not related to the price per square metre in Tables
5a and 5b, the Gini index would increase through the con-
tribution of the quantile constants: 49.50% and 42.41% of
the current value for 1998 and 2001, respectively.

Lastly, the residual contributions to the Gini index for
1998 and 2001 when considering the heterogeneous
parameters are practically zero. This contribution increases
considerably in the OLS decomposition when the second
and third terms in (6) are included.

6. Conclusions

This research studied the nature of the full distribution
of house prices in the city of Barcelona using a sample of
dwellings for the period 1998–2001. In particular, within
the context of hedonic regression, we decompose the
Gini index into the contribution of the explanatory vari-
ables to price per square metre (explained part) and the
contribution of the residual (unexplained part). This unex-
plained part (unobserved heterogeneity) can be partially
captured by the quantile coefficient estimates. The Gini
index compares the actual price per square metre (PPSM)
distribution with a uniform distribution. By ranking hous-
ing prices from lowest to highest, we can compare the
cumulative share with the 45-degree line distribution.

In order to achieve this aim, we use OLS and a quantile
approach to estimate a hedonic price model. In the quan-
tile estimates we observe patterns of behaviour for some
variables in relation to PPSM distribution in which the
effect of the variables on higher quantiles generally
decreases. Be this as it may, the effects between quantiles
can be considered as statistically shifting for the following
variables: floor, lift, number of years since last renovation,
heating, age, outward facing and the variable that explains
the effect of location (level of education). Here, valuation of
the location (level of education) and the outward facing
attribute of the property assumes greater importance at
higher percentiles. It would therefore seem that these
characteristics are taken into account more at the upper
end of the distribution than at the lower one and hence
can be considered luxury attributes. The opposite effect is
observed, however, in characteristics such as age, floor
and lift, which can be considered necessary attributes
because they are taken into account more at the lower per-
centiles. Lastly, the effects of the dwelling having heating
and the number of years since the last renovation display
a non-monotonous pattern.

The Gini index fell slightly during the period 1998–
2001, thereby making the PPSM distribution more uni-
form. It should be pointed out that the Gini index values
are low in both years, indicating that the PPSM distribution
is very similar to the one where all dwellings have the
same price per square metre (an equidistribution). If we
segregate by components, the explained part (contribution
of the OLS slopes) increases from 60.35% to 64.86%, sug-
gesting a high degree of homogeneity in the association
of price per square metre with the explanatory variables.
That is, considering the effect of each variable at the aver-
age point of distribution (as we do with the constant
parameter model estimated through OLS) provides us with
enough information to explain a large part of the Gini
index. This is due to the fact that the hedonic price models
estimated by means of OLS have a very high explanatory
power (R2 around 70%), which therefore explains a large
part of the PPSM variability.

Heterogeneity can be introduced in order to estimate
responses of the dependent variable to changes in the
explanatory variables by means of the contributions of
quantile regression slopes (the second component of the
decomposition of the Gini index). Using quantile coeffi-
cient estimates explained some of the unobserved hetero-
geneity. For example, they revealed 15.58% of the part that
was unexplained by OLS for the 1998 data. In any event,
when heterogeneity was introduced using a quantile
approach, the Gini index fell. This contribution to the lower
value manifests itself significantly, in relation to its OLS
contribution, in variables such as floor and condition.

In terms of the contribution of each explanatory vari-
able, the one that produces the less uniform distribution
is ‘‘area’’ (level of education). The effects of property age
in 1998 and having a lift (in 2001) were less marked
(though still important) in made for a less uniform PPSM
distribution. However, ‘‘floor’’ (in both years) and ‘‘condi-
tion’’ (in 1998) are the variables that made for a more uni-
form PPSM distribution.

Knowing the full PPSM distribution would greatly
improve housing price indexes to give a complete picture
of the variation in appreciation rates (McMillen and
Thorsnes, 2006). As far as heterogeneity is concerned,
knowing the full PPSM distribution could enhance our
knowledge of the Gini index and thus facilitate testing of
heterogeneity trends when house prices are either rising
or falling. Furthermore, decomposing the contribution of
the explanatory variables would help scholars and govern-
mental bodies discover which housing characteristics
widen heterogeneity and which ones narrow it. An inter-
esting avenue for future research would be to test whether
the results presented in this paper can be extended to sales
data (as opposed to appraisal data), periods of falling house
prices (as opposed to rising house prices), and housing
markets other than the Spanish one.
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Appendix A.

Table A.1
Table A.1
Mean of the characteristics in the period 1998–2001.

1998 1999 2000 2001

Surface area 86.02 83.97 84.42 85.86
Heating 0.326 0.353 0.351 0.625
Outward facing 0.829 0.855 0.846 0.827
Lift 0.642 0.605 0.590 0.590

Age
New 0.032 0.030 0.043 0.034
1–6 years 0.026 0.016 0.020 0.026
6–10 years 0.020 0.016 0.023 0.013
11–20 years 0.171 0.126 0.087 0.073
21–30 years 0.327 0.316 0.292 0.260
31–50 years 0.208 0.246 0.279 0.294
Over 50 years 0.215 0.249 0.256 0.298

Condition
Very bad 0.002 0.170 0.003 0.023
Bad 0.040 0.297 0.052 0.068
Average 0.613 0.367 0.639 0.614
Good 0.315 0.119 0.276 0.231
Very good 0.030 0.047 0.031 0.061

Renovation
0–5 years 0.455 0.433 0.415 0.448
6–10 years 0.167 0.176 0.173 0.162
11–20 years 0.165 0.167 0.173 0.159
Over 20 years 0.180 0.194 0.196 0.188

Floor
Ground 0.046 0.051 0.061 0.070
First 0.133 0.167 0.136 0.147
Second 0.157 0.174 0.177 0.180
Third or higher 0.607 0.497 0.508 0.545
Attic 0.055 0.109 0.115 0.055
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