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Bubbles and Trading Frenzies:

Evidence from the Art Market

Abstract

The art market is subject to booms and busts in both prices and volume, which
are di�cult to reconcile with models where agents trade to consume. This paper
shows that: (i) a high trading volume coincides with higher prices and more spec-
ulative trades, (ii) a high volume predicts negative returns, especially in the most
volatile art schools, (iii) a substantial increase in transaction costs decreases art
prices and can destroy the return-volume relation, and (iv) short-term transactions
underperform and are riskier than long-term transactions. The evidence is consis-
tent with a resale option model of speculative trading where the impossibility to sell
short embeds a bubble component in prices. This paper suggests that speculative
trading can generate significant price bubbles, even when trading costs are huge.

As a collector, I trade all the time, it’s the capitalist in me.1

In January 1989, Financial Times journalist Robin Duthy (1989) wrote: “The art

market today is in a sound state, but the danger is that the long run of sparkling results

for paintings by Monet, Van Gogh, and other household names will create an illusion that

all art is safely strapped in on some kind of magic escalator.” In the five-year period from

1985 to 1989, art prices had grown by 164%, in a context of record sales and apparent

overoptimism. In the subsequent two years, real prices bounced back to their 1986 levels.

A similar run up in prices, and subsequent collapse, was to a lesser extent reproduced in

2002-2008, and many are those who see another “bubble” in current prices.

Speaking of “bubbles” requires a definition of fundamental value, which is challenging

when applied to art. As art prices soar, art dealers, auctioneers, and art gallery sales

people often emphasize the resell value, while after a bust, they tend to comfort collectors

by stating that pleasure is the best dividend when investing in art. For economists, works

of art di↵er from traditional assets or durable goods in that they yield a non-pecuniary

aesthetic or utility dividend. This utility dividend can be seen as the rent one would be

willing to pay to own this work of art over a given time frame. It can reflect aesthetic

pleasure but also has the ability to signal its owner’s wealth. The value of this dividend is

of course unobservable and is likely to vary tremendously across art collectors. As pointed

1Quoted in the Wall Street Journal (Peers, 2008).
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out by Lovo and Spaenjers (2014), however, the auction market introduces a common-

value element into prices. The price of a work of art should therefore equal the present

value of future (private) utility dividends over one’s expected holding period, plus the

expected (market) resell value, i.e. the discount rate model could be used to price art.

We can readily propose a definition of fundamental value. Assuming the last bidder on a

work of art is the one who values it the most, the fundamental value of an artwork is his

own private value. Hence, a “bubble” corresponds to a market where agents are willing to

pay more than their private value, because they expect to resell later at a higher price.2

Viewing art as an asset helps understand the possible sources of art price fluctuations.

The most straightforward explanation is that the utility dividends fluctuate over time as

they depend on buyers’ willingness to pay for art, which in turn depends on their pref-

erences and wealth3 (Mandel, 2009). In order to explain art prices volatility, however,

preferences regarding art and culture as a whole would have to fluctuate dramatically.

Even if fads can temporarily emerge for some specific artists or school of art (Pénasse

et al., 2014), the previous literature has shown that tastes tend to be very stable, even

in the long run (Ginsburgh and Weyers, 2008; Vermeylen et al., 2013; Graddy, 2013).4

Alternatively, the utility dividend can oscillate because people’s wealth fluctuates over

time. The literature has provided evidence supporting this idea, which we denote as lux-

ury consumption. For example, Goetzmann et al. (2011) find cointegrating relationships

between top incomes and art prices. Finally, art’s fundamental value can fluctuate be-

cause the discount rate, i.e. the risk premium associated to holding works of art changes

over time.5

A salient feature of art price booms is that they are accompanied, and sometimes

preceded, by large volumes. Figure 1 shows that the total number of transactions rose

45% from 1985 until its peak in 1989, and many segments of the market reached much

higher levels. For example, during the same period, the prices and volume of Pop artists

respectively rose 354% and 167%; more works by Andy Warhol where sold in 1989 than in

2Two years before the 1990 bust, the following quote appeared in the New York Times: “Paintings
that used to sell for $400,000 are now going for $4 million to $5 million. [. . . ] And when you pay those
prices, you’re an investor. You’ll see the paintings bought at these sales come up for auction again in
several years” (Glueck, 1988).

3This assumes that art consumption increases with wealth, i.e. that works of art are luxury goods.
4Citing Stigler and Becker (1977), LeRoy (2004) further argues “against relying on assumed preference

shifts to explain price fluctuations, especially when there exist alternative explanations that do not appeal
to preference shifts.”

5Fluctuations in the discount rate is the most straightforward explanation of asset prices fluctuation
within e�cient markets (Cochrane, 2011).
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the four previous years combined. The positive correlation between art prices and volume

corroborates a similar observation about many historical bubbles, such as the South Sea

Bubble, or more recently the Internet bubble in the late 1990s.6 Moreover, the share of

short-term transactions, identified as purchases that were resold within the next year, rose

from 10% to almost 20%. This is a remarkable increase, knowing that the transaction

costs in auction markets are minimally 20% of the hammer price.7 Interestingly, the

relation between prices and volume is not confined to a few episodes or markets. Price

increases generally coincide with rises in volume: between 1976 and 2006, the correlation

between changes in art prices and changes in art volume was as high as 54%.

[Insert Figure 1 about here]

What can explain such trading frenzies? In traditional asset pricing models agents

cannot trade when they share identical prior beliefs (Tirole, 1982; Milgrom and Stokey,

1982), they rather trade to consume, i.e. because their preferences or wealth di↵er. The

rationality assumption rules out any form of speculative trading, because in such models

agents agree on economic fundamentals and therefore cannot expect to make a profit by

reselling later. Several seminal papers, in contrast, emphasize the role of speculation on

price formation when agents hold heterogeneous beliefs or priors (Miller, 1977; Harris

and Raviv, 1993). For example, agents can trade because they are overconfident about

their own trading abilities (Scheinkman and Xiong, 2003), because they su↵er from con-

firmatory bias (Pouget et al., 2014), or because they are trying to infer what others are

thinking (Biais and Bossaerts, 1998). These models suggest that “market sentiment” or

di↵erences of opinion can push prices above fundamentals. Their arguments hinge on the

assumption that short-sale constraints prevent arbitrageurs from pulling back prices to

fundamentals (Miller, 1977; Baker and Stein, 2004). When prices are high, pessimists

would like to short sell, but instead simply stay out of the market or sell to optimists at

inflated prices. Moreover, optimists may be willing to pay higher prices than their own

valuations, because they expect to resell to even more optimistic investors in the future

6See e.g. Cochrane (2003); Ofek and Richardson (2003). Xiong (2013) notes that classical economists
such as Adam Smith, John Stuart Mill, Knut Wicksell, and Irving Fischer readily proposed the concept
of “overtrading,” the process whereby euphoric investors buy assets solely in anticipation of future capital
gains (Kindleberger, 1978). The first historical bubbles where readily characterized by trading frenzies.
For example, Carlos et al. (2006) show that turnover in the shares of the Bank of England, the East India
Company, and the Royal African Company increased dramatically during the South Sea Bubble of 1720.

7Auction houses typically charge commissions of around 10% to both buyers and sellers (Pesando
(1993), Ashenfelter and Graddy (2003)). Of course, art buyers also have to take into account storage and
insurance costs.
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(Harrison and Kreps, 1978; Scheinkman and Xiong, 2003). The di↵erence between their

willingness to pay and their own optimistic valuation is the price of the option to resell the

asset in the future. The price of the resale option imparts a stationary bubble component

in asset prices, and can explain price fluctuations unrelated to macroeconomic fundamen-

tals. This mechanism, which we label “resale option theory”, is particularly appealing in

explaining art price fluctuations, because in art markets short selling is not possible and,

absent a rental market, the only possibility to make a profit is by reselling at a higher

price.

This paper studies art price fluctuations and trading using a comprehensive data set

of nearly 1.1 million auction sales, and tests how well resale option theory’s predictions

hold up in the data. We begin by examining what drives trading volume. The previous

literature, which has extensively studied the demand for works of art, has remained silent

on the informational content of trading volume. We find that the share of very short-

term transactions, the sales rate, art-specific volatility and the share of the riskier art

movements increase when volume increases. While prices increase with top incomes, which

proxy for market demand, the contemporaneous relation of top income augmentation with

volume is positive but insignificant.

We then ask whether a high volume coincides with overpricing, which is the most

important prediction of the theory (Hong and Stein, 2007). Although the fundamental

value of art is unobservable, a clear test of overpricing is that volume negatively pre-

dicts returns, while controlling for potential changes in fundamental value. Crucially, our

dataset contains more than 20,000 pairs of transactions where identical items have been

identified at the time of purchase and subsequent resale. This enables us to test directly

the overpricing prediction of the resale option theory. In order to control for changes

in fundamental value, we then turn to the classic capital asset pricing models (CAPM,

Fama-French factor models) to express art excess returns in terms of risk factors, and

additionally control for changes in artist fame and changes in volume. A one standard de-

viation increase in volume will on average increase future excess returns by 15.3% over the

holding period, or 2.6% per year. This long-term correlation between volume changes and

art returns is much larger than the e↵ect of stock returns (4.9% on average) and the e↵ect

of taste (4.8% on average). Importantly, this relation is robust across time, which means

our results are not driven by the 1990s boom. In addition, we use an episode of collusion

between the two main auction houses to study the impact of a increase in transactions
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costs. We find that the collusion had a dramatic negative impact on resale prices, and

that the return-volume relation disappeared during this two-year period, lending further

support to resale option theory.

Guided by a simple model of speculative trading between rational collectors and over-

confident speculators, we also derive empirical predictions with respect to the cross-section

of art returns. We find that high-volume artists tend to earn lower returns on average.

Our model assumes that speculators trade more often than collectors; they also tend to

sell at a loss. Thus round-trip transactions with short holding periods are likely to reflect

speculative, ine�cient transactions. We find that short-term transactions tend to be less

profitable and more volatile on average, as predicted by our model.

Our paper contributes to a number of strands of the literature.

First, we provide evidence supporting a resale option theory and, in particular, the

bubble model of Scheinkman and Xiong (2003). The previous literature has provided

empirical evidence related to events limited in time, such as the Chinese warrant bubble

(Xiong and Yu, 2011) and the Chinese A-B share premia (Mei et al., 2009). Palfrey

and Wang (2012) also find evidence of speculative overpricing in laboratory-controlled

asset markets. Our finding is novel, in that overpricing is not driven by a single event.

Speculation occurs in spite of huge transaction costs, as conjectured by Scheinkman and

Xiong (2003). We directly relate the large fluctuations in art prices to a stationary

overpricing component. We argue that this overpricing component, which is proxied by

trading volume, induces predictability in art returns.8 Bubbles in the art market are

unique in that they can start in the absence of large uncertainty or innovation9 and are

not driven by excess credit or leverage (Stein, 1995; Geanakoplos, 2010).

Second, our data enables us to examine the empirical relation between prices and vol-

ume. While this relation has been extensively examined in other asset markets, including

the housing market,10 virtually no research exists on markets of collectibles. Ashenfelter

and Graddy (2011) study sales rates at art auctions, but not volume per se. Bai et al.

(2013) examine volume through the lens of international trade. Our set-up is complemen-

8This stands in marked contrast to the purely rational view that argues that changes in the discount
factor induces return predictability (see Cochrane (2011) for an overview of this literature). A recent paper
by Cujean and Hasler (2014) also argues that disagreement generates predictability over the business cycle.

9Innovation and uncertainty is an inherent element of asset prices bubbles (see e.g. Xiong (2013),
which complicates the identification of bubbles even ex post. See, e.g. Pastor and Veronesi (2006) for a
rational explanation of the 1990 Internet bubble.

10See Genesove and Mayer (2001), Clayton et al. (2008); see also Piazzesi and Schneider (2009) and
Favara and Song (2013) for arguments in terms of overpricing.
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tary to that of Korteweg et al. (2013) and Lovo and Spaenjers (2014), who examine how

changes in market values correlate with the likelihood of trading for individual artworks.

Third, our paper extends the understanding of the drivers of “emotional asset” prices.

Previous research has insisted on the role of wealth, proxied by equity returns and changes

in the income distribution (Goetzmann et al., 2011; Hiraki et al., 2009). Interestingly,

Hiraki et al. (2009) explain the 1990 art price bubble in fundamental terms: luxury

consumption by Japanese art collectors pushed international art prices up until the art

bubble burst as a direct consequence of the collapse of the Japanese real estate market.

We provide an alternative interpretation emphasizing speculative dynamics, which has

been largely overlooked by the literature. Pénasse et al. (2014) use survey data to show

that optimism about individual contemporary artists has predictive power of short-run

art returns, in line with the idea that fads a↵ect the prices of individual artists. In a

similar vein, Renneboog and Spaenjers (2013) construct an aggregate art market sentiment

indicator, based on sales volume, buy-in rates, and the tone of press reports on the art

market, which covaries with art prices. Still, that study does not address a price-volume

correlation nor provides evidence of return predictability.11

Fourth, we shed more light on the behavioral anomalies that characterize the auction

market. Mei and Moses (2005) show that high estimates at the time of purchase are

associated with adverse subsequent abnormal returns, which suggests that credulous col-

lectors are likely to be influenced by biased presale estimates. Beggs and Graddy (2009)

and Graddy et al. (2014) provide evidence of anchoring and loss aversion in art auctions.

De Silva et al. (2012) show that investors’ emotional state (in their paper influenced by

the weather at the time of the auction) can a↵ect price formation of paintings with a

relative high private value. Pesando and Shum (2007) present anecdotal evidence of “ir-

rational exuberance” in the prices realized at the 1997 sale of the collection of Victor and

Sally Ganz at Christie’s in New York. They argue that the buyers of five Picasso prints

probably overpaid, as evidenced by the dramatically lower prices realized by these prints

in their subsequent appearances at auction. Our results suggest that this tendency of

collectors to overpay is significant and widespread.

The remainder of this paper is structured as follows. Section I sets up a simple trading

11Two recent papers also investigate the short-term dynamics of art prices. Pownall et al. (2013)
employ a regime switching model to describe the dynamics of art prices using a threshold variable that
drives prices into possibly locally explosive regimes. Kräussl et al. (2014) use a right-tailed unit root test
with forward recursive regressions to detect explosive behaviors in the prices of four di↵erent art market
segments.
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model motivating the empirical analysis. We present our dataset in Section II. Section

III discusses the information content of volume. Our core results are presented in Section

IV, where we show that volume has long-term predictive power. Section V discusses the

interpretation of our empirical findings and Section VI concludes.

I. A Model of Speculative Trading

This section develops a simple model in the flavor of Scheinkman and Xiong (2003) and

Scheinkman (2014) and derives key empirical predictions. The next sections test these

predictions empirically.

Consider the market for a risky asset. The asset is indivisible and for simplicity only

one unit of the asset is available. There is also a riskless asset in perfectly elastic supply,

and fiat money. Investing � < 1 units of money in the riskless asset at t yields one unit

in t+ 1. There is an infinite horizon, and at each date t, the following sequence of events

occurs: (i) the risky asset pays a random dividend ✓; (ii) investors observe a public signal

about next-period dividend; (iii) trading may occur. Two types of risk-neutral agents

compete for the asset, speculators S and collectors C. The latter tend to value the asset

more than speculators, which we model by assuming that collectors receive an additional

private dividend d at the beginning of each period.

Once the dividend has been paid, agents observe a public signal, denoted �
t

2
{�s, 0, s}. The signals do not contain genuine information: they are independent of

future dividends. Before the signal is observed, agents hold identical beliefs that E✓ = ✓̄.

Although signals are uninformative, speculators believe that the expected value of ✓ is

✓̄ + �, so that the signal a↵ects their willingness to pay for the asset. In contrast, collec-

tors rationally ignore the signal when deciding how much to pay for the asset. Since the

signal is public, agents in di↵erent groups agree to disagree about the asset’s fair value.

For example, speculators may display overconfidence about their ability to forecast future

asset prices, as in Scheinkman and Xiong (2003). We assume that the probability that

�
t

= �s equals the probability that �
t

= s, so that speculators’ forecasts of next-period

dividend are unbiased on average. Both types of agents know this probability that we

write ⇡  1/2. Note that, after having observed the signal, speculators and collectors

disagree with probability 2⇡, (and agree with probability 1 � 2⇡ � 0). Thus, as noted

in Scheinkman (2014), we may think of the parameter ⇡ as a measure of di↵erences in

7



beliefs.

Suppose first that the asset cannot be resold. We denote b̄C
t

and b̄S
t

as the willingness

to pay of collectors (respectively, speculators) in that case. In the absence of a resale

opportunity, the willingness to pay is the present value of expected future dividends:

b̄C
t

=
�

1� �

�
✓̄ + d

�
(1)

b̄S
t

=
�

1� �

�
✓̄ + (1� �)�

t

�
. (2)

We assume that even if the signal is high, collectors still value the asset more than

speculators, so that b̄C
t

> b̄S
t|�t=s

. This amounts to assuming that s < d/(1� �).

We now turn to the case where the asset can be resold. At each date, after the public

signal is observed, the owner of the asset (either a collector or a speculator) can choose to

pay a fixed cost c > 0 to put the asset for sale. In that case, a large number of agents of

the other type compete for the asset à la Bertrand. This pushes their bids for the asset

up to their reservation value.

Suppose that a collector holds the asset at time t. Let bC
t

denote the willingness to pay

of the collector. He will choose to resell the asset if the price p
t

> bC
t

+c. Since speculators

do not receive a private dividend, they may only want to buy the asset when they believe

the next-period dividend will be large, that is when �
t

= s. We assume that s is large

enough, so that speculators are indeed willing to buy the asset in that case.12 Thus when

�
t

= s, overoptimistic speculators will compete for the asset. Because competition pushes

prices up to the bidders’ willingness to pay, the market clears at the price p
t

= bS
t|�t=s

. If

�
t

2 {0,�s}, no one trades and the collector keeps the asset.

Alternatively, if a speculator holds the asset at time t, he will choose to resell it if

p
t

> bS
t

+ c. Thus if the signal is high, the speculator keeps the asset. Otherwise if

�
t

2 {0,�s}, he resells it to a collector and the market clears at the price p
t

= bC
t

.13

For simplicity, we assume that when agents do not trade the price of the asset equals

its owner’s willingness to pay. Hence prices can only take two values. When �
t

= s,

a speculator buys (or keeps) the asset and p
t

= bS
t|�t=s

. This occurs with probability ⇡.

Otherwise, with probability 1� ⇡, a collector buys (or keeps) the asset and p
t

= bC
t

.

12This amounts to assuming that bSt|�t=s > bCt + c. Note that we do not index collectors’ willingness to
pay with �t, since the latter rationally ignore the signal.

13We assume that only the seller pays a transaction cost. Including buyer commissions slightly com-
plicates computations and does not yield any additional insights.
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We can now solve the model by writing the willingness to pay for the asset by collectors

and (optimistic) speculators at time t:

bC
t

= �
�
✓̄ + d+ ⇡(bS

t|�t+1=s

� c) + (1� ⇡)bC
t+1

�
(3)

bS
t|�t=s

= �
�
✓̄ + s+ ⇡bS

t+1|�t+1=s

+ (1� ⇡)(bC
t+1 � c)

�
(4)

If a collector buys the asset in t, he will resell it in t+1 to a speculator if the signal is

high, paying a trading cost c. Otherwise, he will enjoy the asset for an additional period.

Collectors’ willingness to pay bC
t

therefore equals next-period expected dividend ✓̄ + d, a

term reflecting the resale value to a speculator (times ⇡) and a term corresponding to

his willingness to pay in t + 1 (times 1 � ⇡). The same logic applies to the speculator’s

willingness to pay.

Observe that the di↵erence between the willingness to pay of both agents is constant:

bS
t|�t=s

� bC
t

= � (s� d� c(1� 2⇡)). Let � denote the premium that an optimistic specu-

lator is willing to pay in excess of a collector’s willingness to pay:

� ⌘ � (s� d� c(1� 2⇡)) . (5)

Substituting bS
t|�t=s

= bC
t

+� in (3) yields bC
t

= �bC
t+1+�

�
✓̄ + d+ ⇡(�� c)

�
. Assuming

that lim
T!+1

�T bC
t+T

= 0, we obtain

bC
t

= p
t|�t2{�s,0} =

�

1� �

�
✓̄ + d+ ⇡(�� c)

�
(6)

bS
t|�t=s

= p
t|�t=s

=
�

1� �

�
✓̄ + d+ ⇡(�� c)

�
+�. (7)

Equations (6)-(7) summarize the dynamics of the model. Art prices jump between two

values, depending on the level of the signal. Average prices are constant, reflecting our

assumption that dividends are constant and that agents are risk neutral. The following

propositions establish that expected prices, volumes, and price variance are correlated

(All proofs are in Appendix A).

Proposition 1. Expected prices, price variance, and volume rise with the di↵erence of

opinions parameter ⇡.

As in Scheinkman and Xiong (2003), fluctuations in disagreement, modeled here by

the parameter ⇡, will generate comovements between the average size of the bubble and

9



trading volume. The next proposition makes explicit our assumption that short-term

transactions stem from speculators:

Proposition 2. On average, a collector holds the asset for a longer period than a specu-

lator. The average holding periods for agents of each group are

E(h|C) =
1

⇡
(8)

E(h|S) =
1

1� ⇡
. (9)

In a world where many assets are traded, ⇡ also gives us the proportion of optimistic

speculators. Changes in ⇡ therefore correspond to changes in the probability of disagree-

ment, changes in the proportion of speculators, and changes in volume. Broadly defined,

as in the previous literature, volume can thus be seen as an indicator of investor sentiment

(Baker and Stein, 2004; Hong and Stein, 2007).

Prediction 1. Art prices, art volume, the variance of art prices, and the proportion of

short-term transactions are positively correlated.

Comparing Equations (1)-(6) and (2)-(7) reveals the existence of a speculative com-

ponent in the price of the risky asset. This speculative component reflects the price of the

resale option (as in Harrison and Kreps (1978))) that the buyer is willing to pay, knowing

that he will be able to resell the asset in the future.

Proposition 3. There is a bubble in the price of the asset. Buyers always pay a higher

price than their own estimates of the value of future dividends.

bC
t

� b̄C
t

=
�

1� �
⇡(�� c) (10)

bS
t|�t=s

� b̄S
t|�t=s

=
�

1� �

⇣
⇡(�� c) + d� (1� �)s

⌘
+�. (11)

The size of the bubble increases with the di↵erence of opinion parameter ⇡, and decreases

with the transaction cost c.

Therefore, a large ⇡ is symptomatic of a large bubble. Since large values for ⇡ are

eventually followed by lower values, a large trading volume (or a large share of short-term

transactions) should forecast low returns.

This proposition gives us the central prediction of resale option theory:

10



Prediction 2.a. Periods of large volume are followed by low or negative long-term returns.

Likewise, for a given time t, a relatively large ⇡ should be followed by relatively low

returns, so that our second prediction may be verified in the times-series dimension (as

above) and in the cross-section:

Prediction 2.b. Artists characterized by above average volumes earn below average re-

turns.

Note that the existence of the bubble rests on our assumption that the di↵erence

between speculators’ and collectors’ willingness to pay is large enough to compensate for

transaction costs, i.e. � > c. A modest increase in c reduces the size of the bubble as long

as this assumption holds. A large increase in c may destroy the incentive to resell later.

This gives us the following prediction:

Prediction 3. An increase in transaction costs reduces asset prices, and reduces price-

and return-volume correlations.

Since the econometrician cannot distinguish speculators from collectors, it is useful to

derive predictions in terms of the length of the holding period, which is observable. We

denote h as the length of the holding period and k as the number of time periods (e.g.

months) between two trades. The following proposition describes the term structure of

conditional returns and volatilities.

Proposition 4. Expected returns increase with the holding period. Long-term transactions

are less volatile than short-term transactions. Expected returns and variances conditional

on the holding period are given by:

E(R|h = k) = �
(1� ⇡)k�1 � ⇡k�1

(1� ⇡)k�1 + ⇡k�1
(12)

V (R|h = k) = �2 � (E(R|h = k))2. (13)

In our model collectors always resell artworks at a profit to speculators, who therefore

always underperform. Both speculators and collectors know the future resale price and

thus face a zero variance. When the holding period increases, Proposition 4 implies that

the econometrician observes more transactions from collectors and fewer transactions

from speculators. Therefore, conditional expected returns increase, because collectors

outperform speculators. In this simple setup, since the only source of variance comes
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from the distribution of sales across agents, the conditional variance of returns decreases

with the holding period and converges to zero when only transactions from speculators

are observed.

Prediction 4. Average returns increase with the holding period. The variance of round-

trip returns decreases with the holding period.

II. Data

This paper uses the historical data set constructed by Renneboog and Spaenjers (2013),

which comprises information on more than one million transactions of art at auction over

the period from 1957 until 2007. The dataset initially overweighs the London sales, but

as of the middle of the 1970s, the coverage consists of all major, medium-sized, and even

smaller auction houses around the world. We thus concentrate our analysis of price and

volume on the 1976-2006 period.14 The sales concern oil/acrylic paintings and works

on paper (water colors, gouaches, etchings, prints) by more than 10,000 artists. Almost

half of the artists are classified into one or more of the following movements: Medieval

& Renaissance; Baroque; Rococo; Neoclassicism; Romanticism; Realism; Impressionism

& Symbolism; Fauvism & Expressionism; Cubism, Futurism & Constructivism; Dada

& Surrealism; Abstract Expressionism; Pop; Minimalism & Contemporary.15 For the

purposes of the current study, we create a separate subsample of transactions for each of

these movements. If an artist is categorized under more than one movement, we assign all

the sales of his or her work to the art movement the artist has most contributed to.16 As a

result, there is no overlap between the di↵erent subsamples, and correlations between the

return estimates and volume changes across movements cannot be driven by the repeated

use of the same data. The number of sales in the movement subsamples ranges from

10,485 for Neoclassicism to 102,234 for Baroque.

We make use of this dataset in two ways. First, we construct a panel data set of art

returns and transaction volumes for 13 art movements. Second, we use identical resale

pairs to test long-term predictions on actual transactions.

14We do not include 2007 because our data set doesn’t span the full year.
15See Renneboog and Spaenjers (2013) for details on the compilation of the list of artists, the classifi-

cation of artists into movements, and the collection of sales information.
16For example, Edgar Degas is classified both under Realism and under Impressionism & Symbolism.

We will use the sales of his work only to estimate the price and volume changes in the market for Realism.

12



A. Times Series Data

We build aggregate and movement-specific real price indexes by applying a hedonic regres-

sion model to the full dataset and to each subsample (see Appendix B for a description of

the hedonic regression model). To construct our measure of trading volume, we record the

number of observed transactions for each year in the period 1976 to 2006. Our database

does not include buy-ins (i.e., items that do not reach the reserve price set by the seller),

and we thus work with the numbers of lots that actually sold. We construct a proxy for

the average sales rate (the percentage of objects actually sold in an auction) in Section

III.

Figure 2 presents the evolution of price and volume over our time frame. There is a

strong cross-sectional correlation in prices, as previously documented by, e.g., Ginsburgh

and Philippe (1995); Worthington and Higgs (2003). Interestingly, the volume series

are also significantly cross-sectionally correlated. A regression of movement-level series

on market-level series yields an R-squared of 0.63 for returns and 0.44 for changes in

volume. Some art movements are clearly riskier than others: for example, Pop art prices

culminated in 1990 to levels more than 5 times their 1984 level, in real terms. Our index

suggests that Pop art prices subsequently fell by 83%.

[Insert Figure 2 about here]

The riskiest art movements are shown to also be the most profitable bets. Table I

presents the summary statistics on price and volume series. There is a clear risk-return re-

lationship: the correlation between return and volatility is as high as 81.6%, as is exhibited

by Panel (a) of Figure 3. Price and volume volatility are of the same order of magnitude;

the riskier (safer) movements also exhibit more (less) volatile volume. Unsurprisingly, the

riskier movements (Pop, Abstract Expressionism, Minimalism and Contemporary art)

belong to the second half of twentieth century, while the safer movements (Romanticism,

Baroque, Rococo) ended no later than the first half of the nineteenth century.

We also report correlations between price and volume. The correlations are high, at

54% for the aggregate indices, as they are partly induced by the impressive boom and

bust that characterized both prices and volume during the 1990 bubble. As can be seen in

Panel (b) of Figure 3, the riskiest schools of art are characterized by the highest correlation

between prices and volumes. This pattern is reminiscent of Lee and Swaminathan (2000),
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who find that high (low) volume stocks exhibit many glamour (value) characteristics.17 In

our analysis, we will therefore consider subsamples using “High-Volatility” (Pop, Abstract

Expressionism, Minimalism and Contemporary art) and “Low-Volatility” (Romanticism,

Baroque, Rococo) artists.

[Insert Table I and Figure 3 about here]

B. Repeat-sale Data

Most of our analysis relies on a subset of the dataset for which pairs of identical, or at least

very similar objects of art can be identified. Each resale pair is considered as a unique

point in our dataset, and the resales comprise 22,716 observations, spanning the period

1976 to 2006. For each pair of transactions, we observe the purchase and sale prices, P b

i

and P s

i

, expressed in logarithm. The log-return for holding a work of art i between the

date of purchase b
i

and the date of sale s
i

is thus given by P s

i

� P b

i

. The average holding

period in our sample is 5.8 years.

We make use of this dataset to test the predictive relation between volume and returns,

and between holding periods and returns. A potential concern is that selection bias may

a↵ect the interpretation of our results. For example, Goetzmann (1993) argues that

both the upper and lower tails of art return distribution may not be observed, because

works of art that fall out of fashion or are acquired by museums and major private

collections are unlikely to reappear on the market. If present, such censoring is likely

to be fairly small considering the scope of our data in terms of number of art objects,

artists, movements, auction houses, geographical spread, and time window. The fact that

our data also comprise art objects auctioned in small auctions houses (around the world)

guarantees that we are picking up new, rising artists and that more important artists

who may gradually fall out of vogue with the large auction houses are still traded in

medium-sized or smaller auction houses. Also, some auction houses tend to specialize in

specific art movements, which entails that they are quicker in detecting (and creating)

new trends. The correlation between returns computed using a repeat-sale estimator on

this subsample and the art returns using the hedonic estimator is 0.98. Both indices also

show very similar long-term trends, which implies that survivorship bias is likely to be

17In the absence of a significant rental market for art, we cannot compute valuation ratios such as rent
to price ratios. Any definition of glamour and value is necessarily informal and based on the “test of
time”.
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very small. Finally, the distribution of sale-to-sale returns (not shown) is quite symmetric

(with a skewness of 0.27) and no particular discontinuity can be observed in the tails of

the distribution.

We complete the dataset by constructing measures of volume at the transaction level.

We first collect the total number of sales in the hedonic dataset on the last twelve months

preceding t. Following Baker and Stein (2004), we then normalize our series by the average

volume over the last five years.18 Taking logs, our monthly measure of volume is given by

VOLUME
t

= log

 
t�1X

i=t�12

v
i

!
� log

 
1

5

t�1X

i=t�60

v
i

!
(14)

where v
t

is the number of transactions observed in a given month t. We construct series

of detrended volume at the aggregate level, and for 143 individual artists with more

than 1000 sales. Detrending the series brings about several benefits. First, as can be

seen in Figure 4 for market volume, Equation (14) generates a persistent series. Such a

property is desirable for a variable that is expected to predict long-term returns. Second,

volume supposedly proxies for the price of the resale option — the overpricing component

in prices — and this component must be stationary. Third, Equation (14) gives us a

relatively high frequency series, which is not a↵ected by art market seasonality. Finally,

the series is constructed recursively, which ensures that only information that is truly

available to the investor when making his forecast appears in his information set.19

We merge these series with our repeat-sale dataset: for each resale pair, we record the

value of VOLUME
t

at the month preceding the purchase and at the month preceding the

sale.

[Insert Figure 4 about here]

We also add controls for potential changes in fundamental value between the two

transactions dates. As we have already emphasized the prominent role of stock market

wealth e↵ects on art prices (Hiraki et al., 2009; Goetzmann et al., 2011), we use the

Global Financial Data (GFD) world index to proxy for worldwide equity wealth and equity

18In order to use the full thirty years of volume data in our baseline analysis, we use data prior to 1976
in our definition of volume.

19Our hedonic dataset doesn’t indicate whether a given artist is still alive. A potential concern is
therefore that our volume measure may be a↵ected by living artists who still produce. We compared
our Volume series with an alternative one that excludes postwar art movements. The two series, once
detrended, are extremely similar and yield similar results.
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systematic risk. In line with Mei and Moses (2005), we also include controls for other risk

factors, namely the Fama-French factors (Fama and French, 1996) and the Pastor and

Stambaugh (2003) liquidity factor. Finally, we use the one-month Treasury bill rate as

the risk-free rate. Although tastes are relatively slow-moving (Graddy, 2013; Vermeylen

et al., 2013), we proxy for potential changes in tastes by measuring temporal variation in

artist fame. To do so, we collect the percentage of mentions of each artist name in the

English-language books digitized by Google Books (Michel et al., 2011; Google, 2012).

We find annual series for 2528 artists (out of 3257), which yields 25,630 resale pairs with

taste information. Finally, we use a dummy variable indicating whether the artist died

between the purchase and resale of the artwork.

Table II gives the descriptive statistics for the repeat-sale database, expressed in log

di↵erence between the time of first and second transaction. For art, we see an average

excess return of 1.6% over an average holding period of 5.8 years within the period 1976-

2006, with a standard deviation of 78%. Equities are undoubtedly financially dominating

art, with an excess return of nearly 11.5% measured over the same average repeat-sales

time window and a standard deviation of almost 29.9%. Volume barely changes on av-

erage (-2.2%), and was much less volatile (15.6% standard deviation), which reflects the

smoothing of the volume series. We see that for about 3% of transactions, the artist died

between the purchase and the resale. Finally, the percentage of mentions of each artist

(fame) fell 5.8% on average and has a dispersed distribution (the standard deviation is

40.7%).

Interestingly, this large volatility at the artist level averages out at movement level,

as depicted by Figure 5. Over our sample period, we observe the increasing popularity of

Andy Warhol, whose share of mentions of his name in Google Books increased by 88%..

Roy Lichtenstein, another famous Pop artist, also gained increasing attention over our

sample period. By contrast, Figure 5 shows that the exposure of the average Pop artist

remained largely stable for three decades. We observe similar patterns for the other art

movements: artist trajectories can be erratic, but the degree of exposure is very stable at

the aggregate level. This illustrates the fact that tastes move slowly, as pointed out by

Graddy (2013), and that changes in tastes cannot explain the dramatic fluctuations that

characterized art prices during that period.

[Insert Table II and Figure 5 about here]
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III. The Information Content of Volume

In a recent survey on art collecting, 76 percent of art buyers viewed their acquisitions as

investments (Deloitte and ArtTactic, 2014). The specialized press regularly reports the

creation of art funds, or the launch of services targeted at private investors who want

to build up an art collection for investment purposes.20 Besides surveys and anecdotal

evidence, little is known about what drives volume in the fine art auction market. Since

the seminal study of Baumol (1986), the literature has extensively considered what drives

the demand for art, but overlooked supply and therefore volume. This makes perfect

sense, as far as the supply side is thought of as the production of works of art. Unless

one discovers a forgotten masterpiece in a local flea market, the supply of works of art is

inelastic — to the very least for dead artists. However, the traditional view overlooks the

existence of a secondary market where collectors can sell. For example, Mandel (2009)

analyses the demand for art on the primary market, but does not consider trading on the

secondary market.

In contrast to the purely rational view on trading, resale option models argue that

speculation is an important driver of trading volume. Speculative trading arises whenever

someone buys an item above its own private valuation, in order to resell it later at a

higher price. A rather extreme example of such investment scheme is the rise of art-

storage companies. According to the press, a rising share of new bought artworks are

immediately stored in high-security warehouses, specially designed for the purpose of

their subsequent resale.21

In order to distinguish consumption-driven trading from speculative trading, we look at

the composition of aggregate volume. Our model predicts that that prices, trading volume

and the share of speculators are positively correlated (Prediction 1). Our model also

hypothesizes that short-term transactions reflect speculation. In the introduction of this

paper, we showed that the share of short-term transactions peaked during the 1990 bubble.

Given the huge transaction costs that characterize the art market, it is very unlikely that

20For example, the Fine Art Fund Group, started by Philip Ho↵man, a former finance director at
Christie’s, launched a managed art portfolio service targeted at high-net-worth individuals. The minimum
investment for this type of fund is $1m over three years (Powley, 2013).

21For example, the New York Times Magazine (Alden, 2015) covers a new storage company, Uovo:
“Everything about the facility seems designed to remove friction from the art market — to turn physical
objects into liquid assets. Apart from its private viewing rooms for deal making, which are now common
in the storage business, what really sets Uovo apart is its vast database. [. . . ] [G]iving clients and
prospective buyers remote access to so much data, while making the business more e�cient, also helps
make the art more like a tradable unit, able to change hands without even leaving a warehouse.”
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these works of art were bought for the pure “retinal” pleasure. We construct this variable

by means of the repeat-sale sample, and define it as the share of purchases that were

resold within a year. These resale pairs account for 10% to 30% of trading volume within

our sample. This level may seem large given the large transaction costs that characterize

the art market. Our repeat-sale dataset consists of pairs of transaction of very similar

objects, matched on a number of objective characteristics of the artwork. Nevertheless

some transactions may be falsely classified as “short-term” due to measurement error. To

mitigate this risk, we have constructed the same series dropping about 10,000 artworks

with duplicate titles and found similar level and pattern. Also, even if the level is actually

a↵ected by measurement errors, there is little reason that these errors persist in di↵erence.

In addition to the share of short-term transactions, we construct two art-specific prox-

ies for market sentiment. Resale option theory, and more generally models of speculative

trading, predict that trading volume acts as an indicator of market sentiment (Baker and

Stein, 2004; Hong and Stein, 2007). Our first proxy for sentiment is the sales rate, the

percentage of the lots sold in an auction. Sellers of individual artworks usually set a secret

reserve price and if the highest bid does not reach this level, the items are “bought in”

and go unsold. The convention in the art market is that the reserve price is set at or

below the auctioneer’s low estimate. There is anecdotal evidence that the sales rate tends

to be lower in depressed markets where prices are lower and are therefore less likely to

meet sellers’ reserve prices (Thorncroft, 1990). Ashenfelter and Graddy (2011) find that

the sales rate is not related to art prices, but is strongly positively related to unexpected

price changes, defined as the di↵erence between the hammer price and the presale esti-

mate produced by auction house experts. A higher sales rate may therefore indicate that

the market is dominated by optimists, who are willing to pay more than sellers’ reserve

prices, which are themselves related to expert estimates. Ashenfelter and Graddy (2011)

indeed report that sales rates crashed in the bust of the 1990 bubble. Since our dataset

does not include items that were bought in, we construct a proxy for the sales rate. For

each auction, we divide the number of observed transactions by the maximum lot num-

ber. We then take, for each year, the average sales rate across auctions as our proxy

for the aggregate sales rate, from 1976 to 2006. Second, newspaper articles also suggest

that the share of Modern and Contemporary art is higher in “hot” markets. For example,

(Thorncroft, 1990) reports a flight to quality (i.e. to Old Masters paintings) after the 1990

bubble burst: “the auction world has returned to its traditional ways, where connoisseurs
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rule and established works of art hold pride of place.” This can be related to sentiment,

as overconfident collectors are more likely to hunt for relatively young artists with larger

upside potential, just as overconfident investors scrutinize the stock market hoping to find

the next Google.22 When sentiment is low, trading should decrease and be confined to

the less speculative art movements. A high share of Modern and Contemporary art in the

aggregate trading volume thus signals that optimistic speculators dominate the market.

We therefore construct a second proxy for sentiment consisting of the annual share of

Modern and Contemporary art, which corresponds to our “High-Volatility” group (Pop

Art, Abstract Expressionism, Minimalism, and Contemporary art).

Prediction 1 also implies that art price volatility is positively correlated with prices,

volume, and more generally with market sentiment. To obtain a proxy for art volatility

within a year, we take the standard deviation of the residuals in a regression of art prices

on hedonic characteristics (see Appendix B), measured each year. We denote this series

as Hedonic Volatility.

It is also of interest to understand whether volume increases mostly because of an

increase of demand, or because a higher number of items are o↵ered for sale. In our

model, all items o↵ered are sold, since we do not model the possibility for the seller to

set a reserve price. Since auction houses are more likely to solicit potential sellers in

“hot” markets (Pesando and Shum, 2008), the number of artworks o↵ered may also be

positively correlated with market sentiment. We use the number of transactions divided

by our sales rate to proxy for the number of art objects o↵ered for sale.

Finally, we would like to know to what extent prices and volume correlate with fun-

damentals. The previous literature has emphasized the role of wealth, and in particular

the wealth of the most privileged members of society, as drivers of art prices. In line

with Goetzmann et al. (2011), we use the data from Piketty and Saez (2006) to build a

consistent series of the share of total income received by the top 0.1 percent of all income

earners in the US.

Table III presents the correlation matrix of the percentage changes in art prices, art

volume, and the percentage changes in the six variables discussed above (the share of

short-term transactions, the sales rate, the number of art objects o↵ered for sale, the

22Tobias Meyer, who in 2006 was the director of Sotheby’s contemporary art department worldwide,
said to the New York Times (Vogel, 2006): “Collectors want to beat the galleries at their own game
[. . . ]. This insatiable need for stardom has made buying student work the art-world version of ‘American
Idol.’”
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share of transactions in modern and contemporary art, hedonic volatility, and the top

income).23 We see that when price and volume increase, the share of short-term trans-

actions tends to increase. The correlation between volume change and the change in

short-term transactions is a highly significant 0.58. We also learn from Table III that the

sales rate tends to increase with volume. The correlation is statistically and economically

large: 0.36. Volume is, by definition, given by the number of art objects o↵ered for sale

multiplied by the sales rate. If the sales rate comoves with volume, one may wonder

whether volume changes because of changes in the sales rate. Hiraki et al. (2009) argue

that the 1990 bubble was mainly driven by the influx of Japanese buyers in the art mar-

ket. Anecdotal evidence also supports the idea of inexperienced and wealthy collectors

competing in auction and buying at unreasonable prices. More generally, since higher

bids are more likely to reach sellers’ reserve prices, the entry of new buyers alone could

push the sales rate up, which, in turn, would mechanically increase volume.24 We find,

instead, that the number of art objects o↵ered for sale increases in concert with volume.

Said otherwise, people trade more, and not only because of the influx of new buyers.

To see that, first consider the correlation between the sales rate and prices. Table III

exhibits a 0.22 correlation, which is less than half of the price-volume correlation. Also,

the former correlation is not statistically significant, in line with Ashenfelter and Graddy

(2011). Moreover, if changes in volume were only due to demand shocks, the number of

art objects o↵ered for sale should not be correlated to prices. We find a highly significant

0.47 correlation between the o↵ered art objects and prices.

[Insert Table III about here]

Additionally, if trading volume mostly reflects speculation, we expect new buyers to

be primarily attracted by Modern and Contemporary art, which o↵er the most specu-

lative, glamorous artists. Table III shows that the share of Modern and Contemporary

art does indeed increase with both price and volume (the correlations are 0.59 and 0.52,

respectively). We saw in Section II that the Modern and Contemporary Art movements

are more volatile and exhibit the highest price-volume correlation. These positive corre-

lations are in line with the intuition that, when sentiment is high, buyers and sellers agree

to disagree and turn to the most speculative items.

23In Section I, we derived predictions in terms of level of prices, volumes, etc. Because in the data
these series are typically nonstationary, we test these predictions in percentage changes throughout.

24Lovo and Spaenjers (2014) introduce a model where collectors enter/exit the market because tastes
and wealth vary over time.
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Also in line with the Prediction 1 of our model, we see that hedonic volatility is posi-

tively (and significantly) correlated with prices, volume, the share of short-term transac-

tions, and our two proxies for art market sentiment.

Finally, Table III shows that art returns are significantly correlated with changes in in-

equality, with a significant 0.35 correlation, in line with Goetzmann et al. (2011). Changes

in inequality are also positively correlated, albeit insignificantly, with all measures of trad-

ing volume.

We provide several additional results and robustness checks in Section I of the Online

Appendix. In particular, we show that price-volume correlation remains largely intact

when controlling for contemporaneous and lagged stock returns. We also find that volume

tends to lead (i.e. Granger-cause) prices by a year. This finding is consistent with resale

option theory — provided market sentiment di↵uses slowly into art prices — and with

evidence on the 2000s real-estate boom (Soo, 2013).

IV. Volume and Overpricing

A. Baseline Results

The most important prediction of resale option theory is overpricing (Hong and Stein,

2007). When disagreement increases, both the value of the resale option and trading

volume increase. A high volume should therefore predict low, or even negative, returns

(Prediction 2.a). We test this prediction on our repeat-sale dataset, where each trans-

action is identified by its purchase and subsequent resale date. For each resale pair, we

record trading volume at the time of the purchase and at the time of the sale.

We start by comparing the performance of strategies based on trading volume at

the time of purchase. Each month we compute five-year rolling deciles of our market

volume measure. Our Low (High) Volume strategies record all purchases that occurred

when volume was in the lowest (highest) deciles. We emphasizes that our strategies are

constructed “out of sample”, and thus could have been implemented in real time. The

High-Volume strategy realizes an average loss of -17.9% (or -3.1% per year, the average

holding period being 5.8 years), while the Low-Volume strategy achieves an average real

return of 20.6%. We also implement the symmetric strategy where we sell every time

volume falls in the High or Low decile. Selling when volume is low corresponds to an

average return of 1.1%, whereas selling when it is high is much more profitable, with an

21



average return of 35.3%.25

Buying when volume is low and selling when volume is high seems a quite profitable

strategy (but we ignore transaction costs), and is in line with the idea of bubble formation.

We interpret this as evidence of overpricing, although changes in fundamental value may

be responsible for the ex-post correlation between returns and volume. We therefore

evaluate the relation between volume and returns by explicitly controlling for potential

changes in fundamental value, captured by wealth shocks and changes in tastes. In the

spirit of Mei and Moses (2005), we use the classic CAPM model to estimate the systematic

risk of artworks, and employ our worldwide equity index as the market index.26 We expand

the CAPM model by our artist fame and death variables and volume. After dropping the

observations from 750 artists who do not appear in Google’s books database, we estimate

the following equation:
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where r
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t=bi+1 rit is the return on item i between b
i

and s
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, computed as the di↵erence

between the log of sale price and the log of purchase price and where r
ft

is the risk free rate.

On the right hand side, we include the sum of world equity excess returns between purchase

and sale times, measured by MKT
t

. We also add the change in artist’s fundamental value,

measured by FAME
a,t

and our DEATH dummy. We capture the changes in the volume

measure VOLUME
t

as defined in Equation (14). All variables are observed with monthly

frequency, except FAME
a,t

, which is only updated annually.

Equation (15) states that the percentage change in the price of an artwork in excess of

the risk-free rate is a function of four factors. The three fundamental factors are changes

in wealth, measured by the percentage increase in the GFD equity index between the

purchase and sale time, changes in tastes measured by the increase in mentions in the

Google corpus, and the death of the artist during the holding period of an art object. Our

test variable is ⌫, which measures the correlation with cumulative changes in volume. If

the degree of overpricing is proportional to the volume of transactions, we expect ⌫ to be

25We also considered a strategy based on quintiles (instead of deciles) and found comparable results.
26Controlling for changes in top incomes instead of equity returns produces similar results.
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positive.

In order to control for art exposure to additional risk factors, we also extend our

estimation to Fama and French (1996) factors and the Pastor and Stambaugh (2003)

liquidity factor:
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We are concerned about cross-sectional correlation of the residuals, and consequently we

estimate standard errors that cluster in the time dimension.

Table IV presents our empirical findings: controlling for changes in fundamental value,

volume has a large positive correlation with returns. The results are consistent across the

samples and models and are also economically significant: for the full sample (model 1),

a one-standard deviation increase in volume (15.6%) will increase future excess returns

by 15.3% over the holding period (or 2.6% per year on average). This long-term e↵ect of

volume on art returns is much larger than the e↵ect of stock returns (that is 4.9% or 0.8%

per year on average) and the e↵ect of taste (which is 4.8% or 0.8% per year on average),

and of the same order of magnitude as the death of the artist (13.4%).27

The ⌫ coe�cient is much larger for the High-Volatility group, and much smaller in

the Low-Volatility group: a one standard deviation in volume corresponds to an increase

in returns of 21.7% and 7%, respectively. This is in line with our earlier finding that

price-volume correlation is stronger for postwar art.

One could object that that we may overestimate the statistical significance of volume,

especially because the art market was characterized by a large boom and bust in both

prices and volumes in the middle of our sample. To address this concern, we reestimate

Equations Equations (15) and (16) by allowing the e↵ect of volume to change for each

27Our model also implies that the share of speculators (proxied by the share of short-term transactions)
should predict returns. We therefore repeat our analysis replacing Volume by the share short-term
transactions, constructed again from Equation (14). The two series are highly correlated and the results,
which are comparable, are reported in Table A.II of the Online Appendix.
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decade of our sample. For example, we estimate the CAPM version of the model as:
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(17)

where D
i,77:86, Di,87:96 and D

i,97:06 are dummy variables that equal 1 when an item was

bought during a given decade.

Table V presents the estimated values for each decade: the coe�cients associated with

volume are again significant in each specification. Perhaps unsurprisingly, the relation

with volume is larger during the 1987-1996 period, which coincides with the Japanese

bubble. The e↵ect is comparable in magnitude during the last decade of our sample,

but is lower during the 1977-1986 period, which may be explained by the fact that our

measure of volume is less reliable during the beginning of our sample.28

[Insert Tables IV and V about here]

B. A Natural Experiment: the “Price Fixing Conspiracy”

The previous results indicate that changes in volume have a sizeable correlation with ex-

post returns, and that this relation is sustained across periods of time. Yet our model also

predicts that a large increase in transactions costs may destroy the buyer’s incentive to

resell later so that the value of the resale option would collapse (Prediction 3). This sug-

gests that we could exploit an exogenous variation in transaction costs to provide further

evidence for our theory. After the art market collapse of 1990, Sotheby’s and Christie’s,

the world’s largest auction houses, were in fierce competition over consignments. Quoting

Ashenfelter and Graddy (2005): “The competition took the form of drastically cutting

commission rates paid by sellers, in many cases to zero, extending non-recourse loans

that amounted to financial guarantees to sellers, and also making donations to a seller’s

favorite charity if an item sold over a specified amount.” In the spring 1995, however,

28As a further robustness check, we also conducted the same analysis with resale pairs starting in 1967.
Our data coverage is scarcer prior to the 1970s and essentially limited to art sold in London (mainly
through Sotheby’s and Christie’s). When we construct our volume series based on transactions from the
two auction houses, we nevertheless find a significant (but more modest) e↵ect of volume for the decade
1967-1976. The results are reported in the Online Appendix, Table A.III.
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competition ceased abruptly and the two auction houses announced they would charge

a fixed and non-negotiable commission on sales, which would be e↵ective from Septem-

ber 1995. According to Ashenfelter and Graddy (2005), they also stopped o↵ering zero

interest advances and ceased the practice of donating to charities so as to win transac-

tions. The new policies were e↵ective until the beginning of 1997. Following the timeline

provided by Ashenfelter and Graddy (2005), sellers’ commissions were thus relatively low

before September 1995, then increased substantially until 1997, when they were reduced.

It is di�cult to evaluate the exact increase in transactions costs, but it was arguably

large. In the civil suit that followed in 2001, Sotheby’s and Christie’s agreed to each pay

256 million dollars to the plainti↵s.

We use this episode to test Prediction 3 of an increase in transaction costs: we expect

returns to be lower and the return-volume relation to be considerably weaker for resales

that occurred between September 1995 and January 1997. We estimate the following

variant of the model on the sample of sales that occurred at Sotheby’s or Christie’s:
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where D
i,c

and D
i,pc

indicate artworks that were sold during and after the collusion period

and where VOLUME
t

is computed from the sales by the two auction houses. We expect �

to be negative and ⌫1 to be smaller than ⌫2. We choose to compare transactions that were

sold during the 1995-1997 period with transactions that were sold immediately after, in

order to reduce the influence of the large boom and bust in the period before the collusion.

Table VI shows that the 1995-1997 period is characterized by a negative performance

of at least -27.3% (in the four-factor model), that cannot be explained by any of the

stock or art market factors, nor by volume. This is particularly impressive, because art

prices have remained relatively stable after 1995 (see Figure 2), and suggests that, given

the performance of the various factors, art prices should have rebounded substantially.

We also learn from Table VI that the return-volume relation completely disappeared

during the collusion period: the coe�cient associated to cumulative volume changes is

indistinguishable from zero, validating our conjecture that an increase in transaction costs

had an adverse impact on the resale option.
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Figure 6 supplements Table VI by plotting returns and cumulative volume changes

against the resale date for all sales that took place at Sotheby’s and Christie’s. Median

returns and volume are represented as solid lines, and the dashed lines correspond to the

10th and 90th percentiles. Although there is a huge dispersion in realized returns, we see a

remarkable relation between returns and volume, in particular during the market collapse

of 1990, but also during the early eighties and in the last decade, consistently with the

results of Table V. The main exception corresponds to the collusion period (delimited by

vertical lines), where there is no correlation between the two series, contrasting with a

significant 0.29 for the full period. Remarkably, we see that volume grew steadily after

the 1990 market collapse and fell exactly in September 1995, when auction houses decided

to increase sellers’ commission.

[Insert Table VI and Figure 6 about here]

C. Volume and the Cross Section of Art Returns

We have suggested that some art movements are more speculative than others and doc-

umented that the most volatile art movements are more exposed to market changes in

volume than the least volatile art movements. In this section, we ask whether high-volume

artists tend to earn lower returns (Prediction 2.b). Fads can temporarily a↵ect the prices

of some contemporary artists, as shown by Pénasse et al. (2014), but it is not clear if

such fads a↵ect other segments of the market, and if fads can be characterized by large

volumes.

To test this hypothesis, we estimate the following equation:

r
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i

(19)

where r
i

is again the return on artwork i, µ
t

is a vector of year dummies corresponding

to the repeat-sale price index and µ
a

is a vector of artist fixed e↵ects. Here VOLUME
a,⌧i

is detrended volume for artist a, measured at the time of purchase (i.e. ⌧
i

= b
i

) or resale

(⌧
i

= s
i

). This is a test of relative performance with respect to the aggregate art market,

since we control for annual price changes. This test has been used in the previous literature

by, e.g., Mei and Moses (2002, 2005). We estimate Equation (19) using a three-stage

estimation procedure based on Case and Shiller (1987). In a first step, we regress returns
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on the matrix of regressors using OLS. In a second stage, we regress the squared residuals

from the first step on an intercept and the time between sales. In a third step, we redo

the repeat sales regression (RSR) with weighted least squares, using the fitted squared

residuals as weights. We use the subset of transactions from the individual 143 artists

with enough sales to construct individual measures of trading volume. Our key variable

is again ⌫, which now captures the cross-sectional e↵ect of volume. We expect ⌫ to be

negative when volume is measured at the time of purchase, so that a high volume would

predict negative returns in the cross section. Symmetrically we expect a positive ⌫ when

volume is measured at the time of resale.

The first and third columns of Table VII present the estimate of Equation (19) without

artist fixed e↵ects. As expected, we see that a high volume at the time of purchase is

associated with an adverse performance (Model 1): a one standard deviation increase

in purchase volume (32%) lowers future returns by about 2.4%. Symmetrically (Model

3), a one standard deviation increase at the time of resale (31%) raises ex-post returns

by about 3.8%. This suggests that volume also contains information in the cross-section.

However, the ⌫ estimates lose significance when the regression includes artist fixed e↵ects,

so that variation in volume across the di↵erent sales of a given artist’s works do not

seem to contain addition information. Overall, our study suggests that volume contains

information across artists (but not for the individual artist). High-volume artists seem to

be the subject of fads that temporarily increases prices and volume, so that these artists

(modestly) underperform.

[Insert Table VII about here]

D. Understanding Short-term Transactions

In this section we test the prediction of our model relative to the term structure of

returns (Prediction 4). Our model suggests that speculators hold works of art for shorter

periods and realize lower returns, so that transactions with shorter holding periods should

underperform. We test this hypothesis by estimating the following regression:29

r
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i

+ ✏
i

(20)

29As noted in Section III, holding periods are likely to be measured with error. To mitigate this risk,
we restrict our analysis to artworks without duplicate titles throughout this section.
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where h
i

= (s
i

�b
i

) is the holding period (in years) for the sale i. That is, we estimate again

a repeat sale price index, augmented by a term ⌘h
i

indicating the impact of the holding

period on ex-post returns. If speculators underperform collectors, we expect ⌘ > 0.

Before proceeding to the result, it is useful to point that other factors may a↵ect ⌘.

In particular, if agents are prone to ‘selling winners too early and riding losers too long’

(Shefrin and Statman, 1985), one may expect the opposite relation. Further, speculators

are likely to buy art to gamble on future fame. For example, our analysis reveals that

prices increase on average after the death of an artist. A regression of the holding period

on the death dummy variable indicates that the death of the artist increases the holding

period by about 7 years. This suggests that speculators are indeed likely to wait for the

death of a living artist to resell his work. Hence holding periods are likely to be a↵ected

by several factors which may obfuscate their relation to speculation in the cross-section.

In short, a positive ⌘ may suggest that the underperformance channel is strong enough

to dominate other factors.30

Table VIII presents results for the full sample, as well as the High and Low-Volatility

art movements. The ⌘ estimate is significant and economically large, as a one year increase

in holding period raises future returns by about 6%. However, the estimates are not

significant in the two subsamples.

[Insert Table VIII about here]

Our model also predicts that short-term transactions are more volatile. In our model,

both collectors and speculators know the future resale price, so that they face a zero round-

trip variance. From the point of view of the econometrician, the only source of round-trip

variance comes from the distribution of sales across agents. Thus the conditional vari-

ance of returns decreases with the holding period, until it converges to zero when only

transactions from collectors are observed. Hence round-trip variance should decrease with

holding periods. Short-term transactions will also appear riskier if returns are positively

30Korteweg et al. (2013) and Lovo and Spaenjers (2014) document a negative relation between annual-
ized returns and holding periods. Our finding is not inconsistent with theirs, and we find a similar relation
in the data. Our test is di↵erent, firstly because we control for aggregate art market returns, so that we
look for a partial correlation, while the above studies focus on the unconditional correlation. Secondly,
we do not divide round-trip returns by the holding period. Dividing round-trip returns by holding period
— annualizing — tends to bias the relation downward. Suppose that there is no relation at all between
roundtrip returns and holding period (⌘ = 0). Annualizing mechanically increases (decrease) returns for
short-term (long-term) transactions. Hence the econometrician observes a negative correlation even if
⌘ = 0.
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autocorrelated (Lo and MacKinlay, 1988), which would occur, e.g. if changes in disagree-

ment are persistent. A number of studies have provided evidence that past art returns can

help predict future returns (Cutler et al., 1991; Pesando, 1993; Goetzmann, 1995). More

recently, Erdos and Ormos (2010) and David et al. (2013) have provided mixed evidence

based on variance ratio (VR) tests. The central idea of variance ratio tests is that when

returns are uncorrelated over time, the variance of the h-period log-returns should equal

h times the variance of one-period returns, i.e. Var(r
t

+ · · · + r
t�h+1) = hVar(r

t

). Under

this null hypothesis the variance ratio statistics

VRindex(h) =
Var(r

t

+ · · ·+ r
t�h+1)

hVar(r
t

)

will be close to one. We test our hypothesis by constructing a variance ratio test that is

directly applied to transaction data. We partition pairs of transactions in one-year groups

(i.e. 0-1 years holding period, 1-2 years, etc.) and compute the variance of returns for

each group. The variance ratio is then written as:31
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(21)

where {ART
i,t

}
h�1<y<h

is the set of resale pairs with a holding period between h� 1 and

h years. Under the null of a random walk, the VR should remain approximately equal to

one across holding periods.

Table IX presents the variance ratios based on the whole transaction dataset (1957-

2007) calculated over holding periods of one to ten years. We see that the variance ratio

decreases with the holding period. The volatility of round-trip returns in the one-year

group is 52%, whereas the volatility in the 10-year group is 95%. In order to test for

mean reversion, we construct a bootstrap procedure in the spirit of Kim (2006) and Chow

and Denning (1993). We describe this procedure in Online Appendix II. The resulting

p-values, which are presented on the last line of Table IX, indicate that less than five

percent of simulated statistics fall below the real ones for all holding periods.32

31We do not include the small sample adjustment proposed by Cochrane (1988), since we focus on
simulated results for the purpose of our statistical test (see Online Appendix II). The variance ratio is
calculated in the same way in both data and simulations, any adjustment is thus unnecessary.

32A potential concern is selection bias due to plausible loss aversion. To address this concern, we
repeated our simulations assuming that various fractions of the reselling losses were not resold. Doing so
had materially no e↵ect on our results (see Online Appendix II).
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[Insert Table IX about here]

V. Discussion

This paper documents evidence supporting theories where agents engage in speculative

trading that pushes art prices above fundamentals, which are defined, for a given work

of art, as the private valuation of the most optimistic agent. Our main findings can be

summarized as follows: (i) a high trading volume coincides with higher prices and more

speculative trades, (ii) a high volume predicts negative returns, especially in the most

volatile art schools, (iii) a substantial increase in transaction costs decreases art prices

and can destroy the return-volume relation, and (iv) short-term transactions underper-

form and are riskier than long-term transactions. In this section, we examine alternative

mechanisms that can generate some of these findings and discuss alternative interpreta-

tions.

A. Luxury Consumption

Hiraki et al. (2009) document how Japanese collectors entered the market chasing mostly

French Impressionist art, pushing both prices and volumes up. They argue that their

findings reflect luxury consumption, consistent with predictions of consumption capital

asset pricing models (Aı̈t-Sahalia et al., 2004). Similarly, the rebound in art prices of the

second half of the 2000s is often attributed to the entry of Russian and Chinese collectors.

One could therefore argue that, as the supply side of the market is largely inelastic (since

most artists are no longer alive), shocks to the demand curve could lead to the discovery

of a positive price-volume correlation. If positive wealth shocks tend to be followed by

negative income shocks, they may also result in negative long-term returns.

We have several objections with respect to this alternative hypothesis. First, in order

to find a positive price-volume correlation, one needs to assume that when a negative

wealth shock occurs, collectors exit the market but do not sell. A positive demand shock

in, say, Japan would indeed generate the entry of new wealthy buyers in the art market

and therefore rise prices and volume. But it seems reasonable that market participants

would also exit the market after a negative wealth shock, so that volume would rise as

prices fall. Thus we should have a correlation between absolute returns and volume,
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which is counterfactual.33 It is hard to think of a consumption model where only posi-

tive wealth shocks would have an e↵ect on trading volume. Conversely, in resale option

models, changes in speculative trading (equivalent to changes in ⇡) generate price-volume

correlation.

Second, it is not clear how wealth shocks alone could explain why both changes in

prices and volume are correlated with changes in the share of short-term transactions,

which are again explained by fluctuations in ⇡ in our model.

Third, the supply of artworks seems to be surprisingly elastic. Table III indicates that

the correlation between the number of artworks for sale and the number of transactions

is 0.86. This indicates that when a negative wealth shock occurs, it is not an oversupply

that generates a bust in prices, but rather that art owners decide to sell later so that the

number of artworks for sale decreases. In our model, when ⇡ decreases, the proportion

of collectors increases and average holding period increases, as implied by Proposition 2

and documented in Table III.

On a related note, Mandel (2009) hypothesizes that art yields a conspicuous utility,

i.e. that the utility dividend should increase with prices, and shows that this e↵ect helps

explaining why art yields low real returns in spite of a high risk. Suppose that a collector

owns a Monet and that the demand for Monet paintings increases with the influx of

new Japanese buyers. The price of his painting should logically increase, but also his

utility dividend, because his Monet yields now a higher conspicuous utility. Therefore

it is not clear if our collector would accept to sell his work of art. Thus an increase in

price following a demand shock should raise art owners’ willingness to pay for art, so that

the number of items o↵ered for sale may not necessarily increase substantially. The high

elasticity of the supply suggests that other forces more than compensate the utility e↵ect

of conspicuous consumption.

Fourth, even if wealth shocks generate price-volume correlation, luxury consumption

cannot explain why current volume predicts negatively future returns. For returns to

be predictable, volume must reflect either mispricing (our favored interpretation) or art-

specific risk premia (we discuss the latter in Section V.D). Additionally, we control for

various wealth proxies in our baseline regressions (e.g. Table IV).

Fifth, Hiraki et al. (2009) show that the Japanese buying spree was mostly concen-

trated in French Impressionist art. They and Renneboog and Spaenjers (2014) also docu-

33The correlation between absolute log price changes and log-changes in the number of transactions is
an insignificant -0.17.
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ment that Chinese, Indian, and Russian collectors strongly preferred to acquire their own

countries’ art. If demand shocks are concentrated on some segments on the market, it is

a puzzle why prices increase in the art market as a whole. It is also di�cult to explain

why the share of Modern and Contemporary art systematically rises during booms.

Sixth, it is also unclear how wealth shocks could explain our other findings, for example

in that high-volume artists underperform and that long-term transactions are safer on

average.

B. Portfolio Rebalancing

We showed in Section II that there are strong commonalities in trading volume across art

movements. In a seminal paper, Lo and Wang (2000) show that if all investors hold the

same relative proportion of risky assets all the time (i.e., if two-fund separation holds),

turnover must be identical for all securities. Also, if (K + 1)-fund separation holds,

turnover satisfies an approximately linear K-factor structure. Portfolio rebalancing is

therefore a plausible explanation for the commonalities in trading volume, even if agents

hold identical beliefs.34 Portfolio rebalancing following large price movements might also

induce trading activity. One may therefore wonder if rebalancing could imply a positive

price-volume correlation. As prices of art rise, some art collectors may decide to scale

down their collection in order to reduce its exposure. Symmetrically, when art prices fall,

some collectors may choose to increase the size of their collection, again to maintain a

constant portfolio weight in art. Thus portfolio rebalancing should generate a correlation

between absolute price changes and volume, but we find no support in the data.35

Large spreads between art returns across schools of art might also lead to trading

activity among collectors seeking to maintain fixed portfolio weights. We ran a panel

regression of art returns on the dispersion of returns across art schools, defined as the

standard deviation of annual returns across the thirteen art schools. We found insignifi-

cant estimates.
34See also Tkac (1999) and Cremers and Mei (2007) for additional theory and evidence in the stock

market.
35We also considered panel regressions of trading volume on lagged absolute art price changes to reflect

the possibility that art collectors react with a delay to prices changes. We find tiny coe�cients that are
insignificantly di↵erent from zero.
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C. Liquidity Risk

A large literature suggests that liquidity should contribute to an asset’s expected return.

Investors anticipate having to sell their assets at some point in the future, and under-

stand that when they do so, they will face transactions costs. These costs include direct

transaction costs but also illiquidity costs. For example, models of price formation with

information asymmetries predict that informed trading creates significant illiquidity costs

for uninformed investors. These illiquidity costs presumably decrease with trading vol-

ume. A high volume may also increase the dissemination of relevant price information and

mitigate search frictions, reducing resale price uncertainty. Provided current volume is a

good predictor of future resale volume, art collectors may therefore require a higher rate

of return for works of art that are relatively illiquid. This would predict low returns after

a high volume. There is a large literature documenting the relative underperformance of

high-volume stocks (see e.g. Brennan et al. (1998), Datar et al. (1998)), and it is generally

di�cult to disentangle the e↵ect of di↵erence of opinions from the e↵ect of a liquidity

premium.

Trading volume is, however, hardly predictable in the art market. In our dataset,

the correlation between volume at the time of purchase and resale is a respectively 0.14

(when measured at the market level) and 0.11 (when measured at the artist level). This is

particularly low, especially because we construct volume as a moving average, which is by

construction quite persistent. Given the typically long holding periods that characterize

the market, a work of art that is highly illiquid today may therefore be perfectly liquid

when his owner decide to sell it a few years from now.

Further, illiquidity costs may not necessarily be lower when trading volume is high.

Information asymmetries may impact art prices, but it is not clear how insider trading

could materially a↵ect trading volume in a market where goods are heterogeneous, where

selling a work of art takes time and where trading is organized by auction houses. There

is also substantial evidence that the law of one price is routinely violated at auctions

(Pesando, 1993), so that a high volume may not even reduce resale price uncertainty.

Lastly, even if the relative underperformance of high-volume artists may be partly driven

by liquidity, it is less clear how this interpretation could be carried over to explain our

time-series results for the aggregate market. For those reasons, it is implausible that

liquidity risk premia meaningfully drive our results.
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D. Time-varying Risk Premia

The most straightforward explanation of return predictability is that risk premia or dis-

count rates vary over time (Cochrane, 2011). To the extent that our volume measure

correlates with discount rates, the predictability we observe is consistent with a rational

model. For example, volume may vary with business cycles fluctuations, such that when

volume is low, art collectors demand higher risk premia for holding works of art. It seems

however fairly questionable that art volume would capture business cycle fluctuations or

risk premia, which are not readily captured by the four risk factors we include in our

pricing model. Moreover, we readily argued that such a model would be unable to ex-

plain the composition of volume, for example that the share of short-term transactions is

significantly related to volume and prices. Finally, we showed that when volume is very

high, collectors on average earned negative returns, which seems incompatible with the

assumption that predictability reflects a risk premium (e.g. Merton (1980)).

E. Alternative Bubble Models

In a seminal article, Blanchard and Watson (1983) provide a bubble model that is fully

consistent with rational expectations and constant expected returns. The overpricing

component in asset prices is independent of the asset’s fundamentals, and bursts on any

period with a constant probability. If the bubble does not burst, it grows at a faster

rate than the discount rate. It may therefore be rational to ride a bubble, if it grows

on average at the same rate as the discount rate. Although rational bubbles can occur

in infinite horizon models, the theoretical conditions needed to support them are quite

stringent and generally require that the asset price bubble not emerge over time. If, for

instance, new works of art are created when prices increase, and if these new works are

viewed as appropriate substitutes for existing works of art, no bubble can emerge.36 An

important di↵erence between rational bubble models and the resale option theory is that

rational bubbles must grow explosively, while the bubble component generated by the

resale option is stationary over time. It is this stationary component that fuels return

predictability, while rational bubble models generally assume that expected returns are

constant over time.

An important strand of the behavioral finance literature suggests that investors are

36See e.g. Brunnermeier and Oehmke (2012) for further discussion on the theoretical conditions required
to support rational bubbles.
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likely to form expectations by extrapolating past price changes, which may generate bub-

bles. This idea features prominently in many classical accounts of asset bubbles (e.g.

Kindleberger (1978), Minsky (1986), Shiller (2000)). Investors extrapolate past prices be-

cause they su↵er from behavioral biases such as the representativeness bias, a tendency to

view events as typical of some specific class (Barberis et al., 1998), or the self-attribution

bias, a tendency to attribute success to one’s own ability but failure to external factors

(Daniel et al., 1998). A central prediction of these models is time series momentum:

returns should be positively autocorrelated. We find little support for this prediction.37

F. Credit and Leverage Cycles

A frequent explanation of asset prices bubbles emphasizes the role of credit and leverage.

This is particularly true for the real estate market, where most people borrow to buy

houses.38 Stein (1995) argues that, because the ability to borrow is directly tied to

the value of houses, a positive income shock that increases housing demand and real

estate prices relaxes the borrowing constraint, which further increases the demand for

houses. In a heterogeneous-beliefs model, Geanakoplos (2010) introduces a mechanism

where pessimistic agents are willing to finance investments made by optimistic agents. In

contrast to resale option models, beliefs do not change over time, and therefore there is

no resell premium. Large price fluctuations are attributed to fluctuations in endogenous

leverage, which is too high in booming periods and too low in declining periods.

These credit and leverage models predict that changes in wealth may have more-

than-proportional e↵ects on asset prices, while resale option models emphasize the role

of fluctuations in beliefs. A distinct feature of the art market is that credit and leverage

play almost no role. Auction houses may sometimes lend part of the purchase to buyers,

but this practice is uncommon and confined to major purchases (Thompson, 2009).39 It

is therefore quite unlikely that art price fluctuations are driven by credit cycles.

37See Table I in the Online Appendix: Returns are not found to be significantly autocorrelated when
controlling for lagged volume. Furthermore, returns are only positively autocorrelated for the High-
Volatility art movements (model 4).

38See Di Maggio (2015) for recent evidence on credit-induced booms and busts in the housing market.
39Auction houses can also provide guarantees to sellers who are concerned that not enough bidders will

enter the auctions for their items. Such guarantees can also be provided by third parties. Graddy and
Hamilton (2014) study the e↵ect of guarantees (both in-house and third party) and find that they have
no economic e↵ect on final prices.
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G. The Disposition E↵ect

The disposition e↵ect (Shefrin and Statman, 1985) can also explain a positive price-

volume relation. If loss-averse collectors decide to delay losses and choose not to sell in

falling markets, then price declines could predict a decrease in trading volume. When

prices go back up, then we should expect volume to go up, as some of the previous losing

transactions become profitable again. In a framework close to ours, Clayton et al. (2008)

provide strong support for this hypothesis in the US real estate market, where real-estate

prices are shown to Granger-cause trading volume. With biased self-attribution, the

degree of investor overconfidence and therefore trading volume varies with past returns.

Therefore a causal relation from aggregate prices to trading volume could also reflect

changes in overconfidence. Statman et al. (2006) argue that Granger causality of prices

towards volume can also be generated by overconfidence about one’s trading skills and

they provide evidence for both the disposition e↵ect and overconfidence in the stock

market.

We test for a causal relation from changes in prices to changes in volume (in our panel

setting defined as the number of transactions), using our panel of thirteen art movements.

We don’t know at what speed collectors may respond to changes in prices, and therefore

consider lead-lag relations at the annual (Models (a)) but also semi-annual frequency

(Models (b)).40 There could be lengthy delays between the decision to sell and the actual

auction because the art object will need to be authenticated and valued by experts (low

and high estimates), a scrutiny is needed to avoid auctioning stolen art or looted art (by

the restitution specialists on Nazi-era art), the auction house needs to be able to build an

interesting o↵er for auction (a su�ciently impressive range of e.g. old master and baroque

paintings). Hence, a six-month lag seems reasonable to detect a causal e↵ect from prices

to volume.

Additionally, since the response of trading volume may di↵er in rising and falling

markets, we separate positive price changes from negative price ones. Table X gives the

slope estimates, and shows the results of F -tests that prices Granger-cause trading volume,

for the whole market and for the aggregated three most (least) volatile movements. We

see in Table X that prices have a non-negligible impact on the number of transactions. A

40As discussed in Section I.B of the Online Appendix, for the annual model we construct distinct price
and volume indices from the observations in the fourth quarter (October-December) of each year. We do
so in order to avoid identifying spurious lead-lag relations between price and volume. The data is not
rich enough to extend this refinement to the semi-annual frequency.
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10% drop in art prices is related to an average decline of about 1.1% next year, or about

2.3% when measured at semi-annual frequency. At annual frequency for the full sample,

we cannot reject (at the 10% level) that the changes in prices Granger-cause changes in

the number of transactions. At semi-annual frequency, the e↵ect of prices is significant

everywhere at the 5% level. The e↵ect of a price fall is about twice larger than the e↵ect

of a gain, and this latter e↵ect is insignificant in all configurations with exception of the

High-Volatility group.

These findings are in line with Graddy et al. (2014) who provide evidence of loss

aversion in repeat-sale art data. The magnitude of the e↵ect is however quite modest,

with R-squareds ranging from about zero to 0.06 across configurations, which is to be

compared to the contemporary price-volume correlation (where the R-squareds range

from 0.06 to 0.4, see Table A.I in the Online Appendix).

[Insert Table X about here]

H. Summary

We reviewed a number of alternative theories that may account for our empirical findings.

It appears that most of them yield predictions that are inconsistent with the data, or rest

on premises that do not apply to the art market. Yet, some of them are credible — at

least qualitatively. For example, the disposition e↵ect is also consistent with price-volume

correlation. There is also evidence that rises in prices and volume coincide with entries

of new buyers, giving partial support to luxury consumption. However, at least two key

findings are di�cult to reconcile with the above explanations: the time series predictability

of volume to returns and the fact that volume strongly covaries with measures of market

sentiment, in particular the share of short-term transactions. We also emphasize that any

alternative interpretation should explain our findings not only qualitatively but also their

magnitude.

VI. Conclusion

The art market is subject to large fluctuations that characterize prices and trading volume,

and that are di�cult to reconcile with rational models that capture how people trade to

consume. This paper argues that limits to arbitrage, namely the impossibility to sell art
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short, induce a speculative component to art prices. As pessimists cannot short-sell, their

opinions are not incorporated into art prices, which hence only reflect the opinion of the

most optimistic investors. As a result, an optimist is willing to pay more than her own

private value because she knows that, in the future, there may be other collectors that

value the work of art more than she does. The di↵erence between her willingness to pay

and her own private value reflects a speculative motive, the value of the right to sell the

work of art in the future.

This paper investigates this resale option theory by studying the behavior of art prices

and volume and by directly measuring returns over a comprehensive data set of worldwide

art auctions. The empirical discussion is guided by a simple model of trading between

collectors and speculators that predicts that prices, volume and the share of short-term

transactions are correlated, that a high volume predicts negative returns, and that short-

term transactions underperform and are riskier than long-term transactions. The empir-

ical evidence supports the model’s predictions. Rising prices tend to be accompanied by

more short-term transactions, which we interpret as trading frenzies given the huge trad-

ing costs that characterize the art market. Trading frenzies tend to concentrate on the

works of Modern and Contemporary artists, for which prices and volume are on average

more volatile and more correlated. When trading volume is high, we find that buyers tend

to overpay, in that a high volume strongly predicts negative returns in the subsequent

years. We also study the impact of an increase in transaction costs, exploiting an episode

of price collusion between the leading auction houses, and find further support for the

predictions of the resale option model.
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Appendix A. Proofs

Proof of Proposition 1. Expected prices increase with ⇡ :
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We now show that expected trading volume increases with ⇡. Observe that expected

trading volume depends on who owns the asset. The probabilities that a collector or a

speculator owns the asset at a given time are respectively 1 � ⇡ and ⇡. If a collector

owns it, he will end up reselling it with a probability ⇡. Trading volume thus equals 1

with probability ⇡ and 0 with probability 1 � ⇡. If instead a speculator owns the asset,

he will resell it with a probability 1� ⇡. Expected volume is therefore ⇡ if the owner is a

collector, 1�⇡ if the owner is a speculator, so that unconditional expected volume writes:

Ev
t

= (1� ⇡)⇡ + ⇡(1� ⇡) = 2⇡(1� ⇡),

thus

@Ev
t

@⇡
= 2(1� 2⇡) > 0.

Proof of Proposition 2. Let h denote the holding period between two trades. We denote

E(h|C) and E(h|S) as the expected holding period, given that the buyer is a collector

or a speculator, respectively. The holding period for a collector (speculator) follows a

geometric distribution with success probability ⇡ (respectively 1� ⇡). We have:

Pr(h = k|C) = (1� ⇡)k�1⇡ (A1)

Pr(h = k|S) = ⇡k�1(1� ⇡). (A2)
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For example, a collector sells when market sentiment is high (�
t

= s). If a collector keeps

the asset for k periods, the signal must have remained low for k � 1 periods. The first

moments of the geometric distribution give us Equation (8). Thus EhC > EhS since

⇡ < 1/2.

Proof of Proposition 3. First observe that the value of the resale option is positive for

both collectors and optimistic speculators. This follows from our assumption that � > c

and also, for Equation (11), from the assumption that s < d/(1� �).

Second, we check that the option value increases with ⇡ and decreases with c (recall

that 1� 2⇡ > 0 and that � depends on ⇡ and c):
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Proof of Proposition 4. Let R denote the financial return of a given transaction, defined

as the di↵erence between the resale and purchase prices. In our model, collectors always

resell artworks at a profit � to speculators, who realize a symmetric loss (ignoring the

transaction cost). Thus R is either � or ��.

Expected returns conditional on the holding period are given by:

E(R|h = k) = Pr(C|h = k)⇥�+ Pr(S|h = k)⇥ (��)

=
Pr(h = k|C)Pr(C)

Pr(h = k)
⇥�+

Pr(h = k|S)Pr(S)
Pr(h = k)

⇥ (��),

which gives us Equation (12). We used the fact that the unconditional distribution for

the holding period h is Pr(h = k) = Pr(h = k|C)Pr(C) + Pr(h = k|S)Pr(S), and that

Pr(C) = 1�⇡ and Pr(S) = ⇡. It is easy to see that the conditional expectation increases

with k for k > 1.
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Likewise, the variance of returns conditional on the holding period is given by:

V (R|h = k) = E(R2|h = k)� (E(R|h = k))2

= �2 � (E(R|h = k))2,

which is Equation (13) and is a decreasing function of k for k > 1.

Appendix B. Hedonic regression

Hedonic regressions are a popular methodology for constructing constant-quality price

indexes for infrequently traded goods like houses or collectibles. Hedonic models control

for temporal variation in the quality of the transacted goods by attributing implicit prices

to their “utility-bearing characteristics” (Rosen, 1974). Our model relates the natural logs

of USD hammer prices to quarterly dummies, while controlling for a wide range of hedonic

characteristics. More formally, our regression can be expressed as follows:

lnP
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D
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(B1)

where P
kt

represents the real USD price of an art object k at time t, X
mkt

is the value of

characteristicm of item k at time t, andD
kt

is a dummy variable that equals one if object k

is sold in time period t. The coe�cients �
m

reflect the attribution of a relative shadow price

to each of the m characteristics. The estimates of �
t

can be used to construct an art price

index.41 Apart from the variables related to the timing of the sale, the hedonic variables

X used are the same as in Renneboog and Spaenjers (2013), and capture characteristics of

the artist (through the inclusion of artist dummies and an art history textbook dummy),

the work (through the inclusion of variables capturing attribution, authenticity, medium,

size, and topic), and the sale (through the inclusion of auction house dummies). The

R-squareds of the di↵erent hedonic regressions lie between 56% and 76% (detailed results

available on request).

41A subtle point is that the resulting index tracks the geometric means — not the arithmetic means
— means of prices over time, due to the log transformation prior to estimation.
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Figure 1: Price, Volume, and Short Term Transactions around the 1990s
Bubble
This figure shows aggregate art prices, the total volume of transactions, and the share
of short-term transactions around the 1990s bubble (1980-1995). Prices and volume are
expressed in function of their 1980 level (left scale). The share of short-term transactions
is defined as the share of purchases that were resold within the next year, and is computed
from the repeat-sale data set (right scale).
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Figure 2: Prices and Volumes of 13 Art Movements
This figure plots prices and volume for each of the thirteen art movements, with 1976 as
their standardized benchmark level.
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Figure 3: Returns, Volatility and Price-Volume Correlation
These figures are scatter-plots of the first and second moments of the return series (the
values of which are provided in Table I). Panel (a) plots the average return of each of
the thirteen art movements of our sample against their volatility. Panel (b) plots the
volatility of each movement against their price-volume correlation.
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Figure 4: Detrended market volume
This figure plots the monthly measure of volume constructed by means of Equation (14)
and the whole sample of 1.1 million of auction transactions. Each month t we take the
log of the total number of sales on the last twelve months preceding t. We then normalize
our series by subtracting the log of the average number of sales over the last five years.
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Figure 5: Artist Fame: Andy Warhol and Pop Art
This figure depicts the share of mentions of Andy Warhol’s and Roy Lichtenstein’s names
in the Google Books database, and of the average share of the 111 Pop artists in our data
set.
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Figure 6: Excess Returns and Volume and the “Price Fixing Conspiracy”
This figure shows art returns in excess of the risk-free rate and cumulative changes in
volume from a subset of repeat sales auctioned in Sotheby’s or Christie’s. Both returns
and volume are measured at the time of resale. For each month, the plain lines correspond
to the median value of returns (respectively change in volume) and the dashed lines
correspond to the 10th and 90th percentiles. The vertical lines delimit the period during
which Sotheby’s and Christie’s colluded over commission rate paid by sellers.
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Table I: Time Series Data: Sample statistics

Art Returns Changes in the number Price-volume

of transactions correlation

Mean S.D. Min Max Mean S.D. Min Max

Abstract Expressionism 4.2 22.3 -74.1 41.7 5.7 19.5 -76.4 30.8 78.0

Baroque 3.2 13.2 -22.9 26.0 -0.2 11.3 -30.7 18.8 24.1

Cubism, Futurism, and Constructivism 3.3 20.7 -64.9 40.6 3.3 16.6 -61.7 26.0 56.5

Dada and Surrealism 3.5 18.7 -55.8 30.8 2.9 16.9 -53.7 39.1 64.0

Fauvism and Expressionism 2.8 17.9 -55.6 38.5 2.1 14.6 -47.6 28.2 42.0

Impressionism and Symbolism 3.1 16.4 -50.4 39.5 2.3 15.4 -50.6 29.3 54.9

Minimalism and Contemporary 5.3 23.7 -53.4 42.6 12.1 24.7 -50.9 59.8 41.8

Medieval and Renaissance 3.5 17.7 -34.8 50.3 0.4 13.6 -38.5 27.9 21.6

Neoclassicism 3.0 18.8 -40.0 62.7 2.4 13.6 -21.0 32.2 23.5

Pop 5.0 27.7 -83.1 55.9 7.2 19.7 -58.1 53.2 57.4

Realism 2.3 15.2 -38.2 35.6 2.9 13.1 -36.4 30.9 34.7

Rococo 3.4 14.2 -22.8 36.0 0.6 13.7 -26.1 23.5 13.0

Romanticism 3.4 13.7 -29.8 28.2 2.4 11.3 -19.9 27.7 36.2

Art market 3.6 13.8 -32.0 37.4 3.8 10.3 -26.7 20.0 54.3

This table presents the descriptive statistics (mean, standard deviation (S.D.), minimum, maximum, and price-volume correlation)
of the log-di↵erences of prices (art returns) and volumes (defined here as the number of transactions), for each of the thirteen
movements and for the whole art market, expressed in percentage terms. All variables are sampled on an annual frequency.
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Table II: Repeat-sale Data: Sample Statistics

Mean S.D. Min Max

Art excess returns 1.58 78.29 �458.2 554.05
Equity excess returns 11.49 28.85 �77.86 128.06
SMB 6.11 22.99 �61.43 102.7
HML 24.48 29.87 �57.08 164.11
Liquidity 31.21 38.73 �28.2 198.95
Fame �5.75 40.74 �367.89 401.86
Death 0.03 0.18 0 1
Volume �2.23 15.58 �56.96 45.74
Holding period 5.79 5.74 0.08 30.44
N 24889

This table presents the descriptive statistics (mean, standard deviation (S.D.), minimum and
maximum) of the variables used in our repeat-sale analysis. All variables (except Death)
are expressed in percentage changes between each resale pair. Art excess return is the re-
turn on artworks between the purchase and sale times in excess of the risk-free rate: ART

i

=P
si
t=bi+1 rit �

P
si
t=bi+1 rft. Equity excess returns measures the equity index returns minus the

risk-free rate, obtained from Global Financial Data. SML and HML are the Fama and French
(1996) risk factors and Liquidity is the Pastor and Stambaugh (2003) liquidity risk factor. Death
is a dummy indicating the death of the artist within a round-trip transaction. Fame is the share
of mentions in Google Books for each artist and Volume is the volume measure defined in
Equation (14).

Table III: Information Content of Trading Volume

Art
price

Number
of trans.

Short-term
trans.

Sales
rate

Art obj.
for sale

Mod. &
Contemp.

Volatility Top

Art price 1.00

Number of transactions 0.54 1.00

Short-term transactions 0.35 0.58 1.00

Sales rate 0.22 0.36 0.20 1.00

Art objects o↵ered for sale 0.47 0.86 0.51 -0.15 1.00

Modern & Contemporary 0.59 0.52 0.47 0.02 0.57 1.00

Hedonic Volatility 0.40 0.56 0.46 0.37 0.42 0.52 1.00

Top income 0.35 0.23 0.29 0.22 0.14 0.26 0.03 1.00

This table presents pairwise correlations between price, volume, the share of short-term transactions, the sales rate, the
number of art objects o↵ered for sale, the share of Modern and Contemporary items, and the top income. The variables
are observed annually over the period 1976-2006. All variables are expressed in log-di↵erence. Art price is the hedonic price
index. Short-term transactions is the share of round-trip transactions with holding periods less than one year, and come from
the repeat-sale data set. Sales rate is the average percentage of items sold at auctions by year. The number of art objects
o↵ered for sale is the proxy for the number of items o↵ered at auctions, obtained by dividing the number of transactions
by the sales rate. Modern and Contemporary indicates the share of Abstract Expressionism, Pop Art, and other Modern
and Contemporary Art within the global art market (the aggregate of the thirteen art movements). Hedonic Volatility is
the standard deviation of the residuals in a regression of individual artwork prices on hedonic characteristics. Top income is
the share of total income received by the top 0.1 percent of all income earners in the US, constructed by Piketty and Saez
(2006). Coe�cients statistically significant at the 10% level are in bold.
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Table IV: Excess Returns and Volume

Full sample High Volatility Low Volatility
Art Schools Art Schools

(1) (2) (3) (4) (5) (6)
MKT 0.170 0.314 0.199 0.262 0.370 0.421

(2.65) (3.68) (1.71) (1.85) (3.99) (3.65)
SMB 0.339 0.221 -0.056

(3.60) (1.26) (-0.39)
HML -0.283 -0.224 -0.560

(-3.03) (-1.57) (-3.89)
LIQ 0.161 0.459 0.306

(1.72) (3.30) (2.60)
FAME 0.119 0.138 0.062 0.152 -0.008 -0.014

(6.48) (8.72) (0.92) (2.41) (-0.16) (-0.28)
DEATH 0.134 0.123 0.491 0.400

(3.57) (3.34) (5.81) (4.69)
VOLUME 0.984 0.946 1.445 1.351 0.441 0.375

(7.99) (7.87) (7.08) (6.94) (2.60) (2.20)
R2 0.055 0.065 0.106 0.137 0.040 0.056
N 25630 25630 3401 3401 1120 1120

This table presents the estimates of the following regression:
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(2)

where r
i

=
P

si
t=bi+1 rit is the return on item i between b

i

and s
i

, computed as the di↵erence
between the log of sale price and the log of purchase price and where r

ft

is the risk free rate. The
variable MKT

t

is the world equity excess returns between purchase and sale times, SMB
t

and
HML

t

are the Fama and French (1996) factors and LIQ
t

is the Pastor and Stambaugh (2003)
liquidity factor. FAME

a,t

is the log of the share of mentions in Google Books for artist a at time
t. VOLUME

t

is the market volume measure defined in Equation (14). Descriptive statistics for
all variables are provided in Table II. Standard errors are clustered at year level.
(t-Statistics are in parentheses.)
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Table V: Excess Returns and Volume: Subperiod Analysis

1977-1986 1987-1996 1997-2006

CAPM 0.670 1.138 1.054

(4.22) (6.44) (3.97)

Fama-French 0.806 1.034 0.868

(4.68) (5.90) (3.65)

This table presents the estimates of the Volume coe�cients resulting from the following regres-
sion:
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where r
i

=
P

si
t=bi+1 rit is the return on item i between b

i

and s
i

, computed as the di↵erence
between the log of sale price and the log of purchase price and where r

ft

is the risk free rate.
The variable MKT

t

is the world equity excess returns between purchase and sale times, SMB
t

and HML
t

are the Fama and French (1996) factors and LIQ
t

is the Pastor and Stambaugh
(2003) liquidity factor. FAME

a,t

is the log of the share of mentions in Google Books for artist
a at time t. VOLUME

t

is the market volume measure defined in Equation (14). The variables
D

i,77:86, Di,87:96 and D
i,97:06 are dummy variables indicating that the item was purchased during

the following sub-periods 1977-1986, 1987-1996 and 1997-2006. The variables ⌫
i

measure the
correlation between volume and excess returns for each sub-period. Standard errors are clustered
at year level.
(t-Statistics are in parentheses.)
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Table VI: Excess Returns and Volume During the “Price Fixing Conspiracy”

Collusion Volume

dummy Collusion period Post-collusion period Di↵erence

CAPM -0.351 0.131 0.880 0.749

(-3.07) (0.34) (5.82) (4.6)

Fama-French -0.273 0.072 0.789 0.717

(-2.37) (0.19) (5.35) (4.87)

Between 1995 and 1997, Christie’s and Sotheby’s agreed to increase seller’s commission. This
table presents the estimates for the collusion dummy � and for the volume coe�cients ⌫1 and
⌫2 of the following regression:
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where r
i

=
P

si
t=bi+1 rit is the return on item i between b

i

and s
i

, computed as the di↵erence
between the log of sale price and the log of purchase price and where r

ft

is the risk free rate. The
variable MKT

t

is the world equity excess returns between purchase and sale times, SMB
t

and
HML

t

are the Fama and French (1996) factors and LIQ
t

is the Pastor and Stambaugh (2003)
liquidity factor. FAME

a,t

is the log of the share of mentions in Google Books for artist a at
time t. VOLUME

t

is the market volume measure defined in Equation (14). D
i,c

and D
i,pc

are
dummy variables indicating that the item was sold during and after the collusion period. The
variables ⌫1 and ⌫2 measure the correlation between volume and excess returns for each period.
The Di↵erence column reports the result of a t-test that ⌫2 is larger than ⌫1. Standard errors
are clustered at year level.
(t-Statistics are in parentheses.)
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Table VII: Test of Relative Performance: Artist Volume

(1) (2) (3) (4)

Artist Fixed E↵ects NO YES NO YES

Artist Volume (Purchase) -0.075 -0.161

(-3.40) (-1.12)

Artist Volume (Resale) 0.123 -0.140

(5.32) (-0.97)

R2 0.362 0.401 0.363 0.400

N 11695 11695 11695 11695

This table presents the ⌫ estimates in the following regression:

r
i

=
siX
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+ ⌫VOLUME
a,⌧i + ✏

i

where r
i

=
P

si
t=bi+1 rit is the return on item i between b

i

and s
i

and where µ
t

corresponds to
aggregate art market return and µ

a

is a vector artist fixed e↵ects. VOLUME
a,⌧i is the volume

variable defined in Equation (14), measured at the time of purchase (i.e. ⌧
i

= b
i

) or resale
(⌧

i

= s
i

) for artist a. The three-stage-generalized-least square RSR estimation of Case and
Shiller (1987) is used to estimate the regressions.
(t-Statistics are in parentheses.)

Table VIII: Test of Relative Performance: Holding Period

Full sample High volatility Low volatility

Art Schools Art Schools

Holding period 0.060 0.054 0.005

(4.17) (1.19) (0.50)

R2 0.251 0.456 0.066

N 17205 2003 1023

This table presents the ⌘ estimates in the following regression:

r
i

=
siX

t=bi+1

µ
t

+ ⌘h
i

+ ✏
i

where r
i

=
P

si
t=bi+1 rit is the return on item i between b

i

and s
i

and where µ
t

is the return
to the aggregate art market and h

i

= (s
i

� b
i

) is the holding period (in years) for the sale i.
The three-stage-generalized-least square RSR estimation of Case and Shiller (1987) is used to
estimate the regressions.
(t-Statistics are in parentheses.)
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Table IX: Variance Ratio Test

h 1 2 3 4 5 6 7 8 9 10

Volatility 0.519 0.561 0.664 0.704 0.765 0.793 0.818 0.869 0.940 0.949

Ratio 1.00 0.58 0.55 0.46 0.43 0.39 0.35 0.35 0.36 0.33

VRM 0.012 0.011 0.011 0.011 0.011 0.010 0.010 0.010 0.010

This table presents the volatilities and the results of variance ratio tests for transactions
with an holding period (h) between 1 to 10 years. The ratio is defined in Equation (21).
The VRM line shows the p-values of the multiple variance ratio tests. The null hypothesis
is that art prices follow a random walk. The variance ratio statistics are computed from
the transaction dataset and the tests are performed by simulation (see Section II of the
Online Appendix).

Table X: Asymmetric E↵ects of Lagged Returns on the Number Of Transac-
tions

All movements High volatility Low volatility

Art Schools Art Schools

(a) (b) (a) (b) (a) (b)

Gains�1 0.045 0.128 0.072 0.223 -0.069 0.050

(0.21) (1.50) (0.25) (2.12) (-0.38) (0.52)

Losses�1 0.107 0.230 0.209 0.247 0.034 0.215

(1.18) (2.16) (2.00) (1.48) (0.30) (2.44)

F -test 0.088 0.000 0.149 0.008 0.773 0.019

R2 0.008 0.043 0.026 0.061 0.000 0.033

N 377 767 87 177 87 177

This table reports the estimated coe�cients of panel regressions of the number of trans-
actions on lagged art returns, which are partitioned into positive and negative values
(gains and losses). Gains (respectively Losses) captures the art return in case it is pos-
itive (negative) and equals zero otherwise. Models (a) consist of a regression with a
one-year lag, where series are constructed from fourth-quarter observations (see the dis-
cussion in Section I.B of the Online Appendix). The regressions of Models (b) are based
on a one-semester lags. We report the results for the aggregated art prices and volume
(comprising 13 art movements), and for the aggregated three most volatile movements
(Pop, Abstract Expressionism, Minimalism and Contemporary art) and the three least
volatile art paradigms (Romanticism, Baroque, Rococo). Standard errors are clustered
at year and movement level; the F -test line reports the p-value for the test that returns
Granger-cause volume.
(t-Statistics are in parentheses.)
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Online Appendix for
“Bubbles and Trading Frenzies:
Evidence from the Art Market”

I. Volume Correlation: Robustness and Further

Evidence

A. Contemporaneous Relation

In this section, we analyze price-volume correlations across art movements, using the time

series data described in Section II.A of the main text. Partial correlations between prices

and the number of transactions are presented in Table A.I. Each panel reports fixed e↵ects

regression results for the 13 art movements, as well as for the 3 most volatile and 3 least

volatile movements. We first look at the contemporaneous relation between prices and the

number of transactions (our measure of volume), and then turn to regressions including

equity returns, which traditionally proxy for changes in wealth.1

Panel A of Table A.I documents a significant and pervasive art price-volume cor-

relation. Model 1 reports that a one percent change in the number of transactions is

associated with an average 0.59% change in return. Price-volume correlation explains on

average 25% of return variance. The relation is much stronger for high-risk movements

(with an R-squared of nearly 0.40 in model 3) and much lower for Low-Volatility artists

(the R-squared is around 0.05, in model 5). Interestingly, the price-volume correlation

remains largely intact when controlling for contemporaneous and lagged stock returns.

Moreover, the R-squared increases only marginally when including stock returns, suggest-

ing that volume is more informative than stocks in the short run.2

1Controlling for changes in top incomes instead of equity returns does not materially a↵ect our results.
2Penasse (2014) presents evidence that volume is indeed more informative than stock prices for the

purpose of short-term forecasting.
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Table A.I: Price-Volume Correlation

All Movements High Volatility Low Volatility
Art Schools Art Schools

Panel A: Contemporaneous Correlation

Dependent Variable: Art Returns
(1) (2) (3) (4) (5) (6)

Art School Fixed E↵ects YES YES YES YES YES YES
Number of trans. 0.590⇤⇤⇤ 0.544⇤⇤⇤ 0.716⇤⇤⇤ 0.704⇤⇤⇤ 0.271⇤⇤ 0.247⇤⇤

(3.32) (3.55) (3.36) (3.63) (2.16) (2.14)
Equity Returns -0.133 0.036 -0.148

(-0.67) (0.15) (-0.79)
Equity Returns�1 0.284 0.075 0.241

(1.41) (0.32) (1.29)
R2 0.251 0.279 0.395 0.396 0.054 0.099
N 377 377 87 87 87 87

Panel B: Price Changes

Dependent Variable: Art Returns
(1) (2) (3) (4) (5) (6)

Art School Fixed E↵ects YES YES YES YES YES YES
Art Returns�1 -0.036 0.156 -0.056

(-0.27) (1.29) (-0.42)
Number of trans.�1 0.258⇤⇤ 0.235⇤⇤ 0.315⇤⇤ 0.216⇤ 0.338⇤ 0.312⇤

(2.01) (2.58) (2.06) (1.96) (1.96) (1.77)
Equity Returns�1 0.318 0.321 0.210

(1.20) (0.86) (0.59)
R2 0.052 0.073 0.096 0.133 0.080 0.092
N 377 377 87 87 87 87

Panel C: Volume Changes

Dependent Variable: Changes in the Number of Transactions
(1) (2) (3) (4) (5) (6)

Art School Fixed E↵ects YES YES YES YES YES YES
Art Returns�1 0.078 0.112 0.146 0.214⇤ -0.010 0.002

(0.69) (1.14) (1.01) (1.68) (-0.09) (0.02)
Number of trans.�1 -0.160⇤ -0.162⇤ -0.179⇤

(-1.82) (-1.83) (-1.85)
Equity Returns�1 0.213 0.370 0.234

(0.82) (1.27) (0.94)
R2 0.007 0.037 0.021 0.062 0.000 0.036
N 377 377 87 87 87 87

Panel A and B report the estimation results for price changes on (lagged) changes in the number of
transactions (our measure of volume), with and without controlling for lagged price changes and equity
returns. Panel C comprises the estimation results for volume changes on lagged price changes, while
controlling for lagged volume changes and equity returns. The annual series in Panel A are constructed
from the full sample, while those in Panel B and C are constructed from fourth-quarter observations.
We report the results for the aggregated art prices and volume (comprising 13 art schools), and for the
aggregated three most volatile movements (High-volatility art schools: Pop, Abstract Expressionism,
Minimalism and Contemporary art) and the aggregated three least volatile art schools (Low-volatility
art schools: Romanticism, Baroque, Rococo). Standard errors are clustered at year and movement level.
(t-Statistics are in parentheses. ⇤⇤⇤, ⇤⇤, and ⇤ indicate significance at the 1%, 5%, and 10% level,
respectively.)
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B. Lead-lag Relations

Resale option theory may also predict a lead-lag relation between lagged volume and

prices, if information di↵uses slowly. This is arguably the case for art where, absent a

centralized market, information has to di↵use through the media and by word of mouth.

Further, auctions around specific themes occur infrequently and hence the trading fre-

quency in the art market makes information spread slowly. Empirical evidence shows

that art market returns lag stock returns by a year (see e.g. Chanel (1995), Renneboog

and Spaenjers (2013)), and take at least six months to reflect information contained in

Sotheby’s stock price (Penasse, 2014). It is therefore likely that sentiment would di↵use

slowly into art prices. In the United States housing bubble, Soo (2013) similarly finds

that house prices followed volume with a substantial lag and shows that both volume and

prices were predicted by market sentiment.

Before turning to the estimation of lead-lag relations, some words of caution must

be spoken regarding the econometric model and the time series used. First, it is well

known that fixed e↵ects regressions with lagged dependent variables generate biased es-

timates. Still, given that the bias is of order 1/T and our panel data have a relatively

large time-dimension (30 years), the bias is tiny. Second, both indices for prices and the

number of transactions are by construction moving averages over each year and may thus

be artificially smooth. Time aggregation of data can lead to variances that are underesti-

mated and autocorrelations that are overestimated relative to the true underlying process

(Working, 1960). Moreover, the art auction market is very seasonal, with the second and

the fourth quarters of the year generally witnessing the highest trading intensity and most

important sales. In order to avoid identifying spurious lead-lag relations between price

and volume, we construct distinct price and volume indices from the observations in the

fourth quarter (October-December) of each year in Panels B and C.

Panel B of Table A.I shows that the number of transactions tends to lead prices. The

elasticity of current returns to lagged changes in volume is 0.258 (model 1), a little less

than half the elasticity to current volume, but it remains significant at the 5% level. Again,

the contribution of additional predictors seems marginal: neither lagged stock returns nor

lagged prices remain significant when controlling for lagged volume.

Panel C tests the alternative relations where prices lead volume: we regress the changes
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in the number of transactions on lagged price changes and control in a second regression

for lagged equity returns and possible volume autocorrelation. Panel C provides limited

support for a causal relation from returns to volume. We only find a borderline significant

relation in the High-Volatility group, where a 10% price change forecasts a 2.1% change

in the number of transactions on the following year (model 4). All specifications in Panel

C show a negative autocorrelation of the number of transactions. A plausible explanation

is market timing. Someone with a limited number of items to sell will put more items

at auctions when he sees a selling opportunity, which will leave him with fewer items to

dispose of the year after. A similar argument holds for a buyer with limited resources

and this argument generalizes to auction houses trying to maximize revenue by soliciting

more artworks when they expect higher prices.

II. Variance Ratio Test

In order to assess mean reversion of returns, we develop a residual resampling strategy

based on wild bootstrap. Our variance ratio statistic writes as:

VR(h) =
Var({ARTi,t}h�1<y<h)

hVar({ARTi,t}y<1)
(1)

where {ARTi,t}h�1<y<h is the set of resale pairs with a holding period y between h�1 and

h years. Under the null of a random walk, the variance ratio should remain approximately

equal to one across the horizon.

Equation (1) corresponds to a test where the null hypothesis is tested for an individual

value of k. Such a test ignores the joint nature of testing for the random walk hypothesis

and is therefore likely to have low statistical power. To address this concern, we construct

a multiple test in the spirit of Chow and Denning (1993), which is based on the idea that

the decision regarding the null hypothesis can be obtained from the maximum value of

the individual VR statistics:

VRM(h) = max
2ih

(VR(i)) (2)

To implement the bootstrap to resale data with unknown forms of heteroscedasticity, we
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adopt the wild bootstrap of Mammen (1993). Under the null that art prices follow a

random walk, the continuously compounded return of a price index of art, µt is equal to:

µt = µ+ ⌘t (3)

Where ⌘t is a serially uncorrelated but potentially heteroscedastic. We assume that the

continuously compounded return for a given artwork i in period t, ri,t, may be represented

by µt and an error term:

ARTi,t = µt + ✏i,t (4)

where the item-specific return ✏i,t is assumed to be uncorrelated over time and across

paintings. The bootstrap can be conducted as follows:

1. Estimate µ̂t, using the three-stage estimator based on Case and Shiller (1987) and

obtain estimates of the art price changes under the null ⌘̂t.

2. Form a bootstrap of t = 1, . . . , T observations µ⇤
t = µ̂ + vt⌘̂t, where vt is a random

sequence with E(vt) = 0 and E(v2t ) = 1. As for the form of the distribution for vt

we choose the Rademacher distribution:

vi =

8
<

:
�1 with probability 1/2

1 with probability 1/2

Conditionally on µ̂t, µ⇤
t is a serially uncorrelated sequence of which the innovations

have the same distribution as µ̂t.

3. Form a bootstrap of i = 1, . . . , N observations for art returns ART⇤
i,t = µ⇤

t +wi,t✏̂i,t,

where wi,t is again simulated from the Rademacher distribution.

4. Compute VR⇤ and VRM⇤, which are the VR and VRM statistics defined in Equation

(1) and (2), and obtained from the bootstrap sample generated in stage 3.

5. Repeat (2)-(4) m = 1000 times to form a bootstrap distribution of the test statistics

{VRM(j)⇤}mj=1.

The bootstrap distributions are used to approximate the sampling distribution of the
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VR and VRM statistics. The p-value of the test is estimated as the proportion of

{VRM(j)⇤}mj=1 greater than the VRM statistics calculated from the original data.

A potential concern is that a fraction of transactions fails to meet the reserve price or

is never resold. For example, loss adverse collectors may choose not to put on sale items

that are susceptible to selling at a loss. We address selection bias in the data by randomly

removing individual returns ART⇤
i,t that end up with losses. While removing fractions of

losses clearly a↵ect art price trends, the impact on VR test is fairly limited.
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Table A.II: Excess Returns and Short-term Transactions

Full sample High Volatility Low Volatility
Art Schools Art Schools

(1) (2) (3) (4) (5) (6)
MKT 0.209 0.387 0.151 0.300 0.458 0.484

(2.75) (4.15) (1.14) (1.91) (4.40) (3.98)
SMB 0.372 0.279 -0.059

(3.67) (1.50) (-0.41)
HML -0.382 -0.352 -0.588

(-3.73) (-2.27) (-4.07)
LIQ 0.142 0.445 0.317

(1.44) (3.09) (2.62)
FAME 0.120 0.125 0.027 0.106 -0.003 -0.011

(6.36) (7.79) (0.40) (1.65) (-0.06) (-0.22)
DEATH 0.088 0.099 0.398 0.342

(2.42) (2.71) (4.70) (3.99)
SHORT-TERM 0.391 0.382 0.976 0.796 -0.067 -0.012

(4.04) (3.85) (5.69) (4.53) (-0.51) (-0.09)
R2 0.029 0.041 0.083 0.107 0.033 0.051
N 25630 25630 3401 3401 1120 1120

This table presents the estimates of the following regression:

ri �
siX

t=bi+1

rft = ↵+ �1

siX

t=bi+1

MKTt + �2

siX

t=bi+1

SMBt + �3

siX

t=bi+1

HMLt

+�4

siX

t=bi+1

LIQt + �1

siX

t=bi+1

FAMEa,t + �2

siX

t=bi+1

DEATHa,i

+⌫
siX

t=bi+1

SHORT-TERMt + ✏i (5)

where ri =
Psi

t=bi+1 rit is the return on item i between bi and si, computed as the di↵erence
between the log of sale price and the log of purchase price and where rft is the risk free rate. The
variable MKTt is the world equity excess returns between purchase and sale times, SMBt and
HMLt are the Fama and French (1996) factors and LIQt is the Pastor and Stambaugh (2003)
liquidity factor. FAMEa,t is the log of the share of mentions in Google Books for artist a at
time t. SHORT-TERMt is the share of short-term transactions defined as our Volume measure
(see (14)). Descriptive statistics for all variables are provided in Table II. Standard errors are
clustered at year level.
(t-Statistics are in parentheses.)
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Table A.III: Subperiod Analysis II

1967-1976 1977-1986 1987-1996 1997-2006

CAPM 0.287 0.504 0.937 0.807
(2.39) (4.49) (5.58) (5.66)

Fama-French 0.111 0.352 0.544 0.906
(3.20) (2.52) (4.62) (5.51)

This table presents the estimates of the Volume coe�cients resulting from the following regres-
sion:

ri �
siX

t=bi+1

rft = ↵+ �1

siX

t=bi+1

MKTt + �2

siX

t=bi+1

SMBt + �3

siX

t=bi+1

HMLt

+�4

siX

t=bi+1

LIQt + �1

siX

t=bi+1

FAMEa,t + �2

siX

t=bi+1

DEATHa,i

+(⌫1Di,67:76 + ⌫2Di,77:86 + ⌫3Di,87:96 + ⌫4Di,97:06)
siX

t=bi+1

VOLUMEt + ✏i

where ri =
Psi

t=bi+1 rit is the return on item i between bi and si, computed as the di↵erence
between the log of sale price and the log of purchase price and where rft is the risk free rate.
The variable MKTt is the world equity excess returns between purchase and sale times, SMBt

and HMLt are the Fama and French (1996) factors and LIQt is the Pastor and Stambaugh
(2003) liquidity factor. FAMEa,t is the log of the share of mentions in Google Books for artist
a at time t. VOLUMEt is the market volume measure defined in Equation (14). The variables
Di,67:76, Di,77:86, Di,87:96 andDi,97:06 are dummy variables indicating that the item was purchased
during the following sub-periods 1967-1976, 1977-1986, 1987-1996 and 1997-2006. The variables
⌫i measure the correlation between volume and excess returns for each sub-period. Standard
errors are clustered at year level.
(t-Statistics are in parentheses.)
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