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Abstract
This paper presents the art painting style explainable classifier named ANYXI. The classifier is based on art specialists’
knowledge of art styles and human-understandable color traits. ANYXI overcomes the principal flaws in the few art painting
style classifiers in the literature. In this way, we first propose, using the art specialists’ studies, categorizations of the Baroque,
Impressionism, and Post-Impressionism. Second, we carry out a human survey with the aim of validating the appropriateness
of the color features used in the categorizations for human understanding. Then, we analyze and discuss the accuracy and
interpretability of the ANYXI classifier. The study ends with an evaluation of the rationality of explanations automatically
generated by ANYXI. We enrich the discussion and empirical validation of ANYXI by considering a quantitative and
qualitative comparison versus other explainable classifiers. The reported results show how ANYXI is outstanding from the
point of viewof interpretabilitywhile keeping high accuracy (comparable to non-explainable classifiers).Moreover, automated
generations are endowed with a good level of rationality.

Keywords Knowledge representation and reasoning · Explainable artificial intelligence · Fuzzy logic · Human-centered
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1 Introduction

The worth of visual arts, linked to culture and even eco-
nomics, in society is out of doubt (Toll 2018). It is, therefore,
hardly surprising that in the last years, with the advent of
digitalization, virtual art encyclopedias and virtual museum
tours have increased the number of online images of art paint-
ings. In this way, we can find in the literature several visual
databases fromwhichwe highlight, considering their amount
of information and accessibility, the followingones:Art500k,
WikiArt, and the Metropolitan Museum of Art Collections
Database. First, Art500k1 (Mao et al. 2017, 2019) is a large-
scale visual arts dataset displayingmore than 500,000 images
enriched with metadata (e.g., the painting’s style, the event
represented, or the painting place). Second,WikiArt2is a non-
profit dataset and constantly growing project which includes
more than 250,000 artworks by 3,000 artists. This dataset
also incorporates relevant data such as the painting’s style or
genre (if applicable). Third, theMetropolitanMuseum of Art

1 The database is available at https://deepart.ust.hk/ART500K/art500k.
html.
2 The database is available at https://www.wikiart.org/.
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Collections Database3 covers more than 470,000 images of
artworks in its collection available under the Creative Com-
mons open access license and includes data such as title,
culture (e.g., French) or period.4

The design of these databases is intended to perform
retrieval and classification activities.However, there are other
art visual databases with different purposes. For example,
the WikiArt Emotions dataset (Mohammad and Kiritchenko
2018) displays 4,105 art pieces (paintingsmostly) with anno-
tations for emotions evoked in the observer. The general
purpose of this dataset is emotional recognition.

All the datasets enumerated above are just examples of
how more and more data come around us every day. We
are living in a digital era in which society demands data
scientists to process and extract value from available data.
Accordingly, artificial intelligence (AI) was pointed out as
one of the most disruptive and strategic technologies of this
century (European 2018).

AI is a multidisciplinary research field that is becom-
ing pervasive in modern society. It is devoted to designing
physical and virtual machines intending to perform intelli-
gent activities and others involving other human faculties
(e.g., association, motor control, or perception). As part of
these intelligent activities, data analysis tasks in general
and classification tasks, in particular, have been of great
interest in AI. In addition, explainability is a fundamen-
tal topic for AI since its lack decreases the trust in the
outcomes of AI systems, reduces their fairness (without
explainability, claiming responsibility becomes hard) and
usability (Ribeiro et al. 2016), and makes it more proba-
ble to overlook whether algorithms have been trained using a
biased dataset (Hagras 2018; Samek et al. 2019). Research on
explainableAI (XAI) involves not only technical but also eth-
ical and legal issues (Arrieta et al. 2020; Gunning et al. 2021;
Alonso-Moral et al. 2022). XAI is a fruitful research field
with outstanding applications, for example, in medicine (Ma
et al. 2021; El-Sappagh et al. 2021). Furthermore, with XAI
explanations aimed at humans, both quantitative and quali-
tative evaluations are of paramount importance (Vilone and
Longo 2021).

All in all, in the last years, there is a growing interest in the
challenge of applyingAI for art painting style categorization,
as we will see in the next section. Unfortunately, only a few
authors have addressed the challenge of designing XAI for
art painting style categorization.

The main contribution of this paper is the design and
validation of a new art painting style explainable classifier,

3 The database is available at https://www.metmuseum.org/art/
collection/search#!?searchField=All&showOnly=openAccess&
sortBy=relevance&offset=0&pageSize=0.
4 The Metropolitan Museum of Art Open Access CSV is available at
https://github.com/metmuseum/openaccess.

named ANYXI, which provides continuity to the research
presented by Costa et al. (2018, 2021). ANYXI uses human-
understandable color features and categorizations based on
the art experts’ definitions of the styles, yielding human-
friendly explanations of its classification results. Although it
is not the only explainable algorithm in the literature for art
painting styles (Costa et al. 2021; Costa 2020), it has many
additional advantages over previous work. Indeed, the new
explanations are closer to those produced by art specialists.
ANYXI automatically parameterizes the logical formulas
used to represent the categorizations and incorporates a
method to resolve tied classification results. Furthermore,
in this paper, we present an exhaustive empirical valida-
tion of the ANYXI classifier and conclude that it shows a
higher classification accuracy compared to other painting
style explainable classifiers existing in the literature. More-
over, its classification performance is similar to that achieved
by non-explainable painting classifiers supported bymachine
learning methods.

As another contribution of this paper, we enrich the anal-
ysis of the balance between performance and explainability
exhibited by the ANYXI classifier. First, in the context of a
survey study, we determine whether the color traits associ-
ated with each art style and used to design the classifiers are
human-understandable and suitable to classify paintings into
the art styles under consideration. In addition, we go deeper
into the experimental analysis of ANYXI and compare it
versus four different classifiers in terms of accuracy and inter-
pretability metrics. Namely, we will consider a well-known
black-box classifier such as random forest (RF) (Breiman
2001) and the white-box decision trees proposed by Quin-
lan (1986), but also two fuzzy gray-box classifiers. On the
one hand, a classifier generated by the Fuzzy Unordered
Rule Induction Algorithm (FURIA) (Hühn and Hüllermeier
2009) which is recognized because of being very accurate
at the cost of lacking linguistic interpretability. On the other
hand, a classifier generated by the GUAJE5 open source soft-
ware (Pancho et al. 2013) which is recognized because of
facilitating the design of inherently interpretable fuzzy clas-
sifiers enrichedwith global linguistic semantics. Considering
that all the classifiers are trained and tested on the same
dataset, we extend the discussion by using the rationality cri-
teria introduced by Falomir and Costa (2021) for qualitative
comparison of the explanations associated with the different
XAI classifiers under consideration in this work.

The rest of the manuscript is organized as follows: Sec-
tion2 provides readers with a brief review of the state of

5 GUAJE stands for Generating Understandable and Accurate Fuzzy
Classifiers in a Java Environment and is freely available at https://gitlab.
citius.usc.es/jose.alonso/guaje/.
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the art. Section3 introduces the preliminary concepts (i.e.,
the color model used) and the meaningful features (i.e., the
color traits extracted) to be used in the design of the ANYXI
classifier. Section 4 presents a survey study to test whether
the color traits determining the art styles can be considered
human-understandable. Section5 shows in detail the design
of the new explainable classifier, ANYXI, which is validated
in Sect. 6. The manuscript concludes with a critical discus-
sion and final remarks in Sect. 7.

2 Related work

In the literature, we find a great diversity of publications
dealing with the challenge of categorizing art styles using
AI. Jiang et al. (2006) classified traditional Chinese paintings
using colors and support vector machines (SVMs). They pro-
posed a scheme to detect traditional Chinese paintings from
general images and categorize them into Xieyi (freehand
style) and Gongbi (traditional Chinese realistic painting)
schools. The related dataset was made up of 9,515 images. In
addition, Shen (2009) classified paintings using a radial basis
function (RBF) neural network classifier. The related dataset
comprised 1,080 digital paintings from 25 different artists.
Gatys et al. (2016) presented an artificial neural system that
separated image content from style using deep neural net-
works and allowed recasting one image’s content in another
image’s style. Karayev et al. (2014) applied deep neural net-
works which were previously trained on object detection
for style recognition to classify artworks according to their
period. In this way, the authors proved the convenience of
transfer learning from traditional photographic domains. As
in this paper, they included the Baroque, Impressionism, and
Post-Impressionism, and the results showed a general accu-
racy of around 79%.

Condorovici et al. (2015) presented a fusion scheme based
on combining a multilayer perceptron classifier with SVMs.
They examined eight art painting styles (Baroque, Cubism,
Renaissance, Byzantine Icons, Impressionism, Greek Pot-
tery Paintings, Rococo, and Romanticism) in a dataset with
more than 4,000 paintings. Shamir and Tarakhovsky (2012)
automated the recognition of nine painters (Monet, Renoir,
van Gogh, Rothko, Pollock, Kandinsky, Dalí, Ernst, and de
Chirico) and three art styles (Impressionism, Surrealism, and
Abstract Expressionism). In the same vein, Shamir (2015)
and Burcoff and Shamir (2017) used computational meth-
ods to analyze particular painters, specifically Pollock and
Picasso, respectively. Siddiquie et al. (2009) used Boost-
based SVM, an alternate method to select training data
instances using AdaBoost for each of the base kernels, to
classify painting styles. In particular, they classified images
from the Abstract Expressionist, Baroque, Cubism, Graf-
fiti, Impressionism, and Renaissance. Mensink and Gemert

(2014) classified paintings from the Rijksmuseum using
Fisher vectors on a dataset with 6,629 artists. Falomir
et al. (2015) used qualitative color descriptors and machine
learning techniques (k-Nearest Neighbors and SVMs) to cat-
egorize painting styles. As in this paper, they considered
Baroque, Impressionist, and Post-Impressionist paintings
and obtained an accuracy of 75% for a dataset of 70 images.
More recently, Falomir et al. (2018) added global features to
the qualitative color descriptors and obtained an accuracy of
65% for a dataset containing 252 images from the three men-
tioned styles. Notice that for further details, Castellano and
Vessio (2021) provide readers with an overview of some of
the most notable papers investigating the application of deep
learning-based approaches to pattern extraction and recogni-
tion in visual artworks.

In addition, the literature has already outlined and dis-
cussed the main strengths and weaknesses of machine learn-
ing methods in the context of art style classification (Anguita
et al. 2010). These methods often achieve high accuracy but
generally need considerable amounts of training data. All
in all, previous work, grounded on machine learning, has
proved to be effective in designing accurate classifiers in the
context of visual arts. However, intending to integrate such
classifiers with decision-support systems, they need to be
enrichedwith reasoning capabilities. Notice that, logical rep-
resentation and reasoning have already been associated with
image interpretation but not with visual art classification.
Reiter (1980) applied non-monotonic reasoning for image
description. Falomir et al. (2011) used description logic to
interpret digital images by describing each object in terms
of its color and qualitative shape but also regarding its main
spatial features (location, relative orientation, and topology).
This way, it is possible the inference of new object categories
(e.g., doors) by reasoning. For example, Dasiopoulou et al.
(2010) presented a fuzzy description logic-based reasoning
framework for reasoning over an extracted description of an
outdoor image and handling the underlying vagueness for-
mally. González et al. (2017) and Rubio et al. (2017) applied
a general type-2 fuzzy logic method for edge detection to
color format images.

It is worth noting that as far as we know none of the pre-
viously mentioned research work paid attention to providing
users with human-friendly explanations of the reported clas-
sification results. Regarding art painting style categorization
in the context of XAI, Costa et al. (2018, 2021) presented the
�-SHE classifier which integrates qualitative color descrip-
tors and t-norm-based logics for generating explanations
associated with art painting style categorization. In this way,
�-SHE classifies paintings into the Baroque, Impression-
ism, and Post-Impressionism. The authors designed three
versions of the �-SHE classifier, depending on the logic
selected: rational Pavelka logic as well as expansions of
Gödel logic and product logic with rational constants. Even

123



V. Costa et al.

if the �-SHE classifier is pioneering in explaining art style
classifications, we can remark four general disadvantages:
(i) it gets an accuracy rate lower than other art painting style
classifiers in the literature (the three versions of the classi-
fier, corresponding to rational Pavelka logic and expansions
of Gödel logic and product logic with rational constants,
show general accuracy, for the 337 cases under considera-
tion, of around 64%, 53%, and 60%, respectively—a similar
approach based on logic aggregators presented by Costa
(2020) showed only a bit higher accuracy rates); (ii) the art
styles’ categorizations are not complete (for example, the def-
inition of Post-Impressionism includes only two color traits
and ignores the characteristic contrast between some colors),
and hence, in some cases, the explanations provided may be
deemed as poor; (iii) it does not integrate a method for break-
ing tied classification; and (iv) themethod for parameterizing
the logical formulas used to categorize the styles, which is
not defined in an automated fashion, makes it harder to use
the algorithm with other datasets.

We will see in Sect. 5 how ANYXI, a new art painting
style explainable classifier, overcomes all the four mentioned
limitations in the �-SHE classifier. Let us first introduce some
preliminary concepts needed to understand later the design
and implementation of the new classifier.

3 Preliminary concepts

In this section, we introduce the concepts and dataset to
be used later in the design and evaluation of the ANYXI
classifier. Section3.1 describes the three selected art styles
(Baroque, Impressionism, and Post-Impressionism), high-
lighting the colors used in their paintings. Section3.2
presents an automatic method to extract color names and
frequencies from images, in this case, the paintings corre-
sponding to the selected art styles.

3.1 Analyzing color composition of paintings in art
styles

The colors in the Baroque, Impressionism, and Post-
Impressionism were analyzed as a baseline for this paper.
Figure1 presents some art pieces, their styles, and authors.

The Baroque style started around 1600 in Rome, Italy, and
spread tomost of Europe. Important Baroque painters are, for
example, Rembrandt and Velázquez. Baroque painting style
exaggerated lighting, created by contrasting dark colors to
light-pale colors (Rzepińska and Malcharek 1986). Further-
more, the paintings correspondmainly to indoor scenes. They
are also characterized by including ferroxide-based yellows,
oranges and reds (Hill 1980; Grygar et al. 2003).

The Impressionism started with an exhibition organized
in Paris, France, in 1874 by, among others, Claude Monet,

Edgar Degas, and Camille Pissarro. Impressionist painters
captured the effects of sunlight by painting en plein air
(outdoors) and produced grays and dark tones by mixing
complementary colors. Rather than neutral white, grays, and
blacks, Impressionists painters often rendered shadows and
highlights in color. Moreover, the development of synthetic
pigments provided the artists with vibrant shades of blue,
green, and yellow (Mamassian 2008; Powell-Jones 1979).
Furthermore, in paintings made en plein air, bright and
light colors appear, and shadows are boldly painted with
the blue and the grey of the sky as it is reflected onto
surfaces (Dewhurst 1908; Berson 1996), giving a sense of
freshness previously not represented in painting (blue shad-
ows on snow inspired this technique). In this way, landscapes
were also brought up to date with innovative compositions,
light effects, and use of color (Samu 2004).

The Post-Impressionism, started in 1910, broke the con-
ventions of the Impressionism to reproduce naturalistic light
and color. Significant Post-Impressionist painters are, for
example, van Gogh and Seurat. Post-Impressionist painters
continued using vivid colors, but they were more inclined
to emphasize geometric forms and use unnatural colors.
Post-Impressionist paintings are mostly influenced by color
contrast, specially red vs. green and blue vs. yellow col-
ors (Mamassian 2008). Post-Impressionist painters also used
complementary colors to create vibrant contrast and mutual
enhancement when juxtaposed and to paint shadows in
adjacent objects (using the right hue, the grey color was
obtained).6

Note that these art style categorizations use intuitive
and human-understandable color features. These color traits
come from experts who categorize paintings into art styles.
Accordingly, in the literature, several datasets are available
to study paintings corresponding to these art styles. Here,
we select two datasets as benchmarks, the QArt-Dataset
(Falomir et al. 2015, 2018) and the Painting-91 (Khan et al.
2014).

On the one hand, the QArt-Dataset contains 90 images:
30 Baroque paintings (15 by Diego Velázquez and 15
by Johannes Vermeer), 30 Impressionist paintings (15 by
Pierre-Auguste Renoir and 15 by Claude Monet), and 30
Post-Impressionist paintings (15 by Vincent van Gogh and
15 by Paul Gauguin). See Fig. 2 for an extract from the QArt-
Dataset.

On the other hand, the Painting-91 dataset contains 4266
images from 91 different painters, and these authors are cat-

6 More about complementary colors: https://www.nationalgallery.org.
uk/paintings/glossary/complementary-colours (National Gallery).
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Fig. 1 Paintings corresponding to the Baroque style (authored by
Velázquez and Vermeer), Impressionism style (by Monet and Renoir),
and Post-Impressionism style (by van Gogh and Gaugain). All rights by

Wikimedia Commons, public domain. The color version of this figure
is available on the online version of this paper

egorized into 13 art styles.7 From this dataset, Falomir et al.
(2018) selected the paintings of six authors, which resulted
in 247 images: 74 for Baroque style (39 by Velázquez and 35

7 Painting-91’s art styles: Abstract expressionism, Baroque, Con-
structivism, Cubism, Impressionism, Neoclassical, Pop art, Post-
Impressionism, Realism, Renaissance, Romanticism, Surrealism, and
Symbolism. For more information, see Khan et al. (2014).

by Vermeer), 82 for Impressionist paintings (46 by Renoir
and 36 by Monet) and 91 for the Post-Impressionism (40 by
van Gogh and 51 by Gauguin). This smaller dataset is called
Painting-91-BIP (Costa et al. 2021). See some illustrative
examples of this dataset in Fig. 3.
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Fig. 2 Examples of paintings from the QArt-Dataset. All rights by
Wikimedia Commons, public domain. The color version of this figure
is available on the online version of this paper

3.2 Automatically extracting color names and
frequencies from any painting

The method used for extracting color names and frequen-
cies from the selected paintings is based on the qualitative
color descriptor (QCD) introduced by Falomir et al. (2015,
2013). The rest of this section is organized as follows. First,
Sect. 3.2.1 presents an overview of the QCD model. Then,
Sect. 3.2.2 describes how the color frequencies are extracted
from the images in the QArt-Dataset.

Fig. 3 Examples of paintings from the Painting-91-BIP dataset. All
rights by Wikimedia Commons, public domain. The color version of
this figure is available on the online version of this paper

3.2.1 The qualitative color descriptor

TheQCDmodel (Falomir et al. 2015, 2013) defines theQual-
itative Color Reference System (QC RS), a reference system
in the Hue, Saturation and Lightness (HSL) color space for
qualitative color description built according to Fig. 4 and
defined as:

QC RS = {u H , uS, uL,QCN AM E1,...,5
, QCI N T1,...,5},

whereu H is the unit ofHue, uS is the unit of Saturation,uL is
the unit of Lightness; QCN AM E1,...,5 refers to the color names,
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Fig. 4 Diagram for describing QCD: discretization of the HSL color
space. The color version of this figure is available on the online version
of this paper

and QCI N T1,...,5 refers to the intervals of HSL coordinates
associated with each color. The chosen QCN AM E are:
QCN AM E1 = {black, dark_grey, grey, light_grey, white},
QCN AM E2 = {red, orange, yellow, green, turquoise, blue,
purple, pink}, QCN AM E3 = {pale_i| i ∈ QCN AM E2},
QCN AM E4 = {light_i| i ∈ QCN AM E2}, and QCN AM E5 =
{dark_i| i ∈ QCN AM E2}.

As a baseline, the QC RS was calibrated according to the
vision system used; the chosen QCI N T are given in Fig. 4
and Table 1 showing the color HSL values assigned to each
color name.

3.2.2 Extracting color frequencies

The QCDmodel extracts the color names and its correspond-
ing frequencies of any digital image. These color frequencies
are associated with the color traits that characterize art styles.

For each image I mg, its color histogram is obtained (by
applying computer vision techniques in the same vein as pro-
posed by Falomir et al. (2018)), as:

f1(I mg), f2(I mg), . . . , f37(I mg) ∈ N37,

where fi (I mg) corresponds to the number of pixels labeled
as QCi in I mg, where i ∈ N AM E . Let T (I mg) be the num-
ber of pixels in I mg, we define the frequency of the color
QCi , Fi (I mg), as fi (I mg)/T (I mg). Observe that the total

number of colors QCi is 37. Note also that for any image
I mg, fi (I mg), Fi (I mg) ≥ 0 for 1 ≤ i ≤ 37. Then, we
transform the color traits in each painting into expressions
with the following syntax: color_painting(P, QCi , Fi ),
where P corresponds to the digital image identifier (provided
by the chosen dataset), QCi ∈ QCN AM E1,...,5, Fi is defined
as indicated above and 1 ≤ i ≤ 37.

Figure 5 shows an example of a digital image of a paint-
ing by Velázquez (it corresponds to the second painting in
Baroque style, the Equestrian Portrait of Prince Balthasar
Charles, in the Fig. 1), which is described by the logical facts
containing the image identifier (v10 in this case), the qual-
itative color names in the painting and their corresponding
frequencies.

3.3 Art styles defined by qualitative distinctive color
traits: logical definition

Section 3.3.1 shows how the logical facts containing color
names and frequencies (extracted automatically as explained
in the previous section) can be used for defining new expert
knowledge about color trait relations by analyzing the dark-
ness level, the hue of the colors, etc.

These color traits allow us to characterize each Baroque,
Impressionism and Post-Impressionism art styles (as
described in Sect. 3.3.2).

3.3.1 Defining distinctive color traits

In (Def.1 Costa et al. (2021)), the authors extended the QCD
model to add the following semantics related to the predi-
cates used by experts when describing the color features of
a painting:

dark_colors= {black, dark_red, dark_orange,
dark_yellow, dark_green, dark_turquoise,
dark_blue, dark_pur ple, dark_pink, dark_grey}
pale_colors= {pale_red, orange, yellow, green,
turquoise, blue, pur ple, pink, grey}
light_colors = {white, light_red, orange, yellow,

green, turquoise, blue, pur ple, pink}
grey_hue= {grey, pale_grey, light_grey,

dark_grey} (analogously for {red_hue, orange_hue,
yellow_hue, green_hue} and {turquoise_hue,
blue_hue, pur ple_hue, pink_hue}
warm_hue= {red_hue, orange_hue, yellow_hue}
vivid_colors= {red, orange, yellow, green,
turquoise, blue, pur ple, pink}
red_colors= {red, orange, pale_red, light_red,
dark_red, pale_orange, dark_orange,
light_orange}
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Table 1 The Hue Saturation
and Lightness (HSL) intervals
corresponding to color names
(QCI N T ) defined as by Sanz
et al. (2015)

Color UH US UL

QCL AB1 black (0, 20]
dark_grey [0, min{20, (20, 40]
grey [0, 360] 2U L, (40, 60]
light_grey 200 − 2U L}] (60, 80]
white (80, 100]

QCL AB2 red (335, 360] ∧ [0, 20]

orange (20, 50]

yellow (50, 80] (50, min{100,
green (80, 160] 2U L, (40, 60]
turquoise/cyan (160, 200] 200 − 2U L}]
blue (200, 239]

purple (239, 297]

pink/magenta (297, 335]

QCL AB3 pale_QCL AB2 Idem (20, 50] (40, 60]
QCL AB3 light_QCL AB2 Idem (20, 200 − 2U L] (60, 90]
QCL AB3 dark_QCL AB2 Idem (20, 2U L] (10, 40]

Fig. 5 This is an example of the logical facts extractedwith color names
and color frequencies corresponding to the painting by Velázquez the
Equestrian Portrait of Prince Balthasar Charles. This image identifier
is v10 in the QArt-Dataset. Note that the use of Britain English is lim-

ited to the notation of the logical facts to be coherent with the original
notation presented in Costa et al. (2021). The color version of this image
is available on the online version of this paper

3.3.2 Characterizing art styles using color traits

A representation of the characteristic color traits of the
Baroque, Impressionism, and Post-Impressionism styles
using fuzzy sets is proposed. In this paper, we extend the
proposal in (Costa et al. 2021) and add three color traits to
balance the number of features of the categorizations and
make them closer to art experts’ opinions. As a result, in
this section, twelve propositional variables are introduced
to represent some of the color traits used by art experts to
describe the color of a painting. The process of assigning
each group of four variables to a class is determined by the
art styles’ definitions proposed by the specialists and pre-
sented in Sect. 3.1: for each distinctive color feature of each
art style, a propositional variable is defined and three dis-
joint sets of for variables each one are obtained. These sets

of variables are disjoint since the art styles selected do not
share these main characteristic color traits,

First, considering the color traits outlined by the art spe-
cialists shown in Sect. 3.1 and the extension of the QCD
model presented above, the following distinctive color fea-
tures for the Baroque style are proposed:

darkness_level: the accumulative sum of the frequen-
cies of dark_colors.
no_paleness_level : the total frequency of colors that
are not pale_colors.
contrast_level : the total frequency of dark and pale
colors bounded to 1.
red_colors : the relation between the amount of
red_colors in a painting, and the total number of quali-
tative colors (QCs) in the painting.

123



An art painting style explainable classifier grounded on logical and commonsense reasoning

Regarding the Impressionism style, we follow again the def-
inition proposed by the art experts (shown in Sect. 3.1), and
the following characteristic color features are suggested:

bluish_level : the total frequency of the QCs extracted
as having bluehue.
greyish_level : the total frequency of the QCs extracted
as having greyhue.
diversi t y_of _hues : all the QCs in a painting are
grouped according to their hues and they are related
to the total number of hues in QCD, which is 11
(card(vivid_colors ∪ {black, white}) = 11).
diversi t y_of _qcds : the relation between the amount
of qualitative colors (including all their pale-, light-, and
dark- variants) in a painting, and the total number of QCs
possible (i.e., 37).

Finally, we use proceed analogously, and these four color
traits for Post-Impressionism are proposed:

vividness_level : the total frequency of the QCs
extracted as having pure hue.
warm_colors_level : the total frequency of the QCs
extracted as having warm hue.
contrast_blue_yellow_level : the total frequency of
bluish and yellowish (i.e., the total frequency of
yellow, pale_yellow and dark_yellow colors bounded
to 1). 1
contrast_red_green_level : the total frequency of
reddish and green colors bounded to 1.

From each painting in the dataset considered in this paper,
we obtain the corresponding color names and frequencies
appearing in the painting plus the values corresponding to
the twelve color traits defined above.

4 A survey on art style painting classification
based on color traits

In order to test whether the above-mentioned color traits are
human-understandable and sufficient to distinguish paintings
belonging to Baroque, Impressionism, and Post
-Impressionism, a survey was designed which provides a
reading definition describing colors in each style.

This survey was conducted online, using the Google
Forms platform. First, participants were given instructions
about how to fulfill the survey. They were provided with
an explanation of the different color traits for each art style
together with a displayed example (see Fig. 6; for simplify-
ing, the images in this section focus on the Baroque style).
Throughout the survey, the narrative art style color descrip-
tions were available to participants. The participants’ task

Fig. 6 Descriptions of the Baroque style and example yielded to par-
ticipants

consisted of looking at an image of a painting and deciding
which one of the three art style descriptions corresponds to
the painting (see Fig. 7). After each question, participants
were asked whether they had seen the enquired painting
before or not. In case of a positive answer, this response was
not considered in our study (note that a participant may know
the painter and even the style in advance, while the purpose
of this study was to identify the style only by the color traits,
not taking into account previous knowledge).

We randomly assigned participants into 6 groups. Each
group consisted of 15 questions so that no survey took much
longer than 15min. In total, we gathered responses corre-
sponding to the 90 paintings in the QArt-Dataset (Falomir
et al. 2015, 2018). And we also gathered participants’ age,
art interests and knowledge, and language. There was no eco-
nomic retribution for answering the survey.

A total of 150 participants took the survey (53.3%women
and 46.7% men). The study aimed to decide the art style of
the paintings based on the colors, not on previous knowledge.
We discarded those participants who knew in advance four
or more paintings in the survey. 87.8% of the final selected
participants had seen atmost oneof thepaintings in the survey
before. Their answers corresponding to the known paintings
were discarded.

The distribution corresponding to participants’ age and
native language is shown in Fig. 8. The survey was deployed
in English and Spanish so participants could choose themore
advisable language for them. All of the participants had a
good command of at least one of the two languages.

In addition, participantswere asked about their knowledge
in art from which we defined four categories: no academic
knowledge of art (None), they studied art at high school (High
school), at university (University) or as a part of a Ph.D.
(Ph.D.). The results obtained revealed that 40% of them have
some relevant background in art. Participantswere also asked
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Fig. 7 A question in the survey. The color version of this figure is
available on the online version of this paper

about their interest in art: art lover (two or more hobbies
related to art), interested in art (one hobby related to art),
and disregarding art (any hobby related to art). Although
60% of participants did not have any academic knowledge
of art, 75% of participants were interested in art.

Details are depicted in Fig. 9.
After filtering out those participants who had seen some

paintings before, a total of 60 participants were taken for
simulating a tenfold cross-validation experiment. We took
10 participants for each of the six groups (45% women and
55% men).

This tenfold cross-validation will allow us to compare the
survey outcomes to the results obtained later by the auto-
matic classification algorithms considered in this paper. In
this way, we considered 10 surveys of the paintings and
computed all the corresponding scores (see Table 2 versus
Table 3,whichwill be introduced later inSect. 6).On average,

Fig. 8 Participation in the survey, in %, regarding participants’ age
(pie chart on the left) and native language (pie chart on the right). The
expressionOthers refers to those languages with a representation of less
than 1.2%, such as Serbian, Polish, Greek, or Papiamento

Fig. 9 Participation in the survey, in %, regarding participants’ aca-
demic knowledge of art (pie chart on the left) and interest in art (pie
chart on the right)

the ratio of correctly classified instances by the participants
in the survey (RCCI in Table 2) is 78.01%, and the aver-
age of the F-measure for the three styles considered is 80%,
similar to the RCCI. The F-Measure formula is indicated in
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Sect. 6.1. In Table 6.1, FBar refers to the F-Measure obtained
for theBaroquepaintings of eachTest, FI mp to theF-Measure
obtained for the Impressionist artworks of each Test, and
FPos to the F-Measure obtained for the Post-Impressionist
paintings of each Test. In the survey, the Baroque art style
emerges as the simplest style to classify since the metrics
associated, FBar in Table 2, shows the most accurate results.
The Impressionist style, in contrast, is the most challenging
style to classify (pay attention to the lower values of FI mp in
the table).

5 The ANYXI classifier: a human-centered
design

This section presents the logic art painting style explainable
classifier named ANYXI. There are two general motivations
for introducing this algorithm. On the one hand, as stated in
the introduction and the related work sections, ANYXI over-
comes theflaws in �-SHE regarding the classification rate, the
parameterization of the evaluated Horn clauses used to cat-
egorize the art painting styles, the tied classification results,
and the difference in the explanations related to each style.
On the other hand, the painting style categorizations used
by ANYXI are more exhaustive and similar to art experts’
definitions than those presented by the �-SHE classifier. In
addition, the definitions of art styles utilized by ANYXI are
very close to those used in the survey introduced in Sect. 4, so
we could hypothesize that they are a plausible way to explain
to people the color traits which are characteristic of the art
styles under consideration.

5.1 A propositional fuzzy language for knowledge
representation in art style categorization

In this section, we introduce a propositional language
extended with rational truth constants, and use it for cate-
gorizing the three art styles considered in this paper.

The twelve color traits introduced in Sect. 3.3.1 are com-
monly used by the experts to explain paintings, and thus can
help to foster human-computer interaction, as validated in
the survey presented in Sect. 4, and for yielding explanations
of the classification results. Furthermore, we can naturally
view those distinctive color features as fuzzy notions. In this
way, following (Costa et al. 2021), we introduce a propo-
sitional variable for each of these color traits and, using a
propositional fuzzy language expanded with truth-constants,
propose one evaluated Horn clause for categorizing each
painting style considered. Before introducing these evaluated
propositional variables, let us recall the syntax and semantics
of this formal language.

Syntax and semantics of a continuous t-norm-based
propositional fuzzy logic (Chapter I, Definition 1.1.13 Cin-

tula et al. (2011)). A language of continuous t-norm based
propositional fuzzy logic contains a set of propositional vari-
ables V ar , the binary connectives in the set {→,&,∧,∨,↔
}, the unary connective ¬, and the truth-constants 0, 1. Let
[0, 1] ⊆ R, where R denotes the set of real numbers, a
[0, 1]-evaluation e is a mapping e : V ar → [0, 1]. Given
a continuous t-norm ∗, an evaluation e extends uniquely to
an evaluation e∗ of the set of well-formed formulas as usual.
For each rational number r ∈ [0, 1], we consider the truth-
constant r so that e∗(r) = r .

Let ϕ,ψ be two formulas, we recall the interpretation of
& and → in rational Pavelka logic (RPL for short) and prod-
uct logic expanded with rational constants (�(Q) for short),
respectively:

(RPL) e(ϕ&ψ) = max{0, e(ϕ)+ e(ψ)−1}, and e(ϕ →
ψ) = min{1 − e(ϕ) + e(ψ), 1}.
(�(Q)) e(ϕ&ψ) = e(ϕ) · e(ψ), and

e(ϕ → ψ) =
{
1 if e(ϕ) ≤ e(ψ)
e(ψ)
e(ϕ)

, otherwise.

At this point,we consider the following propositional vari-
ables referring to the color traits defined in Sect. 3.3.2:

darkness_level, no_paleness_level,
contrast_level, red_colors, bluish_level,
greyish_level, diversi t y_of _hues,
diversi t y_of _qcds, vividness_level,
warm_colors_level,
contrast_blue_yellow_level, contrast_red

green_level;

and consider also the following propositional variables
referring to the styles Baroque, Impressionism, and Post-
Impressionism, respectively: baroque, impressionism,

postimpressionism. Then, we define the language for
knowledge representation in art style categorization, as the
language of the logics RPL and �(Q), with exactly these
fifteen propositional variables, the connectives & and →,
and one rational truth constant for each rational number r in
[0, 1].

The evaluated Horn clauses we consider for representing
the categorizations of the styles are a generalization of the
notion of the RPL∀-Horn clause introduced in Costa and
Dellunde (2017).

Definition 1 (Evaluated Horn clause (Definition 10 Costa
and Dellunde 2017)) An atomic evaluated formula (ϕ, r) is
defined as r → ϕ, where r ∈ [0, 1] is a rational number and
ϕ is an atomic formula without truth constants apart from 0
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Table 2 Results of the
preliminary survey. RCCI is the
ratio of correctly classified
instances and F is the
F-Measure. RCCI and F are
formally defined in Sect. 6.1. Std
stands for standard deviation

RCCI F FBar FI mp FPos

Test Mean Std Mean Std Mean Std Mean Std Mean Std

Test 0 80.00 12.61 0.80 0.13 0.94 0.11 0.68 0.04 0.75 0.03

Test 1 86.67 12.61 0.87 0.13 0.99 0.05 0.79 0.04 0.80 0.04

Test 2 77.78 7.41 0.78 0.08 0.84 0.13 0.65 0.03 0.81 0.01

Test 3 71.11 15.89 0.82 0.16 0.94 0.11 0.74 0.06 0.74 0.05

Test 4 74.44 11.77 0.85 0.12 0.87 0.14 0.82 0.15 0.84 0.17

Test 5 76.67 15.23 0.77 0.15 0.85 0.19 0.68 0.04 0.72 0.19

Test 6 66.67 10.48 0.67 0.11 0.72 0.22 0.59 0.14 0.68 0.09

Test 7 87.78 15.23 0.88 0.15 0.96 0.01 0.82 0.06 0.85 0.14

Test 8 83.33 7.86 0.83 0.07 0.83 0.10 0.77 0.01 0.89 0.11

Test 9 75.56 10.21 0.76 0.10 0.68 0.05 0.71 0.02 0.83 0.15

Mean 78.01 11.93 0.80 0.12 0.86 0.11 0.73 0.06 0.79 0.10

Std 6.63 2.99 0.06 0.03 0.10 0.06 0.08 0.05 0.07 0.06

Table 3 Reported mean and
standard deviation (Std) for all
considered accuracy metrics
over tenfold cross-validation for
the QArt-337 dataset

Algorithm RCCI F FBar FI mp FPos

Mean Std Mean Std Mean Std Mean Std Mean Std

RF 71.21 7.92 0.71 0.08 0.77 0.09 0.64 0.12 0.72 0.09

J48 61.99 8.28 0.62 0.09 0.71 0.10 0.51 0.13 0.63 0.09

FURIA 67.05 6.19 0.66 0.06 0.77 0.08 0.55 0.08 0.68 0.06

GUAJE 66.18 6.56 0.65 0.07 0.78 0.06 0.55 0.10 0.64 0.13

ANYXI-1-RPL 70.58 7.89 0.71 0.08 0.82 0.10 0.63 0.11 0.68 0.09

ANYXI-2-RPL 69.66 8.45 0.70 0.09 0.78 0.09 0.67 0.17 0.68 0.11

ANYXI-3-RPL 66.72 7.37 0.68 0.08 0.77 0.09 0.60 0.10 0.67 0.11

ANYXI-1-�(Q) 62.60 6.17 0.64 0.01 0.70 0.08 0.56 0.13 0.63 0.13

ANYXI-2-�(Q) 62.90 6.65 0.64 0.09 0.71 0.09 0.57 0.14 0.64 0.14

ANYXI-3-�(Q) 67.61 9.10 0.68 0.10 0.75 0.12 0.62 0.09 0.64 0.12

In the case of F-Measure, we report the value for each single class (Fci ) and the averaged one (F)

and 1. An evaluated Horn clause has the form

(ϕ1, r1)& . . .&(ϕn, rn) → (ϕ, s),

where (ϕ1, r1), . . . , (ϕn, rn) and (ϕ, s) are atomic evaluated
formulas.

We use the analysis of the color compositions of the art
styles presented in Sect. 3.1 and propose the following evalu-
atedHorn clauses to categorize the three art styles considered.
The evaluated Horn clause H1 categorizes the Baroque style:

(darkness_level, r1)&(no_paleness_level, r2)&

(contrast_level, r3)&(red_colors, r4) → (baroque, 1).

The evaluated Horn clause H2 represents the Impressionist
style:

(diversi t y_of _qcds, r5)&(diversi t y_of _hues, r6)&

(bluish_level, r7)&(greyish_level, r8) →
(impressionism, 1).

And the evaluated Horn clause H3 categorizes the Post-
Impressionist style:

(vividness_level, r9)&(warm_colors_level, r10)

&(contrast_blue_yellow_level, r11)

&(contrast_red_green_level, r12) →
(postimpressionism, 1).

These evaluatedHorn clauses express the knowledge from
art specialists we have about distinctive color traits of each
style under consideration and differ from those clauses pre-
sented in (Costa et al. 2021) in the number of color traits
considered and their parameterization (i.e., the obtaining of
the parameters r1, r2, . . . , r12, which is not fixed now and
depends on the training dataset to be considered by ANYXI).
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Fig. 10 Paintings from theQArt-Dataset used to exemplify a T raining
set. All rights by Wikimedia Commons, public domain. The color ver-
sion of this figure is available on the online version of this paper

5.2 Parameterizing the evaluated Horn clauses

We consider three parameterizations of the evaluated Horn
clauses categorizing the art styles, using three different mea-
sures: the arithmetic mean, median, and geometric mean. In
this section, we briefly explain the method only for the arith-
metic mean since the remaining are performed analogously.

Let fmean be the function that yields the arithmetic mean
of at least two real numbers and fmean = id whether the
function has a single argument.

For each experimentation, let T raining be the set of
paintings randomly selected for training the algorithm. An
example of T raining could be {v10, rn12, m5, gg9}), i.e.,
the set formed by theBaroque paintingEquestrian Portrait of
Prince Balthasar Charles (v10), the Impressionist paintings
Doge’s Palace, Venice (rm10) and Le Pont routier, Argen-
teuil (m5), and the Post-Impressionist painting Petit breton
à l’oie (gg9).

Although several conditions might be added to the set
T raining (e.g., a balanced appearance of representative ele-
ments), we only set one condition: T raining must contain
at least one element of each art style (so, card(T raining) ≥
3). Then, the rational truth constants of the evaluated Horn
clauses are obtained as follows:

r1 = fmean(epi (darkness_level)), for each i such that
pi ∈ T raining and pi is a Baroque painting.
r2 = fmean(epi (no_paleness_level)), for each i such
that pi ∈ T raining and pi is a Baroque painting.
(. . .)
r5 = fmean(epi (diversi t y_of _qcds)), for each i such
that pi ∈ T raining and pi is an Impressionist painting.
(. . .)

r12 = fmean(epi (contrast_red_green_level)), for each
i such that pi ∈ T raining and pi is a Post-Impressionist
painting.

Whenever it is necessary, we indicate the selected measure in
the parameter’s subindex (e.g., r1:median, r7:gmean, r10:mean).
Furthermore, whenever the parameters r1, r2, . . . , r12 are
obtained using the arithmetic mean, we will refer to ANYXI
as ANYXI-1; as ANYXI-2 if the metric used is the median,
and asANYXI-3whenever the parameters are obtained using
the geometric mean.

5.3 Classifying the paintings

In this section, we use the semantics of the two fuzzy log-
ics considered, RPL and �(Q), to define the classification
function of ANYXI.

First, note that for any digital painting p, we can associate
an evaluation ep of the twelve variables in the antecedent
of the Horn clauses H1, H2, H3 in the following way. Let
us consider, for example, painting v10 and �(Q), then we
obtain that:

ev10(contrast_level, r3)=min

{
ev10(contrast_level)

r3
, 1

}

(observe that the value ev10(contrast_level) is determined
by the color frequencies in v10 and the definition of the
contrast_level presented in Sect. 3.3.1).

We define now the membership degrees to the Baroque,
Impressionism, and Post-Impressionism.

Definition 2 Given a painting p, the membership degree of
p for the Baroque, denoted by B(p), is defined as the evalu-
ation, by ep, of the antecedent of the evaluated Horn clause
H1, that is:

ep((darkness_level, r1)&(no_paleness_level, r2)&

(contrast_level, r3)&(red_colors, r4)).

The membership degrees for Impressionism and Post-
Impressionism (I (p and P I (p), respectively) are defined
analogously.

In this way, we remark that the evaluated Horn clauses
proposed in Sect. 5.1 are not only used to represent the knowl-
edge about the art styles but also to obtain a membership
degree for each painting style considered and, thus, to clas-
sify the paintings.

Furthermore, note that the membership degrees for the
three art styles (i.e., the interpretation of the antecedent of
the evaluated Horn clauses) depends on the semantics of the
logic selected. In this paper, we consider two different log-
ics, RPL and �(Q), and then, we obtain two versions of the
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ANYXI classifier according to the chosen logic. In this way,
we consider, in total, six versions of ANYXI:
ANYXI-1-RPL, ANYXI-2-RPL, ANYXI-3-RPL,
ANYXI-1-�(Q), ANYXI-2-�(Q), and ANYXI-3-�(Q).

To finish this section, let us exemplify with more details
how to obtain the membership degree for an art style, given a
painting p. For the sake of clarity, let us first introduce some
notation:

B1(p) = ep(darkness_level, r1),
B2(p) = ep(no_paleness_level, r2),
B3(p) = ep(contrast_level, r3),
B4(p) = ep(red_colors, r4),
I1(p) = ep(diversi t y_of _qcds, r5),
I2(p) = ep(diversi t y_of _hues, r6),
I3(p) = ep(bluish_level, r7),
I4(p) = ep(greyish_level, r8),
P I1(p) = ep(vividness_level, r9),
P I2(p) = ep(warm_colors_level, r10),
P I3(p) = ep(contrast_blue_yellow_level, r11),
P I4(p) = ep(contrast_red_green_level, r12).

And let us focus on the ANYXI-1-RPL version. Then,

B(p) = max{0, B1(p) + B2(p) + B3(p) + B4(p) − 3}

(i.e., B(p) = ep((darkness_level, r1)&
(no_paleness_level, r2)&(contrast_level, r3)&
(red_colors, r4)),

I (p) = max{0, I1(p) + I2(p) + I3(p) + I4(p) − 3}, and

P I = max{0, P I1(p) + P I2(p) + P I3(p) + P I4(p) − 3}.

In contrast, observe that for ANYXI-1-�(Q), we would
obtain:

B(p) = B1(p) · B2(p) · B3(p) · B4(p)

I (p) = I1(p) · I2(p) · I3(p) · I4(p), and

P I = P I1(p) · P I2(p) · P I3(p) · P I4(p).

Finally, let us remark that a painting p could present
an event of a tied membership degree in the following
forms: B(p) ≤ I (p) = P I (p), I (p) ≤ B(p) = P I (p),
P I (p) ≤ B(p) = I (p) or even B(p) = I (p) = P I (p).
Section5.5 explains how the ANYXI classifier tackles this
problem. But, before, we need to consider a method for gen-
erating explanations.

5.4 Generating explanations of the classification
results

The use of fuzzy notions helps us interpret the classi-
fier designed, ANYXI, so that explaining its classifications

becomes attainable. So, in this section, we define the func-
tions for generating the explanations of the classification
results yielded by ANYXI.

TheANYXI classifier yields explanations in the following
way. For a painting p, baroque_explanations(p) is defined
as:

If B1(p) ≥ fmean(B1(pi )), where i is such that pi ∈
T rain and pi is a Baroque painting, then “The darkness
evidences the Baroque style”.
If B2(p) ≥ fmean(B2(pi )), where i is such that pi ∈
T rain and pi is a Baroque painting, then “The contrast
of dark and pale colors evidences the Baroque style”.
If B3(p) ≥ fmean(B3(pi )), where i is such that pi ∈
T rain and pi is a Baroque painting, then “The lack of
pale colors evidences the Baroque style”.
If B4(p) ≥ fmean(B4(pi )), where i is such that pi ∈
T rain and pi is a Baroque painting, then “The level of
reddish evidences the Baroque style”.

The impressionism_explanations(p) is defined as:

If I1(p) ≥ fmean(I1(pi )), where i is such that pi ∈
T rain and pi is an Impressionist painting, then “The
diversity of qualitative colors evidences the Impressionist
style”.
If I2(p) ≥ fmean(I2(pi )), where i is such that pi ∈
T rain and pi is an Impressionist painting, then “The
variety of hues evidences the Impressionist style”.
If I3(p) ≥ fmean(I3(pi )), where i is such that pi ∈
T rain and pi is an Impressionist painting, then “The
amount of bluish evidences the Impressionist style”.
If I4(p) ≥ fmean(I4(pi )), where i is such that pi ∈
T rain and pi is an Impressionist painting, then “The
amount of grey evidences the Impressionist style”.

And the postimpressionism_explanations(p) is defined
as:

If P I1(p) ≥ fmean(P I1(pi )), where i is such that pi ∈
T rain and pi is a Post-Impressionist painting, then “The
presence of vivid colors evidences the Post-Impressionist
style”.
If P I2(p) ≥ fmean(P I2(pi )), where i is such that
pi ∈ T rain and pi is a Post-Impressionist painting,
then “The high level of warm colors evidences the Post-
Impressionist style”.
If P I3(p) ≥ fmean(P I3(pi )), where i is such that pi ∈
T rain and pi is a Post-Impressionist painting, then “The
contrast between blue and yellow evidences the Post-
Impressionist style”.
If P I4(p) ≥ fmean(P I4(pi )), where i is such that
pi ∈ T rain and pi is a Post-Impressionist painting, then
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“The contrast between red and green evidences the Post-
Impressionist style”.

As shown in this section, the explanations generated by
ANYXI are fairly simple: they only regard color information
and concern the influence of each distinctive color feature
of the selected art style. Other approaches for classification
tasks, as, for instance, generated by SOTA deep learning
methods, also include visual and contextual traits making
the explanations richer. The motivations and advantages of
choosing this simple strategy, however, are twofold, the first
being the most relevant. On the one hand, this approach fol-
lows the cognitive hypothesis that color features are enough
for classifying paintings from the art styles chosen. Indeed,
as shown in Sect. 4, people correctly classify artworks from
these styles using these color-based categorizations with-
out needing additional features. In this way, we believe the
human-centered design of ANYXI does not need to add any
additional information.On theother hand, this simplemethod
avoids hard computation. Nevertheless, it is worth mention-
ing that this method’s simplicity and cognitive hypothesis are
not guaranteed in the case of adding new art styles, which
could be not completely categorized in terms of color traits.

5.5 Solving tied classification results

An important limitation of the �-SHE classifier (Costa et al.
2021) is the lack of a protocol for solving tied classification
results. Indeed, main visual databases on art painting (e.g.,
WikiArt or Art500k) do not present double classifications of
the type The painting belongs to the Baroque and the Impres-
sionism. The ANYXI classifier, human-centered designed,
solves this situation. However, there may be doubts about
the classification result, or perhaps a painting may join traits
from different styles, and, in these cases, it would be con-
venient advising users of the borderline classification. This
improvement of the ANYXI design is left for future work.

The ANYXI method solves the case of tied membership
degrees by considering the number of explanations relevant
to the classification, the quantitative difference between the
evaluation of the color traits in the painting and those color
features related to the corresponding style, and the levels of
warm and red colors. More specifically, in the event of a
tied membership degree, the following functions are used to
determine the classification. For a painting p, we define the
following three functions, related to each art style considered.

Regarding the Baroque style,

tiesolverb(p) = 7

20
explanationsb(p)

+ 2

10
warmth(p) + 9

20
di f f erenceb(p),

(1)

where explanationsb(p) indicates the number of expla-
nations that would be yielded in p was classified into the
Baroque; the functions warmcolorlevel(p) and
di f f erenceb(p) are defined as follows:

warmth(p)

=

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

1 if warm_colors_level(p) ≤ 0.32 or

(red_colors(p) ≥ 0.4 and

warm_colors_level(p) ≥ 0.32)

0, otherwise.

(2)

and

di f f erenceb(p) =
12∑

i=1, j∈J

= (3 · ep( j) − ri :mean

−ri :median − ri :gmean),

(3)

where J is the set containing the twelve propositional vari-
ables related to the color traits introduced in Sect. 3.3.2, that
is, J = {darkness_level, . . . , contrast_red_green_level}.

The thresholds 0.32 and 0.4 from warmth(p) were
obtained from experimental analysis of the paintings in
the QArt-Dataset. Indeed, the experimental analysis showed
these thresholds related to the two color features
warm_colors_level and red_colors were efficient for clas-
sifying paintings from the three art styles selected.

With respect to the Impressionist and Post-Impressionist
styles, we define

tiesolveri (p) = 7

20
explanationsi (p)

+ 2

10
warmth(p) + 9

20
di f f erencei (p), and

tiesolverpi (p) = 7

20
explanationspi (p)

+ 2

10
warmth(p) + 9

20
di f f erencepi (p),

(4)

where explanationsi (p), explanationspi (p), and
di f f erencei (p), di f f erencepi (p) are defined analogously.

In this way, in the event of a tied membership degree,
ANYXI classifies according to the maximum value of the
t iesolver functions of the styles whose membership degrees
are tied.

Considering the definitions of the membership degrees
and the tiesolver functions, classifying a painting becomes
trivial. Let us define max so that the codomain is a multiset
in the case some values in the argument are repeated. Let
1 represent the Baroque, 2 the Impressionism, 3 the Post-
Impressionism and, for any p, let C1 = B(p), C2 = I (p),
C3 = P I (p) and let us denote max j∈{1,2,3}{C j } by A. The
rules for the events of a tied membership degree (i.e., A is
not a singleton set) are shown next:
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• If the cardinality of A is 2, say for instance A = {C1, C2},
max{t iesolver1(p), tiesolver2(p)}determines the clas-
sification.

• If the cardinality of A is 3, max{tiesolver1(p),

t iesolver2(p), tiesolver3(p)} determines the classifica-
tion.

6 Experiments

In this section, we go in depth with the empirical vali-
dation of the ANYXI classifier. Section6.1 introduces the
dataset under consideration, the quality metrics as well as
the algorithms that were selected for comparison purposes.
Section6.2 summarizes the reported results.

6.1 Experimental settings

In the experimental analysis, we have considered the QArt-
337 dataset which includes 337 samples of paintings. Each
sample is described in terms of the 12 meaningful fea-
tures (darkness_level, no_paleness_level, and so on)
previously described in Sect. 3.3.2. The classification tasks
consists of identifying one out of three art styles (Baroque,
Impressionism, Post-Impressionism) in terms of the values
given for all the 12 selected features.8

On the one hand, for comparison purpose, we have
selected the following classifiers:

• Random forest (RF). This is a black-box classifierwhich
usually achieves high accuracy in most classification
problems, and therefore, it is commonly taken as base-
line from the point of view of accuracy. Indeed, Delgado
et al. (2014) carried out an exhaustive empirical study,
which verifies the previous claim. It is worth noting that
RF combineswith an ensemble learningmethod a pool of
complementary decision trees, which are generated with
the C4.5 algorithm first introduced by Quinlan (Quinlan
1986, 1993).

• The J48 algorithm is the implementation in Weka (Wit-
ten et al. 2011) of the Quinlan’s C4.5 algorithm (Quinlan
1986, 1993). It generates pruned trees which are com-
monly deemed as white-box classifiers because their
behavior can be understood by traversing the trees from
root to leaves.

• The fuzzyunorderedrule inductionalgorithm (FURIA)
was proposed by Hühn and Hüllermeier (2009). It gen-
erates fuzzy IF-THEN classification rules with fuzzy
sets of trapezoidal shape in the antecedent of each rule.

8 The QArt-337 dataset includes images from QArt-Dataset and
Painting-91-BIP (which were introduced in Sect. 3.2). It is available
at https://gitlab.citius.usc.es/jose.alonso/xai4art/.

It is worth noting that FURIA rules lack of linguistic
interpretability because they deal with fuzzy sets which
have local semantics. Accordingly, FURIA classifiers are
deemed as gray-box classifiers because they are made up
of a set of rules which can be interpreted (at a certain
degree).

• GUAJE stands forGeneratingUnderstandable andAccu-
rate Fuzzy Systems in a Java Environment (Pancho et al.
2013). This toolbox is aimed for building explainable
fuzzy classifiers which are considered gray-box classi-
fiers but linguistically interpretable by design (Alonso
et al. 2021). In contrast to FURIA rules, the GUAJE rules
extracted from data are linguistically grounded in agree-
ment with strong fuzzy partitions defined by experts.
As a result, induced rules can be naturally integrated
with expert rules. Among the algorithms provided by
GUAJE for rule induction, in this paper we will consider
only pruned fuzzy decision trees with post hoc linguistic
simplification, which have previously proved their abil-
ity to produce a good interpretability-accuracy trade-off.
Moreover, as wewill show in Sect. 6.3with some illustra-
tive examples, given a data sample GUAJE provides us
with its classification along with both factual and coun-
terfactual linguistic explanations which can be directly
compared to those generated by ANYXI.

On the other hand, the goodness of an explainable classi-
fier has to be evaluated in terms of the balance between accu-
racy and interpretability. More precisely, we have applied
tenfold cross-validation and reported the mean (and standard
deviation) values of the following quality metrics, which are
commonly used in the literature (Alonso et al. 2021):

• for Accuracy: the ratio of correctly classified instances
(RCCI), and F-Measure (F) is computed as follows:

RCC I = 100 ·
(
1 − EC

N

)
(%)

F = 2 ·
(

Precision · Recall

Precision + Recall

)

Precision = T P

T P + F P

Recall = T P

T P + F N

Being N the number of samples (cases) in the dataset,
EC the number of misclassified cases (i.e., predicted
class is different from the target one), T P accounts for
the number of true positive cases, F P is the number of
false-positive cases, and F N stands for false negatives.
It is worth noting that true positives as well as false pos-
itives and negatives are computed for each single class
versus the others. For example, if the target class were
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Table 4 Reported mean and standard deviation (Std) for all considered
interpretability metrics over tenfold cross-validation for the QArt-337
dataset. In the case of the black-box classifier RF, these metrics cannot
be computed

NR TRL NC

Algorithm Mean Std Mean Std Mean Std

RF – – – – – –

J48 31.90 4.01 196.80 31.18 61.80 6.39

FURIA 9.30 3.16 35.00 14.14 28.60 10.95

GUAJE 79.10 4.84 418.40 34.39 59.30 1.06

ANYXI 3.00 0.00 15.00 0.00 15.00 0.00

Baroque, then the F-Measure would be named as FBar ,
with T P counting for those cases in the dataset which
are correctly classified as Baroque, F P counts for cases
wrongly classified as Baroque, while they actually cor-
respond to either Impressionism or Post-impressionism,
and F N counts for those cases in the dataset which are
not classified as Baroque when they actually correspond
to either Impressionism or Post-impressionism.

• for Interpretability: the number of leaves/rules (NR),
the total rule length (TRL), and the number of concepts
(NC). In case of decision trees, we first translate the
tree branches into IF-THEN rules and then we compute
the interpretability metrics previously enumerated. TRL
accounts for the total number of conditions in all the
rules (including consequent). NC computes the number
of distinct conditions which appear in the rule base, i.e.,
we assume each condition to represent a concept and we
count the number of different concepts in the rule base.

6.2 Experimental results

We applied tenfold cross-validation to evaluate the goodness
of all the versions of theANYXI classifier presented inSect. 5
in comparison with all the alternative classifiers which we
briefly introduced in the previous section. The testing plat-
form was JupyterLab,9 and Tables 3 and 4 summarize the
results obtained.

As expected, the black-box classifier RF achieved the
highest accuracy (see values highlighted in bold in the
Table 3). However, it is worth noting that GUAJE and
ANYXI-1-RPL are even more accurate than RF for the case
of Baroque (see column FBar ) in the table. In addition, all
in all (regarding the aggregated metrics for the three classes,
i.e., regarding columns RCCI and F in the table), ANYXI-
1-RPL emerges as the second most accurate algorithm, with

9 For the details on the experimentation, see https://gitlab.citius.usc.es/
jose.alonso/xai4art/.

RCCI only slightly lower than RF. Moreover, the ANYXI
classifier stands out as the best algorithm when paying atten-
tion to interpretabilitymetrics (see Table 4). It is worth noting
that the reported values for NR, TRL and NC are the same
for all the versions of ANYXI under evaluation since the rule
base is always the same and only the related operators change
from one version to another (accordingly, standard deviation
is zero). As described in Sect. 5, the ANYXI classifier deals
with three expert rules (one per art style), so NR=3. Each
rule handles evaluated horn clauses which are combinedwith
connectives & and →. From the point of view of knowledge
representation, each rule comprises four premises and one
conclusion, so TRL=3·(4+1)=15. All the three rules relate
the twelve color traits introduced in Sect. 3.3.1 and the three
art styles, so NC=15.

6.3 Illustrative examples

In this section, we present and discuss two illustrative exam-
ples concerning the explanations automatically generated by
the best ANYXI model (specifically, ANYXI-1-RPL) and
GUAJE.

The first example we consider is The Saint-Lazare Sta-
tion by Monet (Fig. 1(e)), identified as m31 in the QArt-337
dataset. We could consider this painting as a clear case of
Impressionism.

Following the notation stated in Sect. 5.3, the ANYXI-
1-RPL classifier first obtains the parameterization of the
evaluated Horn clauses H1, H2, H3. As a result, the ratio-
nal truth constants of the Horn Clauses are shown in Table 5.
Using these parameters, the related membership degrees are
obtained (see Table 5). Finally, from all these data, the rule
firing degrees are obtained and shown in Table 5.

As it can be easily appreciated, I (m31) takes the highest
value, so the painting is classified as Impressionist. In addi-
tion, the firing degree of the winner rule is much higher than
the others; what confirms that it is a non-ambiguous case.
This result is explained by ANYXI-1-RPL as follows: The
painting m31 belongs to the Impressionism. The diversity of
qualitative colors evidences the Impressionist style. The vari-
ety of hues evidences the Impressionist style. The amount of
bluish evidences the Impressionist style. The amount of grey
evidences the Impressionist style. Notice that, the previous
explanation is intuitive and in agreement with Fig. 1(e).

As an alternative, just for comparison purpose, we can
analyze in detail the classification (and the related expla-
nation), which is provided by GUAJE for m31: We have
medium confidence in the classification result because acti-
vation degree is between 0.375 and 0.625. The classification
is probably Impressionism. There is also a small chance
that it is Baroque. On balance, Impressionism is more
likely, because in accordance with rule 13, classification is
Impressionism in case that darkness_level is average and
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Table 5 Data related to the
illustrative example The
Saint-Lazare Station (m31) .
The values of B, I, and PI are,
respectively, 0.29, 1.00, and 0.09

r1 r2 r3 r4 r5 r6 r7 r8 r9 r10 r11 r12

0.79 0.89 0.90 0.47 0.79 0.48 0.08 0.46 0.12 0.48 0.18 0.40

B1 B2 B3 B4 I5 I6 I7 I8 P I9 P I10 P I11 P I12

0.75 0.86 0.89 0.80 1.00 1.00 1.00 1.00 0.88 0.56 1.00 0.64

Table 6 Data related to the
illustrative example Thatched
Cottages in the Sunshine (vg28)
. The values of B, I, and PI are,
respectively, 0.00, 0.75, and 0.86

r1 r2 r3 r4 r5 r6 r7 r8 r9 r10 r11 r12

0.79 0.89 0.90 0.47 0.67 0.49 0.08 0.45 0.12 0.49 0.17 0.40

B1 B2 B3 B4 I5 I6 I7 I8 P I9 P I10 P I11 P I12

0.34 1.00 0.34 0.95 0.97 1.00 0.92 0.87 1.00 0.99 0.87 1.00

diversi t y_of _qcds is low or average and greyish_level
is high and vividness is very low.

It is worth noting that the winner rule in the case of
GUAJE, i.e., rule 13, has a firing degree of 0.492 (com-
puted with the min-max inference mechanism) in this
example and it is as follows: IF darkness_level is aver-
age AND diversi t y_of _qcds is [low OR average] AND
greyish_level is highAND vividness is very lowTHENArt
style is Impressionism. The interpretation of propositions in
the rule is done as follows:

• Thedarkness_level is average (withmembershipdegree
equals 0.833) because it equals 0.541. This feature can
take values in the range [0.024, 0.978], and it has asso-
ciated linguistic terms in the set [very low, low, average,
high, very high].

• The diversi t y_of _qcds is [low OR average] (with
membership degree equals 1.0) because it equals 0.514.
This feature can take values in the range [0.162, 0.946],
and it has associated linguistic terms in the set [very low,
low, average, high].

• The greyish_level is high (with membership degree
equals 0.492) because it equals 0.614. This feature can
take values in the range [0.007, 0.982], and it has asso-
ciated linguistic terms in the set [very low, low, average,
high, very high].

• The vividness_level is very low (with membership
degree equals 0.989) because it equals 0.002. This feature
can take values in the range [0.0, 0.743], and it has asso-
ciated linguistic terms in the set [very low, low, average,
high].

Thus, even if the GUAJE rule base includes 80 rules, only
two rules (i.e., the winner rule and the rule with the highest
firing degree among all rules associated with a different out-
put class) are taken into account when elaborating the factual
explanation in natural language. Indeed, such an explanation

ismuchmore technical than the one givenbyANYXI-1-RPL.
In practice, GUAJE just verbalizes the information embed-
ded in the winner rule because in this example the alternative
rule (69) points at Baroque but with a much smaller firing
degree (0.204).

Interestingly, in addition to the previous factual expla-
nation, GUAJE also produces counterfactual explanations:
Classification would be Baroque if diversi t y_of _qcds
were smaller (0.454). Classification would be
Post-Impressionism if vividness were bigger (0.094). These
counterfactual explanations look for the minimal changes in
the input values thatwould produce awinner rule pointing at a
different alternative class. In this case, only changing slightly
the value of vividness (from 0.002 to 0.094) the painting may
be classified as Post-Impressionism instead of Impression-
ism. This is due to the fact that both art styles are somehow
related. However, it is harder to pass from Impressionism to
Baroque. In this case, GUAJE suggests decreasing the value
of diversi t y_of _qcds (from 0.514 to 0.454).

Let us now consider a second illustrative example.
Namely, we consider the painting Thatched Cottages in the
Sunshine by van Gogh (Fig. 1(h)), identified as vg28 in the
QArt-337 dataset. Here, the classification task is harder and
more challenging than in the first example because colors in
the painting might be confused with those characteristics of
Impressionism even if it belongs to Post-Impressionism.

We proceed like in the first example. Once again, fol-
lowing the notation stated in Sect. 5.3, the ANYXI-1-RPL
classifier first obtains the parameterization of the evaluated
Horn clauses H1, H2, H3. As a result, the rational truth con-
stants of the evaluated Horn clauses are shown in Table 6.
Then, the related membership degrees are obtained (see
Table 6). Finally, using all these data, the rule firing degrees
are obtained and shown in Table 6.

As it can be easily appreciated, P I (vg28) takes the high-
est value, so the painting is classified as Post-Impressionist.
However, in contrast to the first illustrative example, here
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the firing degree of the winner rule is not so far from the
firing degree of the alternative rule associated to I (vg28);
what confirms that it is a hard ambiguous case. This result
is explained by ANYXI-1-RPL as follows: The painting
vg28 belongs to the Post-Impressionism style. The presence
of vivid colors evidences the Post-Impressionism style. The
high level of warm colors evidences the Post-Impressionism
style. The contrast between red and green evidences the Post-
Impressionism style.

As an alternative, GUAJE produces the following expla-
nation: We have medium confidence in the classification
result because activation degree is between 0.375 and
0.625. The classification is probably Post-Impressionism
or Impressionism. On balance, Post-impressionism is more
likely, because in accordance with rule 33, classifica-
tion is Post-impressionism in case that darkness_level is
low and greyish_level and vividness are very low and
diversi t y_of _hues is average.

It is worth noting that the winner rule in this case, i.e.,
rule 33, has a firing degree of 0.414 and it is as follows: IF
darkness_level is lowAND diversi t y_of _hues is average
AND greyish_level is very low AND vividness is very low
THEN Art style is Post-Impressionism. The interpretation
of propositions in the rule is as follows:

• The darkness_level is low (with membership degree
equals 0.609) because it equals 0.356. This feature can
take values in the range [0.024, 0.978], and it has asso-
ciated linguistic terms in the set [very low, low, average,
high, very high].

• The diversi t y_of _hues is average (with membership
degree equals 1) because it equals 0.636. This feature can
take values in the range [0.273, 1.0], and it has associated
linguistic terms in the set [very low, low, average, high,
very high].

• The greyish_level is very low (withmembership degree
equals 0.414) because it equals 0.15. This feature can take
values in the range [0.007, 0.982], and it has associated
linguistic terms in the set [very low, low, average, high,
very high].

• The vividness is very low (with membership degree
equals 0.833) because it equals 0.031. This feature can
take values in the range [0.0, 0.743], and it has associated
linguistic terms in the set [very low, low, average, high].

In this case, the alternative rule (9) which points at Impres-
sionism instead of Post-Impressionism has a firing degree
of 0.347. Since the difference between firing degrees of the
two most relevant rules (9 and 33) is smaller than 0.1, this
case is considered as ambiguous; what is highlighted by
GUAJE when stating The classification is probably Post-
Impressionism or Impressionism, i.e., the two classes are
almost equally possible but On balance, Post-Impressionism

is more likely because firing degree of rule 33 is slightly
higher thanfiring degree of rule 9 in this case.Once again, this
explanation is in agreement with the one given by ANYXI-
1-RPL, even if GUAJE provides further technical details and
ANYXI-1-RPL resemblesmore understandable for lay users.

In addition, GUAJE generates the following counter-
factual explanations: Classification would be Baroque if
diversi t y_of _qcds were smaller and darkness_level and
bluish_level were bigger (darkness_level = 0.384;
diversi t y_of _qcds =0.456; bluish_level =0.157).Classi-
fication would be Impressionism if diversi t y_of _qcds and
greyish_level were smaller and darkness_level were big-
ger
(darkness_level = 0.382; diversi t y_of _qcds = 0.453;
greyish_level = 0.127).

6.4 Discussion

All in all, classificationmade byANYXI-1-RPL is consistent
and in agreement with GUAJE. Moreover, both explain-
able classifiers generate complementary explanations which
rely on different fuzzy reasoning approaches. Therefore,
each classifier highlights different relevant features when
explaining the classification result. In addition, explanations
provided by ANYXI-1-RPL are intuitive and aimed for end-
users, while explanations provided by GUAJE are a bit more
technical. It is also worth noting that explanations provided
byANYXI-1-RPLare based on static templates and therefore
somehow repetitive, while explanations provided by GUAJE
come out of a dynamic combination of templates with the
assistance of the SimpleNLG library (Gatt and Reiter 2009),
which takes care of enhancing textual realization and avoid-
ing repetitions.

As described by Falomir and Costa (2021), there are seven
key criteria that rational explanations in classification algo-
rithms shouldmeet.Accordingly, automated explanations are
expected to be:

1. Human-understandable: People can read and under-
stand the generalmeaning of the given explanation. This is
a necessary condition to evaluate the rationality of expla-
nations.

2. Conceptual: The classifier employs concepts to catego-
rize the groups and create the propositions explaining the
result. These concepts used to classify an item into a group
must be related to the characteristic and pertinent traits of
the corresponding class.

3. Coherent with human perception: The classifiers must
align their perception (sensor data) to concepts that people
can understand and usually use to intercommunicate, so
the notions used in the explanation must be coherent and
aligned with human perception.
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4. Context adequate: In linguistics, it is essential to find
a set of attributes (minimal or psychologically plausible)
for the intended referent, but not all true for any distractor.
A rational explanation should be aware of the context and
use a collection of attributes as minimal as possible.

5. Personalized according to users’ background: Since
the rationality of some explanations depends on the user’s
background, the more adapted to it, the more rational the
explanation is.

6. Coherent with observable human reasoning: Explana-
tions regarding classification results should be coherent
with observable and rational patterns of human reasoning
(note that these patterns depend on the classification prob-
lem considered). Otherwise, explanations may become
strange, sometimes even misleading, and unexpected by
users.

7. Contrastive and counterfactual: The literature (Poyi-
adzi et al. 2020; Miller 2019; Byrne 1998; Stepin et al.
2021) has shown the importance of contrastive and
counterfactual explanations. Therefore, rational classi-
fiers should include these sorts of explanations.

Let us discuss below about the rationality of the explana-
tions yielded by ANYXI-1-RPL and GUAJE regarding the
two illustrative examples previously depicted. To do so, we
follow the guidelines introducedbyFalomir andCosta (2021)
with the aim of evaluating if the criteria enumerated above
are met here.

Concerning the explanations provided byANYXI-1-RPL,
wemight conclude that their rationality is medium since they
meet only four out of the seven criteria. First, the generated
explanations are human-understandable (people can compre-
hend the text outcome easily). Furthermore, they meet the
conceptual criteria (the classifier takes twelve color traits
proposed from the art experts’ studies, and these concepts
are related to each distinctive style’s characteristics). In addi-
tion, since the color traits are defined using the frequencies
extracted with the QCD model, the explanations yielded by
ANYXI-1-RPL are coherent with observable human percep-
tion. Last but not least, the explanations highlight the more
relevant attributes that characterize the identified style (four
attributes in the first example and three in the second one), so
ANYXI-1-RPL also satisfies the context adequate criterion.
Regarding the explanations generated by GUAJE, we might
infer that their rationality is medium-high because they fulfill
five of the seven criteria considered. More specifically, the
outcomes depicted by GUAJE are human-understandable,
and, for the same reasons as ANYXI-1-RPL explanations,
they meet the criteria 2-4. In addition, in both examples,
GUAJEyields counterfactual explanations that help to under-
stand better the classification results.

However, as stated above, explanations provided by both
classifiers fail to fulfill some of the desired criteria of ratio-

nality. First, neither ANYXI-1-RPL nor GUAJE personalize
the explanations according to the user’s background (even if
explanations given by ANYXI-1-RPL are better adapted to
lay users, while technical users are likely to appreciate more
GUAJE’s explanations, none of these explanations are cus-
tomized on demand to the background of single individuals).
Furthermore, automated explanations should be coherent
with observable and rational patterns of human reasoning
associated with art painting style classification. Neverthe-
less, the use of t-norm based logics in the ANYXI-1-RPL
design makes this goal harder to achieve. For example, the
logic �(Q) admits annihilators, although the characteristic
patterns of human aggregative reasoning related to this clas-
sification task do not often include them. And a similar case
applies to GUAJE, whose underlying min-max inference
mechanism and conditional formal system admits annihi-
lators too. Finally, we note that the explanations given by
ANYXI-1-RPL are not contrastive or counterfactual, and this
is a drawback to be addressed in the near future. As we have
empirically observed in this paper, users could demand con-
trastive or counterfactual explanations especially in the case
of ambiguous borderline tough cases or for clarifying mis-
classification.

7 Final remarks and future lines of research

In summary, we presented the ANYXI classifier, an AI sys-
tem based on art specialists’ knowledge of art styles and
human-understandable color traits defined from a qualitative
color model. In addition, we analyzed the appropriateness
of the art style definitions used by the classifier for human
understanding and examined the accuracy, interpretability,
and rationality of automated explanations. We improved the
discussion of these aspects by considering other explainable
classifiers designed using the same dataset as ANYXI.

More in detail, we first provided readers with a brief
overviewof research in art painting style categorization using
AI, from which we highlighted three relevant points. Indeed,
most of the related publications are beyond the scope of XAI,
which is the sort of AI to strive for if the intended goal is
acquiring a more trustworthy and fair discipline. Further-
more, the only few previous art painting style explainable
classifiers in the literature present some disadvantages: on
the one hand, from a computational point of view, the low
accuracy, in comparison with other machine learning-based
methods; on the other hand, its art styles categorizations
could be more exhaustive and similar to art experts’ cate-
gorizations. Last but not least, comparing the research work
in the literature can be a bit futile since reported designs and
experiments are hard to replicate since they usually come
from different datasets, and authors do not often share all
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the experimental settings needed to evaluate the goodness of
their performance.

The ANYXI classifier tackles these issues to improve.
First, it proposes complete color-based categorizations of
the art style under consideration. At the same time, the def-
initions suggested handle four notions per style, which is
an affordable quantity of traits, from a cognitive point of
view. In addition, we studied using a survey the validity of
these categorizations and showed their appropriateness for
including them in a human-centered design. All this together
leads to a depiction ofmore human-understandable and com-
plete explanations of the classification results. Furthermore,
ANYXI emerges as the best classifier regarding interpretabil-
ity, and it is almost as accurate as the black-box classifier
considered as baseline in this work. Moreover, the reported
results and drawn conclusions are sound because we built all
the classifiers from the same dataset and tested them using
the same 10-fold cross-validation experimental setting.

These contributions derive relevant research questions
and lines for future research. Regarding the improvement
of ANYXI. On the one hand, the explanations of the illus-
trative examples presented in Sect. 6.3 show that the texts
are a bit repetitive. That might be reasonable when reading
a few, but it can turn into an obstacle when considering high
amounts of outcomes. Future studies could solve this issue
further by using Natural Language Generation techniques.
On the other hand, the discussion about the rationality of the
explanations provided by ANYXI drives future research to
focus on improving this aspect. First, the GUAJE outcomes
of the illustrative examples warrant further investigation by
combining both classifiers. In this way, we will supply a
new version of ANYXI with the generation of counterfac-
tual explanations so the classifier will meet other rationality
criteria. And second, concerning the rationality criteria of
explanations’ personalization, we intend to use the work by
Alonso and Bugarín (2019) and design a similar approach
to distinguish between beginner and expert users. In addi-
tion, the main weakness of the method presented is the lack
of scalability determined by using only color traits for cat-
egorizing the art styles. Considering an additional style not
characterized by color would imply using evaluated Horn
clauses with propositional variables representing other kinds
of features (e.g., the geometric shape) and, considering the
design of the ANYXI method, would also lead to different
types of explanations, depending on the art style selected.
Furthermore, the mentioned additional styles would give rise
to redesigning the survey in Sect. 4. However, the study of the
method’s scalability can be addressed in twoways, which are
left to future work. On the one hand, adding art styles well
categorized in terms of color to the ANYXI method with
an experimental analysis would shed light on its scalability.
On the other hand, experimental analysis using new paint-
ings from art styles different from the three ones selected in

this paper, to know whether a random classification of these
external paintings is obtained, would help to determine the
scalability of the method.

Finally, we believe that systems such as ANYXI might
enable collaborative intelligence between humans and
machines. This way, future research includes showing the
ANYXI outcomes to art specialists, seeking feedback from
them, and establishing a collaboration to improve the knowl-
edge about art painting styles.
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