Published in Revue économique, 2021, vol. 72, no. 6, pp. 1055-1077,
which should be cited to refer to this work
DOI : 10.3917/reco.726.1055

Titre de Particle
Une approche hybride de la définition des prix de I'immobilier : Une étude de cas en Suisse
Romande

Prénoms et noms des auteurs
Maurin Baillif

Matthieu de Lapparent
Evanthia Kazagli

Résume en francais = 750 signes

L'estimation des prix des biens immobiliers est une question essentielle dans un marché
hétérogéne ou des sous-marchés peuvent exister sans que les criteres d'identification soient
connus ou mesurables. Nous proposons un modele de prix hédoniques a mélange discret en
appliquant un algorithme d’Espérance-Maximisation simulé ainsi qu’un critére de précision
afin d’évaluer les différences entre le modele a classe latente et le modele hédonique classique.
La méthodologie est appliquée a des loyer de Suisse Romande, augmentées spatialement en
utilisant uniquement des données en acces libre. Les résultats montrent que l'utilisation de
I'approche proposée améliore la précision de la détermination des loyers.

Titre en anglais
A Hybrid Approach to Real Estate Price Definition: A Case Study in Western Switzerland

Résume en anglais = 750 signes

Accurate estimation of property prices is a key issue within a heterogeneous market where
submarkets may exist without the identification criteria being known or measurable. We
propose a discrete mixture of market hedonic-pricing model implementing a Simulated
Expectation-Maximization algorithm and an accuracy criterion to evaluate the differences
between the latent class model and the classical hedonic pricing model. The methodology is
applied to rent data from Western Switzerland, spatially augmented using only open source
data. The results demonstrate that the use of the proposed approach improves the precision of
rent determination.

Mots-clés en francais, mots-clés en anglais
Immobilier, définition des prix, régression hédonique, classe latente, algorithme d'Espérance-
Maximisation simulé (SEM).

Real estate, Price definition, Hedonic regression, Latent class, Simulated Expectation-
Maximization algorithm (SEM).

Classification JEL = pas plus de cing items
C51, C52, C53, D41, R31

Pour chaque auteur : appartenance professionnelle, suivie des adresses postales et
électroniques

Maurin Baillif : School of Management and Engineering Vaud. HES-SO // University of
Applied Sciences and Arts Western Switzerland. Avenue des sports 20 - CP 521 - 1401
Yverdon-les-Bains, Switzerland. maurin.baillif@heig-vd.ch


thierry.bersier
Texte tapé à la machine
Published in Revue économique, 2021, vol. 72, no. 6, pp. 1055-1077,
which should be cited to refer to this work
DOI : 10.3917/reco.726.1055


Matthieu de Lapparent : School of Management and Engineering Vaud. HES-SO // University
of Applied Sciences and Arts Western Switzerland. Avenue des sports 20 - CP 521 - 1401
Yverdon-les-Bains, Switzerland. matthieu.delapparent @heig-vd.ch

Evanthia Kazagli : School of Management and Engineering Vaud. HES-SO // University of
Applied Sciences and Arts Western Switzerland. Avenue des sports 20 - CP 521 - 1401
Yverdon-les-Bains, Switzerland. evanthia.kazagli@heig-vd.ch @heig-vd.ch

Remerciements (ou ’indication qu’il n’y a pas de remerciements ; nous 1’6terons)
Pas de remerciements.



1 INTRODUCTION

Price prediction is an important topic in the real estate sector. It supports the
development and management of real estate investment portfolios, the guidance
for urban development policies, the guidance to individuals on purchasing or sell-
ing, as well as the protection of interests of the concerned stakeholders, namely
the landlords, the tenants, the banks, as well as the investment fund providers. As
of today, the prices and rents in Switzerland have been established, mostly, based
on financial models that do not take into account —or that take into account to a
limited extent— the attributes of the housing, its surroundings and the evolution
of the local and global economic conditions.

The hedonic method of valuation is a common and well-known approach to
price estimation that accounts for these dimensions. It is based on the assumption
that the price of a good can be represented by the sum of the prices of its compo-
nent features (Rosen [1974]). These include both intrinsic features of the good,
such as the size of the dwelling, as well as external factors affecting its price, such
as the interest rates or the surroundings of the property. The price difference be-
tween two goods is explained by the differences in the number of their features
and the marginal price (or hedonic price) of each of these features. The hedonic
price is calculated by regressing the price of the good against its features.

The majority of studies on real estate price estimation either assume ho-
mogeneity of the hedonic prices across the area of study (e.g. Baranzini et al.
[2010]; Bishop and Timmins [2011]), or sub-markets defined based on geograph-
ical criteria (e.g. Ruf [2017]; Laferrere [2005]). Indeed, a traditional approach is
to define different sub-markets (geographical zones, type of dwellings, etc.) and
to develop specific regression models. We are here limited with data: we consider
only apartments and deal with regional differences by means of cantonal fixed ef-
fects, assuming a priori that we can pool data, i.e. other regression coefficients are
the same all over cantons. We recognize that it is a stringent assumption and that
the presented results should be considered specific to the proposed application.

Homogeneity here refers to the case in which a common feature to all
dwellings, for instance the number of rooms, has the exact same effect on the



final price of all properties across the study area. However, one would expect that
different features may be relevant to the evaluation of different dwellings, and
subsequently their contribution to the final price may vary. As an example, in the
same geographical area, the price of some dwellings may be more sensitive to
features such as the noise or the accessibility to public transport, while for other
dwellings, the floorspace or the number of rooms may be more important. Such
differences can be explained by the type and the characteristics of the property
and modeled by means of finite mixture models.

The theoretical framework of hedonic pricing is flexible, i.e. there are no
constraints on the functional form or the choice of the variables to be included in
the regression equation. In this work, we exploit this flexibility to model the un-
observed heterogeneity of real estate properties with respect to the hedonic prices
using a latent class approach (Lazarsfeld [1950]). In particular, we assume that
multiple groups (or classes) of dwellings —the prices of which vary by different
features— exist in the study area. In order to tackle this problem, we propose a
mixture hedonic price model.

The objective of this study is twofold. Firstly, it is to highlight the existence
of latent classes of real estate goods and the fact that they are not geographically
attached to a location, e.g. to a city. Secondly, it is to identify the determinant fac-
tors, as well as the signs and weights of the corresponding regression coefficients,
in order to analyze the differences among the classes of properties.

The proposed model is applied to rental apartments announcement data from
Western Switzerland, collected from the internet. The results show that the latent
class approach significantly improves, in our case study, the accuracy of rent de-
termination in comparison with the standard model. Each of the classes is spa-
tially distributed over the area, and not concentrated in one geographical zone.
Finally, we observe that each class evaluates differently the characteristics of the
properties in the process of rent determination.

The remainder of the paper is structured as follows. Section 2 presents the
literature review. Section 3 delineates the proposed methodology. Section 4 de-
scribes the case study and the definition of additional variables that complement
the available dataset. Section 5 presents the application of the proposed method-



ology to the case study and discusses the results. Finally, Section 6 summarizes
the conclusions of this work and identifies directions for future work.

2 LITERATURE REVIEW

Hedonic price analysis is often associated with Rosen [1974] and his semi-
nal work on the theoretical structure to the hedonic pricing model'. He defined the
short- and long-term market equilibrium conditions and suggested a two-step pro-
cedure for the estimation of the housing demand function. The first step consists
in the regression of prices on observable attributes of the good, and the computa-
tion of implicit marginal prices in each point. This step is often referred to as the
market valuation of housing characteristics. It is the most common approach to
empirical analyses. The second step uses the estimated marginal prices from step
one as endogenous variables for the estimation of the housing demand functions.

Since these studies that laid the foundations of the hedonic price method,
many theoretical works have focus on hedonic prices (Palmquist [2006]; Hill
[2013]). The fundamental assumption is that a housing good and its location
are inseparable, they are sold together, and the consumer transforms them to get
utility. Based on this observation, a large number of assumptions can be made
concerning the variables to be used to describe the price. From the first papers
using only intrinsic variables, such as the surface area or the number of rooms
(Gross et al. [1990]), various extrinsic variables such as the noise (Baranzini et al.
[2010]), the accessibility (Lochl and Axhausen [2010]; Boucq and Papon [2008])
or the view (Cavailhes et al. [2009]) were added as data collection evolved. In
a second stream of works, authors propose segmentation and analyze the pres-
ence of sub-markets. Different segmentations have been proposed. For example,
Ruf [2017] has grouped the dwellings according to their geographical area, Hoesli
et al. [1997] in relation to the type of the accommodation (house vs. flat), Cavail-
hes [2005] in relation to the size of the city and Baranzini et al. [2008] in relation

'More generally, studies on the price definition of complex goods existed before. Waugh
[1929] first analyzed the prices of vegetables as a function of characteristics related to their qual-
ity. Court [1939] provided the first formal contribution to hedonic price analysis in the context of
automobile demand, later popularized by Griliches [1961].



to the type of the buyer (expatriate or native).

Over the last few years, machine learning (ML) techniques have become ex-
tremely popular in a wide range of applications. Not surprisingly, they have also
found application to the estimation of real estate prices. Several studies using ML
techniques with "black box" effects, such as Random Forest, Gradient Boosting
or Neural Network, can be found in the literature (see e.g. Oladunni and Sharma
[2016]; Wezel et al. [2005]; Mayer et al. [2018]). These studies focus on the ac-
curacy of the model and to a lesser extent on the economic interpretation of the
coefficients. Unlike these "black box" algorithms, the Expectation-Maximization
(EM) algorithm allows market segmentation and an economical interpretation of
the results. Yet, very few studies in the real estate field use ML approaches based
on the EM algorithm. For example, Howell and Peristiani [1987] applied it to the
estimation of the demand and offer rent equation and Peng [2010] to the gener-
alized repeat sales regression. Belasco et al. [2012] is, to our knowledge, one of
the only studies using the EM algorithm to analyze the presence of latent classes
and apply the hedonic method to three distinct submarkets. Our paper differs
both on the method (EM vs. SEM) and on the data used (survey limited to one
neighborhood vs. open data for an entire region).

This paper contributes to the current literature by proposing an implementa-
tion of the hedonic pricing model based on a simulated EM (SEM) algorithm that
allows to analyze the differences among the latent classes. The model specifica-
tion is based on open source online data and is extended to incorporate external
variables, such as noise indicators and the accessibility to public transport. The
SEM is preferred to the EM due to its fast convergence and the use of random

draws at each iteration that prevent convergence to a local maximum (Celeux and
Diebolt [1985]).

3 METHODOLOGY

This section delineates the proposed methodology, the backbone of which
is the SEM algorithm. We first present the proposed mixture hedonic price model
(MHPM). We then outline the SEM algorithm that is used for its estimation. Fi-



nally, an adaptation of the root-mean-square error criterion that accommodates the
latent class approach is presented.

3.1 The mixture hedonic price model

Mixture models are probabilistic, semi-parametric models that account for
the presence of unobserved sub-populations, i.e. latent classes, in the population
of interest (Frithwirth-Schnatter [2006]). They are based on the assumption that
each class is characterized by a different probability distribution. These are termed
component distributions. Given a population of real estate goods, each individual
property ¢ belongs to one and only one of the K underlying sub-populations. Here,
we assume that the prices of real estate properties follow a log-normal distribution.
Then, by definition, the log of the prices follow a normal distribution with the
following probability density function :
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where oy, the standard deviation and X; the features of a real estate property.

The logarithm of the price of a real estate good log(y;) can be defined based
on the typical hedonic price equation —the latter being specific to class k— as :

log(y;) = 2,8k + €, )

where z; are the features of a real estate property, j3; the regression parameters
specific to class k, and ¢;, the error term, with €, ~ N(0, U,%). For the time
being, we assume that the same variables x; enter the hedonic price equation of
all classes. As the class membership cannot be directly observed, the mixture
distribution of each class k is express as :
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%In this study, we further assume that all the component distributions belong to the same known
parametric family.




where 01, . . . 0 are the mixing proportions, or else the weights of the components,
for which 6, € [0, 1] and ) 0, = 1 hold. Assuming that observations are i.i.d, the
full information maximum likelihood function of the problem is defined as :
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In order to avoid dealing with complex non linearities, we build upon the
SEM likelihood function. Equation 4 then becomes :

lUspm = Z Zd {log (f(log(y:)|X:, BE. ot )) + log(dL) |, o)
i=1 k=1

where d! & 1s a random assignment of each y;, during iteration ¢, to one of the

classes following some within-loop posterior distribution that depend on ;- ! (see

next subsection for details). The SEM algorithm, described in the next paragraph,

is then used to estimate ¢y, B and oy.

3.2 Model estimation

The SEM is a stochastic extension to the EM algorithm ** with the inclu-
sion of an intermediate simulation step (S-step) between the E- and the M-steps.
(e.g. Celeux and Diebolt [1985]; Celeux et al. [1995]; see also Grun and Leisch
[2008] for practical implementation). In particular, an iteration of the SEM algo-
rithm consists of the following three steps :

3The EM is a common approach to the maximum likelihood estimation of mixture models.

“The EM algorithm is an iterative process that was first proposed by Dempster et al. [1977]
to obtain the maximum likelihood estimates of the parameters of a probabilistic model, when
the latter depends on unobservable variables. The algorithm alternates between an expectation
(E) step and a maximization (M) step. The E-step generates the function for the expectation of
the log-likelihood that is evaluated using the current estimates of the parameters. Subsequently,
the M-step calculates the parameters that maximize the expected log-likelihood function that was
generated in the E step. The parameter estimates are then used to determine the distribution of
the latent variables in the next E-step. The algorithm starts from an arbitrary initial vector of
parameters at iteration 0.



E-step : For each observation, the objective is to estimate the expected out-
come of class membership conditional to observed price. It is defined as a poste-
rior probabilities, i.e. the probability that observation ¢ belongs to class k£ given
observed price log(y;). Values of the parameters in the conditional posterior are
estimated using Sk, Bk and o0y, of the previous iteration, t — 1.

2
<1og<yi>—zgé,§t‘”>

1
A(f— 2 (t—1)2
5(t 1) 1 Ul(c )

—6
k [ (t—1)2
ot 2méy,

E(d; x| log(yi)) = Yix =

7, (0

-2

K 3t-1)__ 1 S D2

K
where 3 0 4 = 1.

Simulation-step : In order to reduce the risk of falling into a local maximum
Celeux and Diebolt [1985] propose the introduction of a stochastic step between
steps E and M that allows to better explore the surface of the log-likelihood func-
tion. Then, during iteration ¢, the individual class memberships cifk are pseudo-
randomly drawn using values ¥; , of step E, where ch p ~ M(1,4},). Where M
stands for the Multinomial distribution.

M-step : The augmented log-likelihood is maximized using the values of the
previous step and Equation (5). The maximization step involves the computation
of the following for each class: the beta coefficients of the regressions :
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and the weighting of each class :
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the EM and SEM algorithms are asymptotically equivalent to the Full In-
formation Maximum Lilkelihood (FIML) for parameter estimation (Celeux and
Diebolt [1985]; Dempster et al. [1977]). However, when calculating t-stats, the
EM algorithm requires the calculation of the Hessian at the convergence point,
whereas the SEM algorithm allows the direct calculation of draws. It is the latter
approach that is applied in this paper.

3.3 Model accuracy criterion

The root-mean-square error criterion (RMSE) measures the accuracy of a
model using both the estimated and the observed values. The classic formula of
the RMSE is adapted for the latent class model as follows:

N K
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where d; j, is the membership of an observation ¢ to a class k, IV the overall sample
size, y; the observed value of an observation, y,,.q 5 the estimated value for an
observation in class k.

This criterion allows to compare the RSME of a standard hedonic regression
and hedonic regression using the SEM algorithm.

4 DATA DESCRIPTION

This section presents the real estate announcements dataset for apartments
in Western Switzerland that is used to demonstrate the methodology described in
section 3. To complement this dataset, we define additional variables pertaining
to noise levels and accessibility indicators.



4.1 Data sources

The dataset was constructed by combining several sources of open data.
In particular, data on properties and their key attributes are extracted from an-
nouncements on the internet. The raw data contains 5682 observations for which
information about the exact address, the geographic coordinates, the floor space,
the number of rooms, the canton and the rent of each apartment was collected.
Objects with surface above 500 square meters, as well as 0.5% of the least and the
most expensive dwellings were removed from the sample®.

The monthly rent per square meter is chosen as the dependent variable. In
the remainder of this document, we refer to the rents as prices. Figure 1 shows
the location and the price over floorspace of the collected real estate properties in
the different cantons of Western Switzerland. The data is well distributed over the
entire territory, with a higher concentration around the Lake Geneva region. The
price over floorspace appears to be higher in cities (e.g. in Lausanne and Geneva).
These observations are according to the expectation.

In order to enrich the online data, additional variables were created from
various open-data sources. An important missing variable in the announcements
is the age of building. This variable was extracted from the StatBL® survey made
by FSO. The data is geo-referenced on a 100 by 100 meters grid. That is, the data
provides the average age of the buildings that occupy a given cell. As it is not
possible to define the exact age of each specific building, we use this data as a
measure of the age of the buildings in the neighborhood.

Employment and population data were taken from the Federal Statistical
Office (FSO). More precisely, the employment data comes from the STATENT-
20157 survey, while the population data from the STATPOP-2016® survey. The

3 A prototype of the model was created and tested using a sample of such data from the 1st and
2nd of November, 2017.
®https://www.bfs.admin.ch/bfs/fr/home/services/geostat/geodonnees-statistique-
federale/batiments-logements-menages-personnes/batiments-logements-des-2010.html
https://www.bfs.admin.ch/bfs/fr/home/services/geostat/geodonnees-statistique-
federale/etablissements-emplois/statistique-structurel-entreprises-statent-depuis-2011.html
8https://www.bfs.admin.ch/bfs/fr/home/services/geostat/geodonnees-statistique-
federale/batiments-logements-menages-personnes/population-menages-depuis-2010.html



data is aggregated at the hectare level.

For the definition of the noise level and accessibility indicators we use ad-
ditional sources. In particular, information regarding noise exposure on a geo-
referenced 10 by 10 metes grid is provided by the SonBase® dataset of the Fed-
eral Office for Environment (FOEN). The data pertaining to road noise is from
2010, while the data pertaining to railways noise is from 2011. The definition
of the noise indicators is presented in Section 4.2.1. The necessary information
for the definition of the accessibility indicators, presented in Section 4.2.2, comes
from the 2016 "Public transport stops"'® database of the Federal Statistical Office
(FSO).

[Insert Figure 1]

Remarks :  One implication of the announcement data is that the reported
rent on the announcement may not correspond the rent that the tenant actually
pays'!. As a consequence, the endogenous variable is subject to measurement
error. However, this should only concern a very small proportion of the data.

The years of data collection of the various open data differ. We assume that
this will have only a small impact on the results as (1) the orders of magnitude are
representative at this aggregate level and (ii) no major changes, demographic or
economic, have taken place over the last few years.

We have chosen to limit the number of standard (intrinsic) variables used
in the analysis, while diversifying the information about the properties in ques-
tion, by including characteristics of environment, i.e. the noise and accessibility
indicators. Up to now, it has not been possible to extract information about some
important housing features, such as the availability of a parking spot, the view or
the vacancy rate.

https://www.bafu.admin.ch/bafu/fr/home/themes/bruit/etat/banque-de-donnees-sig-
sonbase.html

1Ohttps://www.bav.admin.ch/bav/fr/home/themes-a-z/geoinformation/geodonnees-de-
base/arrets-des-transports-publics.html

""In Switzerland, a tenant can contest the rent after concluding the rental agreement.

10



4.2 Definition of additional variables

In what follows, we define the noise and accessibility to public transport
indicators.

4.2.1 Noise indicators

Road Noise :  Road noise is an important element in price estimation. Its
definition is not straightforward though. Intuitively, the higher the level of noise,
the greater the noise disturbance, and therefore the less attractive the property is.
The actual noise impact depends on various factors, such as the time of day, the
intensity, the duration, etc. A critical and complex dimension that comes into
play is the perception of the individual regarding the noise disturbance. Drawing
from the work of Schultz [1978] on noise disturbance, we use a day-night index
proposed by Baranzini et al. [2010, 2008] for the hedonic housing model. The ex-
ponential form of this index allows to distinguish between the contribution of day-
and night-time noise, by accounting for their effective duration and by increasing
the night-time disturbance. It is defined as follows :

Nian = 101og [10V0a/10(15 /24) 10 t10/10(9 /24)] | (11)

where N; 4 and N, ,, are the noise levels by day and night.

Train Noise :  Unlike road noise, train noise cannot be assessed solely by
the noise index, as the proximity to the train station comes into play and compli-
cates the identification of the noise disturbance. On the one hand, the noise results
in a disturbance that reduces the attractiveness of the property. On the other hand,
it implies proximity to a train station, i.e. higher accessibility to public transport
and, in consequence, it increases the attractiveness of the property.

Therefore, in order to capture this phenomenon, we propose a non-linear
relationship among the price, the noise and the distance from the station, repre-
senting the attractiveness of a nearby train station. Inuitively, the definition of the
attractiveness postulates that, ceteris paribus, the price should increase when the
distance decreases, but it should decrease when the noise increases. It is defined

11



in the following way :

1
T, = , 12
N? + D2, +1 (12)

i,dn T'rain

where N; g, 7rain the day-night train index and D, ; the distance to the nearest
train station. The attractiveness of all properties is affected by road noise. This is
not the case for train noise. The indicator associated with the latter is only applied
when the train noise is positive, and is set to zero otherwise. Figure 2 illustrates
the relationship among the price, the noise index and the distance from the station.

[Insert Figure 2]

4.2.2 Accessibility indicator

A simple way to define accessibility is the Euclidean distance (Vickerman
[1974]). The gravity model improves the Euclidean model by taking into account
topographic effects (Hansen [1959]). In this case, the effort to go from ¢ to j is
measured by a generalized cost and structured so that accessibility decreases as
distance increases. The choice of the functional form is open to interpretation.
Here, we choose the negative exponential, which is the most common functional
form and the most representative of the actual behavior. The accessibility indicator
A; can then be express as :

A; = Z N; exp Y (13)

where V; is the number of opportunities at location j, A a sensitivity parame-
ter fixed to 1 and C'G, ; the generalized cost between ¢ and j. It is a variant of
the usual Hansen indicator in spatial geography (C'G appears in log form), yet it
matches a consumer surplus formulation in microeconomics The generalized cost
is defined using the notion of the "effort kilometer" 2 '* (kme), accounting for
mountain trails. The kme transforms the notion of the elevation gain into kilome-
ters, the positive difference in elevation being more penalized than the negative.

12The use of this concept is a working assumption whose values may vary.
Bhttps://randochevalblog.wordpress.com/2017/01/27/notion-de-kilometre-effort-km-e/

12



This allows to transform a distance between two points with an altitude difference
to what it would be on a flat surface. The standard kme is defined as follows :

+ —
d; n D20 22y

’ 14
7000 T 100 T 300 (14

kmem =

where d; ; the distance between the dwelling and a bus stop, subway or train sta-
tion. ij the positive altitude difference and Z;; the negative altitude difference.
All variables are expressed in meters. A distinction is made between a positive
and a negative gradient in the sense that, at the same distance, the going up re-
quires greater effort than the going down. Thus, a 800 distance to a bus stop with
a positive difference in altitude of 5 meters will have a kme of 0.85. In this con-
text, the underlying assumption is that an individual assesses accessibility solely
on the basis of uphill distance. Hence, the accessibility indicator can be revised
as follows :

AZT,
2

4.3 Descriptive statistics

Subsequently, the variables used in the analysis are described in Table 1.
Table 2 summarizes the descriptive statistics of the data. For the Western Switzer-
land, the "average property" is an apartment of 83.5 m?, with 3.5 rooms and lo-
cated in a district where the average age of the buildings is 54 years. The road
noise index is 51.5 db and the train noise indicator is (.74, indicating that most
of the dwellings are far from the train stations with few train-related nuisances.
Within a 10 km radius, the average population is 128’500 and the employment op-
portunities are 64’000. The 10 km radius was chosen because, all other variables
being the same, it is the one that maximizes R?. Intuitively, one could imagine the
average property to be located on the periphery of a large city.

Finally, Vaud is the most represented canton with 36%, while Jura, with
4% of the observations, is the least represented. Taking into consideration the
population of each canton, the distribution by cantons appears to be representative

13



of the Western Switzerland area, with the exception of the canton of Geneva that
is under-represented and would have been expected to account for around 20% of
the observations.

[Insert Table 1]

[Insert Table 2]

5 APPLICATION

This section applies the methodology described in Section 3 to the dataset
presented in Section 4. The proposed model, denoted by MHPM, is compared
with the standard hedonic price model (SHPM) that is used as a benchmark. All
models are estimated based on the same specification of the hedonic price equa-
tion, using on the variables presented in Table 1. The MHPM can accommodate
a varying number of classes depending on the needs of the specific application.
We applied the methodology on different numbers of classes and chose a 3-class
model as it is the one that performed best based on the BIC criterion.

We begin by presenting a comparison of the results between the SHPM and
MHPM, followed by an analysis of the classes of the MHPM.

5.1 SHPM vs MHPM

Table 3 presents the results of the SHPM and the MHPM. We will first study
and discuss the results of the SHPM and then, interpret the potential differences
of the MHPM.

SHPM :  We start with the standard hedonic pricing model that is used as a
reference point to compare the results of the MHPM. All the signs are in line with
our expectations — bearing in mind that the dependent variable is the log of the
price over floorspace. The variables that increase the price over floorspace are the
number of rooms, the population, the employment number and the accessibility to
public transport. Whereas the ones that lower it are the floorspace, the age of the
buildings, the road noise index and the train noise indicator.

14



The supply and demand relationship is the key element when defining prices.
Real estate is no exception to this rule and has the particularity of being dependent
on internal and external factors. We can separate the variables affecting the price
into 3 categories: those internal to the property, those external to the property on
a small scale (e.g. street, neighbourhood) and those on a larger scale (e.g. city,
canton, region).

Concerning the internal categories, generally, the price over floorspace de-
creases when the total surface increases. For the same floorspace, dwellings with
more (bed)rooms are in high demand on the real estate market, whether by fami-
lies or students in shared flats close to universities. Finally, a new property, or one
located in a newer neighborhood, is usually rented for more than the same one in
an older neighborhood.

For external factors in the neighbourhood, quiet dwellings and high acces-
sibility are more sought-after. Then, when road noise increases price decreases
and when accessibility increases, when accessibility increases, the attractiveness
increases and so does the price. Finally, based on its definition, the negative sign
of the train noise indicator indicates that, when the relation noise / distance to train
station increases, price increases. This means that, overall, being close to a train
station is not an attractive feature.

Large-scale external factors are the simplest to interpret. An increase in
population implies an increase in demand, while an increase in employment im-
plies an increase in attractiveness. In both cases, the consequence is an increase
in the prices of the region.

The Cantons deserve to be treated separately. With Fribourg as a reference,
the positive signs for the cantons of Vaud and Geneva indicate that, for an identical
good, the price is higher in these cantons. Moreover, if we look at the values, we
see that, for the same features, an apartment in Geneva has a higher price over
floorspace than in Vaud. Similarly, negative coefficients indicate that the same
dwelling will have a lower price over floorspace than in the reference canton.
These interpretations are representative of the current real estate market in the
study area.

MHPM :  We now analyze the MHPM and compare the results with the
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SHPM. It is worth noting that the signs of coefficients are, in most cases, aligned.
For class 1, the only significant sign that is different is the train noise indi-
cator. According to its definition (Section 4.2), this indicator takes into account
the noise of the station as well as the distance between the station and the apart-
ment. Therefore, a positive sign indicates that the attractiveness of being close to
the station compensates for the inconvenience of noise. This attractiveness also
translates into an increase in the coefficient linked to the accessibility variable.

For class 2, the only significant sign that is different compared with the
SHPM is the one of the employment. The negative sign indicates that, within a
close radius, employment is not a factor that increases the price over floorspace
as, for the people in these dwellings, it is not a problem to work further away. This
can be explained by the higher mobility of the population in Switzerland, where
people travel an average of 30 km to go to work 4.

The only significant result of class 3 that differs from the SHPM is the pop-
ulation. This negative sign can be explained by the high number of new dwellings
built in some agglomerations in recent years. For these categories of housing the
supply may be higher than the demand, which pushes the prices over flooorspace
of those annoucments downwards.

[Insert Table 3]

Model performance :  The individual class performances of the MHPM
as well as the comparison with the SHPM are summarized in Table 4. First, we
notice that class 3 of MHPM has, as the same time, a R? much lower than the other
classes and a high RM S E. Taking into account the small size of this class and its
characteristics, this result indicates that class 3 gathers the outliers of the dataset.
Classes 1 and 2 perform better than the SHPM, concerning both the R? and the
RMSFE, suggesting that for the concerned sub-populations these classes better
describe the prices in comparison with the SHPM. The overall R? and RM SE of
the MHPM model are better than the SHPM. These results indicate that, overall,
the MHPM estimates real estate prices better than the SHPM and confirms the
value of the latent class approach.

https://www.bfs.admin.ch/bfs/fr/home/statistiques/mobilite-transports/transport-
personnes/pendularite.html
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[Insert Table 4]

The F-test statistic comparing ratio of variances of residuals (HO= equal
variances vs. H1= variance of MHPM < variance of SHPM) is equal to 0.58 and
leads to rejection of the HO assumption (p-value < 2.2e—16). The variances of the
residuals of the models are statistically different from each other and the MHPM
one is strictly lower than the SHPM one. Figure 3 presents the scatter plots of the
logarithm of the real price (X-axis) versus the logarithm of the estimated prices
(Y-axis), either for the SHPM or the MHPM. For the SHPM, this corresponds
to the value estimated using the coefficients obtained by the model. Finally, for
the MHPM, this corresponds to the estimated values for each of the classes of
the model, individually weighted by the posterior class membership probabilities
(Equation (6)). These two diagrams support the results presented in the previous
sections. In line with Belasco et al. [2012], the MHPM is able to better capture
heterogeneity in data.

[Insert Figure 3]

5.2 MHPM - Study of the classes

In this section, we use the model posterior probabilities, described in Equa-
tion (6), to assign each observation to one class, in order to be able to characterize
them. We analyze the distribution of the observations allocated in the classes of
the MHPM as well as the statistics on intrinsic variables (Table 5), completed by
the distribution of the prices over floorspace per class compared to the overall dis-
tribution (Figure 4). Note that we are referring to the real observed values of the
goods and not the estimated values.

Class 1 is the biggest class, with a weight of 49% of the dataset. The size
of this class and the location of the dwellings associated with it in the center of
the price distribution, indicate that it represents what we would term as "standard"
and most common apartments. According to the model, on average, a "standard"
property in Western Switzerland has a price over floorspace of 21.56 C HF/m?,
for a floorspace of 81.37 m?, and a mean number of rooms of 3.38.

17



With a weight of 42% and prices also located in the center of the price
distribution, Class 2 has an average price over floorspace of 22.95 C HF/m?, for
a mean floorspace of 85.38 m?, and a mean number of rooms of 3.47. On average,
Class 2 is characterized by larger and more expensive dwellings that could be
preferred by higher income households.

Finally, class 3 with a proportion of 9% completes the first two classes and
is located throughout the entire distribution. These observations have on aver-
age higher prices ovre floorspace (23.36C H F'/m?) and higher average floorspace
(86.48 m?) and an average number of rooms similar to the other classes (3.38).
The weight of this class, the mean values of these intrinsic variables as well as
their high standard deviations suggests that it is a collection of outliers.

The logarithms of the mean prices over floorspace presented in Table 5 are
finally quite close. In order to verify that the means and the standard deviations
of the MHPM classes are statistically different, we perform a Welch’s t-test and a
F-test of variance comparison. For classes 1 and 2, the statistical value of the t-test
is equal to 6.46 with a negligible p-value (e.g. < 0.001). These results indicate
that the mean price over floorspace of class 1 is significantly different from that of
class 2 at the 95% level of confidence. With a F-test equal to 2.22 and a negligible
p-value the variances of those two classes are also significantly different at the
95% level of confidence. With a t-test of 0.73 (and a p-value of 0.46), the means
of classes 2 and 3 are not significantly different at the 95% confidence level. But
the variances with an F-test of 1.76 (with a negligible p-value) are considered to
be different. Finally for class 1 and 3, the means (t-test of 3.36 and a negligible
p-value) and the variances (F-test 3.90 and a negligible p-value) are condidered
significantly different at the 95% level of confidence.

Finally, the study of the location of the MHPM classes presented in Ap-
pendix A confirms that the observations are, for each class, well distributed in
space and not geographically attached to a location.

[Insert Table 5]

[Insert Figure 4]
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6 CONCLUSION

This paper applies discrete mixture of market hedonic-pricing model to a
real estate market case study in order to investigate the presence of unobserved
heterogeneity in the preferences for real estate goods and compare the proposed
approach that is estimated using a SEM algorithm to the standard hedonic pricing
model. The accuracy of statistical models, including the latent classes, is evalu-
ated based on the RMSE criterion.

The data is extracted from internet announcements of appartments in West-
ern Switzerland and completed by combining several open data sources and vari-
ables created from the raw data. The first constructed variable concerns the road
noise and transforms the average day and night noise by weighting their durations
and increasing the disturbance caused by night noise. The second concerns the
train noise and proposes an indicator combining noise and distance to the nearest
station in order to assess the attractiveness of train stations. Finally, the last one
concerns the accessibility to public transport, integrating both the distance and the
difference in altitude from the dwelling to public transport stops, using a general-
ized cost, and more specifically the notion of "effort kilometer" used for mountain
trails. Despite the effort to augment the data, there are still many missing charac-
teristics. This may limit to a certain extent the explanatory power of the study, but
not its methodological interest.

The results confirm our hypothesis that latent classes exist in the price def-
inition of dwellings. Different characteristics may be relevant to the price of
dwellings in different classes. The results demonstrate that the SEM algorithm
with 3 classes is overall, for this case study , more accurate than the standard he-
donic pricing model. The largest class accounts for 49% of the observations and
is assumed to represent standard dwellings. The second class accounts for 42%
of the observations and is assumed to be preferred by higher income households,
while the last class with 9% of the observations captures the outliers. Finally,
each latent class behaves independently with different estimated coefficients. The
signs of the coefficients are in most cases the same as those of the hedonic pricing
model, and when this is not the case, it helps to understand the price behavior of
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the latent classes.

One remark is that the data used here has been extracted from rental an-
nouncements. Even though they are useful for identifying trends, they do not rep-
resent the real estate market in Western Switzerland per se. Future work will focus
in applying this methodology to real transactions data and to study the evolution
of the market over time. Finally, we are interested in developing a methodology
that is capable of predicting the price of new goods by estimating its probability
of belonging to a class, using supervised clustering.
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A MHPM : LOCATION OF REAL ESTATE PROPERTY

Figure 5 to 7 illustrate the spatial distribution of classes 1, 2 & 3. We can see
that the observations are well distributed in space and not geographically attached
to a location and that prices over floorspace are fairly well distributed and go from
less than 16 to more than 28 for all classes. Then, there is not one class that gather
observations around one location (canton or city) or absorbs all the rents with the
highest (or lowest) prices over floorspace.

We also note that dwellings in class 2, high prices are particularly concen-
trated around the Lake Geneva area (Figure 6). This is not the case for class 1
(Figure 5), and in particular for dwellings located in the Canton of Geneva, whose
prices over floor space appear to be lower than in the other Cantons. The prices of
goods located in the countryside seem to be well distributed for each of these two
classes. Finnaly, dwellings of class 3 (Figure 7), identify as outliers, are, despite
the small number of observations, well spatially distributed.

[Insert Figure 5]
[Insert Figure 6]

[Insert Figure 7]

B ELASTICITIES

Residuals from the models presented in Table 3 are likely correlated with
price. Insofar as we have not dealt with the endogeneity bias of the models, elastic-
ities interpretation of floorspace and number of rooms are presented in appendix,
knowing this issue. As the variable explained is the log of the price over floorspace
and explanatory variables either linear or logarithmic its implies two claculating
methods of elasticity. Elasticity of a Log-Linear specification is expressed as :

€Log-Lin — BLog-Lin - X (16)

This implies that an increase of one unit of x increases y by Siog-Lin - 100%. While
the elasticity of a Log-Log specification is expressed as :

€Log-Log — 5L0g—L0g (17)



This implies that a 1% increase in x increases y by Biog-1og * 1%.

Table 6 presents the elasticities of the dependent variables with respect to
floorspace and number of rooms.

[Insert Table 6]

Putting aside the outlier class, we notice that the elasticities of the num-
ber of rooms are almost similar. The differences are more pronounced for the
floorspace : a modification in the MHPM class 1 implies a greater change in price
over floorspace compared to the MHPM class 2 or the SHPM. Therefore, for a
dwellings of the MHPM class 1, a 10m? increase in floorspace, while keeping
the same number of rooms, results in an average drop in the price over floorspace
of 238 CHF/ m?. Still for MHPM class 1, the creation of an additionnal room,
without changing the floorspace, increases the price over floorspace by an average
of 1.554 C'H F'/m?. Finally, both the creation of an additionnal room and a 10m?
increase in floorspace results in an average drop of 0.826 CH F'/m?.

The same reasoning applied to other classes will give different results. Note
that for normalized variables (e.g., population, employment and age of buildings)
or variables transforming raw data (e.g., road noise index, train noise indicator
and accessibility indicator) elasticities need to be calculated with caution.
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Figure 1: Location and price over floorspace of the collected real estate properties
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Figure 2: Representation of the train noise indicator.



Table 1: Variable description

Variable

Description

Floorspace

Log of the surface, in m?

Number of rooms

Number of rooms in the real estate property

Population number

Log of the population in a given radius (10 km) - normalized value

Employment number

Log of number of workplaces (full-time equivalent) in a given
radius (10 km) - normalized value

Age of buildings

Log of the average age of buildings within a hectar - normalized
value

Road noise index

Log day-night road noise index

Train noise indicator

Defined using both the Log day-night noise index and the distance
to the nearest train station

Accessibility indicator

Defined using both the distance and the difference in altitude from
the dwelling to public transport stops

Canton

Canton where the object is located: VD, VS, GE, JU,FR (reference
: FR)




Table 2: Descriptive statistics

Variable Mean Star.ldz.lrd Median Minimum Maximum
deviation
Floorspace 83.51 34.17 80 5 382
Number of rooms 3.42 1.2 3.5 1 9
Population 128453.97 124302.11 80373 1282 480627
Employment number  64303.74  77441.41 33287.64  258.41 282579.53
Age of buildings 54.11 26.32 53 3 100
Road noise index 51.57 8.79 50.91 19.08 81.77
Train noise indicator 0.74 0.17 0.67 0.4 1
Accessibility indicator 15.54 12.69 12.25 0.04 63.23
Canton GE 0.08 0.27 0 0 1
Canton JU 0.04 0.19 0 0 1
Canton NE 0.13 0.34 0 0 1
Canton VD 0.36 0.48 0 0 1
Canton VS 0.20 0.4 0 0 1
Canton FR 0.19 0.39 0 0 1
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Table 4: Performance of the SHPM and the MHPM - 3 classes
MHPM

SHPM Class 1 Class2 Class3
0.793 0.865 0.288
2
R 0.607 0770
0.116 0.130 0.422
RMSE 0.205 0172
4 4

- SHPM
- MHPH

Estimated Log(price/ffloorspace)
Estimated Log(price/floorspace)

4

2 3 2 3 4
Observed Log(price/ffloorspace) Observed Log(priceffloorspace)

Figure 3: Comparision of models : log(price/floorspace)  vs.
E(log(price/floorspace))



Table 5: Statistics of the SHPM and the MHPM - 3 classes
SHPM MHPM

Class1 Class2 Class3
Number of observations 5682 2789 2380 513
Weights 1 0.49 0.42 0.09
Mean Price over floorspace  22.30  21.56 2295  23.36
Sd Price over floorspace 8.02 6.00 8.94 11.86

Mean Floorspace 83.51 8137 85.38  86.48

Sd Floorspace 34.17 3048 3531 4533
Mean Number of rooms 3.42 3.38 3.47 3.38
Sd Number of rooms 1.20 1.13 1.23 1.41

class 1 class 2 class 3
! .

[ overall distribution
I ' I " "
400 ' ' : B distribution per class

300

count

200

100

ML_A

10 20 30 40 50 60 10 20 30 40 50 GO 10 20 30 40 50 60
Price per square meter

Figure 4: MHPM - Distribution of the real prices over floorspace per class com-
pared to the overall distribution.
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Figure 5: MHPM - Location and price of the real estate property for class 1.
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Figure 6: MHPM - Location and price of the real estate property for class 2.
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Figure 7: MHPM - Location and price of the real property for class 3.

Table 6: Elasticities with respect to floorspace and number of rooms

. MHPM
Variable SHPM Class1 Class2 Class3
Floorspace (Log) -0.155  -0.174 -0.178  -0.095

Number of rooms (Lin)  1.085 1.002 1.365 1.506




	2021_Baillif_et_al_A Hybrid Approach to Real Estate Price Definition _ A Case Study in Western Switzerland.pdf
	0-Revue-Economique-Page de titre.pdf
	INSPPIR - En - v3 - Annecy.pdf
	9-Revue-Economique-Bibliographie.pdf

	2021_Baillif_et_al_Table-Figure-A Hybrid Approach to Real Estate Price Definition _ A Case Study in Western Switzerland.pdf



