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This paper explores laboratory analyses of ground layers of
Portuguese wooden painted panels of the 15th and 16th
centuries, performed in the Laboratério de Conservacao e
Restauro José de Figueiredo - Instituto dos Museus e da
Conservacao. Based on this information, a database of
materials was built. A subset of the database was selected
to perform a data mining analysis.

We used a method based on decision tree learning, Fisher’s
exact test and permutation testing and it was possible to
find a ground layer technique that distinguishes Anténio
Nogueira’s Ferreira do Alentejo retable from other paintings
in our database. This constitutes a small contribution to a
better understanding of Portuguese painting since it was
possible to establish that Anténio Nogueira used coloured
ground layers, which was an emerging technique at the
time. Another contribution of this work is to show that the
methodology we present here can be applied to other case
studies based on similar data.

1 Introduction

Data mining is the process of extracting hidden knowledge from data. It
consists of three main steps:

- pre-processing (or preparation) of the datal,

- application of data mining algorithms',

- validation of results'"".

Data mining techniques can discover patterns in data explaining observed
differences. A model is induced from the data to explain the variable of
interest. Decision tree learning is a data mining algorithm that is able to
produce interpretable models that can be validated with domain knowl-

I. The level of consistency of the laboratory data is the result of years of routine analysis and
standard scientific investigations using different analytical methods in the IMC laboratory.

1. In bioinformatics, permutation tests have become a widely used technique. The reason for
this popularity has to do with its non-parametric nature, since in many bioinformatics applica-
tions there is no solid evidence or sufficient data to assume a particular model for the obtained
measurements of the biological events under investigation).19

Il. The measure used in the original methodology for breast cancer was Fisher Exact Test and
not the logarithm of FET. The reason for this is that we had to deal with very small numbers
and it was therefore easier to work with logarithmic values. For the permutation testing proce-
dure it is the same to use FET or the logarithm of FET because the logarithm is a monotonic
function and we only need to be able to compare values for different iterations.
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edge. This kind of data mining analysis has the
potential of providing new insights about differences
in the techniques used to produce the paintings.

The laboratory analytical data (made available by the
Laboratério de Conservagdao e Restauro José de
Figueiredo do Instituto dos Museus e da
Conservagao, LCRJF-IMC) and general data about
each painting were collected into a single database.
One of the major advantages of this was to enable
the analysis of the data in many different ways,
including data mining as discussed in this paper. The
goal is not to focus excessively on the results, but to
show that the methodology presented can be useful-
ly applied to the kind of data.

The methodology applied in this study consisted on
automatically building a decision tree model that used
information about stratigraphic ground layers to dis-
criminate between painters. We focused on the
ground layers of the paintings of a single retable
dated from before 1565 painted by the regional
painter Anténio Nogueira. This painter has been stud-
ied recently, resulting in a publication of analytical
data on 6 paintings (of a total of 8) from the “Ferreira
do Alentejo Retable”."The question posed during data
mining analysis was whether the painter used a spe-
cial ground layer technique that distinguishes him
from other painters in the database. The results
showed that Anténio Nogueira used a pattern, based
on the presence or absence of pigments in the
ground layers, that differentiates him from earlier
painters in our database.

The presented work is part of a project with the objec-
tive to perform a study of ground layer techniques
used by Portuguese painters and workshops from the
end of gothic and renaissance to mannerism. We
therefore needed to explore the relationships
between painters and materials used in the creation
of their works.

2 Database Description

Before using the database, we consulted information
used in other existing painting databases such as
NARCISSE (Network of Art Research Computer
Image Systems in Europe),? JOCONDE (catalogue
collectif des collections des musées de France)® or
the Raphael Research Resource project,* developed

by the National Gallery of London and its partners.
Portuguese models consulted were the IMC’s data-
base MATRIZPIX5 and the database developed for
the study of the Portuguese painter Gregorio Lopes
and his workshop.®

The definition of attributes necessary to unequivocal-
ly identify paintings, their materials and the ‘the-
saurus’ to be used, followed the research, specifica-
tions of standards, and specific inventory of works of
art at the LCRJF- IMC. Each painting has associated
identification and art historical data: title, author,
workshop, date, material, technique, dimensions,
inscriptions, owner Institution, observations, identifi-
cation number of the laboratory process and its
image. In the registration of the stratigraphic con-
stituent materials of paintings, data systematisation
used in IMC’s microscopic analysis worksheets was
followed.

For each sample we saved the following: identifica-
tion of the laboratory number, general colour, location
and number of layers. The database also included
data on each layer found in the corresponding stratig-
raphy: layer number, thickness, grain colour, pig-
ments and binding media, recording chart on the
location of the sample in painting and photographic
record of the stratigraphy.

The relational scheme with the most relevant tables
of the database for this work is presented in Fig. 1.
Tables for ‘Painting’, ‘Stratigraphy’, ‘Layer’,
‘LayerPigment’, ‘Pigment’, ‘PaintingAuthor’ and
‘Author’ can be seen.

Currently, the database contains the information of
about 90 paintings of the 15th and 16th centuries.
The LCRJF-IMC laboratory analytical data include a
total of 3863 layers belonging to stratigraphies, 1033
of which are ground layers.

3 Methods

In this section we present a brief description of the
methods used in this work.

fPainting ) ( Stratigraphy \ fLayer ) Layer Pigment Pigment
7 1d 7 1d ? 1d 7 Layer Id ?1d
Entry Code Painting Id Statigraphy Id ¥ Pigment Id Name
Title Colour Id Order Type Pigment Id
Date Description Tone Id Description Id
Beginning Year Location X Layer Type Id
End Year Location Y Thickness
Support Id 1 Location Description Grain Colour Description
Height Ie%) Picture T o
Depth
Inscriptions
Owner Institution
Confidence Workshop —
Observations Painting Author Author
Online Reference ¥ Painting Id ¥
Picture | ¢ Author Id Name
\_ J Confidence Workshop Id

Figure 1: Relational scheme with the most relevant tables in the database.
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3.1 Decision Trees

Decision Tree Learning is one of the most widely
used and practical methods for classification.” The
algorithm produces models that are very simple to
understand and interpret by domain experts such as
conservators and art historians. Learned trees can be
represented as a set of if-then rules that improve
human readability.

A decision tree consists of nodes that have exactly
one incoming edge, except the root node that has no
incoming edges. A node with outgoing edges is an
internal (or test) node, while the other nodes are
called leaves (also known as terminal nodes or deci-
sion nodes).

Each internal node splits the instance space into two
or more subspaces, according to the result of a test
that considers a single attribute and its corresponding
value. Each leaf is associated with one class, repre-
senting a value of the target variable given the values
of the variables represented by the path from the root
node. The classification of one instance is done by
navigating from the root node down to a leaf, accord-
ing to the outcome of the tests along the path. For this
to be possible, a decision tree must cover the space
of all possible instances. In a decision tree each node
is labelled with the attribute it tests, and its branches
are labelled with its corresponding values.

3.2 Statistical Validation

In this subsection we present the methods used to
statistically validate our results.

3.2.1 Fisher’s Exact Test

Fisher's exact test (FET) is a statistical test used to
determine if there are non-random associations
between two categorical variables.®

In the case of a 2x2 matrix, the conditional probabili-
ty of getting the actual matrix, given the particular row
and column sums, is given by Equation (1).

(a+b)!(c+d)!(a+c)!(b+d)!

nlalb!c!d! (Eq. 1)
In Equation 1, a, b, ¢ and d are the 4 entries of the
2x2 matrix and n=a+b+c+d. If we want to calculate
the p-value of the test, we can do it by computing the
sum of all p-values which are < Pgyiofs.

To compute the value of Fisher’'s Exact Test given by
Equation (1), we need to decompose it in order to
avoid computing large factorials. An equivalent for-
mulation of Equation (1) is given by:

Pcutoff= es(atb)+s(c+d)s(b+d)-s(a)-s(b)-s(c)-s(d) (Eq_ 2)

in which s(m)=§1 log(i).

This test is applied to evaluate the quality of leaves in
the decision tree as described under Methodology.
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3.2.2 Permutation Tests

Permutation tests'’ are non-parametric procedures for
determining statistical significance based on
rearrangements of the labels of a dataset. It is a
robust method, but it can be computationally inten-
sive. A test statistic, which is computed from the
dataset, is compared with the distribution of permuta-
tion values. These permutation values are computed
similarly to the test statistic, but, under a random
rearrangement of the labels of the dataset.?
Permutation tests can help to reduce the multiple
testing burden’® and can be used to compare statisti-
cal tests.

The main disadvantage of permutation testing is that
it needs a very large number of permutations when
small p-values are to be accurately estimated, which
is computationally expensive. To address this prob-
lem, the tail of the distribution of permutation values
can be approximated by a generalised Pareto distri-
bution.® According to Knijnenburg et al.? accurate p-
value estimates can be obtained with a drastically
reduced number of permutations when compared
with the standard empirical way of computing p-val-
ues.

4 Methodology

4.1 Preliminary Data Mining Analysis

Our first data mining analysis was to check if there
were interesting leafs that could distinguish between
pictorial centres. We ran the decision tree learning
algorithm over datasets to distinguish between three
main pictorial centres in our database: Lisbon,
Coimbra and Evora regions. We looked at the
obtained decision trees and observed that data min-
ing analysis found patterns that could be further
explored. However, in the data mining analysis of
Lisbon versus Evora we found very interesting leaves
concerning painting layer materials:
- Black Vegetable Charcoal is Present’ and ‘Gypsum
is Present’ and ‘Lead White is Absent’ - 34 layers
from Evora paintings and 1 layer from a Lisbon paint-
ing.

- Black Vegetable Charcoal is Present’ and ‘Gypsum
is Absent’ and ‘Yellow Ochre is Present’ and ‘Lead
White is Present’ — 31 layers from Evora paintings
and 9 layers from Lisbon paintings.

In our database, for the Evora pictorial centre, we
have paintings from the Anténio Nogueira’s Ferreira
do Alentejo retable (6), Antonio Nogueira’s workshop
(1), Francisco de Campos (1) and an Unknown
Painter (1). Since most paintings of the Evora pictori-
al centre in our database are from Anténio Nogueira,
we decided to study this painter in more detail. For
this we tried to answer the question if this painter had
a specific technique that could distinguish him from
other painters in our database. The following subsec-
tions detail the computational analysis focussing on
ground layers.

4.2 Data Preparation

The first step in a data mining process is to prepare
the data to be analysed. We focussed on preparing a



dataset based on our database, which could enable
us to find distinctive characteristics in terms of the
pigments used by painters in the ground layers. In our
database, we have a ‘many-to-many’ relationship
between ‘Layer’ and ‘Pigment’. In order to perform
our data mining analysis, we transformed our data,
building one binary variable for each pigment. That
variable takes the value 1 if the corresponding pig-
ment is present in the layer and the value 0 if the cor-
responding pigment is absent in the layer. At this step
we have a dataset of ground layers with 46 binary
variables, which correspond to the number of pig-
ments in the computational analysis.

We also have to take into account the fact that we
study painters and since one painting can have multi-
ple painters, each instance of our dataset will repre-
sent an association between a painter and a layer
that belongs to a stratigraphy of a certain painting.
This means that each layer will have as many
instances in our dataset as painters of the correspon-
ding painting. Instances that did not contain informa-
tion about ground layer pigments were removed from
the dataset. After this filtering step we ended up with
887 instances, referring to 60 paintings from 25 dif-
ferent painters and 664 ground layers.

The target variable that we wish to study is the vari-
able ‘Painter’. In order to be able to analyse the dif-
ferences in the ground layer preparation technique
between the painter Antonio Nogueira and other
painters in our database, we created a binary variable
with value 1 when the ground layer was prepared by
Antonio Nogueira and 0 when the ground layer was
prepared by another painter.

The dataset was then analysed with a methodology
very close to the one originally developed for the
detection of high-risk breast cancer groups.2

4.3 Application of Data Mining

Algorithms

We applied decision tree learning to our dataset with
the goal of predicting our binary target variable
‘Painter’. To conduct our experiments, we used the
Weka 3.6.0 J48 Decision Tree which generates a
C4.5 decision tree. Weka is a widely used open
source data mining package (University of
Waikato).'3

After the model was built, we looked into the tree,
selected the best leaf L according to the logarithm of
Fisher's Exact Test (FET) valueli (lower values of
logFET mean stronger associations) and saved this
value, logFET(L). The best leaf L corresponds to a
specific combination of the presence and absence of
pigments in the ground layer that possibly distin-
guishes Antonio Nogueira from other painters. In
order to check if this observation has statistical
meaning, we need to statistically validate it with per-
mutation tests.

4.4 Statistical Validation

In order to statistically validate our detected ground
layer technique, we used 10,000 permutation tests.
This number of permutation tests was chosen since it
enables us to estimate a p-value as low as 107,
which we consider to be highly statistically significant.
We state as our null hypothesis H, that there is no
association between our pigment variables and target
variable ‘Painter’.V If we find a strong association
between one or more pigment variables and the vari-
able ‘Painter’, then we can reject the null hypothesis.
In order to test whether the null hypothesis can be
rejected, for each permutation test we randomly per-
mute labels (target variable ‘Painter’). We then build
a new decision tree with the same parameters as in
our original dataset. We check all leaves from the
decision tree and save the lowest logFET value. This
means that in each permutation test we save the
logFET value of the best leaf. In the end of the exe-
cution of the permutation tests, we have 10,000
logFET values that were generated according to the
underlying and unknown distribution of the null
hypothesis. We can then check where the logFET
value of our leaf L stands on the estimated distribu-
tion of our null hypothesis. This way we can see if
logFET(L) is extreme enough so that we can reject
the null hypothesis with high statistical confidence,
therefore obtaining our adjusted p-value.

5 Results and Discussion

In Fig. 2, the decision tree automatically learned over
the entire dataset is presented. We can see that the
attribute on the root of the tree is ‘Black Vegetable
Charcoal’ which was identified by the Decision Tree
C4.5 algorithm as being the most important attribute
for the distinction between Anténio Nogueira’s ground
layer technique and other painters in the database.
There is a very interesting leaf L in this tree: ‘Black
Vegetable Charcoal is Present’ and ‘Lead White is
Absent’. We have 36 instances in our dataset that
have this characteristic, 34 of which are ground lay-
ers that belong to Anténio Nogueira's Ferreira do
Alentejo retable. The other two instances correspond
to a ground layer in a painting of Siméo Rodrigues
and Domingos Vieira Serrdo.V:'4. This interesting leaf
L has a value of logFET(L)= -110.95. This value is a
measure of how good our leaf L is.

If Anténio Nogueira did not have any unique tech-
nique when compared with the other painters, we
would expect to obtain similar values for this measure
applied to the best leaf in each decision tree of the
permutation testing procedure. However, the results
do not show a permutation test with a lower logFET
value than in our original dataset. The adjusted p-
value obtained with 10,000 permutation tests as
described in section 4.4 is therefore lower than 10-4.
With these results we can reject our null hypothesis at
the 0.01% level of confidence.

The distinguished ground layers are part of one sub-
group with no lead white added. In these coloured
ground layers there is a mixture of gypsum and black

IV. The null hypothesis can be also stated as: Anténio Nogueira did
not have any unique technique related to the use of pigments in the
ground layer when compared with other painters in the database.
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V. We have to take into account, however, that these two painters,
Siméao Rodrigues and Domingos Vieira Serrdo are painters from the
beginning of the 17th century.



Black Vegetable Charcoal

Absent
Present
Others )
842/5 Lead White
Absent Present
Antonio Nogueira Others
2134 4/0

Figure 2: Decision Tree Model learned on the dataset. In the leaves
there is information about Other Painters/Antonio Nogueira distribu-
tion. In the first leaf, when ‘Black Vegetable Charcoal is Absent’, we
have 842 associations between layers and other painters and 5 from
Antonio Nogueira. In the second leaf, when ‘Black Vegetable
Charcoal is Present’ and ‘Lead White is Absent’, we have 2 associa-
tions between layers and other painters and 34 layers from Anténio
Nogueira. In the third leaf, when both ‘Black Vegetable Charcoal is
Present’ and ‘Lead White is Present’, we have 4 associations
between layers and other painters and none from Anténio Nogueira.

vegetable charcoal. In addition in some of these lay-
ers there is also yellow ochre.

In the 15t and the beginning of 16! century, the most
common ground layer in Southern Europe is white
gypsum,'5-20 however, it has to be taken into account
that the tempera and oil retable in questions is dated
to around 1565." At that time, in Italy, coloured sur-
faces in preparatory layers (grounds and primings)
were already subject to significant changes with
respect to the painting technique,?' despite further
use of white gypsum well into the 17t century.22-23

This fact could contribute to Anténio Nogueira being
distinguished as a vanguard painter not only in terms
of his early mannerist iconographic style (as referred
to by Joaquim Oliveira Caetano’2426 and Vitor
Serrdo26-27), put also in the use of ground layer tech-
niques in one of his final works, the Ferreira do
Alentejo retable.

6 Conclusions

The results obtained shed further light on the
Portuguese painter Anténio Nogueira. We were able
to find a ground layer technique that distinguishes
him from most of the other painters in our database.
This represents a small contribution to better under-
standing of Portuguese painting since it was possible
to establish that Nogueira used coloured ground lay-
ers, which was an emerging technique at the time of
the execution of Ferreira do Alentejo Retable.
However, in order to have more confidence in the
results, more paintings in the same time frame of
Ferreira do Alentejo Retable would be needed in the
database.

Another contribution of this work is to show that the
methodology we presented here can be applied to
similar studies on this kind of data. It is our current
plan to study other painters and workshops using the
methodology, and also use other data mining tech-
niques. A big advantage of this methodology is that
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we let the decision tree learning algorithm discover
the patterns that better distinguish the painters
involved. The use of permutation tests enables us to
have a degree of statistical confidence about our
results. In this way, we obtained a data mining algo-
rithm discovering patterns that are easily humanly
interpretable and are still able to provide some statis-
tical confidence of the differences observed.
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