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BUYING A WORK OF ART 
OR AN ARTIST?

IMPOSSIBILITY AND POSSIBILITY 
OF PREDICTING PRICE OF ARTWORK 



Formalism vs Social Constructionism 





Valuation
of 

Artworks
Visual 
Quality

Valuation / Pricing of Artworks

High Uncertainty

Artists’
Signals

Market
Features

Formalism             vs      Social Constructionism 





Data
36,549 records of artwork of 590 living contemporary artists, 

spanning 23 countries for 17 years (1996 to 2012) 

- Publicly available thumbnail 

images

- Age / Gender / Nationality/ Education / 

Award / Biennale / Artistic Ranking / 

Solo and Group exhibitions / Private 

and Public Collections / Location of 

living and working

- Matched Genre and Country

- Previous Year Price level (Max Mean 

Median)

- Previous sales (5 / 10 transactions; Max 

Mean Median)

Visual Information (8971 features) Artist information (30 features)

- Year

- Auction House tier 

- Market growth 

 Continent level

 Country level

Market Information (8 features)



Buying an Artwork: 
Computer Vision Analysis of Visual Content

What is form? How can we describe it numerically?

● The digital image is already an imperfect 
representation of a real object
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Buying an Artwork: 
Computer Vision Analysis of Visual Content

What is form? How can we describe it numerically?

● The digital image is already an imperfect 
representation of a real object

● …and a low resolution thumbnail doesn’t help.

Some ideas:

● color (pixels have color)
● shape (how edges fit together)
● composition (spatial distribution of edges)
● recognizable objects (image classification)
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(d) HOG Features

(e) CNN Features
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(a) All Works by Damien Hirst

(c) Color Histogram Features

(d) HOG Features

(e) CNN Features

(f) GIST Features

✱

ResNet18(b) Spin Painting (Butterfly) (2012)



Visual Features to Predictions

That leaves us with 8971 numbers to 
describe each image. In some cases, that’s 
more features than pixels!

To reduce redundancy, we perform principal 
component analysis (PCA) to summarize 
that information in 100 features.

We then predict price using the XGBoost 
regression model, which we will discuss in 
more detail shortly.



Without metadata information, are able to achieve R2 score of 0.397.

While these features are useful, they do not explain most variation in prices.



Metadata features are much more effective!

In fact, with metadata, visual features cease to be helpful, reducing the score both 
with and without professional estimates.



This is a really reductive way to 
look at art!

Art exists in many contexts

but this sort of method only consider it in 
the purely visual context of our dataset

and it only reaches the formal level, 
considering arrangements of lines and 
colors, and doesn’t pretend to access 
meaning or feeling in any way

But that’s still good enough to explain 
almost 40% of variation in price.



Buying an Artist: 
Metadata Analysis of Artists and Markets

How far can we predict the price, 

without seeing the artwork 

(or even before it’s actually made)?

Our ML Model



- Artwork
(a) Width, Height, and Square-inch Size
(b) Genre - Painting, Photography, Work on 

Paper, Print, and others

- Market
(c) Year
(d) Auction house tier
(e) Mean / Maximum / Median Prices of 

Continent & Country

Features by Category: Artwork & Market

Tier Auction Houses

1
Christie, Sotheby, and Phillips 
in New York or London

2
Christie, Sotheby, and Phillips 
in any other cities

3

Dorotheum, Kunsthaus Lempertz, 
Cornette de Saint Cyr, Villa Grisebach Auktionen, 
Artcurial, Van Ham, im Kinsky Kunst Auktionen, 
and Ketterer Kunst

4 All others



Features by Category: Artist



Model: Extreme Gradient Boosting (XGBoost)

Good Performance & Interpretability



Price Prediction

(1) Metadata, Without Professional’s Estimation Information

(2) Metadata, With Professional’s Estimation Information

(a) Estimated Minimum

(b) Estimated Maximum

(3) Comparison with Professional’s Estimation



WITHOUT 
Professional’s Information

WITH 
Professional’s Information

JUST 
Professional’s Information



1. Matthew Effect: Previous price matters

2. Auction Tier: Power of brand & marketing

3. Country: old vs. new markets?



1. Prof’s estimation takes most of information gain

2. Remains look similar.

3. Country seems becoming more significant.



- Top rows for old markets: USA, UK, 
France, and Germany

- Bottoms rows for new markets: 
otherwise

- Professional’s estimation shows a 
higher r-square in the old markets. 



In our metadata model 
including prof’s 
estimation, 

Old market shows a 
higher r-square value.

Then, what about our 
model without prof’s 
estimation?



Interestingly, without prof’s estimation 
(but only with public information mostly 
of artist and market), 

Prediction of the new market shows a 
higher r-square value.



Discussion

(1) Aesthetic Gap, the  null finding of visual information

(2) Cultural consumption is highly socialized action reinforced

by social mechanism. 

(3) Object vs  Social structures (together) 

(4) The potential benefit of ML approach to complement the domain specialty 

(especially in new markets)


