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Implicit house prices: variation over time and space

Abstract

This paper is concerned with implicit prices otiemg characteristics based on asking
price. The paper employs a large database fromSgpenish housing market with
models generated to explain how the pricing ofikaites varies by region and how
variation over time impacts on explanatory powettriBute values are shown to be
stable among regions but weights change with tioggesting that the perception of
attribute values in asking price formation variesoas the housing market cycle. It is
shown that clustering by time tends to give higbarameter values and places more
relevance on neighbourhood values.
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1. Introduction

House prices are characterized by heterogeneisingrifrom observational issues.
Much of the research in the field, both from thespective of theory and empirical
analysis, has been centred on the application ddrie techniques which consider that
price is obtained from a combination of attributeBecting household preferences. In
this respect, price captures how each householtlaea attributes with respect to
income, education and household circumstances. rAicgpto Rosen (1974) a ‘joint-

envelope function’ captures the structure of coremsmpreferences and producer
technologies. In essence the hedonic embraces hiration of attributes which are

common to demand and supply with estimation posdifeim both demand or supply
price observations dependent on model specificatiturellbauer (1974) for example
adopted a demand-side approach in the applicatidmedonic theory to a constant

utility price index. .

This paper utilises the hedonic method to definplicit prices of characteristics using
asking prices, the supply side of the market, ant transactions. Asking prices
encapsulate a set of housing characteristics #fat to both supplier features and
buyers’ features with the residuals considered dpture information about sellers’
preferences. The use of asking or list price isumitsual in the housing literature, for
example time on the market is often based on lisepKnight et al, 1998, Arnold,

1999, Anglin et al, 2003)indeed,analyses based on list price avoid transaction

biases associated with indices based on sale fcgse and Mason, 2006).



This paper utilising a major valuation databasemfrthe Spanish housing market
assesses how implicit prices vary over time andeand seeks to identify which of
these is the more important. The former capturesdgmamics of change whereas the
latter embraces different market and economic &ires, household variation and
sentiment.In this respect, thpaper extends the existing literature base by exagi
whether and how parameters change. In essenceapee fests the null hypothesis that
time and space effects do not modify the valueeafdmic parameters and that they are
constant over time and space. The particular reBeguestion tested is whether
parameter weights are stable or change over tirerdiag to position in the cycle;
Rosen’s hypothesis was that any change is relatathdnge in quality. The paper is
organized as follow. The second section reviewditemture on hedonic house price
modelling, section three provides details of théablase and variables used in the
analysis. In section four the analytical models @udlined. Section five presents the
results of clustering by province and by time drakusSection six clustering effects by
both space and time are discussed. In Section shaaks in estimated parameters are

considered and section eight draws conclusionse@aper.

2. Literaturereview

The literature on hedonic models is well established used, in the main, to estimate
guality adjusted house price indices (Rosen, 18iiheman, 1980, Haurin et al, 1991,
Peek and Wilcox, 1991, Geltner, 1993, Adair etl&896, Clapp, 2003) or to test the
impact of different characteristics on the levelpotes and their evolution (Goodman

and Thibodeau, 1995, Clapp and Giaccotto, 2002 r&sa et al, 2005). However,



some authors argue that hedonic models are chasactdy econometric problems and
thus provide limited accuracy in the estimation hajuse prices (Goodman and
Thibodeau, 1995, 2003). This has raised questionserning the ability of hedonic
methods to capture the full behaviour of housegsriwith authors such as Case and
Wachter (2005) arguing that hedonic models focusimgrnalising the dynamic

evolution of the market.

The majority of hedonic-based papers are basethesdminal work of Rosen (1974)
adopting the view that the coefficients reflect thmarket’'s valuation of housing
attributes, derived from the interaction of suppWth demand. Most papers use
demand variables (income, taste) in hedonic madetstimate implicit prices. Rosen
distinguishes between hedonic and implicit pricéatirsg that Buyer and seller
perfectly match when their respective value andrdtfnctions kiss each other, with the
common gradient at that point given by the gradiehthe market clearing implicit
price function p(x Observations of p(z) represent a joint envelop &draily of value

functions and another family of offer functior(®osen, 1974, pp 44).

Rosen’s arguments are summarised by Equations 2 and

pi(z) = Fi (z...%, Y1) ... demand equation (1)

pi(z) =Gi(z ...z, Y2) ... supply equation (2)

Y1 denotes the empirical counterpartsidfincluding income and taste variables such

age, education

L a is defined by Rosen as the parameter that differa person to person.



Y2 denotes the empirical counterparttfcharacteristics of the sellers and factor
price and specific technological differences amthragn (if developers).

Fi(z,Y1) represents the marginal demand priceifor

Gi(z,Y2) represents the marginal supply price.

Y1 and Y2 are exogenous demand and supply shitiblas

The implicit marginal prices a@p(z)/0z = ~pi(z) for each buyer and seller

Y. and Y, represent the suppliers and buyers features aedther bases of the
differentiation of the product suggesting that thmgpact of implicit characteristics on
housing prices depends on the demand and suppigiatbastics, separately. However,
Rosen (pp54) clearly argues that the estimatedredgwice-characteristics functions
typically identify neither demand nor supply bue atescribed by a joint-envelope

function.

Harding et al (2003) demonstrate that prices deda® to the household’s bargaining
power. The bargaining power and the negotiatiorcgge may also affect the implicit
prices of housing characteristics (Harding et @03). In expanding these relationships
Capozza et al (2005) highlight how the economic iremment influences the

negotiation process and ultimately the selling grithus any variation in economic
circumstances across the cycle will in turn impawctprice and bargaining positions.
Chen and Rosenthal (1996) place emphasis on theriamze of the asking price in

influencing bargaining power and is the initialredjin the negotiation between buyer,

seller and agent. Yavas and Yang (1995), suggestatthigher asking price leads to

2B reflects underlying variables like factor priceslgroduction function parameters



longer time on the market and Arnold (1999) considbat asking price influences the

rate at which offers arrive as well as acting amdial offer in the bargaining game.

The approach adopted in this paper explores atéshiuiom the perspective of asking
prices. Essentially, the hedonic model expressasihg prices as the combination of

attributes (2)

phf, =a, +¥(2), + 4, (3)

whereZt = {X1, %, X3 ... %} IS the matrix of n housing attributes evaluateahfrthe

owners’ perspectivey andW¥ are vectors of parameters gnd the error term.

3. Data

The analysis underpinning this paper is based oextansive valuation database from
the Spanish housing market over the period 199820@ble 1 shows the distribution

of the data over the time series from 1995 to 2008 database includes evidence
from the whole of Spain but there is a strong regigpresence in the provinces of
Alicante, Valencia and Murcia and significant aityivin the two major provinces of

Spain, Madrid and Barcelona. Due to the size of database and the expanding
geographical remit of the valuation company fromohtthe data were sourced during
the observed period, the total available databaas meduced in order to provide
homogeneity and avoid outliers. More specificalby, the purpose of the analysis, only

data from seven provinces were included: Alicar¥@lencia, Murcia, Madrid,

% The data was supplied by TABIMED, one of the latgaluation companies in Spain.



Barcelona, Castellon and Balearic Islands, eachhe$e provinces having a large
representation across each year of the data setndtheffect was to reduce the number

of properties considered for the analysis to 283 0bservations.

Insert Table 1

The variables in the database were sub-divided timtee groups. The first sub-set
consists of housing and building characteristid® second neighbourhood and
environmental features and the third is the askirige of each property plus other
valuation information. The analysis utilises 35iahles; 12 relating to the property, 21

neighbourhood variables, the year and the askiiog |pfable 2).

Insert Table 2

In Spain, the asking price of properties is usethenvaluation process as comparable
evidence. It is important to stress that these @vaipes (or testigos) were at the time
of entry in the database non transacted propefites price trend (mean price) over the
period 1995-2008 demonstrates differences betwemh @f the seven provinces
(Figure 1). For example, in Madrid the distributis distinctly different from most
other provinces, although Barcelona shows a sinpigdtern from 2002Asing prices
started to rise strongly in Murcia, Valencia andcAhte 1999, whereas in Madrid and
Barcelona this effect was observed two years late2001. Such differences suggest

that the clustering effect should be examined ahdividual province level.

Insert Figure 1



The valuation database is essentially a pool @ tat also has features associated with
panel data. It contains a large number of differeharacteristics of the property,
several of which are qualitative variables assessed scale basis. Thus there is the
potential that the database contains a degree digemeity in similar attributes and
non-independence. Hence the adoption of a nonflimedhod of estimation to avoid
potential biases from the endogenous and/or coecklandependent variables.
Econometric theory recommends that when therergel@anel data with time and
space basis, a two step non parametric methodddshewsed to estimate the model

(Wooldridge, 2001).

4. M odel theory and development

The analysis seeks to identify the role of attisuin explaining the asking prices for
properties over the period 1995-2008 and assesswselogenous changes affect
residential pricing prior to noise introduced ae thtart of the bargaining process
between the buyer, the seller and the agent. Coityplarises from the size of the
database, the extent of geographical coveragern{gge®inces) and the time series (14
years). The analysis isolates the space effeatloav for the different provinces and
time effects to capture annual variation. The hedaoefficients are compared to

assess the impact of bias in the estimation.



4.1 Defining the statistical problem

This involved formulating a hedonic model to obtdime implicit prices of the
characteristics. The model at this stage includata dor all seven provinces and all
fourteen years of the time series. The equatioloia a general form of the hedonic

model as expressed in Equation 2 and fitted usia@SLS methdd

The result from the general hedonic equation hasvagoodness of fit (Adj R=0.463)
and a high value of standard errer§7,080). All variables apart from Qschool are
significant at a 0.01 of confidence. Those variablhich have positive impact on
asking price include the floor area of the progenbt an unexpected outcome as most
other studies in the literature have found simiEationships. Amongst those other
variables having strong positive impact are trarntspoecessibility in terms of proximity
to a metro station, economic activity, income amdding type. These variables are
consistent with the wider literature on hedonic elbdg (Theriault et al, 2003).
Similarly, those variables that have a strong negaimpact are reflective of the
literature, and in this study include age of buntgli quality of the road network in the
neighbourhood, and construction quality of the ding. Overall, the specification of
the model, as checked by correlations among vasabhd residuals, is appropriate
(Corr(X;,&)=0). However, the high errors suggest the possitof non independence

and the existence of cross correlation. The digtidm of the residuals confirms

*% The Two Stage Least Squared method used here &ahdard non linear method one with a
constant, including the independent variables bsthredictors and instruments and with a 100
maximum number of iterations. The 2SLS estimatsvimstages. The first is the OLS regression where
each variable is regressed against the set ofimsints, and the second is the regression of thaati
equation where all variables are replaced by tiedfivalues obtained from the first stage regressio
this procedure, both stages are simultaneouslyatti to obtain the reported 2SLS estimates. All
estimated equations include also an ANOVA analydiis results rejecting the evidence of equality of
means in all equations.
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autocorrelation. It is also probable that the oNeredel incorporates a firm (space)
effect (Figure 2), a form of dependence among tbsiduals in panel data set
estimations, the presence of which generates dstimebias (Petersen, 2007,

Skoulakis, 2006, Primo et al, 2007).

Insert Figure 2

There are two general forms of dependence. Thdualsi of a given firm/cluster/group
may be correlated across years (time series depeagethis is the time effect
(Wooldridge, 2003). The second form is when thedieds of a given year may be
correlated across different firms/clusters/group®gs-sectional dependence); this is

termed the firm or space effect.

In a linear model, both could be expressed as irafton 4:

Yie = a+ Xig B+ Vit (4)

Y = dependent variable

X= set of independent variables

V = error term

With the observations belonging to different gro@psacross years (t), the model is
robust when X and/ are assumed to be independent with zero mean iaitd f

variance: that is Corr(@Vi)=0 and Cov(,vi)=0.

In fitting the traditional model the existence adrelation within the residuals and

variations of parameters among the firms/groupsnsmehat Covi; Vic , Xtk Vitk) # O.

This condition gives residuals which are not indef@nt and produces biased estimated

11



parameters. Under such circumstances, the residung&hins a firm specific component

() and the idiosyncratic error componegy) (Petersen, 2007) expressed as:

Vi = K+ & (5)

X may also contain a firm specific componept; | and a time varying component

(nit), such that

Xit = i+ Nit 6)

with y, €, pandn independent of each other, with zero mean antefirariance.

It is also possible to find the presence of timfea$ in a panel. The bias produced by
time effects, cross-correlation bias, assumesdirats are not independent due to the
existence of autocorrelation among residuals, ith@ov (X Vit , X« ki) # 0. Considering
only time effects, the residuals from the generaldat contain a time specific

componentd) and the idiosyncratic error componegi){

Viim g+ & (7)

X also contains a time specific componefit)(and a time varying componemy;§:

Xit = {t+ Nit (8)

Petersen (2007) considers that when only a firnecefexists standard errors are

unbiased, however there is a need to estimateffinet ef clustering by time when the

12



source of the bias is the time correlatioifhe requirement is for residuals to be
uncorrelated across clusters. Errors and variaklased with firm and time effects are

as expressed by Equations 9 and 10.

Vii= W+ G+ & 9)

Xie =i+ {+Nit (10)

Parametric methods of decomposition may be usedvdependence is correctly
specified allowing the effects of firm or time depence to be removed and errors to
be unbiased. This occurs when the firm or timectffee constant, although this type of
dependence is not usually clearly identifielon-parametric methods are adopted
when the dependence form is not precisely known,this case the solution
recommended by the econometric literature is tgtetuby the two dimensions (firm

and time) combining the standard errors and iswatuch of the bias.

5. Theevidence of clustering effects

This section of the paper utilizing the theory &ne initial overall analysis specifically
tests for the clustering effect by generating medet each of the seven provinces and
time effects by generating models for each of thérteen years. In total 98 models
were estimated (7x14) with the specification shownEquation 4 obtaining the

different parameters showed in Equations 5 to 8.

® Using time dummies is a common approach to rentlezeorrelation between observations due to
time, when the time effect is fixed. Only the figffect is left in the data. When time effect is fined,
dummies cannot remove the dependence and standarsl @tained are biased.

® A parametric method to isolate the biases hava bstmated here finding that the firm and time
effects are not constant. Results could be sentdpyest.

13



5.1 The clustering effect by space

For each of the models generated at a provincd (@able 3), the goodness of fit is
better than the overall model and ranges betweBB40for Murcia to 0.635 for
Barcelona. The value of standard errors ranges @216 (Murcia) to 82,759
(Madrid). For five of the provinces (Alicante, Mia¢ Valencia, Castellon and Balearic
Islands) the standard errors are lower than theativenodel, but for Barcelona and
Madrid they are largér The standard error estimates by province arefwltwer or in
the case of Madrid and Barcelona not sufficierdiygér than the White Standard Error
obtained from the overall model suggesting that fim effect is present in the
database, although not appearing to introduce &owng bias in the model. It seems
that clustering by province gives better resultsekplaining asking prices than the
overall model. This outcome is consistent with oegigheory which frequently refers

to location as a key variable in explaining houginge main differences.

Insert Table 3

The analysis by province highlights similar inflees with parameters showing

considerable consistency in explaining asking priEeonomic activity and total

population has a positive effect in all regionguph is stronger in Alicante, Valencia

’ For all models, the specification has been checisitfy the same procedure described
in the overall model (Corr(g€;)=0). It should also be stressed that all models estoinate
have large sample size avoiding the biases on lhedoafficient that could exist due to

a reduction of the sample.

14



and Castellon than in Murcia, Madrid and BarceldResident population has a strong
impact on Valencia, Madrid and Castellén, but moflicante, Murcia or Barcelona. A
similar perspective is apparent with populationvgio having a strong impact in
Alicante, Murcia, Valencia and the Baleares, but imoBarcelona or Castellon and

negative impact is evident for Madrid.

Insert Table 4

Similar results are obtained for neighbourhood ati@ristics (Table 4). Income and
density of population are positively related toiagkprices, but with differing effect.
For instance in Alicante, Valencia, Madrid and @H8h asking prices discount
strongly by income level rather than populationsignbut in Murcia, Barcelona and
the Baleares population density explains the irs@em asking prices better than
income. The character of the residential area esutages the impact of second homes
and the importance of mixed residential areas kremsing asking prices in the

provinces, but not in Madrid and Barcelona.

An unexpected outcome is the negative impact ofqunaity of roads; seemingly the

closer the property is to major highways the lesisiey is added to asking price. This
observation is apparent in all regions, though MadBarcelona and the Baleares have
a lower estimated parameter value, and could berprdéted as the asking prices
assigning more value to isolated houses. The ingfamderground stops is relevant in
the main cities notably Madrid and Barcelona, atgb &/alencia province. The

presence of a bus stop has similar effect in tbgipces, but in Madrid, Barcelona and

the Baleares this variable is discounted negatiwdign close to the property. Table 6

15



also considers the impact of different facilitidsor example, proximity to retail

facilities and the quality of the water system haesitive impacts; however schools
and the health system appear to be evaluated farelit ways depending of the
provinces. For instance, to be close to a hospstgbositive (and reflected in an
increased asking price) in Madrid, the Baleares@astellon, but negative in Alicante,
Murcia, Valencia and Barcelona. Proximity to chwshincreases asking prices in
Murcia, Valencia and Madrid, but not in the othesyinces. Schools positively impact
on asking price in Alicante, Valencia, Murcia, tBaleares and Castellon, but not in

Madrid and Barcelona.

Regarding property characteristics, the most relgvas frequently articulated in the
literature, is the size of the house (square metmsch positively affects the asking
price. This relationship is strongest for Madricar8elona and the Balearic Islafids
Asking prices also react negatively to the ageroperty, reducing the perceived price

although in Madrid and Barcelona this variable &agry low impact.

The parameters obtained for the full sample diffem the value observed in each
province suggesting bias in the aggregate dateao, Algferent dynamic behaviour is
apparent between the provinces suggesting thatnmafiton about asking prices
contained within the residuals differs amongstrégions. This infers that the housing

markets may be subject to different shocks.

5.2 The clustering effect by time

8 This seems to neglect some results from the titezavhich sustain that the larger houses produce
decreasing prices (in terms of the price by unitre)e

16



This aspect of the analysis includes data forralimces collectively, analysed by each
individual year (Table 5. The goodness of fit for each year exceeds the bvecalel
(0.46) and ranges between 0.48 (2004) and 0.716¢1997) (Table 5). The higher
adjusted Rvalues suggest that those models fitted on an arrasis show greater
accuracy due to the elimination of cross corretammong the residuals. The standard
errors are much lower than the overall model. Bangle, at the start of the time
series (1995-1999) the respective values of thedara errors are very low, circa 1/5 of
that of the overall model indicating a much befteof the hedonic model to asking
prices. In the middle part of the time series ti@ndard errors increase, though
standard error is still appreciably lower than tiverall model. At the end of the time

series, 2007-2008, standard errors exceed th#tdavverall model.

Insert Table 5
Autocorrelation effects among the residuals appedre eliminated and no time-trend
component is apparent when the data are clusteyetime. The distribution of the
residuals seems to reflect white noise, around,zenal finite standard deviation

(Figure 3).

Insert Figure 3

® The models clustered by time have large sampke @il hence avoid the potential

bias on hedonic coefficients arising from small pbes

17



Table 6 shows the estimated parameters for the Isyorlestered by time. In particular,
these results demonstrate how the parameters’ syalnenge depending on the time
period for which the models are estimated. Mosthef parameters remain relatively
consistent around the same values until late 1880&ave experienced change (rising
and falling) in the subsequent years. For city pexiars, asking prices become more
sensitive to economic activity from 2000, while ambdependence and population
increase their influence from 2004 (Figure 4a) enseemingly capturing the effect of
population growth close to the major cities of MddBarcelona and Valencia where
infrastructure development has increased the abdégsof locations close to these
cities. The influence of second homes locationseim®es from 2000 as does the role of
income from 2004; whereas density of populationypla negative role in the
perception of the house prices from 2004. Acceldsitattributes have more stable
values until 2005, though underground stop becomese important from 2006 and
the quality of roads from 2004. In the neighbourdhgomarameters, the strongest
influence is the quality of retail area which beeanegative from 2004, the existence

of a good system of water supply (relevant from3)@hd school areas from 2004.

Regarding property characteristics the most reledaterminant of asking price is the
size &gm_} (Figure 4b) though there has been a reductiothéninfluence of this
variable from 2004. Other variables which are intgioir are the view, construction
guality, the existence of lifts and the availalilitf extra surface in non-covered areas.
However, all of these have reduced influence fro6042 onwards, in contrast
neighbourhood income level increases its influemiceghe asking price. In relation to
physical characteristics, a number of attributegehaegative impact namely age and

density of dwellingsNdwe_]J.

18



Insert Figures 4a and 4b

Figure 5 compares the average weights of the paeasnef the models clustered
separately by time and space. A high element ofnconalities exists with similar
values and signs for the parameters. The mainrdiitees are in some neighbourhood
variables namely school quality, health qualitycessibility to bus stop and proximity
to a church. The size of the property is the mogtartant parameter in both models but
lower impact on asking prices when clustered bwipee relative to clustering by

time.

Insert Figure 5

6. Clustering by time and space

Clustering by both time and space together prodacesbstantially better fit to the
model for all provinces compared to clustering inyet alone (Figure 6). In all cases
the goodness of fit follows a similar time pattevith higher estimation at the start of
the time series (1995-1997) and thereafter theamgbry power reduces until 2004
and subsequently increases over 2005-2008. For @earthe hedonic analysis for
Madrid explains over 90% of the asking prices i®39educing to 69% in 2003 and

raising to 84% in 2008.

Insert Figure 6
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This aspect of the analysis shows that parameges sare consistent with the results
obtained from the clustering by time and spacers¢glg. A number of attributes have
a positive relation with asking price; for examgihe level of income, the quality of
construction, lift, views and the character of tieégghbourhood. However, the values of
the parameters differ by province reflecting vagyilevels of importance placed on
them and in arriving at asking price. For exampiews are highly valued in Alicante,
Murcia, Valencia, Castellon and Balearic Island &g not of the same importance in
Barcelona or Madrid. Income level of the city shaimilar parameter values but there
is variation at a neighbourhood level; the latteing of greater importance in fixing the
prices in Alicante, Murcia and Valencia. The pregeof lifts in apartment buildings
has a higher importance in Madrid and lower in Baearic Islands. Negative
coefficients characterise age in most provincesnotitin Barcelona and Madrid while
density (number of dwelling units in the buildingas a negative affect mostly in
Alicante, Murcia and Castellon, but not elsewhdrke character of the area is of
particular relevance in the most tourist-orientapedvinces, (Castellon, Murcia and
Alicante) with the effect of increasing asking pscwhere there is the greatest

concentration of second homes.

Attributes that characterise urban areas, sucheaype of the city, size of population,
population density, the extent of urban consolatatand income level, have similar
weights across the provinces and all have a pesti¥ect, though some attributes
relating to the quality of the neighbourhood andiliiges differ by province. For
instance, the quality of the water system is nggati Alicante (a province with water
shortages), placing constraints on the developmpeetess. The analysis shows that the

guality of schools is positively perceived in Bdore, Valencia and Murcia, while the

20



quality of shopping areas is more valued in Alieaaind Murcia. Accessibility is
perceived favourably when transport facilitiesiftratation or underground) is in close
proximity to the property and has greatest relegant Madrid, Barcelona and

Valencia.

Figure 7 is an example of one parameter, age dbuiiding, obtained by clustering by

time and space.

Insert Figure 7

7. Shocksin estimated parameters

The results from each of the exercises: clustebpgime, clustering by space and
clustering by both time and space, suggest thatalimg does not affect the role (sign)
of the parameters rather influence the scale (petemvalue) of the attribute in pricing
the house supporting econometric theory. The patbérthe results suggests that a
shock has affected asking price formation, changiegole of the attributes during the
period of the analysis. These changes are accoetpany a reduction in the
explanatory power of the models and have the appearof a shock hitting the
previous model equilibrium, supporting the contemtthat those attributes explaining

housing prices change with time.

In order to identify whether attributes have beebnsitted to a permanent or transitory

change (which could impact on the explanatory powfethe model), the attributes

21



parameters clustered by time and space are ustbttdhe existence of a structural

change (equation 1*)

¢int = l'IJ(durnn)t +:uint 11

¢it is the vector of estimated coefficient for ditriei in the yeart and provincen
dummis a matrix of yearly dummies being1995 ... 2007

K the random component.

The analysis (Table 6) indicates that six attrisutlkange parameter value according to
exogenous changes namely: Popgrowh, Qshop (gqu&Elishopping area), Qhealth
(quality of health equipment), Lift (existence df in the building), Ndvwe (number of
units in the complex (apartment building or condaiomn) and Popdens_t (population
density in the building). The relationship is sttally significant and positive
suggesting that these parameters have experiehaages due to an exogenous shock.
A number of these parameters as highlighted in éld@blare characterised by a
permanent shock consistent with changes in population and alsd whanges in

building quality.

Insert Table 6

A second group of attributes have experienced redhshort term or temporary shock

on their values namely: Qwater (quality of waten) Which a significant parameter for

the external shock is estimated from 1998 onwaut$his looses significance in 2006;

1% This test is similar to estimate a chow test ol fihe effect of an exogenous structural change
" permanent shock is considered to take place whparameters are statistically significant (taB)e
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Qschool (quality of schools) which shows statisljcaignificant changes on the
parameter for all years until 2004, and Train (pmoty to train station). Statistically
significant estimation for View means an improvemi@na property’s location on the
observed properties. The positive significance bése attributes suggests that
improvements in quality have led to changes inrthdonic prices which have
increased marginally until 2005-2006. Other reldtedsport variables, the availability
of buses received a short term shock being stalhti significant (negative) during
1999-2000 and 2002-2003. Three attributes usualgvant to the explanation of
hedonic prices are shown to have evolved in differeays. Age of the house has a
statistically significant shock (negative) durinigysears until 2004 suggesting that the
hedonic readjusts the implicit price over the tisegies up to the year 2004, beyond
which age appears to stop affecting prices. Sinml@rpretation might be advanced for
the quality of construction, although the significa of shocks affecting the changes on

this hedonic parameter is less clear.

Other variables do not seem to be submitted taeatehanges; these include income,
economic activity of the town, urban dependencadrquality, leisure and quality of
sport facilities, and quality of the shopping acézse to the property. This suggests that
these variables do not change due to a shock amstalsle during the period. The latter
infers correlation among the components affecting individual who fixes the price

(Y2 in the Rosen nomenclature) and the (theoretichkgl hedonic parameters.

8. Conclusions
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This paper evaluates the role of housing and mklateributes in explaining asking

prices in the Spanish market over a long-run pefioch 1995 to 2008. The paper
utilises hedonic models to fit the pricing processl observe how the parameters
change with time and space. In this respect thempagakes an important contribution
to the literature through application to the Splamsarket for which there has been
little previous analysis in the international lagure but, more significantly, the paper
adds to the knowledge base on how parameters @gethover the property market
cycle and spatially at a macro-level by provinche Tormer reflects the dynamics of
the market and the latter captures the effect tiéréint perceptions of the value of
housing and housing-related parameters by regi@mingrfrom different economic,

social, cultural and household structure issues.

The modelling process estimates the bias due tdirime(space) effect and seeks to
isolate this in order to obtain robust attributegpaeters. The results illustrate that the
structure of attribute values is stable among regibut weights change with time
suggesting that the perception of attribute valuessking price formation varies
depending on the position in the housing cycle.is Ishown that clustering by time
tends to give higher parameter values to city anasé attributes rather than clustering

by space, which places more relevance on neighbodriaalues.

The study adds evidence to the literature regardiogy a large database with
observations split across space could incorpora@s b hedonic models if not
controlled by time and which is not necessarilyngliated if controlled by location.
The results infer that models which use a constaght for attribute parameters in

valuations produce bias and the risk of mis-esionabf price. This highlights the
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difficulty of accurately valuing a property depemglion position in the cycle with the
variation between a traditional valuation and thaer’'s estimated price a function of

housing expectations.

The paper shows that changes in attributes parasnetelld be due to a permanent
shock related to population growth, increased dgnsimprovement to the
infrastructure and other factors. However, for tbetaset changes in the attributes
stopped in 2005 with a stabilization of the valfi¢he parameters. These results offer a
new perspective as to how hedonic models captustirex shocks on housing markets
through the perception of value and how this relatethe asking price; a key step in
the price formation process in housing markEtgthermore the analysis suggests that
the difference between asking prices and hedomiepicould be a measure of market
information and subjective perception, and that itifermation about asking prices
contained within the residuals infers that housimgrkets may be subject to different

pricing patterns.
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Table 1. FINAL SAMPLE USED INTO THE MODELS FROM THE VALUATION DATABASE

1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
Total

N° properties

45381

88233
105074
120746
149150
140495
168548
220997
251229

98082
429661
377548
289191
122735

2607079

% of TOTAL
OBSERVATIONS
included in the

DB
%
99.7
99.7
99.8
98.4
95.8
94.5
94.1
94.5
94.2
91.6
84.4
80.8
81.1
81.9
88.8

Provinces
Alicante
23406
41326
49688
56554
63691
63231
70928
88120
91981
35660
133713
120429
94567
47085
980379

Murcia
10545
25822
32040
27825
30138
27128
32515
39123
49084
17241
76868
75812
62774
29268

536189

Valencia
9612
17801
20476
25899
29650
26944
32557
41810
53415
22212
98598
76414
51890
19637
526915

Madrid
376
372
97
3150
9923
9581
14253
22696
24173
8090
39073
29604
23619
7980
192990

Barcelona Castellon

0
12
0
1624
5300
5942
9261
15634
17803
7587
39972
33107
25652
5738
167632

164
0
0
2435
6823
4925
5819
8190
8905
4274
27725
28958
21447
9505
129170

Baleares
1278
2900
2773
3259
3625
2744
3215
5424
5868
3018
13712
13224
9242
3522
73804
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Table 2

VARIABLES INCLUDED IN THE ANALYSIS

1%

o

Property
variables Range
1 Year age- number Year when the testigo was observed
2 Sgm_t surface- m2 Testigo's surface (m2)
3 Lift_t lift - number Number of lifts
4 Constqg_t [ 0= very low, 6= superior plus extras @yaf construction
Income level in the testigo property
5 Inc_t 1=very low, 7= very high building
6 Type_t 1= flat building, 2= detached homes ankd®se with green area Type of building
Number of dwelings in the testigo's
7 Ndwe_t number of dwellings building
8 Age t age, number Current age of the testigo
0= degradated area or interior house, 1=narrowtst?e avenue or
street, 3= 2nd line to the see or significant elene the city, 4=
facing the see, sea or square/garden see, 5=gsefisint location
9 View t front see (first line), 6= exceptional Quality bEtviews from the testigo
0= do not exists, 1=very deficiency, 2= deficien8y,basic, 4=
10 Qshop_t | acceptable, 5= good, 6= very good Quality of thepgiing areas
Population density in the building wher
11 Popdens [t1= low, 2= medium, 3= high testigo is located
0,1= north, 1= northwest, 2= west, 3= southwestmdrtheast, 5= | Subject property orientation (north,
12 Orient_t | East, 6=south, 7= southeast south...)
Surface in non-cover areas in the testig
13 Sgmnoc_{ surface- m2 property
14 Ph price, number Asking price
Neighbourhood variables
15 Popdens| 1= low, 2= medium, 3= high Population density in the neighbourhodg
0= do not exists, 1=very deficiency, 2= deficien8y,basic, 4=
16 Qshop | acceptable, 5= good, 6= very good Quality of tradé shoping facilities
17 Income | 1=very low, 7= very high Income level in the testigo area
18 Cons ranged from 1 to 100 Area consolidation
0= does not exists, 1=very deficiency, 2= deficier&= acceptable,| Quality of light network in the
19 Qlight | 4= good, 5= very good neigbourhood
0= does not exists, 1=only in city area, 2= deficie 3= limited, 4=
20 Qsport | acceptable, 5= all type of sport equipment Qualftthe sport facilities
0= does not exists, 1=only in city area, 2= ingigfit and scarce, 3=
21 Bus | sufficient, 4= Urban network, 5= inter-urban netiwor Number of buses lines
0= does not exists, 1=only in city area, 2= scadedjmited, 4=
22 Qrelig | sufficient, 5= all type of religious centers Lewdlreligious facilities
If only first residencial, mixed between
first and second residence area, only
1= firs residence, 2= mix between 1st and 2nd essid, 3= 2nd second residence area, industrial,
23 Resarea| residence, 4= business and shoping area, 5= imalustr business or shoping area.
24 Popgrow| 0= negative, 1= slow or stable, 2= pa@sit Population dynamism
Economic activity in the area:
25 Ecoact | 1= agricultural, 2= industry, 3= tourigm,services, 5= multiple | Agricultural, industry, services, tourism
0= does not exist, 1= it exists on proximity, 2exists in the
26 Train | municipality Train stop available
0= do not exists, 1=very deficiency, 2= deficien8y,acceptable,
27 Qroad | 4= good, 5= very good Quality of the roads
0= does not exists, 1=only in city area, 2= scadedjmited, 4=
28 Qhealth | sufficient, 5= all type of health centers Leveheflth assistance facilities
29 Urbaneny| 1= rural, 2= suburban, 3=urban Type of urban area
0= does not exists, 1= deficiency, 2= acceptal#eg®d, 4= very
30 Qwater | good Quality of water network supply
0= does not exists, 1=only in city area, 2= sca3edjmited, 4=
31 Qschool | sufficient, 5= all type of school centers QualifySzhool facilities
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1= urban area dependent of other municipalitya@tonomous
municipality, 3= county capital, 4= province cap#éad national

32 Urbandef] capital Urban dependence:
0= does not exists, 1=only in city area, 2= sca3edjmited, 4=

33 Qleisure | sufficient, 5= all type of leisure centers Qualbtyleisure facilities
0= does not exist, 1= it exists on proximity, 2exists in the

34 Underg | municipality Underground stop

35 Regpop | number of persons

Total population registered
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Table3 Non parametric general cluster model results

Table 3 2SLS MODEL: RESULTS OF THE HEDONIC MODEL OF ASKING PRICE clustered by firm

Dependent variable: asking price of testigo i

Years 1995-2008

TOTAL
TOTAL SAMPLE Alicante Murcia Valencia Madrid Barcelona Castellébn Baleares
Multiple R 0.6804 0.7890 0.7404 0.7756 0.7803 0.7970 0.7841 0.7865
R Square 0.4630 0.6225 0.5481 0.6015 0.6088 0.6352 0.6148 0.6185
Adjusted R Square 0.4630 0.6224 0.5345 0.6015 0.6087 0.6351 0.6145 0.6184
Std. Error of the Estimate 67081 40794 40216 47303 82759 75295 44551 57322
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Table4 Estimated parameters, model cluster by province

Table 4.- Estimated parameters |
1995-2008
Variable All
cathegory | provinces Alicante | Murcia Valencia | Madrid | Barcelona |Baleares Castellon
B B B B B B B B

Urbandep 1 0.017 0.048 0.057 -0.064 | 0.052 0.101 -0.012 0.045
Regpop 1 0.103 0.014 0.023 0.075| 0.059 0.025 0.045 0.127
Ecoact 1 0.159 0.069 0.038 0.074 | 0.033 0.035 0.007 0.063
Popgrow 1 -0.002 0.105 0.135 0.068 | -0.027 0.035 0.132 0.028
Urbanenv 2 -0.010 0.014 0.025 0.030 | 0.019 -0.021 0.042 0.031
Resarea 2 0.089 0.177 0.110 0.054 | -0.013 -0.008 0.056 0.092
Income 2 0.079 0.118 0.055 0.103| 0.081 0.075 0.060 0.083
Popdens 2 0.068 0.004 0.104 0.032 | 0.029 0.087 0.103 0.021
Cons 2 0.030 0.031 0.043 0.018 | -0.005 0.026 -0.038 0.069
Qroad 4 -0.165 -0.216 -0.189 -0.169 | -0.075 -0.096 -0.042 -0.229
Qwater 5 0.079 0.040 0.074 0.058 | 0.052 0.051 0.007 0.081
Qlight 5 -0.045 -0.114 -0.043 -0.061 | -0.039 -0.084 -0.110 -0.087
Qshop 5 0.033 0.131 0.101 0.085| 0.061 0.068 0.125 0.058
Qschool 5 0.000 0.021 0.004 0.030 | -0.037 -0.044 0.025 0.049
Qrelig 5 -0.008 -0.059 0.137 0.075| 0.041 -0.004 -0.011 -0.005
Qleisure 5 0.116 0.128 0.000 0.053 | 0.056 0.078 -0.083 0.071
Qsport 5 0.038 -0.054 0.097 0.023| 0.054 0.045 0.087 -0.038
Qhealth 5 -0.055 -0.025 -0.096 -0.151| 0.010 -0.037 0.007 0.006
Bus 4 0.026 0.037 0.145 0.029 | -0.013 -0.039 -0.038 0.004
Train 4 0.019 0.013 0.083 0.013| 0.012 -0.004 -0.032 0.022
Underg 4 0.187 0.002 0.000 0.130| 0.118 0.224 0.026 -0.002
Type_t 3 0.040 0.092 -0.013 0.000 | -0.012 0.063 0.052 0.177
Ndwe_t 3 -0.024 -0.069 -0.004 -0.026 | -0.024 -0.003 -0.017 0.004
Lift_t 3 0.025 0.087 0.091 0.088 | 0.114 0.085 0.005 0.036
Age_t 3 -0.138 -0.147 -0.141 -0.159 | -0.040 -0.031 -0.154 -0.249
Qshop_t 6 0.068 0.206 0.067 0.222| 0.104 0.017 0.137 0.200
Inc_t 6 0.145 0.185 0.176 0.151| 0.154 0.121 0.116 0.052
Popdens_t 6 0.044 0.012 0.082 -0.051| 0.037 0.080 0.046 0.008
Orient_t 3 0.046 0.047 0.047 0.029 | -0.002 0.057 0.018 0.055
View_t 3 -0.004 0.018 -0.034 -0.014 | 0.002 -0.035 0.129 0.038
Constq_t 3 -0.035 -0.044 -0.071 -0.055 | 0.027 -0.040 -0.004 -0.130
Sgm_t 3 0.335 0.370 0.378 0.390 | 0.566 0.509 0.568 0.410
Sgmnoc_t 3 0.005 0.081 0.006 0.011| 0.001 0.095 0.133 0.037
Numbers in shade means they are not statistically significant
Variables category

1 | City characteristics 4 | Accesibility

2 | Neighbourhood characteristics 5 | Facilities

3 | Housing characteristics 6 | Social characteristics on housing
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Table5 Hedonic models by time

Table 5 2SLS MODEL: RESULTS OF THE HEDONIC MODEL OF ASKING PRICE clustered by time

Dependent variable: asking price of testigo i

Years
TOTAL
Multiple R
R Square
Adjusted R
Square
Std. Error of
the Estimate

1995-
2008

0.680
0.463

0.463

67081

1995

0.826
0.682

0.681

18216

1996

0.841
0.707

0.706

17478

1997

0.84
0.705

0.705

16634

1998

0.781
0.61

0.61

21706

1999

0.75
0.562

0.562

29991

2000

0.749
0.561

0.561

33405

2001

0.74
0.548

0.548

36456

2002

0.7167
0.5137

0.5136

43333

2003

0.704
0.495

0.495

51057

2004

0.692
0.479

0.479

59046

2005

0.724
0.525

0.525

58082

2006

0.715
0.512

0.512

68320

2007

0.725
0.525

0.525

70628

2008

0.749
0.561

0.561

76174
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Table6 .- Time shocks affecting attributes parameters

dummies

95-2008 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007
Urbandep 0,029 0,047 0,026 0,036 -0,007 0,102 -0,001 -0,027 0,001 -0,060 0,080 0,136 0,104
Regpop 0,119 0,050 0,044 -0,047 -0,007 -0,148 0,009 0,002 0,013 0,102 0,049 0,010 0,165
Ecoact 0,047 0,051 0,033 0,026 0,016 0,045 0,062 0,094 0,115 0,145 0,168 0,125 0,228
Popgrow 0,143%+* 0,141%*  0,148**  0,140%*  0,133** 0,028** 0,063*** 0,060*** 0,085*** 0,092***  0,164*** 0,133** -0,004
Urbanenv -0,071 0,040 0,019 0,001 0,011 0,007 0,014 0,020 0,015 0,001 -0,003 -0,007 -0,057
Resarea 0,040 0,044 0,042 0,025 0,044 0,079 0,212 0,262** 0,260** 0,237* 0,194 0,182 0,105
Income 0,029 0,026 0,047 0,037 0,047 0,037 0,014 0,040 0,051 0,033 0,165* 0,189** 0,104
Popdens 0,011 -0,004 0,015 0,081** 0,053 -0,001 0,015 0,000 0,012 0,023 -0,056 -0,025 0,041
Cons 0,021 0,017 0,038* 0,029 0,035 0,039* 0,026 0,011 0,023 0,033 0,014 0,012 0,023
Qroad -0,018 -0,009 -0,014 -0,009 -0,017 -0,046 -0,014 -0,024 -0,018 -0,033 0,023 0,009 0,008
Qwater -0,085*** 0,011  -0,051* -0,094***  -0,118** -0,132*** -0,083** -0,073** -0,078** -0,074** -0,081*** 0,026 0,009
Qlight 0,042 -0,102%+*  -0,061** -0,042 -0,017 -0,012 -0,021 -0,022 -0,005 0,004 0,041  -0,09%* 0,000
Qshop 0,09*** 0,114**  0,111**  0,087*** 0,122**  0,115*** 0,108**  0,121** 0,116** 0,111** 0,021*** 0,018** -0,075***
Qschool -0,036*** -0,037***  -0,047*** -0,108***  -0,090*** -0,131***  -0,15*** -0,062*** -0,044***  -0,026** -0,001 -0,008  0,044*+*
Qrelig 0,030 0,028 0,015 0,080* 0,007 -0,001  -0,086** -0,111  -0,131**  -0,117*** -0,060 -0,039 0,022
Qleisure
Qsport -0,020 -0,018 0,004 -0,029 -0,035 -0,027 0,048* -0,029 -0,005 0,003 0,018  -0,007 0,056*
Qhealth 0,028*+* 0,024***  0,073**  0,034**  0,045%* 0,013** 0,053** 0,058** 0,057** 0,085*** 0,039*** 0,034*** -0,006***
Bus -0,020 -0,017 -0,012  -0,038**  -0,086*** -0,058*** -0,030  -0,039**  -0,048** -0,028 -0,003  -0,021 0,002
Train 0,018 0,045**  0,055**  0,047**  0,060** 0,082** 0,066** 0,097** 0,051**  0,037* 0,041*** 0,021  0,064**
Underg -0,007 -0,003 0,007 0,013 0,004 0,018 0,007 -0,002 0,000 -0,006 -0,004  -0,001 0,178
Type_t 0,122%** 0,066***  0,056***  0,078** 0,10%**  0,036*** -0,001  -0,010% -0,023*** 0,006  0,085%* 0,023**  0,052***
Ndwe_t -0,045%** -0,075%+*  -0,062*** -0,089***  -0,059%** -0,033*** -0,120%** -0,143*** -0,133** -0,137** -0,072%* -0,049**  -0,007
Lift_t 0,082%+* 0,104**  0,076** 0,095+  0,074** 0,036*** 0,127** 0,135+ 0,141%* 0,117** 0,072** 0,059** 0,007
Age_t -0,221%* -0,215%*  -0,243*** -0,257**  -0,239** .0,217**  -0,136**  -0,121** -0,116*  -0,146** -0,059 -0,050 -0,074
Qshop_t 0,007 -0,024 0,038 0,085 0,084 0,014 0,046 0,000 -0,008 0,000 0,033 0,055 -0,067
Inc_t 0,152 0,182 0,149 0,147 0,139 0,139 0,211 0,147 0,155 0,153 0,225 0,206 0,142
Popdens_t | 0,005+ 0,016**  0,019** 0,030**  0,019** 0,074** -0,018*** -0,035%* -0,043*** -0,081** 0,035*** 0,023** 0,005%*
Orient_t 0,030 0,052 0,042 0,068 0,047 0,050 0,053 0,052 0,041 0,062 0,010 0,019 0,040
View_t 0,107*** 0,114**  0,150***  0,179*** 0,156***  0,222***  0,208***  0,240***  0,204***  0,193*** 0,072**  0,094** 0,044
Constq_t 0,159%+* 0,099**  0,125**  0,128** 0,097* 0,168** 0,132%* 0,139**  (,107* 0,093* 0,039 0,062 0,064
Sgm_t 0,646 0,560 0,602 0,600 0,620 0,610 0,666 0,655 0,618 0,625 0,575 0,529 0,520
Sgmnoc_t 0,117 0,048 0,045 0,032 0,036 0,038 0,068 0,061 0,087 0,094 0,108 0,108 0,003

rkk sign al 1% p<1%

*x sign al 5% p<5%

* sign al 10% p<10%

Not significant
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Figure 1b- Asking pricesin selected provinces

Figure 2.- Asking Prices Dynamics

(In total euros by house. Means)
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Figure 2: Space effect on residuals - covariances
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Bias evidencein panel clustered by time
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Residuals by time (all provinces)
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Figure3 Distribution of residuals
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Figuredato4d Hedonic parameterstimevarying

Figure 8a

ESTIMATED PARAMETERS BY CITY VARIABLES
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ESTIMATED PARAMETERS BY ACCESIBILITY VARIABLES
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ESTIMATED PARAMETERS BY NEIGHBOURHOOD FACILITIES. N egative o neutral impact
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ESTIMATED PARAMETERS FOR THE HOUSING FEATURES
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Figure 5

ATTRIBUTES PARAMETERS ESTIMATED: Bias effect on attributes
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Figur

e 6. Goodness of fit of the hedonic equation

GOODNESS OF FIT OF THE HEDONIC EQUATION CLUSTERED BY TIME AND SPACE (t&s)

(Adjusted R2 by province and year)
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Figure7b

ATTRIBUTE'S PRICE IN HEDONIC MODELCLUSTERED BY TIME AND SPACE: WATER SYSTEM
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