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Abstract 

  

Previous studies of art price modeling relied on RSR, hedonic, or network modeling 

techniques to interpret a set of variables’ relationship to perceived art prices. There was an 

adversity in quantifying provenance record as it proved to be a laborious task riddled with 

limitations in the dataset. Existing research has not analyzed how aristocratic ownership, art 

dealers, and auction houses interacted within a given network of the art market. 

This thesis explores the relationship between provenance and historical seventeenth- and 

eighteenth-century French art prices in the British and French art market by using a hybrid 

approach integrating hedonic modeling with network analysis. Using data from the Getty 

Provenance Index, this study focuses on three provenance indicators: aristocratic ownership, art 

dealer involvement, and auction house involvement. The key findings supported the importance 

of auction houses in driving art prices and the heterogenous relationship present within the art 

market. This work contributes to the growing field of quantitative art market analysis to better 

understand how art is valued over time. 

 

 

 

 

 

 



 

Chapter 1: Introduction 

 

“With Jodi Pollack on the phone at forty million dollars. At forty million now. At forty million. 

Holding with Jodi at forty million dollars. They’re sure? At forty million dollars then. We’re all 

sure. Last chance for Apex at forty million dollars. Last chance, Adam, at forty million. Fair 

warning. It’s with Jodi Pollack at forty million dollars. Shall I sell, Adam? At forty million, then 

that’s yours, Jodi. SOLD.” 

- Phyllis Kao (Historic Bidding Battle for Stegosaurus Fossil Sets New Auction Record at $44.6 

Million | Sotheby’s, 2024) 

 

Apex the Stegosaurus 

 

The art market has a certain captivating allure. For centuries, it served as a space for the 

elite to transact money for fine art. Likewise, it lacked transparency, creating a gray area for law 

and government authority. The contemporary view of the art market is a mixed bag. Fantasies of 

priceless artworks, potential money laundering schemes, and the dramatic theatrics of sales 

curate a space where a person’s imagination can run free in thought of the sums of transactions 

and notoriety of works involved in the sales (Bowley & Rashbaum, 2017).  

Last year, Sotheby’s, a prestigious worldwide auction house, made headlines when it sold 

Apex the Stegosaurus for almost forty-five million dollars (with fees included). Such extravagant 

sales add to the art market’s allure, but they also show an integral component to the market: 

secrecy. The blurb at the beginning of this chapter was from the last few minutes of Apex’s sale 

on July 17, 2024. As one of the largest and most complete skeletons of a Stegosaurus ever found, 

Apex provides an interesting case study (Elbein, 2024). Sotheby’s generated a lot of “hype” 

around this specific auction given Apex’s importance and rarity. A strong media campaign to 
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promote the auction highlighted Apex and several other fossils. Some paleontologists and other 

researchers quickly ridiculed the sale and emphasized that Apex should sit in public hands (like a 

museum) rather than private ones (Elbein, 2024). Despite their protests, an anonymous bidder on 

telephone with Jodi Pollack, a Chairman of Sotheby’s, placed the bid for forty million dollars 

(Historic Bidding Battle for Stegosaurus Fossil Sets New Auction Record at $44.6 Million | 

Sotheby’s, 2024).  

As highlighted by Sherman (2024), a question remained for everyone: who was this 

mysterious late bidder? News sources did not report Harvard alumnus Kenneth C. Griffin’s 

donation of Apex to the American Museum of Natural History in New York City until December 

2024 (Small & Jacobs, 2024). In some ways, this resolved the qualms of Apex remaining in 

private hands, and it presented a rather modern approach for donating to museums and 

institutions as they often may not have adequate funds to participate in such lavish auctions. 

Griffin’s anonymity afforded him time to get his payments aligned and decide subsequent 

handling of Apex, but it nonetheless briefly added to Apex’s mystique after the sale as there was a 

consistent buzz for who could even afford its hefty price tag.  

Although seemingly unrelated to art, the discussion of a contemporary fossil sale 

underscores the broad and often ambiguous boundaries of what the market has become. For an 

analogy, one can view the art market as an elevated flea market: rather than operating with fixed 

prices, buyers can negotiate, or place bids based on what they wish to pay. Artists may also sell 

directly into this market. In this system, sellers may market virtually any marketable item, so 

long as the venue and agents aligns with the desired clientele. Current practices have organized 

art into categories based on art movements, time, and location. Items falling outside of these 

classifications, such as handbags, wines, and fossils, are funneled into the broader “luxury 
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market” category. The art and luxury markets intertwine and operate in a similar manner. Auction 

houses serve as an intersecting point for these markets. A buyer’s willingness to pay becomes 

especially significant as later sections of the thesis will explore how pricing models make 

assumptions whether a given transaction reflects an artwork’s expected value or some alternative 

valuation logic.  

Secrecy is central to the art world. Anonymity protects agents involved and generates awe 

for future sales. The art market typically relies on asymmetrical information to guarantee a 

decent sale price for the seller and a decent deal for the buyer (Angelini & Castellani, 2022, p. 

16). However, in a world where data has become increasingly vied and contested for, an 

interesting study for this market appears: How accurately can data and models predict and 

determine art prices? How would one go about obtaining the data required given the secrecy? 

Throughout this thesis, I will use the term data in broad terms. It can encompass everything from 

client information to historical auction sale prices of specific artworks. Auction houses rely on 

such data to optimize their business handlings. Seemingly minor details⎯such as whether a 

client recently bought a new home or has an upcoming anniversary⎯aid auction houses in 

creating tailored buying and selling strategies. Valuations and appraisals also constitute a major 

component of the market due to insurance, taxation, and estate accounting purposes. These 

processes necessitate both a historical contextualization of the artwork and a comparative 

analysis of related and similar past sales to provide accurate and defendable valuation estimates. 

The data used to train these models frequently lie behind expensive paywalls or proprietary 

protections in the case of large auction houses like Christie’s or Sotheby’s. The very act of 

having access to any data would subvert the allowances granted by secrecy. Data enforces 

transparency for a market that thrives on spontaneity and confidentiality. A growing view of art 
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as an alternative asset class has resulted in a growing inclination to treat it as a model-worthy, 

fluctuating asset, like stocks. Unlike stocks, asymmetrical information, opaque private deals, and 

other complexities characterize the art market. What variables can the construction of these 

models realistically account for if they aim to capture the behavior and value of artworks within 

a complex market? Critics of models find that the art market simply cannot be predicted as 

connoisseurship and taste are what drives it. This chapter will first focus on the cultural context 

for the creation and evolution of the art market and later explore mathematical approaches in 

determining future prices and valuations for artwork.  

 

History Behind the Developing Art Market 

 

Fully extrapolating the history of the art market presents an impossible task. Initially, a 

solidified art market seemed unnecessary. Art creation relied on a patronage-commission system 

where wealthy clients hired artists to devise masterpieces the clients desired (Piano & Piano, 

2023, p. 315). These patronage systems often granted artists a living wage, and in some cases, 

shelter. Outside of patronage, prospective buyers could also go to artists and buy directly from 

them as well. By the sixteenth century, the Netherlands experienced an evolution in their art-

producing system. Anonymous patronage became more prevalent and it resulted in the 

commoditization of artwork (Bayer & Page, 2011, p. 13). On the supply side, art producers 

adopted cost-reducing measures (such as switching from panel to canvas painting) and the 

division of labor created specialized roles for participants. This streamlined art creation for the 

masses and specialized art creation was maintained as well. Guild organization became integral 

as it nurtured local talent and maintained high standards of workmanship (Ormrod, 2007, p. 13). 
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Guilds have a complicated history as they have sought to exercise oligopolistic controls over 

output, but these efforts were resisted by angered capitalist buyers and led to the dissolution of 

some guilds (Bayer & Page, 2011, p. 14). Artwork sizes decreased and “easier” methods of 

production, such as prints and engravings, flooded the market. This led to the spread of art fairs, 

officially sanctioned art auctions, art lotteries, and by the end of the fifteenth century, the 

establishment of professionally operated art galleries due to this influx of consumable art (Bayer 

& Page, 2011, p. 13). These developments introduced middlemen, primarily art dealers, who 

controlled how the market functioned. Their profit-motivated tastes sent signals to both the 

demand and supply sides. Commoditization develops as these internal dynamics optimize the 

market’s function as an exchange system. These dealers challenged guild regulations by 

privatizing art sales or by establishing art lotteries and this helped improve the flow of art goods 

from producer to consumer. Though, it should be noted that as the more effective they were at 

being middlemen, they asserted themselves as crucial links between artists and collectors, 

thereby increasingly isolating producers from end consumers (Bayer & Page, 2011, p. 15). 

During this early period, England lagged in its development of an art market. Despite 

becoming the largest and richest European city by the 1700s, it had no solidified domestic art 

market. Art arrived in the country primarily through Grand Tours and patronage. The Grand 

Tours was a traditional journey undertaken by young upper-class Englishmen as a means of 

cultural enrichment through continental Europe and ultimately return to England as a refined and 

well-informed gentleman (Bayer & Page, 2011, p. 16). Upon traveling through major artistic 

centers in the Netherlands, France and Italy, these men would acquire artworks directly, or upon 

returning to England, commission pieces depicting their adventures.  
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Art dealers and other owners of art in continental Europe knew that the English would 

readily pay high prices and that they had minimal art knowledge compared to their enthusiasm of 

wanting to collect (Bayer & Page, 2011, p. 17). Compared to the art market in the Netherlands, 

sometimes English market pieces were of dubious origin or quality as continental agents pushed 

artwork onto the English market to gain higher returns. Domestic English artists found difficulty 

competing in the market as there was less demand for domestically produced art, no supportive 

guild structure, and the constant competition of established foreign productions or cheap 

reproductions. Following the concept of Grand Tours, there was a desire to collect the “exotic” as 

opposed to the more easily accessible domestically made works (Bayer & Page, 2011, p. 18). 

The fascination of collecting started with the Kunstkammer: the cabinet of curiosities. As 

the name implies, these cabinets contained an assortment of objects that served to authenticate 

the owner’s intellectual authority and worldly experience (Stewart, 1992, p. 145). Items ranged 

from human bones and miniature portraits to exotic shells, gemstones and more. Emerging in the 

fifteenth century, the Kunstkammer gradually evolved, bolstered by increasing wealth, into 

expansive rooms or galleries (Smith, 2022). Modern scholarship treats the Kunstkammer as a 

conceptual starting point for the general impulse to collect. These displays functioned as social 

markers of status and wealth. As collecting became more refined, a shift focusing on art 

appeared, and the Kunstkammer developed into princely collections  (Duncan, 2004, pp. 24–25). 

At its core, the princely collections follow the same logic as the Kunstkammer, but instead of 

emphasizing the “exotic,” they sought to convey cultivated taste and intellectual sophistication 

through art pieces.  

As the English art market developed, urbanization provided a foundation that allowed the 

market to expand and flourish rapidly, in comparison to the previous Dutch art market. First, 
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urbanization resulted in an expansion of fixed-location retailing that hosted both foreign and 

domestic art pieces in countless private and public building locations (Bayer & Page, 2011, p. 

19). This shift contributed to the increased marketability of artworks by broadening the potential 

consumer base. While the upper echelons of English society reserved the privilege to enjoy the 

Grand Tour, the emergence of fixed-location retailing and the rise of printed media enabled 

members of the upper middle class and lower elite—those who could not afford such extensive 

travel—to engage with the art market. Over time, individuals from lower socioeconomic 

backgrounds gained access to art consumption through the availability of prints and 

reproductions. The rise of printed media facilitated the appearance of printed advertisements in 

newspapers and as more people visited the fixed-location retailers, art criticism as a literary 

genre developed. The press thus greatly contributed to the advancement of an appreciation for 

the arts in the middle-class (Bayer & Page, 2011, p. 20).  

Regardless of these changes, art remains a luxury good. The consumption of art requires 

the individual to have some surplus of income past the basic needs of survival. The development 

of a country’s art market from infancy to maturity requires a steady expansion of the country’s 

general economy in the background (Bayer & Page, 2011, p. 20). As previously noted, colonial 

expansion and its resulting trade networks sustained England’s dominant economic position. 

However, this legacy has created a complex historical narrative for modern Britain to grapple 

with in alleviating or resolving the darker aspects of its imperial past. 

 

Inception of Auction Houses in England 
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After its introduction in the 1680s, auction sales of paintings became common practice in 

England and experienced a boom (Bayer & Page, 2011, p. 74). In the absence of regular public 

exhibitions of art, museums, and commercial galleries, attending auctions as a bidder or as a 

spectator granted other opportunities for the public to participate in viewing paintings. The press 

could advertise auctions or publicize record-breaking sales (if granted by the buyer). Between 

1699 and 1694 there were over 300 advertised sales with as many as 35,000 paintings being 

offered on the block between August 1689 and March 1692 alone (Bayer & Page, 2011, p. 74). 

The auction house acted as another necessary foundation for the art market analogous to stock 

exchanges for securities. Art auctions enhanced the liquidity of the pieces by presenting to both 

buyers and sellers an independent alternative to exchange property rights. They also decreased 

the possibility of scams because bidders dictated prices within the room at the time of sale. As 

early as 1689, the market began to refine its business practices by imposing policies and 

regulations to improve the conduct and speed of sales, protecting the auctioneer from fraudulent 

bidders, and to assure timely payment of purchased goods was met (Smith, 2022, p. 6). Later, the 

country’s courts dealt with cases pertaining to identifying forgeries and subsequent fraud, forced 

upward bidding by accomplices, and such. Some case rulings proved more hurtful to the market 

than others, but they highlighted key inefficiencies within the market and resulted in greater 

understanding of art sales and of the agents involved therein. If the auction industry were to 

increase it would require greater regulation or at least some consumer protection to reduce 

associated risks (Bayer & Page, 2011, p. 79). The auction business catered to private consumers 

and frequently more inexperienced buyers. Some consumer protections, like certificates of 

authority, appeared in order to diminish potential points of fraud. 
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As the influence of the art dealer as a middleman diminished, the auction house presented 

a structural change for how art could be transacted. However, their influence in driving taste 

persisted in the background as dealers and supposed connoisseurs wrote literary columns and 

opinions on particular art subject matters. This literary genre was intended for popular 

consumption and had it provide a more discriminating or intellectually nuanced perspective, it 

may have impeded the consumption of artists’ products by a growing, intellectually non-elitist, 

audience (Bayer & Page, 2011, p. 72). Another feature of the auction house was its relative 

inclusivity, particularly toward women. Women were able to participate in bids and were 

included as a reference in advertisements. This suggest that the auction house played a role in 

standardizing the art market, provided previously marginalized groups had the financial means to 

participate. 

By the first half of the eighteenth century, the auction business developed into two 

separate areas (Bayer & Page, 2011, p. 78). Langford, Cock, Prestage, and Christie’s, who 

mainly focused on catering to the upper echelons of clients in terms of wealth and social status 

encompassed one area. Almost all art is auctioned in an ascending price format where bidding 

starts low and auctioneers call out higher prices until the bidding stops (Ashenfelter & Graddy, 

2003, p. 764). The other area was taken by a less distinguished group of auctioneers originating 

from the Upholders’ Company, a company of upholsters that had been granted the right to sell 

second-hand household goods in the sixteenth century. This group mainly conducted fixed price 

sales, but it turned to auctions and collaborated with tightly regulated appraisers’ trade. 

Regardless, by the end of the century, guilds faded into obscurity.  

After establishing the art market developments of the Netherlands and Britain, the French 

art market is the final market to be examined within the scope of this thesis. The French art 
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market was developed roughly during the same time as the Dutch art market. While the British 

art market bolstered laissez-faire mechanisms, the French art market was closely tied to state 

institutions and royal patronage (Raymonde, 1987, p. 10). The establishment of the Royal 

Academy of Painting and Sculpture (The Academy) in 1648 brought a rigorous quality control 

instruction that artists received as well as regulations for production and taste. Originally, artists 

could not sell artwork directly to consumers and instead needed an intermediary art dealer to 

service the deal. While art dealers in Britain may be antagonized due to questionable business 

tactics or quality of pieces, the art dealers in France were a necessity. These French art dealers 

served as personal promoters for artists they had an interest in and connected interested buyers. 

The Salon, starting in the mid-seventeenth century, became the most important public exhibition 

space which heavily influenced market value and societal reception of artwork. It was a 

celebratory, but also brutal space that either made or destroyed artists’ careers. While the French 

Revolution brought turbulent times to France and an imbalance to the art market as confiscated 

church and aristocratic property flooded the market, the state still had an important role for 

approving exhibitions or publishable art literature in newspapers and other medias (Raymonde, 

1987, p. 11).  

The British and French art markets were interwtined with cross-Channel trade shaping 

both supply and demand. British collectors willingly paid higher prices for foreign productions, 

thus prompting French art dealers to export artworks to Britain in pursuit of higher profits. 

Additionally, France had stricter regulations on the production of art, such as regulating the use 

of certain materials (in particular, gold) (Vardi, 1988). These restrictions did not apply abroad. 

Sometimes, artists exported artwork incorporating such embellishments to Britain for sale. Other 

times, these pieces would be reimported back into France, having been “cleansed” of any 
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regulatory infractions. Their foreign provenance could be justified by claiming that the artwork 

was created during an artist’s travels in Britain.  

 

Literature on Previous Art Price Research 

 

 Researchers have had difficulty creating models that accurately predict or track the value 

of art pieces. Art is a subjective area where passion and interest motivate buyers to raise or lower 

prices at their discretion.  

 Before examining pricing models, I must provide a baseline understanding of how these 

datasets are collected to perform this type of research. Acknowledgements of significant gaps 

and limitations in available data sources serve as a common refrain across much of the current 

literature. Historically, art dealers and auction houses acted as the primary record-keepers of art 

prices. For art dealers, art transactions were their main source of income. Consequentially, they 

required accounting ledgers to keep track of their own profits. For auction houses, they would 

also keep detailed ledgers of pieces and their transacted prices. In select cases, researchers can 

also draw upon private libraries or office records of buyers to find transacted prices. This method 

is more suited for qualitative case studies due to the intensive labor required.  

The main problem with these records lies in digitization and standardization. While 

auction records are usually more consistent, art dealers often referred to people by nicknames or 

abbreviations and used inconsistent naming conventions for repeat clients and artworks. Artwork 

titles may vary, requiring researchers to cross-reference characteristics such as dimensions, 

mediums, or dates to confirm the match. They do not, however, consistently document these 

details. 
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Despite the limitations, these archival datasets remain the best sources for historical art 

price information. With significant data cleaning and interpretation, valuable knowledge can be 

obtained. In recent years, The Getty Research Institute (GRI) has compiled physical archival 

inventories, sales catalogs, and dealer stock books into an online database. The Getty Provenance 

Index (GPI) consolidates all the available known information (date of acquisition, dimensions, 

agents involved, price, etc.) of a transacted art piece within public and private volumes (Getty 

Research Institute®, 2017). GPI also attempts to standardize naming conventions by using the 

“authority names” determined by The Project for the Study of Collecting and Provenance 

(PSCP). These volumes can come from defunct auction houses who bequeathed their records to 

the GRI, loaned out for the GRI to digitize and include in the dataset, or the GRI happened 

across the data through their own provenance research. While this dataset has not yet seen 

widespread use in quantitative studies, it holds potential for future research in the field. 

In contemporary practice, several new platforms, such as Artnet, Artprice, and MutualArt, 

compile more recent auction transactions (usually starting from about the 1970s onwards). These 

platforms have a high paywall for access and the user interface makes it difficult to directly 

download a large set of information into CSV files. Finally, some auction houses have their own 

in-house databases of their ledging on top of acquired volumes from past merged companies. 

These datasets, though, are restricted to be used only by the auction house. 

 

RSR Modeling 

 

 The repeated sales regression model (RSR) is one of the predominate methods in 

constructing models to estimate prices from art auctions. RSR uses the acquisition and sale price 
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individual art pieces to estimate the fluctuations in value particular time period (Goetzmann, 

1993, p. 1371). This method was initially used in analyzing real estate returns. Invariance of the 

resulting index to the specifications of a hedonic model provide an upside to applying RSR to 

art. The methodology automatically controls for the differing quality of assets as the returns are 

price relatives of the same art piece. Specificity of this methodology to matured art markets with 

many plentiful data sources presents a key limitation, however.  

 There are three main papers that focus on using RSR to evaluate art valuations and each 

subsequent paper chronologically builds off the previous one.  

 In 1986, William Baumol analyzed a three-volume set of auction records from London by 

Gerald Reitlinger (Baumol, 1986). These records focused on artists under Reitlinger’s radar and 

usually consisted of the “best” known artists spanning the course of centuries. Baumol 

discovered from the thousands of records contained in the Reitlinger volumes that some pieces 

were resold during a 300-year period (Baumol, 1986, p. 12). Baumol is one of the pioneers in the 

field of evaluating art prices as he is among the first to relate the similarities of stocks and other 

securities to art. He compiled a list of these multiple sales and eliminated cases that had an 

interval of less than twenty years intervening between the sales. The remaining records were 

deflated by a price index to transform them into pounds of constant purchasing power. From the 

deflated figures, rates of returns were calculated for each painting for the period between 

transaction periods. The simple standard continuous compounding formula was used to calculate 

the rates of returns: 

𝑦𝑡 = 𝑦0𝑒𝑟(𝑡−𝑡0) 



 14 

Where 𝑦𝑡 is the value of the art piece at the subsequent sale date, 𝑦0 is the initial acquisition 

price of the art piece, 𝑟 is the growth or decay rate of the price between the holding period, 𝑡 is 

the current time (sale date) and 𝑡0 is the initial time (acquisition date). 

From this, Baumol determined the mean, median, standard deviation, and other 

descriptive statistics of these observations and graphed them using histograms to analyze the 

results. He found that paintings as an investment had remarkable low rates of return when 

compared to government securities, although extreme outliers appeared in the case of 

masterpieces (Baumol, 1986, p. 13). However, I wish to highlight that the prices listed in the 

Reitlinger volumes do not indicate whether the sale price was with or without associated fees 

(such as commission, auction fees, etc.). Contemporary sales will include a hammer price and 

buyer’s price, with the latter accounting for the associated fees. It is likely that the estimates 

produced by Baumol are overestimates. Besides the unremarkable return rate for art investments, 

Baumol also discovered that persons who held works for relatively brief periods (such as fifty 

years) experienced large gains or losses (Baumol, 1986, p. 13). This is an expected outcome, 

though, as it is a random process where the mean of returns should approximate to zero. It can 

also be misinterpreted as the figure lacks historical contextualization. Baumol looked at a dataset 

spanning centuries. A “brief period” is not actually so brief when one considers he removed 

repeat sales that had less than twenty years intervening them. A period of fifty years is almost a 

generation, and the high gains and losses could have resulted from estate auction sales at the time 

of death for someone. Estate sales can be seen as analogous to fire sales during times of financial 

distress. In those cases, unknown masterpieces can experience high gains, whereas mid to low 

tier artwork may fetch lower prices in auction given the estate sale nature. His research 
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concluded that no efficient method to beat the market financially by selecting reliable art pieces 

to gain higher returns existed. 

Baumol’s findings are not surprising given the subjectivity that comes with art. He also 

performed this research during a time when regression modeling was still in its infancy. While 

Baumol does not explicitly use RSR, his research serves as a precursor to it and hints at the 

perceived importance of understanding the relationship between sales period for a given piece of 

art. 

 In 1993, William Goetzmann uses the same dataset as Baumol and adds some more data 

from another sales volume by Enrique Mayer (Goetzmann, 1993). Again, in his dataset, unnamed 

associated fees likely resulted in overvaluations. These data also contain inherent biases as the 

volume creators either tracked artists that were famous, ones they enjoyed, or did not fully record 

their reasoning for the selections. The biases result in truncating both the high and low ends of 

the return distribution. Likewise, the auction prices do not always represent transaction prices as 

there can be records of pieces that failed to make the seller’s reserve (and within the volumes it is 

recorded as a sale at the reserve price). Goetzman similarly converts the currency using end-of-

year ratios from various sources. To apply RSR, Goetzmann assumes that 𝑟𝑖,𝑡, the continuously 

compounded return for a certain art asset i in period t, can be represented by 𝜇𝑡 , the 

continuously compounded return of a price index of art, and an error term: 

𝑟𝑖,𝑡 = 𝜇𝑡 + 𝜖𝑖,𝑡 

𝜇 becomes a T-dimensional vector whose individual elements are 𝜇𝑡. This is because he is using 

sales data about individual pieces to estimate the index 𝜇 over some interval, t. r is a N-

dimensional vector of logged prices relative for N repeated-sales observations. The observed data 
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consists of purchase and sale price pairs 𝑃𝑖,𝑏  and 𝑃𝑖,𝑠. The dates of purchase and sale are 

designated by 𝑏𝑖 and 𝑠𝑖, respectively. Then, he constructs the logged price relative for asset i 

between the purchase and sale date as: 

𝑟𝑖 = ln (
𝑃𝑖,𝑠

𝑃𝑖,𝑏
) = ∑ 𝑟𝑖,𝑡

𝑠𝑖

𝑡=𝑏𝑖+1

= ∑ 𝜇𝑖,𝑡

𝑠𝑖

𝑡=𝑏𝑖+1

+ ∑ 𝜖𝑖,𝑡

𝑠𝑖

𝑡=𝑏𝑖+1

 

With the generalized least-squares, the maximum-likelihood estimate of 𝜇 is in the matrix form 

of: 

𝜇̂ = (𝑋′Ω−1𝑋)−1𝑋′Ω−1𝑟 

Where X is a NxT matrix that has a row of dummy variables for each art piece in the sample and 

a column for each holding interval, and Ω is a weighting matrix that can be set between the 

purchase and sale dates. The RSR method can introduce biases in the estimated series, but 

shrinkage technique can minimize these biases. Goetzmann’s results concluded that while there 

were some periods of growth for art prices, little evidence remains to support art as an attractive 

investment for a risk-adverse investor (Goetzmann, 1993, p. 1375). He ultimately determined 

that art had a high degree of volatility for prices. It is perhaps more correlated with the extent of 

available wealth in each period and driving tastes.  

 In 2002, Jianping Mei and Michael Moses built off of Goetzmann’s 1993 model (Mei & 

Moses, 2002). They focused on one of the biases that can result from RSR: phony negative 

autocorrelation. In earlier research done by Goetzmann, he proposed a two-stage Bayesian 

regression to mitigate the negative autocorrelation (Goetzmann, 1992, p. 15). There is an 

additional restriction for the Bayesian formulation where the return series is distributed normally 

and is independently distributed. The form of the Bayesian estimator is: 
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𝜇𝐵𝑎𝑦𝑒𝑠 = [(𝑋′Ω−1𝑋) + 𝜅(𝐼 −
1

𝑇
𝐽]−1 𝑋′Ω−1𝑟 

To calculate the standard errors for any statistical estimation error, they defined 𝜇 as the 

set of return parameters and V as the variance-covariance matrix. The resulting statistic is 

expressed as a function 𝑓(𝜇) of those parameters. The standard error is estimated by calculating: 

𝛿 = √𝑓𝜇′𝑉𝑓𝜇 

where 𝑓𝜇is the gradient of the statistic with respect to the parameters 𝜇. 

 To estimate the systematic risk of art as an investment, they followed John Y. Campbell’s 

methodology by assuming that capital markets are perfectly competitive and frictionless (Mei & 

Moses, 2002, p. 7). Therefore, investors believe that asset returns would be generated by: 

𝑒𝑖,𝑡+1 = 𝐸𝑡[𝑒𝑖,𝑡+1] + 𝛽𝑖𝑓𝑖 + 𝜁𝑖,𝑡+1 

Where 𝑒𝑖,𝑡+1 is the excess return on asset i held from time t to t+1 and 𝐸𝑡[𝑒𝑖,𝑡+1] is the expected 

excess return on asset i conditioned on information known to participants at the end of time t. 

They used the Standard and Poor 500 Index as proxy for the systemic factor and assumed that 

𝐸𝑡[𝜁𝑖,𝑡+1] = 0. For computing 𝑒𝑖,𝑡, they used return indices from the Art Index, the Dow Jones 

Industrial Total Return Index, the U.S. Government Bonds Total Return Index, the U.S. 

Corporate Bond Total Return Index, and the United States Treasury Bills Total Return Index. 

 Considering Goetzmann’s RSR model, Mei and Moses decided to add another term to the 

equation, 𝛾, to capture the elasticity of art returns with respect to log price of the artwork and the 

holding period (Mei & Moses, 2002, p. 11). It is represented as: 
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𝑟𝑖 = ∑ 𝜇𝑡

𝑠𝑖

𝑡=𝑏𝑖+1

+ 𝛾(𝑠𝑖 − 𝑏𝑖) ∙ ln 𝑃𝑖,𝑏 + ∑ 𝜖𝑖𝑡

𝑠𝑖

𝑡=𝑏𝑖+1

 

Their study suggested that art investors should buy less expensive artworks at auctions. 

 Mei and Moses also wanted to test the “law of one price” to compare artwork sold at 

Christie’s and Sotheby’s (Mei & Moses, 2002, pp. 12–13). Their null hypothesis was that there is 

no difference between the prices realized at the differing auction houses. They slightly altered the 

original RSR function to account for a set of annualized return dummy variables for different 

locations of transactions: 

𝑟𝑖 = ∑ 𝜇𝑡

𝑠𝑖

𝑡=𝑏𝑖+1

+ ∑ 𝜌𝑗(𝑠𝑖 − 𝑏𝑖) ∙ 𝐷𝑖,𝑗

5

𝑗=1

∑ 𝜖𝑖𝑡

𝑠𝑖

𝑡=𝑏𝑖+1

 

Where 𝐷𝑖,𝑗  is the set of dummy variables, and 𝜌𝑗 measures the excess annual return achieved at 

other auction locations over returns obtained by buying and selling at Christie’s. These returns 

at Christie’s served as a benchmark. A lack of extreme differences between American and 

Impressionist paintings indicated mixed results in comparison to Old Masters where a 

significant negative return impact appeared when the paintings were purchased at Sotheby’s. 

These results suggest that Sotheby’s Old Master pieces were more expensive and perhaps 

overvalued.  

 The results of Mei and Moses diverged from those of Baumol and Goetzmann where art 

can be a superior investment to some fixed income securities, but it almost always 

underperforms stocks. Their resulting art index showed less volatility and could be a suggested 

tool when determining portfolio diversification. In 2016, Sotheby’s acquired the Mei Moses 

Indices to use in their own planning and advising to clients. This added another layer of 
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difficultly for subsequent researchers attempting to replicate or improve upon Mei and Moses’s 

findings. 

 

Hedonic Modeling 

 

 Besides using RSR, another methodology is through hybrid models that combine 

features of both the RSR and hedonic models. Hedonic models estimate the value of a good or 

asset by breaking it down into its constituent characteristics. The typical features included are 

the notoriety of the artist, medium of the art piece, size, date of creation, and such. By assigning 

implicit values to these attributes, the hedonic models can help control for differences across 

artworks and isolate the effect of each factor on the art’s value. Some of the first researchers 

who began implementing hybrid models were Bradford Case and John Quigley (Case & 

Quigley, 1991). While they also initially applied the model for real estate purposes, the model 

can be extracted for analyzing the art market as well.  

The methodology put forth in Fang Wang and Xu Zheng’s research of the Chinese paintings 

market will be used to illustrate the model (Wang & Zheng, 2018). To start constructing a basic 

hedonic model, we need these following variables: 

- 𝑃𝑖𝑡 is the logarithmic price of artwork i sold at time t.  

- 𝑋𝑖𝑡 is the list of the artwork’s characteristics (Kx1 vector) 

- 𝛼 is the implicit prices of 𝑋𝑖𝑡 (Kx1 vector) 

- 𝛿 are the index numbers (Tx1 vector) 

- 𝐷𝑖𝑡 are the time dummy variables taking a value of one if a transaction on artwork i 

occurs in time t, and zero otherwise (Tx1 vector) 
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- 𝜖𝑖𝑡 is the error term 

The resulting modeling equation is thus: 

𝑃𝑖𝑡 = 𝛼′𝑋𝑖𝑡 + 𝛿′𝐷𝑖𝑡 + 𝜖𝑖𝑡 

Now, to reconstruct the repeat sales model under these variables, we consider the 

logarithmic price of artwork j at time t+s. The price difference can be written as: 

𝑃𝑗𝑡+𝑠 − 𝑃𝑗𝑡 = Δ𝑃𝑗𝜏 = 𝛿′Δ𝐷𝑗𝜏 + Δ𝜖𝑗𝜏 

To better define Δ𝜖𝑗𝜏 and Δ𝐷𝑗𝜏: 

 Δ𝜖𝑗𝜏 = 𝜖𝑗𝑡+𝑠 − 𝜖𝑗𝑡  

Δ𝐷𝑗𝜏 = {
−1 𝑖𝑓 𝜏 = 𝑡

1 𝑖𝑓 𝜏 = 𝑡 + 𝑠
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

 Using these variables, we can now define the hybrid model! The full set of artworks N 

can be divided into two subsets: those sold only once during the sample period denoted by 𝑤 =

1, … , W and the subset of artwork transacted more than once 𝑗 = 1, … , J. The error term is now 

broken into two components: a time-dependent random error 𝜖𝑖𝑡 and a time-independent 

random error to each artwork, 𝜂𝑖. The final model can be represented as: 

𝑃𝑤𝑡 = 𝛼′𝑋𝑤𝑡 + 𝛿′𝐷𝑖𝑡 + 𝜂𝑤 + 𝜖𝑤𝑡 

𝑃𝑗𝑡 = 𝛼′𝑋𝑗𝑡 + 𝛿′𝐷𝑗𝑡 + 𝜂𝑗 + 𝜖𝑗𝑡 

𝑃𝑗𝑡+𝑠 = 𝛼′𝑋𝑗𝑡 + 𝛿′𝐷𝑗𝑡+𝑠 + 𝜂𝑗 + 𝜖𝑗𝑡+𝑠 

𝑃𝑗𝑡+𝑠 − 𝑃𝑗𝑡 = Δ𝑃𝑗𝜏 = 𝛿′Δ𝐷𝑗𝜏 + Δ𝜖𝑗𝜏 
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 By using this hybrid system, it can maximize the dataset and reduce selection bias. With 

hedonic components, researchers would no longer be restricted to artwork that has been sold 

multiple times. It can thus be more flexible to the limitations posed by historical art price 

datasets. The main drawback to hedonic models, though, is that it assumes that these variables 

are consistent over a time period. Therefore, it is important to perform historical analysis in 

assuring that a time period is relatively homogenous in what the predominate taste and opinions 

were for evaluating art.  

 

Determining Other Metrics for Analysis 

 

 Researchers have taken on a diverse range of inquiries into which elements of art 

effectively captures the value of a specific piece. They must become creative and consult 

human psychology to home in on what makes art valuable. A central problem with modeling 

prices is the subjective nature that commands art. This subjectivity makes it difficult to uncover 

reliable objective metrics that can be analyzed to their relationships to art prices. Subjective 

metrics risk undermining the validity of models as they introduce biases and inconsistencies. 

Some researchers have been more successful than others in finding objective indicators that 

encapsulate art prices. Orley Ashenfelter and Kathryn Graddy’s article titled “Auctions and the 

Price of Art” provides a comprehensive catalog of art price research done and the 

methodologies adapted, along with highlighting important subtopics (such as the Masterpiece 

Effect, the Law of One Price, Christie’s and Sotheby’s relationships, and the role of experts and 

displayed estimated values) (Ashenfelter & Graddy, 2003). 
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 Bruno Frey and Werner Pommerehne expanded upon Baumol’s research and tested the 

effect of different holding periods and their respective rates of returns (Frey & Pommerehne, 

1989). Their research concluded that Baumol’s observations of low returns on long holding 

periods was correct. However, lower holding periods experienced greater variation and had the 

potential to experience extremely high (roughly 26%) or low (roughly -17%) rates of returns 

(Frey & Pommerehne, 1989, p. 401). Their research supported the notion that art is a volatile 

commodity. Nathalie Buelens and Victor Ginsburgh revisited Baumol’s research as well and 

found that incorporating factors such as the artist’s nationality and the genre of the artwork 

provides a clearer understanding of the trend patterns in the art’s rate of return (Buelens & 

Ginsburgh, 1993).  

 James Pesando and Pauline Shum used a hybrid system to analyze a price index for 

Pablo Picasso prints from 1977 to 1996 (Pesando & Shum, 1999). This study was motivated in 

part over the British Rail Pension Fund selling the last major artworks from its portfolio of art 

and antiques in July 1996. Remarkably, the art portfolio outperformed the Pension Fund’s real 

estate portfolio and mirrored what the Pension Fund would have received had it invested solely 

on British bonds (Pesando & Shum, 1999, p. 184). Their findings found that prints were 

relatively less risky as investments compared to traditional financial assets and could be used to 

reduce the risk in investment portfolios. More importantly, though, their research supports the 

notion that the price of an artwork can be broken up into various elements that are evaluated 

separately and later combined to form a constructive model. 

Kathryn Graddy has been a leading researcher in this field of research and she has 

performed various studies analyzing the different aspects of art and their relationship to prices. 

She did an interesting study on the reliability of Roger de Piles’ artists rankings and their 
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subsequent rate of returns in auction sales (Graddy, 2013). Roger de Piles was a major French 

art critic in the seventeenth and early eighteenth centuries. In 1708, one year before his death, 

he published the Cours de Peinture par Principes, where he had a controversial table of 

rankings for fifty-eight artists. He ranked artists under four categories: composition, drawing, 

color, and expression. He subjectively assigned them values based on his own opinions of their 

works. Of course, this is as subjective as one can get when it comes to analyzing art. To present 

an objective comparison for a ranking of artists, Graddy counted the number of words on each 

artist with a biography in the online Benezit Dictionary of Artists. However, this too introduces 

subjectivity, as equally notable artists may have biographies of varying lengths depending on 

the extent of surviving documentation about their lives. The regressions performed included the 

ratings, logarithmic transformed height and width of the artwork, year and decade fixed effects. 

Composition metrics, such as materiality and color, were also included in other iterations of the 

model. The research determined that De Piles’ top-rated artists significantly outperformed De 

Piles’ lower-rated artists (Graddy, 2013, p. 776). This suggests that some connoisseurs can 

potentially evaluate the intangible value artists materialize in auction prices pertaining to their 

art. 

In another study, Graddy collaborated with Rachel A.J. Pownall on analyzing how color 

intensity and lightness affected contemporary art auction prices (Pownall & Graddy, 2016). 

Here, they used a hedonic model where color was defined by the L*a*b color space. The L*a*b 

color space is a three-dimensional model where L represents luminosity as a function of RGB 

colors, a indicated where the color falls on the red-green axis, and b indicated where the color 

falls on the blue-yellow axis. On Matlab, they were able to define an algorithm that assigned 

average values for the three layers to determine luminosity. Besides color, they also included 
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the logarithmic transforms of edition number, size of art piece, and the age of the art piece 

along with location and auction house parameters. Their research found that the size and age for 

an art piece was strongly correlated to price and that in some cases, intensity or saturation of 

colors also improved art sale prices (Pownall & Graddy, 2016, p. 419). Though, a number of 

their regression suffered from multicollinearity issues, rendering some results statistically 

insignificant.  

 

Ethnographic Studies 

 

Ethnographic approaches have also proven insightful in examining the significance of 

the art market’s opacity, especially when contrasted with the growing availability of data on 

artworks and their relationship to prices. They often contradict the model-driven hypotheses of 

art valuation as they suggest that valuation requires a set of strategic practices shaped by social 

norms and the ability to recognize them. Erica Coslor utilized a corpus of interviews conducted 

in ethnographic research from 2007 to 2009 for determining how useful data for expert and 

non-expert agents. Coslor concluded that more data does not always result in better valuations 

as the available information is not always properly contextualized by non-experts (Coslor, 

2016, p. 23). This can skew buyer expectations, causing them to act rashly on transactions. 

Maude Plante, Clinton Free, and Paul Andon found that art valuations is both performative and 

hierarchical, relying heavily on expert knowledge to drive market dynamics (Plane et al., 2021, 

p. 7). Likewise, quantitative tools ultimately rely on expert judgement and can present concerns 

for the availability of dependable data and model access. Additionally, they determined that 

marketing and language were key rhetorical features in promoting the sale and perceived value 
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of art (Plane et al., 2021, p. 11). These ethnographic metrics provide important insight for how 

an average participant in the art market will react to information in the art market. 

 

Network Modeling 

 

New and interesting methods are also being incorporated into the field of art price 

research. The advent of blockchain technology has introduced new methods in understanding 

the relationship between agents and art (and how one quantifies the relationships). Metadata 

and peer-to-peer networks make the digital crypto art market entirely different from the 

traditional art market. Where secrecy is privileged in the traditional art market, the digital 

crypto art market has mechanisms in place that allow for accurate tracking and data compilation 

(if warranted). In a recent paper by Massimo Franceschet, he uses Hyperlink-Induced Topic 

Search (HITS) to rate and rank artists and art collectors in crypto art systems (Franceschet, 

2021). HITS was originally an algorithm made to detect hubs and authorities on the Web. In his 

research, Franceschet proposed to run HITS on a (weighted) collector-artist network that links a 

collector with an artist if the collector bought an artwork form the artist for a specified price. 

His findings mainly established the methodology and had minimal data analysis applied. 

Dakshina G. De Silva, Marina Gertsberg, Georgina Kosmopoulou, and Rachel A.J. 

Pownall examined how networks among art dealers evolved and influenced auction prices in 

the London art market from 1741 to 1913 (De Silva et al., 2022). Their study accesses over 

37,000 auction transactions and determined key art dealers and related network measures to 

regress models in determining effects on art prices. Their research found that network centrality 
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played an important role for dealers in securing lower prices for acquired artwork and reselling 

them at higher values based on their authority and reputation (De Silva et al., 2022, p. 21). 

 Given all the historical contextualization and methods of analysis for art prices, this 

thesis intends to examine the effect provenance has on historical art prices. Provenance has a 

complex history and no generally accepted definition exists across all disciplines. For this 

thesis, I will use “provenance” through an art historical lens, indicating the history of ownership 

of a work of art (Gerstenblith, 2019, p. 287). The most ideal provenance record can trace 

ownership back to the hands of the artist. However, this rarely, if ever, occurs as the paper trail 

gets lost to time. A common thread amongst previous research were adversities in quantifying 

the influence of provenance due to the vast and laborious effort to quantify it. For this thesis, I 

specifically looked at whether aristocratic ownership, art dealer involvement, and auction 

involvement had any influence on historical French art prices dating from 1741 to 1859. The 

date range was mainly contingent on the availability of data to receive significant results and 

had less to do with significant historical points of time. I specifically examined French art due 

to its popularity for the time, and the items in my cleaned dataset showed that it was almost 

exclusively traded between England and France. Survivorship bias presents a compelling 

problem, though, as these records survived, and other data may have been obscured. Following 

the historical record, this timeframe gives a complex chronology that includes British 

colonialization, the French Revolution, and other significant art market developments.  The 

methodology will adapt a hedonic and network-based hybrid approach in running regressions to 

determine the influence of specific provenance characteristics.  
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Chapter 2: Methodology 

 

Dataset 

 

 The Getty Provenance Index (GPI) is the main source of data for this thesis. On Github, 

the Getty Research Institute (GRI) published CSV exports of the Getty Provenance Index (Getty 

Research Institute, 2017). Specifically, the Sales Catalog component of the GPI was downloaded 

and used to perform data analysis. The Sales Catalogs includes data primarily from auction sales, 

but there is a small number of private contract sales. The auction sale catalogs list the works of 

art offered for sale at a public auction whereas catalogs for private contract sales lists items for 

sales that individuals could purchase at set or negotiated prices. The dataset includes catalogs 

from major cities in Belgium, France, Germany, Great Britain, the Netherlands, and Scandinavia 

from 1650 to 1850 and Austria, Germany and Switzerland from 1900 to 1945. For the purposes 

of this thesis, auction records were only looked at catalogs originating from Great Britain and 

France. The GPI provides the most comprehensive coverage of data for Great Britain from 1681 

to 1840 and 1701 to 1820 for France, all of which is included within the 1741 to 1859 date range 

of this thesis. As extensively mentioned in the previous section, there is varying completeness for 

the record of each object. Generally, a title, artist’s name, and agents involved in the transaction 

(seller, buyer, intermediary, and auction house) are included in most of the entries of the thesis’s 

dataset. 

 From the downloaded CSV files, they were all exported to Microsoft Excel and compiled 

into one workable file. Art pieces were initially sorted by chronological order and filtered by 

nationality of the artist. The artist’s nationality was the best attribute in determining the general 
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origin of a piece. For this thesis, French art was specifically looked at as it was highly prized on 

the British art market and the French Revolution brought an excess of pieces onto the market. If 

artworks of different nationalities are analyzed together, it may compromise the accuracy of the 

results by introducing additional layers of historical and cultural context that are difficult to 

control for in a model (such as preferences towards certain national schools of art). By using 

French art, I can guarantee that there were observed instances of specific provenance records that 

I am controlling for. There was a total of 1,945 art pieces in the refined dataset.  

 The prices of each art piece were listed as a numerical value followed by a historic form 

of currency (Danish Rigsdaler, Dutch Guilders, Francs, Guineas, Pounds, Livres). These prices 

were converted to the value of 2015 US dollars by using an algorithm developed by Rodney 

Edvinsson (Edvinsson, 2016). This algorithm estimates historical currency values based on their 

purchasing power relative to Swedish consumer goods and wages. It operates under the 

assumption that purchasing power parity between a given country and Sweden has remained 

relatively stable over time. The computation first determines how much gold a specific amount 

of historical currency could purchase in a given year. Gold is a reliable metric for converting art 

prices to contemporary values as it has a well-documented history (Carpreau et al., 2019, p. 25). 

Then, Edvinsson’s algorithm calculates that gold value’s worth into US dollars for a given 

contemporary year. This was done for the date ranges of when each currency was present within 

the dataset and was stored under 𝑝𝑟𝑖𝑐𝑒_𝑢𝑠𝑑 

 After the dataset was cleaned, I introduced three binary variables to account for the 

specific provenance records of interest. 𝑎𝑟𝑡_𝑑𝑒𝑎𝑙𝑒𝑟, 𝑎𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑡𝑖𝑐, and 𝑎𝑢𝑐𝑡𝑖𝑜𝑛 were used to 

indicate whether an entry had art dealer involvement in the transaction, previous aristocratic 

ownership, or auction involvement in the transaction. A value of 1 was assigned if the entry 
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indicated the above criteria and a value of 0 was assigned otherwise. The GRI has a digital 

biographical library that listed the professions and familial lineages of most of the individuals in 

the dataset, allowing that to be the main determiner of whether someone was a professional art 

dealer or had an aristocratic family lineage. For individuals not present in the library, government 

census and biographical records or encyclopedic entries were referenced to determine their 

designations. For auction houses, the GPI already listed whether a sale was done through one or 

not.  

 

Initial Guiding Linear Regressions 

 

 A preliminary set of ordinary least squares (OLS) linear regressions were used to note 

any potential trends to guide subsequent modeling of the historic prices. OLS is a method used to 

find the best-fitting straight line through a set of data points. The basic model is constructed as 

follows: 

𝑦𝑖 = 𝛽0 + 𝛽1 ∙ 𝑥𝑖 + 𝜖𝑖 

𝑦𝑖 is the dependent variable and 𝑥𝑖 is the independent variable. 𝛽0 is the y-intercept and 𝛽1 is the 

slope for independent variable 𝑥𝑖. Finally, 𝜖𝑖 is the error term capturing random variation that is 

not explained by the independent variable. 

 The goal of OLS is that it finds a line that minimizes the sum of squared difference 

between the actual values and the predicted values. Therefore, the minimizing objective function 

is: 
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min ∑(𝑦𝑖 − 𝑦̂𝑖)2 = ∑(𝑦𝑖 − (𝛽0 + 𝛽1 ∙ 𝑥𝑖))
2

𝑛

𝑖=1

𝑛

𝑖=1

 

This equation minimizes the squared errors present in the model. 

Following the OLS method, the following regressions were used: 

(1)     𝑝𝑟𝑖𝑐𝑒_𝑢𝑠𝑑𝑖 = 𝛽0 + 𝛽1 ∙ 𝑎𝑟𝑡_𝑑𝑒𝑎𝑙𝑒𝑟𝑖 + 𝜖𝑖 

(2)    𝑝𝑟𝑖𝑐𝑒_𝑢𝑠𝑑𝑖 = 𝛽0 + 𝛽1 ∙ 𝑎𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑡𝑖𝑐𝑖 + 𝜖𝑖  

(3)    𝑝𝑟𝑖𝑐𝑒_𝑢𝑠𝑑𝑖 = 𝛽0 + 𝛽1 ∙ 𝑎𝑢𝑐𝑡𝑖𝑜𝑛𝑖 +  𝜖𝑖 

𝛽0 is the intercept showing the average price when no art dealer, aristocratic ownership, or 

auction were involved. 𝛽1 is the coefficient for how much the price changes when an art dealer, 

aristocratic ownership, or auction were involved. 𝑎𝑟𝑡_𝑑𝑒𝑎𝑙𝑒𝑟𝑖 , 𝑎𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑐𝑦𝑖 , and 𝑎𝑢𝑐𝑡𝑖𝑜𝑛𝑖 , 

were the binary variables used. 𝜖𝑖 is the error term, otherwise known as the residual. This is all 

indexed under art piece, i.  

 After these initial OLS regressions were run, I ran another OLS regression to include all 

the binary variables into one model and their interaction terms. This model served as a baseline 

for what could be improved upon in subsequent modeling. This regression was used: 

(4)     log (𝑝𝑟𝑖𝑐𝑒_𝑢𝑠𝑑𝑖)

= 𝛽0 + 𝛽1 ∙ 𝑎𝑟𝑡𝑑𝑒𝑎𝑙𝑒𝑟 𝑖
+  𝛽2 ∙ 𝑎𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑡𝑖𝑐𝑖 + 𝛽3 ∙ 𝑎𝑢𝑐𝑡𝑖𝑜𝑛𝑖 + 𝛽4

∙ 𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟𝑖 + 𝛽5 ∙ 𝑑𝑒𝑎𝑙𝑒𝑟_𝑎𝑢𝑐𝑡𝑖𝑜𝑛𝑖 + 𝛽6 ∙ 𝑎𝑟𝑖𝑠𝑡𝑜_𝑎𝑢𝑐𝑡𝑖𝑜𝑛𝑖 + 𝜖𝑖  

The interaction terms are 𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟, 𝑑𝑒𝑎𝑙𝑒𝑟_𝑎𝑢𝑐𝑡𝑖𝑜𝑛, and 𝑎𝑟𝑖𝑠𝑡𝑜_𝑎𝑢𝑐𝑡𝑖𝑜𝑛. As their names 

suggest, the variables show whether the two named variables have any combined effect on 

pricing that is not simply additive. 
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Implementation of Network Variables 

 

 Following these initial regressions, the project took on a network approach to capture the 

structural position and influence of agents within the art market. I computed three undirected 

centrality measures using NetworkX: degree centrality, eigenvector centrality, and betweenness 

centrality. These features quantify different aspects of each node’s (art dealer, aristocratic owner, 

or auction house) role in the network and can quantify the strength of potential relationships. 

Degree centrality (abbreviated as deg in the variable) measures the number of direct connections 

a node has normalized by the total number of possible connections. This is an indicator of their 

direct market activity. Eigenvector centrality (abbreviated as eigen in the variable) builds upon 

degree centrality by accounting for the importance of a node’s neighbors. This helps to capture 

influence within the network. Finally, betweenness centrality (abbreviated as bet in the variable) 

identified nodes that act as bridges by calculating the proportion of shortest paths that pass 

through a given node. This is helpful for identifying clusters or important figures within the 

network.  

 After computing these metrics, I included them into Equation 4 to test whether an agent’s 

network position is a significant predictor of the market’s behavior and subsequent art prices.  

(5)     log (𝑝𝑟𝑖𝑐𝑒𝑢𝑠𝑑𝑖
) = {𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑠 𝑜𝑓 𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 4} + 𝛽7 ∙ 𝑜𝑤𝑛𝑒𝑟_𝑑𝑒𝑔𝑖 + 𝛽8 ∙

𝑑𝑒𝑎𝑙𝑒𝑟_𝑑𝑒𝑔𝑖 + 𝛽9 ∙ 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑑𝑒𝑔𝑖  +  𝛽10 ∙ 𝑜𝑤𝑛𝑒𝑟_𝑒𝑖𝑔𝑒𝑛𝑖 +  𝛽11 ∙ 𝑑𝑒𝑎𝑙𝑒𝑟_𝑒𝑖𝑔𝑒𝑛𝑖 + 𝛽12 ∙

𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑒𝑖𝑔𝑒𝑛𝑖 + 𝛽13 ∙ 𝑜𝑤𝑛𝑒𝑟_𝑏𝑒𝑡𝑖 + 𝛽14 ∙ 𝑑𝑒𝑎𝑙𝑒𝑟_𝑏𝑒𝑡𝑖 + 𝛽15 ∙ 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑏𝑒𝑡𝑖 +  𝜖𝑖  
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 It can be assumed that it is unlikely that all of these variables work in a linear manner. To 

determine which variables to square, I plotted the centrality metrics in relation to the logarithmic 

price in US dollars. If variables had a noticeable curve in the graphs, they were squared and 

added into the regression as well (refer to Equation 6). The variables chosen under the mentioned 

criteria were 𝑜𝑤𝑛𝑒𝑟_𝑑𝑒𝑔𝑖, 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑑𝑒𝑔𝑖 , 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑒𝑖𝑔𝑒𝑛𝑖, 𝑜𝑤𝑛𝑒𝑟_𝑏𝑒𝑡𝑖, and 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑏𝑒𝑡𝑖.  

(6)    log (𝑝𝑟𝑖𝑐𝑒_𝑢𝑠𝑑𝑖)

=  {𝐶𝑜𝑛𝑡𝑒𝑛𝑡𝑠 𝑜𝑓 𝐸𝑞𝑢𝑎𝑡𝑖𝑜𝑛 5} + 𝛽16 ∙ 𝑜𝑤𝑛𝑒𝑟_𝑑𝑒𝑔𝑖
2 + 𝛽17 ∙ 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑑𝑒𝑔𝑖

2

+ 𝛽18 ∙ 𝑎𝑢𝑐𝑡𝑖𝑜𝑛𝑒𝑖𝑔𝑒𝑛 𝑖

2 + 𝛽19 ∙ 𝑜𝑤𝑛𝑒𝑟𝑏𝑒𝑡𝑖
2 + 𝛽20 ∙ 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑏𝑒𝑡𝑖

2 + 𝜖𝑖 

In addition to undirected centrality measures, I computed several features derived from 

the directed version of the network to capture asymmetries in relationships. To make the network 

directional, I constructed a directed graph whose edges point from the combination of art dealers, 

aristocratic owners, and auctions involved. The Hyperlink-Induced Topic Search (HITS) 

algorithm was used to assess the dual roles of nodes as hubs and authorities. Hubs were sources 

of connections to authoritative nodes and authorities were nodes that are pointed to by strong 

hubs. The directed degree and strength were also calculated in order to understand the 

complexities of the network. In-degrees and out-degrees counted the number of incoming and 

outgoing edges to reflect the number of unique agents an entity has purchased or sold art pieces 

to. In-strength and out-strength metrics were used to account for the volume of interactions 

occurring between agents and weighing them accordingly. These metrics help with capturing 
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transactional dynamics and reputational hierarchies within the network. Equation 7 represents the 

newly calculated metrics.1  

(7)   log (𝑝𝑟𝑖𝑐𝑒_𝑢𝑠𝑑𝑖𝑡)

= 𝛽0 + 𝛽1−8 ∙ 𝐴𝑢𝑐𝑡𝑖𝑜𝑛𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑖𝑡 + 𝛽9−17 ∙ 𝐴𝑟𝑡𝐷𝑒𝑎𝑙𝑒𝑟𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑖𝑡 + 𝛽17−24

∙ 𝐴𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑡𝑖𝑐𝑂𝑤𝑛𝑒𝑟𝐶𝑒𝑛𝑡𝑟𝑎𝑙𝑖𝑡𝑦𝑖𝑡 + 𝜖𝑖𝑡 

 

LASSO Regression 

 

A Least Absolute Shrinkage and Selection Operation (LASSO) regression was run on 

Equation 6 to determine which variables were the most significant. LASSO is a type of 

regularized linear regression that introduces a penalty term to reduce overfitting within a model. 

The LASSO regression seeks to minimize the following objective function: 

min 
𝛽

{∑(𝑦𝑖 − 𝑋𝑖𝛽)2 + 𝜆 ∑ |𝛽𝑗|

𝑝

𝑗=1

𝑛

𝑖=1

} 

y is the target variable (in this case the logarithmic price of an artwork). X is a matric of predictor 

variables, such as the network metrics and interaction variables. 𝛽 are the coefficients to be 

estimated. 𝜆 is the regularization parameter controlling for the severity of the penalty. The second 

summation within the equation is a penalty term that encourages sparsity. By performing this 

regression, it shrinks irrelevant coefficients to zero. Likewise, by having the penalizing term, 

LASSO can handle collinearity better than the standard OLS mode. Given that these regressions 

 
1 As a note, for condensing the equation, AuctionCentralityit, ArtDealerCentralityit, and AristocraticOwnerCentralityit 

contain within them eight separate variables for the following metrics: in-degree, out-degree, in-strength, out-

strength, authority weighted, authority unweighted, hub weighted, and hub unweighted. 
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are working with a large number of variables, it becomes crucial to parse through and determine 

which variables are significant to be included within the model. 

Having a Lasso coefficient’s absolute value greater than 0.2 was the criteria to determine 

whether a variable was kept or discarded. This was done to narrow down the number of variables 

being used to make later script calculations less time consuming. The remaining variables were 

𝑎𝑢𝑐𝑡𝑖𝑜𝑛𝑖, 𝑑𝑒𝑎𝑙𝑒𝑟_𝑏𝑒𝑡𝑖, 𝑎𝑟𝑡_𝑑𝑒𝑎𝑙𝑒𝑟𝑖, 𝑜𝑤𝑛𝑒𝑟_𝑏𝑒𝑡𝑖, 𝑜𝑤𝑛𝑒𝑟_𝑒𝑖𝑔𝑒𝑛𝑖, 𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟𝑖, and 

𝑎𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑡𝑖𝑐𝑖, and 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑑𝑒𝑔𝑖 . 

 After Equation 7’s regression ran, an additional Lasso regression was performed to 

determine which variables were the most significant. Having a Lasso coefficient’s absolute value 

greater than 0.2 was the criteria to determine whether a variable was kept or discarded. The 

remaining variables were 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑖𝑛𝑠𝑡𝑟𝑒𝑛𝑔𝑡ℎ𝑖𝑡, 𝑜𝑤𝑛𝑒𝑟_𝑖𝑛𝑠𝑡𝑟𝑒𝑛𝑔𝑡ℎ𝑖𝑡, 

𝑑𝑒𝑎𝑙𝑒𝑟_𝑎𝑢𝑡ℎ𝑜𝑟𝑖𝑡𝑦_𝑢𝑛𝑤𝑒𝑖𝑔ℎ𝑡𝑒𝑑𝑖𝑡, 𝑜𝑤𝑛𝑒𝑟_𝑜𝑢𝑡𝑑𝑒𝑔𝑟𝑒𝑒𝑖𝑡. 

 The final component to this methodology was creating a Python script using the 

remaining variables and generating all possible iterations of the regression model using these 

variables. Regressions could be made with combinations of two to eight variables. The main 

limitation for the number of variables used was the amount of time and computing power 

required to run the script. The top ten regressions were determined by the highest r-squared 

value. The “best” regression is shown in Equation 8. 

(8)   log(𝑝𝑟𝑖𝑐𝑒_𝑢𝑠𝑑)

= 𝛽0 + 𝛽1 ∙ 𝑎𝑢𝑐𝑡𝑖𝑜𝑛 + 𝛽2 ∙ 𝑑𝑒𝑎𝑙𝑒𝑟_𝑏𝑒𝑡 + 𝛽3 ∙ 𝑎𝑟𝑡_𝑑𝑒𝑎𝑙𝑒𝑟 + 𝛽4 ∙ 𝑜𝑤𝑛𝑒𝑟_𝑒𝑖𝑔𝑒𝑛

+ 𝛽5 ∙ 𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟 + 𝛽6 ∙ 𝑎𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑡𝑖𝑐 + 𝛽7 ∙ 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑑𝑒𝑔 
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Chapter 3: Analysis and Discussion 

 

Interpretation of Regression Models 

 

Interpreting the results from this dataset proved to be a difficult, but insightful task. 

Between 1741 to 1859, the British and French art markets were still in their formative stages. 

These markets were actively being developed and improved upon. Unlike research that rely on 

RSR models, most of the artwork within this dataset represent first-time recorded sales, based on 

what survived for the written record. Therefore, historical agents may have valued certain 

attributes differently than contemporary agents, who benefit from the advantage of hindsight.  

Table 1 and Figure 1 present the results of the initial OLS regressions conducted to 

provide an overview of the dataset’s composition. As indicated by the extremely low r-squared 

values, these regression results were not significant. Though, they help with compartmentalizing 

and parsing out potential trends. Table 1 indicates that there is a positive correlation between 

aristocratic ownership and auction involvement to art prices whereas art dealer involvement 

experienced a negative correlation. The negative trend in art dealer involvement is not surprising 

given that their primary function within the art market is to return a profit for themselves. While 

one may expect an art dealer to only transact higher-end masterpieces, the opposite holds true as 

lower-priced artwork can sell faster. This helps maintain a consistent income flow for the dealers. 

Other agents may be skeptical of their business practices as dealers could be artificially inflating 

prices for lesser quality works. This reasoning would be true for the British art market, but it 

would not hold for the French art market as art dealers were required agents in art transactions. 

Art dealers transacting in France required reliable reputations or else their services would not be 
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requested. For aristocratic ownership, it most likely served as a signal of authenticity to buyers of 

the art piece. This is because aristocrats typically either commissioned or purchased artworks 

directly from the artist. The name of the aristocratic family also carries weight akin to an 

intangible asset. Finally, for auction involvement, the atmosphere of bidding and competing with 

others naturally drives the average price of artwork up. Auctions gather people who are highly 

passionate about certain pieces and are willing to pay a potential premium to acquire it. 

 

Table 1 

Initial Guiding Linear Regression Results for Binary Variables 

Variable R-squared Coefficient t P > | t | 

art_dealer 0.072 -2.491e+04 -12.255 0.000 

aristocracy 0.000 581.2324 0.232 0.817 

auction 0.095 3.264e+04 14.259 0.000 

 

 

Figure 1’s visualizations of price distribution and density help to structure the dataset into 

more manageable segments, enhancing its accessibility for analysis. The data reflects relatively 

limited involvement from art dealers and auction houses, with aristocratic ownership being more 

prominent. When art dealers are involved, it is typically in the sales of lower-priced artworks. 

There seems to be minimal variation between price densities for aristocratic versus non-

aristocratic ownership. When an auction house is involved, it tends to sell more artwork on the 

higher end of the price spectrum. For the relationship with art dealers and auction houses, the 

findings align with expectations given their profit-driven aspirations and specific catering 

towards clientele. While aristocratic owners captured the most expensive artworks transacted, the 

overall volume of artworks they sold per price group was comparable to that of non-aristocratic 
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owners. This could be due to the limited quantity of masterpieces in existence and the aristocrat’s 

unwillingness to depart with such treasures. It is likely they had more mid to low tiered artworks.  

 

Figure 1. Price Distribution and Density Visualizations for Art Dealer, Aristocratic Ownership, 

and Auction Involvement.  
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 Before analyzing the subsequent regressions, it is important to establish benchmarks to 

access the reliability of the models used in this thesis compared to well-established standards in 

scholarly research and industry practice. While Table 2 does not provide a fully exhaustive list of 

observed r-squared metrics in the entire field of art pricing, it compiles observed and mentioned 

r-squared values cited in the bibliography of this thesis. Given the subjectiveness of art, it is 

extremely difficult to find purely objective means to construct a model. These researchers took 

different approaches (refer to Literature on Previous Art Price Research), with some focusing on 

RSR or hedonic models and others taking network approaches. These studies are also considered 

as foundational works within the art pricing research community. Notably, even the most robust 

models in these studies typically explain no more than 50% of the variance in artwork prices. As 

such, the relatively low r-squared values observed in the regression analyses that follow should 

be interpreted within the context of these established benchmarks and limitations. 

 

Table 2. 

Compilation of R-squared and F-statistic Results from Bibliography 

Researcher R-squared F-statistic 

Goetzmann (1993)  0.59 167.19 

Pesando and Shum (1999) 0.334 -- 

Ashenfelter and Graddy (2003) 0.447 -- 

Graddy (2013) 0.45-0.56  

Pownall and Graddy (2016) 0.200 - 0.227 -- 

De Silva, et al. (2022) 0.446 - 0.451 -- 

 

 The regression conducted in Equation 4, summarized in Table 3, combines binary 

variables for aristocratic ownership, art dealer, and auction involvement with their interaction 

terms. It explains 21.9% of the variance in log-transformed art prices. Aristocratic ownership, art 

dealer involvement, and the interaction between aristocrats and auction houses were negatively 
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correlated to prices. Auction house involvement and the interaction between aristocrats and art 

dealers showed a positive correlation with prices. The interaction variable between art dealers 

and auction houses returned null as no transaction involved both. These results support previous 

findings. Art dealers were correlated with lower prices, likely reflecting their role in more routine 

and lower-end market transactions. Auction houses were associated with higher prices, 

reinforcing their role in the high-end art market. Aristocrats had a tendency toward lower prices, 

suggesting that they were not always selling high-value artworks. The aristocrat-art dealer 

interaction term is positive, suggesting that if an aristocrat sought the services of art dealers, it 

was mainly to transact higher valued artworks. The aristocrat-auction interaction term suggests 

that auction houses did not particularly aid aristocrats in receiving higher values for selling 

artwork.  

 

Table 3.  

Combined Variables OLS Regression Results in Relation to log_price 

R-squared: 0.219 F-statistic: 108.7   

Adj. R-squared: 0.217 Df Residual: 1939   

Variable coef std err t P > |t| [0.025, 0.975] 

const 8.3797 0.294 28.505 0.000 [7.803, 8.956] 

aristocratic -0.5756 0.318 -1.810 0.070 [-1.199, 0.048] 

art_dealer -1.2494 0.310 -4.036 0.000 [-1.857, -0.642] 

auction 2.2282 0.372 5.985 0.000 [1.498, 2.958] 

aristo_dealer 1.5529 0.337 4.614 0.000 [0.893, 2.213] 

dealer_auction 0 0 -- -- [0, 0] 

aristo_auction -0.3230 0.401 -0.805 0.421 [-1.109, 0.463] 
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The regression conducted in Equation 5, summarized in Table 4, combines the variables 

from the previous regression with network variables. It accounts for 37% of the variance in log-

transformed art prices. This is an improvement from the previous 21.9% accounting of variance. 

We see similar trends for the previously examined variables. The key takeaway from this 

regression is that network centrality matters, especially for degree and betweenness for art 

dealers and auction houses. For degree centrality, it indicates the number of direct connections a 

node has in a network. For betweenness centrality, it measures how often a node lies on the 

shortest path between other nodes. In this dataset, aristocratic owners and auction houses are 

involved in more transactions with different agents. However, art dealers are perhaps involved 

with agents in lower social class groups transacting lower-valued art. Art dealers, though, are the 

most efficient for bridging different agents together, emphasizing their role as a brokerage in the 

art market.  

For the aristocratic owner network variables, aristocrats more connected in the network 

experience higher prices for sales, but the influence of aristocrats may not equate to higher prices 

(perhaps due to volume of transactions). For art dealers, those with many ties may not 

necessarily be dealing in artwork worth high prices and is rather influenced by handling a high 

volume of lower-value transactions. Though, dealers serving as direct intermediaries tend to be 

involved in higher-value sales, perhaps suggesting they aid with higher-value aristocratic sales. 

For auction houses, well-connected and established houses are linked with higher prices. It 

should be noted, though, that the auction house’s variables have some instability or collinearity 

given the extreme coefficient on its eigenvector centrality variable. This could suggest that a few 

auction houses dominate the field. 
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Table 4.  

Combined Undirected Network Variables OLS Regression Results in Relation to 

log_price 

R-squared: 0.370 F-statistic: 80.91   

Adj. R-squared: 0.365 Df Residual: 1930   

Variable coef std err t P > |t| [0.025, 0.975] 

const 8.3583 0.271 30.795 0.000 [7.826, 8.891] 

aristocratic -0.8274 0.290 -2.856 0.004 [-1.396, -0.259] 

art_dealer -1.1612 0.299 -3.886 0.000 [-1.747, -0.575] 

auction 1.7851 0.372 4.804 0.000 [1.056, 2.514] 

owner_deg 22.3851 11.298 1.981 0.048 [0.227, 44.543] 

dealer_deg -27.6996 7.540 -3.674 0.000 [-42.486, -12.913] 

auction_deg 85.0342 40.588 2.095 0.036 [5.434, 164.634] 

owner_eigen -2.6740 0.505 -5.290 0.000 [-3.665, -1.683] 

dealer_eigen -0.5274 0.474 -1.112 0.266 [-1.458, 0.403] 

auction_eigen -2616.5478 2343.541 -1.116 0.264 [-7212.687, 1979.591] 

owner_bet -0.0028 2.552 -0.001 0.999 [-5.007, 5.001] 

dealer_bet 24.6967 5.589 4.419 0.000 [13.736, 35.658] 

auction_bet -39.7987 20.221 -1.968 0.049 [-79.457, -0.141] 

aristo_dealer 0.6835 0.310 2.207 0.027 [0.076, 1.291] 

dealer_auction 0 0 -- -- [0, 0] 

aristo_auction -0.2659 0.370 -0.719 0.472 [-0.991, 0.459] 

 

The regression conducted in Equation 6, summarized in Table 5, combines the variables 

from the previous regression and experiments with squared terms. It accounts for 40% of the 

variance in log-transformed art prices. This is an improvement from the previous 37% 

accounting of variance. After looking at the results, I believe that this model was overfitting the 

dataset. This is due to the erratic behavior materializing in the coefficients related to the auction 

houses. Logically, the auction houses would have a significant role in influencing the art price. 

However, the results generated in this regression are not realistic. As a result, I decided that the 

squared terms should not be included in any subsequent regression given their extreme 

coefficients. This is most likely due to a mismatch in metrics and would require some 



 42 

regularization if these terms were to be used. A subsequent LASSO regression was conducted on 

Equation 5 to determine which variables were most significant to be included in the final model. 

This LASSO regression determined that 𝑎𝑢𝑐𝑡𝑖𝑜𝑛, 𝑑𝑒𝑎𝑙𝑒𝑟_𝑏𝑒𝑡, 𝑎𝑟𝑡_𝑑𝑒𝑎𝑙𝑒𝑟, 𝑜𝑤𝑛𝑒𝑟_𝑏𝑒𝑡, 

𝑜𝑤𝑛𝑒𝑟_𝑒𝑖𝑔𝑒𝑛, 𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟 , 𝑎𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑡𝑖𝑐, and 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑑𝑒𝑔 were the most significant 

variables. 

 

Table 5.  

Combined Undirected Network Variables and Squared Variables OLS Regression Results in Relation to 

log_price 

R-squared: 0.4 F-statistic: 67.67   

Adj. R-squared: 0.395 Df  Residuals: 1930   

Variable coef std err t P > |t| [0.025, 0.975] 

const 8.0987 0.27 29.955 0.0 [7.568, 8.629] 

aristocratic -0.8991 0.283 -3.172 0.002 [-1.455, -0.343] 

art_dealer -1.1202 0.292 -3.834 0.0 [-1.693, -0.547] 

auction 0.2886 0.424 0.68 0.496 [-0.544, 1.121] 

owner_deg 151.255 32.041 4.721 0.0 [88.415, 214.095] 

dealer_deg -22.8224 7.522 -3.034 0.002 [-37.574, -8.070] 

auction_deg 515.3335 78.321 6.58 0.0 [361.731, 668.936] 

owner_eigen -2.5152 0.494 -5.087 0.0 [-3.485, -1.546] 

dealer_eigen -0.6947 0.466 -1.491 0.136 [-1.608, 0.219] 

auction_eigen 78210.0 31700.0 2.468 0.014 [16100.000, 140000.000] 

owner_bet 28.4931 6.348 4.488 0.0 [16.043, 40.944] 

dealer_bet 20.8751 5.588 3.736 0.0 [9.916, 31.835] 

auction_bet -89.3067 28.365 -3.148 0.002 [-144.936, -33.677] 

aristo_dealer 0.7968 0.303 2.631 0.009 [0.203, 1.391] 

dealer_auction -0.012 0.004 -3.034 0.002 [-0.020, -0.004] 

aristo_auction 0.0521 0.366 0.142 0.887 [-0.666, 0.770] 

owner_deg_squared -12230.0 2263.582 -5.403 0.0 [-16700.000, -7791.190] 

auction_deg_squared -22980.0 3284.337 -6.997 0.0 [-29400.000, -16500.000] 

auction_eigen_squared -643400000.0 212000000.0 -3.034 0.002 [-1.06e+09, -2.28e+08] 

owner_bet_squared -198.9788 43.867 -4.536 0.0 [-285.011, -112.946] 

auction_bet_squared 5389.8362 767.865 7.019 0.0 [3883.901, 6895.771] 

 

 



 43 

 The regression conducted in Equation 7, summarized in Table 6, uses calculated directed 

network metrics. It accounts for 29.3% of the variance in log-transformed art prices. This 

regression was also omitted from the final model as the results were not realistic. Their effects 

are unstable, potentially overlapping, or operating on inconsistent scales. It is likely that the 

network is not large enough to provide accurate measurements. There is also a scale difference 

between the variables. This can be seen when calculating the in-degree and in-strength of a 

particular node. If say there are two art dealers and they each send one hundred artworks to the 

same entity, the entity’s in-degree value would be two (it receives edges from two distinct nodes) 

and the in-strength value would be 200 (the total weight of incoming edges). As a result, in-

degree values would be comparatively lower when compared to in-strength values. This scaling 

difference causes the regression to return inaccurate results as it needs to fit a wider range of 

values to the log-transformed art prices. This suggests that while the HITS method may be more 

suited for blockchain and crypto art network analysis, it is less adept at modeling the traditional 

art market network.  
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Table 6. 

Directed Network Variables OLS Regression Results in Relation to log_price 

R-squared: 0.293 F-statistic: 89.21   

Adj. R-squared: 0.290 Df Residuals: 1934   

Variable coef std err t P > |t| [0.025, 0.975] 

Const 8.1238 0.086 94.461 0.0 [7.955, 8.292] 

auction_indegree -44020000.0 56600000.0 -0.778 0.437 [-1.55e+08, 6.7e+07] 

auction_instrength -7054000.0 9070000.0 -0.778 0.437 [-2.48e+07, 1.07e+07] 

auction_authority_unweighted -285200.0 365000.0 -0.781 0.435 [-1e+06, 4.31e+05] 

auction_authority_weighted 269800.0 348000.0 0.775 0.439 [-4.13e+05, 9.53e+05] 

dealer_indegree 919100000.0 1180000000.0 0.778 0.437 [-1.4e+09, 3.24e+09] 

dealer_instrength 33570000000.0 43200000000.0 0.778 0.437 [-5.11e+10, 1.18e+11] 

dealer_authority_unweighted 4006000.0 5150000.0 0.778 0.437 [-6.1e+06, 1.41e+07] 

dealer_authority_weighted 10560000.0 13600000.0 0.778 0.437 [-1.61e+07, 3.72e+07] 

owner_indegree 1304000.0 1680000.0 0.778 0.437 [-1.98e+06, 4.59e+06] 

owner_instrength -53830000.0 69200000.0 -0.778 0.437 [-1.9e+08, 8.19e+07] 

owner_authority_unweighted 364300.0 468000.0 0.778 0.437 [-5.54e+05, 1.28e+06] 

owner_authority_weighted 357900.0 460000.0 0.778 0.437 [-5.45e+05, 1.26e+06] 

owner_outdegree -1304000.0 1680000.0 -0.778 0.437 [-4.59e+06, 1.98e+06] 

dealer_outdegree -919100000.0 1180000000.0 -0.778 0.437 [-3.24e+09, 1.4e+09] 

auction_outdegree 44020000.0 56600000.0 0.778 0.437 [-6.7e+07, 1.55e+08] 

owner_outstrength 53830000.0 69200000.0 0.778 0.437 [-8.19e+07, 1.9e+08] 

dealer_outstrength -33570000000.0 43200000000.0 -0.778 0.437 [-1.18e+11, 5.11e+10] 

auction_outstrength 7054000.0 9070000.0 0.778 0.437 [-1.07e+07, 2.48e+07] 

owner_hub_unweighted 139200.0 179000.0 0.778 0.437 [-2.12e+05, 4.9e+05] 

dealer_hub_unweighted 36290000.0 46700000.0 0.778 0.437 [-5.52e+07, 1.28e+08] 

auction_hub_unweighted -32850.0 42500.0 -0.773 0.44 [-1.16e+05, 5.05e+04] 

owner_hub_weighted 139200.0 179000.0 0.778 0.437 [-2.12e+05, 4.9e+05] 

dealer_hub_weighted 36290000.0 46700000.0 0.778 0.437 [-5.52e+07, 1.28e+08] 

auction_hub_weighted -32850.0 42500.0 -0.773 0.44 [-1.16e+05, 5.05e+04] 

  

A final python script was initiated to determine the best iterations of models using the 

finalized LASSO regression variables. Appendix A captures the top ten models ranked by their r-

squared values. The following variables, 𝑎𝑢𝑐𝑡𝑖𝑜𝑛, 𝑑𝑒𝑎𝑙𝑒𝑟_𝑏𝑒𝑡, 𝑎𝑟𝑡_𝑑𝑒𝑎𝑙𝑒𝑟, and 

𝑜𝑤𝑛𝑒𝑟_𝑒𝑖𝑔𝑒𝑛 appeared in all ten of the models. 𝑎𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑡𝑖𝑐 appeared in nine out of ten 

models. 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑑𝑒𝑔 appeared in six out of ten models. Finally, 𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟 and 𝑜𝑤𝑛𝑒𝑟_𝑏𝑒𝑡 

appeared in five out of ten models.  
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 First, it is important to understand what each of these variables are representing. 𝑎𝑢𝑐𝑡𝑖𝑜𝑛 

is a binary variable indicating whether a transacted art piece took place in an auction house. 

𝑑𝑒𝑎𝑙𝑒𝑟_𝑏𝑒𝑡 is measuring the betweenness centrality of the dealer, or rather, it is measuring how 

often a dealer assumes a broker or intermediary position along the shortest paths of the network. 

𝑎𝑟𝑡_𝑑𝑒𝑎𝑙𝑒𝑟 is a binary variable indicating whether a recognized art dealer was involved in the 

transaction. 𝑜𝑤𝑛𝑒𝑟_𝑒𝑖𝑔𝑒𝑛 measures the eigenvector centrality of the aristocratic owner. It 

specifically measures how connected the aristocrat is to other influential nodes in the network. 

𝑎𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑡𝑖𝑐 is a binary variable indicating if the artwork was previously owned by someone 

with an aristocratic background. 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑑𝑒𝑔 measure the degree centrality of the auction 

house. It measures the number of direct connections the auction house has to other agents. 

𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟 is an interaction variable indicating an art dealer and aristocratic owner was 

involved in a transaction. Finally, 𝑜𝑤𝑛𝑒𝑟_𝑏𝑒𝑡 measures the betweenness centrality of the 

aristocratic owner. This measures how important the aristocrat is in the network’s flow of 

transacted art pieces.  

 Initially looking at the top ten model summaries in Appendix A, the variables’ 

coefficients and other statistical metrics remained relatively consistent throughout the ten 

model’s summaries. There was slight variation, usually taking place in the tenths, hundredths, or 

thousandths position. Given the minimal variation, to analyze how the variables were interacting 

on average, I calculated the mean of each statistical metric. The results are shown in Table 7. The 

only reservations about the results are the relatively low p-values. While Table 7 and Appendix A 

show most of the p-values being zero, the p-values are not actually equivalent to zero. For the 

purposes of rounding and fitting the information into the table, p-values were input to the nearest 

thousandths place. Nonzero values begin to appear after the thousandths place. The proposed 
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significance of these results is not surprising as later analysis will show that the coefficient 

reasoning and correlation are logical. However, the low p-values, standard errors, and high t-

values may suggest there is overfitting within the model.  

 𝑎𝑢𝑐𝑡𝑖𝑜𝑛, 𝑑𝑒𝑎𝑙𝑒𝑟_𝑏𝑒𝑡, 𝑎𝑟𝑡_𝑑𝑒𝑎𝑙𝑒𝑟, and 𝑜𝑤𝑛𝑒𝑟_𝑒𝑖𝑔𝑒𝑛, proved to be the most important 

and reliable variables. This is because they have the lowest p-values (noted with caution). For 

𝑎𝑢𝑐𝑡𝑖𝑜𝑛 and 𝑑𝑒𝑎𝑙𝑒𝑟_𝑏𝑒𝑡, it showed a positive correlation to the log-transformed prices. This 

suggests that auctions aid in boosting the prices of art given their competitive and highly visible 

sales events. 𝑑𝑒𝑎𝑙𝑒𝑟_𝑏𝑒𝑡 suggests that when an art dealer has higher centrality within the model, 

they have access to more transactions, serving as a signal of trustworthiness to potential agents 

involved. This will help bolster art sales prices. However, the binary variable for 𝑎𝑟𝑡_𝑑𝑒𝑎𝑙𝑒𝑟 has 

been consistently negatively correlated with prices. This variable gives us more insight as to 

what is being transacted with art dealer involvement. It can be hypothesized that art dealers with 

higher centrality may not necessarily be transacting high-valued art pieces but instead are 

transacting a greater volume of low-valued pieces. This is nothing wrong with this positioning 

for art dealers, but it points to the notion that they served larger functions as intermediaries for 

people less knowledgeable about the art market. Individuals less knowledgeable or involved in 

the art market will most likely be acquiring less pieces. If they do purchase art, they may seek the 

guidance of art dealers to navigate the art market. However, this comes with warranted suspicion 

as these individuals know the art dealers receive profit from purchased works. As consumers, 

they may be weary of art dealers up charging pieces. Therefore, they may only purchase 

relatively lower-valued art pieces as a risk-adverse consumer. It can also be the case that art 

dealers do not come across many masterpieces which would warrant high values. This is because 

such pieces would fetch for more via auctioning. 
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 𝑜𝑤𝑛𝑒𝑟_𝑏𝑒𝑡, 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑑𝑒𝑔, and 𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟 experienced higher p-values and are thus 

not significant to this model. Their coefficients, though, show an interesting relationship. While 

it was previously seen that aristocratic owners may not command higher art prices, if aristocratic 

owners served as bridges in the art market (connecting otherwise unconnected agents), those 

relationships may warrant higher prices. However, 𝑜𝑤𝑛𝑒𝑟_𝑏𝑒𝑡 may suffer from multicollinearity 

as it depends on which agents are involved. If auction houses were involved, the auction itself 

has already been proved to warrant higher prices by itself. Therefore, the aristocratic owner 

benefits as an effect of the auction and it is less so that the aristocrat is also aiding in the higher 

price. The interaction variable, 𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟, also presents a similar problem of understanding 

which agent is adding more value to the art prices. 𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟 has a positive correlation to 

art prices and represents an intersection between authenticity and marketability. The aristocratic 

ownership bolsters the authenticity of a piece whereas art dealers can market the piece to 

produce higher prices. However, as seen in the previous discussion, it seems that aristocrats add 

minimal value to the art piece and art dealers mainly transact lower priced art pieces. Two 

scenarios can be envisioned. In one, the aristocratic owner may seek to sell a lesser valuable 

piece via an art dealer. Given that it will be a comparatively lower valued piece, the art leaves the 

previously elitist bracket it would have been transacted in. In this case, non-elite individuals may 

value aristocratic ownership more and be willing to pay a price premium for the notoriety. The 

second scenario is that the aristocratic owner and art dealer has a commensalism relationship. An 

aristocratic owner may face some damage to their reputation and seek the help of a notable art 

dealer to recoup any potential losses in the art prices. Likewise, a troubled art dealer may turn to 

aristocratically owned pieces to ensure the perceived reputation of their pieces. In these 

scenarios, it shows how 𝑎𝑟𝑖𝑠𝑡𝑜_𝑑𝑒𝑎𝑙𝑒𝑟 may have other underlying variables informing it and 
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cannot stand alone. 𝑎𝑢𝑐𝑡𝑖𝑜𝑛_𝑑𝑒𝑔 also supports the positive influence auction houses have on art 

prices. For this variable, it implies that larger, active auction houses will generally command 

higher prices. Though, not all high transaction volume auctioning events result in high value 

sales and can produce lower prices. These are likely the effect of estate sales.  

  

Table 7. 

Summary of Averages from Top 10 Final Models 

R-squared: 0.352-0.362 F-statistic: 150.7-213.4  

Adj. R-squared: 0.35-0.359 Df Residual: --   

Variable coef std err t P > |t| [0.025, 0.975] 

aristo_dealer 0.6723 0.1935 3.144 0.136 [0.293, 1.052] 

aristocratic -0.6223 0.1392 -4.208 0.001 [-0.895, -0.349] 

art_dealer -0.8460 0.1734 -4.696 0.000 [-1.186, -0.506] 

auction 1.9131 0.1458 13.357 0.000 [1.627, 2.199] 

auction_deg 1.5598 0.9120 1.709 0.111 [-0.229, 3.348] 

const 8.2398 0.1485 57.601 0.000 [7.949, 8.531] 

dealer_bet 4.2278 0.4037 10.473 0.000 [3.436, 5.020] 

owner_bet 2.2376 2.1085 1.061 0.291 [-1.898, 6.373] 

owner_eigen -3.2675 0.2693 -12.155 0.000 [-3.796, -2.739] 

 

A surprising takeaway from these final regressions is that 𝑜𝑤𝑛𝑒𝑟_𝑒𝑖𝑔𝑒𝑛 and 

𝑎𝑟𝑖𝑠𝑡𝑜𝑐𝑟𝑎𝑡𝑖𝑐 were consistently negative. This suggests that the aristocratic owners within the 

network do not necessarily generate market hype or conduct extensive high-value exchange. 

There are two approaches in understanding this. First, the pieces held within aristocratic families 

are likely held for longer periods and are generational pieces. Therefore, when such pieces hit the 

market, they lack predominating taste or appeals in that given moment. The transactions within 

this dataset could reflect estate sales or private sales. In these cases, the artwork will not fetch as 
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high prices as compared to if it were able to be bid on at auction given the competitive 

atmosphere. This also follows the reasoning in previous research where art held for longer 

periods had lower rates of returns when it reentered the market. The second approach is that the 

aristocratic owners are too central within the network and thus their transactions may be more 

routine. This is unlikely as there are only so many art pieces that one can transact. To 

consistently be selling and acquiring artwork would be a laborious and expensive task. However, 

if we consider this thought further, it may be hinting less so that the transactions are routine, but 

rather the agents involved are of elite, aristocratic status. If the sale is between people from 

aristocratic backgrounds, it is more likely that they view each other as equals, family members 

even. Therefore, the prestigious provenance backing is not as important and adds no intangible 

benefit to the art price. This strictly diverges from the contemporary valuing of provenance as it 

is almost always the case that pieces tied to aristocratic families fetch for more money since it is 

a signal of authenticity and greater historical significance. For historical agents, there would be 

lesser historical significance as it was in the present moment for them. 

 

Conclusion 

 

 This thesis examined how provenance affects historical seventeenth- and eighteenth-

century French art prices. A hybrid framework using regressions with network analysis was the 

primary methodology of this project. This study demonstrated that provenance does leave a 

measurable impact on the art market. 

 The analysis confirmed several historical trends in the art market. First was the 

significance auction houses had in driving art prices up. Likewise, the model was able to hint 
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towards the complex relationship between the art market, aristocratic owners, and art dealers. 

While the network variables may have provided clear coefficients, interpreting their results in 

context with the historical record showed how complicated and heterogeneous the art market can 

be. The conclusions in this thesis aid in understanding the difference for how information is 

signaled and interpreted between emerging versus matured art markets. I hypothesize that for the 

core agents analyzed, in contemporary practice they would all lead to higher transacted prices as 

they reaffirm the historicity and authenticity of an artwork. Contemporary times have the benefit 

of hindsight to recognize ideal aristocratic owners, art dealers and auction houses. However, in 

the historical past, there is no historicity to be confirmed if such transactions were happening in 

the present (and history is still being written!). In the future, a similar study could be performed 

on contemporary sales to see how agents within a network view contemporary aristocratic 

owners, art dealers, and auction houses. 

 Future research would benefit in continuing creative pursuits for understanding art prices. 

It is likely that a combination of provenance network and compositional art variables are 

required to make better predicting models. The million-dollar question becomes which variables. 

In the past, research has either focused solely on network centrality metrics or compositional art 

variables and have rarely combined the two. For real-time price predictions, I believe that the 

future direction of research should analyze the environment within an auction sale. Metrics such 

as pauses from the auctioneer to the duration of loud and silent moments may assist in predicting 

real time price estimates for auctioning items. Though, it is unlikely that such research will be 

performed as it would not be cost effective for the auction houses, and they may limit research 

due to their maintenance of reputation.  
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 Another future direction could be analyzing experts involved in sales. While this thesis 

did not specifically parse out individual art dealers to understand their own effects within the art 

market, such research could be done for the contemporary art market to understand how the 

current art market is driven by experts. Potential lineages, such as whether one expert was 

mentored by an expert in a “previous generation,” can be determined. From that information, 

total volumes of sales can be calculated to examine which branch of experts had the greatest 

impact in sales.  

 Though my thesis may not have contributed significant findings to this field of research, 

it was nonetheless a fascinating digital humanities project to take on. A puzzle of relationships 

consisting of numerical pieces best encapsulates this endeavor. 
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Appendix 

 

Appendix A. Results of the Top 10 Final Regression Models 

#1 Best Final Model 

R-squared: 0.362 F-statistic: 156.7   

Adj. R-squared: 0.359 Df Residual: 1937   

Variable coef std err t P > |t| [0.025, 0.975] 

const 8.6323 0.1840 46.920 0.000 [8.2714, 8.9931] 

auction 1.8054 0.1586 11.381 0.000 [1.4943, 2.1165] 

dealer_bet 4.2307 0.4024 10.514 0.000 [3.4416, 5.0198] 

art_dealer -1.3149 0.2255 -5.830 0.000 [-1.7572, -0.8726] 

owner_eigen -3.1823 0.2765 -11.508 0.000 [-3.7246, -2.6400] 

aristo_dealer 0.8933 0.2125 4.204 0.000 [0.4766, 1.3100] 

aristocratic -0.9519 0.1784 -5.335 0.000 [-1.3019, -0.6020] 

auction_deg 2.0438 0.9172 2.228 0.026 [0.2450, 3.8426] 

      

#2 Best Final Model 

R-squared: 0.360 F-statistic: 155.8   

Adj. R-squared: 0.358 Df Residual: 1937   

Variable coef std err t P > |t| [0.025, 0.975] 

const 8.5601 0.1824 46.937 0.000 [8.2024, 8.9178] 

auction 2.0229 0.1259 16.061 0.000 [1.7759, 2.2699] 

dealer_bet 4.2563 0.4034 10.551 0.000 [3.4651, 5.0474] 

art_dealer -1.2577 0.2242 -5.610 0.000 [-1.6974, -0.8181] 

owner_bet 2.0983 2.1040 0.997 0.319 [-2.0280, 6.2246] 

owner_eigen -3.1603 0.2773 -11.398 0.000 [-3.7041, -2.6165] 

aristo_dealer 0.8125 0.2105 3.861 0.000 [0.3998, 1.2253] 

aristocratic -0.8791 0.1756 -5.006 0.000 [-1.2235, -0.5347] 

      

#3 Best Final Model 

R-squared: 0.360 F-statistic: 181.6   

Adj. R-squared: 0.358 Df Residual: 1938   

Variable coef std err t P > |t| [0.025, 0.975] 

const 8.5706 0.1821 47.073 0.000 [8.2135, 8.9276] 

auction 2.0207 0.1259 16.046 0.000 [1.7738, 2.2677] 

dealer_bet 4.2340 0.4028 10.512 0.000 [3.4440, 5.0239] 

art_dealer -1.2553 0.2242 -5.600 0.000 [-1.6949, -0.8156] 

owner_eigen -3.1767 0.2768 -11.477 0.000 [-3.7196, -2.6339] 
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aristo_dealer 0.8219 0.2103 3.909 0.000 [0.4095, 1.2342] 

aristocratic -0.8792 0.1756 -5.006 0.000 [-1.2236, -0.5348] 

      

#4 Best Final Model 

R-squared: 0.356 F-statistic: 153.1   

Adj. R-squared: 0.354 Df Residual: 1937   

Variable coef std err t P > |t| [0.025, 0.975] 

const 8.1050 0.1366 59.343 0.000 [7.8372, 8.3729] 

auction 1.8485 0.1590 11.628 0.000 [1.5368, 2.1603] 

dealer_bet 4.1813 0.4043 10.342 0.000 [3.3884, 4.9742] 

art_dealer -0.5580 0.1327 -4.204 0.000 [-0.8183, -0.2977] 

owner_bet 2.5209 2.1089 1.195 0.232 [-1.6151, 6.6568] 

owner_eigen -3.4672 0.2684 -12.916 0.000 [-3.9937, -2.9408] 

aristocratic -0.3415 0.1017 -3.358 0.001 [-0.5410, -0.1420] 

auction_deg 1.4815 0.9107 1.627 0.104 [-0.3045, 3.2674] 

      

#5 Best Final Model 

R-squared: 0.356 F-statistic: 178.4   

Adj. R-squared: 0.354 Df Residual: 1938   

Variable coef std err t P > |t| [0.025, 0.975] 

const 8.1110 0.1365 59.419 0.000 [7.8433, 8.3787] 

auction 1.8478 0.1590 11.622 0.000 [1.5360, 2.1596] 

dealer_bet 4.1536 0.4037 10.289 0.000 [3.3619, 4.9453] 

art_dealer -0.5454 0.1323 -4.122 0.000 [-0.8049, -0.2859] 

owner_eigen -3.4907 0.2678 -13.037 0.000 [-4.0158, -2.9656] 

aristocratic -0.3337 0.1015 -3.287 0.001 [-0.5328, -0.1346] 

auction_deg 1.4617 0.9106 1.605 0.109 [-0.3241, 3.2476] 

      

#6 Best Final Model 

R-squared: 0.355 F-statistic: 178.1   

Adj. R-squared: 0.353 Df Residual: 1938   

Variable coef std err t P > |t| [0.025, 0.975] 

const 8.0904 0.1363 59.340 0.000 [7.8230, 8.3578] 

auction 2.0057 0.1263 15.877 0.000 [1.7579, 2.2534] 

dealer_bet 4.1876 0.4044 10.354 0.000 [3.3944, 4.9808] 

art_dealer -0.5591 0.1328 -4.211 0.000 [-0.8195, -0.2987] 

owner_bet 2.4587 2.1094 1.166 0.244 [-1.6783, 6.5957] 

owner_eigen -3.4454 0.2682 -12.846 0.000 [-3.9715, -2.9194] 

aristocratic -0.3240 0.1012 -3.202 0.001 [-0.5225, -0.1256] 
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#7 Best Final Model 

R-squared: 0.355 F-statistic: 213.4   

Adj. R-squared: 0.353 Df Residual: 1939   

Variable coef std err t P > |t| [0.025, 0.975] 

const 8.0964 0.1363 59.420 0.000 [7.8291, 8.3636] 

auction 2.0029 0.1263 15.857 0.000 [1.7552, 2.2506] 

dealer_bet 4.1605 0.4038 10.303 0.000 [3.3686, 4.9525] 

art_dealer -0.5468 0.1324 -4.131 0.000 [-0.8064, -0.2872] 

owner_eigen -3.4686 0.2675 -12.966 0.000 [-3.9932, -2.9439] 

aristocratic -0.3166 0.1010 -3.135 0.002 [-0.5147, -0.1185] 

      

#8 Best Final Model 

R-squared: 0.353 F-statistic: 150.7   

Adj. R-squared: 0.350 Df Residual: 1937   

Variable coef std err t P > |t| [0.025, 0.975] 

const 7.8060 0.1036 75.365 0.000 [7.6028, 8.0091] 

auction 1.8847 0.1591 11.849 0.000 [1.5728, 2.1967] 

dealer_bet 4.3014 0.4057 10.602 0.000 [3.5057, 5.0971] 

art_dealer -0.5299 0.1717 -3.086 0.002 [-0.8667, -0.1932] 

owner_bet 2.1311 2.1168 1.007 0.314 [-2.0203, 6.2825] 

owner_eigen -3.0902 0.2786 -11.092 0.000 [-3.6366, -2.5438] 

aristo_dealer -0.0502 0.1216 -0.413 0.680 [-0.2887, 0.1882] 

auction_deg 1.1586 0.9081 1.276 0.202 [-0.6224, 2.9397] 

      

#9 Best Final Model 

R-squared: 0.352 F-statistic: 175.8   

Adj. R-squared: 0.350 Df Residual: 1938   

Variable coef std err t P > |t| [0.025, 0.975] 

const 7.8048 0.1035 75.397 0.000 [7.6018, 8.0078] 

auction 1.8861 0.1590 11.863 0.000 [1.5743, 2.1980] 

dealer_bet 4.3196 0.4033 10.712 0.000 [3.5287, 5.1104] 

art_dealer -0.5748 0.1330 -4.323 0.000 [-0.8356, -0.3140] 

owner_bet 2.0637 2.1101 0.978 0.328 [-2.0745, 6.2019] 

owner_eigen -3.0285 0.2351 -12.881 0.000 [-3.4896, -2.5674] 

auction_deg 1.1584 0.9080 1.276 0.202 [-0.6223, 2.9390] 

      

#10 Best Final Model 

R-squared: 0.352 F-statistic: 175.6   

Adj. R-squared: 0.350 Df Residual: 1938   

Variable coef std err t P > |t| [0.025, 0.975] 
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const 7.8166 0.1030 75.862 0.000 [7.6145, 8.0187] 

auction 1.8836 0.1591 11.842 0.000 [1.5717, 2.1956] 

dealer_bet 4.2788 0.4051 10.562 0.000 [3.4843, 5.0733] 

art_dealer -0.5274 0.1717 -3.072 0.002 [-0.8641, -0.1906] 

owner_eigen -3.1069 0.2781 -11.172 0.000 [-3.6523, -2.5615] 

aristo_dealer -0.0408 0.1212 -0.337 0.736 [-0.2785, 0.1969] 

auction_deg 1.1482 0.9081 1.264 0.206 [-0.6327, 2.9291] 
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