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Abstract 

Hedonic pricing models are based on the premise that the prices of marketed goods are 

related to their attributes. The traditional OLS regression applied to hedonic pricing 

models assumes that, when using time series, the estimated coefficients with respect to 

each of the attributes remain constant. This does not have to be the case. We propose a 

Bayesian dynamic estimation of the hedonic regression model in which the estimated 

coefficients are time-varying and apply it to art prices. We find that, using a sample of 

27,124 paintings sold at auction by 63 Pop artists (2001-2013), the estimated coefficients 

from the dynamic regression model fluctuate noticeably through time, and also that 

certain types of artworks, which might be regarded as “safer”, declined in price by less 

than less safer paintings during the financial crisis (2008-2009). We also estimated a Pop-

Art price index, finding that, in the semesters prior to the crisis, Pop-Art prices increased 

much faster than what an OLS estimation would have suggested. 
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A Bayesian Dynamic Hedonic Regression Model for Art Prices 
    

     INTRODUCTION/MOTIVATION 

 

The international art market has attracted a growing interest from collectors and 

investors from around the world. According to the annual report prepared by McAndrew 

(2018), $63.7 billion worth of art were traded in 2017. There exists an extensive literature on 

the determinants of art prices estimated based on the hedonic pricing model (see, for example, 

the works of Higgs and Worthington, 2005; Campbell, 2008; Taylor and Coleman, 2011; 

Renneboog and Spaenjers, 2013; Stepanova, 2015; Pownall and Grady, 2016; and Garay, 2017; 

among others).1 In general, an Ordinary Least Squares (OLS) regression has been used to 

estimate a static version of the model, whereby art prices are the dependent variable, and the 

independent variables are a set of characteristics or attributes assumed to affect art prices, such 

as: technique used (e.g., oil, acrylic, etc.), area of the painting, whether the painting is signed 

or dated, auction year of the work, name of the auction house, etc.  

In the case of art investing, one of the potential problems of applying the traditional 

OLS regression in the hedonic model is that it assumes that the estimated coefficients with 

respect to each of the attributes in the regression, when using times series, remain constant 

throughout the period of analysis. This is not necessarily the case. For example, during the 

recent global financial crisis of 2008-09, some market participants noted that certain types of 

artworks, which might be regarded as “safer”, declined in price by less than others (for example, 

those executed in oil or acrylic versus those executed in paper). This means that the coefficient 

for oil in a hedonic regression estimated through a static OLS regression would have predicted 

a larger price decline than what actually occurred. 

In this paper, we propose a Bayesian dynamic estimation of the hedonic model in which 

these estimated coefficients are time-varying. For this, we use a sample of 27,124 paintings 

executed and sold by 63 artists between 2001 and 2013 and belonging to the Pop-Art movement. 

We find that, indeed, a number of the estimated coefficients from the dynamic regression model 

experience ample variations through time. We also used the estimated coefficients on the time-

dummy variables to estimate a Pop-Art price index, finding that, in the semesters prior that 

preceded the eruption of the global financial crisis (late 2008/early 2009), aggregate Pop-Art 

prices increased much faster than what a traditional OLS estimation would suggest. In the 

standard OLS model only the year-dummy coefficients change over time, as the shadow prices 

                                                      
1 The hedonic pricing model is based on the premise that the price of a marketed good (artworks, real estate, 
agricultural land, etc.) is related to its characteristics or attributes.  
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of the other variables considered in the regression (technique, signed, dated, auction house, etc.) 

are constant. Instead, in our model the coefficients for the shadow prices change over time and 

therefore the interpretation of the results is different. 

Section 1 presents a review on the literature on the use of the hedonic pricing model in 

studies of the determinants of art prices. Section 2 presents the data and the methodology used 

in the study, while Section 3 offers an analysis of the results obtained. Finally, we offer the 

conclusions, implications, and possible extensions in Section 4.  

 

1. LITERATURE REVIEW 

 

Two methods have been commonly used to estimate art returns: the repeat sales method 

and the hedonic pricing model. The repeat sales method analyzes, for the same painting, the 

prices at which a painting has been sold at auction on two or more different moments during a 

certain period of time. The main advantage of the repeat sales method consists in that it uses a 

standard point of comparison for all the paintings to be studied, considering that the 

characteristics of a painting are assumed to remain constant over time. The main disadvantage 

of this method is that it can only use a small fraction of all the paintings that have been sold at 

auction over a certain period of time (for example, Renneboog and Spaenjers, 2013, found that 

only around 2% of the sales in their database of slightly more than one million lots sold were 

repeated sales). Another disadvantage of the repeat sales method is that it suffers from a 

selection bias that tends to cause an upward bias in returns. This occurs because a painting that 

is presumed to have increased in price since the time that it was bought is more likely to be 

presented again for sale at auction, compared to the case of a painting whose price is presumed 

to have declined since it was bought (see Goetzmann, 1993). Using a sample of 32,928 paintings 

that sold repeatedly between 1960 and 2013, Korteweg, Kraussl, and Vermijmeren (2016) 

estimate that this selection bias reduces art returns from 8.7% to 6.3% and lower Sharpe ratios 

from 0.27 to 0.11. A third disadvantage of the repeat sales method consists in that it is often not 

possible to determine with complete certainty whether a pair (or a triplet) of sales of paintings 

made over time corresponds to the same artwork. 

The hedonic pricing model (Rosen, 1974), is estimated through an econometric 

regression in which the dependent variable is the price (generally the natural logarithm of the 

price, to transform the sale price to be approximately normal) of each painting and the 

independent variables are each one of its characteristics or attributes, such as: area of the 

painting (which is usually log transformed to increase linearity with log art price), technique 

used, if the work is signed or dated, auction year of the work, etc. The hedonic pricing method 
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has the important advantage that it uses all available information about the sales present in a 

database. The main disadvantage is the inherent difficulty in selecting the variables to be used. 

Furthermore, each attribute does not have a specific market and, therefore, its price cannot 

directly be observed (see the discussion offered in Bilbao, Gonzalez and Rodriguez, 2015, who 

applied the hedonic pricing method to estimate the attributes of a real estate market). 

The following are some of the studies that have applied the hedonic pricing method to 

estimate art investment returns: Buelens and Ginsburgh (1993), Agnello and Pierce (1996), 

Higgs and Worthington (2005), Taylor and Coleman (2011), Renneboog and Spaenjers (2013), 

Stepanova (2015), Pownall and Grady (2016), Garay, Vielma and Villalobos (2017) and Garay 

(2019). The work by Renneboog and Spaenjers (2013) is the most comprehensive study to date 

in the application of the hedonic pricing model to estimate the determinants of art returns, as 

they studied more than one million sales of paintings at auction between 1957 and 2007. These 

authors find that art prices are higher when a painting: is sold at Sotheby’s or Christie’s 

(compared to other auction houses), has a larger area, is signed, is dated, is executed in oil 

(compared to watercolor and drawing), depending on the topic of the painting, and also 

depending on the month and year of the sale. Also, art prices increase at a decreasing rate as 

the area of the artwork increases. Tables 1 and 2, which have been adapted from Garay (2018), 

show a summary of the results found in the literature regarding the performance of art investing 

for studies that used the repeat sales method and the hedonic pricing method, respectively. The 

following general inferences can be drawn: 

 

1) The real rate of return of investing in artworks has been positive in almost all cases. They 

have also been relatively modest.  

2) For the majority of the studies, the recorded return of art investments is below that of stocks 

and, often, similar to the returns provided by government bonds, although with higher risk 

levels than those of bonds and similar to those of stocks. This is not surprising, considering 

that, contrary to stocks and bonds, art is both an investment and a consumption good, and 

hence, it provides both potential investment returns to their owners, as well as a 

consumption benefits. 

3) In general, the correlation between art returns and stocks, bonds, and most alternative 

investments is low, suggesting that art offers diversification benefits to investors with 

allocations to such assets. 

 

Finally, Table 3 shows the results of the literature on the return and risk of art 

investments measured by styles/movements. We have confirmed that all the studies performed 
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on art styles/movements are based on the hedonic pricing model, presumably because the repeat 

sales method would yield a very small sample size to be able to conduct a meaningful study.  

 

2. DATA AND METHODOLOGY 

Paintings are usually sold at auction houses, galleries, art fairs or through dealers. In 

this study, and following the literature on the determinants of art returns, we only use sale 

information that corresponds to auctions, because they represent the only avenue through which 

systematic and publicly available sources of artwork prices can be obtained.  

We use data from paintings executed by artists belonging to the Pop Art Movement for 

the period 2001-2013. The Pop-Art movement is an artistic movement that originated in the 

United States and the United Kingdom in the 1950s. Its name stands for Popular Art, and it 

emerged as a reaction to the abstract expressionism, which had arisen in the 1940s, and which 

Pop artists regarded as an elitist art style. The Pop-Art endeavors to be understood by everybody 

by conveying a simple and clear message, often using vivid colors. The Pop-Art expresses and 

reinterprets images that are present in the popular culture (e.g., advertisement, comics, and 

products of mass consumption) in large cities (Osterwold, 2007). Pop-Art is regarded as one of 

the most important Contemporary art expressions. 

 All available data was collected from the Blouin Art Sales database, achieving a total 

of 27,124 paintings executed and sold by 63 artists. The list of artists appears in Table 4. The 

list of Pop artists was selected analyzing various sources (Osterwold, 2007, 

www.artcyclopedia.com/history/pop.html, www.theartstory.org/movement-pop-art.htm, and 

the-artists.org/artistsbymovement/pop-art). These artists also had to have at least 20 artworks 

sold at auction during the sample period to be included in the study.2 The techniques that we 

analyze are: Oil, acrylic, works on paper, prints, and other media. The artists with the highest 

number of sales in the sample were Andy Warhol (8,470 sales) and Roy Lichtenstein (2,432 

sales); recording median price levels of $290,353 and $260,896, respectively, in contrast with 

the median price of $169.653 for the whole sample. 

Following the literature, we did not considered sculptures and any other three-

dimensional works (see Vosilov, 2015, for a study of the price determinants of sculptures), as 

this would have required a different regression specification. Furthermore, we did not 

                                                      
2 Other authors, such as Edwards (2004), Higgs and Worthington (2005), Renneboog and Spaenjers (2013), and 
Garay  (2019) have included in their studies artists having at least a minimum of between 20 to 30 paints sold at 
auction. 
 

http://www.artcyclopedia.com/history/pop.html
http://www.theartstory.org/movement-pop-art.htm
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considered “buy-ins”, that is, artworks that were offered at auction but were not sold because 

they did not reach the reserve price or minimum acceptable price set by the seller. 

The hedonic pricing method assumes that the price of a painting is equal to the sum of 

the prices of its attributes or characteristics.3 Among these attributes are, for example, whether 

the work is signed and dated, its area, etc. (the list of attributes that we use appears below in 

this section). As we mentioned before, the hedonic pricing model has been usually estimated 

applying the Ordinary Least Squares Method, and has the following equation: 

𝑙𝑙𝑙𝑙𝑃𝑃𝑘𝑘𝑘𝑘 = 𝛼𝛼 + � 𝛽𝛽𝑚𝑚 𝑥𝑥 𝑋𝑋𝑚𝑚𝑘𝑘𝑘𝑘 +  �𝑌𝑌𝑘𝑘 𝑥𝑥 𝐷𝐷𝑘𝑘𝑘𝑘 + 𝜀𝜀𝑘𝑘𝑘𝑘                    (1) 
𝑇𝑇

𝑘𝑘=1

𝑀𝑀

𝑚𝑚=1

 

Where: 

lnPkt: Price, expressed in natural logarithm and in nominal U.S. dollars, of painting k auctioned 

at year (or semester) t (including the “buyer's premium” or commission paid by the buyer). This 

is the dependent variable of the model. 

Xmkt: Value of the attribute or characteristic m of artwork k auctioned at year (or semester) t. 

Dkt: Dummy variable that takes the value of 1 if artwork k is sold in year (or semester) t and 0 

otherwise 

𝛽𝛽𝑚𝑚: Price of attribute m. 

Yt: Coefficient with respect to the year-dummy (or semester-dummy) variable.  

         

      Equation (1) is based on the hedonic pricing model proposed by Rosen (1974), and assumes 

that the market valuation of each attribute or characteristic does not change through time. 

Equation (1) has been estimated in the literature by a number of authors running an Ordinary 

Least Squares regression (see, among others, Edwards, 2004, Worthington and Higgs, 2005, 

Campbell, 2008, Campos and Barbosa, 2009, Kraeussl and Logher, 2010, Taylor and Coleman, 

2011, Renneboog and Spaenjers, 2013, Stepanova, 2015, Pownall and Graddy, 2016, Garay, 

Vielma and Villalobos, 2017, and Garay, 2019). The OLS is fixed effects with respect to both 

time and cross-sections. It should be noted that individual effects are not present because the i-

th painting auctioned at time t is not necessarily the same as the i-th painting sold at time t’, 

where t’ ≠ t. 

 

The list of the attributes considered in the regression model is presented below: 

                                                      
3 Triplett (2004) offers a comprehensive review of hedonic regressions: Triplett, J. (2004), Handbook on hedonic 
indexes and quality adjustments in price indexes: Special application to information technology products. OECD 
Science, Technology and Industry working papers, 9, OECD Directorate for Science, Technology and Industry, 
October.  
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- Technique used: Paintings are categorized as having been executed using any of the 

following techniques (dummy variables): Oil, acrylic, works on paper, prints, and other 

media.  

- Auction house: it distinguishes if the painting was sold at Christie's, Sotheby's or at any 

other auction house. 

- Dated: Dummy variable that takes the value of 1 if the painting is dated and 0 otherwise. 

- Signed: Dummy variable that takes the value of 1 if the painting is signed and 0 otherwise. 

- Area: it considers the artworks’ size in square inches. 

- Area squared: this variable is used to analyze whether the prices of paintings increase at a 

decreasing rate as the size of artworks increases. 

- Year or Semester of the auction: we considered the year or the semester (depending on the 

time frequency used in our specifications) in which the auction was held.  

- Alive: Dummy variable that takes the value of 1 if the artist was alive at the time an auction 

was held, and 0 if he or she had already deceased. 

 

The Appendix at the end of the paper presents the model structure and the sampling that we 

use in 

the paper. 

 

3. ANALYSIS OF RESULTS 

 Table 4 shows the list of the 63 Pop-Artists included in the study, their years of birth and 

death (if they are not still alive), as well as some basic statistics on the artworks categorized by 

artist, technique and auction house. As we commented before, the total number of works sold 

was 27,124. The artist with the highest number of works sold was by far Andy Warhol (8,470), 

followed by Roy Lichtenstein (2,432), David Hockney (1,652), Tom Wesselmann (1,463), and 

Keith Haring (1,220). The average number of artworks sold per artist was 430, and the average 

price of the paintings sold at auction by all the artists was $169,653. The most expensive 

painting sold in the sample was “Green car crash, green burning car I” (Andy Warhol), which 

sold at Christie’s for $71.7 million in 2007. The artists with the highest average price per work 

sold were Thiebaud Wayne ($321,867), followed by Andy Warhol ($290,353), and Ed Rusha 

($272,259). The standard deviations of the prices ranged from $1,671 to $2.15 million. Lastly, 

the values of skewness and kurtosis for many of the artists suggest that art prices are not 

normally distributed.  

 Regarding the technique used by the artists, more than half of the artworks sold 

correspond to other media and prints. This is not surprising, considering that these techniques 
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represent an essential medium of expression used by Pop-Artists. However, acrylic and oil 

clearly commanded the highest average prices per painting ($529,529 and $495,635, 

respectively), compared to other media, works on paper and prints ($137,028, $76,818, and 

27,219, respectively). These results for Pop-Art are in line with those found in the existent 

literature (e.g., Renneboog and Spaenjers, 2013), although the classification of techniques 

varies from paper to paper. Finally, artworks sold at Christie’s and Sotheby’s recorded the 

highest average prices ($255,615 and $242,014, respectively), compared to other auction 

houses (only $54,947). This is in line with the literature (see the review presented in Garay, 

2018). 

 Figure 1 presents the Bayesian dynamic coefficients of the regression estimated using the 

Bayesian approach (continuous line) compared to the coefficients estimated through the 

traditional static OLS regression (dotted line), which can be regarded as a baseline in the 

analysis. It can be observed the existence of dynamics in the continuous predictor for many of 

the variables and in the covariates that are observed frequently. Furthermore, it is noticeable 

that the betas of a number of the variables experienced a change in the trajectory towards the 

end of 2008/beginning of 2009, at the time the global financial crisis erupted, as well as an 

increase in volatility (between September of 2008 and February of 2009 the Standard and Poor’s 

500 suffered a cumulated loss of close to 60%). As we commented, it could be argued that in 

times of crisis, the most "valuable" attributes become more important, as suggested by an 

increase in the beta of the respective attribute or variable. For instance, as a result of the 

financial crisis, one can observe the following: 

 

1) Whereas the betas for Sotheby's and Christie's (the most reputable auction houses) increased 

during the crisis (although only slightly), the estimated coefficients for the other auction 

houses remained constant. 

2) The betas for oil and acrylic (as we saw in Table 4, paintings executed using these materials 

tend to be more expensive) clearly increase during the crisis. Other media (relatively 

cheaper paintings) decreased. Perhaps surprisingly, the betas for works on paper and prints 

also increase around the crisis. Whereas these techniques are usually associated with very 

low prices (compared to oil and acrylic), in the case of Pop-Art works on paper and prints 

are relatively expensive (compared to works on paper and prints used by artists belonging 

to other styles), very likely because they are essential to the message that Pop-Artists desire 

to convey. 

3) The betas for dated works (a sign of authenticity) increase slightly during the crisis. 
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4) The log of the area (and log of area squared) experienced sharp rises in fluctuation around 

the crisis, but no clear new trend afterwards.  

5) For a number of artists there is also a change in the trajectory of their betas after the crisis, 

although for a number of them the coefficient remains relatively constant during the period 

of study. In general, for the most expensive artists (e.g. Andy Warhol, Jasper Johns, Robert 

Indiana, Yayoi Kusama, and Nara Yoshimoto), beta increases or stops decreasing around 

the time of the crisis, suggesting that their works can be categorized as a safe asset (at least 

compared to less famous artists). This finding is consistent with the views expressed by 

market participants. For example, according to George Herman, the Head of South African 

Portfolios at Citadel Wealth Management, buyers of art take a long-time to trust the work 

of an artist and therefore the most popular artists sell at a premium. He argues that “This 

effect became especially apparent following the market turmoil of 2008. It’s obvious that 

buyers consider the works of the better known artists as ‘safer’, hence the premium” 

(www.iol.co.za/personal-finance/how-is-sa-art-market-doing-1943369, news from 

November 11th, 2015). 

  

 In the case of signed works, the betas decreased around the time of the crisis. This result 

is counterintuitive, as a signed work should command a higher level of authenticity. However, 

the signed variable has been found to be non-significant in most of the literature (see, for 

example, the papers by Stepanova, 2015, Pownall and Grady, 2016, and Garay, 2019), in part 

because it is not always possible to establish whether an artwork has been signed by observing 

the information provided by existing art price databases.  

 Finally, we also constructed a semiannual Pop-Art price index (see Figure 2). The 

dynamic model suggests that Pop-Art prices peaked in the first semester of 2008, just before 

the financial crisis erupted. For comparison, we also calculated indices using mean and median 

art prices, and both suggest that prices peaked in the first semester of 2007. An art price index 

built using a static OLS estimation indicates that, similar to the case of our estimation, prices 

peaked in the first semester of 2008. However, our Bayesian dynamic estimation suggests that 

prices increased sharply in the semesters prior to the financial crisis of late 2008 (much more 

so than an OLS estimation would indicate), and then plummeted in the second half of 2008 and 

the first semester of 2009. However, all the index specifications declined sharply between the 

second semester of 2008 and the first semester of 2009. After the crisis, the dynamic estimation 

remained above the OLS model. 
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4. CONCLUSIONS AND POSSIBLE EXTENSIONS 

 We have proposed a Bayesian dynamic estimation of the hedonic model in which the 

estimated coefficients are time-varying. We find, using a sample of 27,124 paintings sold at 

auction by 63 Pop artists between 2001 and 2013 that the estimated coefficients from the 

dynamic regression model exhibited ample fluctuations through time, and also that paintings 

having characteristics regarded as “safer”, declined in price by less than less safe paintings 

during the recent financial crisis. We also estimated a Pop-Art price index that suggests that, in 

the semesters prior to the crisis, Pop-Art prices increased much faster than what a traditional 

OLS estimation would suggest.   

 Our approach could also be applied to hedonic studies on real estate, where the 

characteristics or attributes of this asset class can also be expected to behave dynamically 

through time. For example, the value associated to having a parking space in a certain 

neighborhood might decline when a new public transportation system is incorporated in that 

neighborhood. In this regard, Wheeler, Paez, Spinney, and Waller (2012) apply Bayesian 

models with spatially varying coefficients that can also adjust for spatial correlation in data to 

analyze housing sale prices in the city of Toronto, Canada. However, their approach is 

concentrated in only one point in time (January of 2001). Similarly, Gargallo, Miguel, and 

Salvador (2018) estimate hedonic models for housing prices with geographically varying 

coefficients through a Bayesian method that is based on spatial filtering. Once again, their study 

is based in only one point in time (housing sales in the city of Zaragoza, Spain, in 2013). 

 One could also perform a times-series clustering analysis (see Nieto-Barajas and 

Contreras-Cristán, 2014) on the estimated trajectories of the coefficients of the artists, and try 

determining whether specific clusters of artists exist in the data.  

 Future research could also incorporate prior information or expert views in the Bayesian 

model. In the case of art auctions, one could use as such expert views the estimations put forth 

by auction houses prior to the auction date regarding the price that paintings are projected to 

attain. For example, prior to each auction, Christie´s and Sotheby´s offer, as part of the 

information for each lot to be auctioned, a range of prices (a minimum and a maximum) that a 

painting (or any other object to be auctioned) is expected to attain. There is also a reserve price 

set by the seller. The reserve price, which is unknown to buyers, may be below the minimum 

price. In this regard, McAndrew, Smith and Thompson (2012) examine whether expert pre-sale 

estimates presented to bidders before art auctions are unbiased indicators of value, and find no 

evidence of bias in the experts’ appraisals, after controlling for the potential impact of 

reservation prices. As expressed by Wheeler, Paez, Spinney, and Waller (2012), the 

incorporation of expert information into the Bayesian modeling framework is in line with the 
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scientific method, where prior information that is available before gathering data is used 

together with observed data to inform what we now know (or posterior).  
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Table 1: Summary of art as an investment in studies that used the repeat sales method 

 
Source: Taken and adapted from Garay (2018). 
 

Table 2: Summary of art as an investment in studies that used the hedonic pricing 

method 

 
Source: Taken and adapted from Garay (2018). 

 

 

Author(s) Market(s)/Style(s)
Time 

Frame
Annual Real 
Return (%)

Standard 
Deviation (%)

Baumol (1986) General 1652-1961 0.60
1635-1949 1.40
1653-1987 1.50 5.00
1950-1987 1.70

Buelens and Ginsburgh (1993) General 1780-1970 3.00
1716-1986 2.00
1850-1986 3.80 6.50
1900-1986 13.30 5.19

Pesando (1993) Modern prints 1977-1992 1.51 19.94
Chanel, Gérard-Varet and Ginsburgh (1996) General 1855-1969 5.00

Goetzmann (1996) General 1907-1977 5.00
Pesando and Shum (1996) Picasso's prints 1977-1992 2.10 23.38

1875-1999 4.90 4.28
1900-1986 5.20 3.72
1900-1999 5.20 3.55
1950-1999 8.20 2.13
1977-1991 7.80 2.11

Renneboog and Spaenjers (2013) General 1982-2007 4.56 15.79
Korteweg, Kraussl and Verwijmeren (2015) General 1961-2013 6.28 11.35

(Nominal return)

Frey and Pommerehne (1989) General

Goetzmann (1993) General

Mei and Moses  (2002)
USA, Impressionism and 

Great Old Masters

Author(s) Market(s)
Time 
Frame

Annual Return
Standard 

Deviation (%)
Agnello and Pierce (1996) USA 1971-1992 9.30% (nominal dollars) -

Renneboog and Van Houtte (2002) Belgium 1970-1989 8.40% (nominal Belgian francs) 19.40
Higgs and Worthington (2005) Australia 1973-2003 6.96% (nominal Australian dollars) 16.51

Taylor and Coleman (2011) Australian Aboriginal Art 1982-2007 6.60% (nominal Australian dollars) 17.90
Russia 1985-2008 10.00% (nominal dollars) 26.53
China 1990-2008 5.70% (nominal dollars) 21.08
India 2002-2008 42.20% (nominal dollars) 36.87

Renneboog and Spaenjers (2013) World 1957-2007 3.97% (real dollars) 15.21
Korteweg, Kraussl and Verwijmeren (2015) General 1960-2013 8.72% (nominal dollars) 13.76

Australia 1971-2007 3.09% (real dollars) 21.15
Austria 1971-2007 2.53% (real dollars) 17.44
Belgium 1975-2007 -0.90% (real dollars) 17.41
Canada 1972-2007 2.36% (real dollars) 16.12

Denmark 1976-2007 1.75% (real dollars) 15.56
France 1971-2007 1.14% (real dollars) 18.94

Germany 1971-2007 1.52% (real dollars) 13.12
Italy 1971-2007 1.99% (real dollars) 17.67

Netherlands 1971-2007 2.30% (real dollars) 17.94
Sweden 1971-2007 2.32% (real dollars) 20.18

Switzerland 1972-2007 1.99% (real dollars) 18.50
Great Britain 1971-2007 4.60% (real dollars) 15.79

USA 1971-2007 3.07% (real dollars) 14.31
Edwards (2004) Latin America 1981-2000 9.00% (real dollars) 12.60

Campos and Barbosa (2009) Latin America 1995-2002 5.23% (nominal dollars) -
Kräussl, Lehnert and Martelin (2016) Latin America 1970-2013 6.11% (nominal dollars) -
Garay, Vielma and Villalobos (2017) Argentina 1980-2014 6.81% (nominal dollars) 29.11

Kraeussl and Logher (2010)

Renneboog and Spaenjers (2014)
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Table 3: Summary of art as an investment by style/movement  

 

Source: Taken and adapted from Garay (2018). 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Author(s) Market(s)/Style(s)
Time 

Frame
Annual Real 
Return (%)

Standard 
Deviation (%)

Baumol (1986) General 1652-1961 0.60
1635-1949 1.40
1653-1987 1.50 5.00
1950-1987 1.70

Buelens and Ginsburgh (1993) General 1780-1970 3.00
1716-1986 2.00
1850-1986 3.80 6.50
1900-1986 13.30 5.19

Pesando (1993) Modern prints 1977-1992 1.51 19.94
Chanel, Gérard-Varet and Ginsburgh (1996) General 1855-1969 5.00

Goetzmann (1996) General 1907-1977 5.00
Pesando and Shum (1996) Picasso's prints 1977-1992 2.10 23.38

1875-1999 4.90 4.28
1900-1986 5.20 3.72
1900-1999 5.20 3.55
1950-1999 8.20 2.13
1977-1991 7.80 2.11

Renneboog and Spaenjers (2013) General 1982-2007 4.56 15.79
Korteweg, Kraussl and Verwijmeren (2015) General 1961-2013 6.28 11.35

(Nominal return)

Frey and Pommerehne (1989) General

Goetzmann (1993) General

Mei and Moses  (2002)
USA, Impressionism and 

Great Old Masters
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Table 4: List of Pop-Artists and Descriptive Statistics 

Source: Own calculations based on information obtained from Blouin Art Sales websites.

Table 4: Descriptive Statistics (2001-2013)

Characteristic Acronym  Born  Died 
 Number 
of works 

sold 

 Arithmetic 
mean price ($) 

 Standard 
Deviation ($)  Kurtosis Skewness 

ARTIST
Adami Valerio VAAD 1935 2005 446          25,446             34,809             23.20       3.90         
Arman ARMA 1928 2005 729          21,196             36,666             65.29       6.14         
Artschwager Richard RIAR 1923 2013 94           129,729           250,720           7.55         2.81         
Barker Clive CLBA 1940 - 24           7,745 11,009             4.46         1.98         
Blake Peter PEBL 1932 - 108          29,672             73,404             32.42       5.39         
Boshier Derek DEBO 1937 - 33           3,070 5,032 4.16         2.28         
Britto Romero BRRO 1963 - 27           9,827 15,445             17.94       3.97         
Caulfield Patrick PACA 1936 2005 82           117,493           210,647           2.89         2.00         
Chamberlain John JOCH 1927 2011 38           16,821             22,938             3.49         2.04         
Dine Jim JIDI 1935 - 631          26,559             51,469             17.20       3.88         
Arcangelo Allan ALLA 1930 1998 48           91,815             178,736           9.82         3.13         
Eggleston William WIEG 1939 - 332          53,358             91,424             42.74       5.27         
Erro ERRO 1932 - 549          16,704             66,553             225.55     13.83       
Fahlstrom Oyvind OYFA 1928 1976 56           17,909             50,889             30.88       5.25         
Goode Joe JOGO 1937 - 20           15,867             37,917             18.88       4.30         
Grooms Red REGR 1937 - 62           6,288 11,361             30.39       5.09         
Hains Raymond RAHA 1926 2005 174          28,397             39,720             41.01       5.38         
Hamilton Richard RIHA 1922 2011 258          26,685             67,956             71.58       7.87         
Haring Keith KEHA 1958 1990 1,220       56,852             160,918           89.55       8.03         
Hockney David DAHO 1937 - 1,652       66,654             390,812           187.01     12.59       
Hopper Dennis DEHO 1936 2010 26           25,423             57,885             23.32       4.73         
Indiana Robert ROIN 1928 - 306          113,190           273,411           41.36       5.50         
Johns Jasper JAJO 1930 - 931          187,461           1,303,472         284.56     15.16       
Johnson Ray RAJO 1927 1995 66           9,707 7,669 0.48         1.11         
Jones Allen ALJO 1937 - 101          34,052             93,842             54.97       6.90         
Katz Alex ALKA 1927 - 374          59,090             97,107             9.57         2.84         
Kienholz Edward EDKI 1927 1994 40           8,451 11,987             9.93         3.06         
Kitaj R B RKIT 1932 2007 60           71,947             99,354             7.23         2.65         
Klapheck Konrad KOKL 1935 - 50           80,743             102,665           6.17         2.32         
Kogelnik Kiki KIKO 1935 1997 30           14,169             18,673             2.62         1.96         
Krushenick Nicholas NIKR 1929 1999 27           25,455             38,765             2.61         1.94         
Kusama Yayoi YAKU 1929 - 533          112,952           257,885           54.36       6.05         
Laing Gerald GELA 1936 2011 26           50,615             116,464           22.66       4.63         
Lichtenstein Roy ROLI 1923 1997 2,432       260,896           2,151,733         397.14     18.48       
Lindner Richard RILI 1901 1978 73           90,784             182,503           11.27       3.23         
Max Peter PEMA 1937 - 130          2,704 2,545 2.56         1.70         
Murakami Takashi TAMU 1962 - 266          198,709           402,365           41.05       5.18         
Nara Yoshitomo YONA 1959 - 432          107,154           212,823           16.93       3.82         
Oldenburg Claes CLOL 1929 - 167          27,670             51,423             26.89       4.69         
Opie Julian JUOP 1958 - 141          29,367             28,312             1.52         1.43         
Paolozzi Eduardo EDPA 1924 2005 80           8,604 18,116             22.81       4.39         
Phillips Peter PEPH 1939 - 38           5,622 5,828 2.92         1.75         
Polke Sigmar SIPO 1941 2010 567          201,936           708,400           78.90       8.00         
Psaier Pietro PIPS 1939 2004 469          2,532 3,399 14.53       3.30         
Ramos Mel MERA 1935 - 109          137,980           244,801           15.55       3.43         
Rauschenberg Robert RORA 1925 2008 663          172,296           860,092           157.77     11.54       
Rivers Larry LARI 1923 2002 194          52,018             114,955           43.18       5.50         
Rizzi James JARI 1950 2011 25           1,665 1,671 7.49         2.68         
Rosenquist James JARO 1933 - 262          88,407             177,588           19.22       3.65         
Ruscha Ed EDRU 1937 - 656          272,259           643,202           34.92       5.21         
Saint Phalle Niki de NIDE 1930 2002 196          17,599             59,486             137.47     10.98       
Saul Peter PESA 1934 - 58           51,089             59,746             11.36       3.01         
Scharf Kenny KESC 1958 - 172          24,024             25,997             8.14         2.46         
Segal George GESE 1924 2000 36           10,662             37,966             34.51       5.83         
Self Colin COSE 1941 - 27           2,662 2,267 1.58         1.48         
Smith Richard RISM 1931 2016 47           5,818 10,845             9.38         3.17         
Takano Aya AYTA 1976 - 73           65,699             88,237             6.47         2.48         
Thiebaud Wayne WATH 1920 - 421          321,867           691,749           11.39       3.22         
Tilson Joe JOTI 1928 - 105          9,629 24,859             58.31       6.99         
Valdes Manolo MAVA 1942 - 109          194,545           157,470           -0.36 0.54         
Warhol Andy ANWA 1928 1987 8,470       290,353           1,914,113         513.64     19.33       
Wesley John JOWE 1928 - 90           93,039             104,673           4.61         1.96         
Wesselmann Tom TOWE 1931 2004 1,463       103,657           396,678           101.89     8.85         

1934.857 430.53968 70041.17366
TECHNIQUE
Oil OIL - - 2,142       495,635           2,089,474         266.17     14.28       
Works on paper WRKSPPR - - 3,926       76,818             628,432           1,234.33   31.15       
Prints PRINTS - - 6,792       27,219             122,680           1,530.02   32.39       
Acrylic ACRYL - - 2,800       529,525           2,471,517         327.16     15.31       
Other media OTHERS - - 11,464     137,028           1,227,266         1,294.96   31.59       

AUCTION HOUSE
Sotheby's SOTHBS - - 7,589          242,014               1,335,003            529.96       19.75          
Christie's CHRSTS - - 8,430          255,615               1,727,110            652.94       21.89          
Other auction houses OTHERS - - 11,105       54,947                  806,463               4,001.25    57.87          
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Figure 1: Dynamic coefficients of the regressions (2001-2013) 
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Figure 1: Dynamic coefficients of the regressions (2001-2013), Artist’s coefficients (cont.) 
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Figure 1: Dynamic coefficients of the regressions (2001-2013), Artist’s coefficients (cont.) 
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Figure 1: Dynamic coefficients of the regressions (2001-2013), Artist’s coefficients (cont.) 

Source: Own calculations based on information obtained from Blouin Art Sales websites. 

Figure 2: Evolution of Pop-Art Price Index (Semiannual, 2001-2013) 

Source: Own calculations based on information obtained from Blouin Art Sales websites.



Appendix

We have monthly data, at each time t,  with t = 1, ..., T  we observe a vector of
auction prices or a set of nt works. Let y = [y1,t,  ..., ynt,t]

0 = [log(y1,t),  ..., log(ynt,t)]
0

be the vector of the log prices of art work auctioned at time t.  Each vector
yt has a di↵erent size nt.  We develop a dynamic specification that allows a
dynamice evolution of the individual coe�cient. The model is complex, so we
write first the general specification and there we explicitly define each compo-
nent. The model is formed by two equations: the observation equations and
the evolution equation.

ob.eq. yt
nt⇥1

= Ft
nt⇥p

✓
p⇥1

+ ⌫t
nt⇥1

(1)

ev.eq. ✓t
p⇥1

= G
p⇥pt

✓t�1
p⇥1

+ wt
p⇥1

(2)

Ft is the design matrix. Each row k contains the covariates of work k anchored
at time t. It can be decomposed in several interpretable components. Fkt =
[1FcktFAktFskt ]. The first term is the design value for a time-varying intercept.

• Fckt is the vector of qc artwork characteristics [x1kt , x2kt , ..., xqckt ]. In our
case it includes area, area squared, whether the work was signed, etc.

• FAkt is the vector that indicates the artist who made that work [0, 0, ..., 0, 1, 0, ..., 0]

• Fskt is the seasonal component design matrix. We use a trigonomet-
ric representation with pairs of harmonic components. Thus Fskt =
[0, 1, 0, 1] for two harmonic components.

• ✓t is the vector of state variables which can be decomposed as ✓t =
[�0t, �t,↵t, st], where �0t is the dynamic intercept, �t = [�1t, .., �qct] the
time varying regression parameters for the work characteristics, ↵t =
[↵1t, ...,↵qA] the artist time varying parameters, st = [s1t, s?1t, s2t, s

?
2t] the

seasonal state vector.

• ⌫t is an i.i.d observational error; ⌫t ⇠ N [0, Vt]. In our case, for simplicity,
Vt = V . The error variance V will have an inverse gamma IG (aV , bV )
distribution.

The evolution equation contains an evolution matrixGt = G = blockdiag [G1, Gc, GA, Gs],
G1, Gc = qc, GA = qA, and

Gs =

2

664

cos(w1) sin(w1) 0 0
sin(w1) cos(w1) 0 0

0 0 cos(w2) sin(w2)
0 0 � sin(w2) cos(w2)

3

775
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where wi are the Fourier frequencies wi = 2⇡i
12 . The evolution error wt fol-

lows a multivariate normal with mean 0 and evolution variance wt = W =
[W0,Wc,WA,Ws] where W0 ⇠ IG [aW , bW ] and

Wc =

2

64
wc1 0 0

0
. . . 0

0 0 wcqc

3

75

where Wci ⇠ IG [aW , bW ], for i = 1, ..., qc and

WA =

2

64
wA1 0 0

0
. . . 0

0 0 wAqA

3

75

where WAi ⇠ IG [aW , bW ], for i = 1, ..., qA and

Ws =

2

64
0 0 0

0
. . . 0

0 0 0

3

75

The model is completed by normal priors for all the initial state variables.
The estimation of the model is conducted in a Bayesian framework, and it

requires an MCMC algorithm. The Gibbs sampler involves two main steps, to
sample the state variables ✓t and the parameters {V,W} from their respective
full conditionals:
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Backward sampling. We now sample (✓t|✓t�1) for t = T � 1, ..., 1

• (✓t|✓t+1) ⇠ N [ht, Ht]

• ht
p⇥1

= mt
p⇥1

+ Bt
p⇥p

( ✓t
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� at
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)
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sample (V,W |Y,✓t) and sample V ⇠ IG

⇣
aV + n/2,

PT
t=1(yt�Ft✓t)T (yt�Ft✓t)

2

⌘

where n is the total number of observations. Each element of W will be sam-
pled from an IG distribution. Each parameter will be sampled independently

from Wi ⇠ IG

⇣
aW + T/2, bW +

PT
t=1(✓t�Gt✓t�1)T (✓t�Gt✓t�1)

2

⌘
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