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Abstract
Quantitative analysis of visual arts has recently expanded to encompass a more extensive array of artworks due to the availability of 
large-scale digitized art collections. Consistent with formal analyses by art historians, many of these studies highlight the significance 
of encoding spatial structures within artworks to enhance our understanding of visual arts. However, defining universally applicable, 
interpretable, and sufficiently simple units that capture the essence of paintings and their artistic styles remains challenging. Here, 
we examine ordering patterns in pixel intensities within two-by-two partitions of images from nearly 140,000 paintings created over 
the past 1,000 years. These patterns, categorized into 11 types based on arguments of continuity and symmetry, are both universally 
applicable and detailed enough to correlate with low-level visual features of paintings. We uncover a universal distribution of these 
patterns, with consistent prevalence within groups, yet modulated across groups by a nontrivial interplay between pattern 
smoothness and the likelihood of identical pixel intensities. This finding provides a standardized metric for comparing paintings and 
styles, further establishing a scale to measure deviations from the average prevalence. Our research also shows that these simple 
patterns carry valuable information for identifying painting styles, though styles generally exhibit considerable variability in the 
prevalence of ordinal patterns. Moreover, shifts in the prevalence of these patterns reveal a trend in which artworks increasingly 
diverge from the average incidence over time; however, this evolution is neither smooth nor uniform, with substantial variability in 
pattern prevalence, particularly after the 1930s.
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Significance Statement

Spatial patterns play a crucial role in both esthetic appreciation and in defining the characteristics of artworks and artistic move
ments. Despite advancements in image processing, encoding these patterns into simple quantitative representations remains chal
lenging. Our study addresses this by analyzing the ordering of pixel intensities in small image partitions, allowing us to represent 
paintings by a set of 75 ordinal patterns grouped into 11 categories based on continuity and symmetry. These patterns capture key 
visual features—sharp edges, well-defined or textured elements, and vertical or horizontal structures—providing insights into the art
istic style of paintings, highlighting their variability and the complex, nonhomogeneous nature of art evolution.
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Introduction
The pioneering work of Birkhoff in 1933 (1), where he formulated 
an esthetic measure based on the ratio between order and com
plexity, is often viewed as one of the first contemporary attempts 
to define universal mathematical principles for evaluating artistic 
esthetics. His ideas, however, have origins extending back to an
cient Greece and medieval philosophers (2). Despite this long his
torical path, the empirical characterization of artworks using 

physical science approaches is relatively recent. The work by 
Taylor et al. (3) in the late 1990s on the fractal nature of 
Pollock’s drip paintings was pivotal in this regard and spurred a 
multitude of further studies (4–13), which in turn contributed to 
the emergence of the field of quantitative study of visual arts 
(14–16). However, it was not until recent years that these quanti
tative efforts reached a larger scale and expanded beyond a lim
ited number of artworks from specific artists or artistic styles. 
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This expansion was primarily driven by the recent availability of 
extensive digitized art collections, which not only facilitated prac
tical applications but also started to contribute to deepening our 
understanding of the cultural and social aspects of art and how 
they possibly evolved over the centuries (17).

Research by Manovich and coauthors (18–20) has pioneered the 
analysis of large-scale datasets of paintings and other forms of 
visual art to quantify artistic evolution through metrics such as 
average brightness and saturation. Changes in the use of color 
and contrast over time were also investigated by Kim et al. (21) 
and Lee et al. (22), who identified significant differences across his
torical periods and artistic styles. Art paintings were further ex
plored using a physics-inspired approach based on permutation 
entropy and statistical complexity by Sigaki et al. (23), revealing 
a temporal evolution marked by transitions aligned with major 
historical periods. This methodology was subsequently applied 
by Valensise et al. (24) to assess the visual complexity of memes 
on social media platforms. Additionally, Lee et al. (25) dissected 
the compositional structure of landscape paintings, finding that 
from 1600 to 1850, artworks typically featured a primary horizon
tal partition with a secondary vertical division, a style that grad
ually fell into disuse, yielding a preference for dual horizontal 
partitions in 20th-century paintings. More recently, Karjus et al. 
(26) introduced a representation space termed compression en
sembles, designed by calculating the normalized compression 
size of various transformations applied to original images, a meth
od that proved effective in quantifying the complexity of a broad 
array of visual arts. In another recent study, Lee et al. (27) have 
used a large-scale dataset of contemporary paintings sold at auc
tions to demonstrate that visual features play only a marginal role 
in predicting artwork prices.

Previous research thus demonstrates that, although art is trad
itionally regarded as qualitative or metaphysical, quantitative 
analyses—often inspired by physics—are not only feasible but 
have already yielded significant insights into the nature of art 
and contributed to more practical applications. Notable examples 
include the use of wavelet transforms for dating paintings (28), au
thenticating unknown or disputed artworks (29, 30), removing 
cradle artifacts (31), as well as other computational techniques 
for crack detection, digital inpainting of cracks (32), and separat
ing overlapping images in X-ray scans of paintings (33, 34). 
Another prominent research avenue is the automatic classifica
tion of painting styles, which initially relied primarily on shallow 
learning approaches (28, 35–37) but, inspired by the success of 
convolutional neural networks in image processing (38, 39), has 
shifted to deep learning methods (40–44). These studies, particu
larly those employing wavelet transforms and convolutional 
neural networks, underscore the importance of encoding the spa
tial structures within paintings and other visual artworks to deep
en our understanding of art. Spatial patterns are indeed essential 
for esthetic appreciation (45, 46) and are frequently used to quali
tatively describe and distinguish the key characteristics of artistic 
movements. This focus on spatial structures is notably evident in 
the works of Wölfflin, a seminal figure in art history’s develop
ment of formal analysis (47), who, in 1915, introduced five con
trasting conceptual pairs to distinguish between Renaissance 
and Baroque art (48). These celebrated pairs—linear vs. painterly, 
plane vs. recession, closed vs. open form, multiplicity vs. unity, 
and clearness vs. unclearness—primarily address spatial patterns 
and formal structures in paintings rather than color aspects (49). 
A somewhat similar emphasis on spatial patterns also appears in 
the more recent works by art historians such as Sypher (50) and 
Davis (51).

Nevertheless, defining individual elements as units within art
works remains a complex challenge, despite the substantial re
search conducted to date. These units must be simple enough to 
apply universally, yet sufficiently detailed to encapsulate the es
sence of the paintings and their artistic styles. To address this 
challenge, we analyze ordering patterns among pixel intensities 
within two-by-two partitions in painting images using a crowd- 
sourced dataset comprising almost 140,000 artworks spanning a 
timeline of nearly a thousand years. Our study identifies 75 
unique ordinal patterns, which we categorize into 11 groups based 
on arguments of continuity and symmetry. These patterns are 
easily interpretable and their prevalence correlates with low-level 
visual characteristics of paintings, including the presence of sharp 
edges, well-defined or textured elements, and vertical or horizon
tal structures. We observe a universal pattern in the distribution 
of two-by-two ordinal patterns across paintings, characterized 
by an approximately constant prevalence within each group, yet 
modulated across groups by a nontrivial interplay between pat
tern smoothness and the likelihood of finding identical pixel 
intensities. The existence of a universal prevalence in the inci
dence of ordinal patterns thus allows us to define a standardized 
measure that not only compares paintings and styles but also sets 
up a metric informing how distant a painting or an artistic style is 
from the average prevalence. Our research shows that the preva
lence of ordinal patterns carries information for identifying the 
artistic style of paintings, outperforming baseline classifiers and 
further highlighting the critical role of patterns associated with 
identical values within the two-by-two partitions. This analysis 
also shows that styles typically display large variability in the 
prevalence of ordinal patterns, reflecting both the limitations of 
representing artworks through these patterns and the heteroge
neous quality of our crowd-sourced dataset, as well as the intrin
sic ambiguity often present in attributing a unique style to 
artworks. Additionally, we quantify the temporal evolution of 
paintings in our dataset by examining shifts in the prevalence of 
ordinal patterns, revealing a general trend wherein artworks in
creasingly diverge from the average incidence. Notably, this evo
lution is neither smooth nor homogeneous, showing substantial 
variability in the prevalence of ordinal patterns, especially after 
the 1930s.

In what follows, we detail these results, beginning with the data 
presentation and the definition of our two-by-two patterns. This is 
accompanied by an interpretation of these patterns in relation to 
the low-level visual features of paintings. We then examine the 
prevalence and variability of these patterns across all paintings 
in our dataset as well as within specific artistic styles. We further 
explore the potential of quantifying the evolution of paintings in 
our dataset by investigating changes in the incidence and variabil
ity of ordinal patterns. Finally, we conclude by summarizing our 
findings, acknowledging limitations related to the heterogeneous 
quality of the dataset, historiographic biases, and the localized na
ture of our ordinal patterns. The Methods section provides de
tailed information about the implementation of our approach.

Results
The dataset used in our research is the same as the one introduced 
in Sigaki et al. (23), comprising 137,364 paintings encompassing 
154 styles from 2,391 artists and spanning a timeline of nearly a 
thousand years. These images were collected from Wikiart, a 
crowd-sourced, encyclopedic compilation of digital reproductions 
of artworks, covering primarily Western paintings. Given the da
taset’s reliance on heterogeneous sources, there is a substantial 
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variation in the quality of digital reproductions and in the meta
data associated with the artworks. These factors naturally con
strain the generalizability and interpretation of the findings we 
shall present and discuss. Nevertheless, in the absence of large- 
scale, well-curated alternatives, the Wikiart dataset stands out 
as perhaps the best source for digital reproductions of paintings 
and for exploring quantitative approaches to assessing artwork 
features.

As detailed in the Data section, image files for each painting 
were converted to grayscale using the standard luminance trans
formation. Consequently, each painting is represented by a ma
trix A with ny rows (image height) and nx columns (image 
width), where each entry aij denotes the pixel intensity of the ith 
row and the jth column. Building on the ordinal framework inaug
urated by Bandt and Pompe (52) and the recent classification of 
two-by-two ordinal patterns by Bandt and Wittfeld (53), we pro
pose to characterize paintings by their distributions of ordinal 
patterns.

To describe our approach, let us consider a hypothetical 
three-by-three image

A =
4 2 9
5 3 1
2 6 3

⎡

⎣

⎤

⎦

and sample it using a two-by-two sliding partition that moves one 
pixel at a time, both horizontally and vertically, resulting in the 
four partitions:

A0 = 4 2
5 3

􏼔 􏼕

, A1 = 2 9
3 1

􏼔 􏼕

, A2 = 5 3
2 6

􏼔 􏼕

, and

A3 = 3 1
6 3

􏼔 􏼕

.

Subsequently, we assign relative ranks to the pixel values within 
these partitions. Thus, representing the flattened elements of 
these partitions as (a0, a1, a2, a3), the first partition A0 = 
(4, 2, 5, 3) is described by [2031] because a0 = 4 is the 
second-largest element (rank 2), a1 = 2 is the smallest element 
(rank 0), a2 = 5 is the largest element (rank 3), and a3 = 3 is the 
third-largest element (rank 1). Similarly, A1 corresponds to 
[1320] and A2 to [2103]. If a partition contains identical values, 
the same rank is attributed to them. Therefore, the partition A3, 
where the number 3 (rank 1) appears twice, corresponds to the 
pattern [1021]. We can identify up to 75 distinct ordinal patterns: 
24 occur in partitions without identical values; 36 arise when two 
partition elements are equal (12 patterns for each of the three pos
sible ranks of the identical values); 8 appear when three partition 
elements are identical (4 patterns for each of the two possible 
ranks of the identical values); 6 are found when there are two pairs 
of identical values within a partition; and 1 corresponds to a par
tition where all elements are identical.

In assessing all ordinal patterns of an image, we calculate 
their relative frequencies to define a probability distribution 
P = {pi; i = 1, . . . , 75}, where pi represents the relative frequency 
of the ith pattern. Unlike Bandt and Wittfeld’s approach (53), 
our method explicitly incorporates the occurrence of identical 
pixel intensities rather than relying on their positions within par
titions to resolve rank ties (see Ordinal patterns without ties sec
tion). Consequently, the total number of possible patterns 
expands from 24 to 75, and as we shall verify, these additional pat
terns provide essential information for a deeper understanding of 
paintings and artistic styles.

We classify the identified patterns into 11 groups, designated 
by capital letters A to K. This classification is based on the 

number of distinct symbols each pattern exhibits and their 
smoothness degree, as depicted in Fig. 1. We observe that certain 
patterns correspond to rotations of other patterns. Thus, we fur
ther identify a subset of patterns as “primary patterns” because 
their rotations by quarter, half, and three-quarter turns generate 
all other patterns within their respective groups. Each group con
tains one, two, or four primary patterns, which are highlighted in 
Fig. 1 by dashed blue lines. For a given pattern represented as 
[x1 x2 x3 x4], where each symbol xi (for i = 1, . . . , 4) takes a value 
from the set {0, 1, 2, 3}, we quantify smoothness using three 
measures: sum of the absolute values of first-order differences 
among symbols (Δ = |x1 − x2| + |x3 − x4| + |x1 − x3| + |x2 − x4|); 
maximum absolute value of these differences [δ∗ = max (|x1 − x2|, 
|x3 − x4|, |x1 − x3|, |x2 − x4|)]; and absolute value of the first-order 
difference between symbols aligned along either a row or a column 
of identical symbols (δ∥). The values of δ∥ are thus only determined 
for patterns that feature two identical elements aligned along a row 
or column. For instance, the pattern [0001] yields Δ = 2, δ∗ = 1, and 
δ∥ = 1, whereas the pattern [0110] results in Δ = 4 and δ∗ = 1. We ini
tially rank the smoothness of patterns based on Δ; δ∗ is subsequently 
used to resolve cases of equal Δ values, and δ∥ is used similarly when 
patterns display identical Δ and δ∗ values.

The exclusive one-symbol pattern [0000] is the sole member of 
group A. Characterized by its uniformity, this pattern exhibits the 
maximum smoothness with Δ = 0, indicative of identical pixel in
tensities within a partition. Two-symbol patterns occur in parti
tions that exhibit pairs or trios of identical values and are 
categorized into types D, H, and K. Among these, type D represents 
the most homogeneous configuration (Δ = 2, δ∗ = 1, and δ∥ = 0), 
typified by pairs of equal values aligned either in a column or a 
row with the primary pattern being [0011]. Type H, slightly less 
uniform, differs from type D by δ∥ = 1 and corresponds to trios of 
identical values that form corners within partitions whose pri
mary patterns are [0001] and [0111]. Type K, the least uniform 
within this group (Δ = 4), consists of patterns where pairs of equal 
values are aligned across both principal and secondary diagonals, 
as illustrated by the primary pattern [0110]. Three-symbol pat
terns emerge when partitions contain only a single pair of identical 
values; they are distributed across four groups: F, G, I, and J. Type F, 
with [0112] as the primary pattern, is the smoothest within this 
category (Δ = 4 and δ∗ = 1), displaying a configuration where the 
pair of identical values has the intermediate rank and is posi
tioned diagonally, creating corner-like structures akin to type 
H. Type G is delineated by four primary types ([0012], [0021], 
[0122], and [0212]) and type I by two ([0121] and [0211]), both 
characterized by Δ = 4 and δ∗ = 2 and corresponding to a config
uration where the pair of identical values is located either along 
a column or a row. In type G, the identical values assume the ex
tremal ranks, whereas in type I, they have the intermediate 
rank. This nuanced distinction results in a shift in δ∥ from 1 to 
2, rendering type I less uniform compared to type G. Type J, iden
tified by primary types [0120] and [0221], features the pair of 
identical values with the extremal ranks along the diagonals. 
The only difference between types F and J is the rank of their di
agonal elements, but this variation alters the smoothness met
ric Δ from 4 to 6, categorizing type J as the least smooth among 
the three-symbol patterns.

Patterns with four symbols emerge when there are no identical 
values within a partition and comprise types B, C, and E. These are 
equivalent to the patterns named types I, II, and III by Bandt and 
Wittfeld (53) (see Ordinal patterns without ties section). Type B 
patterns, with [0123] and [0213] as primary patterns, occur when 
the partition values align in a 3D plane, indicating simultaneous 
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increases or decreases along both columns and rows. Type C, with 
primary patterns [0132] and [0312], displays Δ = 6 and δ∗ = 3 and is 
less smooth than type B (Δ = 6 and δ∗ = 2). These patterns arise 
when pixel intensities within partitions simultaneously increase 
or decrease along one direction but exhibit distinct trends along 
the other. For instance, in [0132], intensities in the first row in
crease from left to right, whereas those in the second decrease, 
with both columns increasing from top to bottom. Type E is the 
least smooth among four-symbol types and comprises the pri
mary patterns [0231] and [0321]. In these patterns, pixel inten
sities within partitions display distinct trends along both rows 
and columns. For example, in [0231], the first row increases 
from left to right, while the second decreases and the first column 
increases from top to bottom while the second decreases.

We thus calculate the probability distribution of ordinal pat
terns P = {pi; i = 1, . . . , 75} across all paintings in our dataset. In 
addition, we use our classification of ordinal patterns to arrange 
the elements of P according to the type they belong from A to K 

and, within each type, we organize the probabilities pi as they ap
pear in Fig. 1. Consequently, p1 corresponds to the probability of 
finding the pattern [0000], p2 is associated with [0123], p3 refers 
to [2031], and so forth, up to p75 that is related to [1001]. By doing 
so, we are mapping each image into a 75D vector, where each 
dimension represents the relative frequency of a specific 
two-by-two ordinal pattern. Although 75 dimensions certainly 
correspond to a high-dimensional space, it is significantly reduced 
compared to the original image resolution, which in our dataset 
typically exceeds one million pixels. Furthermore, these ordinal 
patterns all have straightforward interpretations and can be fur
ther categorized into 11 types.

Figure 2 presents a visualization of the probability distribution 
P for all paintings using the uniform manifold approximation and 
projection (UMAP) dimensionality reduction algorithm (54) (see 
Low-dimensional projection of the ordinal pattern probabilities 
section). The UMAP projects the 75D space of P onto a plane, striv
ing to preserve both local and global structures. In this projection, 

Fig. 1. Overview of the 75 possible two-by-two ordinal patterns categorized into 11 groups based on their number of unique symbols and smoothness. 
Patterns are designated by capital letters from A to K and distinguished by different background colors. Smoothness is quantified by three metrics: sum of 
the absolute values of first-order differences among symbols (Δ); maximum absolute value of these differences (δ∗); and absolute value of the first-order 
difference between symbols aligned with either a row or column of identical symbols (δ∥). The pattern [0000], the sole type A pattern, exhibits maximal 
smoothness with Δ = δ∗ = δ∥ = 0 and corresponds to identical values in the associated partition. Groups D, H, and K, ranked by smoothness, contain 
patterns with two distinct symbols. Type D consists of four patterns with Δ = 2, δ∗ = 1, and δ∥ = 0. Type H includes eight patterns with Δ = 2, δ∗ = 1, and 
δ∥ = 1. Type K comprises two patterns with Δ = 4 and δ∗ = 1. Patterns with three distinct symbols are categorized into four groups: F, G, I, and J, in order of 
smoothness. The four type F patterns are characterized by Δ = 4 and δ∗ = 1. Type G, the largest group, includes 16 patterns with Δ = 4, δ∗ = 2, and δ∥ = 1. 
Type I comprises eight patterns, distinguished from type G by δ∥ = 2. Type J includes eight patterns with Δ = 6 and δ∗ = 2. Finally, patterns with four 
distinct symbols are organized into groups B, C, and E, each containing eight patterns. Type B is the smoothest (Δ = 6 and δ∗ = 2), followed by type C (Δ = 6 
and δ∗ = 3), and type E (Δ = 8 and δ∗ = 3). Primary patterns within each group are highlighted with dashed blue lines. Rotations of primary patterns by 
quarter, half, and three-quarter turns generate all other patterns within each group.
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paintings or clusters of paintings that are proximal typically ex
hibit similar frequencies of ordinal patterns, while those that 
are distant display more dissimilar distributions. Notably, while 
UMAP preserves meaningful local structures (55), it does not pre
serve high-dimensional distances (56); thus, insights derived from 
these projections remain primarily exploratory (55). We annotate 
the positions of nine paintings, depicting their ordinal pattern dis
tributions alongside images of the artworks. These distributions 
provide insights into various visual characteristics of the paint
ings. For instance, Ellsworth Kelly’s “Red Blue Green” (1963) pre
dominantly features type A and D patterns (with type A being 
much more frequent), reflecting the three sharply delineated col
ored regions of this abstract painting of the style Hard Edge 
Painting. We find a somewhat similar pattern in Günter 
Fruhtrunk’s “Étude No. 3—Champs dynamique” (1962) but with 
a significant presence of patterns [1010] and [0011], indicative of 
the painting’s dominant vertical structures. Although more 

subtly, Tarsila do Amaral’s “Abaporu” (1928) also reveals these 
vertical structures through a high occurrence of the same pat
terns. Conversely, artworks such as Jackson Pollock’s “Number 1 
(Lavender Mist)” (1950), Vincent van Gogh’s “The Starry Night” 
(1889), and Georges Seurat’s “Sunday Afternoon on the Island of 
La Grande Jatte” (1884) practically do not exhibit the type A pat
tern. These ordinal patterns also capture more subtle nuances 
of artworks. For instance, Seurat’s work is considered a notable 
example of the pointillist style of painting, in which the painter 
uses small brushstrokes to produce dots of locally distinct colors 
that, in turn, yield significant discontinuities among neighboring 
pixels. These discontinuities produce a relatively high frequency 
of two type E patterns. Furthermore, we observe a higher fre
quency of four type B patterns ([0123], [3210], [1032], and [2301]) 
compared to the other four ([2031], [1302], [0213], and [3120]) in 
Seurat’s work. The patterns with high prevalence have smaller 
first-order differences horizontally than vertically, indicating 

Fig. 2. Representing paintings using two-by-two ordinal patterns. All paintings in our dataset are represented as 75D vectors, with each dimension 
corresponding to the relative frequency of a specific two-by-two ordinal pattern. The main panel displays a 2D projection obtained from UMAP, where 
each dot corresponds to a painting. The numbers within blue circles indicate the positions of nine selected artworks. Surrounding panels illustrate the 
distribution of ordinal patterns, grouped by type, using circular bars on a logarithmic scale, accompanied by thumbnail images of the corresponding 
paintings. Paintings characterized by simple, well-defined design elements with sharp edges, such as the hard-edge painting by Ellsworth Kelly, typically 
exhibit a high frequency of the type A pattern. In contrast, paintings lacking sharp edges and well-defined elements, such as Jackson Pollock’s drip 
paintings, display a negligible presence of this pattern. The ordinal patterns also reveal subtle nuances in artworks, such as the predominance of edges in 
specific directions, exemplified by the high frequency of two type D patterns in the Concretism work by Günter Fruhtrunk, or significant discontinuities 
among neighboring pixels, as observed in the pointillism artwork by Georges Seurat through the high frequency of two type E patterns.
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that pixel intensities change more abruptly along the vertical dir
ection and agreeing with the fact that Seurat started his artwork 
by applying a layer of small horizontal brushstrokes. Similar 
trends are observed in type C patterns, where patterns with great
er first-order vertical differences along the vertical direction 
([0132], [2310], [1023], and [3201]) are more prevalent.

It is important to acknowledge, however, that the frequency of 
ordinal patterns may be influenced by the resolution of the digital 
representation of the artwork, particularly for large paintings, 
where only high-resolution scans can adequately capture finer de
tails. Seurat’s “Grande Jatte,” executed on a monumental canvas 
∼3 m wide by 2 m high, exemplifies this limitation, especially as 
we obtained a high-resolution representation of this artwork at 
30,000×19,970 pixels (Fig. S1A). At this resolution, the small brush
strokes characteristic of this pointillist painting may emerge as 
well-defined regions, potentially increasing the prevalence of pat
tern types associated with identical pixel intensities, such as the 
type A pattern. To examine this effect, we analyze downscaled 
versions of the high-resolution image, starting from 200×300 pix
els (equivalent to sampling one pixel every 100 pixels along both 
the horizontal and vertical axes) up to the original resolution, in
crementally increasing pixel sampling by one unit at each step 
and estimating the ordinal pattern distribution at each resolution. 
We observe that the prevalence of the type A pattern ([0000]) rises 
from 0 to 0.24% as the pixel density increases, with similar behav
ior for pattern types D and H, and others associated with identical 
pixel intensities (Fig. S1B and C). Despite the primary features of 
the ordinal distribution remaining relatively stable across resolu
tions (Fig. S2), this illustrative case underscores the importance of 
caution when associating features of ordinal distributions with es
thetic patterns in artworks.

Considering the previous limitations, the examples highlighted 
in Fig. 2 illustrate the insights that can be gleaned from analyzing 
distributions of ordinal patterns. Integrating this analysis with 
domain-specific knowledge from the art field and high-quality 
digitalization of artworks offers a promising method for the indi
vidual examination of paintings. From a broader perspective, it 
raises the question of whether a universal prevalence of ordinal 
patterns exists in paintings. This query was also explored by 
Bandt and Wittfeld (53) using their three types of ordinal patterns. 
In their study using a dataset of 25 natural textures, they observed 
that type I patterns are more prevalent than type II, which in turn 
surpasses type III in prevalence. This finding indicates that the 
prevalence of patterns correlates with their degree of smoothness, 
with smoother patterns appearing more frequently in natural tex
tures. Despite the limited scale and variability of their dataset, it is 
plausible to assume that the smoothness of our 11 pattern types 
influences their occurrence. Indeed, that is the primary rationale 
for using smoothness to categorize our types. However, it is rea
sonable to suppose that the number of identical values within a 
partition also impacts the prevalence of corresponding patterns. 
To address this question, we calculate the average prevalence of 
the 75 ordinal patterns across all images in our dataset. 
Figure 3A reveals a clear hierarchical organization in the preva
lence of ordinal patterns. Their average probabilities monotonic
ally decrease across alphabetically arranged types and patterns 
within each group exhibit nearly identical prevalence. The 
smoothest pattern, type A, is also the most frequent, whereas 
the less frequent patterns belong to group K. Within groups shar
ing the same number of symbols (identical values), the average 
probability monotonically decreases as the roughness of their pat
terns increases. For instance, among patterns with two symbols, 
type D is more prevalent than type H, which is more prevalent 

than type K, following the same sequence in smoothness. This be
havior is consistent for patterns with three and four symbols, 
ranked by prevalence and smoothness as (F, G, I, J) and (B, C, E), re
spectively. Conversely, no clear relationship between smoothness 
and prevalence exists across types with different numbers of sym
bols. Therefore, the prevalence of pattern types reflects a non
trivial interplay between their smoothness and the reduced 
likelihood of encountering identical values in two-by-two 
partitions.

We further explore the variability in the prevalence of ordinal 
patterns. Figure 3B and C depict the SD and the coefficient of vari
ation (the ratio of SD to mean) of the probability of each pattern 
across all images. The ranking by SD largely corresponds to that 
by average prevalence, except for type D patterns, which exhibit 
the second-largest SD. In contrast, the coefficient of variation 
presents a remarkably different ranking, with low-prevalence pat
terns (such as J and K) showing significantly higher relative disper
sion than high-prevalence patterns (such as B and C). This finding 
suggests that even low-prevalence patterns may carry crucial in
formation for the analysis of paintings, as visually confirmed in 
Fig. 2. It also underscores the importance of caution when com
paring raw prevalence values among different paintings and art
istic styles, since minor changes can correspond to substantial 
variations relative to the SD for several patterns.

To account for these distinct scales of variations, we define a 
standardized measure of prevalence, the z-score, as

zi =
pi − E[ pi]

S[ pi]
, 

where pi is the probability of finding the ith pattern in a painting, 
and E[ pi] and S[ pi], represent, respectively, the average and the SD 
of its prevalence estimated across all images. The value of zi quan
tifies how many SD units the prevalence of the ith pattern in a spe
cific painting is above (zi > 0) or below (zi < 0) its overall incidence 
across all images. The values of zi for all 75 patterns are compar
able in scale and further allow us to measure how distant the dis
tribution of ordinal patterns of a painting is from the average 
prevalence. Specifically, we define this distance to the average 
distribution as the absolute sum of the z-score probabilities 

s =
􏽐75

i=1 |zi|. Indeed, we have already used the values of s to 
color-code the UMAP projection in Fig. 2, with lighter shades 
representing small distances and darker shades indicating 
large distances. Thus, in this representation, the proximity 
of paintings to the average pattern decreases as they move 
further from the center of the spiral-like shape. For instance, 
Candido Portinari’s “Colhedores de Café” (1935) is near the 
center of the spiral with s ≈ 16, while Ellsworth Kelly’s “Red 
Blue Green” (1963) is positioned at one end of the spiral with 
s ≈ 113.

As the values of s encapsulate information from all ordinal pat
terns, they provide an opportunity to globally assess whether the 
heterogeneous quality of digital reproductions in our dataset in
troduces any clear bias in our analysis. To examine this aspect, 
we estimate the association between the distance to the average 
pattern s and the total number of pixels for each image in our da
taset. We also explore the relationship between s and the pixel 
density for ∼20% of the images for which the physical dimensions 
of the artworks were available on Wikiart. The results indicate no 
evident association between s and either image size or pixel dens
ity (Fig. S3), as the correlations between s and these image proper
ties are very weak. These findings suggest that ordinal patterns 
are not significantly biased by the heterogeneous quality of the 
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images in our dataset. Nevertheless, caution remains essential 
when examining specific nuances of individual artworks, as illus
trated in our prior discussion of Seurat’s “Grande Jatte.”

Using these z-score probabilities, we further investigate 
whether different artistic styles exhibit distinct incidences of or
dinal patterns. We select 92 styles, each represented by at least 
100 paintings and calculate the average zi after grouping the im
ages by style. Additionally, we evaluate the average value of s to 
rank the styles according to their deviation from the average pat
tern. Figure 4 depicts these averages in a matrix plot where styles 
are organized in descending order of s, with the latter represented 
by a horizontal bar plot. Furthermore, to quantify the relative dis
persion in the incidence of ordinal patterns within styles, we esti
mate the coefficients of variation of the z-score probabilities of 
each ordinal pattern, averaging their absolute values across all or
dinal patterns. These averaged coefficients of variation for each 
style are also shown as horizontal bars in Fig. 4. In the matrix visu
alization, shades of green indicate patterns exceeding the overall 
incidence, while shades of pink represent patterns below this inci
dence. Each row corresponds to the ordinal fingerprint of a style, 
linking the prevalence of ordinal patterns to the visual character
istics of each style.

Although a comprehensive analysis of all styles is beyond the 
scope of our study, several noteworthy global features exist. For 
example, Divisionism and Pointillism show a lower incidence of 
types A, D, and H, as well as other patterns featuring identical 

values along rows or columns (types G and I). In contrast, more 
discontinuous types, such as B, C, and E, are more prevalent. 
Despite the limitations of our dataset, these ordinal features 
seem to reflect the textured visuals and often indistinct edges 
characteristic of Divisionist and Pointillist compositions. Light 
and Space, in turn, display almost the opposite behavior, with a 
higher prevalence of continuous types (such as A, D, and H) and 
a lower incidence of more discontinuous types (such as types B, 
C, and E). Notwithstanding the constraints of our data, these or
dinal features align with the geometric and well-defined shapes 
typical of this style. These two styles also differ markedly regard
ing the degree of dispersion in the prevalence of ordinal patterns, 
as quantified by their average coefficients of variation, which are 
significantly higher for the Light and Space style. Most styles, in
deed, show higher average coefficients of variation that tend to in
crease as they approach the overall prevalence of patterns 
(Fig. S4). In addition to the inherent oversimplification involved 
in representing artworks solely through two-by-two ordinal pat
terns, this higher variability may also relate to the heterogeneous 
quality of our dataset and the challenges of obtaining reliable 
style annotation, which depend on specialized art and art history 
expertise often lacking in crowdsourcing annotators. This vari
ability further reflects the intrinsic ambiguity of attributing a 
unique style to artworks, as style evolution tends to be gradual, 
and paintings may incorporate elements from multiple styles 
(43). Additionally, certain styles are more narrowly defined by 

A

B

C

Fig. 3. Universal patterns in the occurrence of two-by-two ordinal patterns. A) Average probability of finding each of the 75 ordinal patterns across all 
images in our dataset. These patterns are categorized into 11 groups (A to K) and represented by different colors. Within each group, the probability of 
finding patterns remains approximately constant but decreases monotonically across alphabetically arranged groups. Within groups sharing the same 
number of distinct symbols, average probability diminishes as the roughness of the patterns increases. For example, type D patterns exhibit the greatest 
smoothness among types with two different symbols, followed by types H and K, with average probabilities of 1.4, 0.29, and 0.05%, respectively. Across all 
types, the sequence of occurrence reflects a nontrivial interplay between pattern smoothness and the diminishing likelihood of repeating symbols. For 
instance, type F and K patterns, comparable in levels of smoothness, differ significantly in frequency; type K is less common due to the lower probability 
of encountering just two distinct symbols, compared to three in type F patterns. B) SD and C) coefficient of variation (SD divided by the mean) for each 
ordinal pattern across all images in our dataset. The ordering of the SD largely mirrors that of the average probabilities, except for type D patterns, which 
present the second-highest SD. Conversely, the coefficient of variation across pattern types displays a distinct behavior, with types A, D, H, J, and K 
showing the highest coefficients of variation, respectively.
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their “family resemblance,” whereas others are not. For example, 
Dada, Neo-Dada, and Surrealism are not generally regarded as co
hesive esthetic doctrines (57, 58) and encompass heterogeneous 
works featuring a wide range of forms and techniques, which 
may also explain their high coefficients of variation.

We further investigate the possibility of using the incidence of 
ordinal patterns to predict the artistic style of paintings through a 
machine learning approach. In order to have enough training ex
amples, we consider the 100,707 paintings from the 20 most com
mon styles in our dataset, each represented by at least 1,500 
artworks. Our task is to determine the style of these images using 
their distributions of ordinal patterns (P = {pi; i = 1, . . . , 75}) as pre
dictive features. Additionally, we compare the accuracy of this 

approach against other ordinal quantifiers that do not consider 
patterns associated with identical values, namely: the 
complexity-entropy plane (23, 59, 60), the Fisher–Shannon plane 
(61), the smoothness-structure plane (53), the incidence of the 
three pattern types defined by Bandt and Wittfeld (53) (types I, 
II, and III), the probability of all 24 patterns disregarding ties, 
and the same set of 24 patterns obtained randomly resolving 
rank ties. These approaches are detailed in the Ordinal patterns 
without ties section. We also aggregate the probabilities of all 75 
patterns into their 11 categories and consider the incidence of 
these pattern types as predictive features for a painting’s artistic 
style. As outlined in the Machine learning artistic styles section, 
we rely on the extreme gradient boosting (XGBoost) (62) algorithm 

Fig. 4. Distinguishing artistic styles using z-score probabilities of two-by-two ordinal patterns. The lines in the matrix plot depict the z-score probability 
of each ordinal pattern for 92 artistic styles, each containing at least 100 artworks (∼90% of data). The z-score probability is calculated by subtracting the 
average probability of an ordinal pattern within a particular style from the overall average probability and dividing the result by the overall SD of that 
pattern’s probability across all images in the dataset. Positive values (represented by shades of green) indicate patterns occurring more frequently than 
the overall average, whereas negative values (represented by shades of purple) denote patterns occurring less frequently than the overall average, with 
deviations expressed in SD units. Styles are arranged in descending order based on their distance to the average pattern, determined by the absolute sum 
of the z-score probabilities, which is visualized in a horizontal bar plot on the right of the matrix plot. The right-most panel shows the average of the 
absolute values of the coefficients of variation of the ordinal probabilities (in z-scores units) across all ordinal patterns.
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to predict the artistic style of paintings using the incidence of or
dinal patterns and all other sets of ordinal features. It is important 
to note that, beyond previously discussed limitations related to 
style definition, the simplification inherent in reducing paintings 
to ordinal patterns, and the heterogeneous quality of our dataset, 
the primary objective of this analysis is not to develop a 
state-of-the-art style classification system comparable with 
deep learning approaches (37, 40–43). Instead, our goal is to assess 
the informational value of accounting for identical pixel inten
sities in two-by-two patterns and the effectiveness of categorizing 
these patterns into 11 distinct types.

Figure 5A presents the average accuracy of our predictions and 
compares these results with those from baseline classifiers that 
either make uniformly random predictions (uniform) or generate 
random predictions respecting the style distribution (stratified). 
All sets of ordinal features achieve accuracy levels significantly 
higher than those of the baseline classifiers, indicating that ordin
al patterns carry stylistic information about paintings, as also dis
cussed by Sigaki et al. (23). Notably, using all 75 ordinal patterns as 
predictive features results in a significantly enhanced accuracy 
compared to all other sets of ordinal features. This improvement 

is particularly pronounced when compared with the complexity- 
entropy, Fisher–Shannon, and smoothness-structure planes, as 
well as the incidence of types I, II, and III, and the set of all 24 or
dinal patterns with rank ties resolved randomly. These former ap
proaches all approximate an accuracy of 0.19, whereas using all 
two-by-two ordinal patterns achieves 0.28. Furthermore, the 
smoothness-structure plane, the incidence of types I, II, and III, 
and the set of all 24 ordinal patterns with rank ties resolved 
randomly show only marginally higher accuracy than the 
complexity-entropy and Fisher–Shannon planes. This result dem
onstrates that permutation entropy combined with statistical 
complexity or the Fisher information measure effectively com
presses information from ordinal distributions, despite the me
ticulous theoretical underpinnings of the smoothness-structure 
plane and patterns types I, II, and III (53). Additionally, randomly 
resolving rank ties yields lower accuracy than the set of 24 ordinal 
patterns without ties, which achieves an accuracy of 0.25. While 
identical values are not explicitly addressed in this latter approach, 
their occurrences are deterministically handled based on the posi
tions of equal values, thereby retaining additional ordering informa
tion rather than randomly resolving ties. Interestingly, although 

A

C

B

Fig. 5. Machine learning artistic styles using two-by-two ordinal patterns. A) Accuracy of classifiers trained to predict artistic styles from paintings using 
varied ordinal features. The dataset includes images from 20 styles, each with at least 1,500 artworks, divided into training (80%) and test sets in a 
stratified manner. Bars represent the average accuracy across ten independent train-test splits and training procedures, with small error bars showing 
the SD of accuracy. Numbers above bars indicate average accuracies, with values in parentheses representing SD. Gray bars denote accuracy from 
dummy classifiers using uniformly random (uniform) and frequency-based (stratified) predictions. Yellow bars depict XGBoost predictions from two 
pairs of quantifiers derived from the standard ordinal distribution (patterns without ties): the complexity-entropy plane (H × C) and the Fisher–Shannon 
plane (H × F). Green bars illustrate XGBoost predictions from the smoothness-structure plane (κ × τ), probabilities of pattern groups without ties (q1, q2, 
and q3), and the ordinal distribution with ties resolved by adding small noise to the original images. The blue bar indicates XGBoost predictions from the 
standard ordinal distribution (patterns without ties). The orange bar represents predictions based on probabilities associated with the 11 pattern types 
(qA, qB, qC, . . . , and qK). Finally, the red bar shows XGBoost predictions using probabilities related to all 75 two-by-two ordinal patterns. B) Confusion 
matrix for the XGBoost model trained with the full set of ordinal probabilities and applied to the test set. C) Box-plots displaying the permutation 
importance of each two-by-two ordinal pattern in predicting artistic styles. Permutation importance measures accuracy degradation after randomizing 
probabilities of an ordinal pattern among all images. The left panel highlights the ten most important patterns, and the right panel displays the 
importance of each ordinal pattern. Horizontal lines within boxes indicate medians, boxes denote the interquartile range, and whisker bars represent 
extreme observations.
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comprising less than half the dimensionality of the set of 24 ordinal 
patterns without ties, the incidence of the 11 pattern types yields 
the second-highest accuracy. This finding indicates that these pat
tern groups effectively compress the information encoded in all 75 
two-by-two ordinal patterns. However, despite the symmetries 
within each pattern type, the lower performance of classifiers 
trained with these grouped patterns suggests that each ordinal pat
tern provides unique and critical information for identifying the 
style of a painting.

We also calculate the confusion matrix for the classifier trained 
with all two-by-two ordinal patterns, as shown in Fig. 5B. As ex
pected, the overall accuracy of ∼28% achieved with our ordinal 
features is modest compared to more sophisticated machine 
learning approaches, such as convolutional neural networks, 
which attain accuracies above 70% in similar tasks (40–43). 
Nonetheless, our approach demonstrates that the 75 ordinal pat
terns contain critical information for classifying styles that are 
not present in the standard distribution of ordinal patterns nor 
in its usual entropy measures. Moreover, the confusion matrix ex
hibits a well-defined diagonal structure, indicating that the most 
frequent predictions across all styles align with the actual styles 
of images. For instance, the trained algorithm correctly identified 
Neoclassicism, Minimalism, and Northern Renaissance artworks 
in 72, 48, and 47% of the predictions, respectively. However, our 
model struggles with Abstract Art, correctly identifying this style 
in only 6% of predictions. The low performance with Abstract Art 
highlights the difficulties in assigning a single style to works en
compassing a diverse range of techniques, which often lack dis
tinctive, consistent features and can vary widely among artists 
and even within a single artist’s oeuvre. Similar observations 
were made by Karjus et al. (26), who used compression ensembles 
to classify styles and noted that certain styles are more frequently 
misclassified, suggesting that the structure of these errors may 
hold interpretive value. Additionally, our algorithm tends to mis
classify more styles that exhibit high coefficients of variation in 
the prevalence of ordinal patterns and low distance to the average 
pattern (such as Cubism and Art Informel), while styles with low 
coefficients of variation and greater distance from the average 
pattern (such as Minimalism and Color Field Painting) are more 
frequently correctly identified.

To better understand the role of each ordinal pattern in pre
dicting styles, we evaluate the importance of all patterns by meas
uring their contribution to the overall accuracy of the model (see 
Machine learning artistic styles section). Figure 5C shows the im
portance measure for each ordinal pattern grouped into their 11 
categories, as well as the top 10 patterns that most significantly 
contribute to the overall accuracy. There is no evident association 
between pattern types or overall prevalence of patterns (see also 
Fig. 1) and their importance in classifying artistic styles. 
Notably, the ranking of the most important patterns includes 
the pattern [0110], which belongs to the least prevalent type (K). 
Another remarkable finding is the disproportional importance of 
the type A pattern [0000], which alone accounts for 12% of the 
overall accuracy. It is equally intriguing to note that five type B 
patterns are the only patterns without identical values in the 
top 10 importance rank, the remaining five patterns are from 
types with identical values. Combined with the low classification 
performance in models trained with ordinal patterns in which 
identical values are randomly resolved, these findings further cor
roborate the significance of adequately addressing identical val
ues when investigating ordinal patterns in images.

In the final aspect of our investigation, we explore the potential 
of quantifying the temporal evolution of art paintings by 

examining changes in the prevalence of ordinal patterns. This ap
proach builds on the findings of Sigaki et al. (23), who quantified 
the evolution of art paintings using the complexity-entropy 
plane. However, beyond previously discussed challenges related 
to the quality and resolution of digital reproductions available in 
Wikiart, it is crucial to recognize that tracking these patterns 
over time with this dataset is inherently limited due to its under
lying biases. As noted in Refs. (25, 26, 43), the Wikiart collection 
largely consists of Western European artworks, reflecting the 
historical canon and thus providing a skewed representation 
of the global evolution of art. Moreover, it displays notable 
biases towards male artists (25), as well as towards 20th-century 
and post-World War II works, with gaps in coverage for the 18th 
century and early 19th century (26, 43). These biases restrict the 
diversity of perspectives captured and narrow the temporal 
scope of our analysis. Consequently, conclusions about art’s 
evolution will only become more robust through the develop
ment of balanced, high-quality datasets that are yet to be 
realized.

With these limitations in mind, we group paintings in our data
set by composition date and calculate the average value of s with
in time intervals encompassing a comparable number of 
artworks. Figure S5A depicts the evolution of the average value 
of s, with different background colors delineating three major 
art historical periods: Medieval Art, the Renaissance, 
Neoclassicism, and Romanticism, which developed until the 
1850s; Modern Art, initiated with the onset of Impressionism in 
the 1870s and marked by the emergence of avant-garde styles 
such as Cubism, Expressionism, and Surrealism in the early 
20th century; and Contemporary/Postmodern Art, typically asso
ciated with the rise of Pop Art in the 1960s (63). Each period exhib
its distinctive typical distances to the average ordinal pattern, 
corroborating the observation that artistic styles also display dif
ferent values of s. Notably, the evolution of art paintings shows a 
general trend of increasing divergence from the average ordinal 
pattern. This divergence accelerated during the transition from 
Modernism to Postmodernism, a pattern also observed in the 
complexity-entropy plane of Sigaki et al. (23). In addition to the 
average value of s, we calculate the absolute sum of the coeffi
cients of variation for each ordinal pattern within the same time 
intervals. Figure S5B indicates that the evolution of art, as de
picted by changes in s, is neither smooth nor homogeneous, 
with substantial variations in the prevalence of ordinal patterns. 
This variability is particularly pronounced in the earliest period 
in our dataset and after the 1930s. While the high variability in 
the earliest period partially reflects the broad range of epochs it 
encompasses—aggregating artworks from diverse historical con
texts—the pronounced variability during the transition from 
Modernism to Postmodernism aligns with interpretations of this 
shift as marked by stylistic disruptions rather than a gradual evo
lution, leading to a fragmented, diverse artistic landscape in 
which multiple styles and approaches coexist (26, 64, 65). We fur
ther examine individual changes in the prevalence of ordinal pat
terns by calculating their z-score probabilities relative to the 
average prevalence across all images, as shown in Fig. S5C, and 
the coefficients of variation of each ordinal pattern, as presented 
in Fig. S5D (on logarithmic scale). These results corroborate the 
trends observed when aggregating all patterns to estimate the val
ues of s but also highlight some interesting shifts in the prevalence 
of ordinal patterns, primarily marked by an increase in the inci
dence of patterns A, D, and H and a decrease in type B in more re
cent works (despite early artworks also exhibiting positive 
z-scores for types D and H). However, once again, the often high 
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variability in the prevalence of ordinal patterns underscores that 
these shifts do not represent a smooth development.

Discussion and conclusions
We have conducted a comprehensive analysis of artworks using 
ordinal patterns extracted from two-by-two-pixel partitions of 
images. Initially, we have categorized the 75 possible ordinal pat
terns into 11 categories based on symmetry considerations and 
smoothness metrics. These categories were hierarchically organ
ized based on the number of unique symbols and the smoothness 
of their patterns. Subsequently, each of the nearly 140 thousand 
images in our dataset was represented by a discrete probability 
distribution, reflecting the relative frequency of each ordinal pat
tern. By integrating expertise from the art domain, our method 
demonstrated the potential of using the distribution of ordinal 
patterns to facilitate quantitative analyses of various visual as
pects of artworks, ranging from the dominance of vertical and 
horizontal structures to the prevalence of sharp edges and well- 
defined elements.

Our analysis identified a universal pattern in the occurrence of 
ordinal patterns across painting images, which led to our classifi
cation into 11 distinct pattern types. The average prevalence of 
these patterns within each group remains approximately con
stant but monotonically decreases as the roughness of the pat
terns increases among types sharing the same number of 
symbols. We have also observed that the incidence rank of pattern 
types reflects a nontrivial interplay between their smoothness and 
the decreased likelihood of finding pixels with identical intensities 
in two-by-two image partitions. Although a clear hierarchy exists 
in the occurrence of ordinal patterns in paintings, we have verified 
that patterns with lower prevalence exhibit significant variability 
compared to their mean probability of occurrence. This finding 
shows that tiny changes in pattern incidence can lead to substan
tial relative variations, prompting us to establish a standardized 
measure for the prevalence of ordinal patterns. Moreover, when 
summed absolutely, this measure provides a distance measure 
relative to the average pattern incidence.

We have used this standardized metric to define and rank the 
ordinal fingerprint of artistic styles based on their proximity to 
the overall incidence of ordinal patterns. The average incidence 
of ordinal patterns captures low-level features that appear to cor
relate with certain aesthetic attributes of styles. For instance, 
Divisionist and Pointillist compositions, which often depict tex
tured visuals with indistinct edges, show a lower incidence of pat
terns with identical pixel intensities, whereas Light and Space 
artworks, characterized by geometric and well-defined shapes, 
display a higher occurrence of these patterns. Styles also exhibit 
notable variability in the prevalence of ordinal patterns, highlight
ing not only the limitations in representing artworks solely 
through two-by-two ordinal patterns but also the heterogeneity 
of our dataset, challenges in achieving reliable style annotation, 
and the inherent ambiguity in assigning a single style to artworks. 
Despite these complexities, our analysis demonstrated that the 
prevalence of ordinal patterns is predictive of artistic styles in 
paintings, and that by adequately accounting for patterns of equal 
pixel intensities, we have substantially enhanced the perform
ance of style classification. Notably, patterns characterized by 
identical pixel intensities are among the most important features 
for style classification, with the type A pattern alone contributing 
to 12% of the overall accuracy. Although our overall accuracy of 
∼28% is modest compared to deep learning-based approaches 
(37, 40–43), it underscores that simple, interpretable, low-level 

ordinal patterns provide meaningful insights into the features of 
artworks, particularly when patterns with identical pixel inten
sities are adequately considered.

Our investigation also explored the temporal changes of art 
paintings in our dataset, examining shifts in the prevalence of or
dinal patterns and their deviation from the average pattern. The 
results revealed a general trend wherein art paintings increasing
ly diverge from the average pattern, punctuated by brief intervals 
in which this trend is reversed. This evolution is neither smooth 
nor homogeneous; instead, it is marked by substantial variations 
in the prevalence of ordinal patterns, particularly in artworks pro
duced after the 1930s and during the transition from Modernism 
to Postmodernism. These findings suggest that the evolution of 
art does not follow a unilinear path. Rather, shifts in the preva
lence and variability of ordinal pattern prevalence, particularly 
during transitional periods, appear to align with stylistic disrup
tions, resulting in a fragmented and diverse artistic landscape 
where multiple styles and approaches coexist (26, 64, 65).

Our work is not without limitations, most of which have been 
previously acknowledged; however, it is useful to summarize 
them here. First, our dataset, sourced from Wikiart, consists of a 
large yet heterogeneously compiled collection of digital reproduc
tions, primarily reflecting Western paintings, which limits its gen
eralizability and introduces variability in image quality and 
metadata accuracy. The diverse resolutions of artworks, especial
ly larger pieces, further impact our analysis, as high-resolution 
images capture fine details that can influence the prevalence of 
certain ordinal patterns. Although we did not observe any clear 
bias in the association between image size, pixel density, and dis
tance from the average ordinal pattern, caution remains essen
tial, particularly in analyses of nuanced features in individual 
artworks. Additionally, style classification is inherently complex, 
with ambiguities in style attribution, variability in stylistic con
sistency across certain artistic movements, and limited represen
tation within the dataset of non-Western and diverse gender 
perspectives. The temporal evolution of art is also challenging to 
track accurately due to dataset biases, as Wikiart predominantly 
features 20th-century Western works, which may distort broader 
historical interpretations. Lastly, we must acknowledge that the 
simplification involved in reducing the rich complexity of paint
ings to ordinal patterns at a single spatial scale inherently over
looks multiscale details essential to the artworks’ esthetic and 
structural nuances. Future research, ideally utilizing high- 
resolution reproductions, could extend our use of ordinal patterns 
across multiple scales (66), similar to wavelet transforms, which 
have proven valuable in art investigations, including dating, artis
tic identification, authentication, image separation, cradle re
moval, and brushstroke analysis (28–31, 33).

Despite these limitations, our research demonstrates that, 
even amidst the visual complexity of art paintings, simple ordinal 
patterns emerging from two-by-two-pixel partitions encode critic
al information capable of suggesting artistic styles, fostering in- 
depth analysis of their esthetic features, and even revealing the 
dynamical behavior of art.

Methods
Data
The dataset comprises 137,364 digitized paintings from the 
WikiArt visual arts encyclopedia, as originally introduced by 
Sigaki et al. (23). It spans nearly a millennium (1031–2016) and in
cludes works by 2,391 artists representing 154 artistic styles. For 
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the temporal analysis, 33,724 artworks lacking composition dates 
are excluded (Fig. S5). Images are stored in JPEG format with 24-bit 
RGB encoding. Color layers are converted to grayscale for analysis 
using the standard luminance transformation (67). See the 
Supplementary material (Section 1A) for more details.

Ordinal patterns without ties
We follow the seminal approach of Bandt and Pompe (52) to en
code images using ordinal patterns. Images are sampled using 
sliding partitions; each partition is flattened, and its elements 
are replaced by their ranks to form an ordinal pattern. However, 
in contrast to our approach, identical values within a partition 
are handled by preserving their order of occurrence or adding a 
small noise term to resolve rank ties without altering other order
ing relationships (alternative approaches have been proposed 
(68)). This procedure yields an ordinal probability distribution 
P = {pi; i = 1, . . . , n}, where each pi corresponds to the probability 
of finding one of the n = (dxdy)! = 24 possible ordinal patterns. 
Thus, our distinction of patterns with identical values introduces 
51 additional ordinal patterns, raising the total to 75 possible 
patterns.

Using the standard ordinal probability distribution, we calcu
late the normalized Shannon entropy H (52), the statistical com
plexity (59, 66, 69–71) C, and Fisher information measure F. 
Furthermore, following Bandt and Wittfeld (53), the 24 ordinal 
patterns are classified into three types (I, II, and III) based on con
tinuity, to then calculate the smoothness τ = q1 − 1/3 and the 
branching structure κ = q2 − q3, where q1, q2, and q3 are the rela
tive frequencies of types I, II, and III, respectively. The combin
ation of H and C defines the complexity—entropy plane, the 
values of H and F yield the Fisher–Shannon plane, and the values 
of τ and κ determine the smoothness-structure plane. We imple
ment all these ordinal methods using the Python module ordpy 
(72). See the Supplementary material (Sections 1B–E) for further 
details.

Machine learning artistic styles
We apply the extreme gradient boosting (XGBoost) (62) algorithm 
to classify the 20 most common styles in our dataset, with each 
style represented by at least 1,500 artworks. We partition the 
data in a stratified manner—80% for training and 20% for testing 
—and repeat this procedure across 10 independent realizations 
to compute mean and SD of accuracy. We investigate eight sets 
of ordinal features. Six sets use the Bandt and Pompe encoding 
(52), comprising the complexity-entropy, Fisher–Shannon, and 
smoothness-structure planes; the probabilities of the three pat
tern types; the probabilities of the 24 possible patterns without 
ties; and the corresponding probabilities obtained by resolving 
rank ties through the addition of small noise. The remaining two 
feature sets, original to our work, explicitly consider the occur
rence of identical values within the image partitions: the probabil
ity associated with each of the 11 pattern types (qA, qB, qC, . . . , 
and qK) and the probability of each of the 75 ordinal patterns. 
Finally, we assess the contribution of each of the 75 ordinal pat
terns using permutation feature importance (73–75) as imple
mented in scikit-learn (76). See the Supplementary material 
(Section 1F) for further details.

Low-dimensional projection of the ordinal 
pattern probabilities
We use uniform manifold approximation and projection (UMAP) 
(54) to reduce 75D ordinal pattern frequency vectors to two 

dimensions. UMAP constructs a weighted graph (fuzzy simplicial 
complex) from a dissimilarity matrix and projects the data via a 
force-directed layout algorithm. Owing to inherent stochasticity, 
projections vary slightly between runs, rendering UMAP most use
ful for comparative visualization. We implement this approach 
using the Python package umap (77). See the Supplementary 
material (Section 1G) for further details.

Supplementary Material
Supplementary material is available at PNAS Nexus online.
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