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Supporting Information Text14

I. Datasets15

A. Data curation. Digital scans of landscape paintings were collected from the two major online sources: Wiki Art (WA) (1)16

and the Web Gallery of Art (WGA) (2). For our purpose, we collected 12,431 landscape paintings by 1,071 artists assigned to17

61 nationalities from WA, and 3,610 landscape paintings by 816 artists assigned with 20 nationalities from WGA. While the18

overall number of paintings from WGA is relatively smaller than from WA, the WGA dataset has a larger volume of paintings19

produced before 1800 CE. Therefore, we utilize both datasets in a complementary way.20

As same paintings can be included in both datasets, we carefully constructed a unified dataset by filtering out the duplicate21

paintings from both datasets by using meta-information of paintings (title, painter, completion date, etc.) to construct a unified22

set of painting images. The filtering process is as follows. We first found 133 painters commonly exist in the two datasets.23

For the 3,004 paintings corresponding to these painters in WGA, we compared each painting image with the painting images24

produced from the same painter in the WA dataset. 949 duplicate paintings were removed from WGA, and combining it with25

WA resulted in a unified set consisting of 15,092 distinct paintings from 1,483 landscape painters. We further filtered out26

176 painting images that deemed improper for our analyses as shown in the sample in Fig. S1. The improper images include27

paintings with curved frame, Chinese fan shape paintings, tilted paintings, paintings from different genres, ambiguity in frame,28

etc. (See the sample images in Fig. S2). For the painting images that contains a rectangular frame or boundary, we manually29

cropped out the frame to keep only pure painting image. Though the used partitioning algorithm is affected very little by the30

size of an image, the lengths of the longer sides of the painting images were set to 400 pixels, while preserving their aspect31

ratios, so that all the images are of similar size. The final dataset after whole pre-processing procedure consists of 14,91232

landscape paintings from 1,476 artists.33

We also collected 5,780 abstract paintings by 175 painters from WA dataset in a separate auxiliary dataset. The abstract34

painting dataset includes artworks by abstract painters in the three WA categories: ‘abstract art’, ‘post-painterly abstraction’,35

‘abstract expressionism’. Similarly to the landscape dataset, from originally 7,429 paintings, we also filtered out improper36

images such as images with ambiguous frame, pictures of 3D objects, resulting in a total of 5,780 paintings. List of all used37

landscape and abstract paintings are provided in the SI datasets with corresponding metadata. Table. S1 summarizes the total38

dataset over time periods. Figure S3 shows the number of paintings and painters in different nationalities over time. The39

number of paintings by conventional style periods in the two dataset is shown in the Fig. S4.40

B. Nationality of artists. To have a consistent nationality attribution for each artist, we newly collected nationality information41

for all artists in WGA dataset from English Wikipedia (4) because artist information of WA dataset, which contributes to a42

larger volume of the combined dataset, refers to Wikipedia information. For artists who have explicit ‘nationality’ category in43

their personal biography cards in their Wikipedia page, we used the nationality information. For the remaining artists who44

have no ‘nationality’ category in their biography cards, we extracted the information from the first paragraph of the artists’45

Wikipedia description pages such as “Artist ... was a Nationality painter.”. If an artist is assigned to multiple nationalities, we46

consistently chose the first or birth nationality as taking into account multiple nationalities would raise confusion between47

nationalities. Consequently, all paintings by each artist are assigned to a single nationality according to the artist’s nationality.48

Figure S3 A summarizes the number of paintings and artists in each nationality in every 50-year time-bins from 1500 CE to49

2000 CE. To check whether the number of paintings in each nationality coherent to the amount of current literature related50

to each nationality, we independently investigated the number of landscape painting books related to each nationality in51

WorldCat, which is a large online library catalog service (5). We note that there are significant positive correlations between52

the number of paintings (and artists) of nationalities in the dataset and the number of books found in WorldCat (Pearson53

coefficient, ρ ≈ 0.50 and ρ ≈ 0.48 for paintings and artists respectively with P < 0.001).54

C. Bias in datasets. Regarding artists’ nationalities, we acknowledge that general literature on landscape painting art history55

and how-to books do avoid the “nationality” issue since several decades. Yet, our dataset shows that there is a memory effect56

in the system, as WA, WGA, Wikipedia, and large library catalogs such as WorldCat still assign or keep assignments of57

nationality to landscape paintings in a prominent way.58

We also note that as the collected datasets are male-dominated data sets, female landscape painters could be under-59

represented than the male painters. We acknowledge that our dataset is preliminary and we welcome the collection and60

inclusion of more female artists in large datasets.61

II. Methodology62

Partitioning image using compositional information. In this section, we introduce the information-theoretic methodology for63

finding partitioning positions in images based on Rigau et al.’s image partitioning algorithm. In the case of Rigau’s original64

algorithm, the algorithm decides a dissection position by looking for a set of sub-regions in the image which produce maximum65

mutual information between the color palette of an original image and the palette of candidate sub-regions (6). More66

recently, Shin et al. introduced a more efficient method for computing the compositional information called the line-updating67

bi-partitioning (LUB) algorithm (7) (published in Korean). The LUB algorithm on average reduces the time complexity for68

finding a dissection position in an image by the length of the image. Therefore the LUB algorithm is essential for analyzing69
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recent large-scale high-resolution images. Here we first explain how a partitioning position is determined by the mutual70

information and introduce how the LUB algorithm works in detail.71

The partitioning algorithm progressively subdivides an image according to the partitions which provide maximum information72

gain at each step. For a random variable C taken from the set of discrete colors used in a visual image, the palette information73

of the image is defined as the Shannon entropy H(C):74

H(C) = −
∑
c∈C

P (c) log2 P (c) [1]75

where the probability P (c) is given by P (c) = Sc/S where Sc denotes the number of pixels taking color c, and S is the size of76

the image.77

Taking the process of painting as a mapping from a palette of color set C to a set R composed of a finite number of regions78

in a canvas, the conditional entropy H(C|R) is defined as:79

H(C|R) = −
∑

c∈C,i=1,2

P (c, ri) log2 P (C|R = ri). [2]80

Here the conditional probability P (c|ri) is the probability of color c in region ri and the joint probability is P (c, ri) = P (c|ri)P (ri)81

where P (ri) = πi = si/S is size of the region ri normalized by the full size S. Then, the information gained from introducing a82

partition with a set of two sub-regions R is expressed by the mutual information:83

I(C,R) = H(C)−H(C|R)
= H(C)− [π1H(C, r1) + π2H(C, r2)],

[3]84

where the regional Shannon entropy H(Ci, ri) for the color set Ci in the region ri is given by:85

H(Ci, ri) = −
∑
c∈Ci

P (c|ri) log2 P (c|ri). [4]86

During the first partition process, one should calculate the compositional information gain over all possible partitions in87

both horizontal and vertical directions on the entire image resulting in w − 1× h− 1 trials, where w and h is the number of88

pixels of weight and height of the image. Then the algorithm select a partition which gives the maximum information. From89

the second partitioning process, the algorithm is repeatedly applied to remaining sub-blocks and partition sub-blocks at the90

positions that offer maximum information. In principle, the partitioning process can be continued until the image is fully91

decomposed into regions of homogeneous colors.92

During the scanning process for finding the optimal dissection position, the conventional method newly calculates com-93

positional information for every possible partitioning line. For instance, in Fig. S5, the compositional information from the94

partition at the k + 1th line is calculated independently to the kth line in the conventional algorithm. However, a large portion95

of the calculation at the k + 1th step has overlap with the previous kth step. Using the LUB algorithm, one reduces the96

redundant process in calculating the compositional information at the k + 1th pixel by utilizing previously calculated palette97

information at the kth pixel.98

When the partitioning position is updated from y = k to y = k + 1, one should both calculate the palette information99

of extended region r′
1 and the reduced region r′

2 (Fig. S5 B). The essence of LUB algorithm is to express the new palette100

information H(C, r′
1) and H(C, r′

2) in terms of previously calculated H(C, r1) and H(C, r2). For the calculation of H(C, r′
1),101

we define the color variables of r′
1 into three categories.102

• C0: Colors that are included in the region r′
1 but belongs only to the previous region r1.103

• Cm: Colors that are in both r1 and rline.104

• Ca: Colors that are only in rline.105

If the width and the height of an image is given as Lx and Ly, the area of region r′
1 is Lx(k + 1). If the number of pixels of106

color c in R1 is N(c) and the number of pixels of color c in the line is n(c), H(C, r′
1) can be expressed by the summation of107

information of three color variables.108

H(C, r′
1) = −

∑
c∈C0

N(c)
Lx(k + 1) log2

N(c)
Lx(k + 1) −

∑
c∈Cm

N(c) + n(c)
Lx(k + 1) log2

N(c) + n(c)
Lx(k + 1) −

∑
c∈Ca

n(c)
Lx(k + 1) log2

n(c)
Lx(k + 1) [5]109

and H(C, r1) can be expressed as,110
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H(C, r1) = −
∑
c∈C0

N(c)
Lxk

log2
N(c)
Lxk

−
∑

c∈Cm

N(c)
Lxk

log2
N(c)
Lxk

= −K + 1
k

∑
c∈C0

N(c)
Lx(k + 1) log2

N(c)
Lx(k + 1) −

∑
c∈C0

N(c)
Lxk

log2
K + 1
k
−

∑
c∈Cm

N(c)
Lxk

log2
N(c)
Lxk

.

[6]111

From Eq.6, we get112

−
∑
c∈C0

N(c)
Lx(k + 1) log2

N(c)
Lx(k + 1) = k

k + 1H(C, r1) +
∑
c∈C0

N(c)
Lx(k + 1) log2

k + 1
k

+
∑

c∈Cm

N(c)
Lx(k + 1) log2

N(c)
Lxk

. [7]113

Substituting Eq.7 into Eq.5, we can express H(c, r′
1) in terms of H(c, r1) using the following relation:114

H(C, r′
1) = k

k + 1H(C, r1)− k

k + 1 log2
k

k + 1 −
∑

c∈Cm

N(c) + n(c)
Lx(k + 1) log2

N(c) + n(c)
Lx(k + 1)

+
∑

c∈Cm

N(c)
Lx(k + 1) log2

N(c)
Lx(k + 1) −

∑
c∈Ca

n(c)
Lx(k + 1) log2

n(c)
Lx(k + 1) .

[8]115

In similar manner, the palette information H(c, r′
2) of the bottom region r′

2 can be obtained using H(c, r2).116

Again we define three color variables in r′
2 (Fig. S5).117

• C0: Colors that are only belongs to the region r′
2.118

• Cm: Colors that are in both r′
2 and rline.119

• Cd: Colors that are only in rline.120

Defining the number of color c in r2 as N(c) and the number of color c in the rline as n(c), H(C, r2) and H(C, r′
2) are121

expressed by the summation of information terms of the three color variables.122

The palette information of r′
2 is123

H(C, r′
2) = −

∑
c∈C0

N(c)
Lx(Ly − (k + 1)) log2

N(c)
Lx(Ly − (k + 1)) −

∑
c∈Cm

N(c)− n(c)
Lx(Ly − (k + 1)) log2

N(c)− n(c)
Lx(Ly − (k + 1)) , [9]124

and the palette information of r2 is125

H(C, r2) = −
∑
c∈C0

N(c)
Lx(Ly − k) log2

N(c)
Lx(Ly − k) −

∑
c∈Cm

N(c)
Lx(Ly − k) log2

N(c)
Lx(Ly − k) −

∑
c∈Cd

n(c)
Lx(Ly − k) log2

n(c)
Lx(Ly − k) .

[10]
126

Expanding the logarithmic term using127

log2
N(c)

Lx(Ly − k) = log2
N(c)

Lx(Ly − (k + 1)) + log2
Ly − (k + 1)
Ly − k

, [11]128

and substituting Eq.10 into Eq.9, we get the following relation.129

H(C, r′
2) = Ly − k

Ly − (k + 1)H(C, r2)− Ly − k
Ly − (k + 1) log2

Ly − k
Ly − (k + 1) −

∑
c∈Cm

N(c)− n(c)
Lx(Ly − (k + 1)) log2

N(c)− n(c)
Lx(Ly − (k + 1))

+
∑

c∈Cm

N(c)
Lx(Ly − (k + 1)) log2

N(c)
Lx(Ly − (k + 1)) +

∑
c∈Cd

n(c)
Lx(Ly − (k + 1)) log2

n(c)
Lx(Ly − (k + 1)) .

[12]130

Then, the new compositional information for partitioning at k + 1th line is calculated with the Eq. 3.131

Fig. S6 compares the calculation time to find the first partition in randomly generated 3-bit images depending on partitioning132

algorithms. The LUB algorithm approximately reduces the time complexity by the length of an image (≈ S1/2). In other words,133

for a square image with the length of 1,000 pixels (1,000,000 pixels in the total area), the LUB algorithm is approximately134

1,000 times faster than the conventional method.135
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III. Effect of color depth, size, and aspect ratio on the partitioning process136

Effect of color depth and image size on the image partitioning process. An image represented with high color depth where137

large number of bits are used to represent a color of a pixel looks more natural and realistic to human vision. However, because138

the partitioning process employed in this study considers each color component a discrete variable resulting in that colors of139

slight differences to be considered completely different colors even though they are not sensitively differentiated by normal140

human eyes. Therefore, in this study, we use painting images which are coarse-grained in the RGB color space. The analyses141

in the main article were conducted on the images of 3-bit color depth (1-bit for each R,G,B values), which is the simplest142

coarse-grained form to represent an image in the RGB color space (Fig. S7). To produce 3-bit painting images, we find a set of143

median values for each of R, G, B components for each painting as threshold values. Then, RGB components of a pixel of an144

image are transformed into one if they are above or equal to the threshold, or zero if they are below the threshold. We also145

verified that other low color depth systems such as 3-bit images obtained from different threshold condition (instead of using146

the medians we choose 128 as an absolute threshold among 256 values in each R, G, B values), 8-bit (256 colors) images, and147

8-bit gray-scale images provide similar and robust results.148

Another advantage of using low color depth system in the partitioning analysis is that it eliminates finite-size effects of149

sub-blocks of an image to the compositional information during the partitioning process. Consider an image of fixed size150

composed of various colors. In an extremely high color-depth, two colors of slight differences are considered to be distinct151

colors. Therefore, the palette information H(C) of the image, which is the Shannon entropy of color distribution, is found152

to be similar to the case of a randomly colored image. For a random finite size image where all pixels have different color153

variables, the partitioning process in high color depth representation leads an image to be partitioned at 1/2 position. This is154

because the size effect of sub-blocks intervenes into the partitioning process as follows. The partitioning algorithm finds the155

dissection position of an image that gives the maximum compositional information:156

I(C,R) = H(C)− [π1H(C|R1) + π2H(C|R2)], [13]157

where H(C) is the original color palette information, and π1 and π2 are the proportion of each sub-block R1 and R2 to the158

original block (π1 + π2 = 1). In the case of high color-depth limit, the available number of distinct colors Nc is much larger159

than the number of pixels of an image S (Nc � S). Then the information terms are approximated as H(C) ≈ log2 (S),160

H(C1|R) ≈ log2 (π1S) and H(C2|R) ≈ log2 (π2S) = log2 ((1− π1)S) resulting in161

I(C,R) = log2 S − π1 log2 π1S − π2 log2 π2S

= log2 S − π1 log2 S − π2 log2 S − π1 log2 π1 − π2 log2 π2

= −π1 log2 π1 − (1− π1) log2 (1− π1).
[14]162

Therefore, the compositional information I(C,R) is maximized at π1 = 1/2 and 1 bit of information is obtained by the163

partition (Fig. S8).164

At the opposite limit where the size of an image is sufficiently larger than the number of distinct colors (Nc � S), a165

randomly colored image has its palette information H(C) ≈ H(C|R1) ≈ H(C|R2). Therefore, the compositional information166

I(C,R) becomes almost zero over any π1. In other words, partitioning can take place at any position on a painting (or no167

preferred position is found, Fig. S8).168

Since we don’t expect a randomly colored painting to be partitioned at the center position (i.e., it means that there is a169

particular preference at the proportion of 1/2 for a painter who randomly paints), a coarse-graining process of a painting in the170

color space is necessary to eliminate this size effect. The 3-bit color depth system we take in this study is the simplest form to171

represent (R,G,B) values and satisfies the condition Nc � S.172

We provide detailed statistics of image size and color palette information for the used dataset in the Fig. S9. The original173

digital scans of paintings are represented in the 24-bit RGB color representation. The average number of unique colors used174

in a painting image in the dataset is 89,063 and the typical color palette information is 14.6 bit, indicating that effectively175

Nc = 214.6 ≈ 24, 834 colors are used for a typical landscape painting image. The average image size of the landscape paintings176

is 461,304 pixels. Since the order of magnitude of typical number of colors in a painting image is not sufficiently small compared177

to the painting size, analyses in high color depth systems such as 24-bit or 16-bit color system could cause the size effect178

discussed above.179

Robustness of the results from different color depth images. To check the robustness of the results in the main manuscript,180

we independently conducted the same analyses on four different types of color depths: 3-bit images obtained from median181

threshold (result used in the main manuscript), 3-bit images from absolute threshold, 8-bit color images, and 8-bit gray-scale182

images. Results of the analyses including the distribution of partition direction up to second partition (Fig. S10), the changing183

trend of the distribution of rc over time (Fig. S11 and S12) were found to show similar overall behavior.184

Effect of aspect ratio on partitioning position. The majority of partitions in the early partition steps of landscape paintings is185

partitioned in horizontal direction (Fig. S13 B). 86.8% of paintings are horizontally partitioned at the first partition with larger186

compositional information compared to vertically partitioned cases. After approximately 10 partition steps, the probability187

of a painting to be partitioned in horizontal direction begins to saturate at the point slightly above 0.5. However, in case of188

the abstract paintings, the probability of partition direction merely changes over all partition steps implying no directional189

preference in composition (Fig. S13 H).190
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It is interesting that the proportion of vertical partition saturates at slightly above 0.5 up to 100 partition steps. One191

possible cause of the e�ect is that the width of an image is larger than the height on average (Fig. S13 A and E). An image192

with longer width than height naturally has more chance to be partitioned vertically. To test whether this hypothesis is true,193

we divided landscape and abstract painting dataset into two groups where one group has longer width and the other group194

has longer height. In case of abstract paintings that have longer width than height (Fig S13 G), the proportion of vertically195

partitioned painting was larger. However, for the group of abstract paintings that has longer height than their width, the196

proportion of horizontal partition was almost similar or slightly smaller than the proportion of vertical partition after 10197

partition steps. On the contrary, in case of landscape paintings, the proportion of vertical partition was always larger after 10198

partition steps for any group of paintings though the e�ect was moderate for longer height images. Therefore, aspect ratio of199

painting images only partly explains the asymmetry in the proportion of partition direction at the higher partition steps.200

We speculate that the vertical objects in landscape paintings could cause the remaining asymmetric e�ect. Whereas large201

scale objects in landscape paintings such as sky, earth, and ocean are horizontally painted, relatively smaller objects such as202

trees, plants, and buildings are vertically placed. Therefore, the frequent existence of vertically oriented objects in landscape203

paintings could cause the distinguishing characteristic in the pro�le of partition direction when compared to abstract paintings.204

IV. Analysis of composition in landscape paintings based on partition directions across nationalities205

The distribution of composition based on �rst and second partition directions di�ers signi�cantly by partition types (H�H,206

H�V, V�H, and V�V). Figure.2C in the main manuscript shows that the relative frequency of each composition type gradually207

changes over time while the trend is transcending concepts of nationalities. Fig. S14 shows detailed distributions of partition208

types of the dominant individual nationalities with more than 30 paintings, for �ve time periods. The �ve time periods were209

set to contain same number of paintings in each time-bin. As shown in Fig.2B and C in the main manuscript, we observe a210

transition in the proportion of composition types during the mid-nineteenth century; H�H type composition becomes more211

dominant since the mid-nineteenth century.212

V. Selection criterion used for representative individual artists213

For the analysis on the distribution of dissection proportions of individual painters, we �ltered out 134 individual painters214

whose number of paintings is within top 10% of the dataset before and after 1800 CE, resulting in 31 and 103 painters from215

two periods respectively. We introduce this separate criterion because the number of paintings of individual painters begins to216

increase largely from 1800 CE, therefore applying a uniform selection criterion in the whole periods would possibly cause a217

selection bias towards the modern era. Figure S15 shows the sudden increase in the number of paintings from 1800 CE.218

VI. Proportion-similarity network219

Figure. S16, S17, and S18 shows the enlarged versions of matrix representation of the proportion-similarity networks between220

and among individual artists and conventional style periods in the Fig. 4 of the main manuscript. Table S2 shows the list of221

artists in each community. Figure S19 and S20 shows the one-mode projection of the bipartite network (Fig. 4A) onto the222

individual artists and the conventional style periods.223

Figure and Tables224

Fig. S1. Sample paintings that deemed improper for the analysis. During the data pre-processing period, we �ltered out the inappropriate paintings for applying our partitioning
algorithm. A-C: Painting image credit: WikiArt
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Fig. S2. In the original data set, 998 paintings with rectangular frame were included. We cropped out the frames of the painting images to keep only pure painting images. A-C:
Painting image credit: WikiArt
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Table S1. Summary of the painting data set. Overall, 14,912 landscape paintings from 1,476 artists were analyzed in this study. 1,470 abstract
paintings were also assessed for the comparison purpose.

Category WGA WA Uni�ed

Year # paintings # painters # paintings # painters # paintings # painters

Landscape
painting

-1500 - - 57 10 47 9
1501-1600 147 38 79 14 150 44
1601-1650 667 155 245 27 625 123
1651-1700 648 117 101 16 585 131
1701-1750 345 65 84 10 305 49
1751-1800 355 83 221 25 516 86
1801-1850 399 125 1,094 87 1306 184
1851-1900 1 049 234 3 879 287 4522 425
1901-1950 - - 5 065 510 5245 543
1951-2000 - - 1 335 244 1335 247
2000- - - 271 56 276 57
Total 3 610 816 12 431 1 071 14 912 1,476

# paintings # painters

Abstract painting 1 470 19
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Fig. S3. (A) The heatmap shows the number of landscape paintings and painters for 59 nationalities in 50-year time periods. Colors indicate the number of paintings and the
numbers indicate the number of artists. The heatmap on the second column represents the number of books in WorldCat related to each nationality. (B) shows that there are
signi�cant positive correlations between the number of paintings and paintings, and number of books in WorldCat.
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Fig. S4. The number of paintings by conventional style periods in the dataset. Top 25 style periods which have largest number of paintings are shown on the graph. Number of
paintings from different data sources are depicted by different colors: WA in blue and WGA in red.
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Fig. S5. A schematic description on the partitioning process using the LUB algorithm. The LUB algorithm calculates the mutual information obtained from a horizontal partition
at position y = k + 1 based on the information gain at y = k .
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Fig. S6. Calculation time to �nd the �rst partition in a 3-bit random image depending on partitioning algorithms. The LUB algorithm reduces the time complexity approximately
by the length of an image (� S1= 2 ).
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Fig. S7. Sample painting (Claude. Seaport with the Embarkation of the Queen of Sheba. 1648) transformed into different color-depth images: (A) 24-bit (original), (B) 3-bit, (C)
8-bit, (D) 8-bit gray-scale respectively. Painting image credit: The National Gallery.
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Fig. S8. The compositional information I (C; R ) = � � 1 log 2 � 1 � (1 � � 1 ) log 2 (1 � � 1 ) in Eq. 14 as a function of � 1 in high-color depth limit (N c � S) is expressed in
the dark red. The compositional information for the case of N c � S is depicted by the blue line.
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Fig. S9. Basic statistics of landscape painting images. Distribution of (A) image size, (B) width, (C) height, (D) Distinct number of colors N c , and (E) the palette information
H (C ) .
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Fig. S10. Histograms of directional preference up to second partition step by color depth: (A) 3-bit (absolute threshold), (B) 3-bit (median threshold), (C) 8-bit (absolute
threshold), and (D) 8-bit grayscale. Overall pattern of the distributions are similar and robust under different color depth condition.
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