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Abstract

This paper analyses whether there is or not aesimgichanism in price formation at the high
end of the modern art market defined by auctiorskewat the most important art markets in
the world. Moreover, we will try to find if thesdff@érences area priori related to the art
markets or to the market shares of the most imposgllers, namely Christie’s and Sotheby’s.
A serious problem in estimating functions in culumarkets is the presence of unobserved
heterogeneity. For instance, the shape of the démavalue function in the modern art market
relies on individual characteristics of artworlag)ich are may not be all directly observed.
Moreover, just one value function may not be endogtapture differences in price formation
if it differs across pieces of art. In order to wed unobserved heterogeneity, we have used a
sample on paintings sold at auctions between 1882807 related to different schools and
movements of Surrealism. We have used a finite uréxtapproach to emulate the data
generating process underlying the price formati®ach models have allowed us first to
identify art market segments defined by a similair tnobserved price structure and, then, to
investigate differences in prices determinants.iéalthlly, we have found some “separating”
variables or determinants upon which art pieceslassified into a specific market segment.
Thanks to this procedure we can reject the hypahesa unique price structure in auction
markets for Surrealism. As expected, moreover, segation depends on local markets and
on the auction houses involved.
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1. Introduction

One basic assumption in economics is that prieesinit information required to take rational
decisions in markets, including consumption anag#tment decisions. However, how prices
are determined could be not a simple matter, ealpetor products that are not mass-produced
and for markets that do not operate in perfect cinpn.

For instance, in the art market, there are sewesagls of pricing depending, among other
factors, the art market segment where a parti@ravork is traded. Auctions are the pricing
method used to fix prices within the secondary rar/ithin this context - where the finest
pieces of art are sold and the best experts woitkéoauction houses - presale price estimations
are repeatedly inaccurate. For instance, Begg§aaddy (1997) found regular under and over
predictions that could not be just random.

In fixing prices or establishing price predictiongapbserved heterogeneity is an issue specially
when dealing with goods that by their own natueetdghly heterogeneous, such as artworks.
For instance, prices in the contemporary art mamdets on individual characteristics of the
art pieces, which are not all observed.

In this paper, we want to analyse if finite mixtun®dels can help to understand how prices
are fix in the art market. In order to limit thealrserved heterogeneity problem, we have
focused just on different schools and movemenézegnized by art experts - of Surrealism.
However, this does not prevent us from being friethis problem since we can observe very
important deviations from the presale and the fimates concerning this movement. For
instance, in 2015, a Surrealist art section of &8, lestimated at £36.9-53.5 million by
Sotheby’s, made £66.7 million, including buyergmium and setting a record for a surrealist
sale. The mist outstanding result was for RenerMats gouacheSouvenir de Voyagevhich
guadrupled estimates to sell for £2.7 million ekshing a record for a work on paper by the
artist. Also, within this auction, a 1950s Mimainting (Women, Moon, Birdsyas sold far
above the £4-7 million estimate for £15.5 millidimerefore, even with a very large pre-sale
price dispersion, the result of this auction cheatrpassed the wildest dreams of the auction
house.

This kind of deviations are quite common and castes doubts about how presale and final
prices are set in the contemporary art markets gpetifically, on the Surrealism movement.
Since potential buyers may not have all relevafdrination about artworks on the market,
they may trust trend-setters, intermediaries angeds’ opinions about the value of art.

However, their expectations on prices are usuatyery accurate and even wrong.



To have a better understanding of the price foromaith the art market is crucial for all the
involved agents in order to take better decisidmsuawhat to buy and in what artworks to
invest. We will contribute to this knowledge bynggia statistical tool, namely finite mixture
models, that we believe can be very useful to ecaphe inherent unobserved heterogeneity of
the art markets.

In the next section, we present the main findirfgb® literature. In Section 3, we describe the
data and steps followed to build the sample anihe&hie empirical specifications of the model.
In section 4, we describe the method of estimatidnle in Section 5 presents the most relevant

results. The final section concludes.

2. Literature Review

2.1 Artprices
As no consumer can ever be fully informed aboubfdhe artists on the market, price is often
regarded as a proxy for quality. In the face ofartainty, poorly-informed purchasers adopt
copy-cat forms of behaviour and follow the opiniafis few trend-setters who are believed to
know best about the value of art (Rouget & Sagotdbwoux, 1996; Moureau, 2000, Payal &
Vermeylen, 2012). Consequently, demand and prieeggegatly influenced by the judgments
of trusted critics and the purchasing choices of ¢@lectors and museums (Shubik, 2003;
O'Neil, 2008), the respective weight of which vaneer country (Jyramaé, 1999). Alternatively,
the impact of such behaviour on the market is adflof information that may pave the way for
speculation about particular artists (Sagot-Duvaxy@003). This is among the reasons why
the conundrum of pricing mechanisms attracts sohati@ntion from scholars in the field of
economics. Some parameters exist that can helptheatrevaluation of works of art with a
degree of objectivity. These include the inherdraracteristics of an artwork, namely style,
medium, technique, size and content, whereas n@ipheral factors include the artist’'s age,
awards, exhibition history in galleries and museand media coverage (Beckert & Rossel,
2004; Velthuis, 2005; Yogev, 2010). Velthuis (202805) and Schonfeld & Reinstaller (2007)
found that dealers of contemporary art establigir forices not on a case-by-case basis, but
based on a predefined set of rules, or ‘pricingpselr which serve to streamline decisions.
In their study of primary market prices, basedf@Kunstkoopregeling database, Rengers and
Velthuis (2002) classified the possible determisait price on three main levels: artwork,

artist and gallery. Interestingly, they detectedt thariance in price is more dependent on



artwork-level than artist-level factors, while micange is not determined so much by the
gallery as by the characteristics of the represeatéist. Contradicting previous qualitative
(Moulin, 1987) and quantitative (Frey & Pommereht@89) research, Velthuis (2005) failed
to find any trace of a monopoly effect. Other aspeuf price determination are gender
dynamics and the effect of government interven{R®angers & Velthuis, 2002).

Regarding the price determinants have been studied) different approaches. Some studies
made a division in levels, others analysed alttieracteristics at once. All studies take artwork
characteristics into account, like medium and sine some add style or genre as well.
Although this seems one of the objective deternisjarot all studies agree on their influence
on the price. Rengers and Velthuis (2002) stat¢ #wee and medium are important
determinants while Moureau (2000) affirms that thedium and technique have some
influence. Another approach refers to Campos antbda (2008) who suggest that the
reputation of the artist and origin of the artwarke more important.

Several authors (Agnello and Pierce, 1996; Campdaé&bosa, 2008; Crane, 1987; Frey &
Pommerehne, 1989; Higgs & Worthington, 2005; Na2@4,0; Ursprung & Wiermann, 2008)
have researched whether the death of an artisimflagnce the price. As the death of an artist
limits the supply, this is often the case. Urspri&§Viermann (2008) included the date of
creation. According to them, this variable can aoninformation on genre and style practiced
by the artist. The period of their research is Emand therefore they see decade dummies as
providing information on style and genre. They uad the year of sale variable in order to
control for macroeconomic changes. Some authaesprt on the price formation mechanism
(Seckin, 2006; Worthington & Higgs, 2003), lookthaé interplay between financial markets
or economic changes and the art market.

The nationality or age is taken into account byapte of authors but an oft-named factor is
reputation and it is considered as a very impofator. Although this is a determinant, which
is difficult to research, authors agree upon thatlevant. Whether an artist is death (by the
time of sale) is also incorporated quite a couplgnoes.

Including characteristics of galleries or auctiauses does not seem to happen often, but some
studies do. Because most of the studies are omsdabendary market, they often included
auction house characteristics, like location or @a®ometimes variables are included that
relate indirectly to galleries, like being namedairtatalogue, having joined an exhibition or
when the market environment is taken into account.

Within the study of arts markets, price determisatite problems of uncertainty (Beckert,

1996) and asymmetric information (Mossetto, 1998sbkétto & Vecco, 2003) have long been



prominent. One crucial source of uncertainty in samarkets derives from the difficulties in
assessing the value of commodities (Beckert, 206%gact, goods within certain categories
can be ‘complex, inimitable and difficult to compaand there are no precise or objective
measures able to determine what constitutes aduglity product or its exact use’ (Yogev,
2010, p. 511-512). This kind of uncertainty (DiMamg@ Louch, 1998) applies to various
environments such as the investment grade debten@Podolny, 1993), the wine market
(Benjamin & Podolny, 1999), emerging technology ke#s (Darr, 2006) and cultural markets
(Hirsch, 1972; Caves, 2000). In these latter esigcit is very difficult to observe differences
in quality among products and to predict which onélseventually attain success (DiMaggio,
1977; Salganik et al., 2006; Yogev, 2010). Morecpgely, the arts markets are characterised
by heterogeneity (as differences across the ueitsgbstudied) that rarely is been taken into
account econometrically. As Popkowski and Bass §198iggested it is important to include
unobserved heterogeneity to avoid badly biasedtseand spurious state dependence. When
units are aggregate without taking into accounwiddal differences, this may imply that these
individual differences are absorbed by the erromteThis leads to serial correlation in the
residuals leading to spurious state dependencéeandfficient estimatésHowever, there is
no clear agreement on whether and how unobservetolgeneity should be included in
models to avoid biased parameter estimates anskethaity of this bias. Trying to clarify the
debate on unobserved heterogeneity and measuraamentin data, Popkowski and Bass
(1997) distinguished four ways to include heteraggmin a model: “(i) heterogeneity can be
specified inside or outside the likelihood functi@), heterogeneity can be modelled using a
fixed or a randomleects specification, (iii) heterogeneity can be ideldias random intercepts
and/or random caoecients, and (iv) heterogeneity can be modelled rpatacally or non-

parametrically.” (Popkowski and Bass (1998, p. 98).

2.2 Finite mixture models
To control selection and unobserved heterogenéitysoarts market we decided to use a finite
mixture model. Finite-mixture modelling has becanmeasingly popular in the statistical and
psychometric literatures in the last two decadés. growth of finite-mixture modelling stems
from the importance of accounting for populatioriehegeneity in data. If data come from
several populations, then conventional methods riggo heterogeneity may produce

misleading inferences.

! The distinction between heterogeneity and stapenigence is relevant, see the work by Heckmannij198



In our best knowledge, there is no applicationhi$ model within the art markets yet. The
finite mixture models — whose first applicationw&deen cited in the literature as far back as
1846, while a common reference is made to the wbKarl Pearson in 1894see McLachlan
and Peel, 2000) — considers the problem of mixtie@mposition and mixture distributions.
A finite mixture model is a combination of two orone probability density functions. It
provides a natural representation of heterogemdign observations belong to a finite number
of unobserved or latent classes. Moreover, thenagson behind the finite mixture model -
the observations of a sample derive from more tlvarunobserved components with unknown
proportions — makes this method more acceptabledtizer ones. It permits to overcome the
limitations of the estimation of a single aggreg&gression model across all observations in
a sample if the observations arise from a numbeurdnown components in which the
regression coefficients or dispersion parametdfsrdi

One of the main advancements in finite mixture niadehas been the expectations-
maximization (EM) algorithm by Dempster, Laird aRdbin (1977) and Aitkin and Rubin
(1985). The EM made the computation of the finitxtare models accessible to applied
researchers (Deb and Trivedi, 2013). Its relevamseappropriate estimation method of choice
in numerous applications -, popularity and growapglicability in many areas of statistics had
been extensively documented by McLachlan and RE&H().

Finite mixture model is relevant to our topic aspibvides a parametric alternative that
describes the unknown distribution in terms of miigs of known distributions. It allows
extremely flexible modelling of heterogeneous dag¢aause they include a combination of
discrete and continuous representation of populdieterogeneity. According to McLachlan
and Peel (2000), finite mixtures present a veryaative modelling framework to increase
model flexibility without the high-dimensional panater spaces used in non-parametric or
mixed modelling. The flexibility and advantagesttoeése models — also known as latent class
models and unsupervised learning models - have &gensively recognized and nowadays,
they are used routinely in many different modellemgironments (e.g. Ramaswamy et al.,
1994; Deb & Trivedi, 1997, Wang et al., 1998; Mchkm and Peel, 2000; Guo & Trivedi,
2002; McLachlan and Peel 2004; Karlis and Rahmo2®7, Melnykov and Maintra 2010;
Depraetere and Vandebroek, 2014, Bhat et al. 2016).

2 The use of mixture models dates back to at least the late 1800's when Karl Pearson (1893, 1895) applied them in an analysis
of crab morphometry. Pearson's use of normal mixture distributions to model the mixing of different species of crab within a
defined geographic area motivated extensive use of mixture distributions in other application fields.



This model has several advantages. First, it isiplesto assess the probabilities of events or
simulate draws from the unknown distribution theneaway when data are from a known
distribution. Second, finite mixture models alsoypde a parametric modelling approach to
one-dimensional cluster analysis. This approadegeain the fitted component distributions
and the estimated mixing probabilities to comput@asterior probability of component
membership. Third, the use of a model-based apprwadiustering allows to estimate and test
hypothesis within the framework of standard statgtheory (McLachlan and Basford 1988).
Finally, finite mixture models provide a mechanighmt can account for unobserved
heterogeneity in the population, based on the asBamthat different “types” can refer to
different latent classes or subpopulations (Heckaraoh Singer 1984; Deb and Trivedi 1997,
2002; Deb and Trivedi, 2013). In a traditional miotlent classification variables can
introduce under- or overdispersion, or heterosdeitys All these problems may be overcome
by using finite mixture models as they are char&sd by a more flexible form. Often, a
regular statistical model may be too rigid to adegly represent possible heterogeneity in the
population.

For a comprehensive list of the diversified apgiaas and numerical derivations of finite
mixture models, we may refer to Titterington, et(#85), McLachlan & Peel (2000) and
Frahwirth-Schnatter (2006), and Melnykov and Man{2010). Furthermore, Friuhwirth-
Schnatter (2006) lists four parameter estimatiothogs for the finite mixture model: method
of moments; maximum likelihood-based methods Zoalef2013, 2014); Bayesian method
and distance-based methods. We decided to use muaxiikelihood methods in our analysis,
although we were aware of the potential weakneasddimitations of this approach, which

were already identified by Frihwirth-Schnatter (@00

3. Data

We have used a sample of 42795 observations otypayof art sold at auction for 1990-2007
related to different schools and movements of @lis®. In order to reduce the unobserved
heterogeneity, we have worked with the sub-sampleaintings as final sample, which
includes 8860 observations. We collected infornmadocording the main price determinants
of artworks of art acknowledged in the existingr#tture and add a variable school/movement
in order to capture the different movements anadseemerged in this artistic movement.

In figure 1 the Surrealism’s chronology and its miaiovements and schools are presented.



Figure 1 — The Surrealism over time, 1900-2016
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In his dramalLes Mamelles Tirésia§l917), Apollinaire used for the first time therte
Surrealism with the meaning of “super-wonderfuli the Manifesto of 1924, Breton gave this
definition of Surrealism: “Pure psychic automatibgnwhich it is intended to express, either
verbally or in writing, the true function of thoughrhought dictated in the absence of all
control exerted by reason, and outside all aestletnoral preoccupations.” Breton (1924, p.
X). The blueprints of this artistic movement — deeland nihilism - already present in this
definition-, were reflecting the utter failure exjgmced in every field, from society to war,
from science to philosophy in the in-between penbthe two world wars.

From this failure also stems the strong rejectibthe use of logic. The use of irrationality -
already intensively used by Dada — was assumedastool of protest and revolt against the
declining established order. However, Surrealismoktsome distance from Dada as it
considered it as an old movement. Surrealist antistnted to concentrate on future projects,
starting from a process of self-consciousness. Faomartistic point of view, the movement
was substantially characterized by figuration a&spgbwer of imagination may allow, not so
much to represent, but to suggest the unconsogalisyr The main objective of the movement
was to express humanity’s needs with an art thattédoe revolutionary as its mission was to
liberate the intellectual creation of the pre-fotted chains, stereotypes imposed by the
society. Because of the war, the centre of the mewve moved from Paris to New York, where
the influence of these artists was crucial to theetbpment of the American avant-gardes.

When one thinks of Surrealism, big names like MégrDali come to mind.

4. Methods
In order to identify different price formation pesses in the art market and, hence, different
segments defined by their own equilibrium prices,propose the use of finite mixture models.

Finite mixture models represent an improvement awerstage techniques that also allow



identification of different unobserved groups sasltluster analysis (see Fernandez-Blanco et
al., 2009).

A finite mixture model comprises two parts estingasémultaneously. The first part consists
of modeling the behaviour function (e.g. a demanatlje, cost, supply or production function)
of interest. The second part clasifies observatimiodifferent groups acording to some critical
characteristics. Our model tries to capture tha danerating processes underlying the price
functions of contemporary art, where some obseevablaracteristics of the artworks are
included. The model will allow to determine how ngaegments or classes are more likely to
exit in the art market.

We have defined a Gaussian mixture model, i.e asgaime that the density for each segment
of the art market is normally distributed. Therefaassuming that a particular piece ofi ast

on sale in segmeitits likelihood can be written as:

L _bxe)
Lij(6) = —=e~ 7 (1)

whered) is a vector of parameters to be estimaye, the dependent variable (price), ant

a vector of explanatory variables that could deieenthe price of the artwork, such as size,
technique, author, etc. Note that a different vect@arameters is estimated in each class. That
is, in a finite mixture model we allow the paramstef the hedonic price function to vary
across pieces of art depending on their obsenedeacteristics and the class or segment
where the artwork is on sale. In particular, weardy model differences in the intercept, as is
common using traditional fixed or random effectsdels, but also differences in the slope
parameters. Our approach therefore allows us tcsuneeheterogeneity in prices related to
observable characteristics of the art market, ttveosk and the artist.

Simultaneously, a finite mixture model will expl@ample data in order to identify different
market segments, in our case based on the infaymatiailable on the auctions sales. In this
kind of models, we do not have to split the sampledvance into several groups because both
the price functions and the probability of membgrsdf a particular segment are estimated
simultaneously. Artworks are probabilistically segiad into several classes and for each class
a price function is estimated. Since each obsematnay have a non-zero probability of
belonging to any class, all the observations irstraple are used to estimate all the behaviour

functions.



In a finite mixture model, the class probabilitaas often parameterised as a multinomial logit

model. Following this specification, the probalyilif a particular piece of arbeing a member

of class, P, (9;), can be written as:
expe;'q,)

> _exp@;'q)

whereg is a vector of parameters to be estimatet a vector of variables that might include

R(3)=

I
[

9, =0 (@)

both observable characteristic of the artwork arti® art market, andlis the total number of
classes. Although each piece of art belongs to améyparticular group, the above probabilities
reflect the uncertainty that we have about the paritioning of the sample.

The unconditional likelihood for observatiois obtained as the weighted sum of thailass
likelihood functionsLj, where the weights are the probabilities of ctassnbershipPj. That

is,

L(68)=3L,(8))R(5,) . 0sR <l , £A =1 @)

||

where8= (6....8), 3= (A..., d).

The overall likelihood function resulting from (@hd (3) is a continous function of the vectors

of parametergandd and can be written as:
N N J
INL(6,5)=>In g(e,a):Z“ln{ZLij(ej)EPij(éj )} (4)
i=1 i=1 j=1

Under the mantained assumptions, maximum likelihmathniques will give asymptotically
efficient estimates of all the parametersiécessargondition for identifing the parameters of
this model is that the sample must be generatderéiftly for each segment or class. When
estimating the model, the number of classksn(equation (4) is taken as givenllis larger
than the “true” number of classes (i.e. if we tyfit a model with “too many” classes) our
model will be overspecified and the parameters aabe estimated.In order to select the
appropriate model (or the number of classes), we bamputed the BIC (Schwartz's criterion)
statistic. This statistic measures the model's gesd of fit, penalized by its complexity
(number of parameters). Hence, it can be usedrtgpace models with different numbers of

classes.

3 See Orea and Kumbhakar (2002) and Greene (2008)ftother discussion of this issue.



Once the parameters of the model are estimatey ctre be used to compute the conditional
posteriorclass probabilites as:
L, (8)IR(3)

PCITT) =5 (5)

> L(B)R(E)

Hence, posterior class probabilities depend onetftenatedd parameters but also on the
estimatedd for each and every group. Thus, finite mixture gleduse the goodness of fit of
each estimated behaviour function as additionarmétion, which can be used to identify

segments or classes.

5. Model

As we noted above, in this study we analyze therdehants of prices in the art market
focusing on the Surrealism movement. When a pateltiyer decides whether or not to bet in
an art auction for a particular artwork, she wake into account several elements that we have
reviewed in Section 2, such as size, cost of pribalugtechnique), artist’s reputation, gender,
age and/or nationality. Also, she will considerdtion and reputation of the auction house.
Finally, the evolution and trends of the global &xhl art markets will have an impact on the
final prices. Accordingly, the empirical model ImRrices at art market segmewnith different

characteristics of the piece of art, the artist tedlocal art market following:

InRj = (A, R, Mi, AH;, Ti) (6)
where

InP= (In) hammer price in USA dollar
Ai: Author characteristics

Pi: Painting characteristics

Mi: Local market

AH;: Auction house

Ti: Time controls

All these variables are summarized in Appendix 1.

Moreover, since unobserved heterogeneity is aa@akgsue in the art markets and just one set
of parameters could not be able to represent altdmplexity in the price formation process
of contemporary art markets, we have used finiteduné models. Therefore, on the one hand,

we theoretically assume that there are more tharsegment of submarkets in the art auction



market and, on the other hand, there is a verglampbserved heterogeneity that might not be

captured by a single equation model.

6. Results

We estimated two alternatives for equation (6)Miodel 1, auction houses determine prices
within segments but they do not affect the prolighaf belonging to a particular segment. In
Model 2, auction houses can determine both pricggsrmsegments and probabilities to be sold
in a particular segment. In both cases, we asshatdhe largest auction houses may have an
important market power or, at least, their repotel capital is paid back through a rise in
prices. This effect on prices may be direct oiraat by increasing the probability of moving
a particular painting to a more expensive segmfemt.each of these two models, we have
estimated 2, 3 and 4 latent classes specificat@nghe basis of the BIC (Schwartz's criterion)
statistic we have chosen the 3 latent classesfi&ditin as the most adequate for capturing
the price heterogeneity existing in both modelseskhresults confirm that, as expected, our

initial insight there is more than one segmenhimduction art market.

In Table 1 we present the estimated parametefdddel 1, which does not include the dummy
variables for Sotheby’s and Christie’s in the sitec equations. Thus, we are implicitly
assuming that these auction houses may have odiseet effect on prices. This effect is
statistically significant for Latent Classes 1 @jdconfirming the existence of a quasi-rent
linked to the market power or associated to theitegnal capital of this auction houses.
Figure Al in Appendix 1 presents the distributidn(log)prices for the three groups, being
Latent Class 1 the cheapest one and Latent Clagise®, on average, the most expensive
paintings are trade. According to this price disition, the quasi-rents of auction houses are
significantly different from zero only the two lowsegments. They are more or less similar to
a sixty five per cent in all cases but for Christia Class 1, where it has been estimated around
30 per cent.

Regarding the observed variables, paintings by de#tibrs are significantly more expensive
in the higher segments (Classes 2 and 3) but megatihe cheapest segment (Class 1). Also,
the time since the death of the author is releiemtihe most expensive segment (Latent Class
2) prices increase with death and keep rising fier mext 11 years but once reached this
maximum they start declining. On the contrary,tfe cheapest segment, death cut prices and
they keep falling for seven more years and them et recovering. In any case, it will take

20 years to return to prices previous the deathefrtist.



Model 1

Latent Class 1 Latent Class 2 Latent Class 3

Beta T-Student Beta T-Student Beta T-Student
YEAR -0.01621 -2.760 0.01332 2.820( -0.00380 -0.640
MONTH -0.00573 -0.750 0.00044 0.060 0.00188 0.230
DEAD -1.46829 -10.190 1.55020 12.720 1.19154 12.100
YEARS SINCE DEAD -0.23124 -3.330 0.19099 2.670 0.01316 0.220
YEARS SINCE DEAD SQUARED 0.01542 2.640( -0.00901 -1.480 0.00509 1.000
AGE AT PRODUCTION -0.01688 -1.600 0.01089 1.070 0.00330 1.860
AGE AT PRODUCT SQUARED 0.00011 1.110{ -0.00017 -1.680 0.00000 1.520
SIZE 0.00005 14.960 0.00006 8.650 0.00012 11.370
SIZE SQUARED 0.00000 -10.290 0.00000 -6.030 0.00000 -7.160
LONDON -0.12712 -0.920 1.25199 11.280 1.37916 8.790
NEW YORK 0.50533 3.580 1.56562 13.680 1.42810 9.680
AMSTERDAM -0.26611 -1.510| -0.33360 -2.020 0.04686 0.180
COLOGNE -0.05814 -0.270| -0.59217 -2.800 0.15663 0.560
MILAN 0.67929 4.020 0.22708 2.250 1.80038 11.860
ROME 0.39130 1.980 0.07874 0.500 1.73075 9.470
STOCKHOLM -0.41691 -1.820| -0.91574 -4.860| -0.31157| -1.580
VIENNA -0.30465 -1.400| -1.29610 -5.550| -1.03388 -5.710
BELGIUM -0.19289 -1.170 1.12115 8.990 1.35845 5.440
FRANCE 0.09480 0.850| -0.02637 -0.300| -0.20249 -1.570
UK -0.12419 -1.020| -1.72598 -10.350 1.88920 16.030
ITALY -0.65193 -5.240 0.17914 2440 -0.89444 -9.400
NETHERLANDS -0.12817 -0.880 0.43326 3.400 0.13873 0.810
SPAIN 0.71636 3.760 1.15772 10.350 1.46489 9.990
SOTHEBY'’S 0.61782 7.310| -0.09756 -1.030 0.67483 7.050
CHRISTIE'S 0.28118 3.530 0.07945 0.840 0.65611 7.170
CONSTANT 42.76693 3.640 -17.93885| -1.900 14.49246 1.220
Probabilities
Probabilities 22.52 46.54 30.94
o 0.76826]  29.332] 1.12439]  49.171[0.72532 [ 24.038
N 8860
Log likelihood -14784.74
AIC 29729.48
BIC 30296.62

Size presents the expected effect in all segmpntgs increase with size slowly up to a certain
point. This effect is more intense in Latent Cl8ssvhere the intermediate prices are more
common.

Finally, we have found important price differen@ssociated to the local art markets. On the
one hand, Milan, Rome, New York (and London fortihe upper segments) are associated to
higher prices. On the other hand, Amsterdam, Capyfienna and Stockholm seem to trade

art at lower prices especially at the most expensagment of the art market.

Model 2 includes Sotheby’s and Christie’s variabtethe selection equations. Thus, we are
implicitly assuming that these auction houses nmeayetan indirect effect on prices by moving
paintings they auction up to more expensive segsnehtthe art market. Figure A2, in

Appendix 1, presents the distribution of (log)psder the three groups. According to this

figure, the inclusion of the dummies in the selmwsi equations has increased the price



differences between groups and also has changéedsibes. Table 2 presents the estimated
allocation of paintings to the three Latent Class®ng the posterior probabilities. Giving the
observations that remain at the principal diagarighis table, over seventy per cent of the
observations were stably assigned to the same glgupghe two models. The main
discrepancies are linked to Latent Class 3 (intdiate segment) that shrinks one third when
allocation probabilities depend on the auction lesusnd a larger proportion of its previous

observations have been reassigned to the most @xpesegment of the art market.

Table 2. Comparison of Latent Class allocation®ating to posterior probabilities

Model 1
Model 2 Latent Class 1 Latent Class|2 Latent C3ass Total
Latent Class 1 1,175 208 574 1,957
Latent Class 2 192 3,638 1,011 4,841
Latent Class 3 192 266 1,604 2,062
Total 1,55¢ 4112 3,18¢ 8,86(

Table 2 displays estimated parameters for ModédcZording to the estimated model, the
indirect effect is only statistically significardgifLatent Class 1. As it is negative, it does imply
that artworks that in other regards would be pathe cheapest segment would become part
of a more expensive one if they were auctionedriyydad these two auction houses segment.
We did not find a statistically significant differee between the probability of being trade at
either Latent Class 2 or 3 if the auction is coneddy Cristie’s or Sotheby’s.

It has to be noticed that when we include thisriti effect, the direct effects found in Model
1 decreases. In fact, the direct effect is no lorgignificant for Christie’s at the cheapest
segment of the art market, although still signifitta positive for these two auction houses at
Class 3. According to Model 1 and 2, artworks mitiost expensive segment are not associated
to even higher prices if Christie’s or Sotheby’s avolved. Therefore, artworks which given
their characteristics would be part of the two ¢esa segments, will be more expensive if they
are on sale at Christie’s or Sotheby’s. This rssassociated to a direct and indirect effect on
prices. In any case, Model 2 also endorses theatiéize existence of a quasi-rent linked to
Christie’s and Sotheby’s.

The associated effects to the rest of the dependeiatbles are similar to those estimated in
Model 1. A remarkable change is that age at the tfrproduction is now significant at 5 per



cent of significance in Latent Class 3. This effiegbositive and exponential, so higher prices

are associated to “mature” artworks.

Model 2
Latent Class 1 Latent Class 2 Latent Class 3
Beta T-Student Beta T-Studept Beta T-Student
YEAR -0.02386 -3.48 0.01543 3.10 0.00063 0.09
MONTH -0.00514 -0.65 -0.00045 -0.06 0.01001 1.04
DEAD -1.26248 -6.87 1.42604 10.80 1.16062 7.78
YEARS SINCE DEAD -0.22008 -2.83 0.11926 1.74 0.05446 0.76
YEARS SINCE DEAD SQUARED | 0.01390 2.23 -0.00313 -0.54 0.00119 0.20
AGE AT PRODUCTION -0.00838 -0.78 0.00804 0.82 0.00693 2.38
AGE AT PRODUCT SQUARED 0.00004 0.37 -0.00015 -1.64 0.00001 2.34
SIZE 0.00005 13.48 0.00006 9.64 0.00014 10.60
SIZE SQUARED 0.00000 -9.36 0.00000 -6.32 0.00000 -8.37
LONDON -0.14684 -0.72 1.31734 11.63 1.28333 3.69
NEW YORK 0.56416 3.31 1.63391 13.75 1.24777 4.52
AMSTERDAM -0.21300 -0.92 -0.03907 -0.24 -0.69509 -1.79
COLOGNE -0.07752 -0.40 -0.56531 -2.25 0.03883 0.09
MILAN 0.91680 4.93 0.29230 2.72 1.67422 4.66
ROME 0.71963 3.48 0.06607 0.37 1.68978 4.15
STOCKHOLM -0.39106 -1.76 -0.90170 -4.34 -0.53010 -1.42
VIENNA -0.31132 -1.10 -1.43610 -5.13 -1.33118 -3.53
BELGIUM 0.04106 0.21 0.72155 4.02 2.41864 10.54
FRANCE 0.25253 0.88 -0.00128 -0.02 -0.39818 -1.08
UK 0.02761 0.20 -1.67101 -7.96 1.93237 14.25
ITALY -0.73716 -5.50 0.22432 2.68 -0.89098 -7.34
NETHERLANDS -0.04930 -0.28 0.26297 1.92 0.49916 2.19
SPAIN 0.57218 2.69 1.20301 11.01 1.47741 8.12
SOTHEBY'’S 0.47795 5.00 -0.43214 -2.86 0.41316 2.55
CHRISTIE'S 0.07008 0.77 -0.24364 -1.65 0.31903 2.32
CONSTANT 57.71806 4.20 -21.79560| -2.21 5.65772 0.39
Probabilities
SOTHEBY'’S -0.61710 -2.65 0.45743 1.58
CHRISTIE'S -0.73322 -2.84 0.38856 1.45
CONSTANT 0.23033 0.74 0.22575 0.60
c 0.78042 20.02 1.12089 43.69 0.75063 15.36
N 8860
Log likelihood -14760.5
AIC 29689.0
BIC 30284.5

In order to assess the overall performance of tbdeinwe can compare the observed and
predicted values of the dependent variable. We banweuted predicted values as the mean of
the predicted values for each class weighted byds¢erior probabilities. Model 1 presents a
deviation between the observed and the predicteesain absolute terms, larger than Model
2. Also, Model 2 has a BIC smaller that Model Erdfore Model 2 is preferable than Model

1 according to this criterion.

7. Conclusions
A serious problem in the art market is the vergdaunobserved heterogeneity, i.e., modern
artworks are highly diverse and some of their ctteréstics may not be directly measured. In

order to reduce in some extent the unobserved dggreity, we have used a sample on



paintings sold at auctions between 1990 and 20@rkto different schools and movements
of Surrealism. However, even limiting our analysisSurrealism, just one value function may
not be enough to capture differences in price foiona

In this paper, we have used finite mixture modelestimate price functions in the art market.
These models have allowed us to check whether ih@nere than one price mechanism in the
auction art market. We have assumed that each emdigmt mechanism can be used to define
an art market segment. Thanks to this procedureeyeet the hypothesis of a unique price
structure in auction markets for Surrealism. Adiyalve have identified three statistically
differentiated segments in our data set.

Furthermore, we have found that the most impodantion houses, Christie’'s and Sotheby’s,
have a double way of influencing prices. Their efien prices may be direct (they are able to
sell at higher prices within each segment of thenaarket) or indirect (they are able to
increasing the probability of moving a particulairnging to a more expensive segment). We
assume that Christie’s and Sotheby’s may haveetfest due to their technical expertise and
their reputational capital but they may also infloe a certain degree of market power.

We have found important price differences relatethe local art markets. On the one hand,
paintings auctioned in New York, Milan, Rome anchton are associated to higher prices.
On the other hand, Amsterdam, Cologne, Vienna dondkBolm seem to trade art at lower
prices, especially at the most expensive segmethiecdirt market.

Regarding the observed characteristics of the ipgsitwe have confirmed the expected level
effect of artist's death and the quadratic releiop between time since death and size.
Conversely, age at the time of production presanteaker influence on prices. These effects

vary between segments, changing their intensity eneh, their signs.



Annex |.
Artistsincluded in the Dataset

Surrealism: E. Agar (1904-1991), H. Bellmer (1902-10975), Bfauner (1903-1966), M.
Bucaille (1906-1992), E. Burra (1905-10976), A. laaid (1902-1990), L. Carrington (1917-
), E. Crociati (1902-1979), S. Dali (1904-10989) Dax(1913-), O. Dominguez (1906-1957),
E. Ende (1901-1962), M. Ernst (1891-1976), L. Eir818-1996), A. Giacometti (1901-1966),
D. Giacometti (1902-1985), H. B. Goetz (1909-19&3)Hugnet (1904-1974), L. Hurry (1909-
1978), F. Labisse (1905-1982), W. Lam (1902-1982).eon (1901-1982), J. Lucart (1894-
1970), J. Lurcat (1892-1966), H. Jacques (1910-1987Kiesler (1896-1965), R. Manritte
(1898-1967), G. Malkine (1898-1970), A. Masson @-8987), L. Mathelin (1905-1981), R.
Matta (1911-2002), E. L. T. Mesens (1903-1968Miro (1893- 1983), A. J. M. Mouron
(1901-1968), A. Neel (1900-1984), R. Oelze (1908a)9 M. Oppenheim (1913-1985), W.
Paalen (1905-1959), O. D. Palazon (1906-1958),gRrd3e (1900-1984), C. Richards (1903-
1971), R. Riggs (1896- 1970), K. Sage (1898-1983F,. Schroeder-Sonnenstern (1892-1982),
K. Seligmann (1900-1962), Y. Tanguy (1900-1955)TBnning (1912-), Toyen (1902-1980).

Padan Surrealism: Surrealismo Padano sono stati considerati, pealdolo degli indici del
movimento, | seguenti artisti: B. Cassinari (19882), |. Cremona (1905-1979)L. Cremonini
(1925-), F. Ferrazzi (1891-1978), G. Ferroni (12BD1), G. Fieschi (1921-), F. Gentilini
(1909-1981), C. Guarienti (1923-), G. Usellini (B9D971).

Mexican Surrealism: M. Covarrubias (1904-1957)J. G. Galvan (1910-)9%&8 Izquierdo
(1908-1950), F. Kahlo (1907-1954), J. O’Gorman 8:9982), G. Orozco (1883-1949), J. C.
Orozco (1883-1949), R. Orozco (1898-1984), F. Paleckeon (1895-1949), D. Rivera (1886-
1957), M. Rodriguez (1912-1990), M. G. Serrano {#2260), D. A. Siqueiros (1896-1974),
R. Tamayo (1899-1991), A. Zarraga (1886-1946).

Modern Surrealism: B. Canas (1933-), A. Cardenas (1927-), J. Camgdi®d4-), F.
Castaneda (1933-), P. Coronel (1923-), J. L. Caiél@33-), M. Cuixart (1925-), K. Klapheck
(1935-), A. Morales (1927-), R. Morales (1925-) Steinberg (1914-), G. Tooker (1920-), A.
Turner (1943-).

Dada: M. de Picabia (1879-1953), M. Janco (1895-19&1)Hausmann (1886-1971), K.

Schwitters (1887-1948), H. Arp (1886-1966), Man Ra890-1976), S. Charchoune (1888-
1975), C. Demuth (1883-1935), M. Duchamp (1887-8)96. Van Rees (1884-1957), F. W.
Seiwert (1894-1933), H. Richter (1908-1993), A. 8€4875-1944), J. Crotti (1878-1958), E.
Blumenfeld (1897-1969), B. Wood (1893-1998), Prd&h (1896-1983), J. T. Baargeld (1892-
1927).

Metafisica: G. Moranti (1890-1964), G. De Chirico (1888-1978) Delvaux (1897-1954), M.
Campigli (1895-1971), F. Castrati (1883-1963), #uinte (1915-1997), F. De Pisis (1896-
1956), M. Tozzi (1895-1978), C. Carra (1881-19€%)Sciltian (1900-195), T. Garbari (1893-
1931), F. Tomea (1910-1960), G. Cesetti (1902-1994)Peiffer (1896- 1976), W. Rippel
(1905-1962), I. Poetsch (1884-1943), M. Thu (19084), W. Ripper (1905-1962), A. Lunn
(1905-1986), G. Colaccini (1900-1993), S. Jons@®02t1981), G. Brockmann (1903-1983),
J. W. Von Tscharner (1886-1946).

Neor omanticism: H. Moore (1898-1986), B. Hepworth (1903-1975)BErman (1899-1972),
J. Craxton (1922-), J. Piper (1903-1992), J. Min{p®17-1957), C. Berard (1902-1949), L.



Berman (1898-1976), P. Nash (1889-1946), P. Tatit (1898-1957), M. Ayrton (1921-
1975), A. Osterlind (1887-1960), L. Underwood (189Y8).

Magic Realism: I. Albright (1897-1983), N. Bentivoglio Scarpa8d7-1946), C. Breveglieri

(1902-1948), P. Cadmus (1904-1999), K. Dick (19624a), A. Donghi (1897-1963), R.

Francalancia (1886-1965), J. French (1905-1988)Funi (1890-1972), O. L. Guglielmi

(1906-1956), R. Hynckes (1893-1973), B. de Rolaskéwski (1908-2001), P. Koch (1901-
1991), J. Mankes (1889-1920), P. Marussig (18797)1,93. Oppi (1889-1946), C. Rain (1911-
1985), P. Roy (1880-1950), C. Socrate (1889-19€6)Toorop (1891-1955), A. C. Willink

(1900-1983), R. Ziegler (1891-1992), G. Casciar@0(t1963), |. Outwaite-Rentoul (1888-
1960), H. Von Reyl-Hanish (1898-1937), J. Fous (#9A®70).

Cobra: Jorn (1914-1973), P. Alechinsky (1927-), K. Apfi21-), B. Van Guillame (1922-),
A. Rooskens (1906-1976), H. Reinhoudt (1928-), &b3en (1912-1993), E. Brands (1913-
2002), G. Benner (1897-1981), L. Bengt (1925-)UBac (1910-1985), T. Shinkicmi (1923-),
C. H. Pedersen (1913-), C. Nieuwenhuis (1920Bupy (1922-), T. Wolvecamp (1925-1992),
M. Balle (1921-1988), J. Nieuwenhuis (1922-1986),®¢ar (1915-1997), H. Heerup (1907-
1993), S. Gilbert (1910-), J. Diederen (1920-)MJ.Atlan (1913-1960), J. Lucebert (1924-
1994), E. Jacobsen (1910-1998), J. Doucet (1924)199. W. Svanberg (1912-1994), W.
Hussem (1900-1974), S. Vandercam (1924-), S. Guinés909-1988), S. Ferlov (1911-
1985), C. Dotremont (1922-), E. Ortvad (1917-)Bile (1910-2004), S. Gilbert (1910-).

Vienna School: E. Fuchs (1930-), W. Hutter (1928-), R. Hausri&1@-), E, Brauer (1929-),
A. Lehmden (1929-), Nuclear Movement: G. Dova (19291), E. Baj (1924-), L. Del Pezzo
(1933-), S. Dangelo (1931-), G. Allosia (1910- 1p&3. Bestini (1922-), B. De Bello (1938).

Massurealism: J. Seehafer, C. Bajardo Jr, S. Hacker, M. Morris.
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Appendix

Table Al. Descriptive Statistics

Mean Std. Dev.
Ln(PRICE) 10.400 1.640
YEAR 1999.87 5.332
MONTH 7.336 3.318
DEAD 0.790 0.407
YEARS SINCE DEAD 0.245 1.443
AGE AT PRODUCTION 49.842 17.313
SURFACE 6006.25 9163.7
LONDON 0.276 0.447
NEW YORK 0.221 0.415
AMSTERDAM 0.100 0.300
COLOGNE 0.020 0.141
MILAN 0.173 0.378
ROME 0.036 0.187
STOCKHOLM 0.017 0.131
VIENNA 0.022 0.147
BELGIUM 0.058 0.234
FRANCE 0.085 0.279
UK 0.070 0.255
ITALY 0.197 0.397
NETHERLANDS 0.116 0.320
SPAIN 0.044 0.204
SOTHEBY’S 0.340 0.474
CHRISTIE’S 0.368 0.482




Figure Al. Price distributions by groups based adil 1 posterior probabilities
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Figure A2. Price distributions by groups based adi 2 posterior probabilities
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